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Abstract: The potential of hyperspectral measurements for early disease detection has been inves-
tigated by many experts over the last 5 years. One of the difficulties is obtaining enough data for
training and building a hyperspectral training library. When the goal is to detect disease at a previsi-
ble stage, before the pathogen has manifested either its first symptoms or in the area surrounding
the existing symptoms, it is impossible to objectively delineate the regions of interest containing
the previsible pathogen growth from the areas without the pathogen growth. To overcome this,
we propose an image labelling and segmentation algorithm that is able to (a) more objectively label
the visible symptoms for the construction of a training library and (b) extend this labelling to the
pre-visible symptoms. This algorithm is used to create hyperspectral training libraries for late blight
disease (Phytophthora infestans) in potatoes and two types of leaf rust (Puccinia triticina and Puccinia
striiformis) in wheat. The model training accuracies were compared between the automatic labelling
algorithm and the classic visual delineation of regions of interest using a logistic regression machine
learning approach. The modelling accuracies of the automatically labelled datasets were higher than
those of the manually labelled ones for both potatoes and wheat, at 98.80% for P. infestans in potato,
97.69% for P. striiformis in soft wheat, and 96.66% for P. triticina in durum wheat.

Keywords: hyperspectral; wheat; potato; machine learning; labelling

1. Introduction

Crop protection is one of the most important aspects of modern agriculture. Yield loss
caused by foliar disease represents an enormous cost for farmers around the world [1].
Crop management against these diseases is based on chemical treatments applied in a
preventive manner. However, due to the fungicides being applied when the first pustules
are visible on leaves, they cannot avoid yield loss because the damage to the internal
structure of the leaf has already started. As an alternative to chemical control, plant
breeders have devoted considerable attention to developing cultivars resistant to frequent
diseases (e.g., leaf rust). Whatever is the control method applied, disease detection remains
the key requirement, although it is still a challenge [2,3].

In this context, scientists have therefore been working on improving the disease
detection process by using hyperspectral sensors. These sensors measure the reflectance
of a crop canopy in the visible (VIS) and near-infrared (NIR) region of the spectrum.
Advances have been achieved in the detection of several important diseases, including
yellow rust disease (Puccinia striiformis) and leaf rust (Puccinia triticina) in wheat [4–8] and
Phytophthora infestans in potato crop [9–12]. Experiments typically include the measurement
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of a crop canopy under experimental conditions, after which a region of interest (ROI)
is defined and spectral signatures are extracted [13,14]. These spectral signatures are
specific to the phenomenon of interest (e.g., disease, healthy tissue, and soil). However,
the process of labelling the ROIs by extracting the signature spectra and compiling these
into hyperspectral training libraries is time-consuming.

Because the labelling step of hyperspectral imaging is time-consuming, researchers
have invested tremendous efforts in its automation. Many scientists have investigated
the use of semisupervised machine learning, in which a small amount of labelled data is
combined with unsupervised learning techniques to reduce the cost of labelling [15–19].
Although the methods referred to here have yielded excellent results, they are complex and
not easily understood by scientists with little experience in machine learning. An additional
problem with semisupervised methods is that they require a small subset of labelled sam-
ples. When the goal of the experiment is to detect disease in early or even presymptomatic
conditions, it is impossible to visually delineate the ROI corresponding with the transi-
tion where the disease is growing but where no symptoms visible to the naked eye occur.
Instead, scientists have to estimate the transition area of the disease by measuring dis-
tances from the initial lesion. This is both time and labour intensive, difficult to automate,
and not accurate when the goal is to study the transition area between healthy and diseased
crop tissue.

To solve these issues, a relatively simple method to automatically create hyperspectral
training datasets without manual labelling is proposed. The effectiveness of this method
was evaluated on hyperspectral images of greenhouse potato and wheat crops that were
inoculated with P. infestans for potato and P. striiformis and P. triticina for soft wheat and
durum wheat, respectively.

2. Materials and Methods

The measurement setup of the hyperspectral camera and the experimental conditions
of the greenhouse crops are first examined. Subsequently, the preprocessing, training set
construction, and modelling strategies are discussed.

