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A B S T R A C T

Using convolutional neural networks (CNNs) to detect plant diseases has proven to reach high accuracy in the 
classification of infected and non-infected plant images. However, most of the existing researches are based on 
RGB images due to the availability and the comparably low cost of image collection. The limited spectral in
formation restricts the detectability of plant diseases, especially in the early stage where often symptoms of 
pathogen infection have not yet become visible. To this end, in this study, hyperspectral imaging (HSI) data are 
combined with deep learning models to test the classification ability of two soybean fungal diseases: Asian 
soybean rust (Phakopsora pachyhizi) and soybean stem rust (Sclerotinia scleroriorum). Different CNNs employing 
2D, 3D convolution, and hybrid approaches are compared. The influences of the depth of the convolutional layer 
and the regularization techniques are also discussed. Besides, image augmentation methods are investigated to 
overcome the problem of data scarcity. The results indicate the 6-convolutional-layer depth hybrid model to have 
the best capacity in classifying Asian soybean rust in the early-mid to mid-late stage when there are over 2 % 
visible symptoms but a limited detectability in the early stages when there are below 2 % visible symptoms on 
leaves. On the other hand, the optimized CNN model shows a limited capability to detect both diseases when 
there are no visible symptoms observable. Overall, this study suggests a hybrid 2D-3D convolutional model with 
augmentation and regularization methods has a high potential in the early detection of fungal diseases. This 
research is expected to contribute to a new cropping system that vastly reduces the chemical-synthesis plant 
protection products, where a continuous pathogen disease monitoring plays a key to manage the crop stands.

1. Introduction

Soybean cultivation, a cornerstone of global agriculture, faces a 
continuous threat from various diseases that impede plant physiology 
resulting in substantial economic losses. Among these pathogens, Asian 
soybean rust (ASR) disease caused by the fungi species Phakopsora 
pachyhizi (Pp) and the soybean Sclerotinia stem rust (SSR) caused by 
Sclerotinia sclerotiorum (Ss) stand out as notorious adversaries, wreaking 
havoc on crop yield and quality. ASR once reported leading 10 % to 60 % 
of the yield loss in the northern-central and south-east of the United 
States which are the second-largest producer in the world [1,2]. SSR, on 
the other hand, is the predominant disease relevant to stem and root 
which caused the yield loss of over 200 million bushels in the United 
States from 2015 to 2019 [3]. Therefore, developing a method and 
reduce the threat of fungal disease is a critical issue.

In conventional agriculture, traditionally, the detection of fungal 

diseases is mostly done by manual checking of farmers or plant pro
tection experts. However, it highly depends on the expertise of people, 
which leads to the potential risk of bias, and the extra cost of the labor 
force [4]. Besides, the timing of the observation of symptoms influences 
the effectiveness of the disease control. Applying fungicides in early 
infection stages can usually reach a better control efficacy, thus it can 
attenuate the spread of the disease, reduce further fungicide spraying, 
and save input resources [5,6]. However, early visual detection of fungal 
diseases by humans is difficult because symptoms are not visible to eyes, 
which makes machine-supported detection a potential solution.

In recent years, artificial intelligence (AI) has emerged as a powerful 
ally in the realm of plant protection [7]. The Convolutional Neural 
Network (CNN), as a branch of deep learning, has demonstrated 
exceptional capabilities in classifying images, scenes, and objects, which 
are widely utilized in many industries and affect our daily lives [8]. In 
the past few years, its application in agriculture is booming. Multiple 
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CNN-based models have been designed to detect plant diseases [9]. By 
leveraging deep learning, CNNs can analyze intricate plant images, 
identifying subtle indicators of infection with high accuracy [10]. The 
integration of AI into plant pathology practices has ushered in a new era 
of precision agriculture, enabling timely responses to potential threats 
and enhancing overall crop management strategies [11].

Most of the research regarding the utilization of CNNs in crop pro
tection focuses on RGB images because of the availability and the cost of 
image collection compared to hyperspectral images. Some of them [12,
13] demonstrated high accuracy rates over 90 % with the transfer 
learning approach in open database resources such as ImageNet and 
PlantVillage.

Hyperspectral sensors constitute a more sophisticated alternative to 
RGB cameras. Instead of measuring 3 bands of the visible electromag
netic spectrum, a hyperspectral sensor primarily utilizes very narrow 
and adjacent spectral bands over a quasi-continuous spectral range. 
Each pixel in a hyperspectral image represents a more informative 
spectral information [14]. One of the previous research [15] demon
strated that Fusarium spp. can be detected 9 days after inoculation by 
using hyperspectral imaging (HSI) data of wheat spike, which is the 
early stage of the infection. By obtaining not only the human eye’s 
visible but also invisible light reflectance, such as near-infrared light, 
HSI has proven its ability to recognize the physiological processes in 
plants. Thus, it has the potential to detect pathogen infection and other 
stresses through analyzing HSI data in generally assumed [16].

CNNs have been used to perform such analysis. Depending on the 
dimensionality of the convolutional kernels, the CNNs can be catego
rized as 1 dimensional (D), 2D, and 3D CNNs. The increase in dimen
sionality of the kernels helps to extract complex features [17]. Since the 
hyperspectral data cube is a 3D array matrix that includes one spectral 
dimension (z) and two spatial dimensions (x, y), it is more common to 
use 3D CNN models for analyzing HSI [18]. However, with the increase 
of the dimensionality and the depth of successive convolutional layers, 
the complexity of the model increases. This results in much more 
trainable parameters’ weights in the neural network and thus increases 
the cost in terms of the training time and data required. Hybrid models 
therefore are a compromising solution that balances model capacity and 
the training time. They concatenate 3D with 2D convolutional layers to 
maintain the ability to learn spectral-spatial and abstract features with a 
comparably non-complex structure in contrast to full 3D convolutional 
models [19]. Hybrid models have proven to reach over 90 % accuracy in 
the classification of some satellite-based HSI data [20], while their 
applicability to the leaf-scale HSI data of plant diseases remains largely 
unclear.

