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Abstract: Obtaining a high accuracy in the classification of plant diseases using digital methods is
limited by the diversity of conditions in nature. Previous studies have shown that classification of
diseases made with images of lesions caused by diseases is more accurate than a classification made
with unprocessed images. This article presents the results obtained when classifying foliar diseases in
sunflower using a system composed of a model that automatically segments the leaf lesions, followed
by a classification system. The segmentation of the lesions was performed using both Faster R-CNN
and Mask R-CNN. For the classification of diseases based on lesions, the residual neural networks
ResNet50 and ResNet152 were used. The results show that automatic segmentation of the lesions
can be successfully achieved in the case of diseases such as Alternaria and rust, in which the lesions
are well-outlined. In more than 90% of the images, at least one affected area has been segmented.
Segmentation is more difficult to achieve in the cases of diseases such as powdery mildew, in which
the entire leaf acquires a whitish color. Diseased areas could not be segmented in 30% of the images.
This study concludes that the use of a system composed of a network that segments lesions, followed
by a network that classifies diseases, allows us to both more accurately classify diseases and identify
those images for which a precise classification cannot be made.

Keywords: automatic segmentation of leaf lesions; sunflower disease identification; Mask R-CNN;
Faster R-CNN

1. Introduction

The digital solutions developed for agriculture aim at streamlining agricultural opera-
tions, both to obtain increased productivity per hectare, as well as to efficiently use natural
resources and protect the environment.

The implementation of “green agriculture” and “organic agriculture” [1] can be sup-
ported by artificial intelligence algorithms. For instance, reducing the consumption of
freshwater used in agriculture can be achieved with the help of systems that signal the
need to irrigate, while productivity increases can be achieved with models that recommend
the date of cultivation, date of harvesting, or even the type of crop to grow.

The productivity obtained in agriculture is closely related to climatic conditions. Both
drought and excessive moisture can cause significant economic damage. Preventive plant
protection measures are necessary to reduce yield losses caused by climate change, diseases,
and pests. Digital solutions that combine soil analysis with weather information and plant
imagery can signal and prevent the appearance of diseases and pests. In this way, we can
reduce the need for plant protection chemicals and minimize environmental damage.

Remote-sensing measurements [2], such as the Normalized Difference Vegetation In-
dex (NDVI), are used to highlight the development of crops and identify areas of problems
in a field, without having to visit the field. A low vegetation index can signal an area dam-
aged by insects or affected by diseases or a lack of nitrogen. Along with recommendation
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and prevention systems, digital plant disease identification systems also play an important
role in limiting agricultural productivity losses.

With this research, we sought to further extend previous studies related to classifi-
cations of foliar diseases in plants. The available dataset contained field images of four
diseases affecting sunflowers, along with healthy cases. The models presented here are
generally applicable to any foliar plant disease with visible symptoms. The images were
captured using a high-performance phone and had the necessary resolution for this type
of study.

Before carrying out this research, we studied the results obtained in previous studies
on the interpretability of convolutional networks applied to classify foliar diseases [3]. By
analyzing the conclusions of other studies in the field, we determined that a classification
of individual lesions is more accurate than when considering the whole leaf or unprocessed
images. Barbedo [4], when using individual lesions, obtained an accuracy 12% higher
than when using the original images. A similar result was obtained by Sharma et al. [5]
when, using CNN models, the team classified full leaves versus segmented lesions. In both
studies, the segmentation of lesions was done manually, but we aimed to achieve automatic
lesion segmentation.

To select the segmentation network, we reviewed articles related to segmentation and
classification in agriculture. Before deciding to use segmentation with region-based convo-
lutional neural networks, low-level methods were considered: Chan–Vese; morphological
ACWE (active contour without edge) [6]; K-means segmentation; and thresholding [7]. Yet,
since the results of segmentation with deep-learning methods are far superior to those
of low-level methods, we focused on selecting a CNN network for the segmentation of
leaf lesions.

Storey et al. [8] applied Mark R-CNN to segment rust disease on the leaves of an
apple tree. Their work analyzed three Mask R-CNN network backbones: ResNet-50,
MobileNetV3-Large and MobileNetV3-Large-Mobile. ResNet-50 backbone provided the
best result. Lück et al. [9] presented automatic segmentation methods applied for powdery
mildew, a disease in which the entire leaf acquires a whitish color, making the affected
areas difficult to segment.