2.1. Measurement Setup

Greenhouse potato and wheat data were gathered at the facility of the Technical School
of Agricultural Engineering of the University of Seville. The wheat experiment included
healthy and inoculated potted plants of both soft (‘Arthur Nick’, ‘Conil’, and ‘Califa’)
and durum wheat (‘Amilcar’, ‘Don Ricardo’, and ‘Kiko Nick’) cultivars with six replicates
per cultivar. The trial seeds were sown on 6 November 2020 and harvested on 6 May 2021.
The wheat plants were inoculated with leaf rust (Conil Don Jaime 13′) and yellow rust (Écija
Jerezano 18′) 78 days after sowing (DaS). The potato cultivar Spunta was sown in 20 pots
of 15 L located in two rows and then grown for 6 weeks before inoculation (1 February
2021). The inoculation was performed over half of the pots following the BASF company
(Mannheim, Germany) nondisclosable protocol. The pots inoculated were randomly se-
lected and irrigated with 8 minisprinklers (Jain Irrigation, Model: 5022 U, dual nozzle of
2.4× 1.8 mm) connected to a 32 mm submain pipe with a riser rod of about 1 m in height
and at 0.6 m spacing. In both experiments, all replicates received the same amount of irriga-
tion water and nutrients. The control plants were treated with biweekly fungicide spraying
regimes using ciazofamida (0.5 L/ha), mandipropamid (0.5 L/ha), and dimethomorph
(2 L/ha). Crops were grown under greenhouse conditions with natural ventilation, follow-
ing temperature and light regimes common for potato and wheat cultivation in the region
of Andalusia.

The hyperspectral images were obtained using a custom measurement setup (Figure 1)
with an FX10e Specim pushbroom camera (Specim, Finland), which measures reflectance
from 400 to 1000 nm with 224 bands at a spectral resolution of 5.5 nm (full width at half
maximum) and a spectral sampling of 2.7 nm. The camera was positioned at a height of
90 cm above the edge of the pot using a custom-built metal frame. Two 500 W halogen
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lamps (Powerplus, AH Joure, The Netherlands) were positioned on either side of the sensor
and centred to illuminate the pots. A custom-built treadmill was positioned under the
metal frame to move the pots underneath the camera. The camera frame rate was set at
65 Hz to match the speed of the treadmill at 0.0936 km/h. The exposure time of the camera
varied between 1 and 20 ms based on the incoming solar radiation.
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Figure 1. Schematic diagram of the hyperspectral imaging system with a conveyor belt and two
halogen light sources for measuring plants (A), potted potato (B), and potted wheat (C) plants being
measured with the hyperspectral camera.

2.2. Preprocessing

The hyperspectral dataset was first corrected using a white reference scan (100%
reflectance tile, Tec5 Technology for Spectroscopy, Germany) and a dark reference value
(achieved by closing the camera shutter). The data were then subjected to Savitzky–
Golay smoothing (polyorder 3, window 33) using the scikit-learn Python package [19].
To remove noisy bands with high, random variation in the measured reflectance, the first
20 and last 30 wavebands were removed from the wheat and potato datasets, resulting in
174 wavebands. The dataset was then normalised between 0 and 1 using the scikit-learn
package. The normalisation step needed to be performed after removing noisy bands, since
these bands adversely affect normalisation. Soil pixels were deleted based on the 718 nm
band of the first derivative reflectance spectrum for the wheat dataset, and the 527 and
718 nm bands of the first derivative spectrum for the potato dataset. These bands were
identified iteratively, selecting wavebands that appeared to differ between crops and soil,
based on a plot of soil spectra versus plant spectra, and using threshold values for these
bands to segment the image. This was possible by visually selecting soil pixels that were
clear on the red, green, and blue (RGB) representation hyperspectral image and comparing
their spectrum with that of plant pixels. The quality of soil pixel segmentation was assessed
by visual inspection of the image and plotting of spectra belonging to the remaining pixels
and comparing these to known soil spectra.