Furthermore, although HSI data is much more informative compared 
to RGB images, the amount of research on HSI in detecting crop diseases 
is far less than RGB because of the difficulty and high cost of image 
collection. Available HSI datasets applications for crop leaf disease 
research are also very scarce. In recent research on detecting soybean 
rust disease, combining HSI data with a pure artificial neural network or 
random forest approach can reach up to 80 % accuracy for classifying 
infected leaves in 25 % severity [21]. Applying weighting or selecting 
important spectral bands such as principle component analysis (PCA), 
Shapley value, and attention mechanism help facilitate the model’s 
performance [22,23]. Besides, by capturing complex spatial features by 
deformable and dilated convolutional layers, it is possible to distinguish 
regions of interest extracted from healthy leaves and asymptomatic 
leaves that represent early infection [23]. Although a high accuracy rate 
was achieved to classify asymptomatic leaves by randomly extracting 
regions of interest from samples, it is challenging to guarantee that 
extracted regions have already had physiological changes that can 
reflect on the spectrum. It is also unclear what the spectral pattern looks 
like for the asymptomatic leaves. In contrast, using whole leaf samples 
with a full spectrum retains more information and avoids missing any 
important information. Therefore, it is worth exploring whether the 
application of CNNs on HSI data can reliably detect certain soybean 

fungi diseases in the early stages on a leaf scale.
With the aim to bridge the knowledge gap of the application of HSI 

data with CNNs in the early-stage detection of soybean fungal diseases, a 
HSI dataset for ASR and SSR detection on soybean leaves is created. The 
images come from the NOcsPS project at the University Hohenheim. 
Multiple CNN architectures (2D, 3D, and hybrid models) are designed 
and tested for their ability of disease detection, especially focusing on 
models’ performances in the early stages of the infestation. Further
more, data pre-processing and image augmentation methods are inves
tigated to tackle the challenge of data scarcity. The following hypothesis 
of this study was tested: (1) CNNs can classify fungal diseases on a leave 
scale HSI data of various infection stages, (2) 3D-CNN architectures 
show a better classification ability compared to 2D and hybrid CNN 
models, and (3) Augmentation techniques and image transformation 
methods increase classification performance. To summarize, this study 
contributes to the research of applying deep learning on HSI data for 
crop protection through the early detection of fungal diseases.

2. Materials and methods

2.1. Overall workflow

The overall workflow design for detecting soybean diseases is 
demonstrated in Fig. 1. The process contains the following steps: (1) 
soybean cultivation, (2) fungal inoculation, (3) HSI data acquisition, (4) 
image cutting, (5) image preprocessing, (6) data augmentation, (7) 
model training, and (8) detect diseases with the severity degree. The 
process (1), (2), and (3) were conducted in the context of the research 
project NOcsPS (cf. Acknowledgement) and is thus not an original part 
of this paper.

2.2. Image acquisition

For the purpose of data acquisition, soybean plants were grown 
under laboratory conditions in the greenhouses of the Institute of Phy
tomedicine at the University Hohenheim. Two kinds of fungal diseases 
(ASR and SSR) have been inoculated in the soybean plants in different 
batches of experiments. For SSR, five batches of experiments (Ss1~Ss5) 
were performed from March 19th to September 16th in 2021. For ASR, 
two batches of the experiment (Pp1~Pp2) were run from March 4th to 
June 22nd in 2021. Each batch contains 1 control group (Healthy) and 3 
to 4 experimental groups (i.e., inoculated soybeans, denoted V1~V4). 
HSI data was collected by a hyperspectral line scanner in the range from 
1 day before inoculation up to a maximum of 8 days after inoculation 
(DAI) to trace the development of infection (cf. Table S2). The used 
hyperspectral camera has the following specifications: ‘Corning micro
HSITM410 Vis-NIR Hyperspectral Sensor’ with 75 spectral bands 
ranging from 402 nm to 994 nm. See a more detailed list of the spectral 
band information in Table S3.

2.3. Image pre-processing

Raw data are canopy images including several leaves and branches 
with an average spatial image resolution of 1368 × (2700±100) pixels. 
To keep the required computational capacity for the conducted experi
ments (including CNN model architecture comparisons) at an acceptable 
level, the study focuses on the CNNs’ capability to classify fungal dis
eases on single leaves. Therefore, isolated leaves are cut out and stored 
separately from the original hyperspectral images. The image processing 
software FluxTrainer (version: 4.17.05) has been utilized to process the 
HSI data. The full image preprocessing workflow, as depicted in Fig. 2, 
consists of three steps: (1) Background masking is applied by the Glob
alAverageLesser function with a 0.0800 threshold to remove back
ground noise. All channels of an input pixel are first averaged, and the 
resulting average is then compared to the provided threshold value. If a 
pixel’s value is smaller than the threshold, it will be considered as 

C.F. Hsiao et al.                                                                                                                                                                                                                                 Smart Agricultural Technology 11 (2025) 101023 

2 



background, and vice versa. (2) After background masking, a morpho
logical manipulation using an Erosion kernel is applied to smooth the 
edges of the leaves. The erosion kernel operates as a smoothing object in 
the image by replacing each pixel with the minimum pixel value within 
the kernel’s range. (3) The final step of single-leaf cutting was performed 
manually in this work. We note that applying further, more advanced 
computer vision techniques could have been investigated to further 
automate the preprocessing, however, for this study’s objective, we 
neglected this and concentrated on the actual task of disease classifi
cation on HSI data. Leaf images containing interference factors such as 
damage caused by insects, deformities, and curling are excluded, but 
overlapping leaves, i.e., leaves partially covered by others, are kept to 
maintain enough training samples and also imitate the canopy effect. 
See Fig. 3 for an example of pseudo-RGB images showing these dis
turbing factors. Before images are used in the model training, they are all 
resized to 605 × 555 with padding set as 0. This approach will make the 

biggest size input (605 × 555) be trained without any pixel loss and keep 
all inputs in the same size.

2.4. Image labeling

For the two different soybean diseases considered in this study, we 
utilized different classification schemes. For recognizing the SSR dis
ease, because there are no visible symptoms that can be observed on 
leaves within the range of 8 DAI, the labeling method is based on the 
general infection dynamic as described in [23,25]. According to these 
studies, it takes 4 to 6 days after the infection for visible symptoms to 
appear on the plant’s surface. Normally, during 5 to 7 DAI, white 
mycelium starts to grow in the stem and causes white bleach to appear 
on branches and pods. In this stage, the transportation of nutrients is 
inhibited, and the water content in the leaves starts reducing which 
leads to the beginning of withering. Besides, the content change of 

Fig. 1. The overall workflow of this study.

Fig. 2. The applied image processing workflow. The vertical lines inside the images are caused by fishing wires used to fix soybean samples on a glass plate for image 
collection by the HSI line scanner.
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secondary metabolisms caused by the infection such as the flavonoid 
and anthocyanin can reflect on hyperspectral signals [26,27]. Thus, SSR 
was separated into two classes: The first is denoted `Ss1–4′, which in
cludes images falling in the range DAI1 to DAI4 from the experimental 
groups Ss1, Ss2, Ss3, and Ss4. This class thus represents the early stage of 
SSR infection which entails no (obvious) visible symptom on the whole 
plant. The second class is denoted `Ss5–8′ which contains images from 
DAI5 to DAI8, representing the mid-late stage of infection. In the stage 
Ss5–8, the symptoms were not visible on leaves but only visible on stems 
and branches as white lesions and mycelium appeared. However, in 
order to keep the consistency of the dataset, these infected stems and 
branches were excluded. The dataset only contains images in a single 
leave scale as shown in Fig. 1.

