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Abstract

In the last years, there has been a growing interest in the design of multichannel
neurocortical recording interfaces with wireless transmission capabilities for the un-
tethered measurements of brain activity. These interfaces are expected to play a
significant role both in clinical (as part of therapeutic procedures in patients with
neurological diseases), brain-machine interfaces and neuroscience applications. They
are usually implanted together with an array of multielectrodes in the brain of the
patients at the cortex level. Each of these electrodes is able to capture the extracel-
lular action potentials of the adjacent neurons. The interface circuitry is responsible
of amplifying, filtering and digitizing the neural signals captured by each of these
electrodes and of transmitting them wirelessly to an external spot, where they are
processed, analyzed and classified.

The wireless capabilities of these systems allow to implant them without any cables
across the skull, which were a potential focus of infections and future problems.
However, making these recording interfaces wireless presents some challenges in the
design of the integrated circuitry. As they are implanted below the skull, completely
isolated from any external supply source, the use of ultra-low power consumption
techniques is mandatory, not only to prevent from harmful effects in the brain, but
also to avoid the need for batteries. Thus, by making the power dissipation low,
it becomes feasible to use energy harvesting strategies for supplying the implant.
Moreover, the area occupation of the implanted electronics should be minimum in
order to comply with the reduced area of the electrode sensors.

This thesis aims to contribute to this scenario and presents a multichannel wireless
neural sensor array designed in a standard 0.13µm CMOS process. It is composed
of 64 channels in which neural signals are acquired, filtered, digitized and optionally
compressed to reduce the amount of data sent through the wireless link. The system
has two transmission modes; in one case the information captured from a selected set
of channels is transmitted as uncompressed raw data, in the other, feature vectors
are extracted from the detected neural spikes at every channel and transmitted to
the external unit for further processing. A single wireless inductive link, inspired
in RFID technologies, is used both for powering the implant and for data transfer
to/from the external unit. This link uses a 40.68MHz carrier signal and employs On-
Off Keying (OOK) modulation for data transfer from the external unit to the implant
(forward link) and Load-Shift Keying (LSK) in the reverse direction (backward
link). A 4MHz clock is used to send information through the backward link. This
is enough for the implant operated in the feature extraction mode to characterize
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and serialize the detected spikes even in the unlikely case all the channels fire at
the same instant. Experimental results show that the total power consumption of
the system, including the recording array and the communication protocol, is only
377µW (5.9µW per channel), i.e., about one order of magnitude below prior art.
This outstanding performance is achieved through an optimum design of the in-
terface circuits embedded in the channels in terms of both their area and power
consumption, an efficient compression of the input neural data and a low-power dig-
ital processing. Each of the channels includes all the necessary circuitry to amplify,
filter, digitize and compress the input neural data. Specifically, this work presents
the design of a bandpass filter and low-noise amplifier that implements the well-
known capacitive feedback topology, in which some circuit-level improvements have
been introduced to enhance its power/noise performance. Additionally, a dedicated
design methodology that is able to map directly the system design constraints into
transistor sizes and biasing conditions was used to get an optimum design in terms
of power, area and noise. Measurements show that the amplifier and filter stage con-
sumes 1.92µW and the total integrated input-referred noise is just 3.8µVrms, with a
bandpass gain of 47.5dB over a bandwidth between 192Hz and 6.7 kHz. The noise
efficiency factor is as low as 2.16. On the other hand, this thesis presents a novel
architecture that combines both PGA and ADC functionalities in just one block,
thus saving area and power consumption compared to the traditional approaches.
It was implemented using a SC-based circuit, which performs a binary search algo-
rithm to complete the conversion. In order to optimize its power consumption, the
bias current of the OTA is adapted during the conversion to the changing settling
requirements. The ENOB of the ADC is above 7.5 bit for all the gain configurations
(0-18 dB in 3-bit steps), while it consumes 1.52µW for a 90kS/s input sampling fre-
quency. It only occupies 0.032mm2 and the energy per conversion is just 85.85 fJ.
Besides, several digital power reduction techniques, such as clock gating and opti-
mized clock frequencies, have been used in the digital parts to minimize their power
consumption.
The thesis is structured in seven chapters. The first one introduces the subject of the
work, while the second summarizes the current state-of-the-art. Chapter 3 makes
an overview of the analog-to-digital converters for biomedical devices, focusing on
the successive approximation analog-to-digital converters. In chapter 4, the novel
architecture of the PG-ADC is presented. Meanwhile, chapter 5 shows the design
of the amplifier and filter stages. The 64-channel system is described in chapter 6
and finally, the conclusions of the work are presented in chapter 7.
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1 Introduction

Neural recording has been deeply studied during many years by neurophysiologists
and, in general, the medical community, as a powerful tool to treat and diagnose
many neural diseases, such as Parkinson, epilepsy or Alzheimer. Furthermore, they
have also been used in the development of the Brain Machine Interfaces (BMIs),
where the recorded neural activity is used to control robotic manipulators. It can
be applied to patients that have lost either totally or partially the mobility, such as
those who suffer from amyotrophic lateral sclerosis (ALS), spinal cord injury, stroke
and cerebral palsy [1, 2].

Figure 1.1 illustrates the different existing neural recording techniques, classified in
function of their invasiveness level in the brain. The first method that appeared
(and that is still extensively applied) was the popular electroencephalogram (EEG),
which reflects the averaged activity of millions of neurons. These recordings are
performed by means of a group of electrodes placed at the surface of the crane,
as the top-right photo of Figure 1.1 shows. As these electrodes are located about
2 cm above the cortex, they average the neural activity across a 3-5 cm area extent.
Although these recordings have been extensively and successfully used in several
applications [3, 4, 5], many neuroscientists have pointed that there are many other
cases in which higher resolutions (that allows to know the activity of smaller areas
of the brain) could be needed [6, 7].

 

Figure 1.1: Neural monitoring alternatives

Then, some other more invasive techniques appeared, from the electrocortigram
(ECoG) recording (where intracranial electrodes are placed in the surface of the
brain, as the right photography of Figure 1.1 shows), up to the single unit action
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potential recording, in which the measurements are performed by means of implanted
microelectrodes that capture the extracellular neural potentials. This later is the
most invasive method, as it is necessary to sink a needle-shaped electrode into the
brain tissue, but it is also the one that gives a better resolution. In fact, it has
been demonstrated that this method allows to obtain resolutions of about 0.2mm,
which means that it is possible to capture the activity of a single neuron. These
microelectrodes are usually grouped forming arrays of 100 electrodes or higher [8, 9]
(as the bottom right photography of Figure 1.1 illustrates), which allow to record
the activity of multiple neurons in a certain area of the brain. These measurements
have been efficiently proven for several applications, such as epilepsy detection [7]
or motor cortex accurate recordings [10, 11], which have risen the interest in them
among all the medical community. At the same time, this increasing interest has
induced a parallel attention among the circuit designers in offering new efficient
system solutions for these sensors.
The signals acquired by means of these arrays of microelectrodes usually have peak
amplitudes of about 1mV as maximum. They are the result of the superimposition
of two kind of neural signals: the one created by the spike activity of the measured
neuron (the Action Potentials, APs) and the one created by the synchronous activity
of various neurons in a region of the brain (the Local Field Potential, LFP). The
information contained by each of these two signals are usually processed separately.
Hopefully, they have different frequency components; while the information of the
LFPs is contained in the band of 1Hz up to 100Hz, the information of the APs is
between 200Hz and 7 kHz, which eases the isolation of each of the signals by just
applying a bandpass filter. Thus, the interface circuits for these applications usually
consist of a low noise amplifier, a bandpass filter and an analog-to-digital converter
(ADC) to digitize the acquired data.
In the last years, some commercial products that are able to extract this neural data
by means of multielectrode arrays (MEAs), digitize and monitor the signals have
appeared, such as the one from Blackrock Microsystems, called Cerebus [12], the
OmniPlex system from Plexon [13], or the in-vivo MEA systems from MultiChannel
Systems [14]. These systems consist of wired implantable MEAs sensors, whose
output signals are connected to an external acquisition processor that amplifies,
filters and digitizes each of the recording channels. In most of the cases, the system is
usually complemented with a dedicated software that isolates the neural spikes from
the background noise and performs a first classification. Although these commercial
systems have been successfully tested in patients with mobility disorders [15], they
are not good solutions for long-term implants. The surgical operation includes drill
holes across the skull to send the data cables out of the implant. This permanent
holes are a potential focus of infections and future problems, which advise against
its use in permanent implants.
Consequently, many of the recent works try to implement integrated efficient solu-
tions that allow to embed all the circuitry together with the implanted sensor array
and transmit the sensed neural data through a wireless data link that avoids the
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use of holes across the skull [16, 17, 18, 19, 20, 21, 22, 23, 24]. As these systems will
be completely isolated from any external supply source, they need to dissipate very
little power in order to extend as much as possible their life. Therefore, the power
consumption becomes one of the main parameters of the design to be minimized.
This quest for low-power dissipation not only applies to the design of new and power
efficient techniques to adapt the acquired neural signals, but also to the reduction
of the amount of data sent through the wireless link, which is used to be one of the
most power-demanding parts of these systems. To this end, many works propose the
implementation of some small digital processing to compress the neural information,
embedded together with the rest of the circuitry to amplify, filter and digitize the
input data.
These data compression techniques can go from its simplest form, which consists
of simply detecting and transmitting the temporal position of the neural spikes
[18, 19, 24], to the reconstruction of the complete spike [21]. In any case, they should
provide enough information to perform some kind of spike sorting mechanism that
allows to classify the detected neural spikes [1, 25, 26].
This thesis proposes both novel and power efficient circuit solutions that comply
with the aforementioned requirements, improving the state-of-the-art. The work
has been focused in the design of an channel-embedded processing scheme, in which
all the circuitry to adapt and digitize the neural input signal, together with a small
digital processing that compress the neural data, has been implemented in an area
of 400 x 400 µm, corresponding to the commercially available MEA’s electrode
pitch [18]. Moreover, each channel integrates a flip-chip pad that allows to connect
individually each of them with their corresponding electrode of the MEA. This
proposal breaks with the traditional distribution, in which the channels only embed
the amplifier and filter in the area of the channel, while the ADC is shared by many
of them [20, 27, 16, 28, 18]. Alternatively, the proposed distribution allows to save
power consumption compared to the traditional topologies, as it replaces the routing
of analog signals (that needs power demanding analog buffers) with digital signal
routing.
Several innovative solutions have been introduced to make the integration of all this
signal processing in such a small area and with a minimum power consumption:

• The BP-LNA was sized following a dedicated design methodology that allows
to optimize it in terms of a triple trade-off between area, power and input
referred noise. Although a traditional capacitive feedback topology was em-
ployed [29], experimental results showed that the LNA presented one of the
best figure of merits compared to the state-of-the-art, which validates the pro-
posed methodology.

• A novel topology that implements both PGA and ADC functionalities in just
one block is presented. It uses a SC-based topology with a binary search
algorithm to complete the analog-to-digital conversion. The proposed topol-
ogy only needs an OTA and a comparator to complete the PGA and ADC
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operations. In order to save power consumption, the biasing of the OTA is
dynamically adapted as the conversion advances to satisfy the changing set-
tling requirements. Experimental results showed that the power consumption
and area occupation of the proposed solution improves the state-of-the-art and
allows to integrated all the functionality in a very small area.

• The acquired neural data was compressed by detecting the neural spikes through
an adaptive neural threshold voltage and reconstructing them by means of a
Piece-Wise-Linear (PWL) approximation, which comprises the amplitudes,
time widths and peak positions of the spikes. This method allows to reduce
drastically the amount of sent data.

• The digital signal processing includes some digital power reduction techniques,
such as the use of clock gating cells to disable part of the idle circuitry or the
optimization of the clock frequencies of each of the system blocks.

A 64-channel neural recording system was fabricated in a 1.2-V 130 nm (6M2P)
standard CMOS technology as a proof-of-concept. Each channel integrates all the
described functionality in 0.16mm2, while a central digital processor collect all the
information generated by each of the channels and classify them before sending out of
the system. Moreover, three working modes are selectable, namely calibration, signal
tracking and feature extraction. The former performs a self-calibration mechanism
to adjust the bandwidth of the BP-filter and the gain of the PGA. The second mode
is intended to extract the raw data from each of the neural channels without any
kind of compression, while the the last mode performs a compression of the neural
spikes by means of a PWL approximation. A single wireless inductive link, inspired
in RFID technologies, is used both for powering the implant and for transferring the
output data to/from the external unit. This link uses a 40.68MHz carrier signal and
employs On-Off Keying (OOK) modulation for data transfer from the external unit
to the implant (forward link) and Load-Shift Keying (LSK) in the reverse direction
(backward link). A 4MHz clock is used to send information through the backward
link. This is enough for the implant operating under the feature extraction mode
to characterize and serialize the detected spikes even in the unlikely case all the
channels fire at the same instant. Post-layout simulations show that the total power
consumption of the system, including the recording array and the communication
protocol, is only 377µW, i.e., about one order of magnitude below prior art.
This thesis work is structured as follows:

• Chapter 2 presents the state-of-the-art review of the existing neurocortical
implanted devices and focus the scope of the presented work. It also sets the
innovations that can be done both at system and circuit levels to improve the
state-of-the-art and that will be addressed in this work.

• Chapter 3 analyzes the existing design strategies for low power analog-to-
digital conversion, focusing on the power efficient SAR ADC topologies with
capacitive-based DACs. This chapter analyzes in detail the performance of
these structures against linearity errors, specifically those due to mismatch
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and parasitic capacitances. This analysis is later used to design a state-of-the-
art, low-power, low-voltage 10-bit SAR ADC in a 0.35µm standard CMOS
technology. Experimental results showed that the ADC consumed 130nW
with an input sampling frequency of 2kS/s.

• Chapter 4 presents a novel topology that integrates the functionality of both
a PGA and an ADC. The architecture implements a SC-based circuit that
performs a binary search algorithm to complete the analog-to-digital conver-
sion. At the same time, a programmable array of input capacitors performs
the programmable gain operation. The chapter includes a detailed analytical
study to show the effect of the different non-idealities of the design in both
the linearity and noise performances. Based on this analysis, the minimum
selectable unit capacitance was set for the different resolutions. Furthermore,
the analysis on the settling performance of the OTA was employed to optimize
its power consumption, by means of an adaptive current biasing. A prototype
with an 8-bit ADC and an input gain that can be programmed between 0
and 18dB was integrated in a 130 nm standard CMOS technology process to
confirm the performed analysis. It occupies just 0.0326mm2. Experimental
results showed that the PG-ADC has an ENOB above 7.5-bit for all the gain
configuration modes and a total power consumption of 1.52µW under a 90kS/s
sampling mode. The reported area and power consumption of the combined
functionality are one of the lowest of the state-of-the-art.

• The first section of the chapter 5 compares analytically three of the exist-
ing LNA topologies in terms of their noise, area and power consumption to
determine which one is the optimal. From this analysis, it was concluded
that the popular capacitive feedback topology was the one that achieved the
best performance. Then, the second part of the chapter presents the design
of a BP-LNA based on this topology. In order to increase its performance,
some improvements were added during the design of the OTA. First, a fully-
differential topology was used to enhance both the CMRR and PSRR. Sec-
ond, a complementary input differential pair, with both pMOS and nMOS
transistors, doubles the effective transconductance with the same current con-
sumption. And third, a two-pole response creates a 40dB/dec drop in the
low-pass response of the filter that reduces the total integrated output noise
power. Additionally, an specific design methodology was used to map directly
the system-level design specifications into transistors sizes and bias conditions
to get an optimum design in terms of power, noise and area. The BP-LNA
was integrated in a 130 nm standard CMOS technology process in an area
of 0.054mm2. Experimental results confirmed that the filter has a nominal
bandwidth between 192Hz and 6.7 kHz, with a bandpass gain of 47.5 dB. The
integrated input referred noise is 3.8µVrms, while the total power consump-
tion is just 1.92µW under 1.2-V of voltage supply. In consequence, the noise
efficiency factor (NEF) is 2.16, one of the lowest of the state-of-the-art.

• Chapter 6 presents the design of the 64-channel neural spike sensor. The sys-
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tem is composed by an array of 8 x 8 channels that contain all the necessary
circuitry to adapt, digitizes and compress the input neural data. The digital
output data generated by each of the channels is then compiled and organized
by a central digital processor. The data is sent out of the system by means of
an inductive link, which is also used to power the complete system. Each chan-
nel embeds the BP-LNA and the PG-ADC designs presented in the previous
chapters to adapt and digitize the neural input signal. Moreover, a small dig-
ital processor is in charge of calibrating the bandwidth of the input filter and
compress the neural spikes by means of a PWL approximation. Each channel
occupies an area of 400 x 400µm, the same that the one of the commercially
available MEAs. The chapter focuses on the design of the digital processors;
the ones embedded in the channels and the central one. Some digital power
reduction techniques, such as clock gating and clock frequency division, were
applied to decrease the total power consumption. Additionally, the design of
the power management and the RF front-end section is presented too. The sys-
tem was fabricated using a standard 130 nm CMOS technology and occupies
an area of 18.4mm2. The output data link was 4Mbps as maximum, although
it was much lower when the neural data compression mode is enabled. The
total power consumption of the system was 377µW, i.e., 5.89µW per channel.
Compared to the state-of-the-art, this performance confirms that the design
strategies proposed along this work were useful to optimize the performance
of the nueral recording system.

• Finally, chapter 7 presents the conclusions of the paper, with a special emphasis
on its most important contributions. Additionally, an overview of the possible
future work and improvements is provided.
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2 State-of-the-art review
The extensive and increasing interest of the medical community in the study of the
brain activity through implantable devices at the level of the neurocortex has devel-
oped a parallel research area inside the electrical engineering community, focused on
the development of innovative solutions for implantable biosensors. The irruption
of this new discipline implies that the designers of circuits and integrated solutions
has to handle with new design aspects that are not a priority in other fields of the
electronics, more focused on the research of high speed solutions or the reduction of
the transistor’s sizes. In contrast, these implantable biomedical devices and sensors
for neural sensing need to solve the following challenges:

• Biocompatibility. An implantable solution that is going to work inside an
human body has to be perfectly integrated with its living cells. Therefore, all
the exposed parts, from the microelectrodes that penetrates into the area to
be sensed, to the passive components, has to be compatible with the rest of
the body. For the first ones, one of the most preferred solutions is the Utah
electrode, which is done by titanium, a biocompatible material [30]. Related to
the rest of exposed circuitry, it is usually sealed with an special biocompatible
silicone that isolate it from the surrounding environment.

• Miniaturization. The systems should be small enough in order not to interfere
with the body where they are implanted on. Due to the required resolution,
the electrodes that acquire the neural signals are very small and, consequently,
the associated circuitry to adapt the sensed signals needs to be scaled as well.
Then, integrated solutions are, in most cases, compulsory for these kind of
applications, as discrete solutions would require a not affordable integration
area.

• Heating. The implanted device cannot arise above 1ºC the temperature of
the surrounding brain tissues in order not to cause a severe damage to them.
Translated to a circuit-level specification, it means that the maximum power
density of the implanted circuitry is restricted to approximately 10mW/cm2

[31].
• Wireless transmission. First solutions that perform neurocortical recordings

transmitted the data out from the implant by means of wires across the skull.
This technique is not recommended at all as the smalls conducting holes were a
potential focus of infections and future problems that advise against their use
for long term implants. The transmission of the information through a wireless
link arose then as a feasible and recommended solution for this problem.
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• Power consumption and energy scavenging. Apart from the power consump-
tion limitation imposed by the temperature restriction, the appearance of the
wireless transmission as a tool to send the information out also implied that
the implanted system was completely isolated from any external and stable
supply source and, consequently, it was mandatory to reduce as much as pos-
sible its power consumption to prolong their life. Then, these systems must be
carefully designed with novel architectures to optimize the consumed energy.
Also, last approaches tent to suppress the need of a battery (which would re-
quire a surgical operation to be replaced) by means of energy harvesters that
extract the necessary energy from the environment. This opens a new and in-
teresting field of study that could drive to completely autonomous implanted
systems.

• Data compression. Related to the optimization of the power consumption,
appears the need for minimizing the amount of data transmitted through the
wireless link, which power demand increase with the number of sent bits. It is
even more noticeable when the implanted electrodes are grouped in big arrays
of channels that sense the activity of many neurons in a certain area of the
brain. Then, most of the last works include some data reduction techniques
that aim to compress the information acquired in each of the neural channels.

This chapter will analyze the existing designs and architectures that try to face the
aforementioned challenges. We will focus with special emphasis in the three latest
points, in which we can find more advances in the latest publications.

2.1 Wireless multichannel neurocortical recording
systems

The first electrical designs that started to develop integrated circuits to acquire the
neurocortical signals captured by electrodes grouped in arrays appeared in the last
80s by Wise et al. [32, 33]. An example of these probes is depicted in Figure 2.1.
They consisted on active probes with electrodes distributed along a vertical axis
and with different penetrating distances [34], in which it was included some filtering
and amplifying circuitry that leads to extract the captured analog signals. Each
electrode was directly connected to a dedicated front-end circuit to amplify and filter
the acquired signal. Then, this adapted signals were multiplexed and sent out to an
external processor (placed out of the probe) which was in charge of demultiplexing
and sorting the signals and, in general, preparing them for an external processing.
Obviously, the big power dissipation imposed the use of wires both to power the
active circuitry and to transmit the analog acquired information.

It was not until the late 90s where Najafi et al. [35] presented a wireless system for
neural recording using a passive silicon sieve electrode with multiple recording sites
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[Najafi et al, IEEE Trans. On Biom. Eng. 1990]

Figure 2.1: First multichannel recording microprobe

[36], used for studies in peripheral nerves regeneration. The implanted circuitry in-
cluded the necessary circuitry to filter and amplify the neural information captured
by each of the channels, an ADC to digitize it, and a controller to configure the
different blocks. The major novelty was the inclusion of a power telemetry system
that was able to supply the implanted system and the wireless communication be-
tween the external processor and the implanted device, becoming the first system
that was able to capture and digitize the neurocortical signal from a multichannel
sensor and transmit it wirelessly without the use of any external supply source. The
main limitation is that the power consumption of all the circuitry (around 90mW
in 24mm2), was too big for a feasible powering from an inductive link and did not
respect the maximum power density restriction for not damaging the surrounding
brain tissues.

Utah Intracortical Electrode Array

Figure 2.2: Microphotography of the Utah intracortical electrode array

The appearance of the Utah Intracortical Electrode Array [37] marked a new mile-
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stone in the design of multichannel neural recording solutions, as it gave a micro-
electrode structure compatible with the developed silicon micromachining techniques
that allows a two-dimensional grids of electrodes for neurocortical recording. Com-
pared to the microprobe of Figure 2.1, the Utah array depicted in Figure 2.2 allows
to extract the information from various neighbor neurons in an specific region of
the brain, and not only in just one specific spot. The compatibility with the CMOS
standard process fabrication and the automation of the fabrication favored the ap-
pearance of several commercial products [38].
Table 2.1 summarizes the published works that implement complete wireless solu-
tions for multichannel neurocortical recordings and that constitutes the state-of-the-
art in this field. Most of them were tested with an Utah microelectrode or a similar
microelectrode. Let us analyze each of them one by one.
Harrison et al. [18] employed this array to build up 100-channel neural recording
system that was connected by means of a flip-chip connection to the Utah array.
In this way, the analog front-end circuitry was placed forming a similar array that
the electrodes which they were connected with and each of the channels contained
a special pad to connect with the corresponding electrode, together with the pre-
amplifiers and filters to adapt the weak signals captured by the electrodes. These
analog outputs were multiplexed in time and digitized by means of an integrated
ADC placed out of the channel array. Additionally, each of the channels embeded
some additional spike detection analog circuitry that was able to detect binarily
the occurrence of neural spikes. Besides, a central digital processor joined all the
generated information and classified it for its wireless transmission by means of an
integrated 433-MHz FSK transmitter. Additionally, an inductive link was employed
for powering the implant. The system consumed 13.5mW, with a mean of 135µW
per channel.
After this work, others similar appeared, in which the acquisition circuitry were
also grouped in arrays. Then, a work presented in 2009 by Sodagar et al. [19]
integrated a 64-channel recording array, with a similar spike detection approach
and with an inductively powered scheme. The main difference was in the wireless
telemetry, using FSK modulation at 2MHz for the forward transmission, and OOK
at a programmable frequency between 70 and 200MHz for the reverse telemetry.
This system was not integrated in just one chip; the signal acquisition, the signal
processing and the RF telemetry were implemented in different chips and then joined
in a common platform, which occupied 1.4cm x 1.55cm. The total power dissipation
of the microsystem was 14.4mW, with a mean of 225µW per channel.
These two solutions had in common that they were not able to transmit simulta-
neously all the information from the channels because the limited data bandwidth
of the telemetry section. This is the main reason of integrating the spike detection
mechanism that helps to monitor the neural activity of all the channels.
However, this technique to reduce the amount of transmitted data by just detecting
the appearance of spikes is not enough to perform spike sorting. For that, an addi-
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Table 2.1: Wireless multichannel recording systems state-of-the-art
[18] [19] [17] [39] [23] [40] [41]

CMOS process (µm) 0.5 0.5 0.35 0.35 0.5 0.13 0.13
Supply voltage (V) 3.3 1.8 3.3 3 3 1.2 1.2
Number of channels 100 64 128 64 32 64 96
Area occupation (mm2) 4.7 x 5.9 N/A 8.8 x 7.2 3.1 x 2.7 4.93 x 3.3 4 x 3 5 x 5
Total power (mW) 13.5 14.4 6 17.2 5.85 5.03 6.5
Power per channel (µW) 135 225 46.87 269 182.82 78.6 67.7
Amplifier gain (dB) 39.5 60 40 65-83 67.8-78 54-60 56
Low frequency corner (Hz) 0.025 10 0.1 1 1 10 280
High frequency corner (kHz) 7.2 10 20 10 10 5 10
Input referred noise (µVrms) 2.2 8 4.9 3.05 4.62 6.5 2.2
ADC ENOB (bits) 9 8 9 7.2 8.1 7.8 10
Sampling freq. (kHz) 15 62 40 20 N/A 54 31.25
Power source Inductive Inductive Battery Battery Inductive Battery Battery
Fwd data telemetry ASK FSK

N/A N/A N/A
OOK

N/A
Carrier Frequency (MHz) 2.64 4-8 915
Rvrs data telemetry FSK OOK UWB FSK FSK FSK UWB
Carrier Frequency (MHz) 433 70-200 4000 400 915 915
Max. output data bitrate (Mbps) 0.35 2 90 1.25 0.71 1.5 30

Data compression
Binary spike Binary spike On-the-fly Spike

PWM
FIR

N/A
detection detection extraction reconst. filters
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tional solution that performed an on-the-fly spike detection and spike sorting based
on the features of the spikes was proposed in [17]. It implemented a 128-channel
neural recording array with a very similar configuration than the others. Each of
the neural channels included the pre-amplification and filtering circuitry, which was
multiplexed prior to the ADC. The digitized signal was then analyze by a DSP which
was in charge of performing both the spike detection, feature extraction and spike
sorting processing. Moreover, the system had the possibility of extracting the raw
data from all the channels by means of an ultra wideband (UWB) transmitter at
4GHz. It is important to remark the high achievable output data bitrate, 90Mbps.
The total power consumed by the system was 6mW, i.e. 46.87µW/ch. However, it
didn’t include any energy harvester circuit, so it was powered by batteries.

The multichannel system presented by Bonfanti et al. [39] recorded the neural
signal from a 64-channel array (from which only 16 of them were available). It
used a 400MHz FSK wireless link to transmit the information to the output. The
configuration of the array was pretty similar than in other works; each channel
contains the necessary circuitry to adapt the acquired signals, while a shared ADC
was in charge of digitizing the time-multiplexed analog outputs. In this work, the
neural data were compressed by detecting the neural spikes and transmitting just
the sampled information of the detected neural spike. It consumed 17.2mW, which
is translated as 269µW/ch.

The work presented by Ghovanloo et al. [23] consisted of an inductively powered
32-channel neural recording system with a 915MHz FSK wireless link for data trans-
mission and a 13.56MHz link for powering. In this work, instead of using an standard
ADC, the adapted neural signals in each of the channels were used to construct a
pulse-width modulated (PWM) signal from a pre-defined triangular waveform, in
a kind of analog-to-time conversion. Each of these modulated signals were mul-
tiplexed in time and they were lately transmitted to the output by means of the
communication wireless link. It consumed 5.85mW, i.e., 182.82µW/ch. on average.

A recent work reported a 64-channel neural recording interface with a fully-integrated
915MHz FSK/OOK transmitter [40]. The main innovation was the inclusion of an
channel-embedded FIR filter to separate various band in the spectrum. In this work
we can find that the channels embeded all the standard front-end circuitry, together
with an ADC which can work also as the FIR filter. The system was able to be
configured either to extract the raw information from the neural electrodes or to
filter just the main frequency components. The system was powered by batteries
and consumed 5.03mW in total, 78.6µW/ch.

The last published multichannel system was presented by Gao et al. [41]. It consisted
of a 96-channel neural interface with an UWB transmitter (which was not integrated
with the neural recording interface). The distribution of the channels followed the
same approximation that the latest work, as it had a dedicated ADC per channel.
Moreover, it was able to extract the raw data information from each of the channels
of the neural array by means of a 30Mbps output data bitrate. The total power
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2.1 Wireless multichannel neurocortical recording systems

consumption was 6.5mW, 67.7µW/ch.

From this general overview of the state-of-the-art we can extract the following con-
clusions:

• The analog front-end circuitry is, in most of the cases, organized in arrays with
the same size of the multielectrode array whom it is intended to be connected
with. This front-end circuitry usually consists of a bandpass filter and a low-
noise amplifier. The bandwidth of the former depends on the signal to be
captured (local field potential or action potentials). In many cases, it can be
configured by the user. The midband gains moved from 45dB up to 90dB,
while the input referred noise must be always kept below 5µVrms or lower, if
possible.

• The conversion to the digital domain of the acquired signal is usually performed
by an ADC with 8-10 bits of resolution. This ADC is, in most cases, shared
by many channels. The preferred sampling conversion frequency is around
30kS/s.

• Some data compression techniques are often embedded in the sensor interfaces
to reduce the generated output data bitrate.

• If any energy harvesting strategy is used, it is the inductive coupling pow-
ering. Although it has some disadvantages, as the big area requirements of
the inductors, or that they are strongly affected by the misalignment between
the primary and secondary coil, it is still the only harvesting technique that
has been successfully tested in an implanted device. In most of the cases, the
carrier used for powering is different from the one used for communication.

• FSK transmitters at 400 or 900MHz are the preferred solutions for the wireless
transmission of the neural sensed information. However, in many cases, the
achievable output data bitrate is not enough for the simultaneous transmis-
sion of the raw data generated by each of the channels. Alternatively other
transmission technique, the UWB, is used to increase the maximum output
data bitrate.

Although the last two points present very promising and interesting research oppor-
tunities, in this thesis we are going to focus in the development of new and efficient
solutions for the analog and mixed-signal circuits that hoard the most significant
part of the total power consumption of the system, i.e. the signal interfacing cir-
cuitry. Then, next section will focus in the system-level aspects of the existing
analog front-end interfaces for multichannel systems.
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Chapter 2 State-of-the-art review

2.2 Analog front-end interfaces for multichannel
systems

Figure 2.3(a) illustrates the most common distribution of the multielectrode neural
sensors interfaces. The analog front-end (AFE) circuitry to filter and amplify the
neural signal acquired from each of the microelectrodes is grouped in an array of
channels. Each of these channels usually embeds a bandpass filter (BPF) and a
low-noise amplifier (LNA), followed by a programmable gain amplifier (PGA) to
maximize the output swing of the interface circuit. The analog outputs from all the
channels are then multiplexed in time and converted into digital words by means of
an ADC placed out of the array of channels. The generated time-multiplexed data
frames can be either digitally processed to compress them, or sent directly to the
output as raw data.
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Figure 2.3: Schematic of the neural sensor interfaces: (a) ADC sharing, (b) ADC
in-channel

Another approach is shown in Figure 2.3(b). Here, instead of sharing the ADC
between the analog outputs of the channels, it is directly embedded in the channel’s
circuitry. Then, each of the channels generate periodically a certain amount of
digital information corresponding to the sensed neural signal. A common digital
processor manage the digitized signals, classify them and send them to the output.
In terms of area occupation, this solution is obviously worse, as the area occupied
by the channels is bigger compared to the ADC sharing topology. However, it has
some benefits concerning to the power consumption [42]:
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2.2 Analog front-end interfaces for multichannel systems

• The information sent through the array of the channels is digital, which is
easily buffered and regenerated. In case of the ADC sharing topology, each
channel should embeds an additional analog buffer after the PGA (or re-design
it accordingly) to send the analog signal across the array of neural channels
until the analog multiplexer.

• In the ADC sharing topology the sampling frequency of the A/D conversion is
multiplied by the number of channels that share it (N ). Considering the com-
monly employed SAR ADC topology, in which the total power consumption
of the conversion is directly proportional to the sampling frequency, there is
not difference, in terms of power consumption, between embedding the ADC
in the channel or sharing it between N channels with a sampling frequency
N times higher. However, a significant difference occurs in the preceding cir-
cuitry, which must load the analog signal for the conversion N times faster
in the ADC sharing scheme. Then, the ADC sharing topology imposes much
more restrictive slew-rate requirements to the analog circuitry that loads the
input of the ADC.

• The system is easily scalable by just replicating the channels in form of array.
Nevertheless, this solution is not usually employed due to its main limitation: the
big area occupied by the channels with embedded ADC is not compatible with the
pitch size of the commercially available electrode arrays (400µm).
Table 2.2 illustrates a comparison of the state-of-the-art. It collects the latest and
most relevant published works about neural sensor interfaces for multichannel sys-
tems that include both the front-end analog section and an ADC. Some of them
are the same that the ones showed in Table 2.1, but others are works that did not
include the wireless communication section and, consequently, cannot be compared
with the complete systems of the former table. Nevertheless, they present very
interesting circuit solutions and excellent power performances.
Concerning to the circuit solution employed for the AFE, the preferred solution is
to use the topology proposed by Harrison et al. in [29], and that will be analyzed
in detail in the corresponding chapter. It is based on a continuous-time feedback
capacitive bandpass filter that obtains very good noise and power performances.
The rest of the presented works use similar topologies (some of them with small
modifications, like the one proposed by Gosselin et al. in [21]), except for the
work of Gao et al., [41], which uses a SC-based filter preceded by an open-loop
transconductor. However, the optimal solutions in terms of area, noise and power
consumption, like the one presented by Liew et al. [28] or Ashmouny et al. [44],
with 1.13 and 3.3µW per channel, respectively, use the original feedback capacitive
topology.
From the table we can also extract that there is a direct relationship between the
area, the power consumption and the input referred noise. If this last one drop off,
the first two grow up. It is clearly illustrated by comparing the first and last work,
which present the lowest noise figures, but the highest power consumptions. In [46],
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Table 2.2: Analog front-end of multichannel neural sensors state-of-the-art
[43] [17] [21] [27] [44] [28] [45] [40] [41]

CMOS process (µm) 0.6 0.35 0.18 0.18 0.35 0.13 0.065 0.13 0.13
Supply voltage (V) 3.3 3.3 1.8 1.8 0.9 0.5 0.5 1.2 1.2
Area/channel (mm2) 0.16* 0.5 0.1 0.035 0.07 0.073 0.013 0.09 0.38
Low freq. corner (Hz) 250 0.1 - 200 100 350 0.1 - 1000 40 - 400 300 0.1 - 10 1-180
High freq. corner (kHz) 5 2-20 9.2 11.7 1-17 7.5 10 5 10
Gain (dB) 60 57 - 60 70 49 - 66 52.4 - 79.8 48 - 54 32 54 - 60 40-56
Input ref. noise (µVrms) 2.2 4.9 5.8 5.4 6.76 5.32 4.9 6.5 2.2
Channels / ADC 100 16 1 4 16 8** 1 1 1
ENOB (bits) 10 9 7 7.65 7 7.32 8 8 9.72
Sampling freq. (kS/s) 17.5 40 30 31.25 20.2 30 20 57 31.25
Power / channel (µW) 80 34 42.5 10.1 3.3 1.13 5.04 6.3 68
Feature extraction Ana. spike det. Dig. spike det. Ana. spike det.