Quoc et al. [10] compared U-Net with Mask R-CNN in agricultural area segmentation
applied to satellite images, while Tassis et al. [11] used Mask R-CNN, U-Net, and PSPNet
in their study of coffee diseases.

For studies on the classification of diseases, the dataset offered by PlantVillage is often
used. This dataset contains images processed in a laboratory, showing a leaf affected by a
disease, placed on a unicolored background. Atila et al. [12] applied this dataset to classify
diseases using several versions of EfficientNet, ResNet50, and other models. Li et al. [13]
published a review of studies in recent years on plant disease detection using deep learning,
spanning over 100 studies in the field, which used diverse datasets and convolutional
neural networks for classification. Despite such diversity already present in the literature,
our study adds a new set of sunflower images, and we contribute findings based on this
for the automatic segmentation and classification of diseases.

In this study, we aimed to test the state-of-the-art segmentation models on a new set
of images collected from the field, with four sunflower diseases. We manually annotated
1500 images to train the segmentation networks. After segmentation, disease classification
was carried out based on individual lesions, using multiple lesions on the same leaf, to
improve the classification accuracy. That analysis allows us to present new results, not seen
in previous studies. The rest of the paper is organized as follows: Section 2 presents the
methodology; Section 3 outlines the results; finally, Section 4 contains a discussion of the
results obtained and we indicate next steps.
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2. Materials and Methods
2.1. Dataset

The study started with a set of 858 images containing four foliar sunflower diseases
and also healthy leaves. Due to the relatively low number of images, the study does not
aim to discuss the impact that the disease stage has on classification, nor the case when
a leaf is attacked by several diseases. We could not capture images in all stages of plant
growth or in all disease stages. Images were taken in fields using an iPhone X equipped
with a high-performance camera. Image dimensions are 3024 × 4032 px. Images were
captured from a distance of 10 to 20 cm, and this allowed the preservation of details. Using
augmentation, the number of images was increased.

To train a neural network, a large number of images along with their correct classi-
fication is required. Taking a large number of images from the field is difficult and it is
necessary to apply artificial methods to increase the number of images. The technique is
known as augmentation and consists of transformations applied to a small set of images
available per class. Geometric transformations such as flip, rotation, cropping are consid-
ered classical augmentation methods. Using deep learning for digital images augmentation
is the new trend in this area. Khalifa et al. [14] makes a survey of recent accomplishments
in the area of deep-learning based augmentation. Another interesting survey focused on
automatic augmentation for agriculture was done by Lu et al. [15].

In this study, we applied flip and rotation as geometric transformations, kernel filters,
but also, neural filters, available in Photoshop. Super Zoom is one of the Neural Filters
provided by Photoshop.

To increase the variety within the data set, 30 images of powdery mildew and 40 images
of downy mildew were added from Internet. Table 1 presents the structure of the dataset
with full leaf images. From 300 images per class, 225 were used for training and 75 for
validation. Images were resized to 224 × 224 using Photoshop functionalities.

Table 1. Dataset with full leaf images.

Host Class No. of Images
for Training and Validation

No. of Images
for Testing

Sunflower Rust 300 81
Sunflower Powdery mildew 300 81
Sunflower Downy mildew 300 81
Sunflower Alternaria leaf blight 300 81
Sunflower Healthy leaves 300 8

Starting from the dataset presented in Table 1, with images containing full leaves
and background elements, using manual annotations, we built a new dataset of images
containing lesions and areas with disease symptoms. We used functionality available in
pycocotools to extract segmented regions. Table 2 presents the structure of the dataset with
lesions and areas affected by the disease. From 600 images per class, 450 were used for
training and 150 for validation.

Table 2. Dataset with lesions and areas affected by the disease.

Host Class No. of Images
for Training and Validation

No. of Images
for Testing

Sunflower Rust 600 200
Sunflower Powdery mildew 600 200
Sunflower Downy mildew 600 200
Sunflower Alternaria leaf blight 600 200
Sunflower Healthy leaves 600 16
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2.2. Image Annotations

To automatically segment the lesions, as well as classify diseases based on the areas
affected by the disease, it was necessary to manually annotate the images. In each picture,
the diseased areas of the leaf were marked using a polygonal shape, and a label was added
to each segmented region. Annotations were saved as Common Objects in the Context
format as a JSON file [16]; this format is often used in automatic segmentation algorithms.