For the ASR disease, the labeling method is based on the severity 
scale of visible symptoms on the leaves. In our data, visible symptoms 
could only be observed without further zooming the images after DAI4. 
Grounded on [28,29], five classes with a particularly narrow range 
regarding the infection area in the early stage have been created: The 
class ‘Pp2’ contains most images from the DAI2 subset. In this class, 
there are no observable symptoms, even when amplifying images over 
30 times. It thus represents the very early stage of infection. The second 
class, ‘Pp3’, represents the early infection stage with almost no symp
toms to very light symptoms (i.e., 0.5 % to 2 % of leaf surface). In this 
class, there is still no obvious symptom that can be detected by the naked 
eye while some tiny black spots can be recognized when zooming in 
images >10 times. This class contains most of the images of the data 
subset DAI3. The third class, ‘Pp4–5′, represents the early-mid stage of 
infection with visible symptoms occurring on 2 % to 10 % of the leaf 
surface. Images in this class were mainly selected from DAI4 and DAI5 
but also included some images from the DAI6 subset when the symptom 
area met 2 % to 10 %. The fourth class is denoted ‘Pp6–8′ and represents 
the mid-late infection stage with the lesion area on single leaves 
counting 10 % and more. Most DAI6 to DAI8 images are assigned to this 
class. Finally, a class named ‘Healthy’ has been created as a represen
tation of healthy leaves for both schemes. Images from DAI-1 (before 
inoculation) and DAI0 in experimental groups as well as images in each 
control group are assigned to this class. In summary, seven classes have 
been created for the HSI training dataset. Table 1 depicts an example 
pseudo-RGB image calculated from the corresponding HSI datacube 
along with the number of images per class and furthermore illustrates 
the visible state of infection by zooming in salient spots. Fig. 4(a) 
demonstrates the spectral pattern of the corresponding classes in 
Table 1. Fig. 4(b) depicts the spectral pattern by zooming the region in 
Fig. 4(a) for the wavelength ranging from 520 nm to 580 nm. The 
spectral pattern for Ss1–4 and Ss5–8 are quite similar to Pp2. To avoid 

the confusion, they are not presented here.

2.5. Image augmentation

Data augmentation has been applied to further enlarge the amount of 
available image data. By means of image transformation, the original 
HSI data is modified to make up new examples which in turn adds the 
resulting variation to the data pool. Applied image transformations 
comprise random rotation and random flipping which change the objects 
of interest geometrically inside images. However, these techniques do 
not change the spectral dimension in HSI data. To this end, random 
masking is introduced as a spectral transformation method. By randomly 
masking out a portion of pixels, it changes the average value of the 
spectral information and thus is intended to facilitate the model to learn 
incomplete data [30,31]. The masking ratio was tested in the range of 20 
% to 40 % to find a suitable configuration. The transformation steps 
were applied to all images to increase the dataset before splitting into 
training, validation, and testing sets. The original dataset was 
augmented 2 to 12 times to test the optimal dataset size. The optimal 
performance was observed at 8 times augmentation, which counts in 
average 1056 samples per class (cf. Section 3.3). This augmentation size 
was applied for the rest of the models’ training.

2.6. CNN architectures

Three different types of CNN models (2D CNNs, 3D CNNs, and 3D-2D 
CNN hybrids) are constructed to classify soybean leaf images. The depth 
of the networks, i.e., the number of convolutional layers, influences the 
predictive capacity of models [32]. According to [33], a model with 4 
convolutional layers is recommended to do the physiological disorder 
diagnosis of plant leaves based on HSI with a small-size dataset (each 
class has <100 samples). However, the task in this study required the 
model to classify early stage symptoms which is very hard to observe. 
The difficulty of the task might lead to the need to increase the depth of 
convolutional layers. Thus, four-layer, five-layer, six-layer, and 
seven-layer architectures (in this study, the layer depth is the count of 
convolutional layers) have been constructed for each of the three types 
of CNN models to compare their performance. The used CNN backbone 
structure (i.e., the part of the deep neural network responsible for 
feature learning) is inspired by [10,34,35]. In the six-layer CNN model, 
the backbone consists of four 3D convolutional layers followed by two 
2D layers. The reshaping method is applied to reduce the dimensionality 
by one to match the expected input of the 2D layers coming from the 3D 
layers. The kernel moves through the HSI datacubes to calculate the data 
information and transform it as the number on the output feature maps. 

Fig. 3. (a) An example leaf showing non-pathogenic damage caused by insects. (b) An example of overlapping leaves (leaves that cover other leaves or are covered by 
other leaves). See the red frame highlighting the cover part.
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Table 1 
Summary of the applied classification scheme with example pseudo-RGB images calculated from the preprocessed HSI datacubes and the amount of original samples in 
each class.

*For each depicted image, the DAI number, represents the data subset which was sampled from.
** In the rightmost column, number count (NC), which represents the total number of images existing in the class, is given.
***In the third column-‘10 times zoomed images’, salient spots (marked by the red frames) on the images in the second column –‘Pseudo-RGB images’ are zoomed in 
ten times to illustrate the visible state of the infection.
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The size of the kernels is presented in Table S5. The kernel filters contain 
parts of the learnable model parameters (i.e., the CNN’s weights) which 
are optimized by backpropagation during training. Batch normalization 
is appended after every convolutional layer to standardize the output 
from one hidden layer before it is passed to the next hidden layer. It has 
been proposed to facilitate the convergence of deep neural network 
models [32,36].

Rectified linear unit (ReLU) served as an activation function between 
the convolutional layers and in the fully connected layers. It is defined as 
f(x) = max(0,x). Unlike the sigmoid function which generally squeezes 
any input value into the range between 0 and 1, ReLU cuts off all 
negative values and maps them to 0 while the positive values are directly 
mapped by a linear function part. To this end, it has been found to allow 
for more complex tasks to be efficiently learned and is especially 
commonly utilized in multi-class classification [37,38].