N/A N/A N/A N/A
FIR

N/A
Bits per spike 1-bit 54-bits 512-bits Filter
Year of publication 2009 2009 2009 2011 2011 2011 2011 2011 2012

*: This area does not take into account the area of the ADC
**: The S&H input of each ADC is dedicated for each channel
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an analytical study reflects the impact of these factors in the design performance
and analyze the fundamental limits for a given topology.

In relation to the distribution of the AFE array and the ADCs, we can observe
that, although the tendency is to reduce the area occupied per channel, the number
of shared ADCs per channel is getting lower to have a better power performance.
A meaningful example of this fact can be seen in [28], which reports the great
performance of 1.13µWper channel. In this work, each of the outputs of the channels
were connected to a dedicated S&H. Then, the outputs of these S&Hs were lately
multiplexed and an ADC performed the digitization of the samples. Thus, although
the ADC seems to be shared between 8 channels, in fact part of it (the S&H), is
embedded in each of the channels. This work corroborates the discussion performed
at the beginning of this subsection, i.e., splitting the ADC leads to an increased
power consumption but there is a compromise between power and area, which is
even more evident with the commonly used SAR ADCs with capacitive-based DACs
that use to occupy large silicon areas. In fact, just [21] uses an alternative ADC
circuit, based on a switched-capacitor binary search algorithm, while [45] proposes
the use of a counter-based ADC. These two works integrate the ADC inside the
channel circuitry in a very low area.

Moreover, we note that there is a rising tendency towards the integration of the ADC
together with the channel’s AFE to perform some on-channel signal processing that
aims to compress the sensed neural signal [21, 40].

Many of the published solutions include some data compression techniques for the
detection of the action potentials which, in its simple implementation, is just a binary
spike detector [19, 24]. However, for some applications it is not enough because they
require more information about the shape of the spikes to perform some spike sorting
mechanism [1, 25, 26]. This problem is solved by some works by transmitting the
complete spike [17, 21], but it could be still an insufficient compression solution
for very big arrays. Another techniques such as the principal component analysis
or the wavelet transforms can be employed to efficiently compress the data and
classify the information, but their high computational complexity avoid their use for
integrated solutions. However, there are others approaches, based on the extraction
of amplitude, peaks positions and temporal information about the spikes [47, 48],
that can suit better with the low-power and low-area solutions that we are seeking.
Nevertheless, any of the reported multichannel sensors include some of these feature
extraction techniques.

2.3 Conclusions

This chapter has demonstrated that the existing multichannel neural sensors systems
form an heterogeneous state-of-the-art with different system-level solutions and a
wide variety of trade-offs. However, based on a general overview, we can extract the
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most clear tendencies that seem to draw as research opportunities and that will be
studied along this work:

• The neural AFEs are usually implemented using continuous-time filters with
feedback transconductors. These topologies have a clear trade-off between
the area occupation, the power consumption and the input referred noise of
the neural AFEs. However, none of the presented works perform any top-
down design methodology to optimize this trade-off and select the optimum
topology.

• The outputs of the AFEs are, in most of the cases, multiplexed in time in
order to share the same ADC with the purpose of reducing the total area
occupation. However, it leads to an increasing power consumption of the total
system. It could be interesting to explore new ADC topologies that allow to
reduce the area occupied by them to integrate all the interface circuitry in a
channel pitch and reduce the total power consumed by the system.

• The output data bitrate that results from the simultaneous recording of all
the neural channels makes prohibitively high for a a wireless transmission as
the number of the recording channels increase. The existing solutions for
compressing this data are either insufficient for spike sorting or too complex
for their implementation in an integrated and portable solution. Therefore, it
is necessary to propose new and power-efficient methods for the compression
of the acquired neural information.
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3 Low-power Analog to Digital
Conversion

3.1 Abstract

This chapter analyzes the fundamental aspects in the design of analog-to-digital
converters, focusing on the study of the most suitable architectures for low power
consumption and low area occupation, two of the most important features to take
into account in the design of integrated solutions for neural recording applications.
The study includes the effect of the non-idealities in the performance of the conver-
sion, as well as design procedures to optimize the solutions in terms of the studied
non-idealities.

The first part of the chapter reviews the state-of-the-art, analyzing the most em-
ployed and reported architectures and the fundamental limits in terms of the factors
to be optimized: power consumption and area occupation. The second part analyzes
the well-known and widely employed successive approximation architecture (SAR
ADC), focusing on the effect of the non-idealities caused by the capacitive-based
DACs, which are usually employed as part of their structure.

As a practical example of the theoretical study, the last part of the chapter presents
the circuit implementation and verification of a SAR ADC. It is a 1-V, 2kS/s SAR
ADC that only consumes 130nW of power and was fabricated in a standard 0.35µm
CMOS technology.

3.2 Introduction

The analog-to-digital conversion represents the last part in the signal adaptation
process of the biomedical sensors. After filtering and amplifying the captured signal,
the most common process is to digitize it, in order to perform all the signal processing
in the digital domain (saving area and power consumption). Depending on the
application, the resolution of the reported ADCs varies from 8-bits up to 12-bits,
while the sampling frequency goes from few Hz [49] (e.g., in the case of low frequency
biosignals, such as electrocardiograms, ECGs) up to 100kHz [50] (e.g., in the case
of Action Potentials, APs).
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Chapter 3 Low-power Analog to Digital Conversion

A review of the state-of-the-art reveals that the preferred ADC architecture for
biomedical applications is the SAR [51, 49, 52, 53, 20, 54]. Its low power consump-
tion and relative low area occupation for medium resolutions and low sampling fre-
quencies make it really suitable for their implementation in isolated environments
with few or weak power sources (as it happens in the case of wireless body sensor
networks). Other solutions, particularly for high resolutions, employ oversampling
solutions, such as Σ∆ modulators [55, 56, 57, 58, 59, 60], but the power consumption
is in all these cases higher than the power efficient SAR architectures.

However, due to the big capacitive matrix that are usually employed in the SAR
ADCs, they show a poor area occupation efficiency, which is an important drawback
in the case of area shrink applications, as is the case of the neural recording sensors.
In order to solve this problem, many solutions tent to share the ADC between
different channels [20, 18, 17, 19], but this solution is not optimum as the analog
signal needs be driven across the neural matrix and multiplexed, which implies
additional circuitry to buffer the signal and, consequently, an increase in the power
consumption of the final solution. In order to solve this drawback, others area-
efficient ADC architectures have been proposed [61, 62].

This chapter analyzes the architecture of a SAR ADC, exploring the different pro-
posed alternatives to improve its efficiency. Moreover, the chapter analyzes the
capacitive-based DACs, usually employed for low-power SAR ADC solutions, in or-
der to identify the influence of the mismatch and parasitic capacitances on its per-
formance. The mathematical equations derived from this analysis will be employed
to optimize the design of a power efficient SAR ADC for biomedical applications.

3.3 Successive Approximation Architecture

Figure 3.1(a) shows the basic architecture of a SAR ADC. It consists of a Sample &
Hold (S&H), a comparator, a digital-to-analog converter (DAC), and some digital
logic. The conversion process, based on the binary search algorithm, is illustrated
in Figure 3.1(b). First, the input signal is sampled and stored during the sampling
period. After that, the output digital word is set to its mean value (i.e., the Most
Significant Bit, MSB, is set to ’1’, while the rest are set to ’0’). This output digital
word is converted to an analog voltage by means of the embedded DAC, resulting
in VFS/2, where VFS is the full scale input voltage of the ADC. This voltage is then
compared with the input sampled signal in order to determine the definitive value of
the MSB; it is kept to ’1’ in the case that the output of the ADC is below the sampled
voltage; otherwise, it is set to ’0’. The conversion continues with the activation of
the next bit and the repetition of the same iteration. This process is successively
repeated as many times as bits to be converted. Therefore, the conversion takes
N + S clock cycles, where N represents the number of bit to be converted and S
the number of cycles taken for sampling the input signal.
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Figure 3.1: SAR ADC: (a) basic architecture, (b) conversion time diagram.

The most critical blocks in the design of this kind of ADCs are the comparator and
the DAC. The design of these two define the resolution and speed of the ADC. The
next sections analyze the different architectures to implement these two building
blocks, as well as the power reduction techniques that can be applied.

3.3.1 Comparator

The comparator of a SAR ADC like the one shown in Figure 3.1(a) has to be able
to solve voltage differences at least of VLSB/2 = VFS/2N+1, where VLSB is the least
significant bit (LSB) voltage. Additionally, this comparison must be done in which
is called the time conversion step, τconv = 1/ [fS · (N + S)]. Therefore, the power
consumption of this block depends on the ADC performance. We can find several
architectures in the literature to implement this block, from which we are going to
study three of them.

3.3.1.1 Dynamic latch

The dynamic latch architecture is widely employed as a fast comparator due to its
high speed [63]. The schematic of the basic architecture is shown in Figure 3.2(a). It
consists of two cross-coupled digital inverters (M1-M5 and M2-M6), controlled by an
input differential pair formed by M2 and M4 which imbalance the initial current of
the inverters branches. This part is called the regenerative latch. After that, a pair
of output inverters boost the output signals to the voltage rails. Signal ΦS controls
the state of the structure. When it is ’0’, the output signals of the regenerative
latch are set to ’1’, so both output voltages are set to ’0’ by means of the output
inverters, in which is called the reset state. In case that the control signal is ’1’,
the dynamic latch works as usual, current is driven in both branches controlled by
the input voltages and the output voltage is calculated. The main drawback of this
structure is that, due to the mismatch between its branches, presents high offset
voltages (around 100mV in a standard CMOS technology). Consequently, they are
usually preceded by input gain stages to amplify the input signal voltages.
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Although this structure is very suitable for high speed applications, it is not recom-
mended for low-power solutions because they demand high peaks of currents during
the voltage transitions in the comparison phases. Instead, the solution illustrated
in Figure 3.2(b) can be used. It is based on the same principle that the schematic
of the dynamic latch but, both the bias currents of the regenerative latch branches
and the output inverter buffers are controlled. In order to improve the power effi-
ciency and reduce the mismatch, the input differential pair is scaled to work in weak
inversion [64].

This architecture has two main advantages: first, it reduces the high peak currents
demands during the voltage transitions, and second, reduce the input offset voltage
to less than 4mV (if transistors are properly scaled). This solution is usually em-
ployed as comparators in those ADCs that demand resolutions up to 8-bits [49, 52].
When the resolution demands grow up, an auto-zeroed input amplifier is needed, as
next section details.

(b)

VinVip

Vbn

VonVop

ss

M1

M2 M3

M4 M5

s

Vbn Vbn

Vip Vin

Vop Von

s

(a)

M1 M2M3 M4

M5 M6

Figure 3.2: Dynamic latch: (a) classic architecture, (b) bias controlled.

3.3.1.2 Auto-zeroed pre-amplifier

When the resolution demand grows up to 8-bits, both the input offset voltage and
the hysteresis of the presented dynamic latch are too big to get the needed resolution.
It can be solved through the amplification of the input voltage by means of an input
gain stage, as Figure 3.3 illustrates. In this case, an auto-zeroed amplifier gives
enough gain to the input signal to counteract the effect of the dynamic latch offset.
During the reset phase (Φr =′ 1′), the pre-amplifier outputs and inputs are shorted
and the input capacitors Coff store the offset voltage, which is subtracted to the
input voltage during the comparison phase (Φs =′ 1′).

Let us analyze the SC circuit that stores the offset voltage by means of the single-
ended circuit shown in Figure 3.4(a), where Cp represents the parasitic capacitance
of the pre-amplifier input node and Voffset is the equivalent input voltage offset.
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Figure 3.3: Schematic of the comparator with an auto-zeroed pre-amplifier

During the reset phase, the charge stored in the input capacitances will be given by:

Qn−1/2 = Coff (Van,n−1 − Vref,n−1) + CpVan,n−1 (3.1)

where, taking into account the finite gain of the amplifier, Ao:

Van,n−1 = Ao
Ao + 1Voffset ≈ Voffset (3.2)

Applying the charge conservation principle during the comparison phase, we have
that:

Qn−1/2 = Qn = Coff (Van,n − Vip,n) + CpVan,n ⇒
Van,n = α(Vip,n − Vref,n−1) + Voffset (3.3)

where α = Coff/(Coff +Cp). The output voltage at the end of the comparison phase
will be given by the following expression:

Vout,n = Ao(Voffset − Van,n) = −αAo(Vip,n − Vref,n−1) (3.4)

Considering the fully differential circuit of Figure 3.3, the output voltage will be
given by the following:

Vout,n = αAo(Vip,n − Vin,n) (3.5)
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The above expression shows us that for maximizing the gain of the auto-zeroed pre-
amplifier, it is important to design the circuit with a scaling factor α close to the
unity. For that, the input capacitance Coff must be dominant over the amplifier’s
input parasitic capacitance Cp.
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Figure 3.4: (a) Single-ended pre-amplifier, (b) Schematic of the pre-amplifier

In order to study the minimum bias current of the OTA, we are going to suppose a
simple input differential pair as the one shown in Figure 3.4(b). The dynamic gain
of the OTA has to be high enough to counteract the offset voltage of the dynamic
latch, named Voff,latch according to the following expression:

Apre,dyn >
Voff,latch
VLSB

2
= 2N+1 · Voff,latch (3.6)

Considering that the dynamic gain of the pre-amplifier for a given period Ts is given
by:

Apre,dyn = gm ·
Ts
CL

(3.7)

where CL is the amplifier’s output load capacitance and gm is the transconductance
of the input differential pair. Obviously, in order to optimize the power consump-
tion, it is necessary to maximize the transconductance of the input transistors.
Considering the EKV model [64]:

gm
ID

= 1
n · VT

· 2
1 +
√

1 + 4 · IC
(3.8)
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where ID is the drain current, n is the slope factor, VT is the thermal voltage and
IC is the inversion coefficient, given by:

IC = ID
2nµC ′oxWL VT

(3.9)

According to the model, the value of IC set the MOS operating region. Thus,
if IC < 0.1 the transistor works in weak inversion, if 0.1 < IC < 10, it is in
moderate inversion and if IC > 10 it operates in strong inversion. According to
equation Equation 3.8, the smaller IC, the bigger the gm/ID ratio. Then, in order
to optimize the power consumption, the input differential pair will work in weak
inversion.
The minimum required bias current of the OTA can be calculated by means of
equations Equation 3.6 and Equation 3.8, resulting the following expression:

ID >
2NVoff,latch · CL · nVT

(
1 +
√

1 + 4 · IC
)

Ts
(3.10)

3.3.1.3 Time-domain comparators

Recent works have introduced time-domain comparators as an alternative to con-
ventional architectures [65, 66]. The basic principle is shown in Figure 3.5(a). In-
put voltages to be compared are converted into time-modulated pulses by means
of voltage-to-time converters (VTC). Then, a time comparator, which could be a
simple edge detector, sets the output result. Figure 3.5(b) shows a time diagram
example of this comparison. During the first period, input Vip is bigger than Vin, so
the pulse width of the former (Vp) is smaller than the other one (Vn). In consequence,
the output of the time comparator is ’1’. During the second phase of this example,
the situation is the opposite (Vin > Vip). Then, we can see how the pulses widths
are modulated according to the input voltages and the output of the comparison is
’0’.
Figure 3.6(a) shows a possible implementation for the VTC based on the discharge
of a capacitor [65]. During the reset phase (Φs =′ 0′), the capacitor is charged to
Vdd, while the output is set to ’0’. In the next phase, the capacitor start discharging
with a constant current that will be modulated by the input voltage Vin. When the
capacitor charge drops below a certain level, the output of the VTC rises from ’0’
to ’1’, finishing the voltage to time conversion.
Another approach is illustrated in Figure 3.6(b) [66]. Here, the input voltages control
the delay of a chain of inverters and modulating the time pulse in function of the
input voltages.
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Voltage-to-Time 
Converter

Voltage-to-Time 
Converter

Time
Comparator

+

-

Vip

Vin

Vp

Vn

Vout
s

Vout

Vp

Vn

Vip
VinV

t

(a) (b)

s

s

Figure 3.5: Time-domain comparator: (a) basic architecture, (b) time chronogram
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Figure 3.6: Voltage-to-time converter architectures: (a) capacitor discharge, (b)
inverter chain

The main advantage of using this approach is that the inherent problems related to
the design of analog circuits in low voltage supply scenarios (noise, voltage range,
etc.) are reduced. Moreover, as there is no need of analog active blocks, in some
cases the power consumption can be lower than classical solutions, particularly for
resolutions above 10-bits and sampling frequencies higher than 100kHz.

3.3.2 Digital-to-Analog Converters

The objective of a DAC is to transform a digital word into an equivalent analog
signal. The easiest way to get it is by means of a ladder of digitally-selectable
uniformly scaled devices (passive or active). Then, the digital input would control
the selection of these unitary devices, scaling the analog output signal linearly with
the digital input. Resistors, capacitors, current sources (or a combination of them),
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are usually employed as unitary devices [67]. One of the main limitation of these
solutions is the mismatch between the different unitary elements, which limits the
linearity, and, consequently, the effective resolution, of the output voltage. In order
to avoid this problem, higher unitaries are employed, which implies an increase
both in power consumption and silicon area. This drawback comes bigger as the
required resolution increases, so in order to optimize the design, it is necessary to
employ other techniques and explore the limits of the existing architectures. In
this subsection, we are going to present the most employed DAC architectures for
low-power SAR ADCs and study the effects of the most important non-idealities in
their performance, in order to get an optimum solution.
We can find that, although some of the last published works implement resistive
DAC solutions [68, 69, 70, 71], most, and which is most important, the most efficient
in terms of power consumption, opt for capacitive-based DAC solutions [52, 72, 65,
49]. The most important advantage of this solution is that it is based on the charge
redistribution principle of the capacitors and, therefore, it doesn’t need a constant
flow of bias current, as happens with other approaches.
The basic operation principle of the capacitive DAC is shown in Figure 3.7(a). The
series of two capacitors C1 and C2, initially discharged, connected between a ref-
erence voltage Vref and ground, yields a middle point voltage which will be given
by:

Vout = Vref ·
C1

C1 + C2
(3.11)

Therefore, this principle can be employed to carry out the binary division needed for
DAC implementation, as Figure 3.7(b) shows. Imagine a matrix with an equivalent
total capacitance of 2nCu, which can combine their unitary elements (Cu), connect-
ing them either to Vref , or to ground in function of a certain digital input word. If
k · Cu of them are connected to Vref , while the rest ((2n − k) · Cu), are connected
to the ground voltage, based on equation Equation 3.11, the analog output will be
given by:

Vout = Vref ·
k

2n (3.12)

which is the desired output for a DAC.
It is important to take into account that a small resistive load could discharge the
charge stored in the capacitor array, which means a lose of information. Then, the
output voltage must be measured by a high resistive device, typically a capacitive
probe realized by the gate of a MOS transistor which takes part of an OTA or an
opamp.
Figure 3.8 shows different capacitive DAC solutions based on the explained concepts.
In the following, we are going to analyze separately all the presented topologies.
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Figure 3.7: Basic principle of the capacitive division

Binary weighted arrays (BWA)

Figure 3.8(a) shows the architecture of a binary weighted array (BWA) capacitive
DAC. It consists of a capacitive matrix formed by 2N binarily scaled unitary ca-
pacitors (where N is the DAC resolution). The top plates of the capacitors are
shorted, while the bottom plates are connected to different switches controlled by
the input digital word, which will connect them either to Vref or to ground. The
switch connected to the biggest capacitor will be controlled by the MSB, while the
smallest one will be controlled by the LSB. Therefore, the total number of grouped
capacitors controlled by switches is given by ∑N−1

i=0 2i = 2N − 1. In order to have a
total equivalent capacitance of 2NCu, as required, an additional unitary capacitance
is connected to ground, as is shown in the figure. It is clearly seen that, by means of
the input digital signal, is possible to group the matrix as Figure 3.7(b) shows and
complete the DAC operation. Then, the output voltage of the DAC as function of
the input digital words Di will be given by:

Vout = Vref ·
∑N−1
i=0 Di · 2i

2N (3.13)

The power consumed by the DAC can be calculated as the power needed to reset
the matrix during the initial phase, that is given by:

PBWA,DAC = 1
2fs2

NCuV
2
DAC (3.14)

where fs is the sampling frequency and VDAC is the output voltage. Then, we
can see that the power consumption increases linearly with the sampling rate and
exponentially with the resolution, as well as the area occupation of the solution.
Therefore, for medium-high resolutions, other solutions are needed.
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Figure 3.8: Capacitive DACs architectures: (a) Binary weighted, (b) C-2C, (c)
Binary-split

C-2C structures

Figure 3.8(b) illustrates the concept of this solution. Instead of scaling binarily the
unit capacitors, it uses capacitive attenuators between the different parts of the
matrix in order to properly scale the contribution of each element. The contribution
of the n− th element of the matrix connected to Vref to the output voltage will be
given by:

Vout,n = Vref ·
Cu

Cu + CeqLSB,n + 2Cu·CeqMSB,n

2Cu+CeqMSB,n

·
N−1∏
i=n

2Cu
2Cu + CeqMSB,i

(3.15)

where CeqLSB is the equivalent capacitance from the analyzed capacitor to the left
of the array, and CeqMSB is the equivalent capacitance from the top plate of the
right split capacitor to the node Vout. Considering the C-2C structure, it is easy to
check that CeqLSB,n = Cu. Calculating the equivalent output voltage by means of
Equation 3.15, it can be concluded that the output voltage Vout,n = Vref/2N−n, as
required. The equivalent output voltage in function of the input digital word formed
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by Di elements is given by:

Vout =
N−1∑
i=0

Vout,i ·Di (3.16)

The power consumption of this solution is drastically reduced compared to the
BWAs, as it is given by:

PC2C,ADC = 1
2 · fs · (N + 1) · Cu · V 2

DAC (3.17)

Then, the power depends linearly with the DAC resolution and not exponentially
as in the case of the BWA. Moreover, it provides an equivalent save in terms of area
occupation.
The main problem of these structures is related to the high impact of parasitic
capacitances in their performance [73, 74]. This high sensitivity advises against its
application under medium-high resolution demands, instead of their advantageous
power performance.

Binary split arrays (BSA)

Figure 3.8(c) shows the schematic of the binary split array (BSA). In this solution,
the binary matrix is divided in two parts by means of a dividing capacitor, Csplit,
reducing the number of total unitary capacitances. In the figure, an even symmetric
division has been shown as an example, although it could be asymmetrical or an
odd partition, even include more division capacitors to split more the array (the
limit would be the C-2C structure).
In order to fulfill the binary capacitive division principle, the division capacitance
Csplit is calculated according to the following equation:

Csplit//Ceq,LSB = Csplit · Ceq,LSB
Csplit + Ceq,LSB

= Cu (3.18)

where Ceq,LSB corresponds to the equivalent capacitance of the capacitive section of
the array that solve the least significant bits. Then, in the case of an even symmetric
array, as the one shown in figure Figure 3.8(c), Csplit is scaled as:

Csplit = 2N
2

2N
2 − 1

(3.19)
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The working principle is the same that the one described for the BWA and the C-2C
structure. The digital input word is able to control the switches connected to the
array elements in order to obtain an equivalent analog output voltage. Then the
output voltage in function of the input digital word formed by Di bits will be given
by:

Vout = Vref ·
2N

2 ·∑N−1
i=N/2 Di · 2i−

N
2 +∑N/2−1

i=0 Di · 2i

2N (3.20)

The power consumed by this solution is given by the following expression:

PBSA,DAC = 1
2 · fs · 2

N
2 +1Cu · V 2

DAC (3.21)

It can be checked that the power is also lower than in the case of the BWA. Due
to its power efficiency, this solution is usually chosen for resolutions up to 8-bits
instead of the BWA architecture.
Together with the presented architectures, there are other proposals in the litera-
ture, either combining the presented solutions (like hybrid binary C-2C structures
[75, 76]), or dividing the BWA in sub-arrays with different scaling factors [77], or
employing unconventional switching methods [78]. Moreover, and especially for high
resolution and sampling rates, many works introduce digital calibration to improve
the performance of the capacitive DACs [79, 80]. However, the study of these alter-
natives is out of the scope of this work.

3.3.3 Linearity of capacitive DACs

Capacitive DACs performance is highly dependent on the mismatch between their
unitary elements and the parasitic capacitances, which introduce errors during the
capacitive division operations [73, 77, 81].
This section will explore the effect of these non-idealities in the linearity performance
of both the BWAs and the even-symmetric BSAs, as they are the most employed
architectures. The C-2C structure has been demonstrated useless for their imple-
mentation in standard CMOS processes, due to their high sensitivity on parasitic
capacitances [73], so they have only been successfully implemented on substrate-
isolated technologies [82] or by means of complicated and unfeasible calibration
processes [74].
Before analyzing the effect of the non-idealities, we are going to define the basic
non-linearity terms of a DAC, the differential non-linearity (DNL) and the integral
non-linearity (INL).
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The DNL of a DAC can be defined, after correcting the static gain, as the difference
between a specified code bin width and the ideal code bin width, divided by the
ideal code bin width [83]. As the ideal code bin equals LSB and the maximum step
is expected to occur during the transition of the MSB, we have that:

DNL = 1
LSB · εgain

·
(
VDAC,mea(D = 2N−1)− VDAC,mea(D = 2N−1 − 1)

)
−1 (3.22)

where D represents the input digital word and εgain represents the gain error.
The INL is defined as the difference between the ideal and measured code transition
levels after correcting for static gain and offset [83]:

INL = VDAC,mea
εmea

− VDAC,id
εid

(3.23)

where εmea represents the gain error of the measured code and εid represents the
gain error of the ideal code.

3.3.3.1 Mismatch

In order to study the effect of mismatch in the capacitive DACs, let us assume that
the value of a certain capacitance Ci,x can be expressed as:

Ci,x = 2i · Cu + δi,x (3.24)

where δi,x represents the random variable of the mismatch error. Assuming that all
the errors are in the unit capacitors, which are independent identically distributed
Gaussian random variables. Then, the variance error variable δi,x can be represented
as:

E[δ2
i,x] = E[δ2

i ] = 2i · E[δ2
u] = 2i · σ2

u (3.25)

where σu is the standard variation of an unit capacitor.
Taking into account these expressions and the output voltage for the BWA reported
in equation Equation 3.13, the effect of the mismatch in the output voltage can be
expressed as:

VBWAout,mis = Vref ·

N−1∑
i=0

(
2i · Cu + δi

)
Di

2NCu + ∆C (3.26)
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where ∆C = ∑N−1
i=0 δi. We can observe that the mismatch does not introduce any

gain error in the output voltage (εBWA,mis = 1).
Neglecting the ∆C term and subtracting the nominal voltage of equation Equation 3.13
to equation Equation 3.26 yields to the following voltage error:

VBWA,err ≈ Vref ·

N−1∑
i=0

δi ·Di

2NCu
(3.27)

with a variance:

E[V 2
BWA,err] = V 2

ref ·

N−1∑
i=0

2iσ2
u ·Di

22NC2
u

= V 2
ref ·

y · σ2
u

22NC2
u

(3.28)

where y = ∑N−1
i=0 2i ·Di represents the input digital code. This error is just the sum

of total errors of unitary capacitors connected to Vref .
The DNL can be calculated as the error difference during the transition of the MSB
divided by the LSB voltage, that is:

DNLmax = 1
LSB

·
(
VBWA,err(y = 2N−1)− VBWA,err(y = 2N−1 − 1)

)
=

= 1
Cu
·
(
δN−1 −

N−2∑
i=0

δi

)
(3.29)

Then, the variance of the DNL yields as following:

σ2
DNL,max = E

[
DNL2

max

]
= 1
C2
u

·
N−1∑
i=0

2i · σ2
u = σ2

u

C2
u

(3.30)

Meanwhile, the maximum INL can be calculated, according to Equation 3.23, as the
error voltage for the higher input digital word, i.e., replacing y = 2N in Equation 3.27
and Equation 3.28:

INLmax = VBWA,err(y = 2N) = Vref ·

N−1∑
i=0

δi

2NCu
(3.31)
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Figure 3.9: BSA with unit capacitance attenuator

σ2
INL,max = E[INL2

max] =
V 2
ref · σ2

u

2NC2
u

(3.32)

Let us consider now the schematic of the BSA shown in Figure 3.9. Compared to
the one presented in Figure 3.8(c), the attenuator capacitance has been replaced by
an unit capacitance, while the capacitor of the LSB sub-array connected to ground
has been removed. Then, the output voltage is given by:

VBSA = Vref ·
2N

2 ·
N
2 −1∑
i=0

Di,M · 2i +
N
2 −1∑
i=0

Di,L · 2i

2N − 1 (3.33)

where Di,M represents the digital bits corresponding to the MSB sub-array and Di,L

represents the digital bits of the LSB sub-array.
In order to study the mismatch non-linearities in the performance of BSA architec-
tures, let us represent the output voltage as following:

VBSA,mis = VLSB,mis + VMSB,mis (3.34)

where VLSB,mis and VMSB,mis represent the contributions due to the LSB sub-array
and MSB sub-array, respectively. Then, considering Equation 3.24 and Catt = Cu +
δatt, the output voltage of the LSB part will be given by:

VLSB,mis =
Vref ·

N
2 −1∑
i=0

Di,LCi,L(
2N

2 − 1
)
Cu + Si,L + Catt[(2N/2−1)Cu+Si,M ]

2N/2Cu+δatt+Si,M

· Catt

2N
2 Cu + δatt + Si,M

(3.35)
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where Si,M =
N
2 −1∑
i=0

δi,M and Si,L =
N
2 −1∑
i=0

δi,L. Meanwhile, the output voltage of the

MSB sub-array is given by:

VMSB,mis =
Vref ·

N
2 −1∑
i=0

Di,MCi,M(
2N

2 − 1
)
Cu + Si,M + Catt[(2N/2−1)Cu+Si,L]

2N/2Cu+δatt+Si,L

(3.36)

Thus, the output voltage can be expressed as:

VBSA,mis = Vref ·

Catt ·
N
2 −1∑
i=0

Di,LCi,L +
(
δatt + Si,L + 2N

2 Cu
)
·


N
2 −1∑
i=0

Di,MCi,M


(2N − 1)C2

u + ∆C (3.37)

where ∆C = 2 ·
(
2N

2 − 1
)
Cuδatt +

(
δatt + 2N

2 Cu
)
· (Si,M + Si,L) + Si,LSi,M . Again,

it is clear that the mismatch does not introduce any gain error. Then, the variance
of the DNL can be calculated following the same procedure that in the case of the
BWA:

σ2
DNL = E[DNL2] =

E

[( 1
LSB

(
VBSA,mis(y = 2N−1)− VBSA,mis(y = 2N−1 − 1)

)
− 1

)2]
=

=
2Nσ2

u

[
2N

2
(
3 · 22N − 2N+3 + 3 · 2N

2 +1 − 1
)
C2
u +

(
3 · 22N − 5 · 2N + 2

)
σ2
u

]
[(2N − 1)C2

u]2
≈

≈ 3 · 2 3N
2

(
σ2
u

C2
u

)
(3.38)

The variance of the INL is calculated as following:

σ2
INL = E[INL2] = E

[(
VBSA,mis(y = 2N − 1)− VBSA(y = 2N − 1)

)2
]
≈

≈
(
LSB

C2
u

)2

·
{

2
(
2N

2 − 1
)
σ2
u

[(
2N + 1

)
C2
u +

(
2N

2 + 1
)
σ2
u

]}
≈

2 · V 2
ref · σ2

u

2N
2 C2

u

(3.39)
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3.3.3.2 Parasitic capacitances

Let us consider the schematic of the BWA shown in Figure 3.10(a), where the ca-
pacitance named Cp represents the equivalent parasitic capacitance of the output
node, which will be the sum of parisitics due to capacitor’s top plates and routing.
The output voltage considering these parasitics is given by:

VBWA,par =

N−1∑
i=0

2i ·Di · Cu

2NCu + Cp
= 2NCu

2NCu + Cp
· VBWA,id (3.40)

Therefore, it can be seen that the parasitic capacitances only introduce a gain error
given by εBWA,par = 2NCu

2NCu+Cp , but any non-linearity.

Vout
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CpL CpM

MSB

(a) (b)

Cp
Vout

Figure 3.10: Parasitic capacitances in capacitive DACs: (a) BWA, (b) BSA

The impact of parasitic capacitances on BSA structures is going to be studied ac-
cording to the schematic shown in Figure 3.10(b). The total equivalent parasitic
capacitance at the left of the attenuation capacitor (the LSB sub-array) is denoted
as CpL, while the total equivalent parasitic capacitance of the output node is named
CpM . The output voltage of the DAC is given by:

VBSA,par =

Vref ·



N
2 −1∑
i=0

Di,M · 2i · Cu

Ceq,M + (Ceq,L||Cu)
+
(

Cu
Cu + Ceq,M

) N
2 −1∑
i=0

Di,L · 2i · Cu

Ceq,L + (Ceq,M ||Cu)

 (3.41)
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where Ceq,M = Cu·
(
2N

2 − 1
)
+CpM and Ceq,L = Cu·

(
2N

2 − 1
)
+CpL are the equivalent

capacitances of the MSB and LSB sub-arrays, respectively. The above equation can
be simplified as following:

VBSA,par = Vref ·

(
2N

2 Cu + CpL
) N

2 −1∑
i=0

Di,M · 2i + Cu ·
N
2 −1∑
i=0

Di,L · 2i

Cu · (2N − 1) + α
(3.42)

where α = 2N
2 (CpL + CpM) + CpLCpM

Cu
is a code-independent term. Compared to the

ideal DAC response given in Equation 3.33, parasitics lead to an additional gain
error that is given by:

εBSA,par =
1−

α− CpL ·
(
2N/2 − 1

)
α + Cu · (2N − 1)

 · 1
(1− 2−N) (3.43)

Besides, parasitics impacts in the linearity of the output response. Following a
similar procedure that above, the DNL can be expressed as:

DNLmax = 1
LSB · εpar

·
(
VBSA,par

(
y = 2N−1

)
− VBSA,par

(
y = 2N−1 − 1

))
− 1 =

= 2N
2 CpL

CpL + Cu ·
(
2N

2 + 1
) (3.44)

While the INL is calculated as following:

INL = VBSA,par

εBSA,par
− VBSA,id

εBSA,id

Vref
2N ·

CpL ·


N
2 −1∑
i=0

Di,M · 2i −
N
2 −1∑
i=0

Di,L · 2i


Cu · (2N/2 − 1) + CpL
(3.45)

3.3.4 Synthesis procedure of DAC capacitive even-symmetric
binary split arrays

As it has been stated in Equation 3.14 and Equation 3.21, the power consumption of
charge-redistribution capacitive arrays is directly proportional to the total switched
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capacitances of the structure. Hence, the size of the array must be reduced as much
as possible to lower the overall dissipation of the DAC. However, according to the
previous analysis, Cu cannot be arbitrarily reduced to not compromise the linearity
performance and, thereafter, the effective resolution of the converter. In order to
solve this trade-off and optimally size Cu for given specifications on linearity at
the minimal power consumption, it is worth evaluating the equations of the above
sub-section in practical design scenarios. To this end, let us assume that unitary
capacitors are implemented with metal-insulator-metal (MiM) structures, as shown
in Figure 3.11(a), and let us calculate the parasitics of BSA structures, which are
affected by these non-idealities. Obviously, the presented procedure also apply to
other types of capacitors (poly-to-poly, metal-oxide-metal structures, etc).