To produce the image annotations required for segmentation and classification, two tools
were tested: VGG Image Annotator (VIA) [17] and Make Sense. Make [18] Sense was selected
as our annotation tool due to its ease of use, as well as since it supports several output file
formats, such as YOLO, VGG, JSON, VOC XML, and CSV.

The selection of diseased regions and their labeling was a very important step since
the model would use the marked locations during training. If the regions were labeled
incorrectly, the model would be incorrectly trained, and this would lead to inaccuracy in
the segmentation. Figure 1 shows the initial image, followed by the annotated image and
the selected areas of interest.
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Figure 1. Annotated images and lesions extracted.

It can be observed in Figure 1, that while in Alternaria (a, b) and Rust (e), the affected
areas are well-outlined, in powdery mildew (d), the disease affects the entire surface of the
leaf, giving it a whitish tinge. The lesions caused by Alternaria (a, b) and downy mildew (c)
are surrounded by a yellowish halo, but the effect of the disease on the leaf is represented
by different colors. In the areas affected by Alternaria, the brown color predominates, and
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in the areas affected by downy mildew, we can note a white-yellow mixture. The shape of
the lesion is also different, with Alternaria lesions, taking a shape that has several corners.
Due to the advanced phase of the disease, in certain pictures, the leaf shows holes of black
color. In some images, each lesion is marked distinctly, while in case (e), the annotation
may include either one or a group of lesions. In the case of downy mildew (c), if the
segmented lesion does not include the yellow halo, the disease can be easily confused with
powdery mildew (d) since in both cases, we observe the presence of a white color. Even if
the automatic segmentation of the lesions could be carried out correctly, the existence of
similar symptoms could affect the accuracy of the classification.

2.3. Proposed System for Automatic Segmentation and Classification

The system proposed to perform segmentation and classification is composed of
a segmentation network represented by Faster R-CNN or Mask R-CNN, followed by a
classification network. ResNet was selected to perform the classification step. Figure 2
presents the flow of segmentation and classification algorithms, and Figure 3 shows a
graphical representation of this system. As the classification output of this system, we took
the disease with the highest number of occurrences of lesions.
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In real life, a plant can be infested with several pathogens. If the lesions of the same
leaf have a different classification, we might think that the plant shows the symptoms of
several diseases. In the absence of an agronomist or laboratory methods, it is difficult to
prove the presence of multiple diseases, so this situation is not covered by our system.



Sustainability 2022, 14, 11312 6 of 16

2.3.1. Faster R-CNN and Mask R-CNN Models Used for Segmentation

The Faster R-CNN segmentation model [19] uses a new method to generate region
proposals, called the Region Proposal Network (RPN). The RPN is a neural network that
proposes multiple objects available within a given image. Faster R-CNN has two outputs
for each detected object: a class label and a bounding box.

Mask R-CNN [20] is an extension of Faster R-CNN, also offering an object mask, in
addition to a frame and classification. Mask R-CNN is composed of two steps. In the first
step, the network proposes areas of the input image where there could be objects of interest.
In the second step, it refines the bounding box, carries out the object classification, and
generates a mask of pixels of the object. In our study, the lesion bounding box would have
been enough since the lesion mask was not used, but we decided to execute segmentation
experiments with both Faster R-CNN and Mask R-CNN to compare their performance.

When it comes to the convolutional backbone architecture used for feature extraction,
Mask R-CNN studies have evaluated different architectures: ResNet [21], ResNeXt [22]
with both 50 and 101 layers, and a more recent backbone called the Feature Pyramid Net-
work (FPN) [23]. In this study, the Faster R-CNN architecture was used for the network
head, to which we added a fully convolutional mask prediction branch. The implemen-
tation of both Faster R-CNN and Mask-R CNN models may be carried out in PyTorch,
Detectron2 [24], and other open-source tools. In PyTorch, there is a Mask R-CNN model
with a ResNet-50-FPN backbone and a Faster R-CNN model with both ResNet-50-FPN and
MobileNetV3-Large FPN backbone, while in Detectron2, more versions are available. As
part of Detectron2, the Facebook AI Research team also released a model zoo, including
pre-trained models for object detection, semantic segmentation, and keypoint detection.
Given the baseline results presented in model zoo, for the experiments executed in this
study, the R50-FPN model was selected and initiated with weights from a model pretrained
on the MS-COCO dataset.