The pooling layer, in general, is used for down-sampling the resulting 
feature maps resulting from the convolutional operations and activation 
functions. It reduces the size and parameters of preceding layers in the 
deep neural network. The feature map produced by the convolutional 
layer is based on the precise location of the input data, which leads to the 
problem of translation variance for different input images where the 
objects of interest occur in different regions. Pooling layers provide a 
solution to achieve translational invariance. In this study, max-pooling 
is concatenated after each ReLU activation layer. Max-pooling applies 
a kernel-operation that extracts the maximum number in the range of 
the kernel sliding over the feature maps. It thus, strives to retain only the 
most prominent information. The size of the pooling layer was adjusted 
along with different model types. They are set to reduce the size of 
output feature maps to a similar size before they go to the fully con
nected layer. See Table 4 and Appendix Tables S4, S5, and S6 for the 
details of model architectures and the output shape of feature maps 
before they go through the fully connected layer. The fully connected 
(FC) layer, also known as the dense layer, constitutes the standard type 
of neural network in which each neuron is connected to all neurons in 
the previous layer. Each neuron takes a weighted sum of all input values 
(usually after passing the activation function) from the previous layer 
and adds a bias term. In so-called dense layers, these operations are 
computed for all neurons in the current layer (usually in vectorized 
form). The FC layer consists of multiple dense layers followed by acti
vation layers and dropout layers. It is placed at the end of the deep 
neural network, as a so-called head, to predict the target variables based 
on the extracted features from the preceding convolutional layers. The 

architecture of the FC for all models are same. It consists of a flatten 
layer, followed by 3 dense layer layers which firstly reduced the input 
feature dimension to 1024 and then 1024 to 512. In the final dense layer, 
the input feature dimension was reduced from 512 to the number of the 
classification category.

In this work, we constructed various CNN architectures which are 
specified in Appendix Tables S4, S5, and S6. Fig. 5 exemplarily depicts 
our hybrid 3D-2D deep neural network architecture.

In our experiments, 4-layer, 5-layer, 6-layer, and 7-layer 3D-2D CNN 
models have been designed with the number of 2D convolutional layers 
always maintained at two but the number of 3D convolutional layers 
varied in the range of two to five. Furthermore, fully 2D and fully 3D 
CNN models have been tested. The depth of the purely 2D and 3D CNNs 
was varied by including convolutional layers in the range of four to 
seven before the final FC layer. All CNN models’ backbones are shown in 
Appendix Tables S4, S5, and S6. The main difference between the three 
considered types of architectures is the reshaping process that only exists 
in the hybrid 3D-2D model. The fully 2D and 3D models accordingly 
only apply 2D and 3D convolutional layers. Additionally, the kernel size 
and stride are adjusted in 3D and 2D CNNs to ensure proper output sizes. 
Another difference exists in the 7-layer 2D, 7-layer hybrid, and 7-layer 
3D model. In order to maintain a proper output size, their number 5 
convolutional layers are concatenated directly after the batch normali
zation of number 4 convolutional layers without going through a Max
pooling process. This might influence its comparability to other models 
but help to understand how the depth of the convolutional layer in
fluences the performance of models.

2.7. Regularization methods

Overfitting is a phenomenon where a model performs very well in 
classifying data used for training while the performance tremendously 
declines when predicting previously unseen data. It results from the 
weights in the model which are trained to recognize features from the 
training dataset. If the number of training epochs on these training data 
is too high this can lead to the effect that any little change in the input 
data causes high prediction errors. This problem is particularly notable 
in small datasets – as we have in this study – because of the low data 
variance represented in the training data.

The first method for the regularization is called dropout [39]. 
Dropout randomly deactivates parts of the neurons in a layer at each 
update in the training step. This approach is expected to reduce the 

Fig. 4. (a) Spectrum pattern of classes Healthy, Pp2, Pp3, Pp4–5, and Pp6–8 depicted in Table 1. (b) Spectrum pattern by zooming the region of wavelength ranging 
520 to 580 nm from (a).
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reliance on specific neurons and thus increase the robustness of the 
model. Such dropout layers are commonly placed in the FC layer. The 
choice of the hyperparameter ‘dropout rate’ is critical. A higher dropout 
rate introduces more regularization but may slow down training and 
impact the overall model capacity. In this study, through conducting a 
hyperparameter study, the optimal dropout rate has been found to be 
0.25.

Weight decay is the method commonly used in the training step to 
optimize weights and avoid overfitting. The essential idea is to introduce 
a penalty for more complex models, effectively discouraging the 
learning algorithm from finding parameters (weights) that put too much 
emphasis on specific features [40]. In this study, we applied L2 regu
larization. It augments the standard loss function by adding a penalty 
term proportional to the square of the L2 norm of the model’s weights. 
Formally, the term of L2 regularization R(W) can be expressed as Eq. (1): 

R(W) =
∑n

i

1
2n

λ⋅W2
i (1) 

Here, W represents the model’s weight matrix, λ is the regularization 
strength, and Wi is the norm of the weight vector of the i− th layer. For 
the task of multi-class classification, the loss function (Loss) commonly 
employed is the cross-entropy loss, which we also applied during model 
training. Adding L2 regularization to this scenario involves combining 
the loss function with the L2 regularization term. In this study, the cross- 
entropy loss was applied from the PyTorch package – CrossEntropyLoss. It 
contains two steps to calculate the cross-entropy loss, which includes 
probability transformation and loss calculation with L2 regularization. 
The first step transforms the model’s raw output logits, represented by X, 
into log probabilities for each class. The logits X are structured as a 
matrix with dimensions (N, C), where N is the number of samples in a 
batch, and C is the total number of classes. For each sample i and each 
class j, the logit Xi,j represents the unnormalized score for class j. To 
convert these logits into a stable probability distribution, PyTorch Soft
max function is applied as Eq. (2): 

pi,j =
exp

(
Xi,k
)

∑C
k=1exp

(
Xi,k
) (2) 

Where exp
(
Xi,k
)

is the exponential of the logit for class j in sample i, 
ensuring non-negative values, The denominator, 

∑C
k=1 exp

(
Xi,k
)
, is the 

sum of the exponentiated logits for all classes C for sample i, enforcing 
that the resulting probabilities of each sample sum to 1. Thus, 
pi,j represents the model’s estimated probability that sample i belongs to 
class j. To stabilize computation in the exponential function, Pytorch 
directly transforms the pi,j into log-probabilities as given by Eq. (3): 

log pi,j = Xi,j − log

(
∑C

k=1
exp

(
Xi,k
)
)

(3) 

Once the log-probabilities are computed, the negative log-likelihood 
(NLL) is calculated to measure how closely the predicted probabilities 
match the true class labels Y, where Yi is the correct class index for each 
sample i in a batch. For each sample i, the NLL for the true calss Yi is 
computed as Eq. (4): 

NLL Lossi = − log (pi,Yi) (4) 

The total cross-entropy loss (TCEL) is then expressed as the average 
over all N samples in the batch with the L2 regularization term R(W)

added to penalized large weights. It is given as Eq. (5): 

TCEL =
1
N
∑N

i=1
− log(pi,Yi) + R(W) (5) 

The regularization term R(W) penalizes large weights quadraticlly, 
and is thereby assumed to positively influence the optimization process 
during the error backpropagation. Overall, regularization methods in 
this study help to facilitate the robustness of the model and are intended 
to alleviate the potentially negative impact due to the small training 
dataset and the kind of replicated sampling naturally occurring through 

Fig. 5. Neural architecture of the 6-layer 3D-2D CNN model.
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image augmentation.
In the process of optimization, all weights are initially initialized 

randomly; they are then taught using the back propagation algorithm 
with the Adam optimizer and Softmax classification. We train the 
network for 100 epochs of minibatches 4 and both learning rate and 
weight decay parameters have been set to 10 E^− 4 as found during 
hyperparameter optimization for our experiments.