(a) (b)

bottom

top

substrate

KaKp

WCu

Wm

Lg

top

bottom

Figure 3.11: (a) MiM capacitor structure, (b) floorplan of the unitary capacitors
used in the capacitive arrays

Bearing in mind that unitary capacitors are affected by top- and bottom-plate
parasitics capacitances, denoted by Cput and Cpub, respectively, it can be found
by simple inspection of BSA architecture shown in Figure 3.10(b) that the to-
tal combined parasitics at the LSB and MSB sides are, respectively, given by
CpL =

(
2N

2 − 1
)
Cput + Cpub + CroutL and CpM = 2N

2 Cput + CroutM , where CroutL
and CroutM stand for the corresponding routing parasitics. Because of the even
symmetry, CroutL and CroutM are nominally identical with a value Crout.
The top-plate parasitic capacitance to the substrate is dominated by fringe effects
and can be calculated as Cput ≈ 4 · Kp ·

√
ACu , where Kp represents the specific

capacitance per unit length of the MiM structure and ACu denotes the area of the
unitary capacitor. Regarding the bottom-plate parasitic capacitance, it can be ap-
proximated by Cpub ≈ 4 · Kp ·

√
ACu + Ka · ACu , where Ka stands for the specific
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capacitance per unit area of the MiM capacitor. Finally, the routing parasitics are
estimated by assuming that the unitary capacitors are common-centroid distributed
in a square grid, as shown in Figure 3.11(b). This is done to reduce the maxi-
mum distance between elements in the array and, thereafter, improve the matching
between unitary capacitors [84]. Additionally, it is assumed that every unitary ca-
pacitor has exactly two top-plate connection taps to avoid any systematic deviation
on the Cu values. Assuming that the width of the interconnecting metal strip is
Wm, the space between adjacent unitary capacitors is Lg, and ignoring the para-
sitics contributed by any metal strip outside the array, a lower limit for Crout can
be approximated as:

Crout = 2N
2 [2Kp · (Lg +Wm) +Ka · Lg ·Wm] (3.46)

Table 3.1 lists the values of the aforementioned technology parameters, extracted
from the design rules of different CMOS processes. The table also includes the
technological parameter ∆C, from which the standard deviation of the mismatch
between unitary capacitors can be calculated as σu = ∆C/

√
ACu .

Table 3.1: Technology process mismatch and parasitic capacitances figures

Technology MiM cap ∆C Lg Wm Ka Kp

(fF/µm2) (%/µm2) (µm) (µm) (aF/µm2) (aF/µm)
CMOS 0.35um 2.5 0.65 3 0.6 20 60
CMOS 0.18um 2.5 0.45 2.5 0.8 10 30
CMOS 0.13um 2 0.6 2 0.6 12 36
CMOS 90nm 2.5 0.55 2 0.5 15 45
CMOS 65nm 3 0.37 1.5 0.4 12 35

Figure 3.12(a) represents the worst case peak INL of a 10-bit capacitive DAC cal-
culated from Equation 3.45 and Equation 3.39 for the different technology processes
listed in Table 3.1. Hence, it can be drawn that, for this resolution, parasitics rep-
resent the major source of non-linearity in the array. A similar conclusion can be
drawn from Figure 3.12(b) which represents the worst case peak DNL calculated
from Equation 3.44 and Equation 3.38.
Figure 3.12 provide a simple graphical tool for sizing the unitary capacitances of the
DAC. In order to guarantee the converter is monotonic, Cu must satisfy [85]:

max(|INL|) ≤ 0.5LSB max(|DNL|) ≤ 1.0LSB (3.47)

whatever more restrictive. Therefore, Cu can be calculated by annotating the
value at which the dominant INL curve (alternatively, DNL curve) intersects with
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Figure 3.12: Worst peak non-linearity values in terms of the unit capacitance con-
sidering the effects of the parasitic capacitances and the mismatch for various
CMOS processes. The inset shows the intersections of the parasitics curve with
the limits for: (a) INL, (b) DNL
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the 0.5 − LSB line (alternatively, 1.0 − LSB line), as illustrated in the insets of
Figure 3.12. For instance, in the case of the 0.35µm technology, the resulting uni-
tary capacitance, determined by the influence of parasitics on the INL performance,
is 160fF.
In practical designs, other non-idealities, such as thermal noise or switch charge
injection, have much lower impact than parasitics on the SNDR. For instance, for the
thermal noise to remain below the quantization noise of the converter, the unitary
capacitance must satisfy Cu ≥ 12 · 2−N/2 · KT

LSB2 , where k is the Boltzmann constant,
and T is the absolute temperature. However, this value is far less restrictive than
that imposed by the parasitic for the same SNDR performance.
Following this procedure, we have explored the minimum Cu value required to guar-
antee monotonicity for different resolutions (ranging from 6 to 14 bits at 2-bit steps)
in the technologies of Table 3.1. The results are plotted in Figure 3.13 and reveal
that the minimum unitary capacitance increases almost linearly with the resolution.
It is worth observing that, for resolutions below 12 bits, Cu is determined by the
influence of parasitics, whereas for the 14 bits DAC, it is imposed by mismatch ef-
fects. Therefore, for resolutions above 12-13 bits, the use of calibration techniques
is mandatory to counteract the impact of mismatch.
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Figure 3.13: Minimum unitary capacitance value in terms of the DAC resolution
for various CMOS processes.

3.4 A 1-V, 130nW, 2kS/s SAR-ADC in 0.35um

This section presents the design and verification of an ultra low-power, low-voltage
SAR-ADC for biomedical sensors fabricated in a standard CMOS 0.35µm, 2P3M
process. The ADC is able to work under 1-V of supply voltage, with a rail-to-rail
input voltage swing. In order to adapt the performance of the ADC to the different
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biosignal sources, the sampling frequency can be configured under four different
operation modes; from 2kHz up to 8kHz. Measurements results show that the
effective resolution under nominal conditions is 9.4-bits and the power consumption
is 130nW.
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Figure 3.14: (a) SAR ADC architecture, (b) timing diagram

3.4.1 ADC architecture

The ADC was implemented following a successive approximation architecture with a
10-bit split capacitive array, scaled according to the mathematical analysis developed
in the previous sub-section. In order to validate these analysis, from which we
were able to demonstrate that parasitic capacitances were more pernicious to the
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performance of the capacitive DAC than the mismatch, two versions of the ADC
have been designed. Both have the same active circuitry, but they differ on the
layout of the capacitive DAC. One of them was optimized in terms of mismatch,
and the other in terms of the reduction of parasitic capacitances.

The simplified schematic of the ADC is shown in Figure 3.14(a), which is based
on the BSA architecture of Figure 3.8(c) and fixes with the SAR architecture of
Figure 3.1(a). The capacitive matrix is used to sample the input signal at the
beginning of the conversion, thus saving the need of a S&H. As the full-scale input
range of the ADC is rail-to-rail, the sampling switches, S1 and S2, are bootstrapped
[86]. In other respects, the bottom-plate switches of the capacitive array are simple
pMOS or nMOS transistors, depending on whether the node is tied to VDD or ground,
respectively. Compared to other SAR topologies in the literature [52, 50, 65] in which
the input signal sampling is done through the bottom plates of the capacitive array,
the presented ADC reduces to only two the number of bootstrapped switches (to
remove any residual charge in the MSB and LSB sub-arrays), what saves area and
power consumption.

The timing diagram of the ADC, together with the evolution of the internal node
voltages is depicted in Figure 3.14(b). During the sampling phase, the capacitive
DAC is pre-charged to the input signal, Vin by closing the input switches S1 and
S2, and connecting the bottom plates of the capacitive array switches to ground.
The conversion phase starts by connecting the MSB capacitor of the array to VDD,
while keeping the other capacitors grounded. This raises the output voltage of the
DAC to VDAC = Vin + VDD

2 . This value is then compared to VDD to decide the
MSB of the SAR; it is ’1’ if VDAC > VDD and ’0’ otherwise. Depending on the
obtained MSB, the bottom plate of the capacitor is definitively tied to VDD (MSB
= ’0’) or restored to ground (MSB = ’1’). This process is repeated for the other
elements of the array following a standard binary search algorithm so that the SAR
is progressively approximating the input voltage to its corresponding digital code.
Note that the digital word which drives the DAC is complementary to the output
of the ADC.

The next sub-section details the design of the basic building blocks that take part
of the ADC.

3.4.2 Design of the ADC building blocks

3.4.2.1 Comparator

The different types of comparators were widely studied in subsection 3.3.1. For
the presented 10-bit ADC it is necessary to implement the comparator architecture
shown in Figure 3.4, formed by an auto-zeroed pre-amplifier followed by a current
controlled dynamic latch similar to the one depicted in Figure 3.3(b).
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The bias current of the comparator is digitally adjusted by means of 2-bit of control.
Then, the ADC can be configured to operate at four different conversion rates, from
2 to 8kS/s. To keep the power consumption low, the dynamic gain of the pre-
amplifier, Apre,dyn, has been chosen just high enough to counteract the offset voltage
of the dynamic latch Voff,latch, according to Equation 3.6. Then, the current biasing
of the pre-amplifier was scaled according to Equation 3.10.
The offset voltage of the dynamic latch was estimated through several Montercarlo
simulations, which give, in the worst case, 10mV. Considering the given equations
and assuming that n = 7, VT = 27mV , CL = 250fF , Ts = 1/12 · fconv = 42µs and
IC = 0.1, it results that Ib ≈ 25nA for 2kS/s of sampling rate.
The total power consumption of the comparator, including the dynamic latch, is
50nW .

3.4.2.2 Boosted switch

The switch that samples the input voltage in the capacitive matrix at the beginning
of the conversion must be boosted to avoid a degradation of the signal at high input
frequencies. The schematic of the boosted switch [86] is shown in Figure 3.15.
The circuit works as follows. When Φs =′ 0′, the supply capacitor Cb is charged to
VDD. During the next phase, when Φs switches on, this stored value is added to the
input voltage V1 to set the gate voltage Vb of the input switch, Ms, which ensures a
constant conductance of the input transistor during the sampling phase.

s

Ms

s

s

Vdd

V1 V2

Vb

M1

M2 M3

Cb

M4

M5

M6

M7

M8

M9

Vb

Figure 3.15: Schematic of the boosted switch

3.4.2.3 SAR Logic

Figure 3.17(a) shows the schematic of the SAR logic. This architecture is based on
the one presented in [87]. Compared to the standard solution [88], which uses 22
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Figure 3.16: Schematic of the standard SAR logic

flip-flops, as Figure 3.16 shows, the presented architecture only need 11 flip-flops to
complete the 10-bit conversion. While in the standard solution the state of the shift
registers was set by means of a sequential procedure, in this solution it is calculated
in function of the state of the rest of the shift registers.
The basic structure is a multiple input bit shift register, showed in Figure 3.17(b).
At the beginning of the conversion, all the registers are forced to the initialization
state, i.e., the MSB is set to ’1’ while the rest are reset to ’0’. During the following
states, the register is capable to choose between three different data inputs coming
from:

• The output of the (k+1)th flip-flop.
• The output of the comparator.
• Itself output.

With a multiplexer and a decoder the system can discern between the three different
inputs. The decoding logic depends on the output of the flip-flop itself and the
output of the ORs-chain of the precedent flip-flops.
This architecture allows saving a lot of power consumption and area occupation.

3.4.2.4 Clock phase generator

Figure 3.18 shows the schematic of the internally generated ADC clock phase Φin of
Figure 3.14(a). It consists on a 4-bit counter formed by a cascade of DQ flip-flops
to count the 10 cycles that takes the ADC to finish the conversion. Both the clock
phase Φin and the reset of the counter are calculated in function of the output of
the counter.
The clock phase Φs depicted in Figure 3.14(a) is generated after multiplying the
clock signal and the generated clock phase Φin of Figure 3.18. This clock phase con-
trols both the switches of the DAC array and the comparator timing. The positive
and negative non-overlapped signal phases of the comparator’s input switches that
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Figure 3.18: Schematic of clock phase generator

control the auto-zeroed pre-amplifier of Figure 3.3 are generated by means of the
circuit depicted in Figure 3.19.

3.4.2.5 Current reference generator

The current reference used to bias the comparator blocks is internally generated by
means of the non-resistance Oguey-based current source shown in Figure 3.20(b)
[89].

The cell is based on the circuit shown in Figure 3.20(a). The resistor is replaced by
an nMOS transistor M3 working below saturation, while additional transistors M2
and M1 provide the gate voltage of M3.

After some mathematical analysis, it can be concluded that the generated current
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Figure 3.20: (a) Oguey current reference circuit, (b) non-resistance current-
reference circuit

Iref is given by the following expression:

Iref = n2 · βn3 · V 2
T ·Keff (3.48)

where Keff =
[
K2 − 1

2 +
√
K2 (K2 − 1)

]
· (ln (K1))2, K1 = SM4·SM7

SM6·SM5
and K2 =

SM3·SM2
SM1·SM5

. SMx represents the W/L ratio of the transistor Mx.
Dimensions and currents of transistors shown in Figure 3.20(b) are reported in
Table 3.2.

Table 3.2: Dimensions of the current reference transistors

MOSFET M1 M3 M2 M4 M6 M5,M7
W (µm) 1 1 2.5 60 10 1
L (µm) 60 66 20 2 2 20
I (nA) 60 25 60 25 25 25

The start-up circuit (not shown in figure) is based on the one presented in [90].
The start-up circuitry brings out the reference circuit from a zero current operation
point to its normal operation point and it also provides the possibility of leaving the
circuit on a standby mode.
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3.4.3 Layout of the ADC

The circuit was designed and fabricated using a standard CMOS 0.35µm 3M2P
process of XFAB technologies. The complete layout is shown in Figure 3.21.
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Figure 3.21: Layout of the BSA capacitive-based SAR ADC

Several general considerations have been taken during the design of the layout:
• Analog and digital sections have been placed in opposite parts of the chip in

order to attenuate the impact of the switching and noise activity of the digital
part over the analog one. The capacitive DAC, together with the switch array,
which are considered as mixed-signal circuitry, has been placed in the middle
of the layout.

• Different analog and digital power supplies (Vdd and ground) are used. Analog
power supplies are connected to the analog and mixed signal part, including
the current reference circuitry, the capacitive DAC and the comparator, while
digital power lines supply the clock phase generator and the SAR registers,
together with the digital output and input buffers.

• Centroid layout techniques with unit transistors and capacitors have been used
in the layout of the operational amplifier, in the comparator, and in the DAC,
in order to minimize the mismatch errors.

Capacitive DAC

As already mentioned, two versions of the 10-bit ADC have been fabricated in the
same die. In both prototypes, a common-centroid distribution has been selected for
the placement of each sub-array of the split-capacitor DAC. However, whereas in
one prototype the capacitive array is surrounded by dummy capacitors, the other
prototype is not.
Although the use of dummy capacitors improves the matching among the elements
of the array [84], these benefits can be hardly noticeable because of the large selected
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unitary capacitance of 160fF 1. However, the use of dummy capacitors considerably
increases the parasitics at both sides of each sub-arrays, as well as of the attenuation
capacitor, due to fringe effects. Considering the technology parameters provided by
the manufacturer, the overall increment of CpL and CpM is ∆Cp = 30fF ; it means
a nearly 40% increase of parasitics CpL and CpM when dummies are included, and,
according to the analysis of subsection 3.3.3, this impacts on the resolution and
linearity of the converter.

Then, the inclusion of the two prototypes pretends to demonstrate that the mathe-
matical analysis is correct and the effect of parasitic capacitances is more deleterious
in these structures than the effect of the mismatch. Even more, it demonstrates that
a capacitive array without dummies can give better performance than another with-
out them.

3.4.4 Experimental results

Figure 3.22 shows the microphotography of the two implemented prototypes. Their
outputs were switchable by means of an external signal control. Each ADC occupies
an area of 0.211mm2 (excluding pads) and the die was packaged in a 68-pin Ceramic
Leaded Chip Carrier (CLCC), from which only 27-pin were used.

(a) (b)

Figure 3.22: Microphotography of the two fabricated SAR ADC prototypes: (a)
without dummies, (b) with dummies

In order to avoid socket parasitics, the sample was mounted in a dedicated 4-layer
Printed Circuit Board (PCB), shown in Figure 3.23. It includes typical measures for
signal integrity, such as separate analog, mixed and digital ground planes, intensive
decoupling and filter, proper impedance termination, proper connectors to measure
the power current consumption, etc.

The input signal was generated using a high resolution (-120dB THD) sinusoidal
source (SRS DS360 ), while the clock signal was generated by means of an arbitrary
function generator (Tektronic AFG3102 ). The output samples were acquired by a
digital logic analyzer (Agilent 16823A).

1By demanding 3 · σINL,max < LSB/2, to avoid missing codes, a minimum unitary capacitance
value of 45fF would be required according to Equation 3.38 and Figure 3.12(b)
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Figure 3.23: Photograph of the SAR ADC PCB test board

Figure 3.24 shows the experimental equivalent number of bits (ENOB) performance
of the prototype without dummies for different input frequencies, supply voltages,
and sampling frequency configurations. The ENOB represents the equivalent reso-
lution of the ADC output after considering the noise and distortion. It is calculated
as:

ENOB = SNDR− 1.76
6.02 (3.49)

Note that, for all the conversion rates, the ADC obtains about 9.4 bits of equivalent
resolution at low-frequency input tones. Also, it can be observed that the ENOB
performance degrades, as the frequency increases, the more as the supply voltage
decreases. At frequencies close to the Nyquist rate, the ENOB remains above 8.2 bits
for supply voltages higher than 1-V. Below this supply voltage, the ENOB worsens
by approximately 1-bit because of the lower gain of the comparator pre-amplifier.
A similar performance can be observed for the prototype with dummies but with
an overall ENOB degradation of about 0.2 bits. This is illustrated in Figure 3.25
which compares the performance of both implementations at 2kS/s and 1-V supply
- a similar behavior is observed for the other curves shown in Figure 3.24. At
the light of the theoretical analysis of subsection 3.3.3, this degradation can be
attributed to the non-linearity increment as a result of the larger parasitics in the
capacitive DAC when dummies are included. This can be appreciated by observing
the power spectrum of both prototypes under the same operation conditions (see
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Figure 3.24: ENOB performance of the ADC without dummies under different
supply voltages for different sampling frequencies: 2k/s, 4kS/s, 6kS/s and 8kS/s
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Figure 3.26), in which the prototype with dummies obtains 1.3dB lower SNDR than
the prototype without them. This performance degradation is in full agreement with
the predictions in subsection 3.3.3.
Being the non-linearity increment the reason behind the SNDR degradation of the
ADC with dummies, a corresponding INL and DNL degradation should be ob-
served. This is also confirmed by our experimental results that show that the pro-
totype with dummies exhibits 0.3LSB higher INL and DNL than the prototype
without dummies conditions (see Figure 3.27). The asymmetric INL increment at
high ADC codes is due to the lower voltage gain of the comparator for input signals
close the positive rail.
As both prototypes use the same active circuitry, their power consumptions coin-
cide. Namely, the complete system including the current generation cell and the
clock circuitry is 250nW from a 1-V supply and 2kS/s sampling mode, while the
consumption of the ADC alone is 130nW. The performance metrics are compiled in
Table 3.3.
The employed Figure of Merit (FoM) is the standard one for comparing ADCs:

FoM = PADC
fs · 2ENOB

(3.50)

where PADC is the total power consumption of the ADC.
Table 3.4 shows the comparison of the SAR-ADC presented in this chapter with
respect to the state-of-the-art of published SAR-ADCs for biomedical sensors. From
this table, it can be seen that the presented design achieves one of the lowest FoMs,
even with one of the oldest technologies.
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Figure 3.26: Power spectrum of the prototypes with and without dummies
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Table 3.3: Measured performance of the SAR ADC

Technology CMOS 0.35µm
Nominal Voltage Supply 1 V
Input Voltage Range Rail-to-Rail
Nominal Resolution 10 bits
Sampling Frequency 2kS/s - 8kS/s
SNDR (300Hz Input tone) 58.40dB
ENOB (300Hz Input tone) 9.4 bits
INL < ±0.5LSB
DNL −0.7 < DNL < 0.2LSB
Power Consumption (2kS/s mode)
- without current reference 130nW
- with current reference 250nW
FOM = PADC

fs·2ENOB at 2kS/s, 1-V 96fJ/conv
Area occupation 0.212mm2

Table 3.4: SAR-ADC state-of-the-art comparison

This work [52] [49] [65] [50] [66] [91]
Technology (µm) 0.35 0.25 0.35 0.18 0.18 0.18 0.13
Voltage Supply (V) 1 1 1 1 1 0.6 1
Sampling Frequency (kHz) 2 100 1 100 100 100 1
ENOB (bits) 9.4 7.9 10.2 9.4 10.55 9.3 9.1
Area (mm2) 0.212 0.053 0.5 0.24 0.63 0.125 0.191
Power (µW) 0.13 3.1 0.23 3.1 19.8 1.3 0.053
FoM (fJ/conv) 96 130 196 46 132 21 96.5
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4 SC-based PG-ADC for neural spike
recording

4.1 Abstract

This chapter presents a low-area low-power SC-based Programmable-Gain Analog-
to-Digital Converter (PG-ADC) suitable for in-channel neural recording applica-
tions. The PG-ADC uses a novel implementation of the classical binary search al-
gorithm which is complemented with adaptive biasing techniques for power saving.
It has been fabricated in a standard CMOS 130 nm technology and only occupies
0.0326 mm2.

The PG-ADC has been optimized to operate under two different sampling modes,
27 kS/s and 90 kS/s. The former is tailored for raw data conversion of neural
activity, whereas the latter is used for the on-the-fly feature extraction of neural
spikes. Experimental results show that, under a voltage supply of 1.2 V, the PG-
ADC obtains an ENOB of 7.56-bits for both sampling modes regardless of the gain
setting, which can be programmed from 0 to 18 dB. The power consumption of the
PG-ADC at 90 kS/s is 1.52 µW with a FoM of 85.85 fJ/conv, whereas at 27 kS/s it
consumes 515 nW and obtains a FoM of 94.96 fJ/conv. This compares favorably to
conventional topologies that separately implement the amplification and conversion
functionalities.

4.2 Introduction

Although, as already mentioned, the SAR ADC with capacitive DAC topology is
widely employed for low-power and low-voltage solutions, it presents some drawbacks
which advise against its use in some specific solutions:

• Area occupation. The capacitive matrix needs a huge number of matched
unitary capacitive elements. Moreover, the area increases exponentially with
the resolution. Techniques to reduce the number of unitary elements have
been proved much more sensitive to non-idealities, as mismatch and parasitic
capacitances, so it is a trade-off between the reduction of unitary elements and
the performance of the DAC.
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• Input capacitance. The equivalent parasitic capacitance of these capacitive-
based matrix used to be very high, even more when the resolution increases. As
the capacitive arrays are usually employed as S&H, the buffer that precedes the
ADC has to be able to load this high equivalent capacitance, which demands
higher current consumptions.

• Peak currents. The switching activity of the capacitive DACs demands high
current peaks from the power source, which are higher as the resolution and
sampling frequency increase. Under weak power supply sources, as is the case
of isolated wireless sensors, these high current peaks demands could cause
supply voltages instabilities and leads the system to stop working correctly.

The state-of-the-art chapter revealed the importance of reducing the area occupied
by the ADCs for its co-integration with the analog front-end circuitry that com-
poses the interface of the neural recording sensor. It was stated that the approach
of moving the ADC out of the sensing array imposes more restrictive settling re-
quirements in the preceding circuitry (Figure 2.3(a)), which needs to handle with
higher parasitic capacitances and reduced sampling periods. It means that even as-
suming that the power consumption of the multiplexed ADC scales linearly with the
sampling frequency for a given resolution, the overall system dissipation increases.
Second, as analog signals may eventually cross the complete recording array, they
are prone to become contaminated by crosstalk mechanisms and noise. And, third,
the solution of sharing the ADC is not easily scalable: a new multiplexed channel
not only requires the redesign of the ADC but also the adjustment of the in-channel
output stages as the driving conditions change. Clearly, an architecture in which
the complete front-end electronics, included a dedicated ADC, is embedded in every
recording channel, as Figure 2.3(b) shows, avoids the above shortcomings. How-
ever, this approach calls for novel design strategies to comply with the severe area
constraints of a full in-channel integration.

This chapter proposes a block reuse approach to afford this problem. Namely, this
chapter presents a novel combination of PGA and ADC, which avoids the use of
large capacitive DACs as it can be found in the SAR ADC architectures typically
employed in neural recording interfaces [92, 52, 72, 50, 93, 94, 95, 66, 91, 96]. In-
deed, the proposed block offers much lower input capacitance than SAR structures,
thus relaxing the driving requirements of the preceding circuits. In the combined
structure, the ADC reuses the operational transconductance amplifier of the PGA
and only requires two capacitors and a simple switch arrangement to perform data
conversion. Further, the OTA is adaptively biased so that current consumption
scales with the different settling requirements along the block operation.

This chapter will present the proposed topology, hereafter denoted as PG-ADC, in
the first section of the chapter. After, a detailed analysis of the impact of non-
idealities on circuit performance will be performed, from which design criteria for
sizing are extracted. The chapter ends with the circuit implementation of the differ-
ent building blocks of the PG-ADC, with emphasis on the applied adaptive biasing
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strategy and the experimental results measured from a silicon prototype fabricated
in a 0.13µm standard CMOS technology.

4.3 PG-ADC architecture

Vint(1)=Vsh

n=1

If(Vint(n)<0) If(Vint(n)>0)

dout[N-n]=0
Vint(n+1)=Vint(n)+Vref/2

n
dout[N-n]=1

Vint(n+1)=Vint(n)-Vref/2
n

If(N=n)

End of Conversion

Figure 4.1: Binary search algorithm principle

Figure 4.1 shows the functional flow of the binary search algorithm conversion basic
principle. The input signal is sampled at the beginning of the conversion and after
that it is compared with respect to a certain reference voltage (which in normal
conditions will be half of the input signal swing voltage). The output digital bits
are calculated in function of the result of the comparison (from MSB to the LSB)
and the iteration continues by summing or subtracting (in function of the result of
the comparison) to the sampled input signal a certain reference voltage, which is
divided by two in each iteration. This loop is repeated as many times as bits to be
converted (N).
A possible implementation of the explained algorithm was shown in Figure 3.1, when
the SAR ADC architecture was introduced. Here, the arithmetic operations related
to the reference voltages are digitally performed and then converted into analog by
means of a DAC.
However, in order to avoid the analyzed problems related to the DAC, we propose the
analog implementation based on the block diagram shown in Figure 4.2(a), with the
clock phase depicted in Figure 4.2(b). It consists of two Sample&Hold (S&H) blocks,
one to sample the input signal and another to sample the reference voltage, a gain
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stage for the input signal, a divider-by-two block, an integrator, an adder/subtracter,
a comparator and some digital processing. The conversion is as following. First, the
signal is sampled at the beginning of the conversion, amplified by a programmable
gain, integrated and compared with respect to a certain threshold voltage Vth in order
to determine the Most Significant Bit (MSB); ’1’ if the result of the comparison is
positive, ’0’ if it is negative. At the same time, the reference voltage is also sampled
and divided by two. During the next phase, the divided reference voltage will be
added to the integrated voltage if the result of the comparison results negative
(subtracted in the case that it is positive), and the result is compared again with
the threshold voltage in order to determine the value of the next bit. This iteration
is repeated as many times as bits to be converted, until the Least Significant Bit
(LSB), is solved. At the end of the conversion, assuming that Vth = 0, the value of
the divided reference voltage will be VA = Vref/2N , where N is the number of bits
to be converted, while the integrated voltage will be:

Vint = G · Vin +
N∑
i=1

(Vref/2i) · (−1)DN−i (4.1)

This value will be very close to 0 at the end of the conversion. The input swing of
the ADC will be given by the signal Vref and the gain G by Vref/G. The algorithm
needs N + 1 clock phases to complete the operation.

S&H

S&H ÷ 2

s

s

s

S+ 1

in

in+

SAR
LOGIC

Vin

Vref

dout

VA

Vth

Vint

(a)

G

+
-

s

in

(b)

Figure 4.2: Binary search algorithm analog implementation: (a) block diagram,
(b) clock phases

Then, this solution not only avoids using a DAC, but also allows implementing a
gain stage inside the ADC architecture.
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4.4 SC-based implementation

Figure 4.3 shows the schematic of the circuit implementation of the proposed SC-
based PG-ADC according to the block diagram presented in Figure 4.2. It comprises
a fully-differential OTA, a comparator and some digital circuitry for timing, control
and output generation. The circuit implements two basic operations: signal acqui-
sition and amplification, on the one hand, and data conversion, on the other. As
illustrated in the timing diagram of Figure 4.3(b), both operations are enabled from
a single master clock signal with frequency fs and period Ts.
During the acquisition and amplification operation, controlled by the clock phases
Φs1, Φs2 and Φs3, the differential input signal Vin is sampled, amplified by the ca-
pacitance ratio GA, and transferred to the integration capacitors C3 at the feedback
loop of the OTA. Simultaneously, the reference voltage Vref = Vrefp − Vrefn of the
ADC is stored in the capacitors C1. The amplification gain GA can be adjusted by
implementing C4 as a programmable capacitor array. In order to relax the dynamic
requirements of the preceding block, phase Φs1 is only disabled during the charge
transfer from the input to the integration capacitors, situation in which Φs2 is in the
high state. Prior to this charge transfer, which lasts for 3/2 master clock periods,
the integration capacitor is reset by a short pulse Φs3. It is important to note that
Φs1 is active during 85% of the conversion time, which relaxes a lot the settling
requirements of the preceding circuitry and allows to reduce the power consumption
of the complete system.
During the data conversion operation, controlled by the clock phases Φ1 and Φ2,
the differential signal stored in C3 is converted to digital domain by following a
binary search algorithm. This is implemented by successively adding or subtracting
binary-scaled versions of voltage Vref to the integration capacitors until the differ-
ential voltage stored in C3 becomes lower than Vref/2n−2, where n is the output
resolution of the converter. Accordingly, the conversion operation takes n − 1/2
master clock periods for completion (half period overlaps with the charge transfer
of a new sampled input signal as shown in Figure 4.3(b)). Hence, the total duration
employed for amplification and data conversion is N = n+ 1 clock periods.
The scaled voltages Vref/2j, j = 1, ...n − 1, are obtained by charge distribution
between the capacitors, C1 and C2. During phase Φ1, capacitors C2 are discharged
while capacitors C1 retain their voltages. At the following phase Φ2, capacitors C1
and C2 in the same branch are serially connected. Hence, by making capacitors C1
and C2 nominally identical, the differential voltage across capacitors C2 is half the
voltage previously held in capacitors C1.
Voltage addition or subtraction is easily implemented by means of the four cross-
coupled switches controlled by the signals Φ2p and Φ2n. These signals, aligned with
the clock phase Φ2, are generated according to the sign of the differential voltage
across capacitors C3 in the previous Φ1 phase. As shown in Figure 4.3, this sign is
determined by a comparator, latched in phase Φ1, which retains its output during
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Figure 4.3: (a) Schematic of the SC-based PG-ADC, (b) timing diagram (shaded
intervals indicate the charge transfers from the sampling capacitor to the integra-
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a full master clock cycle. If the result of the comparison is positive (alt. negative),
a differential voltage GCVref/2j, j = 1, ...n − 1, is subtracted (alt. added) from/to
the voltage stored in capacitors C3. Note that the amplification gain GC has to be
one in order to implement the binary search algorithm of the conversion operation.
Signals Φ2p and Φ2n are derived from the output of the comparator by using the
simple logic circuit shown in the inset of Figure 4.3(a). The logic outputs generated
by the comparator along the conversion stage, from the most significant bit (MSB),
dn−1, to the least significant bit (LSB), d0, constitute the digital representation
of the amplified differential input signal, GAVin. This representation, denoted as
D = [dn−1, ..., d0], is sequentially stored in a successive approximation register for
output generation [not shown in the schematic of Figure 4.3(a)].
Circuit imperfections make the proposed PG-ADC to deviate from the ideal perfor-
mance and induce noise, non-linearity and settling errors. The following subsections
address the analysis of these non-idealities in order to extract design criteria for
properly sizing the circuit.

4.4.1 Linearity performance

This section analyzes the effects of the non-idealities that degrade the performance
of the ADC. Specifically, we will study the impact of the capacitor mismatch, the
finite gain, charge injection, OTA settling and noise, in order to set the different
constraints of the building blocks. Table 4.1 collects the definition of the relevant
parameters that have been used along the following mathematical analysis.
Let us start by defining the output voltage of the integrator, named as Vo in
Figure 4.3(a), as following:

Vo = GAUA
in +GC

n−1∑
j=1

UC
in,j (4.2)

where UA
in = Vin and UC

in,j = (−1)dn−jVref/2j. In the above expression, the first term
represents the integrated voltage at the beginning of the conversion operation, and
the second term results from the application of the binary search algorithm.
Assuming quasi-static operation and that the comparator in Figure 4.3(a) presents
a resolution better than half LSB, four major mechanisms make Vo to deviate from
the ideal behavior in Equation 4.2, thus leading to non-linearity errors. They are the
statistical deviations of the capacitance values, the parasitics at the voltage division
node [labeled Vd in Figure 4.3(a)], the finite gain of the OTA and the charge injec-
tion from the switches, including clock feedthrough effects. Other mechanisms for
non-linearity such as the voltage dependence of the capacitances or the on-resistance
of the switches are assumed to be non-dominant. To this end, it is assumed that
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Table 4.1: Relevant parameters of the SC-based PG-ADC operation

Parameter
Amplification Conversion

operation operation

Input capacitance * CAin = C4 CCin = C1 · C2/(C1 + C2)
Gain of the amplification stage GA = C4/C3 GC = C2/C3

Clock cycles involved in the integration mA = 3/2 mC = 1/2
Feedback factor β ≡ 1/k = C3/(C3 + Cin + Cp)

Equivalent output capacitance Ceq = Cp + Cin + kCL

Initial voltage jump gain ξ = (1 + CL/C3)Cin/Ceq
Gain-bandwidth product of the OTA GB = gm/Ceq

Slew-rate of the OTA SR = kIo/Ceq

Voltage limit of the OTA linear regime VL = Io/(ξgm)
a

*: For the sake of simplifying notation, parameters with common definitions for the am-
plification and conversion operations will not distinguished unless it is strictly needed in
the analysis of the PG-ADC. In such a case, a superindex A for the amplification and C
for the conversion operation will be used.

the switches Sin connected to the input nodes are bootstrapped so as to reduce the
generation of harmonic components during sampling [86]. The remaining switches,
whose non-linear on-resistances are less critical from a harmonic generation per-
spective, are implemented with CMOS transmission gates, seeking to reduce charge
injection errors.