2.3. Training Set Construction

For the manually labelled dataset, the Lasso Selector functionality of the matplotlib
Python package [20] was used to select the ROI and store the spectral signatures in sep-
arate datasets. A region containing clear disease symptoms surrounded by a relatively
healthy leaf tissue was selected from the hyperspectral image (Figure 2A). From this region
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containing both healthy and infected leaves from one plant, five ROIs were selected at
an increasing distance from the centre of the rust or P. infestans lesion (Figure 2B). These
regions were labelled from stage 5 (most diseased) to stage 1 (least diseased) by hand using
the Lasso Selector function in matplotlib. Note that apart from the most severe stages
(stages 4 and 5), symptoms were not visible to the naked eye, and an estimation of disease
intensity was made based on the distance from the centre of the lesion. The entire core of
the clearly visible symptom (here, a durum wheat striped rust lesion with an orange color)
was labelled as stage 5. The adjacent regions were progressively labelled as stages 4 to 2
with stage 1 being pixels from a neighbouring leaf that did not show clear rust symptoms.
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Figure 2. Red, green, and blue (RGB) representation of a hyperspectral image after preprocessing and
soil and background removal. The red square (A) shows the region of interest (ROI) that was used
to manually label a relatively small training dataset for a comparison with the automatic labelling
algorithm. This ROI is enlarged in the image on (B).

These five datasets were then combined to form the hyperspectral training library.
Note that in Figure 2, the striped rust disease progressed from the tip of the leaf in
a striped pattern farther toward the centre of the plant. This indicated that the high-
est disease stage was at the tip of the wheat leaf, the lower at the centre of that leaf,
and the healthy or stage 1 ROI was positioned on an adjacent leaf without rust symptoms.
This resulted in the ‘manually labelled’ hyperspectral training library. The sizes of the train-
ing sets were comparable among classes so as to not affect the model training. Otherwise,
the ‘class_weight’ feature of the logistic regression should be set to ‘balanced’ to adjust
training set weights based on the difference in sample size.

For the automatic labelling algorithm, a series of wavebands was selected by plotting
a cross section over a region of pixels containing the full development from healthy-looking
wheat or potato tissue to clearly diseased pixels (Figure 3). This is based on the fact
that the disease spreads from an initial infection site, growing throughout the leaf in a
concentric pattern (P. infestans on potato) or a directional pattern (leaf rust on wheat).
Therefore, the area surrounding the initial infection site represents gradually less and
less diseased plant tissue farther from the initial infection site. This leads to the plot in
Figure 3, which represents the change in the hyperspectral signature as disease progresses
and shows regions of the spectrum that vary most during disease progression. Based on
this cross-section plot, wavebands were identified where the reflectance appeared to vary
with the disease progression. For each of the bands selected in this way, the minimum,
standard deviation, and mean of the reflectance were calculated over the entire image (for
wheat) or over a specific ROI containing the disease symptoms (for potatoes). To avoid
outliers, the maximum value over the entire image was set to be equal to the mean plus
two times the standard deviation. The difference between the maximum and minimum
reflectance values for the band in question were then divided by 5 (or any other desired
number of training classes) to obtain a step size. Using this step size, each pixel was
assigned a label between 1 and 5, based on whether the reflectance value for that pixel
was positioned between the minimum and the minimum + 1 * step size, between the
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minimum + 1 * step size and the minimum + 2 * step size, between the minimum + 2
* step size and the minimum + 3 * step size, and so on. If the maximum value for this
band corresponded with diseased pixels, the pixels with the high reflectance values were
automatically labelled ‘5’, whereas healthier pixels with a low reflectance were labelled ‘1’.
For wavebands where a low reflectance corresponded with diseased pixels, the pixels with
high reflectance values were labelled ‘1’, whereas healthier pixels with a higher reflectance
were labelled ‘5’ (Figure 4).
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labelling algorithm.

Note that for the potato dataset, only an ROI (with healthy and diseased potato tissues)
was used instead of using the full image because several pixels remained after the removal
of the soil that interfered with the labelling process. It is possible that these pixels were
the decaying plant tissue of older leaves present on the soil surface after being damaged
during the experiment.

This automatic labelling process was repeated for all the bands selected (Figure 4A).
Figure 4A shows the selection of bands that appeared interesting for disease detection after
labelling with the automatic labelling process, based on a visual inspection of the changes in
the hyperspectral signature as the disease progressed. Bands that after labelling appeared
to show a similarity to the visual presence of the disease were averaged into one average
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label image. This was performed by, for each pixel, averaging the label value assigned
by the automatic labelling algorithm based on each waveband (Figure 4B). The spectra
and averaged band labels belonging to the pixels in Figure 4B were then extracted and
organised in the automatically labelled hyperspectral training library. Bands that did
not appear to match the visible disease pattern were excluded (760 nm band, Figure 4A).
Red edge bands 2 and 3 are ratios of the 667 nm band to the 760 nm band and of the 667 nm
band to the 550 nm band, respectively.