2.8. Evaluation method

For evaluation purposes, we make use of the confusion matrix which 
constitutes a common method for the visualization of a model’s per
formance in machine learning and which originates from the contin
gency table [41]. The evaluating indicators including F1 score (F1), 
macro-averaged F1 score (MAF1), overall accuracy (OA), average accuracy 
(OA), and Kappa coefficient (Kappa) are calculated by precision (P) and 
recall (R) based on the number of true positives (TP), true negatives (TN), 
false positives (FP) and false negatives (FN) which derived from the 
confusion matrix. The F1 score provides a comprehensive assessment of 
a model’s ability to make accurate predictions across binary classes. The 
MAF1 is an extension of F1 to evaluate multiple classes [42]. The OA is a 
straightforward metric that reflects the proportion of correctly classified 
samples relative to the total number of samples. The AA, by contrast, 
calculates the mean accuracy across all classes, thus giving equal weight 
to each class regardless of its frequency. Kappa measures the agreement 
between predicted and true classifications while adjusting for the 
agreement that could occur by chance. These equations are given as Eqs. 
(6)–10: 

F1 =
2⋅P⋅R
R + P

(6) 

MAF1 =
1
n
∑n

i=1
F1i (7) 

Where F1i is denoted as the F1 score for each class, and n represents the 
number of all classes. 

OA =
TP + TN

TP + TN + FP + FN
(8) 

AA =
1
2
×

(
TP

TP + FN
+

TN
FP + TN

)

(9) 

Pe =
(TP + FN) × (TP + FP) + (FP + TN) × (FN + TN)

(TP + TN + FP + FN)
2 (10) 

Kappa =
OA − Pe

1 − Pe
(11) 

Each model was trained three times with a fixed ratio of train-test 
split as 0.7, 0.15, and 0.15 for the training, validation, and testing. 
Thus, the mean value of metrics calculated from three replications is 
presented in the next section reporting the results.

3. Results

3.1. Recognition of Asian soybean rust (ASR)

For the soybean disease detection of ASR, three types of model ar
chitectures (3D, hybrid 3D-2D, and 2D) with four different neural 
network depths (4 to 7 convolutional layers) are tested for their ability 
to recognize five classes of infection stages. All models used the image 
augmentation methods as described in Sections 2.5 and 3.3 for multi
plying the training dataset’s size by repeating the number of images in 
the training set 8 times. The means of the observed predictive perfor
mance metrics of the compared CNN architectures are reported in 
Table 2. The F1 scores for the two most different classes, Pp6–8 and 
Healthy, are particularly presented in the table to support the compar
ison of MAF1, OA, AA, and Kappa in different architectures. A model 
that has a high F1 score in the two most different classes represents a 
good performance in the classification because a good model should at 
least be able to recognize obvious symptoms and healthy leaves.

For the 2D CNN architectures, all evaluating indicators reach the 
highest value for a layer depth of five. Increasing the number of con
volutional layers leads to decreasing values of evaluating indicators. The 
same observation can be made for the hybrid and the fully 3D archi
tectures, for which the optimal performance appeared for a depth of six 
layers and five layers, respectively. 2D and 3D architectures both 
revealed the best performance when containing five convolutional 
layers, but the best 2D network model shows overall higher values of 
evaluating indicators compared to purely 3D models. Overall, the best 
performance is achieved by the hybrid model with six convolutional 
layers. This result indicates that for our disease detection task, 
combining an appropriate number of 3D convolutional layers with 
subsequent 2D layers can enhance the predictive capacity of CNNs as 

Table 2 
Evaluation of different CNN architectures for the task of early ASR disease detection on HSI data of soybean leaves.

Model Layer depth** MAF1±SD OA±SD AA±SD Kappa±SD F1 for Pp6–8*±SD F1 for Heathy*±SD

2D 4 0.396±0.019 0.423±0.015 0.429±0.017 0.316±0.025 0.788±0.021 0.375±0.030
5 0.473±0.020 0.461±0.019 0.479±0.016 0.365±0.023 0.886±0.015 0.484±0.016
6 0.453±0.013 0.442±0.011 0.466±0.013 0.347±.017 0.876±0.007 0.413±0.019
7 0.270±0.026 0.267±0.023 0.278±0.024 0.161±0.019 0.712±0.005 0.225±0.028

Hybrid 4 (2 × 3D + 2 × 2D) 0.315±0.014 0.329±0.009 0.345±0.013 0.241±0.013 0.740±0.018 0.214±0.042
5 (3 × 3D + 2 × 2D) 0.469±0.021 0.457±0.017 0.463±0.023 0.365±0.018 0.861±0.023 0.183±0.011
6 (4 £ 3D þ 2 £ 2D) 0.537±0.009 0.513±0.015 0.534±0.011 0.401±0.016 0.892±0.012 0.325±0.014
7 (5 × 3D + 2 × 2D) 0.384±0.037 0.395±0.028 0.386±0.025 0.307±0.024 0.777±0.007 0.296±0.027

3D 4 0.240±0.017 0.251±0.014 0.242±0.013 0.176±0.015 0.726±0.011 0.285±0.022
5 0.334±0.019 0.346±0.010 0.358±0.015 0.247±0.012 0.773±0.008 0.435±0.007
6 0.262±0.009 0.288±0.008 0.295±0.012 0.158±0.009 0.722±0.010 0.326±0.012
7 0.226±0.025 0.238±0.022 0.255±0.018 0.163±0.024 0.651±0.016 0.267±0.015

* F1 scores for Pp6–8 and Healthy represent the prediction capacity for the two most different classes.
**The layer depth indicates the number of convolutional layers preceding the final FC layer.

Table 3 
MAF1 scores and F1 scores of each class for the best performing 2D and hybrid CNN model for the task of early ASR disease detection on HSI data of soybean leaves.

Model Layer depth MAF1±SD Pp6–8±SD Pp4–5±SD Pp3±SD Pp2±SD Healthy±SD

2D 5 0.473±0.020 0.886±0.015 0.380±0.020 0.276±0.021 0.340±0.038 0.484±0.016
Hybrid 6 (4 × 3D + 2 × 2D) 0.537±0.009 0.892±0.012 0.581±0.027 0.462±0.023 0.427±0.011 0.325±0.014

C.F. Hsiao et al.                                                                                                                                                                                                                                 Smart Agricultural Technology 11 (2025) 101023 

8 



compared to fully 3D or 2D architectures when the input consists of 3D 
HSI datacubes.