Neglecting the sampling of the input signal, in which the linearity errors only intro-
duce a gain error, we can define the output voltage Vo after the last integration as
following:

Vo =
n−1∑
j=1

(
C1

C1 + C2

)j
· C2

C3
· (−1)dn−j · Vref (4.3)

Regarding the statistical deviations of the capacitors, let us assume capacitances
Ci, i = 1, 2, 3, are affected by mismatch deviations so that they can be expressed
as Ci = Cu(1 + δi), where Cu represents the nominal capacitance value and δi is a
random variable with variance E[δ2

i ] = σ2
u. Further, let us assume that the converter

remains monotonic in spite of the perturbations induced by capacitor mismatch.
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Then, Equation 4.3 can be written as following:

V mis
o = Vref ·

(
1 + δ2

1 + δ3

)
·
n−1∑
j=1

(
1 + δ1

2 + δ1 + δ2

)j
(−1)dn−j (4.4)

In this case, assuming that |δi| � 1, we can approximate the former expression by
the following:

V mis
o ≈

n−1∑
j=1

UC
in,j ·

(
1 + ∆div · j

2 + ∆int

)
(4.5)

where ∆int = δ2 − δ3 and ∆div = δ1 − δ2. The integral non-linearity (INL) of the
conversion up to the decision level for the LSB can be calculated the by subtracting
Equation 4.5 from Equation 4.2, leading to the following expression for the INL:

INLmis ≈
n−1∑
j=1

(
∆div · j

2 + ∆int

)
UC
in,j (4.6)

The INL reaches its maximum when D = [1, ...1], thus it can be written:

INLmis,max(LSB) ≈ 1
2 [(2n − n− 1) ∆div + (2n − 2) ∆int] ≈ 2n−1(∆div+∆int) (4.7)

with a variance σ2
INL ≈ 22n−1 · σ2

u, where the approximations hold for large n.
Similarly, the differential non-linearity (DNL) up to the decision level for the LSB
can be found to exhibit a maximum at the MSB transition given by

DNLmis,max(LSB) ≈ 2∆int +
(
2n−1 − n− 1

)
∆div ≈ 2n−1∆div (4.8)

with a variance σ2
DNL ≈ 22n−1 · σ2

u for large n.
Regarding the impact of parasitics at the division node Vd, there must be distin-
guished between the parasitic during the resetting phase Φ1, denoted as Cpr, and
the parasitic during the voltage division phase Φ2, denoted as Cpd. These parasitics
perturb the charge distribution between the set of capacitors C1 and C2 in such a
way that the scaling factor becomes (C1 +Cpr)/(C1 +C2 +Cpd). Assuming minimal
length connections in the layout, parasitics Cpr and Cpd are dominated by the top
plate capacitances to ground of capacitors C1 and C2and the junction capacitances
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of the CMOS switches. It can be observed that Cpd essentially doubles the value
of Cpr and, hence, it does not introduce any error during the voltage division. Any
potential deviation δp, defined by the expression Cpd = 2Cpr(1 + δp), has a similar
impact on linearity as parameter δ1. Accordingly, it will assumed that Equation 4.7
and Equation 4.8 hold with δ1 modified as δ1 − δp(Cpr/Cu).
For the evaluation of the impact on the linearity performance of the OTA finite gain,
A0, a similar procedure can be followed. Again assuming that the PG-ADC remains
monotonic, it can be found after some algebra that the INL considering this error
mechanism alone is given by (the mathematical analysis development is the same
that the one performed for the mismatch analysis, so it has been obviated in this
case):

INLµ ≈ GC

1+kCµ ·
∑n−1
j=1 [(1−GCµ)n−j−1 − (1 + kCµ)] · UC

in,j

≈ 1
1+kCµ ·

∑n−1
j=1 [−(n− j − 1 + kC)µ] · UC

in,j

(4.9)

where µ = 1/A0, and the rest of parameters are declared in Table 4.1, being Cp
the parasitic capacitance at the input of the OTA. As before, the INL is maximum
for D = [1, ...1] and the DNL is maximum at the MSB transition from where the
following expressions can be drawn,

INLµ,max(LSB) ≈ 2n−1(n+ kC − 3)µ
1 + kCµ

(4.10)

DNLµ,max(LSB) ≈ 2nµ
(1 + kCµ) (4.11)

Let us finally consider the non-linearity induced by the charge injection of the
switches. As demonstrated in [?], the non-linearity generated by the switches in
the amplification branches can be made negligible by employing clock phases with
delayed falling edges, namely, by making switches Sa to turn off slightly before
switches Sin do [see Figure 4.3(a)]. The four cross-coupled switches controlled by
the signals Φ2p and Φ2n are connected to the input of the OTA, and any error gener-
ated in the top half of the circuit is offset (in first approximation) by the same error
in the bottom half, so that no differential error is transmitted. Likewise, the charge
injection due to the switches resetting capacitors C2 is attenuated by the differential
structure of the PG-ADC. Assuming that switches S1 and S2 are equally sized, the
charge injected by S1 into capacitors C1 at the end of the amplification operation is
approximately counterbalanced by the charge removed from these capacitors when
switches S2 turned on at the beginning of the conversion operation. Hence, switches
S1 do not generate distortion either. For similar reasons, the fractions of charge that
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are retrieved from or delivered to the capacitors C1 when switches S2 turn on or off,
respectively, balance each other because voltage Vd holds for a full clock cycle and,
hence, they do not affect the linearity performance of the PG-ADC. On the contrary,
the charge packets Qs2,j, j = 1, ...n − 1, collected at the integration capacitor C3
when switches S2 turn off at every clock cycle are not canceled out and depend on
the voltage at node Vd, thus being a potential source of distortion. Indeed, it can
be easily demonstrated that the INL induced by these fractions of charge up to the
decision level for the LSB takes the form

INLinj =
n−1∑
j=1

(−1)dn−j
Qs2,j

Cu
(4.12)

where, Qs2,j, can be approximated as Qs2,j = Cinj · Vref/2j+1 and Cinj is a fitting
capacitance which is obtained from simulation. From the above expression and
using a similar procedure as above, the maximum INL and DNL induced by charge
injection effects can be calculated as,

INLinj,max ≈
2n−2Cinj

Cu
(4.13)

DNLinj,max ≈
Cinj

Cu
(4.14)

The above analysis reveals that the linearity of the PG-ADC relies on the nominal
capacitance Cu of capacitors Ci, i = 1, 2, 3, and the finite gain of the OTA. Hence,
the different expressions of INLmax and DNLmax obtained above for the conversion
process up to the decision level for the LSB can be used to extract minimum values
for both design parameters. Assuming that the resolution of the comparator is
better than half LSB, the assumed monotonicity of the PG-ADC can be guaranteed
as long as |INLmax| < 1 LSB and |DNLmax| < 2 LSB [85].
According to these constraints and taking into account Equation 4.7 to Equation 4.8
and Equation 4.13 to Equation 4.14, Figure 4.4(a) plots the minimum Cu value im-
posed by mismatch and charge injection effects. In this plot, capacitors Ci are
implemented as MiM structures with a capacitance per unit area of 2.5 fF/µm2 and
a variance of σ2

u = 2.5 · 10−5/ACu , where ACu is the capacitor surface (both data
extracted from a 130nm CMOS process). The mismatch of the parasitics at the di-
vision node Vd is as large as 25% of the total parasitic capacitance (δp = 1/4). The
contribution to Cpr due to the junction capacitances takes a worst-case peak value of
0.7 fF and those contributions originated by the top plate capacitances and the rout-
ing parasitics are extracted from layout. Finally, Cinj amounts 1.15 fF, maximum
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Figure 4.4: Minimum values of (a) the unit capacitance and (b) the finite gain of
the OTA to guarantee the monotonicity of the PG-ADC in terms of the required
resolution.

value obtained from simulations. Figure 4.4(a) shows that for resolutions below 8-
bits, charge injection effects are dominant over mismatch. For higher resolutions,
the Cu values is imposed by mismatch considerations.

Figure 4.4(b) shows the minimum OTA finite gain value that satisfies the linearity
conditions for different resolutions. The unit capacitance Cu included in the term kC

of (Equation 4.10) is obtained from the analysis of Figure 4.4(a), while the parasitic
capacitance Cp is calculated from simulations. As expected, the OTA finite gain
must be larger as the target resolution increases.

4.4.2 Settling behaviour

In Equation 4.2 it has been assumed that no charge transfer errors occur. In practice,
dynamic limitations induce settling deviations in the transfer characteristic of the
PG-ADC which can be modeled by including correction factors in the integrator gain
during the amplification and conversion operations, so that G = Gideal · (1 − εset)
[97].

In order to estimate εset, let us assume that the settling behavior of the PG-ADC is
dominated by the integration phase (clock phase Φa2 during the amplification cycle
or clock phase Φ2 during the conversion cycle). Accordingly, the simplified equiv-
alent circuit model in Figure 4.5, valid both for the amplification and conversion
operations, will be considered for analysis. Further, let us assume that the OTA has
a single-pole dynamics with a maximum output current Io, gain-bandwidth product
GB and slew-rate during integration SR (see Table 4.1 for definitions).
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Figure 4.5: Equivalent circuit model of the PG-ADC during signal integration valid
for both the amplification and conversion operations.

At the very beginning of each integration phase (when either Φs2 or Φ2 rise up),
there is an initial jump in both the input of the operational amplifier (Va,ini), and
its output (Vo,ini), that can be calculated applying the charge conservation principle:

Va,ini = −Cin
Ceq

(
1 + CL

C3

)
· Uin = −ξUin

Vo,ini = Vo,n−1 + C3
CL+C3

· Va,ini
(4.15)

where Cin and Ceq refers to the input and output capacitances, respectively. They
were defined in Table 4.1. Vo,n−1 is the output voltage of the integrator in the
previous phase. Uin refers to the input voltage in this phase (Vin in case of the first
integration phase and Vref

2n in case of the rest of integration phases).

The output voltage of the integrator evolves from its initial value towards its final
value according to the following expression:

Vo,n(t) =
(

1 + Cin + Cp
C3

)
· Va(t) + Cin

C3
· Uin + Vo,n−1 (4.16)

This output voltage depends on the evolution of the opamp input voltage, Va(t),
which relies on the operating region of the OTA. In case that the initial voltage
jump |Va,ini| ≤ Io/gm, where Io is the amplifier’s maximum output current, the
OTA operates in linear region. Then, the input node discharges following the well-
known exponential law (assuming that gm � 1/rout, being gm and rout the amplifier’s
transconductance and output resistance, respectively):

Va(t) = Va,ini · exp[−GB · t] (4.17)
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Otherwise, if |Va,ini| > Io/gm, the OTA starts slewing, and the input node is dis-
charged linearly with the following linear dynamic:

Va(t) = Va,ini −
Io
Ceq

sgn (Va,ini) t (4.18)

The OTA keeps slewing until the input voltage gets the linear condition Va =
Io/gm, from which it starts evolving with the exponential expression depicted in
Equation 4.17.
Taking into account these two possible OTA operating modes and discarding the
situation in which the integrator transient response is fully determined by the slew-
rate of the amplifier, the value of εset at the end of the integration phase can be
approximated as:

εset = g(Uin) · k · ξ · exp [−m ·GB · Ts] (4.19)

where Ts refers to the sampling period, k and m are defined in Table 4.1, and g(Uin)
is a nonlinear function of the input signal Uin given by,

g(Uin) =

 1 , |Uin| ≤ VL
VL
|Uin| exp

[
−1 + |Uin|

VL

]
, |Uin| > VL

(4.20)

where VL = Io/(ξgm) defines the boundary limits of the OTA operating points.
Equation 4.20 shows that for |Uin| ≤ VL (linear regime), the gain of the integrator
does not depend on Uin and εset can be interpreted as an extra noise source at the
integrator output. Otherwise, when |Uin| is larger than VL (partial-slew regime),
there exists a dependency of the gain of the integrator on its input, which leads to
non-linear gain and, hence, distortion.
In order not to degrade the converter accuracy, the settling error εset must be kept
lower than 2−n at every clock period. This constraint can be used to estimate
the speed requirements of the amplifier in terms of the model capacitances and,
eventually, the peak input voltage amplitude|Uin,pk| that can be handled by the PG-
ADC. During the amplification cycle, the peak amplitude should not exceed the full
scale range of the converter, [−Vref , Vref ] and, hence, |UA

in,pk| = Vref/G
A. During

the conversion cycle, UC
in takes on binary-scaled voltages Vref/2j, j = 1, ...n− 1.

Figure 4.6 plots the minimum gain-bandwidth product of the OTA versus resolution,
assuming that the PG-ADC operates in the amplification phase with a gain GA = 1
and a maximum input voltage |UA

in,pk| = Vref . For each target resolution, the value
unit capacitance Cu has been obtained from the analysis of Fig. Figure 4.4(a). A
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Figure 4.6: Minimum OTA GB in terms of the required resolution.

master clock frequency of 800 kHz is assumed. The gain-bandwidth product (GB)
has been plotted for different values of the inversion coefficient IC, which is defined
by the expression [64],

gm
Io

= 1
n · Vth

· 2
1 +
√

1 + 4 · IC
(4.21)

where n is the slope factor of the MOS transistor and Vth is the thermal voltage. As
expected, the requiredGB increases with the resolution and it is higher for amplifiers
operating in weak inversion (IC < 0.1). This is because as IC decreases the voltage
limit VL for linear regime turns smaller, the nonlinear term g(Uin) increases and GB
must be made larger to keep εset low enough for the target resolution.

4.4.3 Noise analysis

Assuming the different noises sources during the amplification and conversion oper-
ations are not correlated, the equivalent input-referred power noise of the PG-ADC
can be calculated by means of the following expression:

Pin,eq = PA
in,eq +

(
CC
in

CA
in

)2

PC
in,eq (4.22)

where PA
in,eq is the input-referred power noise during the amplification operation and

PC
in,eq is the total noise power referred to the input of the conversion branch. The
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main contributions to PA
in,eq are the thermal noise generated by the switches, given

by,

PA
in,Ron ≈ 4kT

C4
(4.23)

where the factor 4 is due to the two sampling switches and the fully differential
operation. The noise from the OTA, whose input-referred power is approximately
given by,

PA
in,ota ≈ Sthota ·

GBA

2 (4.24)

where Sthota is the spectral noise density of the OTA, that is given by,

Sthota ≈
8kT
3gm

(1 + ηt,ota) (4.25)

where ηt,ota refers to the OTA noise excess factor and the 1/f noise has been ne-
glected as the minimum GB is at least two order of magnitude higher than the 1/f
noise corner frequency, fcr,1/f [98]. Hence, the value of PA

in,eq can be approximated
as:

PA
in,eq ≈ 4kT

(
1
C4

+ 1 + ηt,ota
3CA

eq

)
(4.26)

Similarly, the noise power integrated at the reference capacitors C1 at the beginning
of the conversion operation can be calculated as:

PC1 ≈
2kT
C1
·
(

1 + 2(1 + ηt,ref )
3

)
(4.27)

where it has been considered that the reference voltage Vref is affected by the output
noise power Pref = 8kT (1+ηt,ref )/(3C1) of a driving buffer with a bandwidth similar
to that of the main OTA. Parameter ηt,ref represents the noise excess factor of the
corresponding amplifier.
In order to calculate the total input-referred noise of the conversion operation PC

in,eq,
it must be taken into account that the different noise contributions scale along the

78



4.5 A 1.2-V, 8-bit PG-ADC for neural recording sensors in 130nm

successive conversion steps. Further, taking into account that the contributions due
to PC1are correlated, it can be found that,

PC
in,eq =

[∑n−1
i=1 ( 1

22(i−1) )
]

(PC
in,Ron + PC

in,ota) +
[∑n−1

i=1 ( 1
2i )
]2
PC1

≈ 4
3(PC

in,Ron + PC
in,ota) + PC1

(4.28)

where PC
in,ota ≈ Sthota ·GBC/2 is the input-referred noise power of the OTA and PC

in,Ron

is the thermal noise generated by the switches during the conversion operation, given
by,

PC
in,Ron ≈ 2 · 9

4 ·
kT

C2
(4.29)

where the factor 9/4 is due to the sum of the contribution of the switches controlled
both by the phases Φ2 and Φ1.
Replacing Equation 4.26 to Equation 4.28 into Equation 4.22, the equivalent input-
referred power noise of the PG-ADC can be approximated as,

Pin,eq = 4kT
C4

(
1 + 7 + ηt,ref

12 ·GA

)
+ +4

3kT (1 + ηt,ota)
[

1
CA
eq

+
( 1
GA

)2 1
3 · CC

eq

]
(4.30)

which is dominated by the noise power generated during the amplification operation,
particularly for low gain values. This is illustrated in Fig. Figure 4.7 which shows
the minimum Cu value required to keep the input-referred noise of the PG-ADC
below the quantization noise of the converter in terms of the desired resolution for
a reference voltage Vref = 0.6V. As can be seen, regardless of the target resolution,
the largest Cu capacitance is imposed by the amplification gain GA = 1. It is also
worth mentioning that for the parameters used in relation to Fig. Figure 4.4(a) and
Fig. Figure 4.7, mismatch effects impose stronger demands than noise on the sizing
of the unitary capacitance.

4.5 A 1.2-V, 8-bit PG-ADC for neural recording
sensors in 130nm

This section presents the design of a PG-ADC for a neural recording channel. It
will be based on the schematic presented in Figure 4.3(a). The PGA will be tunable
between 0 and 18dB by means of a 3-bit word control. The nominal resolution
of the ADC will be 8-bit, while two sampling frequency configurations, 27kS/s and
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Figure 4.7: Minimum value the unit capacitance imposed by noise considerations
in terms of the desired PG-ADC resolution.

90kS/s, will be selectable. The first one is used for raw data conversion of the neural
activity, whereas the higher one is used for on-the-fly feature extraction of neural
spikes based on Piece-Wise-Linear (PWL) approximations.

The section presents the design of the building blocks and how they were optimized
based on the mathematical analysis performed in the previous section. Finally, some
experimental results of the PG-ADC are presented.

4.5.1 Building blocks

4.5.1.1 Adaptively bias OTA

The settling analysis of the previous section reveals that the current demand of the
OTA varies depending on the amplification gain and the peak input voltage ampli-
tude |Uin,pk|. This is illustrated in Figure 4.8 which shows the minimum Io required
for an 8-bit resolution PG-ADC in terms of the unitary capacitance, assuming a
sampling frequency of 800 kHz, as required for the 90kS/s case, and different gain
settings, GA = 1, 2, . . . , 8. The curves have been obtained for maximum input volt-
ages |UA

in,pk| and an inversion coefficient IC = 0.01, thus, assuming that the input
devices of the OTA operate in weak inversion. As expected, the current demand
increases with GA because of the higher equivalent load capacitance.

Figure 4.8 also shows the minimum Io requirements during the conversion operation.
It is observed that the current demand decreases as the conversion progresses. This
is because the peak input voltage value |UC

in,pk| decreases along the conversion, the
term g(Uin) gets lower and the current Io can be made smaller for the same settling
error εset. It is also worth noting that as long as GA ≥ 1, as requested in the intended
application, V A

L < V C
L and kA · ξA ≥ kC · ξC (see Table 4.1) and, hence, the current
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demand is always higher during the amplification operation than during conversion.
This justifies the chosen clock phasing of Figure 4.4(b), where the amplification
phase consumes three clock semi-periods.
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Figure 4.8: Minimum OTA output current versus unitary capacitance for an 8-bit
resolution PG-ADC.

Figure 4.8 sets the basis for an adaptive biasing strategy in which the power con-
sumption of the OTA is adjusted depending on the gain setting and the conversion
step. However, doing so for every curve in Figure 4.8 would complicate the biasing
circuitry of the OTA. It follows that there exists a trade-off between circuit com-
plexity and power consumption. In practice, a few current settings suffice to achieve
a substantial power reduction.
In our design, which uses a nominal unit capacitance of 100 fF, only three settings are
used as shown with horizontal lines in Figure 4.8. For the amplification operation,
a biasing current 4 · Iref is used regardless of the gain setting. A current 2 · Iref is
used for the two firsts steps of the conversion process, whereas Iref is used for the
remaining steps. Taking into account the durations of the different stages, an overall
reduction of about 55% is obtained as compared to using a single bias setting.
The Iref value has to be selected based on the target conversion speed of the PG-
ADC with enough margin so as to comply with PVT variations. Two output rates
of 27 and 90 kS/s are herein considered and, accordingly, Iref amounts to 22 and
70 nA, respectively.
Figure 4.9(a) shows the schematic of the adaptively biased OTA used in the proposed
implementation of the PG-ADC. It is a standard folded-cascode structure with input
transistors operating in weak inversion. The implemented adaptive biasing scheme
uses digitally-controlled current sources, represented by transistors inside square
boxes in Figure 4.9(a). The schematic of one of these current sources, together with
the digital block for controlling the supplied current, are shown in Figure 4.9(b).
Reference voltages for the biasing and cascode transistors are generated by means
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Figure 4.9: (a) Schematic of the fully-differential folded-cascoded operational am-
plifier, (b) adaptive biasing, (c) reference voltage circuit, (c) common-mode control
circuit

of the circuit shown in Figure 4.9(c). Figure 4.9(d) shows the SC-based Common-
Mode Feedback (CMFB) circuit used to adjust the bias voltage of the output pMOS
transistors Mpb. The dimensions of the transistors are summarized in Table 4.2.

Table 4.2: Dimensions of the OTA transistors

Mn1, Mn2 40µm / 1µm
Mnbi, Mnb, Mnb1, Mnb2 1µm / 10µm Mpb 1µm / 5µm
Mnbi1, Mnbi2, Mnb3 2µm / 10µm Mpb1, Mpb2 2µm / 5µm
Mnbi3 4µm / 10µm Mpb3 4µm / 5µm
Mn3, Mn4, Mn5 1µm / 1µm Mp1, Mp2, Mp3 2µm / 1µm

4.5.1.2 Comparator

The schematic of the comparator is shown in Figure 4.10. It is a current-controlled
dynamic latch scheme which feeds an RS latch to store the result of the comparison.
The gate voltage Vbin of transistors Mn1, Mn6 and Mn7 is provided by the circuit of
Figure 4.9(b) and, hence, the current consumption of the comparator also depends
on the selected sampling frequency. The dimensions are shown in Table 4.3.
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At 90 kS/s, the circuit consumes about 220 nW. Montecarlo analysis show that the
offset of the comparator is below 1 mV, four times lower than the LSB.
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Vbin
Mn1

Mn2 Mn3

s

ss

Mn5

Mp1

Mn4

Mp2

VbinVbin

Vcomp

Mn6 Mn7

Mp3Mp4
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Figure 4.10: Current controlled dynamic latch comparator

Table 4.3: Dimensions of the dynamic latch transistors

Mn1 2µm / 10µm Mn6, Mn7 0.5µm / 10µm
Mn2, Mn3 10µm / 1µm Mn4, Mn5 2µm / 1µm
Mp1, Mp2 4µm / 1µm Mp3, Mp4 1µm / 0.5µm

4.5.1.3 Programmable capacitance

As it was stated during the description of the ADC architecture, the input capaci-
tance Cin is made programmable by means of the 3-bit digital word PGA < 2 : 0 >
to add input gain capabilities. The schematic of this configuration is shown in
Figure 4.11. The input capacitances are binarily grouped and they are selected in
function of the control word, which configure the switch phases. In order to obtain
an uniform input capacitance, independent from the selected gain, all the capacitors
of the array sample the input signal during the sampling phase, instead of selecting
only the capacitors that will transfer the charge to the integrator. As the array
is sampled during 85% of the conversion time (see Figure 4.3(b)), it demands very
low settling requirements to the preceding circuitry (in case of the neural recording
channel, a LNA), which improves the overall power consumption.

4.5.1.4 Clock phases

The output bits are computed by means of the result of the comparator output
Vcomp, shown in Figure 4.3(a). The circuit employed for it is similar to the one
presented in Figure 3.16; the bits are sequentially selected and set in function of the
voltage Vcomp. After the last comparison, the output of the last flip-flop in the lower
row is activated, indicating the end of the conversion. The output of this register is
called the Vready signal.
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Figure 4.12 shows the schematic of the clock phase generator that provides the clock
phases depicted in Figure 4.3(b). As the comparator is clocked with Φ1 (synchro-
nized with the system clock), the bit decision registers are clocked with Φ2 (which
is the negative clock signal). Then, signal Vready, which indicates the end of the
conversion, is activated with the negative clock edge. At the following positive clock
edge, the phase Φs is activated during two clock phases by means of the two flip-flops
shown at the left of the figure. Note that the output bit registers (and consequently
the signal Vready) are reset during the last semiperiod of Φs.
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Figure 4.12: Schematic of SC-based ADC clock phase generator

4.5.2 Layout of the PG-ADC

The complete PG-ADC, embedded in a 400µm× 400µm neural recording channel,
has been fabricated in a 130 nm standard CMOS technology (6M2P). Figure 4.13
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shows a microphotography of the neural channel, together with the layout of the
PG-ADC which occupies 0.0326 mm2,i.e., about a 20% of the recording channel.
The nominal voltage supply of the circuit is 1.2 V.
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Figure 4.13: Layout of the SC-based ADC embedded in the microphotography of
the neural channel

Several general considerations have been taken during the design of the layout:
• Analog and digital sections have been placed in opposite parts of the chip in

order to attenuate the impact of the switching and noise activity of the digital
part over the analog one. The capacitors and switches of the SC operation,
which are considered as mixed-signal circuitry, have been placed in the middle
of the layout.

• Different analog and digital power supplies (Vdd and ground) are used. Analog
power supplies are connected to the analog and mixed signal part, including
the current reference circuitry, the capacitive DAC and the comparator, while
digital power lines supply the clock phase generator and the SAR registers,
together with the digital output and input buffers.

• Centroid layout techniques with unit transistors and capacitors have been used
both in the layout of the operational amplifier and the comparator in order to
minimize the mismatch errors.

• The two branches of the fully differential SC circuit has been carefully keep
symmetric in the layout in order to minimize mismatch errors. Above the
capacitive area there is not any routing metals in order to remove the future
non-idealities caused by parasitic capacitances.
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4.5.3 Experimental results

The PG-ADC was integrated together with other circuitry to do neural recording
as part of a neural channel. Both their outputs and inputs were able to be isolated
from the rest of the circuitry and tested through external pads. In this sub-section,
only the measurements related to the PG-ADC characterization are reported.
In order to avoid socket parasitics, the sample was mounted in the dedicated 4-layer
Printed Circuit Board (PCB) shown in Figure 4.14. It includes typical measures for
signal integrity, such as separate analog, mixed and digital ground planes, intensive
decoupling and filter, proper impedance termination, proper connectors to measure
the power current consumption, etc.

Figure 4.14: Photography of the dedicated PCB for the PG-ADC test

The input signal was generated using a high resolution (-120dB THD) sinusoidal
source (SRS DS360 ), while the clock signal was generated by means of an arbitrary
function generator (Tektronic AFG3102 ). The output samples were acquired by a
digital logic analyzer (Agilent 16823A).
Figure 4.15 shows the spectrum of the PG-ADC for the two targeted output rates
of 27 and 90 kS/s. In both cases, input tones at low frequency (labeled with crosses)
and close to the Nyquist frequency (labeled with dots) were applied. It is observed
that the Signal-to-Noise and Distortion Ratio (SNDR) is above 47.0 dB and, ac-
cordingly, the Equivalent Number of Bits (ENOB) of the PG-ADC is above 7.5 bit
for both sampling rates within their respective Nyquist bands. More specifically,
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within the bandwidth of neural activity from 0.01 Hz to about 5 kHz, it is observed
that the ENOB is higher than 7.56 bit for a sampling rate of 90 kS/s and higher
than 7.60 bit for a sampling rate of 27 kS/s. These results essentially hold for the
other available amplification gain settings for which even a slight improvement on
SNDR is observed. Figure 4.15 also shows that the Spurious-Free Dynamic Range
(SFDR) of the PG-ADC is above 62.5 dB for all the sampling rate configurations.
Linearity was checked with static measurements depicted in Figure 4.16, which con-
firm the predictions from the analysis performed in subsection 4.4.1. The INL is
bounded between ±0.5 LSB, while the DNL varies from a minimum of -0.25 LSB to
a maximum of 0.48 LSB.
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Figure 4.15: FFT response of the PG-ADC output under two sampling frequency
modes

Figure 4.17(a) shows the ENOB versus input frequency for different supply voltages
ranging from 1 V to 1.4 V. Measurements were done for different tones up to the
Nyquist frequency using an output rate of 90 kS/s. Similar results were also obtained
at 27 kS/s. Observe that the resolution keeps essentially unaltered regardless of
the input frequency and the voltage supply deviation. Figure 4.17(b) depictes the
evolution of the ENOB when the sampling frequency is increased (rising the input
clock frequency). It is remarkable that the ENOB keeps above 7 bit for sampling
frequencies up to 100 kS/s in all the voltage supply range.
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Figure 4.16: INL and DNL measurements of the PG-ADC

The PG-ADC offers a programmable amplification range of 0-18dB by digitally scal-
ing the input capacitance C4 from Cu to 8 ·Cu, where Cu is the nominal capacitance
value of capacitors Ci, i = 1, 2, 3. Figure 4.18 shows the transient response of the
circuit for a 150 mVpp, 1.4 kHz tone applied to the input of the PG-ADC under all
possible gain configurations.

The functionality of the PG-ADC has been verified with pre-recorded neural activity
from the primary motor cortex of a macaque monkey. Recordings were performed
using the Cerebus adquisition system by Blackrock Microsystems [12]. Waveforms
were loaded onto an arbitrary waveform generator to reproduce the original signal
as shown in Figure 4.19(a). The synthesized signal was then directly applied to the
integrated LNA, which form, together with the presented PG-ADC, the front-end
of the recording channel shown in Figure 4.13. Full details of the LNA, which offers
a nominal gain of 47 dB, will be provided elsewhere. The driving voltage of the PG-
ADC can be externally monitorized by means of a differential low input capacitance
buffer included on-chip for testing purposes. Figure 4.19(b) shows an oscilloscope
capture of this driving voltage when a spike is taking place. It is worth observing the
capacitive load imposed by the PG-ADC (set to the maximum gain GA = 8 in this
experiment) and the buffers (nominally 100 fF differential) have a negligible impact
on the response of the LNA which closely follows, after amplification, the synthesized
signal. This can be explained, on the one hand, by the low input capacitance of the
PG-ADC (800 fF maximum) and the long sampling period employed in the proposed
PG-ADC which lasts the complete conversion operation [see Figure 4.3(b)]. The
traces of Figure 4.19(c) show the codes (marked with crosses) generated by the PG-
ADC at the two output rates of 27 and 90 kS/s, within a time window of 1.25 ms
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Figure 4.17: ENOB of the PG-ADC output for various voltage supplies: (a) vs the
input frequency, (b) vs the sampling frequency

corresponding to the spike captured in Figure 4.19(b).
Table 4.4 summarizes the PG-ADC performance for the two targeted throughput
rates. The average power consumption of the circuit is 1.52µW and 515nW for the
90kS/s and 27kS/s modes, respectively. The employed Figure of Merit (FoM) is the
same that the one defined in Equation 3.50. However, it should be emphasized that
our proposal includes PGA functionality, which is not embedded in all ADCs.

Table 4.4: PG-ADC performance

Process Standard CMOS 130nm
Area 0.0326 mm2

Voltage Supply 1.2-V
Input Gain 1-8 (steps of 1)
Input Range 1.2-V differential
INL -0.4 - 0.5 LSB
DNL -0.25 - 0.48 LSB
Sampling frequency 90 kS/s 27 kS/s
SNDR 47.00 dB 47.50 dB
SFDR 62.50 dB 62.53 dB
ENOB 7.56-bits 7.60-bits
Power Consumption 1.52 µW 515 nW
FoM 85.85 fJ/conv 94.96 fJ/conv

Table 4.5 compares this work with other neural sensor interfaces in the literature.
Most of these works are multichannel systems, which share the ADC among different
channels. In these cases, both sampling frequency and power consumption have been
downscaled by the number of the ADC inputs. It is remarkable that the reported
work, which embeds both PGA and ADC functionalities, exhibits the best FoM and
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4.5 A 1.2-V, 8-bit PG-ADC for neural recording sensors in 130nm

Table 4.5: State-of-the-art comparison of the PG-ADC

[49] [44] [28] [27] [99] This work
Supply Voltage (V) 1 0.9 0.5 1 .8 2 1.2
CMOS Process (µm ) 0.35 0.25 0.13 0.18 0.5 0.13
Area (mm2) 0.5 0.1426** 0.086** 0.02** 0.5** 0.0326
Sampling rate per channel (kS/s) 1 20.2* 30* 31.3* 2* 90 27
ENOB (bits) @ Nyquist Input 10.2 7 7.32 7.65 10.6 7.56 7.60
Power Consumption (µW) 0.38 1.148 0.63 3.08 2.71 1.52 0.515
- ADC (per channel) 0.23 0.66* 0.2* 0.483* 2.2*
- PGA (per channel) 0.15 0.488 0.43 2.6 0.512
FoM (fJ/conv) 323.06 444.68 131.43 491.18 873.66 85.85 94.96

*: The ADC is shared by many channels. Both the power consumption and the sampling rate are
divided by the number of channels.
**: The reported area doesn’t include the PGA.

lowest area occupation.
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5 Low-Noise Neural Amplifier and
Filter

5.1 Abstract

This chapter presents the design methodology and measurement results of a low-
power, area optimized neural front-end Low-Noise Amplifier (LNA) and Bandpass
Filter (BPF). The BPF-LNA architecture was selected after a performance compar-
ison of the most popular approaches. After that, an optimization mechanism was
introduced in the design methodology to get a triple trade-off between power con-
sumption, area occupation and input referred noise. In order to prevent from process
variations that affect the positions of the BPF bandwidth, both the High-Pass (HP)
and Low-Pass (LP) poles of the BPF includes some reconfigurability (3-bits for the
HP and 2-bits for the LP) to adjust the them after the fabrication. The design was
implemented in a standard CMOS 0.13µm technology with an area occupation of
0.0591mm2. Measurement results show that the BPF bandwidth was between 167Hz
and 6.9kHz, with a midband gain of 47.5dB. The input referred noise, integrated
from 1Hz up to 100kHz, was 3.8µVrms. With a total power consumption of 1.92µW ,
the Noise Efficiency Factor (NEF) was 2.16, one of the lowest of the state-of-the-art.

5.2 Introduction

The acquisition of neural action potentials is usually performed by means of elec-
trodes grouped in the so-called Multi-Electrode Arrays (MEAs) [100, 101, 37]. Each
of these electrodes (implanted at the cortex cortex of the brain) capture the extra-
cellular electrical signal caused by the activity of their nearby neurons. The result is
a signal which waveform is similar to the one depicted in Figure 5.1(a). This signal
is the result of the superimposition of two kind of neural signals: the one created by
the spike activity of the measured neuron (the Action Potentials, APs) and the one
created by the synchronous activity of various neurons in a region of the brain (the
Local Field Potential, LFP).

In most applications, it is desirable to analyze these two signals separately, because
they contain different information of the brain activity. As they have different
frequency components (while the information of the APs is in the band frequency
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Figure 5.1: (a) Signal captured by the extracellular electrodes. (b) Action poten-
tials. (c) Local field potentials

of 300Hz-7kHz, the LFP energy is concentrated in the band of 1Hz up to 200Hz), it
is possible to filter them with different filter bandwidths to split these two signals,
as Figure 5.1 shows.
The LFP signal component of the extracted neural sample is shown in Figure 5.1(c).
It contains information that affects to a high portions of the brain, like the ones
related to extremities movements [102, 103]. As these signals arise as consequence
of the simultaneous activity of a lot of neurons in a big area of the brain, they are
much stronger than the APs and they can propagate along much further distances.
Therefore, they can also be measured by means of electrodes at the surface of the
scalp, as the well-known electroencephalograms (EEGs) measurements.
Figure 5.1(b) shows the plot of the AP component after filtering the low frequency
components to the activity captured by the neural electrodes, isolating the spikes
generated as consequence of the activity of the nearby neurons. When multielectrode
arrays are placed in the brain, it is common for some electrodes to detect spikes from
two to four distinct neurons, while other electrodes may see no resolvable spikes.
Additionally, the sum of the attenuated firing activity from the further neurons
creates a background noise, from which we can clearly distinguish the spikes from
the closer neurons1. The information contained in these spikes can be used for the
implementation of reliable neural prosthetics and Brain Machine Interfaces (BMIs)
[25, 1, 26]. The amplitude of these spikes is between 100µW and 1mV, depending

1Apart from the neuron activity, the level of the background noise is also influenced by the quality
and level of degradation of the implanted electrode. In most cases, the electrode performance
is degraded with the time, as some scar tissues are formed around the electrodes. This noise,
together with the one added by the adaptation circuitry, should be low enough in order not to
disguise the spike signals.
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5.2 Introduction

on the distance between the electrode and the sensed neuron. The spikes are usually
biphasic (they have both a positive and a negative component), and their duration
oscillates between 300µs and 2ms. The firing rate depends on the cortex activity,
but is around 10Hz in a typical situation (10 spikes per second). Cases above 100
spikes per second have never been reported.