2.4. Modelling

After preprocessing and manual or automatic labelling, the resulting training datasets
were used to train a logistic regression model using the LogisticRegressionCV function of
the scikit-learn Python package [21]. The polyorder was set to 2, and the training window
was set to 33. Seven C-values (0.1, 0.5, 1, 1.5, 2, 4, and 10) were provided for the model,
which automatically selected the optimal C-value. To first compare the model performance
between the automatic and manual labelling. The full spectrum was used for training
based on both the manually and automatically labelled training sets.

To explore the potential of selecting a reduced number of wavebands on (a) improving
the classification accuracy and (b) reducing data and processing needs, six classification sce-
narios were compared using the potato dataset (because clearer presence of visual disease
symptoms made manual labelling more reliable). Variations in the training included:

1 Training on an ROI spanning one infected leaf or a ‘composite’ image composed
of a combination of hyperspectral images of the same plant obtained on different
measurement days over the entire experiment duration;

2 Training on the full spectrum or on two selected bands that appeared most promising
during the automatic labelling process (760 and 550 nm);

3 Training using the manual or automatic training label assignment.

The manually labelled training library was not altered. A new automatically la-
belled training library was constructed but based on a composite hyperspectral image.
This composite image was created by combining the ROIs from hyperspectral images ob-
tained during 0, 4, 7, 11, and 16 days postinfection. The automatic labelling algorithm
was then used to label the entire composite using the 760 and 550 nm bands to create the
average labels. This created a new composite automatically labelled training library.

The three training libraries (based on one image, manually labelled; based on one
image, automatically labelled; and based on a composite image, automatically labelled)
were then each used as an input for the logistic regression model with the same preprocess-
ing steps using both the full spectrum and only two features (760 and 550 nm) instead of
the full spectrum. The classification result was then compared based on the classification
accuracy (with 70% of the training set used for model training and 30% used for validation),
the confusion matrix the metrics (such as false-positive rate) calculated from the confusion
matrix, and by visual assessment of symptom classification by comparing visible symptoms
with the classification result.

3. Results
3.1. Wheat

For the soft wheat dataset, the automatic labelling algorithm provided three images
of bands or band ratios with labels that matched the visual presence of the disease: the
667 nm band, red edge band 2 (a ratio of the 667 nm band to the 760 nm band), and red
edge band 3 (a ratio of the 667 nm band to the 550 nm band) (Figure 4A). The reflectance
in these three bands appeared to correlate well with the visual symptoms present in the
hyperspectral image (Figure 2A).

For each of the trained models, a confusion matrix was calculated to assess the model
performance (Figure 5). Note that only one confusion matrix is shown, but the analysis of
the models was based on the confusion matrix of each model. The manually trained model
showed a greater number of misclassifications compared with the automatically labelled
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model especially for disease stages 1 and 2. For disease stages 3 and 4, it performed with a
slightly higher accuracy.
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Figure 5. Comparison of the confusion matrices showing the result of the manually labelled and automatically labelled
disease detection models for rust disease on soft wheat. The values shown are normalised, showing the percentage of
the true label that was classified as each of the five classes. Note that classes were renamed to healthy, stage 1, stage 2,
stage 3, and stage 4 instead of numbers 1 to 5 to indicate that label 1 corresponded with the healthiest pixels, whereas label 5
corresponded with the most advanced disease stage.

The model trained on the labels of the averaged label image (Figure 4B) reached a
training accuracy of 97.69%. The model trained on the manually labelled dataset (with the
same parameters) achieved a lower accuracy of 96.33%. When comparing the classification
results of both models with a new image (not used for model training), the manual model
performed 1.36% less accurately compared with the automatic model and seemed to less
clearly classify the visible rust symptoms (Figure 6).
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labelling algorithm.