Table 3 shows the results of a further investigation of the F1 scores 
for each class for the best-performing models, i.e., the 5-convolutional 
layer 2D model and the 6-convolutional layer hybrid model. As can be 
seen, the hybrid model not only demonstrates high prediction perfor
mance in identifying obvious symptoms in the mid-late ASR infection 
stage (Pp6–8) but also presents an acceptable performance in detecting 
ASR in the early-mid stage (Pp4–5) in which only 2–10 % of the leaves 
area shows visible symptoms. In the early and very early stages of 
infection (Pp3 and Pp2), the hybrid model again shows substantially 
increased F1 scores when compared to a pure 2D CNN. However, 2D 
CNN performs better in the Healthy class. Overall, the hybrid CNN 
model revealed the best performance in recognizing the ASR disease on 
HSI data.

The normalized confusion matrix of the 6-layer hybrid model is 

depicted in Fig. 6. The model shows the highest accuracy in classifying 
ASR infection in stage Pp6–8, and it also demonstrates an acceptable 
capability to detect Pp4–5 and Pp3. However, the class-specific recall for 
Pp3 is 0.479 which indicates poor prediction ability in the range of early 
infection stage (only 0.5 %~2 % of leaf area with visible symptoms). The 
class-specific recall for Pp2 is similar to Pp3 which is under 50 %. 
Furthermore, it can be observed that the classes Pp2 and Healthy both 
have >30 % of images recognized wrongly as belonging to each other. 
This indicates that the model struggles to distinguish the difference in 
images between these two classes. In the class Pp-4–5 and Pp 6–8, im
ages are mostly predicted correctly but some images are predicted as the 
classes nearby in the confusion matrix, which presents a dispersion of 
the prediction.

Fig. 6. Normalized confusion matrix obtained by classifying four stages of ASR and healthy plants by the 6-convolutional layer hybrid CNN model. The x-axis 
represents labels predicted by the model. The y-axis represents the true labels of samples. Figures in the matrix are normalized by calculating the percentage of 
correctly predicted samples in corresponding labels, which is also known as class-specific accuracy. The bar on the right presents the counts of samples in the matrix. 
The samples in each ASR class are selected and amplified by a factor of eight in the augmentation process.

Fig. 7. The accuracy curves of training and validation were obtained after each epoch and presented as (a) the accuracy curve of the 5-layer 2D model, (b) the 
accuracy curve of the 6-layer hybrid model, and (c) the accuracy curve of the 5-layer 3D model.
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3.2. Detecting Sclerotinia stem rust (SSR) and Asian soybean rust (ASR) 
in the mid-late infection stage

The six-layer depth hybrid model demonstrates the best capability in 
the previous experiment. For the next experiment, we thus applied this 
candidate to now detect SSR. Unlike the result of classifying ASR sam
ples which has a good performance in prediction, the six-layer depth 
model predicted all samples as Ss1–4. This result might be because the 
model can not identify the difference between Healthy, Ss1–4, and 
Ss5–8. After all, all of them have no visible symptoms. As a consequence, 
the model predicts all samples to the class having the largest amount of 
training instances compared to other classes to reduce the cross-entropy 
loss. To verify this assumption, the classes Pp4–5 and Pp6–8 as the two 
most obvious ones for the ASR disease are selected with SSR samples to 
test the model. The corresponding normalized confusion matrix is 
depicted in Fig. 8.

In the confusion matrix, the prediction of the Pp6–8 class has greater 
than 92 % class-specific recall and only a marginal fraction is predicted 
as Pp4–5. The prediction of Pp4–5 disperses to Pp6–8 and Ss1–4, a 
similar phenomenon as observed in the previous experiment (cf. Fig. 6). 
However, the instances of Healthy, Ss1–4, and Ss5–8 are still accumu
lated as predictions of Ss1–4 by the model. This result demonstrates that 
the model is not able to distinguish these three classes. The reason that 
the distribution of the prediction accumulates at Ss1–4 is deemed to 
occur due to Ss1–4 having the largest amount of training instances (cf. 
Table 1).

3.3. Impact of image transformation and augmentation on the hybrid 
model

In this study, image augmentation has been applied in the experi
ment to tackle the data scarcity problem (cf. Section 2.5). Geometric 
transformation of the images including random rotation and random 
flipping have been used. The random masking which serves as spectral 
transformation, is particularly tested for its masking ratio ranging from 
0.2 to 0.4. The experiment is conducted based on the six-layer depth 
hybrid model because it showed the best performance in the classifica
tion of ASR disease. Table 5 summarizes the results.

The evaluating indicators of MAF1, OA, AA, and Kappa increase with 
the samples in each class augmented from 264 to 1056. When the data 
set size including the augmented training samples increased to over 
1056 in each class, the evaluating indicators however were found to 
decline. Accordingly, a saturation of indicators was observed when the 
original dataset was amplified by factor eight, and the amount of 
training samples reached a number of 1056.

Comparing the model’s performance in different ratios of random 
masking, it has been found that for the ratio hyperparameter set to 0.3, 
on average higher evaluating indicators across different dataset sizes can 
be observed. For a smaller set masking ratio of 0.2, mostly the indicators 
have been found inferior except for the largest augmented dataset. 
However, the indicators decreased in every setup when the masking 
ratio was set to 0.4, which indicates that a higher ratio of area masking 
can harm the model’s learning ability. Overall it can be stated that an 
appropriate amount of training samples by means of augmentation with 
a proper ratio of random masking in our case led to a substantially 
increased model performance in terms of MAF1, OA, AA, and Kappa.

Fig. 8. The normalized confusion matrix of the detection of 2 fungal diseases in the early-mid and mid-late stages by 6-layers 3D-2D CNN. The x-axis represents 
labels predicted by the model. The y-axis represents the true labels of samples. Figures in the matrix are normalized by calculating the percentage of correctly 
predicted samples in corresponding labels, which is also known as class-specific recall. The bar on the right presents the counts of samples in the matrix. The samplers 
in each class are selected and multiplied 8 times in the augmentation process.
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4. Discussion

4.1. Limited predictive capacity of the model for non-visible symptoms of 
SSR

In the process of manual labeling the leaf samples inoculated with 
SSR disease, we have confirmed that there are no visible symptoms on 
the leaves’ surface for the infection stages Ss1–4 and Ss5–8. The criteria 
we used to separate these two classes is the existing white lesion on 
branches. According to [24,43], the metabolic response change of 
infected leaves starts from 5 days after the inoculation. However, the 
response of soybean plants to the same inoculation method can vary 
among different environmental conditions and the resistance of the 
plant. Literature investigating a CNN approach to detect SSR turned out 
to be scarce. To the authors’ knowledge, there is no proper insight 
available for standardizing the labeling method for detecting SSR at leaf 
scale with different degrees of infection severity. This knowledge gap 
could be due to the morphology of this disease. Since SSR is a soil-based 
pathogen that infects the soybean from the root, symptoms that appear 
on the leaf surfaces are not apparent in the early to middle stages of 
infection. In today’s practical disease-control assessments, symptom 
recognition on leaves is not dominant because the white lesions at the 
roots are visible in the early stage already [44]. Considering the samples 
available for this study, although some wither and defoliate phenomena 
have been lightly apparent, an exact confirmation of the cause of this 
symptom being SSR is difficult because some of the symptoms are 
similarly prevalent after insect attacks or other biotic and abiotic 
stressors [45,46].