This chapter presents the design of the front-end analog circuitry (amplification and
filtering) for an implantable multielectrode neural spike sensor. According to the
previous analysis, these designs have the following requirements:

• Filter the input signal with a frequency bandwidth between 200Hz and 7kHz,
where the energy bands of the described APs are placed.

• Amplify the input neural signals to adapt the small amplitude of the sensed
signal (less than 1mV) to the supply voltage of the system. In order to obtain
a big enough signal range to ease the design of the rest of analog circuitry, the
gain should be set between 45 and 60dB for a 1-V supply.

• High equivalent input resistance and negligible input dc current.

• Reject large dc input offsets.

• High CMRR and PSRR.

• The total integrated input referred noise of the front-end circuitry has to be
kept below 5µVrms, in order to preserve the quality of the signal and avoid
masking the neural spikes with background noise.

• Minimum area occupation. As the front-end amplifier is implanted as close to
the electrode as possible, the silicon area of the circuitry associated to each
of the channels should fix with the electrode pitch of the MEA. Commercially
available MEA’s pitch is 400µm x 400µm [37].

The use of wireless solutions aims to avoid the impact of wired connections across
the skull between the implant and the output processors, diminishing the risk of
infections. But, in contrast, force to reduce as much as possible the power consump-
tion of the implanted circuitry, not only because it is isolated from any external
supply source and depends on small batteries or any other weak energy source, but
also in order not to damage the life brain cells as consequence of their exposition to
high temperatures. Then, apart from the listed characteristics, these kind of designs
have to be optimized to reduce as much as possible their total power consumption.

The importance of the power consumption is reflected in the dimensionless figure-
of-merit used to compare the different solutions, called the Noise Efficiency Factor
(NEF), which is defined as:

NEF = Vni,rms

√
2 · Itot

π · UT · 4kT ·BW
(5.1)
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where Vni,rms represents the integrated input referred noise, Itot is the total power
consumed by the neural amplifier, UT is the thermal voltage, k is the Boltzmann
constant and BW is the bandwidth of the filter. Then, we can see that this figure
relates the current consumption and the input referred noise, making them the most
relevant parameters of the design. In fact, it is logic as in most of the cases we will
employ CMOS-based operational amplifiers to implement the neural amplifier, in
which there is a well known trade-off between the current consumption and the
input referred noise.

An important source of noise in this range of frequencies is the 1/f noise. To suppress
its effect, some works propose to use dynamic offset cancellation techniques such as
chopping modulation that allows reducing the noise corner frequency to the order
of mHz [104]. However, the higher complexity of these topologies, together with
the non-idealities that they entail (lower input resistance, switching ripple, higher
power consumption), recommend to look for another alternatives as long as it is
feasible. This explains why we can only find chopping modulation techniques in
those works that try to isolate the LFP recordings [105, 106, 51, 107] and, therefore,
need to obtain information of the input’s sub-Hz components. In the case of the AP
recording, we can check from the filter’s requirements described above that the high-
pass corner is set to around 200Hz. Then, it is better to scale properly the input
transistors in order to reduce the noise corner frequency to around few hundreds
of Hz (which is feasible in the standard CMOS processes) rather than using more
complex schemes.

Between the different LNA topologies that we can find in the literature, the one
proposed by Harrison in [29] is the most preferred one for AP recording [108, 109,
49, 110, 111, 16, 20] because of its good performance in terms of NEF. This topology
is based on a capacitive feedback network (CFN), where the input DC voltage is
suppressed by means of a high input capacitance and the midband gain of the
filter is set by the capacitive ratio between this input capacitance and the feedback
capacitance. The main limitations of this architecture are the area occupation (due
to the high input capacitance) and high feedback resistor that sets the high-pass
pole (that should be around 200Hz). Other approaches use large resistors to load
the electrodes [112] to suppress the DC offset shift or implement active feedback
solutions like an active miller integrator feedback network (MIFN) proposed by
Gosselin [113] or a capacitive amplifier feedback network (CAFN) proposed by Zhao
[114]. Although the authors of these two last solutions claim that they are more
efficient in terms of area occupation and power consumption than the CFN topology,
there do not prove it by means of any analytical demonstration.

This chapter presents an analytical comparison between the three structures CFN,
MIFN and CAFN in order to prove that the first one is the optimum solution in
terms of a triple trade-off between power consumption, area occupation and input
referred noise.

Based on the conclusions of the former study, the design of a power efficient BPF-
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LNA using a CFN topology is presented. Although a theoretical limit for the NEF
was set by Harrison at 2.9 for a simple configuration of the CFN topology, the design
proposed in this chapter allows reducing the NEF to 2.16 by means of three main
modifications. First, it uses a fully-differential architecture to increase the dynamic
range of the amplifier and improve the PSRR and CMRR performance. Second, the
Operational Transconductance Amplifier (OTA) uses a high output-swing two-stage
topology that imposes a 40dB/dec low-pass response. And third, the OTA uses a
complementary input differential pair to reuse the tail current and nearly double
the achieved transconductance. Additionally, the BPF-LNA was designed with a
configurable bandwidth through 3-bits to control the position of the HP pole and
2-bits to adjust the frequency of the LP pole. Experimental results confirm that
the BPF-LNA has a midband gain of 47.5dB, an integrated input referred noise of
3.8µVrms, a bandwidth between 167Hz and 6.9kHz and a power consumption of
1.92µW with an area occupation of 0.0591mm2.

5.3 Comparison of the LNA topologies

This section presents an exhaustive analysis of three different BPF-LNA topologies,
CFN [29], MIFN [113] and CAFN [114], focusing on their noise performance. The
analysis starts studying the transfer function of each one, then it calculates the
analytical expression for the input referred noise and, lastly, extracts the expression
for the minimum achievable NEF of each topology.

Once the analysis is completed, an transistor level exploration based on an opti-
mization routine is run to estimate the area occupation and NEF performance of
each of the studied topologies. This information is then used to decide which one is
the optimum in terms of a triple trade-off between area, power and noise.

5.3.1 Capacitive Feedback Network

Figure 5.2 shows the single-ended schematic of the CFN topology. The transfer
function HCFN(s) can be expressed by means of the following equation:

HCFN(s) = G · (1 + s/zH) · s
(1 + s/pL) · (1 + s/pH) (5.2)

where we see a frequency response with two poles, pL and pH , and two zeros; zL = 0
and zH , while G represents the DC gain.

Considering a single-pole OTA model with transconductance gm1, output resistance
go1 and input and output parasitic capacitances Cpi1 and Cpo1 respectively, we can
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Figure 5.2: Schematic of the CFN topology

write the expressions for the poles and zeros as following:

zL = 0 zH = −gm1

Cf
pL ≈ − 1

Rf · Cf
pH ≈ −

gm1

AM · (CL + Cpo1) G = −Ci·Rf

(5.3)

where AM = Ci/Cf is the midband gain, and it has been assumed that both AM � 1
and Ao1 · β � 1, being β = Cf/ (Cpi + Ci + Cf ) the capacitive feedback factor and
Ao1 = gm1/go1 the open-loop OTA gain.
The input-referred noise of the neural amplifier can be calculated as:

vrms =

√√√√γ · SOTA ·BWOTA + SRf +BWRf

A2
M

(5.4)

where SOTA and BWOTA are, respectively, the output-referred noise spectral density
and the equivalent noise bandwidth of the OTA; and SRf and BWRf are likewise
defined for the feedback resistor Rf .
Assuming that the transistors of the OTA operate in weak inversion, the output-
referred noise spectral density of the OTA can be expressed as following:

SOTA ≈
4kT · n
2gm1

· (1 + η1) (5.5)
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5.3 Comparison of the LNA topologies

where n is the transistors slope factor (typically n = 2/3) and η1 is the noise excess
factor [115]. The equivalent noise bandwidth of the OTA can be approximated by
the following expression:

BWOTA ≈ A2
M · fpH ·

π

2 = AM · gm1

4 (CL + Cpo1) (5.6)

In the case of the feedback resistance, the noise spectral density SRf = 4kTRf , while
the bandwidth BWRf = 1/ (4RfCf ). Then, with from Equation 5.4, we can write
the following expression for the input referred noise of the CFN topology:

vrms,CFN ≈
√
γ
kT

AM

( 1
Ci

+ n

2Ct1
(1 + η1)

)
(5.7)

where Ct1 = CL + Cpo1.

In order to derive an expression for the NEF, let us assume that the input differential
pair of the OTA is biased in weak inversion with a certain tail current Iota1. Then,
the total supply current of the CFN LNA can be approximated by the following
expression:

Itot = Iota1 = k1n · gm1Ut

(√
1 + IC1 + 1

)
(5.8)

where k1 is an OTA-topology factor and IC1 is the inversion coefficient [64]. Sub-
stituting all the derived terms in Equation 5.1 leads to the following expression for
the NEF:

NEFCFN ≈
√
nγk1

(
2Ct1
Ci

+ n (1 + η1)
)

(5.9)

where it has been assumed that IC1 � 1 (weak inversion region starts for IC < 0.1).
Assuming that, typically, Ci � Ct1, we get this simplified expression:

NEFCFN ≈ n
√
γk1(1 + η1) (5.10)
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5.3.2 Miller Integrator Feedback Network

Figure 5.3 shows the single-ended schematic of the MIFN topology. This topology
employs a miller-compensated amplifier in the feedback loop to filter the low fre-
quencies from the input signal of the amplifier A1. The objective of the proposal
is to suppress the need of big input capacitors but its main drawback is that the
midband gain depends on the open-loop gain of the amplifier A1. Let us do a similar
analysis that for the CFN topology in order to compare them.

Its frequency response is dominated by two poles pL and pH and a zero zL. Then,
the transfer function can be written as following:

HMIFN(s) = G (1 + s/zL)
(1 + s/pL) · (1 + s/pH) (5.11)

Solving the circuit in a similar way that we did for the previous topology (where Ao2,
gm2, go2, Cpi2 and Cpo2 refer to the open-loop gain, transconductance, output resis-
tance, input capacitance and output capacitance of the amplifier A2, respectively),
give us the following expressions for the positions of the poles and zeros:

zL ≈ −
1

Ao2CiRf

pL ≈ − AM
Rf · Ci

pH ≈ −
gm1

AM · Ct1
G = − 1

Ao2
(5.12)
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where the mid-band gain AM = −Ao1, Ct1 = CL + Cop1 and it has been assumed
that gm2/Ceq2 � pH , where Ceq2 = Cpi2 + Ci + Ct2/β, being β the feedback factor
of the second amplifier, given by β = Ci/(Cpi2 + Ci).
As expected, if compared with respect to the poles position of the CFN structure
given by Equation 5.12, the mid-band gain does not depends on the ratio between
two capacitors but on the open-loop gain of one amplifier, and for the same posi-
tions of the low-frequency poles, this topology needs higher resistors and feedback
capacitors.
Regarding to the noise, it can be calculated following a similar procedure that the
one detailed in the previous section, but taking into account the noise contribution
of the feedback amplifier. Then, it can be expressed as a noise excess factor, that
will be called Ψ2, of the input referred noise of the CFN topology in Equation 5.7,
resulting in the following expression:

vrms,MIFN ≈
√
γ
kT

AM

( 1
Ci

+ n

2Ct1
(1 + η1 + Ψ2)

)
(5.13)

where Ψ2 = gm1(1 + η2)/(β2gm2).
In this topology, the current dissipation is given by the current consumption of the
two OTAs. Assuming that they are working in weak inversion, we have that:

Itot = Iota1 + Iota2 ≈ 2 (k1 + αk2)ngm1Ut (5.14)

where α = gm2/gm1 represents the ratio between the two transconductances. k1 and
k2 are factors that depend on the selected topology. Then, substituting Equation 5.13
and Equation 5.14 in Equation 5.1 give us the following expression for the NEF:

NEFMIFN ≈ n
√
γ (k1 + αk2) · (1 + η1 + Ψ2) (5.15)

where it has been assumed that Ci � Ct1. This expression is minimized if the
transconductance ratio satisfies the condition:

α = 1
β

√√√√k1

k2

(1 + η2)
(1 + η1) (5.16)

Then, the minimum noise efficiency is given by:

NEFMIFN ≈ n
√
γk1

√1 + η1 + 1
β

√
k2

k1
(1 + η2)

 = NEFCFN

1 + 1
β

√√√√k2

k1

(1 + η2)
(1 + η1)
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(5.17)

Compared to the NEF of the CFN topology in Equation 5.10, it is clearly seen that
for the same OTA topology, the MIFN approach presents worse NEF than the CFN
one.

5.3.3 Capacitive Amplifier Feedback Network
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Figure 5.4: Schematic of the CAFN topology

The schematic of the CAFN topology is shown in Figure 5.4. It basically consists
of a voltage differentiator, made by amplifier A1, capacitors C2, C4 and CL, and the
resistor Rf . This differentiator is able to reject the DC offset voltage of the input
signal. The closed-loop amplifier formed by A2, C1 and C2, corrects the high-pass
function of the differentiator to form a stable midband gain and, both together, form
the desired bandpass filter.
The transfer function of the bandpass filter is given by a response of two poles pL
and pH , and one zero zL = 0, giving the following expression:

HCAFN(s) = G · s
(1 + s/pL) · (1 + s/pH) (5.18)

where the position of the poles and zeros are calculated as follows:

zL = 0 pL ≈
−C2

C1C4Rf

pH ≈ −
gm1

AM · Ct1
G = −RfC3 (5.19)
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where it has been assumed that gm1Rf � 1, gm2Rf � 1, the open loop gain of
the first OTA Ao1 � (C2Cn1) / (C1C4) and gm2 � gm1C1C4/ (Ct1Cn1). In these
expressions, Cn1 = C3 +C4 +Cp1, Ceq2 = Cpi2 +C1 +(C4 + Ct2) /β2, Ct1 = CL+Cpo1
and β2 = C2/ (Cpi2 + C1 + C − 2).

The midband gain AM ≈ −C3C2
C1C4

, is given by the product of two capacitive ratios.
This fact, in principle, aims to decrease the value of the capacitors compared to the
CFN topology.

A similar noise analysis that the one performed for the other topologies leads us to
the following expression for the input-referred noise:

vrms,CAFN =
√
γ
kT

AM

( 1
Ci

+ n

2Ct1
(1 + η1 + Ψ2)

)
(5.20)

where Ψ2 = gm1(1+η2)
β2

2gm2

(
C4
C3

)2
is the noise excess factor caused by the second amplifier

A2.

As can be observed in the previous expression, the noise contribution of A2 is divided
by the capacitive ratio C3/C4. Therefore, a large value of C3 allows to decrease
the total input-referred noise. Under this assumption, we can obtain a similar
performance in the NEF of the CAFN topology to the one obtained for the CFN
one:

NEFCAFN ≈ n
√
γk1
√

1 + η1

√
1 + k2

k1

gm2

gm1
(5.21)

5.3.4 Transistor-level exploration

A quick look to the expressions derived from the previous study point that the
CFN topology would obtain the lowest NEF for similar OTA’s topologies. In this
section, we are going to perform a transistor-level exploration in order to do a deep
comparison of the studied topologies using a 0.13µm CMOS technology.

The three topologies will share the same design objectives, which match with the
performance of most of the low-noise amplifiers for neural spike sensors, i.e., a mid-
band gain of 47dB and an operation bandwidth from 250Hz to 7kHz. According to
the depicted schematics, they are all single-ended. In all the cases a cascode current
mirror amplifier similar to the one shown in Figure 5.5(a), has been selected for the
implementation of the main OTA, denoted as A1 in the schematics. For the second
OTA A2, used in the feedback loop of both MIFN and CAFN topologies, a less noisy
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Figure 5.5: Schematic of the OTAs for the transistor-level exploration: (a) current
mirror OTA, (b) telescopic OTA

telescopic amplifier (see Figure 5.5(b)), has been selected instead. OTA parameters
extracted from simulations were the following:

η1 ≈ 1.5 k1 = 2 η2 ≈ 0.5 k2 = 1 (5.22)

Figure 5.6 illustrates the routine used to explore the transistor-level design of the
CFN LNA. A similar procedure has been used for the rest of topologies.
The transistor level exploration objective is to identify the configuration that can
obtain the minimum area occupation for a given input-referred noise value to ac-
complish the imposed design objectives. Additionally, the NEF is constrained to
be no higher that 8% of the minimum theoretical NEF calculated in the previous
sections. According to Equation 5.1, a lower NEF implies a lower input-referred
noise too.
The procedure starts using as design variables the feedback and load capacitances,
Cf and CL, and the inversion coefficient of the input differential pair transistors,
IC1. These variables are also used as running parameters in an optimization loop
that evaluates at each iteration the accomplishment of the targeted specifications
and select the valid configuration with the minimum power consumption. The sizing
procedure starts by guessing initial values both for the OTA parasitic capacitances,
Cpi1, Cpo1, and DC-gain, Ao1. These values are used to compute the feedback factor
β and the equivalent close-loop capacitance Ceq1. Thereafter, the transconductance
gm1 and the feedback resistor Rf are computed in function of the bandwidth specifi-
cations. A transistor-level sizing routine, similar to the one reported in [116], is then
run to accurately estimate transistor sizes, bias currents and other electrical-level
parameters of the LNA. This routine uses Look-Up Tables (LTUs) of technological
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Figure 5.6: Synthesis procedure for the CFN LNA

parameters, obtained from batches of electrical-level simulations, to complete the
sizing task. At the point, the overall power consumption of the OTA, area, para-
sitics and DC-gain can be calculated. These values for the parasitics and DC-gain
are compared to those originally estimated at the beginning of the procedure. If
discrepancies, denoted by ∆, are higher than an user-defined tolerance value, δ, the
procedure is repeated again until convergence is reached.

This algorithm was run for the different studied topologies and the results are shown
in Figure 5.7, which represents the power, area and NEF of the different topologies
versus the input-referred noise. These plots are obtained from electrical simulations
of the final configurations derived with the aforementioned synthesis routines. From
this figure, it is relevant to observe that the NEFs keep close to their minimum
theoretical values: 4.25 for the CFN and CAFN topologies, and 6.25 in the case of
the MIFN LNAs. Another important conclusion is that for a given input-referred
noise, the CFN topology performs better in terms of area and power consumptions.
Moreover, it can be confirmed that, as was expected from the theoretical analysis,
the MIFN topology has a worse NEF than the other approaches due the contribution
of the second OTA.

Even if these conclusions have been drawn for single-ended solutions, they can be
easily extended to fully-differential configurations, with the same results.
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(a) (b) (c)

Figure 5.7: Results from the transistor-level exploration for the different studied
topologies: (a) power vs noise, (b) area vs noise and (c) NEF vs noise

5.4 Design of a Low-Noise Amplifier for neural spike
detection

Based on the conclusions derived from the previous section, we present the design of
a power and area efficient low-noise amplifier for neural spike detection. The LNA
uses a CFN topology, that has been demonstrated as the most efficient one in terms
of power, area and noise compared to the rest of the commonly-used topologies.
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Figure 5.8: (a) Schematic of the LNA, (b) Schematic of the two-stage OTA

Figure 5.8(a) shows the schematic of the LNA. It is a fully differential implemen-
tation in which both the feedback resistance and the load capacitance have been
made programmable to control the position of the band-pass filter poles, according
to Equation 5.3. The schematic of the two-stage OTA is depicted in Figure 5.8(b).
This topology presents various enhancements that allow to improve its performance
with respect to the single input differential pair solutions:
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• The fully-differential architecture increase the dynamic range of the amplifier
and improve the PSRR and CMRR performance.

• The two-stage topology of our proposed OTA can considerably increase the
OTA DC gain, so both the position of the bandwidth poles and the mid-band
gain can be considered independent on the OTA DC-gain. The theoretical
analysis of the previous section showed that to neglect the dependence of the
poles and mid-band gain in the single-stage topology on the OTA DC gain
(Ao), the OTA DC gain-feedback factor (β) product must be much higher
than unity, i.e., Aoβ � 1. As the feedback factor can be approximated by
the inverse of LNA mid-band gain (Am), this imposition can be reduced to
Ao/Am ≫ 1. However, this condition is hard to accomplish given that the
required mid-band gains for neural applications are relatively high (Am~40dB)
and the maximum OTA DC gain of single stages are limited by output swing
or power consumption considerations (Ao~60dB).

• The first stage of the proposed architecture uses a complementary input differ-
ential pair to reuse the tail current and nearly double the achieved transcon-
ductance [111], which improves the NEF. This technique cannot be applied in
a single-stage topology due to the output swing and DC gain requirements.

• Compared to the frequency response of the traditional CFN topology of Equation 5.2,
the presented solution add an additional pole at the low-pass frequency. Con-
sequently, the LNA has two real poles that are nominally identical by means
of the feed-forward compensation. They induce a 40dB/dec magnitude roll-off
in the transfer characteristic, compared to the 20dB/dec roll-off of the single-
stage architectures. This provides a significant beneficial to reduce the in-band
integrated noised.

• The high degree of freedom introduced by the second stage, which determine
the output swing with a minimum impact on both the input-referred noise and
the power consumption, allows to relax the DC-current requirements of the
first stage. Hence, the NEF of the LNA is highly improved, and it is possible
to get lower values than the theoretical limits calculated for the one-stages
solutions.

The next section analyzes in detail the presented architecture and proposes a design
methodology that allows to optimize the design in terms of a triple trade-off between
power, area and noise.

5.4.1 Architectural analysis

The OTA showed in Figure 5.8(b) can be modeled like two single-pole networks
with a feedforward compensation capacitance Cc, which single-ended version is rep-
resented for simplicity in Figure 5.9(a). Each single-pole network is defined by a
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transconductance, (gm1, gm2), an output conductance, (go1, go2), and an output ca-
pacitance, (Cpo1, Cpo2). Capacitor Cpi stands for the input capacitance of the OTA.
The stage DC-gains are given by Ao1 = gm1/go1 and Ao2 = gm2/go2.

gm1vnCpi

Cc

go1 Cpo1

vn vo1

gm2vo1 go2 Cpo2

vo

gm1(vn-vnota)Cp

Cc

go1 Ct1

vn vo1

gm2vo1 go2 Ct2

vo
Cf

vnrf Rf
Ci vi

(a)

(b)

Figure 5.9: Small-signal model: (a) two-stage feedforward compensated OTA, (b)
CFN LNA

Based on this macromodel, and combining it with the schematic of the LNA depicted
in Figure 5.8(a), results the small-signal model of the LNA shown in Figure 5.9(b).
The presented model also includes the main noise sources, which are the feedback
resistor (Rf ) and the OTA amplifier, modeled as equivalent voltage sources, vnrf
and vnota, respectively. Note that the OTA parasitic capacitances (Cpo1, Cpo2, Cpi)
have been replaced by others with different names (Ct1, Ct2, Cp), which represent the
sum of all the parasitic capacitances in these nodes. They are defined as following:

Cp = Cpi + Cli Ct1 = Cpo1 + Clo1 Ct2 = Cpo2 + Clo2 (5.23)

where Cli, Clo1, Clo2 represent the extrinsic load or parasitic capacitors of the corre-
sponding nodes of the model.

Based on this macromodel, and ignoring the noise sources, the transfer function of
the LNA is approximately given by:

HLNA(s) ≈ −[gm1gm2+Ccgm2s+Cf (Cc+Ct1)s2]Cis
gm1gm2
Rf

+gm1gm2Cf s+gm1

[
CeqCf
Ao1

+Cc(Cf+Ct2)
]
s2+Cc

[
Cf (Ceq

βc
+Ct1)+Ct1Ct2

]
s3

(5.24)
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where Ceq = Cp+Ci+Ct2/β is the equivalent output capacitance and βc = Cc/(Cc+
Ct1) and β = Cf/(Cp + Ci + Cf ) are the feedback factors of the first and second
stages, respectively. The following assumptions have been taken:

Ao1 ≫ 1 Ao2 ≫ 1
gm1Rf ≫ 1 gm2Rf ≫ 1
gm2 ≫ gm1Cf

Ao1Cc
gm1 ≫ gm2Ct1

Ao2Ct2

(5.25)

Equation 5.24 shows that the transfer function of the LNA has one zero in the origin,
two additional zeros and three poles.
It is easy to deduce that the zeros will be placed at very high frequencies (in the
order of MHz) if we substitute with typical values in Equation 5.24. They will be
given by the following expressions:

ωz1 ≈ −gm1

Cc
ωz2 ≈

Ccgm2

Cf (Cc + Ct1) (5.26)

In order to have the desired bandpass transfer function described in the former
section, the rest of the variables should be sized to place one of the poles at low
frequency, around the desired high-pass corner frequency (in the order of 200Hz),
while the other two poles (that will be real and nominally identical) have be placed in
the position of the intended low-pass corner (around 7kHz). It can be demonstrated
that under these considerations the solutions of a third-order polynomial expressed
as CD0 + CD1s+ CD2s

2 + CD3s
3 are given by:

p1 = CD0

CD1
pdouble2 = 2 · CD1

CD2
(5.27)

In addition, it is necessary to accomplish with the condition CD2
2 = 4 · CD1CD3.

After identifying the coefficients in the denominator of Equation 5.24, the position
of the poles of the LNA transfer function are given by:

ωp1 ≈
1

Rf · Cf
ωdoublep2 ≈ 2Cf · gm2

CeqCf/Ao1 + Cc (Cf + Ct2) (5.28)

where the next expression has to be satisfied:

R = gm1

gm2
=

4CfCc
[
CeqCf
βc

+ Ct1(Cf + Ct2)
]

[
CeqCf
Ao1

+ Cc(Cf + Ct2)
]2 (5.29)
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The mid-band gain is given by:

AM ≈
Ci
Cf

(5.30)

5.4.2 Noise performance

Figure 5.9(b) identifies the two main sources of noise of the presented LNA: the
feedback resistance Rf , with the corresponding noise voltage source vnrf , and the
OTA, that is represented by the noise voltage source vnota in the figure. If we denote
as P o

nrf and P o
nota to the integrated output noise power contributions of the feedback

resistor and the OTA, respectively, and we assume that they are not correlated, we
can calculate the total output noise power of the LNA (P o

n) as the sum of these two
contributions:

P o
n = P o

nrf + P o
nota (5.31)

These contributions can be calculated in the same way that they were derived in
Equation 5.4:

P o
nrf = γ ·BWnrf · Snrf P o

nota = γ ·BWnota · Snota (5.32)

where BWnrf =
´∞
−∞ |Hnrf (f)|2 df and BWnota =

´∞
−∞ |Hnota(f)|2 df , are the so-

called equivalent noise bandwidths, being Hnrf (f) and Hnota(f) the transfers func-
tions from the resistor and OTA noise sources to the LNA output, respectively. Snrf
and Snota are the noise Power Spectral Densities (PSD) of the feedback resistor and
OTA noise sources, respectively. Finally, γ is the previously defined topology fac-
tor, which is equal to 1 in case of single-ended topologies and two in case of fully
differential.

If we assume that the input of the OTA operates in weak inversion, Snota is given
by Equation 5.5, while Snrf = 4kTRf . The transfer functions Hnrf (f) and Hnota(f)
can be obtained following a similar procedure that in the first part of this section,
resulting in the following equivalent bandwidths:

BWnrf ≈
1

4RfCf
BWnota ≈

Ao1(βCc + Cf )2 · gm2

4β2Cf [CeqCf + Ao1Cc(Cf + Ct2)] (5.33)
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Then, after substituting these expressions into Equation 5.31 results in the following
expression for the LNA’s output power noise:

P o
n ≈

γkT

Cf

(
1 + Ao1 (βCc + Cf )2 gm2n

2gm1β2 [CeqCf + Ao1Cc (Cf + Ct2)]

)
(5.34)

The rms of input-referred noise is then calculated by dividing Equation 5.34 by the
midband gain AM and squaring the expression:

vin,rms ≈

√√√√ γkT

AMCi

(
1 + Ao1 (βCc + Cf )2 gm2n

2gm1β2 [CeqCf + Ao1Cc (Cf + Ct2)]

)
(5.35)

From Equation 5.35, it can be inferred that the equivalent input-referred noise can
be reduced by increasing either the input capacitance Ci or the midband gain AM . It
is also important to note that the equivalent input-referred noise does not depend on
the transconductance neither of the first stage (gm1) nor of the second stage (gm2),
because the factor gm2/gm1 is given by the capacitive ratio defined by Equation 5.29.

5.4.3 Design methodology

Based on the derived equations, a design methodology similar to the one described
in subsection 5.3.4 was followed to optimized the presented LNA in terms of power,
area and input-referred-noise. The proposed methodology is able to directly map the
high-level design specifications into transistor sizes and bias conditions, combining
a simulated-annealing optimization algorithm [97] with a set of Matlab routines for
performance evaluation and accurate estimations of MOS-related parameters.
The design variables have been reduced to only five parameters, which are the load
capacitors at output nodes of the OTA stages, Ct1, Ct2, the feedback capacitor,
Cf , and the inversion coefficients [64], ic1, ic2, for the transistors implementing the
differential-pair in the first (Mp1−2-Mn1−2) and second stage (Mp6−7), respectively.
The inversion coefficient of the remaining transistors, which are current mirrors, are
fixed to a user-defined value (icm). In particular, for these transistors, an inversion
coefficient around 10 have been used to bias the transistors in strong inversion and
reduce the current deviations due to mismatch. The optimization algorithm will try
to find the values for these design variables which meet the high-level specifications
such as the maximum equivalent input-referred noise, vin,maxn,rms , and the bandpass
characteristics, AM , ωp1, ωp2, by minimizing the NEF. Additionally, minimum DC-
gains for the OTA stages, Amino1 and Amino2 , are imposed to satisfy the assumptions
of Equation 5.25, and a maximum area limit Areamax was set to control the area
occupation of the LNA.
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Figure 5.10 shows the flow of the proposed design methodology procedure. It starts
by computing the input capacitor (Ci) according to the required mid-band gain
(AM) and the specified feedback capacitor (Cf ). Then, a computational loop with
the compensation capacitor (Cc) as running variable is evaluated. Bound values
(Cci and Ccf ) and discrete increments ∆Cc are user-defined. At each iteration,
a new configuration (new transistor sizes and biasing currents) is obtained. If the
input-referred noise (vinn,rms < vin,maxn,rms ) and area constraints (area < Areamax) are
satisfied, the corresponding NEF, power consumption and silicon area are stored.
In other case, the configuration is rejected. When the loop stops, the routine selects
that configuration with the lowest NEF as the final outcome of the algorithm. Each
iteration in the aforementioned loop starts by guessing initial values for the parasitic
capacitances (Cpi, Cpo1, Cpo2), the finite DC-gains of both amplifier stages (Ao1, Ao2)
and the lengths for the MOS transistors.
From these values, intermediate variables such as feedback factors (β, βc), equivalent
load (Ceq) and transconductance ratio (R) are evaluated according to Equation 5.24
and Equation 5.29. Then, the values for the feedback resistor (Rf ) and the transcon-
ductance of the second stage (gm2) are obtained from Equation 5.28. After that, the
transconductance of the first stage (gm1) is computed according to Equation 5.29.
With these data, together with the previously set inversion coefficients (ic1, ic2), the
sizes, the currents and the bias voltages of the OTA MOS transistors can be calcu-
lated using technology parameters. At this point, the overall power and area con-
sumption of the OTA can be estimated. In the following step, parasitic capacitances
are newly calculated and compared to those previously stored. If discrepancies are
higher than a user-defined tolerance value, δ, the iterative process is repeated again
until convergence is reached. Finally, if the estimated DC-gains are lower than the
required ones (Amino1 , Amino2 ), the lengths of MOS transistors are increased and the
algorithm is repeated again. It is worth mentioning that despite the iterative nature
of the design procedure, it only takes three or four iterations to converge. Also, it is
interesting to observe that no ad-hoc fitting parameter needs to be adjusted in the
design procedure.
The described design methodology was applied to set a proper value to the com-
ponents of the LNA presented in Figure 5.8, in order to adapt its performance for
neural spike detection. In consequence, the specifications given at the beginning of
the design procedure were the following:

AM = 47.5dB Amino1 = 300 Amino2 = 300
ωp1 = 2π200rad/s ωp2 = 2π7000rad/s
Areamax = 0.05mm2 vin,maxn,rms = 3.9µVrms

(5.36)

Equation 5.4.3 presents the results of the sizing procedure both estimated from the
employed equations and verified by electrical simulations. Note that the transis-
tors sizes have been slightly tuned in order to guarantee that both the pMOS and
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Table 5.1: Sizing results and performance metrics of the proposed LNA
Parameter Estimated Electrical Parameter Estimated Electrical
Wp1,2/Lp1,2 (µm) 62/3 74/3 Cp|Cc|Cl1|Cl2 (pF ) 1.57 | 0.4 | 3 | 5.5 1.8 | 0.4 | 3 | 5.5
Wn1,2/Ln1,2 (µm) 23.6/8 28/8 Ao1|Ao2 405 | 296 410 | 340
Wp5/Lp5 (µm) 11.8/4 13.8/4 ic1|ic2 1.2 | 9.3 1.17 | 9.3
Wn5/Ln5 (µm) 3.5/4 4.5/4 gm1|gm2 (µS) 31.2 | 0.73 35.5 | 0.76
Wp3,4/Lp3,4 (µm) 1.2/10 1.3/10 ib1|ib2 (µA) 1.32 | 0.1 1.5 | 0.1
Wn3,4/Ln3,4 (µm) 0.37/10 0.3/10 fp1|fp2 (kHz) 0.2 | 7 0.24 | 7.3
Wp6,7/Lp6,7 (µm) 0.96/4 0.92/4 Power (µW) 1.7 1.92
Ci|Cf (pF ) 30 | 0.125 vinn,rms (µVrms) 3.89 3.55
Rf (GΩ) 6.4 NEF 2.14 2.02
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5.4 Design of a Low-Noise Amplifier for neural spike detection

nMOS transistors carry the same currents in all the branches. Also, the first stage
transconductance has been slightly increased to avoid an excessive ripple of the
low-pass characteristic with corners performance.
The table reveals that the simulated performance is very close to the estimated at
the end of the transistor mapping procedure, which confirms the reliability of the
proposed design methodology. The results of the final NEF, power consumption and
input-referred noise are very promising.

5.4.4 Experimental results

The LNA of Figure 5.8 was designed with the dimensions specified in Equation 5.4.3
using a standard 6M2P 0.13µm CMOS standard technology.
The implementation of the large resistances require in the feedback loop was done by
means of transistors working in deep-subthreshold region [29], which act as pseudo-
resistors and allow to obtain high equivalent resistance values (in the order of GΩ),
as is shown in Figure 5.11. In order to increase the linearity of the structure, the
total resistance was implemented by connecting these pseudoresistors in series, as is
depicted in the schematic.
This approach was chosen among other topologies that impose a bias voltage in the
gate of the feedback pseudo-resistors [108, 49, 117] because it is auto-biased and it
is not necessary to generate any adjustable voltage, which could be a big drawback
in a multichannel system.