For durum wheat, the same three bands were selected during automatic labelling.
The training accuracy achieved with this automatically labelled model was 96.66%.
The manually labelled model had a lower accuracy of 86.42%. The manual labelling
model also showed clear signs of misclassification where shaded areas were classified as
disease (Figure 7).
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3.2. Potato

For the potato dataset, the automatic labelling algorithm indicated two bands that
showed labels matching the visible symptoms, namely, red edge band 2 and red edge
band 3. Figure 8 shows the classification results of the manually labelled model and
the automatically labelled model for potato. The manually labelled model achieved a
classification accuracy of 79.45%, whereas the automatically labelled model achieved an
accuracy of 98.80%. Not only was the classification accuracy of the manually labelled model
lower than that of the automatically labelled model, but it also showed clear patterns where
shading and angle effects affected the classification. These regions were even shown as a
stage 3 disease in a few places.
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Figure 8. Comparison of the performances of the manually labelled model (B) with the automatically labelled model
(C) with the red, green, and blue (RGB) representation of the hyperspectral image (A). Both the manually and automatically
labelled datasets were fed into a logistic regression model with classification accuracies of 79.45% and 98.80% for the manual
and automatic models, respectively. The color bar represents the label given by the automatic labelling algorithm.

3.3. Model Performance Comparison

Figure 9 shows a comparison of the models trained using six different training sets.
The model accuracies are shown in the figure caption and in Table 1. Note that the
automatically trained models performed more accurately by around 20% compared with
the manually trained models. None of the automatically trained models performed under
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98% accuracy, and the composite image-trained automatically labelled model using the full
spectrum performed best with 99.83% accuracy.
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Figure 9. Comparison of the performance of the manually labelled model with the automatically labelled model with
the red, green, and blue (RGB) representation of the hyperspectral image. (A) to (F) represent the classification results of
the models trained on six different training sets with variations between them in the number of features used, with two
features (A–C) compared with the full spectrum (D–F), the training set being an automatically labelled training set based on
a region of interest of one measurement day (B,E) or on a region of interest of a composite image spanning the duration of
the experiment (C,F) or based on a manually labelled training set (A,D). Model accuracies: 72.10% (A), 98.06% (B), 99.48%
(C), 79.45% (D), 99.80% (E), and 99.83% (F). The color bar represents the label given by the automatic labelling algorithm.

Table 1. Model accuracies for each of the six tested models calculated on a 70/30 split for model
training and validation, respectively. The full-spectrum models incorporated all 174 wavebands
retained after cutting the noisy part of the spectrum (keeping the wavebands between 450 and
920 nm). The two-feature models incorporated only two wavebands: 760 and 550 nm. These models
were both trained on each of three datasets: a dataset from a single ROI spanning one leaf that showed
healthy and diseased tissues (one leaf dataset) that was either manually labelled or automatically
labelled using the automatic labelling algorithm and a dataset from a composite image that combined
several ROIs over the entire experiment duration.

Full-Spectrum Model
Accuracy

760 and 550 nm Bands Model
Accuracy

One leaf dataset manually labelled 79.45% 72.10%
One leaf dataset autolabelled 99.80% 98.06%

Composite dataset autolabelled 99.83% 99.48%

4. Discussion

During the asymptomatic stage of disease development (incubation period), physio-
logical processes (e.g., stomatal closure) can be affected at the cellular level. The bands used
in this study are located in the visible/near-infrared wavelength range. The reflectance in
this spectral zone is sensitive to the changes in foliar pigments (photosynthetically active
plant components) according to Devadas et al. [22]. The destruction of these pigments
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directly influences the absorption and conversion of light energy [23]. Zubler and Jhon
(2020) [24] noticed that cellular changes in the convexity of the epidermal cell, surface texture,
thickness of the leaf cuticle, and cell wall elasticity can influence reflectance values. These
changes affect stomatal processes, reducing stomatal conductance and CO2 concentration [25].

The finding that red edge band 2 and red edge band 3 were used in the labelling of
P. infestans in potatoes and both rust diseases in wheat could suggest that these bands
are possibly universally applicable for disease detection. This is logical as these ratio
bands incorporate information from the 550, 667, and 760 nm bands. This is supported by
the literature where reflectance measurements in 20 nm bands surrounding the 543, 630,
680, 725, 750, and 861 nm bands have been used to create models with 99% classification
accuracy [26,27]. This is further supported by the fact that the 550, 667, and 760 nm bands
are commonly used in vegetation indices [27,28]. For the labelling of the composite image,
these bands performed well but worse than the pure 760 and 550 nm band combination
without ratios.