Fine-tuning the Mask R-CNN network is an elaborate activity. In our study, we used
the standard configuration present in Detecrton2. In a subsequent study, we aim to achieve
an increase in performance by fine-tuning the network parameters.

2.3.2. ResNet Model Used for Classification

A convolutional neural network (CNN) was considered for classification due to the
promising performance results from previous studies. A ResNet-type network was used,
with two architectures, ResNet50 and ResNet152. This type of network, created in 2015
by researchers at Microsoft Research, was chosen due to the reduced time required for
training, the low storage space of learned parameters, and the high accuracy. Transfer
learning was used for experiments and models were initiated with weights from a model
pretrained on ImageNet. A CNN network can be trained from scratch, or we can use the
transfer learning. With transfer learning, we take the parameters (weights and biases) of a
learned problem of a similar nature, and we use them on a new dataset. Transfer learning
is used for experiments where dataset does not have enough data to train a full model
from scratch.

Tests were also conducted using EfficientNet, but for our dataset, ResNet offered
slightly superior accuracy.

For classification based on field images, selected CNN models, ResNet50 and ResNet152,
were trained and tested using two versions of the dataset presented in Table 1, DS1-V1
without healthy leaves and DS1-V2 with healthy leaves. We wanted to study the impact
that the introduction of the healthy leaf class had on the results. Training was done with
categorical cross-entropy loss, a Stochastic Gradient Descent (SDG) optimizer, a learning
rate of 0.001, batch sizes of 30 for DS1-V1 and 45 for DS1-V2, and six epochs.

For disease classification based on images with lesions, starting from the set of images
presented in Table 1, using manual annotation, we obtained the dataset presented in Table 2,
in which we had images of the segmented lesions or diseased areas containing a group
of lesions. To build the dataset, we used a functionality available in pycocotools to load,



Sustainability 2022, 14, 11312 7 of 16

parse, visualize, and extract segmented regions. We extracted 600 diseased areas per class.
Each bounding box representing a lesion, or an area affected by disease was extracted into
an image that was resized to 224 × 224.

The ResNet50 and ResNet152 models were trained using two versions of the dataset,
without healthy green areas of leaves (DS2-V1) and with healthy green areas of leaves
(DS2-V2). Training was done with categorical cross-entropy loss, a Stochastic Gradient
Descent (SDG) optimizer, a learning rate of 0.001, and batch sizes of 45 for DS2-V1 and
75 for DS2-V2.

3. Results
3.1. Segmentation of Lesions with Mask R-CNN and Faster R-CNN

Mask R-CNN and Faster R-CNN networks were trained to segment and classify the
four foliar diseases. The results obtained for both networks showed that we had images
in which the framing of the lesions or diseased areas was correct, as well as images in
which segmentation was not performed. We also noted that we had correct and incorrect
classifications of lesions.

Figure 4 presents images with bounding boxes from Mask R-CNN, and Figure 5
presents images where no specific lesion was selected when segmentation was carried out
with Mask R-CNN.
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Figure 5. Images with lesions not segmented by Mask R-CNN.

In images from Figure 4(a1,a3), all segmented lesions were correctly classified as
Alternaria. In Figure 4(a2), most lesions were classified correctly, except for one, which
was classified as rust. Rust images from Figure 4(b1,b2) were correctly classified, but in the
case of rust, we can observe that a high number of lesions were not segmented. For downy
mildew, the segmentation and classification were done correctly.

Powdery mildew images from Figure 4(c1,c2) are segmentations of the same image. In
Figure 4(c1), network was trained with 600 iterations, while in Figure 4(c2), network was
trained with 900 iterations. We can note that in Figure 4(c1), fewer lesions are segmented
compared to Figure 4(c2), but the classification is done correctly, while in Figure 4(c2), the
classification is wrong.

Figure 5 contains images in which the lesions could not be segmented, although we
tested using 300, 600, and 900 training iterations.