Rf

Figure 5.11: Schematic of the feedback resistor

The common-mode voltage of each of the stages of the OTA was controlled by
means of a CMFB circuit with an active resistive sensing actuating on the gate
voltage of the bias transistors, as Figure 5.8(b) shows. This control in both stages
aims to reduce the dependance of the second stage transconductance (gm2) with the
common-mode voltage variation of the first. Each stage’s CMFB only consumes
50nA.
Simulations under PVT variations demonstrated that the position of the poles moved
with the technology corners due to their dependance on devices parameters, as is ex-
pressed in Equation 5.28. In order to solve this potential problem, some calibration
words were added to control both the LP pole position and the HP pole position by
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Figure 5.12: (a) Layout of the LNA, (b) Microphotography

means of controlling the value of the load capacitance and the feedback resistance,
respectively. The LP calibration words control the number of parallel capacitors
that form the load capacitor, while the HP calibration words control the number of
series pseudoresistors that are part the feedback resistor. According to the simula-
tions, 2-bits control were enough to have a good control of the LP-frequency pole,
while 3-bits were necessary to control with enough precision the HP-frequency pole.
Figure 5.12 shows both the layout and the microphotography of the proposed LNA.
Note that an output buffer was added just after the LNA’s output to load the input
capacitance of the ADC that will be connected there. This buffer was built using a
single input differential pair topology and only consumes 100nA. The total silicon
area occupied by the LNA and the buffer is 0.054mm2.
The LNA was tested experimentally by means of the dedicated PCB shown in
Figure 4.14. During the test measurements the chip was powered through an exter-
nal battery in order to avoid the frequency spurious introduced by the power line.
The instruments employed for the experimental verifications were the Arbitrary
Waveform Generator SRS DS-360 and the Spectrum Analyzer SR770.
Figure 5.13 shows the measured transfer function of the BPF-LNA under the dif-
ferent configuration modes for the position of the low-frequency and high-frequency
poles. According to the measurements, the HP-pole can be adjusted between 22.7Hz
and 192Hz along 8 different positions, while the LP-pole can be placed between
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5.2kHz and 10.15kHz within 4 different steps. The midband gain was in all the
cases 47.5dB. For the rest of the measurements, we configured the BPF-LNA to
work at the nominal bandwidth for spike recording, i.e. 192Hz - 6.7kHz.
Figure 5.14 shows the power spectral density of the LNA’s input-referred noise. Note
that the 1/f noise contribution at low frequencies is attenuated by the HP transfer
function, so it results in a flat noise level band. The total integrated noise power is
3.8µVrms if it is integrated between 1Hz and 100Hz, while if it is integrated in the
band of interest, i.e., between 200Hz and 7kHz, it becomes 3.2µVrms.
Taking into account that the measured power consumption of the LNA circuitry
results 1.92µW , the NEF of the integrated LNA is 2.16, following the expression
given in Equation 5.1.
The CMRR response is depicted in Figure 5.15(a). It can be checked that for the
band of interest the CMRR is above 90dB. Concerning to the PSRR, the response
shown in Figure 5.15(b) demonstrated that it keeps above 75dB. Both measurements
demonstrates that the system response is robust enough against both common-
mode and power supply variations, which is extremely important for these kind of
applications.
Figure 5.16(a) shows the Total Harmonic Distortion (THD) in function of the input
amplitude for a 1kHz input sinusoidal signal. It can be inferred that until 3.3mVpp
of input amplitude, the total output distortion keeps below 1% with respect to the
main harmonic. The output voltage corresponding to this input amplitude is around
740mVpp under a 1.2-V of power supply. The output frequency response of the LNA
for a 1kHz, 2mVpp input tone is depicted in Figure 5.16(b). It can be seen that the
second and third harmonics keeps 60dB below the fundamental one, while the THD
is -68.5dB.
Table 5.2 shows the comparison of the LNA measured performance with respect
to other works in the state-of-the-art. The table demonstrates that the presented
design get one the best NEF performances, validating the presented optimization
design methodology.
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Figure 5.13: Measured BPF-LNA transfer function under different bandwidth con-
figuration modes
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Figure 5.14: Input-referred noise of the BP-LNA
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Figure 5.15: (a) LNA CMRR, (b) LNA PSRR
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Table 5.2: State-of-the-Art Comparison of the LNA Measured Performance
[16] [20] [29] [118] [119] [112] [113] [111] This work

Voltage Supply (V) 1 3 5 1 1.8 3 1.8 1 1.2

Technology (µm) 0.35 0.35 0.5 0.13 0.18 1.5 0.18 0.13 0.13

Fully differential No Yes No Yes No No No Yes Yes

Input ref. noise (µVrms) 4.43 6.08 2.2 2.2 3.5 7.8 5.6 1.95 3.8

Noise int. bandwidth (Hz) 1-12k 500-10k N/A 0.1-105k 10-100k 0.1-10k 1-100k 0.1-25.6k 1-100k

Bandwidth (Hz) 217-7.8k 10-5k 0.025-7.2k 50-10.5k 10-7.2k 50-9.1k 98.4-9.1k 23m-11.5k 192-6.7k

Gain (dB) 45.7 33 39.5 40 39.4 39.3 49.52 38.3 47.5

CMRR (dB) 58 60 83 80 70.1 N/A 50 63 90

PSRR (dB) 40 N/A 85 >80 63.8 N/A 50 63 75

THD 0.53%
N/A

1% 1% 1% 1.1% 1% 1% 0.45%

Input range (mVpp) full output range 12.4 1 5.7 5 2.4 0.16 3

Power cons. (µW) 1.26 8.4 80 12.1 7.92 114.8 8.4 12.5 1.92

Area (mm2) N/A 0.02 0.16 0.072 0.065 0.107 0.05 N/A 0.054

NEF 2.16 5.55 4 2.9 3.35 19.4 4.9 2.48 2.16
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6 64-Channel Neural Spike Wireless
Sensor

6.1 Abstract

This chapter describes the architecture and measurements of a 64-channel wireless
implantable sensor for neural spike recording. Each channel contains the necessary
circuitry to filter and amplify the neural signal, digitize it, and extract its most
important features in order to reduce the output signal data bitrate per channel.
All the embedded circuitry strategies are in consonance with the theory and circuits
explained in the previous chapters. The system also includes calibration circuits to
automatically configure the system calibration words, such as filter pole positions,
gain factors and spike threshold voltages.

The communication between the neural channels and the central processor is made
through an event-based protocol which aims to save power consumption by reducing
the number of bits across the neural matrix. The big amount of digital processing
requires the use of digital power reduction techniques such as clock gating and
frequency division techniques. The system includes three possible operation modes,
and the chance of selecting the active and inactive channels.

The complete sensor is powered by means of an inductive link, which is also employed
for the communication with the external processor. The sensor embeds all the
circuitry to get the external power from the inductive link and for the communication
link: rectifiers, regulators, a modulator/demodulator and a clock recovery circuit.
Additionally, it integrates a bandgap and the circuitry to generate the reference
currents and voltages needed by the system to work correctly.

The total power dissipated by the complete system, including all the described
circuits, is 377µW.

This chapter aims to detail the design of the different blocks of the system, including
the digital system of both the channel and the central processor, the calibration
strategy, the communication protocol and the RF front-end.
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6.2 Introduction

In the last years, there has been a growing interest in the design of multichannel
neural recording interfaces with wireless transmission capabilities for the untethered
measurement of brain activity [21, 27, 28]. These interfaces are expected to play a
significant role both in clinical (as part of therapeutic procedures in patients with
neurological diseases), brain-machine interfaces and neuroscience applications. As
these recording interfaces are implanted below the skull and are isolated from any
external and stable power supply source, the use of ultra-low power consumption
techniques is mandatory, not only to prevent from harmful effects in the brain, but
also to avoid the need for batteries. This later is especially important in order to
reduce the number of surgical operations of the patient. Then, by making the power
dissipation low, it becomes feasible to use energy harvesting strategies for supplying
the implant.
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Figure 6.1: Wireless multichannel neural sensor

Figure 6.1 shows the schematic of the intended wireless neural system for neural
spike detection. It consists of an intracranial implantable multichannel sensor,
named “battery-free multichannel sensor” in the figure, which will be connected
to a MEA to acquire the electrical signals from the neuron activity. This implanted
device will be powered via a wireless inductive link from an external unit placed
on the head. The same link will be employed for communication purposes with
such external unit. From here, there will be a communication link with a specific
hub for compiling and processing the recorded brain activity. This communication
mechanism is inspired on the RFID systems, in which a central processor (named
reader) communicates with some close tags by means of inductive links [120]. In
our system, this inductive link is created by the named external unit, which acts as
the reader, and that will be placed in the surface of the skull.
This external unit, which will be built with some passive components and a digital
processor, can be powered with an external battery (as it is placed at the surface
of the skin it can be easily replaced). Moreover, it will implement some low-power
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wireless standard protocol, such as Zigbee or Bluetooth Low Energy, to communicate
with a central processor. This central processor stores the big amount of generated
data, not only from one neurocortical implant, but could manage a network of them
distributed along the brain (building something similar to a body sensor network).
Additionally, it will implement a friendly Graphical User Interface (GUI), from which
an external operator can program, control and monitor all the sensor nodes.
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Figure 6.2: Implantable wireless neurocortical signal acquisition system

This chapter presents the design of the implanted device, the so-called battery-free
multichannel sensor. The schematic of the proposed system is shown in Figure 6.2.
It consists of a 8x8 neural recording array, each of them serially connected to an
Event-Based Processor Unit (EBPU), which stores the information generated by the
channel. The data stored in these EBPUs are read and classified by an embedded
digital processor, which also handles the timing of the implant. A communica-
tion block implements the link to/from the external unit. Additionally, the system
includes one tunable Direct Digital Frequency Synthesizer (DDFS) per row for cal-
ibration purposes. This chapter will describe in detail the design characteristics of
each one of these blocks.

The system can be configured to work under three different operation modes, namely
calibration, signal tracking and feature extraction. Under the first one, the system
performs a self-calibration mechanism to adjust the poles of the band-pass filter
and the gain of the PGA. When the second mode is selected, the neural signal
sensed by each of the channels is sent out as raw data without any compression.
On the other hand, the third operation mode compresses the sensed neural data
by isolating the neural spikes from the background noise and approximating their
shape by means of a Piece-Wise-Linear (PWL) approximation. This PWL extraction
includes information bout the minimum and maximum peak voltages, the threshold
voltages and temporal lengths [61].

Each channel embeds all the needed circuitry to acquire and digitize neural wave-
forms including a Low Noise Amplifier (LNA), a digitally tunable band-pass filter, a
Programmable Gain Amplifier (PGA), an Analog-to-Digital Converter (ADC) and a
local digital processor to detect neural spikes and extract their features. The design
of the first two has been presented in chapter 5 and chapter 4, respectively. It is
important to remark once again that the optimized design of these blocks favors
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the integration of all these circuitry in a very reduced area with a very competitive
performance. This chapter will describe the embedded digital processor, focusing
on the selectable operation modes and the power reduction techniques that were
employed to minimize the energy dissipation.

6.3 Communication protocol

Figure 6.3(a) shows the mechanism for bits encoding, which is based on that used by
the RFID standards [121]. Bit ’0’ has a length of Tb0, half of the time at high level,
and the rest at low level. The duration of this semi-period is called PW. The length
of bit ’1’ encoding is Tb1 = 2 ·Tb0. The duration of the signal at low level is the same
that for the bit ’0’, PW, while the rest of the time the signal is at high level. The
use of this encoding mechanism is particularly useful for the inductive link which is
intended to supply the complete system, as it maximizes the time period in which
the input signal is at high level.
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Figure 6.3: (a) Input data enconding, (b) command data input communication
protocol
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The input frame has always 24-bits, from which the first 5-bits correspond to a
preamble in which there are included the information related to the Reader-to-Tag
calibration mechanisms (RTcal command). The duration of the RTcal is equal to
the length of a data-0 symbol plus the length of a data-1 symbols, both of them
shown in Figure 6.3(a). These symbols define the PIE encoding format used for
the input communication [53]. The next 14-bits includes the command data for the
configuration of the processor, which depends on the selected operation mode. This
later is selected by means of the first two bits of the command data frame, O/M.
In function of the operation mode, the information included in the command data
frame is different:

• Reset (“00”). Reset the complete matrix and channels, including the stored
calibrations.

• Calibration (“01”). There are two different input data frames involved in
the calibration process. The first one is intended to configure the system
to start the calibration process; it includes 6-bits dedicated to the voltage
threshold options (vth_opt), and 6 additional bits which give the option to
skip the filter’s bandwidth auto-adjustment process and force (if the flag f is
selected) a certain value both for the low-pass corner frequency (LP field) and
the high-pass filter pole (HP field). Once the filter bandwidth is calibrated,
the system starts sampling and sending out the neural signal while, at the
same time, calibrates the PGA. This operation is supervised by an external
operator, who validates if the adjusted gain is valid and controls if there is
neural activity in each of the sampled cells. Then, the system receives the
second calibration frame, which includes an 8-bits frame named cell_selection
that codifies which one of the different calibrated cells (the calibration is done
by columns) are valid and if from each one that are declared invalid, it is
necessary to force a certain PGA gain (field f is set to ’1’). If not, the cells
are powered off and disconnected for the rest of the operation modes.

• Signal tracking (“10”). Depending on the value of the field S/T under the
signal tracking mode, the system can be configured either to scan an specific
column (“00”) or a specific row (“01”), either to scan all the channels column
by column (“10”), or row by row (“11”). In case of the first two options, the
explored row/column is specified by the 3-bits field opt. The input neural data
of the channels are sampled at 30kS/s when this mode is selected. When the
system is configured to track all the channels, the effective sampling frequency
of the neural data is divided by 8, i.e., 3.75kS/s.

• Feature extraction (“11”). This command configures all the channels to
extract the most important features of the detected neural spikes. The field
SP specifies the duration of the neural spike, which is used during the feature
extraction operation of the channels. If the flag TH is ’0’, the internally
calculated threshold voltage is used; if it is ’1’, an external threshold voltage
codified by the 7-bits field VTH is used instead.
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The last 5-bits of the input command are reserved for cyclic redundancy check
(CRC) purposes, in order to detect any error derived from data losses during the
communication. The schematic of the CRC generation and check circuit is shown in
Figure 6.4. The input data (including the CRC field) feeds the CRC circuitry. The
CRC passes if the output of the circuit, crc<4:0>, is “00000”.
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Figure 6.4: Schematic for 5-bits CRC generation and check

The output command frame is shown in Figure 6.5. The length of these commands
is 85-bits. They are preceded by an 8-bits preamble with the sequence “01010101”.
The data is included in the following 72-bits and its structure depends on the system
operation mode, which is codified in the first 2-bits (field M ):

• Signal tracking (M=”10”). The sampled data from the channels of the
column/row which is under signal tracking, codified using 8-bits, are put to-
gether, building a 64-bits frame. The field ID_CELL identifies the number of
the first channel of the column/row which is being sampled.

• Calibration (M=”01”). At the end of each calibration process, the cali-
bration data of each cell is sent to the output. The output frame contains
the number of the cell (ID_CELL), the adjusted high-pass and low-pass filter
calibration words (HP and LP), the calibrated PGA gain, and the first esti-
mated threshold voltage, VTH. The rest of the output frame until complete
the 72-bits is filled with ’0’.

• Feature extraction (M=”11”). Each time that the a spike is detected in
one of the channels, the system generates an output frame with the extracted
features, containing the number of the channel, ID_CELL, the magnitude
of the two peak voltages, VP1 and VP2, the threshold voltage used for the
detection, VTH, and the three time slots, ∆1, ∆2 and ∆3. As in the calibration
output frame, the rest of the 17-bits are completed with ’0’.

6.4 Digital system architecture

Figure 6.6 shows the block diagram of the central unit processor. The system is
structured in four well-separated zones: the reception part (blue), the transmission
part (yellow), the data processing (orange) and the channel array zone (green).
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The data from the demodulator is decoded by means of the block Pie Decoder,
which sends the processed data to a Shift Register and a CRC block (CRC 5-bits).
The block Instruction_Rx reads the output data from the Shift Register block and
separates the command field mode and the field opt (which contains the options of
the received instructions), and activates the flag new_data if the CRC is valid.

During data reception, the power supply from the rectifier can become unstable,
because the energy of the system becomes weak and most of it is used to demodulate
the input signal. In order to prevent from possible system failures, the system clock
is disconnected (except the one of the reception part), and the analog part is powered
down. This idle state ends as soon as all the input data is received. Once the system
is restored, the new_data flag is activated after a certain stabilization time, in order
to allow the system to restore from the idle state.

The 4MHz signal clock of the system is obtained from the clock recovery block of
Figure 6.2. This clock is divided by the clk_gen block, which generates two clocks
from the main one, dividing it by 15 (267kHz), which is used for the digital system,
and by 5 (800kHz), which is sent to the channels of the array.

The data processing part is formed by the Central Unit Processor (CUP) and a array
of Event-Based Processor Units (EBPU ), which are the responsible of extracting the
information generated by the neural channels. The block CUP contains the main
processor of the system, which programs both the EBPUs and the array of channels
in function of the selected operation mode by means of the serial data signal cell_conf
and the signals column and row, reads and organize the information received by the
EBPUs and generate the output frames that are sent to the output by means of
the Serial TXON block. The EBPUs are read from the CUP by means of the bus
signal data_received and the address codified by means of the row and column signal
buses. Once an output data frame is ready to be sent, the flag load becomes active,
which enables the block Serial TXON to start serializing the 72-bits signal bus data.
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Figure 6.6: Diagram block of the central unit processor

The serial output data is then encoded by means of the Manchester Encoding block
and, after that, it is modulated by the OOK modulator.

Figure 6.7 shows the functional flow of the CUP processor under different input
operation modes. During the calibration mode, the system calibrates the channel
array column by column. Once the first column is programmed to perform the
calibration process, the channels perform the calibration of the bandwidth filter and
they start sampling and sending out the input neural data to their corresponding
EBPUs. Meanwhile, the central system is prepared to receive the data from the
channels of the selected column. They are grouped and sent out to the output
with the same rate that they are sampled, i.e., 30kS/s. This process is repeated
until the system receives an external signal that enables the following calibration
step, in which the channels finish their calibration process. Once it is finished, they
send to their corresponding EBPUs all the data from the calibration process. The
CUP reads from each EBPU this data and sends it to the output. The calibration
process of the first column finishes when the EBPU of the last channel of the column
is read. The described process is repeated for all the columns of the matrix. When
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Figure 6.7: Functional flow of the system working under different operation modes

the calibration of the last column finishes, the system is considered calibrated.

The signal tracking operation mode is quite easier. If the signal tracking has been
configured for an specific column/row, this column/row is consequently programmed
to work under signal tracking mode, while the rest are kept off. The CUP reads the
sampled signals from the EBPUs connected to the active channels to build output
streams which are sent to the output with a refresh rate equal to the sampling
frequency of the neural signals. In case that the signal tracking mode is configured
to monitor the complete neural array, all the channels are programmed to work
under the signal tracking mode and the EBPUs are sequentially read column by
column. Then, the effective sampling rate of each of the channels is divided by 8
compared to the case in which just one column or row is read, resulting 3.75kS/s.

If the feature extraction mode is selected, all the channels are configured to work
under this operation mode. Each time that a spike is detected in one of the channels,
its most important extracted features are transferred to the corresponding EBPU,
where they are stored. The CUP checks continuously the state of the EBPU registers
to detect which one has a new detected spike. If some new data is detected in one of
them, it is grouped in an output frame and sent out. After that, the CUP continues
checking the rest of EBPUs recursively.
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6.4.1 EBPU array

Figure 6.8 shows the schematic of the EBPU array and the block diagram of one
EBPU. Each EBPU is connected to the output of a neural channel, which send
the output data through the data bus d_cell towards their corresponding EBPU
according to the selected operation mode. As both the neural channels and the
EBPUs are configured to work under the same operation mode (by means of the
instruction bus cell_conf ), the data reception block of each EBPU is adapted to
the nature of the output signals transmitted from the neural channels.

The central processor selects an specific EBPU by means of the row and column
signals. As the EBPUs are not read at the same time by the central processor,
they can share their input and output signals corresponding to the communication
between these two blocks. The multiplexing of these signals is done by means of
tri-state buffers, as is shown in Figure 6.8.

The output signal ebpu_full is activated when a new data is stored in the EBPU and
is ready to be read in the data bus data_out. Once it is read, the signal pull_down is
activated by the CUP and the flag ebpu_full goes down, while the EBPU prepares
to receive new data from the neural cell array.
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Figure 6.8: Schematic of the EBPU cell and the EBPU array

The EBPU cell is formed by a configuration block (ebpu_conf ) that configures the
reception mode of the cell. Note from the block diagram of Figure 6.8 that input
configuration signal is the same that the one sent to the channels. The data buses
row and column, connected to both the cells and the EBPUs, decide the selection of
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the configured cell. Once configured, the shift register included in the block ser_rx is
prepared to receive a certain number of bits (in function of the operation mode) from
the serial data output transmitted by the neural channels. Under the calibration and
signal tracking modes, the EBPUs are just configured to store the output data bits
which result from the calibration process and the neural data sampling, respectively.
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Figure 6.9: Event-based communication during the feature extraction mode

However, under the feature extraction configuration mode, the communication be-
tween the channels and the EBPUs is based on events, as Figure 6.9 shows. Each
time that the channel detects that the input neural data goes above a certain thresh-
old voltage, it sends the first event to its corresponding EBPU, which activates the
time counter. The second event matches with the detection of the first peak voltage.
Then, the channel stores the value of the peak, while the EBPU stores the value of
the time counter, which codifies the time slot ∆1. The detection of the second peak
voltage constitutes the third event, after which the EBPU stores the time slot ∆2
and the channel saves the magnitude of the detected peak. The last event occurs
when the neural signal goes above the last threshold voltage, which sets the last
time slot, ∆3. The detection of the spike ends when the previously configured tspike
expires. After that, the channel sends the magnitude of the detected peak voltages
to the EBPU, which, together with the stored spike time slots, builds the feature
extraction output frame. The advantage of this event-based communication is that
the calculation of the time slots of the reconstructed spike signal is done inside the
EBPUs instead of inside the channels, which saves from an additional counter inside
the channels and minimize the number of data transmitted through the array.

6.4.2 Internal communication

The communication between the central processor and the channels of the array
follows a different protocol that the one defined in the previous section. Let us first
consider the communication from the central processor to the channels (during the
programming of the channels). By means of the row and column signals, the cen-
tral processor selects the channel (or channels) which are going to be programmed.
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Next, it serially sends the programming command, which is only interpreted by the
corresponding cell. All of them are preceded by a ’1’, so the channel can detect
the new incoming data. Again, as Figure 6.10 shows, the structure of the command
depends on the selected operation mode.
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Figure 6.10: Command data output communication protocol

The calibration mode is once again divided in two phases. The first one correspond
to the programming of the cell under the calibration mode, in which it is possible to
force both the high-pass (HP) and low-pass (LP) filter poles positions (if the field
opt is ’1’). The second phase is received once the external operator validates the
HP, LP and PGA calibration and the existence of signal at the input of the neural
channel. If the channel is considered valid (field opt is ’0’), the next 6-bits include
the options for the neural threshold calculation. V_CORR codifies the correction
words which are either summed or subtracted to the calculated threshold voltage,
while UR codifies the threshold voltage update rate. Although it is declared invalid,
it is possible to force a certain PGA gain and keep it active. In other case, it is
directly powered off for the rest of the operations.
Under the signal tracking mode, the programming command just consists of the
operation mode “10”, without any additional options. Once received, the channel
starts sampling, converting and sending out the neural input data.

132



6.4 Digital system architecture

When the feature extraction mode is selected, the central processor sends a command
with the information about the spike duration and the option to force (or not) the
threshold voltage by means of the command field opt.
In order to avoid hold problems in the communication between the central processor
and the channels along a big array like the one presented, they use inverted clocks
for the data communication, i.e., the central processor synchronizes the output com-
mands with the rise clock edge, while the channels synchronize the reception with
the fall clock edge, and vice versa.

6.4.3 Digital power saving techniques

The digital processor constitutes a very important part of the multichannel system.
In fact, although there is not a huge digital processing, the power consumed by
all the embedded digital operations can be huge compared to the optimized analog
front-end if it is not carefully designed. In order to get a low-power solution, some
basic low-power digital strategies like clock gating and adaptive clock frequencies,
have been employed. Other more advanced techniques, such as power gating, power
supply scaling or sub-threshold operations [122, 123], were discarded due to their
complex integration in a digital design synthesis methodology. Nevertheless, the
employed techniques allowed to scale the total power consumption of the digital
system almost a 90%.
Let us start by analyzing the dynamic power dissipation of a digital system. The
average power consumption of a digital gate is given by the following expression:

Pdyn = αfclkCLV
2
DD (6.1)

where fclk is the frequency of the bit transitions, CL is the equivalent load capaci-
tance at the output node of the digital gate, VDD is the power supply voltage and
α is the switching activity factor, which codifies the probability of switching the
output of a certain logic gate between 0 and 1. In a complex system, α and CL will
vary at each of the N nodes presented in the system but, in general, we can say
that the total dynamic power consumption of a digital system depends on these four
parameters. It is then obvious that the clock frequency has a direct impact on the
total power dissipation of the system so if we are able to minimize and adapt it to
the individual requirements of each of the sub-blocks instead of using for all of them
the same clock, we could get a high reduction in the total power consumption.
Furthermore, observing the schematic of the digital system depicted in Figure 6.6,
we realize that there are many blocks which keep an idle state most of the time. For
example, this is the case of the reception and transmission blocks (and the ones for
the external and internal communications) and the partially inactive EBPUs and
channels (in function of the operation mode). For this cases in which the digital logic
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can easily know which of the blocks will be idle, it is possible to implement gated
clocks. According to this technique, each of the sub-system clocks are controlled
by means of a signal that enables or disables the input clock. In the case of the
presented multichannel digital processor, this enable signals are generated in most
of the cases by the CUP block. In any case, inside each of the sub-blocks there can
also be some internally-controlled clock-gated parts.
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clk_cg

clk
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glitch(a)
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Figure 6.11: Clock gating: (a) AND gate, (b) latch-based cell

The clock gating technique requires the use of dedicated cells to avoid glitches in
the output gated clocks, as is explained in Figure 6.11(a). The use of a enable
signal directly multiplied by the clock signal can derive in spurious glitches if there
is a small delay between these two when, for example, the enable signal goes down
(which is pretty usual if the enable signal is controlled by a FSM clocked by clk).
These small glitches in the signal clock can lead into metastability problems in the
sequential blocks fed by the gated clock, which probably derive into a global failure
of the system.
In order to avoid this problem, a dedicated clock gating cell similar to the one shown
in Figure 6.11(b) should be used instead. The enable signal crosses a low-level active
latch controlled by the clock signal to be gated. The output of this latch is then
multiplied by the same clock signal, which results into a clean gated clock. This
technique guarantees that the enable signal is synchronized with the rise edge of the
main clock, freeing from any spurious the gated signal clock clk_g.
Table 6.1 summarizes the clock management of the central processor. The input
reference clock (4MHz), extracted from the RF input, is divided by means of the
block clk_div, which distributes the generated clock signals to the rest of the system
clocks. The maximum clock frequency is reserved only for the blocks that are in
charge of the input and output communication. The rest of the system blocks use
a 267kHz clock (fclk/15), which is more than enough to perform the intended data
processing and allows a huge reduction of the total power consumption. In case of
the counters embedded in the EBPU cells, the main clock frequency is divided by
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Table 6.1: Timing of the system blocks

System Block Clock Frequency Enable Signal Active

CUP clk_sys fclk/15 NOT (pie_in) Always except data rxon

Pie_Decoder clk_pie fclk pie_in During data rxon

Serial TXON clk_tx fclk load During data txon

EBPU cell

ebpu_conf clk_conf fclk/15 en_ebpu During cell configuration

ser_rx clk_rx fclk/15 en_rx During cell operation

8b_counter clk_count fclk/60 en_count During feature extraction

60 (66.7kHz clock), in order to get 8-bits of time resolution when measuring the
extracted spike time features.
The CUP is active during all the time except when an input command is being
received (when it is disconnected to save energy). The rest of the block’s clocks
are only active when they are strictly needed. This is specially relevant in the
case of the external communication blocks, whose clock frequency is the highest
one. In case of the EBPU cells, they are only active when their corresponding
channels are performing some signal processing. For example, during calibration
or signal tracking modes, where only 8 of the 64 channels are active at the same
time, the clocks of the inactive channels (and their corresponding EBPUs) are kept
disconnected. Due to the high number of registers included in these blocks, the
power consumption reduction is extremely relevant.

6.5 Calibration

As it has been previously stated in the different sections of the text, the presented
channel require a post-fabrication calibration process to adjust their parameters,
which are basically the position of the BP-filter frequency poles, the gain of the PGA
and the threshold voltage. In this section we are going to study the calibration of the
filter poles and the PGA gain. In most designs that we can find in the literature,
the calibration of these parameters is manually done (it is needed to perform a
channel-by-channel manual calibration). However, this method requires a lot of
time and could be unfeasible in those systems where the number of channels is very
big. Moreover, this process should be periodically repeated in order to adapt it to
the possible environmental changes. Obviously, this method is completely discarded
for implanted systems.
In order to solve this issue, this section aims to present foreground automatic pro-
cesses to calibrate the pole positions and the PGA gain.
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6.5.1 Pole positions of the BP-filter

The position of the poles in the BP-filter, which depend on the value of integrated
capacitances and the equivalent resistance of a chain of CMOS transistors work-
ing as pseudoresistors, are highly affected by the PVT variations, as was stated
in chapter 5. In order to correct these variations, both the pseudoresistors and
the load capacitors include some digital input words to adjust their values and, in
consequence, the equivalent bandwidth. In the case of the implanted filter, for ex-
ample, we have implemented three bits of control for the position of the HP pole
(HPctrl < 2 : 0 >) and two bits for the LP pole (LPctrl < 1 : 0 >).

The proposed automatic calibration process is illustrated in Figure 6.12. It consists
of three stages and, although the figure specifies the calibration words available in
the implemented system, it can be extended to any other application. The basic
idea is to measure the attenuation at the output of the filter for an input signal fre-
quency close to the intended pole position, and adjust the programmable bandwidth
in the correct position. The proposed method only needs a frequency controlled sig-
nal generator (FCSG), able to generate a sinusoidal signal with a programmable
frequency.
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Figure 6.12: BP-filter calibration process

The calibration process starts by programming both the HP and LP control words
to adjust the filter at the maximum bandwidth and tuning the FCSG at an in-band
frequency. Then, the system measure the amplitude of the digitized filter output
response and stored this value as the reference voltage for the next steps.

During the next step of the calibration process, the FCSG is tuned to generate a
signal with a frequency equal to the intended LP pole. The filter bandwidth is
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adjusted to set the digital word calibration of the LP pole at the lowest value, while
the calibration word of the HP pole keeps as minimum as possible. After that,
the system measures the amplitude of the output digitized signal and compares it
with the stored reference voltage. If it is higher than the 75% of this reference
value (which means that the configured frequency pole is above the desired one),
the iteration finishes and the LP control word is stored (it is set to the minimum
configurable frequency pole). In case that the measured amplitude is lower that
the 75% of the reference value, the LP control word is moved to the immediately
superior configurable pole position, and the same iteration is repeated until the
measured output amplitude is higher than the 75% of the reference voltage. In this
case, the chosen calibration word depends on which amplitude was closer to the
75% of the reference value; either the current one or the last one. Obviously, in case
that the LP pole control word reaches its maximum value and the condition is not
satisfied, the control word is calibrated to the maximum value.
The last step of the calibration process calibrates the HP control word following the
same procedure that the one explained for the LP pole position. First, the FCSG is
configured to generate a sinusoidal signal with a frequency close to the desired HP
pole position. Second, the HP pole is set to the maximum configurable frequency
position, while the LP corner is set to the calibrated position. Then, the system
compares the amplitude of the digitize output response with respect to the 75% of
the reference voltage in order to detect if the selected HP position is the correct one.
If not, the pole position is successively decreased until the condition is achieved,
following the procedure described above for the LP pole frequency calibration.

6.5.2 Frequency controlled signal generator

The block that generates a frequency controlled signal, which is needed to calibrate
the pole positions of the BP-filter, can be implemented in many different ways.
In this section we will present two different options. The first one consists of a
triangular wave generator which, after filtering, is transformed into a sinusoidal
signal. The second option is formed by a digital ROMwhich contains various samples
corresponding to a sinusoidal signal which, after reading them out with a certain
frequency and transforming into analog by means of a DAC, conform a frequency-
controlled signal.

6.5.2.1 Triangular wave generator

Figure 6.13 shows the schematic of the frequency-controlled triangular wave gener-
ator used to synthetize the frequency-controlled signal used during the calibration
process of the BP-filter bandwidth. It consists of a charge pump that charges and
discharges a load capacitor by means of a certain current. The charge and discharge
frequency is directly controlled by the frequency of the input clock, so it is easy
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to tune the frequency of the output signal. After that, a BP-filter eliminates the
out-of-band spurious, in order to maximize the synthesized frequency signal tone.
Once the signal tone is filtered and isolated, it is driven by means of an attenuator,
which scales its amplitude down to the filter input signal swing.

Charge 
Pump

clk out

b1
b2

÷4

BPF

b1

÷140

ATTENUATOR

Vout

Figure 6.13: FCSG based on a triangular wave generator

Figure 6.14(a) shows the schematic of the charge pump which generates the trian-
gular signal wave in Figure 6.13. The dashed region represents the biasing circuitry,
that controls the current references employed to charge and discharge the load ca-
pacitors. It can be seen that there are two digital bits, b1 and b2, which adapt
both the size of the capacitive load and the current reference to the selected input
frequency, in order not to saturate the voltage output. The BP-filter is depicted in
Figure 6.14(b). It follows a resistive-capacitive feedback architecture. The midband
gain is obtained by the ratio of the input and feedback capacitor, that, as can be
seen in the figure, divides by 4 the input amplitude. The high-pass pole is set at a
very low frequency by means of the high resistivity obtain through the pseudoresis-
tor formed by the subthreshold feedback transistors. The low-pass pole is adjusted
by means of the transconductance of the opamp and the load capacitance. Con-
figuration bit b1 is employed to set a lower LP pole when a low-frequency signal is
generated. The schematic of the attenuator is shown in Figure 6.14(c). It consists
of an opamp in buffer configuration with a resistive voltage divider at the output,
which attenuates by 140 the input voltage. This attenuation, together with the
division by 4 performed in the BP-filter, is enough to adjust the generated signal
amplitude to the BP-LNA input signal swing.

6.5.2.2 Direct digital frequency synthesizer

The main problem of the signal generator presented in the previous section is that
both the current references and the load capacitances of the charge pump have to
be previously scaled according to the intended frequencies to be generated, which
reduces the flexibility of the solution for a bigger range of frequencies. Moreover,
mismatch errors can induce variations in the amplitudes between the signals with
different frequencies, which leads to errors in the calibration process.
Then, in order to solve these drawbacks, the direct digital frequency synthesizer
presented in Figure 6.15 is used instead. It consists of a read-only memory (ROM)
that stores samples of the semi-period of a sinusoidal signal, from the lowest value
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Figure 6.15: Schematic of the direct digital frequency synthesizer

to the highest one. The positions of the memory are sequentially selected with
a certain frequency, from the first to the last, going over all the samples in both
directions. It generates a sinusoidal output signal with a frequency fs/2 ·N , where
fs is the frequency used to read the memory positions and N is the total number of
samples stored in the ROM. The synthesized sinusoidal digital signal is converted to
analog by means of a DAC. The output of the DAC is then attenuated and filtered
by means of the last block depicted in Figure 6.15.

Simulations demonstrated that 6-bit of resolution for the ROM (and, consequently,
for the DAC) was high enough for the proposed solution. A complete period of the
synthesized sinusoidal signal will have a total of ten samples. Then, as the ROM
only stores a half-period of the desired signal, it will just contain 5 positions of
memory. Simulations showed that it was enough to complete the calibration process
described in the last section.
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Figure 6.16: Schematic of the bit shift register for ROM memory positions bits

Figure 6.16 shows the schematic of the bit shift register that controls the bits of the
ROM address input. This block sweeps the bits one-by-one and once it arrives to
the end, it starts sweeping in the opposite direction, repeating the process along the
time. The result is that all the ROM positions are selected, building the sinusoidal
output signal.