Looking at the results in Figure 9, it is clear that the models trained on the automatically
labelled composite image did not necessarily achieve higher classification accuracies than
the models trained on the automatically labelled regions of interest spanning a single leaf
with disease symptoms with accuracies of 99.80% for the autolabelled one leaf model and
99.83% for the autolabelled composite model (using the full spectrum). The results shown
in Figure 9C,F also suggest that it is possible to reduce data storage and processing needs
by selecting just two features (750 and 550 nm) with the classification accuracy dropping
only slightly from 99.83% to 99.48% by reducing the number of features from 174 to 2.

Scientists have progressed in using semisupervised learning methods. One problem
with these methods is that they are relatively complex and require expert knowledge,
which is not always available to phytopathologists studying crop diseases. For example,
Zhang et al. [29] developed a methodology based on multiple Inception-Resnet layers for
detecting yellow rust in winter wheat, achieving an accuracy of 85%. More recent is the
study carried out by Pan et al. [30], where a semantic segmentation model called pyramid
scene parsing network (PSPNet) reached high accuracy (greater than 98%), identifying
yellow rust as well. Both methods require costly computer resources, and the resolution at
field level is also a factor that must be considered. The method proposed in the current work
is less complex by comparison and is more intuitive. Semisupervised machine learning
methods still require experts to label a small subset of the training data for the unsupervised
learning process. In the case of active learning, expert input is needed throughout the
process, which is costly and hard to automate. The method in the current work could
potentially be used as an additional step to automatically create a relatively large starting
training set, after which semisupervised machine learning methods could be used without
the need for user input.

Looking at the comparison of classifications for all three diseases, it became clear
that the automatically labelled classification always outperformed the manually labelled
classification in terms of overall accuracy (Figures 6–8). More importantly, a comparison of
the confusion matrices of these classifications, such as the example in Figure 5, showed
that there were fewer misclassifications in the moderate disease stages (labelled 2–4 in
Figures 6–8) for the models trained on automatically labelled data. This is important when
the aim is to establish whether the pathogen is still actively growing in the crop because
this signifies the transition stages of the disease. This can be an important factor in the
decision-making process and can affect the decision to apply fungicides in the field.

The automation potential of the solution in the current work was further emphasised
by the finding that red edge band 2 and red edge band 3 ratios seemed to be universally
applicable. In theory, if a region of a field is known to have both diseased and healthy plants,
it is possible to scan this area with a hyperspectral camera and use these data as the input
for the automatic labelling algorithm. As this algorithm works based on the minimum
and maximum (after the outlier removal) of these two bands, there is no need for human
intervention to label the pixels from this scanned area and train the machine learning
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classifier. This could, in theory, automate the manner in which autonomous rovers can
detect diseases in the field, regardless of the crop or pathogen. In such cases, the training
set could be automatically constructed, used to train a machine learning classifier, and
applied to map the spread of disease in the field without human intervention. However,
many practical issues regarding the presence of combined sources of crop stress (both biotic
and abiotic) would need to be overcome. Future experiments should therefore focus on
testing the effectiveness of the method presented in this work in a variety of conditions.

5. Conclusions

The automatic labelling strategy proposed in this work presents a relatively sim-
ple and intuitive method of automating the construction of hyperspectral training sets.
The effectiveness of this method was tested on hyperspectral images of potato and wheat
plants infected with P. infestans and P. triticina, respectively. These datasets were subjected
to manual labelling and automatic labelling and used as an input for a logistic regression
machine learning model using Python. The modelling accuracies of the automatically
labelled datasets were higher than those of the manually labelled ones for both potatoes
and wheat, at 98.80% for P. infestans in potato, 97.69% for rust in soft wheat, and 96.66%
for rust in durum wheat. When examining the final classified image, the automatically
labelled models performed with a higher accuracy and fewer misclassifications due to
shading and angle effects. This method could provide a supplementary step for semisuper-
vised machine learning, eliminating the need for expensive expert labelling. The exclusion
of human intervention opens further possibilities for automatic disease detection using
robots in field conditions where a model could be trained directly on the hyperspectral
measurements of the field. However, many practical constraints, such as the presence of
mixed biotic and abiotic stresses, need to be examined in future studies.
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