Segmentation of the lesions was also tested with the Faster R-CNN network. Figure 6
presents images with bounding boxes for Faster R-CNN, and Figure 7 presents images
where no specific lesion was selected when segmentation was done with Faster R-CNN.
For the images in which the segmentation of the lesions could not be done, we can note
that the disease is in an advanced stage, or the leaves are wilted.
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3.2. Disease Classification Based on Field Images and CNN

ResNet50 and ResNet152 were trained using the dataset from Table 1, with images
containing leaves and background elements. The experiments were carried out initially
without including the class of healthy leaves, and then adding this class as well. We
wanted to study the impact that the healthy leaf class has on accuracy. The training metrics
are presented in Table 3. A confusion matrix was created for each model and dataset
combination. The results are presented in Figures 8 and 9.
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Table 3. Training results.

CNN Image Size Epochs Train. Loss Valid. Loss Training
Accuracy

Valid.
Accuracy

ResNet50 DS1-V1 224 × 224 6 0.056 0.303 0.991 0.863
ResNet152 DS1-V1 224 × 224 6 0.065 0.246 0.984 0.92
ResNet50 DS1-V2 224 × 224 6 0.069 0.387 0.987 0.858
ResNet152 DS1-V2 224 × 224 6 0.049 0.307 0.993 0.903
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The classification results for the test dataset are presented in Table 4.



Sustainability 2022, 14, 11312 11 of 16

Table 4. Classification results for test dataset with images containing leaves.

ML Model/Dataset Accuracy

ResNet50/DS1-V1 92.59%
ResNet152/DS1-V1 91.97%
ResNet50/DS1-V2 84.63%
ResNet152/DS1-V2 89.15%

The introduction of the healthy class to DS1-V2 led to a decrease in accuracy for both
types of networks, but more predominantly for ResNet50. The decrease in classification
accuracy can be observed in the case of powdery mildew, where the number of images
misclassified as downy mildew increased. Figure 10 presents images misclassified when
the models were trained with DS1-V2.
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Figure 10. Images that were misclassified.

Images from Figure 10a,b represent multiple leaves and an advanced stage of the
disease. Figure 10d is an example where downy mildew is confused with Alternaria,
while in Figure 10c, powdery mildew is mistaken for downy mildew. The healthy leaf in
Figure 10e, meanwhile, was confused with powdery mildew.

3.3. Disease Classification Based on Images with Lesions and CNN

Starting from the dataset presented in Table 2, ResNet50 and ResNet152 were trained
based on the dataset with lesions and diseased areas, using the dataset without the class
of healthy areas and the complete dataset with healthy areas. The training metrics are
presented in Table 5. A confusion matrix was created for each model and dataset, as shown
in Figures 11 and 12.

Table 5. Training results.

CNN Image Size Epochs Train. Loss Valid. Loss Accuracy Valid.
Accuracy

ResNet50 DS2-V1 224 × 224 6 0.025 0.091 0.996 0.967
ResNet152 DS2-V1 224 × 224 6 0.014 0.090 0.998 0.969
ResNet50 DS2-V2 224 × 224 6 0.015 0.087 0.999 0.969
ResNet152 DS2-V2 224 × 224 6 0.012 0.074 1 0.98
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The classification results for the test dataset are presented in Table 6.

Table 6. Classification results for test dataset based on lesions.

ML Model/Dataset Accuracy

ResNet50/DS2-V1 95.12%
ResNet152/DS2-V1 93.25%
ResNet50/DS2-V2 96.0%
ResNet152/DS2-V2 96.6%

If we compare the results from Table 4 with Table 6, when training was carried out
on images containing lesions, the accuracy was higher compared to results obtained when
training was carried out on unprocessed field images. All images of healthy areas were
correctly classified as healthy, and no image of a segmented lesion was misclassified as
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healthy. We can note an increase in the accuracy after introducing the healthy leaf area
class, especially for downy mildew. Figure 13 presents images misclassified during testing.
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Rust original image from Figure 13a, as it was taken from a distance, did not allow
for the identification of the disease, and diseased spots were mistakenly classified as either
Alternaria or downy mildew due to the yellow halo. Areas of Alternaria, Figure 13c,
were surprisingly classified as downy mildew, with the reason for the misclassification
unclear. Most likely, the yellow color predominant around the brown spots influenced
the classification.

In the case of downy mildew images, Figure 13d,e, we can observe spots of whitish
color wrongly classified as powdery mildew, while spots with a strong yellow halo were
misclassified as Alternaria. The downy mildew images captured the disease in an advanced
stage of development, when leaves already had black holes. As mentioned previously,
classification in the case of leaves with an advanced degree of disease cannot be carried
out accurately.