Vout<0> Vout<1> Vout<2> Vout<3> Vout<4> Vout<5>
enable
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Figure 6.17: Schematic of the ROM that stores the semi-period digital values of
the sinusoidal signal

Figure 6.17 illustrates the schematic of the ROM that stores five samples corre-
sponding to a semiperiod of a 6-bit digitized sinusoidal signal. It is important to
note that the input bits are inverted with respect to the bits generated by the shift
register (not shown in figure). When the enable signal is at high level, the output
bits of the ROM are invalid. Once it is switched to a low level, the ROM starts
working. The input address bits are connected to the nMOS transistors distributed
along the ROM. Each row of transistors represent a memory position, while each
column represent an output bit. The presence of a transistor in a certain position
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of the ROM is translated as a ’1’ in the output when its position is selected, while
its absence is a ’0’.
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Figure 6.18: Schematic of the 6-bit pMOS R-2R ladder-based DAC

Figure 6.18 shows the schematic of the 6-bit DAC used to convert the digital output
signal of the ROM. It is a R-2R ladder DAC implemented by means of pMOS
transistors [124]. The structure is supplied by means of a 50nA reference input
current connected to the Vref input. A certain input digital word controls the pMOS
transistors, which connect the different nodes of the DAC either to the output node
or to the common-mode voltage node, Vcm, dividing the input current in function of
the digital input. Load resistor R converts the divided current into an output voltage
and, together with the load capacitor C, implements a LP filter. This structure
achieves low-power consumption and low-area occupation, being very suitable for
the presented application.

The output attenuator is implemented by means of the same schematic that the
one depicted in Figure 6.14(b), through a BP-filter in which the voltage attenuation
is given by the ratio between the input and feedback capacitances. The LP pole
is adjusted in a lower position for the low-frequency generated signals, in order to
remove their spurious harmonics.

6.5.3 Programmable gain amplifier calibration

The amplitude of the input signal depends on a lot of factors that are difficult to
predict a priori: the position of the electrode with respect to the neural signal source,
the amplitude of the signal, the degradation of the electrode, etc. The function of
the PGA is to adjust the amplitude of the filtered and pre-amplified neural signals
in order to maximize the input signal swing of the ADC. This section explains two
PGA calibration processes: one is completely autonomous, while the other needs an
external monitoring.
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Figure 6.19: Functional flow of the PGA calibration with external monitoring
process

6.5.3.1 PGA calibration with external monitoring

Although the position of the poles can be adjusted as a foreground process because
they are independent on the input signal (in fact, the objective of the calibration
is to compensate the process variations derived from the fabrication process), it is
not the case of the PGA control, which depends on the input signal. The maximum
amplitude of the neural signals usually takes place when a neural spike occurs. As
the neural signal can have long-time silent periods, in which no spike occurs, it is not
feasible to perform a foreground calibration without the interactivity of an external
operator, which validates that the output neural signal has enough spike activity
to confirm the PGA calibration. Then, the proposed PGA calibration process will
send out the digitized output signal, while at the same time runs a process to detect
the saturation of the signal.
The calibration process is illustrated in Figure 6.19. It starts selecting the maximum
gain of the PGA and reducing the gain each time that the output signal is saturated.
Once the external operator considers that the PGA is correctly calibrated in function
of the normal activity of the input neural signal, it sends a command to the system
to end the calibration process and validate the PGA gain, or, in case that it is not
consider as valid, force a certain calibration word.

6.5.3.2 PGA auto-calibration

The filter bandwidth calibration process includes the calibration of the PGA at the
beginning of the procedure, as Figure 6.12 illustrates. In this case, as the input
is a sinusoidal signal, it is sure that the maximum amplitude will be reached in a
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Figure 6.20: Functional flow of the PGA auto-calibration process

known time interval, so it is not necessary to interact with an external operator to
validate the calibration process. In this case, the calibration follows a binary search
algorithm, similar to the one employed for the ADCs. Figure 6.20 illustrates the
functional flow for a 3-bits PGA control word.

6.6 Channel architecture

Each of the channels that are part of the neural system has to fit in the electrode
pitch area of the commercially available multielectrodes [18]. Due to the high area
efficiency of the main building blocks developed along this work (essentially the LNA
and the PG-ADC), it is possible to integrate all this circuitry in this shrink area.
As it has been stated along the text, the presented work also intend to perform
most of the functionalities in-channel. These functionalities go from the calibration
to the neural data compression operations, which consist of the spike detection and
feature extraction operations. Moreover, each channel should include a small digital
processor that allows the communication with the rest of the system (receive and
interpret commands, program the blocks, send the data, etc) and a pad to connect
with the microelectrode (by means of a flip-chip mounting).

In the first part of this section, two different channel architecture approaches are
going to be described in function of the employed spike detection method: one uses
an analog comparator, which detects if the neural signal goes above a programmable
threshold voltage, while the other configuration implements a digital processor to
detect the neural spikes, which embeds an adaptive voltage threshold detection
algorithm.
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6.6.1 Neural channel with analog spike detection
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Figure 6.21: Neural cell architecture with analog voltage threshold detection

Figure 6.21 shows the architecture of the channel architecture with an analog-based
neural spike detector. The channel consists of a band-limited fully-differential BP-
LNA, followed by a reconfigurable binary search-based ADC that embeds a PGA,
a SC window comparator, a spike feature extractor and some digital circuitry for
programming, calibration and control. The input of the BP-LNA can be switched
among the neural electrode and a frequency-controlled signal used to calibrate the
BP-filter bandwidth. These switches are implemented on deep n-wells to improve
the noise isolation from the silicon substrate. The clock reference of the channel,
fclk, is 1MHz.

The BP-filter is designed to have a nominal bandwidth between 200Hz and 7kHz, as
chapter 5 describes. 5-bits are used to adjust the filter poles positions and compen-
sate the deviations from the nominal values caused by the PVT variations, 3-bits
for the high-pass pole and 2-bits for the low-pass pole. The PGA integrated in the
ADC architecture has 3-bits of control, being adjustable between 1 and 8 in steps
of 1. The ADC shows 8-bits of effective resolution, while it is optimized to work
under two sampling frequencies: 30kS/s and 90kS/s, as was presented in chapter 4.
In this structure, the ADC was modified to be able to work as a simple S&H, pow-
ering down all the conversion circuitry (dashed zone in Figure 4.3(a)), but keeping
the PGA capabilities. It is specially useful when the neural spike is being detected
using the analog comparator, because any conversion operation is needed.

The channel can be configured under three different operation modes: calibration,
signal tracking and feature extraction, which will be described in the following sub-
sections. In order to save energy, the digital processor of the channel disconnects
(either totally or partially) those blocks that remain idle during each operation mode,
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by means of power gating techniques. On the other hand, the clock frequencies of
the different blocks are divided in order to reduce the dynamic power consumption.

6.6.1.1 Calibration

The calibration mode performs the operations described in section 6.5 to adjust
the filter bandwidth and the PGA gain. The calibration process starts by connect-
ing the input switch to the FCSG that follows the analog approximation shown in
Figure 6.13, the ADC is configured to work at 30kHz of sampling frequency and
both the windows comparator and the spike feature extractor logic are powered off.
The system starts calibrating the BP filter following the process flow depicted in
Figure 6.12. First, the FCSG generates a 1kHz (fclk/210) sinusoidal signal to set the
reference voltage. After that, the system programs the FCSG to synthesize a 200Hz
(fclk/5 · 210) input signal and adjust the HP pole. To calibrate the LP pole the
system creates a 7.5kHz (fclk/27) and the ADC is set to work at 90kS/s sampling
mode. After that, the LP pole is calculated and the BP-filter bandwidth is adjusted.
The calibration of the PGA starts by connecting the input switch to the neural
electrode and the ADC samples at 30kS/s. The calibration process is complete
following the procedure explained in section 6.5.

6.6.1.2 Signal tracking

Under this operation mode the raw neural signal is extracted with no additional
digital processing. Hence, the input signal switch is configured to capture the signal
from the neural electrode, which is first conditioned by the BP-LNA (previously
calibrated by the calibration process). The ADC digitizes the acquired signal with a
sampling rate of 30kS/s. The digitized signal is serially sent to the output without
any additional processing. All the circuitry that is not active during this mode is
powered down.

6.6.1.3 Feature extraction

The objective of this operation mode is to extract the most important features of
the neural cell to reduce the output data bitrate of the system. The method to
compress the neural data consists of approximating the neural spikes with a PWL
shape. First, during the spike detection phase, the input switch connects the neural
electrode with the BP-LNA to adapt the neural signal. The ADC is configured
to work just as a PGA S&H, sampling the output of the LNA at 100kHz, and
amplifying it according to the gain set during the calibration process. During the
hold phase, the output is compared with a certain threshold voltage to detect the
neural spikes by means of the window comparator. In order to save energy, the idle
circuitry is powered off.
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Figure 6.22: Digital flow of the spike feature extraction mode

The digital flow of the complete process is shown in Figure 6.22. Once the window
comparator detects that the neural signal has gone above (or below) the threshold
voltage, the system changes to the spike processing phase. The ADC starts convert-
ing the output of the BP-LNA at 90kS/s, while the window comparator is powered
off. Then, the system activates the digital circuitry to extract the most important
spike features, according to the graph shown in Figure 6.23(b).

This approximation employs a total of 56-bits (7 words of 8-bits each) to represent
the detected neural biphasic spikes (as the one shown in Figure 6.23(b)). When the
detected spike is monophasic, only 24-bits are used to codify it.

The system looks for the maximum and minimum peak voltages (Vpmax and Vpmin,
respectively), which, together with the temporal information about the spike-events
time slots, constitutes the extracted features. ∆1 represents the duration between
the threshold voltage (positive or negative) and the corresponding peak (positive
or negative) and ∆2 contains the temporal information of the total duration of the
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corresponding phase (positive or negative). In case of biphasic spikes, ∆3 codifies
the time slot between the two phases. It is important to note that if during a spike
there are two or more peaks of the same sign, the system always selects the biggest
one. Once the digital circuit detects that the threshold voltage has been reached
again, the spike processing phase ends and the spike detection phase starts again.
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Figure 6.23: Spike feature extraction: (a) spike detection, (b) spike processing
phase

6.6.1.4 Window comparator

The window comparator detects a neural spike when the differential output of the
S&H PGA goes (in absolute value) above a certain threshold voltage configured by
means of the 7-bit digital word Vth. Figure 6.24 shows the schematic of the window
comparator. It is a switched-capacitor implementation which requires two compara-
tors; one detects the sign of the sampled signal and the other detects the occurrence
of the spike. The first one reuses the comparator of the ADC (which is disabled
during the spike detection phase), while the second one is implemented using the
same dynamic-latch architecture presented in Figure 3.2. The comparison phase
starts by storing the analog threshold voltage in the input capacitors with opposite
signs. In the next phase, the differential output of the S&H PGA is connected to
the input capacitors in function of the detected sign. Thus, the compared voltage is
|Vip − Vin| − 2 · Vth, in order to detect both the positive and negative spikes. Note
that, as the threshold voltage is multiplied by two, the input digital signal has to
be divided by two and, consequently, the system only needs a 6-bits DAC.
The employed DAC follows a 6-bits R-2R resistive current divider structure with
pMOS transistors, like the one depicted in Figure 6.18. This architecture achieves
the required resolution with very low area occupation and a minimum power con-
sumption. Simulation results show that the output noise voltage of the resistive
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Figure 6.24: Schematic of the window comparator: (a) sign spike detector, (b)
signal waveform, (c) window comparator

DAC is around 450µVrms, similar to the 475µVrms output power noise of the LNA,
which makes this design suitable for the application.

The power consumption of the window comparator and the DAC is 200nW.

6.6.2 Neural channel with digital spike detection

Figure 6.25 shows the schematic of the neural channel architecture with digital spike
detection. It consists of a BP-LNA and a PG-ADC, similar to the ones described in
chapter 5 and chapter 4, respectively, a digital processor to program the cell blocks,
detect the spikes, extract the spike features and calibrates the cell, a DDFS similar
to the one presented in section 6.5, and an input switch at the input of the LNA.
This switch is implemented in a deep-nwell substrate to isolate it from the substrate
noise.

The features of the BP-LNA and the PG-ADC are the same that the one described
in subsection 6.6.1. However, opposite to this solution, the PG-ADC always has
the conversion capabilities enabled. As in the analog version, the channel can be
programmed under three different configuration modes: calibration, signal tracking
and feature extraction.
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Figure 6.25: Neural cell architecture with digital voltage threshold detection

6.6.2.1 Calibration

The objective of the calibration mode is to adjust automatically both the filter
bandwidth and the PGA gain by means of the calibration procedures described in
section 6.5. The digital flow followed to complete this mode is shown in Figure 6.26.
First, the input of the DDFS, whose schematic is shown in Figure 6.15, is selected.
Then, the BP-filter is calibrated following the flow shown in Figure 6.12. Both for
the calculation of the reference voltage and the adjustment of the HP-pole, the
ADC works at 30kS/s. When the LP-pole is under calibration (the last part of the
BP-filter calibration process), the ADC is configured to work at 90kS/s.

The calibration of the PGA follows the digital flow shown in Figure 6.19. It starts
connecting the input switch to the neural electrode and ends once the external oper-
ator considers that it is calibrated. After that, the channel calculates the threshold
voltage following the Equation 6.2 and stores it for the feature extraction mode.

6.6.2.2 Signal tracking

Under this operation mode the raw neural signal is extracted with no additional
digital processing. Hence, the input signal switch is configured to capture the signal
from the neural electrode, which is first conditioned by the BP-LNA (previously
calibrated by the calibration process). The ADC digitizes the acquired signal with a
sampling rate of 30kS/s. The digitized signal is serially sent to the output without
any additional processing.
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Figure 6.26: Digital flow of the neural cell calibration

6.6.2.3 Feature extraction

The objective of the feature extraction mode is to detect the neural spikes and extract
from them their most important features. The method presented in subsection 6.6.1
employed an analog comparator which detected a neural spike if the neural signal
went above a certain threshold voltage. However, the threshold voltage was not
adaptive, but it had to be externally programmed. This method had several draw-
backs that reduced the probability of detection if the background noise conditions
would change along time.
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Figure 6.27: Adaptive neural threshold voltage detector. The red line represents
the calculated threshold voltage, while the yellow line shows the noise level of the
neural signal

In this architecture, the neural threshold voltage Vth is adaptively calculated by
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means of the following expression:

Vth = G ·

N∑
i=1

Vsig(i)

N
± Vadj (6.2)

where G is a programmable gain factor that multiplies the mean voltage of the
acquired neural samples, and Vadj is a programmable fine voltage adjustment to
have a better control of the calculated threshold. As we will see in the following
sections, these adjustments, together with the number of samples N , are set during
the configuration of the cell.
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Figure 6.28: Digital flow of the feature extraction mode

The digital functional flow is shown in Figure 6.28. When the feature extraction
mode is selected, the system configures the input switch to be connected with the
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neural electrode. The ADC works at the 30kS/s sampling mode, while the gain of
the PGA keeps the value that was set during the calibration process.

During the spike detection process, the input neural signal is continuously analyzed
and the threshold voltage is calculated by means of Equation 6.2. If the neural
signal is under this threshold voltage, it is considered as noise. Once it goes above
the calculated threshold, it is considered a neural spike, and the system enables the
spike processing mode. The evolution of the adaptive threshold voltage during the
spike detection process is illustrated in Figure 6.27, in which a neural signal with a
variable noise level is used. The red line represents the evolution of the threshold
voltage, while the yellow line delimits the noise level of the neural signal. As can be
seen, the calculated threshold voltage is slightly above the noise level, evolving with
it.
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Figure 6.29: Spike feature extraction with digital spike detection

During the spike processing mode, the ADC sampling mode is changed to 90kS/s,
in order to increase the resolution during the extraction of the spike features. The
adaptive threshold voltage process keeps running, but, in order to keep the same
conditions that during the spike detection mode, just one of each three samples is
considered in the calculation.

The feature extraction mechanism is illustrated in Figure 6.29. In this case, the
spike duration is configurable by means of a programmable variable, tspike. The
system extracts the values of the maximum and minimum voltages, as well as three
temporal variables, ∆1, ∆2 and ∆3, which codify the time passed from the beginning
of the spike (i.e, when the threshold voltage is reached) to the first peak, the second
peak and the last threshold voltage, respectively. The inclusion of a variable to
codify the spike duration eases the spike sorting flow. In case that the spike is
monophasic, the second peak will be smaller than the threshold voltage. In this
case, the variable ∆3 is made equal to the configure spike time, as the last part of
Figure 6.28 illustrates.
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6.6.3 Digital processor

Figure 6.30 shows the block diagram of the digital processor included in the channel
version described in subsection 6.6.2. It consists of a serial receiver block which re-
ceive the commands from the central processor, a cell unit processor that interprets
these commands and configure the rest of the channel blocks, and three indepen-
dent blocks that process the channel operations (calibration, feature extraction and
voltage threshold detection). Finally, a serial data output sends out the processed
signals to the central processor.

Both the data rate and the clock operation frequency of the system blocks are
fclk/15 (267kHz). However, the received clock is fclk/5 (800kHz), because it is
needed to configure the analog-to-digital converter to work at the required sampling
frequency. The cell includes a clock divider inside the Timing Unit block which,
from the received clock, extract the rest of sub-frequency clocks and distribute them
along the rest of the channel blocks.

This section explain in detail each of the digital blocks that compound the digital
processor of the channel.
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Figure 6.30: Block diagram of the digital channel processor
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6.6.3.1 Serial data receiver

This block has four inputs: the clock signal, the command serial data, and the
column and row active signals. The first two are shared by all the channels of the
matrix, while the last ones are shared by the channels of the same column or row,
respectively. When the central processor sends an instruction to the channels, it
activates the corresponding column and row signals in order to activate the desired
channel (or channels). Therefore, the serial data receiver embedded in each of the
channels only interpret the received data in case that both signals are activated.
While the data is being received, the digital logic detects by means of the first
two bits the command mode and prepares the system to receive the correspond-
ing command data. Once the command is received, the block activates the signal
new_instr, while both the mode and the command data (opt) are readable by means
of the corresponding registers outputs.

6.6.3.2 Cell unit processor

This block checks continuously the input signal new_instr to detect if a new in-
struction has been received.
When a new command is received, the operation mode is read from the serial data
receiver block and, in function of the selected operation mode, manages the enable
signals of the system blocks, as well as the control signals of the analog processing
(fe_en, which sets the sampling mode of the ADC and ana_power, which controls
the power down of the analog circuitry in the cell). In order to save energy, the
clocks of the different sub-blocks are disconnected if they are not working (clock
gating).
The serial data output block is configured by means of the signal mode_out. When
the data is sent out, it is notified to the central processor with the signal data_sent.
The output data is directly sent by the corresponding blocks.
During the calibration process, it first configures the calibration block to adjust
the HP and LP poles of the filter. Once they are configured, the systems starts
sending the neural data at 26.7kS/s, as in the signal tracking mode. At the same
time, it configures the PGA to be adapted to the neural signal. Starting from the
maximum gain word, it detects if the output signal is saturated. If it occurs, the
PGA gain is automatically decreased by one LSB. The objective is the system to be
monitored by an output observer who will see if APs are really shooting, as well as
their amplitude and the PGA gain is being calibrated. Hence, the system waits for
an output signal to finish the calibration process. In this second iteration, the PGA
gain can be forced.
The rest of operation modes work independently without any other iteration with
the central processor. In any case, the working can be either stopped or changed
with an external instruction.
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6.6.3.3 Calibration processor

This block is activated by means of the input signal cal_on. It follows the cali-
bration process described in subsubsection 6.6.2.1. The output signals twg_clk and
twg_sw control the frequency of the sinusoidal signal generated by the DDFS and
the position of the input switch, respectively. From the schematic of Figure 6.15, it
is clearly seen that the generation of the sinusoidal signal requires a input clock fre-
quency 10 times higher than the desired one. Then, for the specific case of the filter
bandwidth calibration between 200Hz and 7kHz, the following clocks are extracted
from the system clock frequency fclk/15 (267kHz):

• fclk/60 (6.67kHz): It generates the 6.67kHz sinusoidal frequency to adjust
the LP pole.

• fclk/240 (16.67kHz): It is used to synthesize the 1.67kHz sinusoidal signal
employed to get the mid-band reference voltage.

• fclk/1920 (2.083kHz): It generates the 208.3Hz sinusoidal signal valid to ad-
just HP pole.

The calibration block receives the ADC output word from which it extracts the
amplitude of the LNA output signals used to complete the calibration of the pole
positions. For that, the calibration block implements a FSM to complete the digital
flow depicted in Figure 6.12. To this end, it is necessary to implement a complemen-
tary digital process to adjust the PGA gain during the first step of the calibration
process, similar to the one shown in Figure 6.20.
Once the BP-filter bandwidth is adjusted, the system connects the neural signal
to the input of the BP-LNA, adjust the PGA to the maximum gain position and
starts sending out the sampled signal to the output at a constant bitrate (30kHz).
Meanwhile, it detects any overload at the output of the ADC to reduce the PGA
gain. The system continues under this operation mode until a new command is
received. Once it is received, it actives the threshold detection block to get the
estimated neural threshold voltage and sends it out together with the resulting
calibration words (HP, LP and PGA) by means of the serial data output block.
In both cases (BP-filter bandwidth and PGA gain), it is possible to impose an
external configuration word and skip the calibration process.

6.6.3.4 Voltage threshold detection block

The voltage threshold detection block calculates the neural threshold voltage ac-
cording to Equation 6.2. It is activated during the last phase of the calibration
process and during all the feature extraction process. As it has been explained
at the beginning of this section, the samples are directly evaluated with the same
refresh rate that the one used during the spike detection phase. Once the system
jumps into the feature extraction phase, where the sampling phase is increased, the
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voltage threshold detection block just selects one of each three samples converted
by the ADC (the input signal fe_en_fe is used for that). The calculated threshold
voltage is directly connected with the feature extraction block.

6.6.3.5 Feature extraction block

This block is activated during the feature extraction mode and completes the digital
functional flow depicted in Figure 6.26. The neural spikes are detected comparing
the input neural signal with respect to the neural threshold voltage calculated in the
voltage threshold detection block. The communication with the central processor is
based on events, as Figure 6.31 shows. In the figure we can distinguish between the
events sent from the feature extraction block to the serial data output block (black),
and the ones sent by the serial data output block to the system central processor
(red).
When a neural spike is detected, the system sends an event “10” to the central
processor through the serial data output block. Once it is received, the central
processor starts a counter for the event time steps. Each time that a new event
occurs (peak voltage detected, end of the spike ...), the channel sends an event to
the central processor, which stores the corresponding time steps. Each transition is
codified by means of the command “10”. If a new spike, higher than the detected
one, takes place, it is codified by the command “11”, as is illustrated in the diagram
flow. Once the spike ends, the serial data output block sends the calculated peak
voltages, together with the threshold voltage, to the central processor, where they
are associated with their corresponding time values.

wait_event

det_spike

det_peak

“10”“11”

“01” “10”

2nd peak

sent_feat_data

“10”

“01”

“11”
“10”
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“xx”: data sent to the serial state machine

“xx”: data sent to the output

Figure 6.31: Diagram flow of the feature extraction event-based communication
between the feature extraction block and the serial data output block (black),
and the events commands sent through the neural matrix to the central processor
(red)

6.6.3.6 Serial data output block

The serial data output block is the responsible of serializing the data processed by the
neural cell through the multichannel neural array towards the corresponding EBPU
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(see Figure 6.8). The sent data depends on the selected mode, so it is adapted to
the kind of data frame generated by the different building blocks. Therefore, for the
calibration mode this block is configured to send first all the data generated from the
ADC and, once the filter bandwidth is correctly adjusted, to send the information re-
lated to the calibration parameters (LP, HP and PGA configurations, together with
the calculated threshold voltage). When the system is configured to work under the
feature extraction mode, the data shift register follows the event-based communica-
tion protocol, in which the diagram flow that synthesized the communication of the
feature extraction block and the serial data output block is depicted in Figure 6.31.
The operation mode of this block is configured through the cell unit processor, while
both the data to be sent and the shift register’s configuration signals are provided
by the corresponding building blocks.

6.6.3.7 Clock management and power optimization

As in the design of the central digital processor, the power reduction strategy in
the channel processor is focused on the reduction of the clock activity by means of
gated clocks and optimized clock frequencies. In this case, the block Timing Unit
depicted in Figure 6.30 is in charge of generating the different clocks of the channel
blocks, including the input clock of the PG-ADC.
At this point, it is important to remark that the input clock of the channels is
provided by the central processor, which extracts it dividing by 5 the fclk = 4MHz
output of the clock recovery circuit, i.e., the channel’s input clock is fch = 800kHz.
As this clock is used to generate the rest of the clock signals employed in the channel’s
digital processor, including the serial data communication blocks and the PG-ADC,
it is important to take special attention in their generation and synchronization.
The protocol used for the communication among the central processor and the chan-
nel array was detailed in subsection 6.4.2. The frequency of the clock employed in
this serial communication is fclk/15 = 267kHz, three times slower than the one re-
ceived by the channels. Then, in order to guarantee a synchronized communication
between the EBPUs and the digital channels, the same divider-by-3 logic (with the
same input clock) is included in both the central processor and each of the channel
processors, being reset at the same time. Consequently, both generated clocks will
have synchronized rise and fall edges. In order to avoid hold errors in the serial
communication, the clock signals of the reception and transmission blocks included
in the channels are inverted.
The generation of the PG-ADC input clock requires a careful design. According to
the explained cell architecture, the PG-ADC input clock depends on the selected
sampling mode (controlled by the signal fe_en). In case that the maximum sampling
mode is selected (90kS/s), clk_adc has to be connected to input channel’s clock, clk
(800kHz). Otherwise, when the 30kS/s sampling is selected, clk_adc is connected
to the generated clk_sys clock (267kHz). A first possible approximation is shown
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Figure 6.32: Multiplexing of the PG-ADC input clock: (a) standard solution af-
fected by glitches, (b) glitches-free implemented solution

in Figure 6.32(a). It is a simple multiplexor where both clk and clk_sys are the
input signals, and fe_en is the control signal. However, this solution may lead to
potential glitches in the generated clk_adc clock, as the chronogram placed at the
right of the multiplexor schematic shows. As the clock clk_sys is generated from the
clock clk, it will be slightly delayed with respect to this last one. Consequently, if
the enable signal fe_en changes from ’1’ to ’0’ before the clk_sys rise edge, a glitch
will appear in the generated clock clk_adc, which could induce hold errors in the
connected registers, deriving in important problems in the complete design.

In order to avoid the aforementioned glitches in the generated clock signal, the
schematic depicted in Figure 6.32(b) should be use instead. The presented solution
ensures the absence of collisions between the two signal clocks by means of output
clock gating cells before the OR gate, as is shown in the figure. Each of these clock
gating cells are preceded by some logic which ensures that when the fe_en signal
changes its state, there will be a non-overlapping time where the enable signals of the
output clock gating cells will be set to ’0’. Although the proposed technique delays
one cycle the frequency change, it guarantees the complete absence of glitches at the
output of the generated clk_adc, as the chronogram of Figure 6.32(b) demonstrates.

Table 6.2 summarizes the system clocks generated by the Timing Unit cell. Except
for the clock of the Cell Unit Processor, the rest of clocks are gated, controlled by
means of the enable signals reported at the table. It is specially relevant the case
of the blocks that have to process the digital output of the PG-ADC and whose
gated clocks are directly controlled by the data_rdy PG-ADC output signal (which
indicates the end of a conversion). It means that the signal processing in these
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Table 6.2: Clock management of the neural channel processor

Clock Signal Frequency Enable Signal

clk_proc fclk/15

clk_rxon fclk/15 column_sel && row_sel

clk_txon fclk/15 txon_on

clk_cal fclk/45 cal_on && data_rdy && fe_en
fclk/135 cal_on && data_rdy && NOT(fe_en)

clk_fe fclk/45 fe_on && data_rdy && fe_en

clk_vth fclk/45 vth_on && data_rdy && fe_en
fclk/135 vth_on && data_rdy && NOT(fe_en)

blocks is done at the ADC sampling frequency (fclk/45 = 90kHz in case of the high
sampling mode and fclk/135 = 30kHz when the low sampling mode is selected),
which implies a big reduction in the effective in the clock operating frequency and,
consequently, an important power saving.

6.7 Power management

The power needed to supply the complete multichannel sensor is harvested from the
magnetic field coming from an inductive link, which is also used for communication.
The transmitted RF signal operates in the worldwide available ISM (industrial,
scientific and medical) band centered at 40.62MHz. The complete schematic of the
RF front-end including the energy harvesting section is shown in Figure 6.33. The
modulated input signal is driven in the primary coil by means of a power amplifier
included in the external unit placed at the other side of the skull (see Figure 6.1),
acting as the reader if it is compared with a RFID system [53]. This magnetic
field is captured by a secondary aligned coil connected with the implanted sensor
(the tag), where the input power is rectified to supply the active circuitry. This
rectified voltage is used to provide the 1.2V analog and digital supply voltages
used in the active circuitry by means of the corresponding low drop out (LDO)
internally-compensated regulators shown at the end of the chain. The reference
voltages needed for that regulators are generated by a bandgap circuit, which is
activated by a Power-on-Reset (PoR).
On the other hand, the communication part includes an On-Off Keying (OOK) de-
modulator, which is depicted in Figure 6.33 in the shaded area named Demodulator.
It consists of a small rectifier (faster than the one used in the power management
section), which loads a resistive divisor and a RC filter that generates the mean
of the input modulated signal. Then, the demodulation is performed by compar-
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ing the rectified RF input signal with the calculated divided mean by means of a
regenerative-latched based comparator. The modulator output data bits are then
driven to the PIE decoder, which decodes them for the digital processing.
The output data bits of the digital processor are encoded following a Manchester
encoder. This encoded signal is used to modulate the reflection coefficient of the an-
tenna matching network, resulting in a modulated reflected signal which is sent back
to the reader. This modulation is implemented with just the two nMOS transistors
showed in the shaded area of Figure 6.33 named Modulator. Both the modulation
and demodulation parts have been widely reported in the literature [125] and out
of the scope of the presented work, so they will not be described in this text.
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Figure 6.33: Schematic of the RF front-end combined with the energy harvester

This section aims to detail the design of the power management circuits involved
in this system, including the rectification and regulation of the RF signal and the
generation of both the current and voltage references.

6.7.1 Voltage rectifier

The rectifier is implemented using a modified version of the conventional 4-transistor
configuration depicted in Figure 6.34 [126, 127, 128]. Instead of inter-connecting the
gates of both the nMOS and pMOS transistors, the pMOS transistors work as diodes,
while the nMOS transistors act as switches. This is done to have a better control of
the rectified voltage.
The working of the rectifier is quite simple. As one of the two input voltages (Vin+
and Vin−) increases (while the opposite one decreases), the current start flowing into
ground in one of the circuit branches, while in the other branch flows towards Vrect.
When the input signal changes its sign, the current flows are exactly the opposite.
As consequence, a dc voltage is generated at the load connected between Vrect and
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ground, which is used to supply the rest of the circuitry. A voltage clamp circuit
is connected to the rectified voltage in order to prevent from high overload voltages
which could damage the rest of the system.
Simulations showed that the efficiency of the rectifier was around 60% for 1mW
signal inputs.

Vrect

Vin+

Vin-

24 / 0.8 84 / 0.3

24 / 0.8 84 / 0.3

140p clamp

Figure 6.34: Schematic of the main rectifier

6.7.2 Voltage regulator

Figure 6.35(a) shows the schematic of the integrated LDO regulator for both the
analog and digital supply voltages. The pass transistor (Mp) supplies the current
load demanded by the circuit. The gate voltage of the pass transistor is controlled by
means of the depicted OTA, known as the error amplifier, which closes the resistive
control feedback loop formed by the resistors R1 and R2. The regulated voltage
depends on the reference voltage Vref and the resistors R1 and R2 as the following
equation shows:

Vreg =
(
R2 + R1

R2

)
Vref (6.3)

The current consumed by the feedback resistors and the error amplifier is known as
the quiescent current (Iq), and is related with the current efficiency of the regulator,
which is defined as:

Efficiencycurrent = Iload
Iload + Iq

(6.4)
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Obviously, the maximum efficiency takes place with the maximum load-currents,
while the minimization of the quiescent current is important as long as it is the only
current sink when the system has no current load. Many battery-powered systems
try then to minimize this quiescent current to improve the battery life. However,
as the presented system is only powered when it is active (i.e., the inductive power
is only emitted when the system should work), any zero-current load conditions
will take place during a long time, because many parts of the system, including the
clock generation and the front-end of the digital processor, are active and consuming
power as soon as the system is reset. Moreover, when the system is configured to
work under any of the operation modes, the system current demand keep relatively
constant. Thus, the designed regulator has not been optimized to be very efficient,
but to provide a clean and stable 1.2-V regulated voltage by means of a classical
and robust scheme.
The rippled rectified voltage Vrect of around 1.4-V, is used to supply the error ampli-
fier and the bandgap circuit that generates the reference and current bias voltages
(Vref and Vbn). The 1.2-V output of the voltage regulator is stable against the vari-
ations of the rectifier output voltage and the changing load demands of the supplied
circuit.

Rc

CM

Vref

Iload

CL

R1

R2

Mp

Vreg

Vrect

Vbn

Vout

Vip Vin

Vrect

(a) (b)

Figure 6.35: (a) Schematic of the LDO regulator, (b) schematic of the error
amplifier

The LDO regulator implements a classical approach but, instead of compensating
the frequency response through a high external load capacitance [129, 130], it uses an
internally-compensated pole, saving from high external off-chip load capacitances
that would complicate the integration of the miniaturized solution [110, 131]. In
these solutions, the dominant pole of the regulator’s frequency response is not given
by the capacitance of the output node but it is placed at the output of the pass
amplifier. Then, an output stable solution requires to move the internal pole at
low frequencies by means of the Miller capacitance CM in the pass transistor Mp

and the output pole is moved far away to high frequencies. The main disadvantage
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of this approach is that the output pole has to be kept far away from the internal
pole at every load conditions. Furthermore, the output voltage can present large
overshoots versus abrupt load transitions and, in order to compensate it, the feed-
back loop should be fast enough to adapt properly the pass transistor gate voltage.
Fortunately, the small load current variations of both the analog and digital sections
of the presented system allow to save from any additional circuitry to improve the
settling performance, which would increase both the power consumption and the
complexity of the design. Instead, an internal 50pF nMOS capacitor placed at the
output of both regulators is enough to reduce the overshoots produced by the abrupt
load transitions. Additionally, the current consumed by the feedback resistor net-
work (1% of the full load current) is high enough to keep a sufficient phase margin
stability under low load conditions.
The schematic of the error amplifier is depicted in Figure 6.35(b). It is a single
input-differential pair where the 145nA bias current is given by the Vbn gate voltage
that comes from an output current mirror of the bandgap circuit.
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Figure 6.36: Magnitude and phase of the LDO output for full-load and no load
conditions

Figure 6.36 shows the bode diagrams in magnitude and phase of the LDO response
for both full-load and no load conditions. It can be seen that for both cases the
phase margin is above 70º.
Figure 6.37 shows the transient evolution of the regulated when the load conditions
change. The left graph shows the load current changing from low load conditions
up to the maximum load current (around 300µA). The rigth graph below illustrates
that the LDO’s output experiments a small jump (of around 7mV) and, after that,
it immediately recovers its nominal value in less than 10µs.
The performance of the LDO is summarized in Table 6.3.