Overall, the research regarding the identification of the SSR fungal 
disease on soybean leaves at a very early stage remains scarce. One 
related study on tomato bacteria disease detection indicates that the 
hyperspectral signal of non-symptomatic leaves is highly similar to 
healthy leaves and accordingly, the biological change that induces the 
transition of optical signals occurs with the appearance of visible 
symptoms or withering parts on the leaves [47]. This can be brought in 
line with the results of our study, i.e., that the model struggles to 
distinguish leaves being either healthy or infected but without visible 
symptoms on their surfaces (cf. Table 1).

4.2. Impact of CNN architecture and depth on disease detection 
performance

Our reported results for detecting ASR in different severity scales 
with different CNN architectures and depths reveal that in our experi
mental setting, a hybrid CNN model comprised of four 3D-convolutional 
layers and two subsequent 2D-convolutional layers has superior per
formance compared to pure 3D-CNNs. We deem the vast number of 
trainable parameters of a pure 3D model in combination with the small 
dataset available a potential explanation for this observation. The 
amount of trainable parameters for the 6-layer 3D model is 190 % more 
than the 6-layer hybrid model (cf. Table 4). It took 18, 25, and 37 epochs 
for the 5-layer 2D model, 6-layer hybrid model, and 5-layer 3D model to 
converge respectively, see Fig. 7. According to [48–50], excessive 
numbers of convolutional layers and kernel size can lead to decreased 
overall accuracy in classification. While on the one hand, deeper con
volutional layers can extract more abstract and complex features, it has 
been found that this requires a proper dataset size during training to 
improve the classifying capability of a model [51]. If the dataset is 
insufficient for training, this usually causes overfitting of the model 
which leads to higher generalization errors [52–54].

In this study, we found that the evaluating indicators decrease when 
the models’ number of successive convolutional layers is less than five. 
Improved disease detection performance is observed in the six-layer 
model of the hybrid architecture and the five-layer model of the fully 
2D-architecture. This result is contradictory to the insights reported in 
[55], which found that two layers of 3D-CNNs can reach 95 % accuracy Ta
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over all classes in recognizing Charcoal rot disease at the soybean stem. 
A possible reason for this discrepancy in the number of required con
volutional layers to achieve viable performance metrics is the more 
complex task in our case. Instead of classifying images using a binary 
classification scheme (infected or healthy), we applied a multi-class 
scheme for detecting ASR at different stages of the disease. We hy
pothesize that this increase in the complexity of the underlying classi
fication task results in the need for deeper CNN architectures. The results 
reported in [56], which used both six-layer 2D CNN and four-layer 3D 
CNN structures to classify the gray mold disease of strawberries in three 
classes at the leaf scale support our rationale.

Compared to [21,22] which weighted or reduced the spectral bands 
by PCA, random forest, and attention mechanism. Our approach by 
training whole spectrum data demonstrates lower performance in ac
curacy. However, these studies focus on the infection stage where over 
25 % leaf area has the symptom. During this stage, the difference in the 
spectrum is obvious, while the difference in the early stage is unclear. 
The reduction of spectral channels may miss important information. One 
another study indicates the high accuracy in detecting early infection of 
asymptomatic leaves by weighting the contribution of spectral channels. 
Instead of using a whole leaf as a sample, it extracted regions of interest 
from leaves [23]. This approach did not consider the overall severity of 
leaves but it unveils the possibility of improving model performance by 
weighting spectral bands. In the future, reducing spectral channels or 
weighting channels’ contribution will be applied for further research.

4.3. Impact of image augmentation on CNN-model training

In Table 5, the optimal amount of samples per class in our setting has 
been identified to be 1056, which constitutes an eight times augmen
tation of the original dataset. A further increase in the amount of sam
ples has been found to reduce the values of evaluating indicators. This 
can be relevant for dealing with the often-faced limitation of small 
datasets [57]. Random rotation and random flipping only inject variance 
by changing the geometric information of the data [58]. However, the 
spectral variance is not affected. When overly augmenting the original 
data, the efficacy of changing geometric information declines because 
the variance that can be achieved by these two transformation methods 
is limited by the original data. Regarding the influence caused by the 
different masking ratios, the optimal ratio for our setting has been found 
to be 0.3. The observed decline in performance for higher masking ra
tions (0.4) is most likely because it masks out too much important in
formation vital for learning. The lower masking ratio (here set to 0.2) 
appears not sufficient for adding proper variance to the augmented 
dataset. It can thus be concluded that random masking can be a prom
ising augmentation method when dealing with HSI datacubes, as long as 

a proper masking ratio is set.

4.4. Limiting factors influencing the accuracy of ASR detection

Although the proposed hybrid CNN model demonstrates viable 
recognition performance for the applied five-stage classification scheme, 
some samples have been wrongly predicted. The confusion matrix in 
Fig. 6 shows that the hybrid model is not able to distinguish the differ
ence between the Healthy class and Pp2 class, i.e., a notable number of 
samples belonging to these two classes are misclassified as each other. 
This result indicates that the slight difference in the very early stage of 
infection is not properly distinguishable from uninfected, i.e., healthy 
leaves. In the early stage of infection, denoted as Pp3 in our class 
scheme, a similar result is observable, i.e., some samples have been 
misclassified as Healthy, Pp2, and Pp4–5. Also for class Pp4–5, a couple 
of samples have been misclassified to the nearby classes. This observa
tion could be caused by the difficulty in manually labeling the leave data 
at hand. In our study, the definition of each class for the ASR disease is 
based on the severity scale of the visible symptoms on the leaves’ sur
face. It is considered a continuous severity scale that has no distinct ‘gap’ 
between two nearby classes. As a consequence, images at the ‘edge’ of 
one part of the scale might be recognized as instances from the directly 
neighboring classes on the scale. For example, an image that is manually 
detected as having 4 % visible symptoms on the leaf area has been 
labeled as Pp4–5, but it could have been classified as Pp3 too, because its 
features are highly similar to this class, and vice versa.

In the confusion matrix shown in Fig. 6, a small amount of the images 
in the classes Healthy and Pp4–5 have been confused with each other 
and even with class Pp6–8. These outliers could be due to limitations 
during the image preprocessing. In the process of taking HSI photos, 
fishing rope is used to fix the leaf samples. Those fishing ropes are thus 
also included in the images. Although background masking has been 
applied to remove the interference of the images’ background, those 
ropes spanned above the leaves’ surface are difficult to remove with 
standard methods. Furthermore, the distribution of the appearance of 
fish ropes in each image is uneven, which potentially disturbs the 
training of the model.

Another disturbing factor is caused by overlapping leaves. Because of 
the limited size of the HSI dataset, the images that contain overlapping 
leaves must have also been utilized in the model training. Considering 
the spectral signature plot in Fig. 9(a), it can be seen that both over
lapping healthy and overlapping Pp4–5 leaves have higher reflectance 
factors compared to healthy and Pp4–5 leaves in wavelengths ranging 
from 720 nm and 900 nm. In the wavelength between 520 and 580, the 
reflectance factor of overlapping healthy leaves is slightly higher than 
healthy leaves, while the overlapping Pp4–5 is lower than Pp4–5 leaves, 

Table 5 
The influence of the augmentation in the model performance.

Model Amplification factor Training sample count per class (average) Ratio of random masking MAF1 ± SD OA± SD AA± SD Kappa± SD

Hybrid (6-layer) 2 264 0.2 0.317 ± 0.019 0.325±0.017 0.331±0.011 0.241±0.013
0.3 0.346 ± 0.012 0.338±0.010 0.350±0.014 0.252±0.015
0.4 0.340 ± 0.011 0.335±0.016 0.345±0.008 0.248±0.011

4 528 0.2 0.453 ± 0.009 0.437±0.014 0.462±0.007 0.364±0.012
0.3 0.474 ± 0.014 0.461±0.013 0.479±0.015 0.376±0.015
0.4 0.446 ± 0.007 0.431±0.020 0.455±0.017 0.358±0.018

6 792 0.2 0.475 ± 0.006 0.456±0.012 0.470±0.009 0.395±0.014
0.3 0.481 ± 0.027 0.476±0.015 0.492±0.016 0.391±0.019
0.4 0.458 ± 0.013 0.452±0.013 0.464±0.011 0.377±0.008

8 1056 0.2 0.526 ± 0.007 0.505±0.011 0.538±0.009 0.399±0.013
0.3 0.537 ± 0.009 0.513±0.015 0.534±0.011 0.401±0.016
0.4 0.518 ± 0.006 0.496±0.010 0.520±0.014 0.382±0.012

10 1320 0.2 0.492 ± 0.025 0.484±0.018 0.513±0.015 0.385±0.016
0.3 0.516 ± 0.009 0.503±0.009 0.524±0.007 0.391±0.010
0.4 0.504 ± 0.012 0.489±0.014 0.511±0.011 0.388±0.008

12 1584 0.2 0.513 ± 0.008 0.497±0.021 0.519±0.017 0.395±0.018
0.3 0.510 ± 0.004 0.493±0.013 0.515±0.009 0.387±0.015
0.4 0.479 ± 0.013 0.471±0.016 0.488±0.012 0.360±0.016
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see Fig. 9(b). Our results align with the findings in [21,23]. According to 
these studies, the reflectance factor of healthy leaves in the range of 750 
to 900 nm is slightly lower than infected leaves but it doesn’t match our 
result when comparing healthy overlapped leaves with the Pp4–5 
overlapped leaves. This can be explained by the interference of the 
leaf-overlapping which increase the reflectance factor in the spectral 
range from 750 to 900 because the overlapping part is expected to have 
a higher light scattering phenomenon [59]. In summary, the observed 
limitation of misclassification of some samples in Pp4–5 as instances of 
Pp3 and Pp2 is assumed to be due to the existence of images with 
overlapping leaves as well as the applied narrow severity scale. This 
demonstrates the difficulty of the task of early disease detection of 
fungal pathogens at the leaf scale.

The main limitation of this study is found to be the small size of the 
HSI dataset for training. The purpose of the study is to use CNN to 
recognize two fungal soybean diseases at a leaf scale. However, the 
limited size of the dataset makes it necessary to include images of 
overlapping leaves to ensure enough data for training. On the one hand, 
it introduces a sort of noise into the dataset while on the other hand, it 
can also be seen to a certain extent as simulating the canopy of soybean 
plants under field conditions.

In future work, the acquisition of hyperspectral canopy images 
collected from field or greenhouse trials is pursued. Considering the 
current state of practical disease control of soybean cultivation operated 
in the fields, several more influencing factors need to be taken into ac
count. The application of CNN-based disease prediction models to 
hyperspectral images of plant stands collected by UAVs or agricultural 
machines constitutes another branch of future research. Besides, 
methods of dimension reduction and weighting channels’ contribution 
should be considered to further improve the model’s performance.

5. Conclusion

This study proposes and compares different CNN architectures for 
the early detection of fungal soybean diseases based on hyperspectral 
images of plant leaves. Our experiments reveal that a hybrid model 
combining 3D convolutional layers with succeeding 2D convolutional 
layers achieves the best recognition performance compared to pure 3D- 
CNNs and pure 2D-CNNs. An increasing depth of the CNNs has been 
found to not always increase the models’ predictive performance. 
Contrarily, a proper depth of the convolutional neural networks has to 
be optimized to achieve viable classification performance. The finally 

proposed hybrid CNN model demonstrates viable performance in 
detecting the ASR disease on infected leaves in the early-mid infection 
stages. When tasked to recognize the disease in the early stages of 
infection (DAI3), which usually shows only 0.5 % to 2 % of symptomatic 
leaf area, the class-specific recall shows only a score of 0.48. After 
analyzing the distribution of the predictions in the confusion matrix, the 
hybrid model however is still found to show promising potential in 
detecting the disease in this early stage, because the majority of mis
classified samples have been classified to the nearby classes which are 
naturally difficult to differentiate, even for humans. On the downside, 
the hybrid model revealed a lack of capability to reliably detect the very 
early stage of the infection with ASR, where no symptoms are observable 
on the leaves’ surface. Furthermore, the investigated CNN models are 
not able to detect the SSR disease utilizing our class scheme for differ
entiating several infection stages.

The utilization of image augmentation by means of including com
mon geometric transformation and a random masking technique is 
found to be advantageous when extending the size of small HSI datasets. 
It thus demonstrates the promising potential for further research on deep 
neural networks applied for automated disease monitoring based on 
non-destructive sensing methods in agricultural fields.
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