6.7.3 Current conveyor

The bias currents for the analog circuitry are generated by means of the current
conveyor shown in Figure 6.38(a). The gate voltage of the pass transistor Mp, which
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Figure 6.37: Time response of the regulated output versus changing load currents

Table 6.3: LDO regulator performance

Output voltage 1.2-V
Drop-out voltage 150mV
Full-load current 300µA
Ground current 20.15µA
PSRR@4MHz 25dB
PSRR@40MHz 45dB

Phase Margin (full load) 80º
Phase Margin (no load) 60º

drain the reference current Iref , is controlled by means of the operational amplifier.
Then, the reference current is given by Iref = Vref/R, where Vref is the reference
voltage generated by the bandgap circuit. This current is then mirrored by the up-
per pMOS transistor Mcm, which distributes it to the rest of the system by means
of various current mirrors, which are not shown in the figure for simplicity. It is im-
portant to note that, although the operational amplifier is supplied by the rectifier’s
output voltage Vrect, the branch where the current reference flows is supplied by the
regulated analog voltage Vreg.
The schematic of the feedback operational amplifier is depicted in Figure 6.38(b).
It employs a two-stage miller-compensated topology to enhance the gain in the
feedback loop.
Table 6.4 contains the dimensions of the amplifier’s transistors, as well as the size
of the pass transistor and the current mirror transistors, the Miller’s resistor and
capacitance and the value of the reference resistor R.
The operational amplifier has a DC gain of 100dB, while its GBW is around 60kHz
with a phase margin of 72º. It consumes a total current of 710nA.
Statistical analysis through post-layout Montecarlo-simulations of 300 iterations
showed that the mean of the generated current reference was 502nA, with a standard
deviation of 6nA.
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M2 M3

M5M6 M8

Mcm

Figure 6.38: (a) Schematic of the current conveyor, (b) schematic of the opera-
tional amplifier

Table 6.4: Dimensions of the current conveyor’s components

M1 0.5µm / 9µm Mp 320µm / 1µm
M2, M3 20µm / 1µm Mcm 5µm / 9µm
M4, M5 1µm / 9µm CM 1pF
M6 2µm / 9µm RM 500kΩ
M7 2µm / 2.5µm R 1.44MΩ

6.7.4 Bandgap

The bandgap generates the voltage references for the regulators and the current
conveyor, as well as the current references of their error amplifiers. As both the
regulated voltage and the analog reference current directly depend on the value
of the bandgap output voltage, it is important to keep it independent versus the
temperature and process variations. Furthermore, as this block is directly supplied
by the rectified voltage, the output should present a high enough PSRR to reject
the voltage fluctuations at the rectifier’s output.
Although it is possible to find many alternatives to build current and reference volt-
ages by means of CMOS-only structures [89] in the literature, even with very good
performance over temperature variations [132], they are not robust enough against
process and voltage variations. The solution for the presented problem necessar-
ily involves the use of bipolar transistors which, due to their characteristics are,
in most of the cases, the preferred ones for these kind of temperature-independent
solutions [133, 134]. Most of the CMOS processes have available pnp-transistors in
their libraries which are built by means of parasitic vertical structures.
As Figure 6.39 shows, the bandgap uses both a proportional to absolute tempera-
ture (PTAT) and a complementary to absolute temperature (CTAT) basic cells to
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Figure 6.39: Schematic of the bandgap circuit

generate the temperature-compensated output reference voltage Vref .

The depicted auto-biased OTAs are included to enhance the accuracy of the current
mirrors. The miller capacitance included in the current bias generation branch
prevents from instabilities in the OTA’s output response.

The start-up circuits depicted at the side of the bandgap branches in Figure 6.39
are used to avoid a zero-current stable condition and force the different branches to
drive current. The reset signal is generated by the PoR circuit.

Since the current generated by the PTAT cell is given by:

IPTAT = VT · lnK
R

and the current at the output of the CTAT is given by:
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ICTAT = VBE
L ·R

The output reference voltage Vref can be calculated as:

Vref = N · VT lnK + N

L
· VBE (6.5)

If we take the derivative of the above expression, we have that:

∂Vref
∂T

= N · lnK · ∂VT
∂T

+ N

L

∂VBE
∂T

(6.6)

Where ∂VT
∂T

= k1 has a positive sign (PTAT), while ∂VBE
∂T

= −k2 is negative (CTAT).
Making equal these two slopes means solving Equation 6.6 for ∂Vref

∂T
= 0, which

leads to the following expression that needs to be satisfied to get a temperature-
compensated reference voltage:

L = k2

k1 · lnK
(6.7)

Scaling N , K and L parameters properly, according to the derived equations, give
us a temperature-independent reference voltage.
The bandgap was designed to get a reference voltage of around 720mV . The design
parameters were chosen as following: K = 7, L = 13.5 and N = 7.5, while R =
300Ω.
Table 6.5 summarizes the post-layout simulated bandgap performance for different
process parameters, temperature and rectifier’s output voltages. It is important to
remark that the output reference voltage keeps close to the nominal reference voltage
for the different simulated corners and the PSRR keeps above 42dB at 4MHz (the
system clock and the output data bitrate) and above 52dB at 40MHz (the signal
carrier frequency). The static current consumption of the bandgap circuit (including
the auto-biased opamps) is 2.22µA.
Mismatch analysis of 300 runs showed that the standard deviation σ of the reference
voltage was 4.85mV.
Figure 6.40 shows the temporal evolution of the generated reference voltage when
the rectifier’s output voltage changes. The first part of the graph recreates the
system wake-up when the it is powered on (the inductive power is captured by the
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Table 6.5: Bandgap dimensions and performance

TYP FAST SLOW SF FS
Temperature (ºC) 36 25 50 50 50

Vrect (V) 1.4 1.5 1.3 1.3 1.3
Vref (mV) 719.6 716.1 723.2 723.1 723.1

PSRR @ 4MHz 43.5 44.54 42.36 43 42.4
PSRR @ 40MHz 52.5 52.6 52.36 52 52.8

Current consumption 2.22µA
Statistical analysis Vref µ 719.6mV σ 4.85mV

implanted coil and the rectifier starts working). Considering a very fast rectifier’s
output (in real conditions it will be much slower), the reference voltage reaches its
nominal value in about 100µs.

The second case illustrates the evolution of the reference voltage versus an abrupt
fall of the rectifier’s output. Although the reference voltage falls down slightly, it
rapidly recuperates its nominal voltage. Even for the worst corner, this temporal
gap is faster than 50µs.

Figure 6.41(a) shows that the bandgap reference voltage remains stable under a wide
range rectifier’s output voltages for different corners. Figure 6.41(b) illustrates the
compensation of the reference output voltage with the temperature thanks to the
equilibrium between the PTAT and CTAP branches of the bandgap.

6.7.5 Power on Reset

The Power on Reset generates a small reset pulse when the supply voltage goes up,
which is used to wake up the digital processor of the system. This block is necessary
in all the wirelessly powered systems, as there is not any other external voltage
source able to generate such signal.

The PoR circuit is shown in Figure 6.42(a). Some diode-connected transistors (at
the left of the figure) drain current as soon as the supply voltage starts rising from
zero (the initial step of both the rectified and regulated voltages when the inductive
power is received by the implanted coil). This current is then mirrored to the other
branches of the circuit, so it immediately rises up the rst signal, which follows the
supply voltage and, at the same time, starts charging the nMOS capacitor Mc, as
is depicted in Figure 6.42(b). The rst signal keeps at high level until the voltage
stored in the node Vc reaches a certain threshold that activates the nMOS transistor
of the output inverter, which turns down the rst signal and finishes the rst pulse.
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In the case of the presented system, there are two implemented PoRs. One of them
is connected to the bandgap circuit and is supplied by the rectifier’s output voltage.
It is used to enable the start-up circuitry embedded in the bandgap. The other one
is used to generate the reset signal of the digital processor and, instead of being
supplied by the rectifier’s output voltage, it uses the output voltage of the digital
regulator.

M1

M2

M3 M5

M6

M4

Mc

rst

Vrect

t

Vc

Vc

V

rst

(a) (b)

Figure 6.42: Power on reset: (a) schematic, (b) nodes transient evolution

Table 6.6: PoR transitors sizing

Bandgap PoR Digital PoR

M1, M2, M5 1µm / 5µm 0.5µm / 9.5µm
M3, M4 1µm / 2µm 1µ/ 9.5µm
Mc 30µm / 9µm 50µm / 9µm

Reset pulse 5.32µs 236µs

Table 6.6 shows the sizes and pulse widths of the two implemented PoRs. Clearly,
the sizes and, in consequence, the reset pulse width of the Digital PoR are higher
than the ones used for the Bandgap PoR. This strategy aims to compensate the
slower rising slope of the digital regulator’s output compared to the rectifier’s output
and guarantee that the digital supply voltage is correctly set when the reset pulse
ends.

6.7.6 Clock recovery circuit

The clock of the system is directly obtained from the modulated RF differential
input signal. Figure 6.43 shows the schematic of the clock recovery circuit. It is
formed by two cross-coupled dynamic latches which divide by two the frequency of
the input signal Vint+ and Vint−. This input signal modulates the bias voltage of the
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dynamic latches, creating four output phases Φ0, Φ1, Φ2 and Φ3, which are delayed
90º between them. All these pulses have a duty cycle of around 33% and their
frequencies are half of the carrier signal. In the presented system, this frequency is
around 20MHz.

vint+

3 1

2 0

vint-

0 2

3 1

Iref

0.65 / 1 1.3 / 1 1.3 / 1

0.65 / 2 0.65 / 2

0.65 / 2 0.65 / 2

0.65 / 2 0.65 / 2

0.65 / 2 0.65 / 2

100k 100k

80f80f

Figure 6.43: Schematic of the clock recovery circuit

One of these output pulses is buffered out and, by means of some digital logic, its
frequency is divided by 5 and the duty cycle is adjusted to be around 50%, generating
the 4MHz clock of the system.
The average power consumption of the circuitry used for the clock recovery operation
is around 12µW.

6.8 Layout distribution

The multichannel system was fabricated in a standard CMOS 130nm triple-well
6M2P technology, which has available all the devices needed for this design: various
kind of transistors (low-leakage, thick-oxide, high-voltage...), MiM and MoM capac-
itors, vertical bipolar transistors, highly-doped polysilicon resistors and standard
cell digital libraries. The digital processors were designed with a standard digital
design flow (i.e., design of the RTL, followed by the synthesis and Place&Route).
The layout planning of a big system like the one presented in this chapter constitutes
a very important part of the design. This section analyzes the layout and floorplan
of the system and the distribution and routing of the most important signals.

6.8.1 Layout of the channels

Let us first analyze the layout of the channels, which microphotography is shown in
Figure 6.44(a). All the circuitry described in subsection 6.6.2, including the flip-chip
pad for the neural electrode connection, occupies an area of 400µm x 400µm. Most
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of the well-known guidelines for analog layouts have been taken into consideration
in the layout of both the PG-ADC and the BP-filter [84], from which we can remark
the following:

• The building blocks have been distributed from the top to the bottom accord-
ing to their sensitivity to the substrate noise. Then, the most sensitive parts,
such as the opamps of the ADC, the LNA and the neural input pad, are placed
at the top, while the digital processor is placed at the bottom.

• Separated power supplies for the analog and digital parts.

• Dummy transistors in the analog parts have been used to reduce the silicon
stress and improves the matching.

• Use of common-centroid techniques in the transistors of analogue parts to
improve their matching.

• Guard rings around the sensitive zones to isolate from substrate noise.

• The digital parts (both the one of the ADC and the channel’s processor) were
integrated inside deep n-wells to reduce the substrate contamination.

In order to avoid routing above the channel circuitry, special regions at the left and
bottom sides of the layout are reserved for routing the input and output signals of
the channel, as it can be observed in the layout scheme. From Figure 6.25, we can
identify three digital inputs that are shared by all the channels: the clock signal
clkch, the reset signal rstext, and the input serial data bus din. Besides, each of
the channels of the same row share the control signal rowsel and, as they share the
same DDFS, they also have in common all the signals to control and communicate
with this block, i.e, three output signals (rstddfs, clkddfs and ctrlddfs) and an analog
input generated by the DDFS, vinddfs. On the other hand, the channels of the same
column share the digital signal columnsel. Concerning to the analog signals, the
channels need to receive the common-mode voltage vcm, the voltage references vrefp
and vrefn for the ADC operation and the bias voltage vbp to generate the bias current
reference of the embedded analog circuits. In addition, it is also necessary to provide
both the digital and analog supply and ground signals to every channel. In order to
reduce the coupling between the analog and digital signals, they will be routed in
opposite directions. Then, while the analog signals are routed with vertical metal
lines, digital signals use horizontal stripes.

The layout of the DDFS is depicted in Figure 6.44(b). It has the same height that
the channels (so it can be aligned in their same row), but it only occupies 85µm-
width. In this case, as in the channel’s layout, the analog and digital parts are
placed in opposite sides. Similarly, the same techniques were applied to improve the
performance of the analog part.
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Figure 6.44: (a) Microphotography of the neural channel, (b) layout of the DDFS

6.8.2 RF front-end layout

Figure 6.45 shows the layout of the RF front-end, which embeds the modulator,
demodulator, the clock recovery and the rectifier. It occupies 1060µm x 120µm and,
as can be seen, most of the employed area is filled with capacitors. Both the rectifier
and the demodulator rectifier are placed as close as possible to the RF input pads,
in order to reduce as much as possible the routing parasitics. The transistors that
modulate the input impedance of the antenna during the data transmission are also
placed close to the input pads.

12
0

m

CLOCK DEMODULATORVOLTAGE CLAMP

RECTIFIER

INPUT COUPLING CAPACITANCE

Figure 6.45: Layout of the RF front-end
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6.8.3 System references layout

The layout of the analog and digital regulators, bandgap, current conveyor and PoR
is depicted in Figure 6.46. The analog and digital regulators are placed in opposite
sides, in order not to contaminate the analog supply with the digital one. The
layout of the analog transistors of the different blocks follow the same guidelines
that the ones detailed at the beginning of the section. Moreover, these techniques
were also applied to the layout of the resistors, which were implemented by means
of highly-doped polysilicon structures.

20
0

m

Figure 6.46: Layout of the system references

6.8.4 Multichannel system layout

Figure 6.48 shows the microphotography and floorplan of the complete system. The
channels are distributed in a 8x8 array. Additionally, each of them embeds an special
flip-chip pad, which will be connected to an electrode of the MEA. These pads also
include their corresponding diode protections against electrostatic discharges (ESD),
which are connected to special supply paths that derive these over-currents and
over-voltages towards an special ESD voltage clamp protection ring surrounding the
channel array.
For testing purposes, an additional external padring that surrounds 3/4 part of the
channel array, was added. It contains 64 pads that are used to introduce external
signals into the channel inputs, bypassing the flip-chip pad.
All the channels of the same column share the same analog references (common-
mode voltage, ADC voltage references and current bias references), whose generation
circuitry is placed at the top of the channel array.
The digital processor is placed at one side of the matrix, where the EBPUs are
aligned with their corresponding channels. All the digital processor is over a deep
n-well in order to isolate the rest of the system from the noisy substrate caused by
the constant digital activity.
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Figure 6.47: Distribution of the clock signal along the multichannel array

The digital signals sent from the digital processor towards all the channels (clkch,
din and rstch), were distributed in eight output branches (one per row) and simply
buffered out as Figure 6.47 shows. None clock tree was implemented inside the
channel array for simplicity and to save power (the buffers included in the clock trees
use to consume a lot of power). As it has been stated in this chapter, it was possible
because the communication between the channels and the main processor was done
in opposite clock edges, which avoid any hold errors in the flip-flops involved in
the communication1. On the other hand, simulations with worst-case conditions of
parasitics and speed guarantee that the maximum signal delay error is always kept
well below half of the clock signal period, which avoids any kind of setup error.

Both the RF front-end (modulator, demodulator and rectifier) and the reference
circuitry (regulators, bandgap and current conveyor), are placed as close as possible
to the output pads.

The layout of the complete system, including the external padring, occupies an area
of 4mm x 4.6mm, i.e. 18.4mm2.

6.9 Experimental results

The validation of the fabricated multichannel neural recording system was first done
in a mixed-signal laboratory. A dedicated 4-layer PCB, which photography is shown
in Figure 6.49, was designed and fabricated to test the chip. It includes several
connectors to introduce and extract both analog and digital signals, and allows the

1These hold errors can appear because the clock is imbalanced between the transmission and
reception, which can create undetermined states and, in general, the malfunction of the system.
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Figure 6.48: Microphotography and floorplan of the multichannel system
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separate validation of both the test channel and the multichannel array without
the RF section. Additionally, it includes several connectors to measure the power
consumption in each of the supply voltages.

The PCB has separate grounds for analog, digital and mixed signal. The neural
signal inputs were introduced in the channels through the external padring shown
in Figure 6.48, while the in-channel flip-chip pads kept disconnected. For that, two
special gold-shielded DB-36 connectors, shown at the rigth top- and bottom-edges
of the PCB, were mounted. The routing wires from these connectors towards the
chip were shielded in both sides of the PCB by means of clean ground layers.

Figure 6.49: Photography of the dedicated PCB for the multichannel validation

The performance of both the BP-LNA and the PG-ADC was validated separately.
These results were reported in chapter 5 and chapter 4, respectively.

Figure 6.50 illustrates the temporal evolution of the BP-LNA output, the ADC
output and the digital control signals during the self-calibration process. The lower
insets show the different steps of the calibration mechanism, as section 6.5 describes.
First, Figure 6.50(a) depicts how the PGA gain is self-calibrated during the first
part of the calibration. Second, Figure 6.50(b) shows how the system evolves when
the LP corner is being calibrated and, finally, Figure 6.50(c) depicts the temporal
evolution during the calibration of the HP corner. In both cases, it can be observed
how the amplitude of the sinusoidal signal changes with the variation of the control
words, and how it is compared with respect to the reference amplitude to fix the
calibrated word.
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The temporal evolution of the digitized output during the controlled calibration of
the PGA described in subsubsection 6.6.2.1 is shown in Figure 6.51(a). The PGA
starts working under the higher gain configuration. Then, the background noise that
has small amplitudes don’t saturate the output of the ADC and the PGA is not re-
adjusted until a higher peak occurs. When it happens, the PGA gain is decreased
one step. It can be seen how it is successively adapted as the ADC output saturates
until it reaches a stable value.

Figure 6.51(b) depicts the same mechanism but with a sinusoidal input signal modu-
lated with a ramp instead of a neural input signal in order to have a more illustrative
example of the adaptive adjustment.

It is important to remember that, according to the calibration flow explained in
subsubsection 6.6.2.1, the adjustment finishes when an external observer validates
it.

Figure 6.52 illustrates the system operation in the feature extraction mode. Dots
represent the spikes detected by the neural array in a time slot of 500ms. Once a
spike is detected in a channel and its PWL representation is derived (47-bits, as figure
Figure 6.52 illustrates), the feature vector is stored in the associated EBPU. The
main digital processor cyclically reads the EBPUs every 237µs. Considering the 85-
bit length of the backward frame detailed in section 6.3, the system requires 21.25µs
to transmit the information of one spike at 4MHz. Therefore, we can calculate the
maximum possible delay by summing up the delay of the EBPU reading and the
transmission delay, which results 258.25µs. This is much lower than a typical spike
duration (around 2ms) and, of course, much lower than the time basis for firing
occurrences. It means, that no information is lost not even in the unlikely case all
the channels fire at the same instant (only a small delay no larger than about 10%
the duration of a spike could be observed in some of the records).

To evaluate the performance of the spike detection and feature extraction, 60-seconds
spike-controlled neural signals were used as input. These signals were built from an
extensive neural spike database of intra-cortical recordings [135] and randomly dis-
tributed following a Poisson distribution with controlled firing rates and background
noise levels. The background neural noise was generated from 25 aggregated syn-
thetic neural signals with different firing rates to simulate the interference caused
by close neurons. The amplitude of this interference was adjusted in the different
tests to achieve various signal-to-noise ratios (SNRs). The SNR is defined as [48]:

SNR = 20 · log10

(
σx
σn

)
(6.8)

where σx and σn are the signal and noise standard deviations, respectively. As both
the position and type of the spikes are known a priori, it is possible to evaluate the
performance of the detection analysis.
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Figure 6.50: Temporal evolution of the signals during the calibration process of
the BP-LNA: (a) PGA calibration during the reference voltage evaluation, (b)
calibration of the LP corner, (c) calibration of the HP corner
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Figure 6.51: Temporal evolution during the PGA calibration: (a) with a neural
input signal, (b) with a sinusoidal input signal modulated with a ramp

179



Chapter 6 64-Channel Neural Spike Wireless Sensor

0 1 2
0

100

200

time (ms)

200 202 204 206
0

10

20

30

40

50

60

0 100 200 300 400
0

20

40

60

C
el

l n
um

be
r

time (ms) time (ms)

C11

C25

C39

C63

C33

C51

C1 C25 C39 C63 C33 C51

201 202 203 204 205 206

2 31

tspike

C
o

de

0 1 2
0

100

200

time (ms)

2 31

tspike

C
o

de

11101011 00111001 0100000 00000110 00010000 00010100

00011011 11001000 0100000 00000111 00010001 00010111

Vp1 Vp2 Vth 1 2 3

Vp1 Vp2 Vth 1 2 3

199.5 201.5200.5

204 206205

time (ms)

Figure 6.52: Data output stream under feature extraction mode.

The quality of the detection is illustrated by means of the probability of detection
and false alarms figures [136]. The first one is given by:

PD = 1− number of missed spikes
number of spikes (6.9)

while the probability of false alarm is defined as

PFA = 1− number of false alarms
number of detected spikes (6.10)

Figure 6.53 illustrates the performance of the spike detection results for different
input SNRs. The probability of detection is higher than 80% for SNR above 2.5dB,
while, for the same range, the probability of false alarm keeps below 15%. It is
worth observing that the achieved performance is similar to the other approaches
for SNRs above 0dB [48, 136].
The performance of the proposed feature extraction method is evaluated based on
the accuracy of the spike sorting mechanism. In order to do that, a 60-seconds
synthetic neural signal with a total of 250 APs from 4 different sources was used as
input. The detected spikes were classified depending on their Euclidean distances
[47]; if the spike distance to a cluster falls below a certain threshold, such a spike
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Figure 6.53: Performance of the spike detection: (a) probability of detection, (b)
probability of false alarm
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Figure 6.54: Classification error of the spike sorting method from the proposed
spike feature extraction

also belongs to that cluster. The result of this classification is shown in Figure 6.55.
The first row plots ensembles of spikes belonging to the four different clusters, while
the second row shows the shapes of their extracted features, as well as their mean.
The accuracy of the presented sorting method is depicted in Figure 6.54. For this
analysis, only the detected spikes have been taken into account. As can be seen, for
SNRs above 6dB, the sorting error is below 10%.

Extracellular recordings were made from a culture of human hippocampus cells to
verify the functionality of the acquisition system in a real recording environment.
We used a commercial in-vitro MEA from Multichannel Systems [14] with a pattern
of 8x8 electrodes, 400µm pitch. We connected the output of the MEA to our chip
by means of the D-SUB connectors of the PCB shown in Figure 6.49.

Figure 6.56(a) shows a microphotography of the biological tissue inside the MEA.
The dc gain of the channels took its maximum value (65.5dB) after calibration
because the amplitude of the extracellular action potential was less than 350µVpp.
The BP-LNA was set after calibration to its nominal bandwidth, 192 - 6.9kHz.
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Figure 6.55: Spike sorting performance of the proposed feature extraction method:
original spikes (first row); detected and sorted spikes (second row)

Figure 6.56(b) shows a segment of the recorded waveform at a sampling rate of
30kS/s and Figure 6.56(c) shows a zoom of the shaded area in Figure 6.56(b), in
which four spikes can be easily distinguished. Again, the spikes were clearly visible
and detectable along the whole recording session.

0.54 0.55 0.56 0.57 0.58 0.59
0

50

100

150

200

250

time (s)

A
D

C
 c

od
e

0 0.2 0.4 0.6 0.8 1
0

50

100

150

200

250

time (s)

A
D

C
 c

od
e

(a) (b) (c)

Figure 6.56: In vitro experiment. (a) Microphotograph of the hippocampus cell
culture inside the in-vitro MEA. (b) Segment of the extracellular recording with
a burst of spikes and (c) zoom over four consecutive spikes.

Figure 6.57 shows the distribution of the power consumed by each of the blocks of
the system. Most of the power is consumed by the neural channels (290.56µW).
The main digital processor and EBPUs, which make extensive use of clock gating
and clock frequency division techniques, consumes 40µW (5µW of them dissipated
by leakage currents). Bandgap references, regulators and current conveyors con-
sume 32µW. The clock recovery block, the Manchester encoder and the demodu-
lator require, respectively, 12.5µW, 1.5µW and 400nW. All in all, the total power
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consumption of the system sums 377µW.

Digital 
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Figure 6.57: Distribution of the power consumption

The comparison of this work with respect to the state-of-the art of the wireless
systems presented in chapter 2 is shown in Table 6.7. Compared to these works, the
presented design, which includes new and efficient circuit solutions, as well as an
innovative method to reduce the amount of transmitted data, gets the lowest power
per channel.
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[18] [19] [17] [39] [23] [40] [41] This work

CMOS process (µm) 0.5 0.5 0.35 0.35 0.5 0.13 0.13 0.13

Supply voltage (V) 3.3 1.8 3.3 3 3 1.2 1.2 1.2

Number of channels 100 64 128 64 32 64 96 64

Area occupation (mm2) 4.7 x 5.9 N/A 8.8 x 7.2 3.1 x 2.7 4.93 x 3.3 4 x 3 5 x 5 4 x 4.6

Total power (mW) 13.5 14.4 6 17.2 5.85 5.03 6.5 0.38

Power per channel (µW) 135 225 46.87 269 182.82 78.6 67.7 5.9

Amplifier gain (dB) 39.5 60 40 65-83 67.8-78 54-60 56 47.5-65.5

Low frequency corner (Hz) 0.025 10 0.1 1 1 10 280 22.7-192

High frequency corner (kHz) 7.2 10 20 10 10 5 10 5.2-10.15

Input referred noise (µVrms) 2.2 8 4.9 3.05 4.62 6.5 2.2 3.8

ADC ENOB (bits) 9 8 9 7.2 8.1 7.8 10 8

Sampling freq. (kHz) 15 62 40 20 N/A 54 31.25 30 / 90

Power source Inductive Inductive Battery Battery Inductive Battery Battery Inductive

Fwd data telemetry ASK FSK
N/A N/A N/A

OOK
N/A

OOK

Carrier Frequency (MHz) 2.64 4-8 915 40.68

Rvrs data telemetry FSK OOK UWB FSK FSK FSK UWB LSK

Carrier Frequency (MHz) 433 70-200 4000 400 915 915 40.68

Max. output data bitrate (Mbps) 0.35 2 90 1.25 0.71 1.5 30 4

Data compression
Binary spike Binary spike On-the-fly Spike

PWM
FIR

N/A
Feature

detection detection extraction reconst. filters Extraction 18
4



7 Conclusions

In this work, power and area efficient solutions for multichannel neurocortical record-
ing systems have been presented. These solutions comprise both novel architectures
and efficient circuit design methodologies of known topologies. A 64-channel neural
sensor interface for action potential recording was designed and integrated using a
standard 130 nm CMOS technology as a proof-of-concept. Moreover, an inductive
link was used both for powering and data transmission. The system includes also
some data compression mechanisms to reduce the output data bitrate. Experimen-
tal results confirmed that the system consumed 377µW (5.9µW per channel), one
of the lowest power consumptions reported for these kind of systems.

One of the main novelties of this work from an architectural point of view is that,
contrarily to the vast majority of the published works, in which both the analog-
to-digital conversion and the digital processing are moved out and shared by many
channels, this proposal perform all the signal processing in-channel. Each of the
channels embeds all the needed circuitry to filter, amplify, digitize and compress the
neural data in an area of 400µm x 400µm, which fixes with the pitch of the com-
mercially available MEAs. On the one hand, it allows to save power consumption,
as it is necessary to drive analog signals along big distances through the array of
the channels. On the other hand, it makes the system easily scalable. A multiarray
system can be built by just placing side-by-side the individual channels and adding
a central processor that configures the channels and reads their digital outputs. Re-
garding to this point, this work proposes an event-based communication between
the channels and the central processor that reduces the number of bits sent through
the array and, consequently, the total power consumption.

Another remarkable innovation of this work is the three operation modes in which
the system can be configured: signal tracking, feature extraction and calibration.
The former extracts the raw neural data sampled at 30 kS/s from eight channels
simultaneously (due to the limited output data bitrate) without any kind of pro-
cessing. Alternatively, the feature extraction mode performs a compression of the
neural signals that allows the simultaneous recording of all the channels of the sys-
tem. This compression consists of the detection of the neural spikes and the extrac-
tion of their most important features. This compression mechanism is performed
in-channel, and it employs a double sampling strategy; a low sampling frequency is
used for the spike detection, however, during the extraction of the spike features, a
faster sampling mode is selected to improve the resolution. Finally, the calibration
mode performs an auto-adjustment of the filter bandwidth and the PGA gain in
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each of the channels.
The main contributions at circuit level have been in the analog and mixed-signal cir-
cuitry of the sensors interfaces. The proposed designs have been optimized in terms
of both power consumption and area occupation, in order to be able to integrate all
the channel functionality in a small area. To this end, new circuit solutions have
been presented, together with an extensive analytical study that have allowed to get
an optimum electrical design.
Concerning to the BP-LNA, it employs a well-known topology based on a capaci-
tive and resistive feedback loop, but some improvements were added in the design
of the OTA to enhance its performance. First, it implements a fully-differential
topology to improve both the CMRR and PSRR. Second, it uses a complementary
input differential pair with pMOS and nMOS transistors to increase the equivalent
transconductance. And third, it was designed to have a two-pole response and get a
40dB/dec drop that reduces the integrated noise power. Additionally, a new design
methodology that allows to optimize the design in terms of power consumption,
area occupation and noise was proposed. This method was able to map directly
the system-level design specifications into transistors sizes and biasing conditions
to get an optimum design. Experimental results confirmed that the BP-LNA had
a nominal bandwidth from 192Hz to 6.7 kHz with a midband gain of 47.5 dB. The
integrated input referred noise was 3.8µVrms, with a power consumption of 1.92µW .
The NEF was 2.16, one of the lowest ever reported.
In the case of the PGA and the ADC, this work proposes a novel architecture which
combines these two functionalities in just one. The proposed PG-ADC uses a SC-
based implementation to implement a binary search algorithm to digitize the analog
input signal. The input signal gain is programmed by means of an array of switch-
able input capacitors, while the rest of the conversion is performed by means of
a capacitive passive voltage divider. The only active part of the PG-ADC is an
OTA and a comparator. In order to reduce the power consumption of the former,
an adaptive biasing circuitry that adjusts the OTA bias current with the changing
settling requirements is proposed. Additionally, a deep analytical study about the
linearity and noise performance of the proposed solution allowed to optimize the
value of the unit capacitance. The combination of the two functionalities in just
one block makes possible to reduce the area occupation of the system and eases to
integrate all the functionality in the intended channel area. A prototype was fabri-
cated in a 130nm CMOS technology. It occupied an area of 0.0326mm2, had 8 bit of
nominal resolution for the conversion and the input gain was configurable between 0
and 18 dB in 3-bit steps. The sampling frequency could be changed between 30 kS/s
(for neural signal tracking) and 90 kS/s (for precise neural spike feature extraction).
Experimental measurements showed that the PG-ADC has an ENOB above 7.5 bit
for all the Nyquist input signal frequency range, and that it keeps constant with
the different input gain and sampling frequency configurations. The power con-
sumption of the PG-ADC under the highest sampling mode is 1.52µW. The FoM
of the combined functionality is 85.85 fJ/conv, one of the lowest if compared with
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the state-of-the-art.
Concerning to the digital processing, some design strategies were applied to reduce
its power consumption. Then, clock gating was applied in those parts of the system
that could be disconnected during some selected periods of time. Furthermore, dif-
ferent clocks are internally generated so the clock frequencies operation of each of the
system blocks are minimized in order to reduce the dissipated power consumption.

7.1 Future work and research opportunities

Although this thesis has presented the design of the embedded circuitry for a wireless
neurocortical sensor, the complete system has not been fabricated yet. It will be
necessary to connect the presented channel array with a MEA electrode by means of
a flip-chip connection. This assembly will be then connected to an inductive coil and,
together with an external capacitor for the rectifier, everything will be recovered by
an special bio-compatible silicone to isolate everything from the surrounding body
fluids. This system would constitute the implantable “battery-free multichannel
sensor” of Figure 6.1.
Additionally, there are some aspects related to the circuit-level design that could
be improved. For example, it would be desirable to explore alternative topologies
for the implementation of the high feedback resistances to be less sensitive to PVT
variations. Moreover, due to the increasing weight of the digital processing in these
designs, it could be interesting to explore alternative methods (apart from the ones
explained in this work) to decrease even more the power consumed by the digital
part. An smart design strategy could be to decrease the voltage supply of the digital
domain and optimize the size of the standard cell libraries to the intended operating
frequency range.
On top of these design considerations, there are many research opportunities that
arise as continuation of this work. First of all, it is necessary to increase the ro-
bustness of the power supply source. Although the inductive link has been proven
as an efficient and valid method for supplying the implanted device without the
need of an implanted external battery, its efficiency is very sensitive to any mis-
alignment between the primary and secondary coils. A desirable solution could be
to combine different energy scavenging strategies to get the necessary power for the
implant, instead of getting from just one source. Alternatives that take energy from
the temperature gradients or by means of the kinetic energy could be promising
options.
Apart from the recording capabilities, it could be interesting to include more digital
processing in the implantable system that able to include the algorithms needed
to process the recorded information and take some decisions. For example, in the
case of an specific disease like the epilepsy, this would make possible to implant
closed-loop therapy systems to detect epileptic seizures and, immediately, alleviate
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them through controlled electrical discharges in some specific parts of the brain. In
order not to increment excessively the area of the implant, stacked solutions could
be used. Doing so, the system would be composed by several stacked chips (e.g.,
one for recording, another for digital processing, and other for RF communication).
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Nomenclature

AFE Analog front-end

AP Action Potential

BMI Brain Machine Interface

BMIs Brain machine interface

BPF Bandpass filter

BSA Binary split array

BWA Binary weigthed array

CAFN Capacitive amplifier feedback network

CFN Capacitive feedback network

CMFB Common-mode feedback

CMRR Common mode rejection ratio

CRC Cyclic redundancy check

CTAT Complementary to absolute temperature

DAC Digital-to-analog converter

DDFS Direct digital frequency synthesizer

DNL Differential non-linearity

EBPU Event-based processor unit

ECG Electrocardiogram

ECoG Electrocortigram

EEG Electroencephalograms

ENOB Equivalent number of bits
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Nomenclature

ESD Electrostatic discharge

FCSG Frequency-controlled signal generator

FoM Figure of merit

FSM Finite state machine

GUI Graphical user interface

HP High-pass

INL Integral non-linearity

LDO Low drop out

LFP Local field potential

LNA Low-Noise Amplifier

LP Low-pass

LSB Least significant bit

LTU Look-up table

MEA Multielectrode array

MIFN Milller integrated feedback network

MSB Most significant bit

NEF Noise efficiency factor

OOK On-off keying

OTA Operational transcoductance amplifier

PCB Printer Circuit Board

PoR Power on reset

PSD Power spectral density

PSRR Power supply rejection ratio

PTAT Proportional to absolute temperature

PWL Piece wise linear
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Nomenclature

PWM Pulsewidth modulation

ROM Read-only memory

S&H Sample & Hold

SAR ADC Successive Approximation ADC

SFDR Spurious-free dynamic range

SNDR Signal-to-noise distortion ratio

THD Total harmonic distortion

UWB Ultra wideband

VTC Voltage-to-time converter
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