The introduction of the class of healthy leaf areas improved the accuracy, but some
images were still misclassified. Certain lesions caused by downy mildew were misclassified
as powdery mildew and vice versa. The main reason for this was that in the dataset, there
were many images of downy mildew in the stage of advanced disease and withered leaves.
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3.4. Segmentation and Classification System

To conclude this study, we made an end-to-end test of our disease detection system. We
tested the segmentation using Faster R-CNN and Mask R-CNN, followed by classification
using ResNet50. The ResNet50 network was trained based on the dataset presented in
Table 2, with manually annotated lesions and diseased areas. As the classification output of
this system, we took the disease with the highest number of occurrences of lesions.

The dataset presented in Table 1, with full leaf images, was used for this test, where
81 images from each disease were segmented and then classified. Images for which
segmentation could not be performed were considered “non-classifiable”. Results are
presented in Table 7 for Faster R-CNN segmentation and in Table 8 for Mask R-CNN.

Table 7. Results of segmentation-classification system for Faster R-CNN.

Host Class Test Images Unclassifiable Classified
Correctly

Classified
Incorrectly

Accuracy
per Disease

Sunflower Rust 81 3 69 9 88%
Sunflower Powdery mildew 81 34 15 32 31%
Sunflower Downy mildew 81 20 45 16 73%
Sunflower Alternaria leaf blight 81 2 78 1 96%

Table 8. Results of segmentation-classification system for Mask R-CNN.

Host Class Test Images Unclassifiable Classified
Correctly

Classified
Incorrectly

Accuracy
per Disease

Sunflower Rust 81 7 63 11 85%
Sunflower Powdery mildew 81 24 36 21 36%
Sunflower Downy mildew 81 6 66 9 88%
Sunflower Alternaria leaf blight 81 0 74 7 91%

Accuracy was calculated as the number of correctly classified images, where the
images not segmented were not considered. This disease identification system, composed
of the disease segmentation network, followed by disease classification, allowed us to
avoid erroneous classification by considering the unsegmented images as unclassifiable.
The system of using Mask R-CNN and classification produced better results compared to
Faster R-CNN and classification.

From the experimental results, it can be seen that some diseases have not been well
distinguished and discriminated. This is mainly the case of powdery mildew and downy
mildew. We can conclude that this system presents robust results for certain types of
diseases, in which the lesions are well outlined, and for other types of diseases, a different
approach may be required. Testing different classification methods for certain diseases and
combining the types of networks that offer the best performance in each case, will be the
subject of further study.

4. Discussion

This study, conducted for foliar diseases of plants, presents a method of automatic
segmentation of diseased areas, followed by precise detection of the disease. Although the
study was limited to four foliar diseases found in sunflower, methods used can be applied
to other plants.

Of the four foliar diseases, rust and Alternaria are manifested by well-defined areas
of the lesions produced, while downy mildew and powdery mildew can extend over the
entire leaf. The use of these diseases in our study allowed us to evaluate the behavior of
the system for both types of disease manifestations.

For segmentation, the proposed system was evaluated with Faster R-CNN and Mask
R-CNN and the usage of Mask R-CNN provided overall better results. A lower performance
in the segmentation of diseased areas was observed for powdery mildew, where disease is
spread across the leaf, without distinct lesions.



Sustainability 2022, 14, 11312 15 of 16

Classification of diseases was tested with ResNet50 and ResNet152, using a dataset
with images taken from fields and a dataset with diseased areas. It is observed that a
classification made with segmented lesions provides a significant better accuracy compared
to the classification made with images containing full leaves.

We also studied the impact of introducing a healthy class on the classification results.
It is observed that the introduction of the healthy class had a positive effect on accuracy in
case of classification done with segmented lesions and a negative impact when classification
was done with full image.

The diversity of nature continues to pose a challenge for researchers in the field of
artificial intelligence. The main limitation in the study of plant diseases is given by the lack
of a set of images taken from different geographical areas, containing different stages of
the disease, manifestations on the upper and lower sides, as well as annotations on the
date of capture and geographical coordinates. A first future objective would be to build
this new set of data, which would allow us to continue our research using more crops and
more diseases.

The continuing development of classification algorithms may require using both
sides of the leaf in classification. Symptoms present on both sides could facilitate the
differentiation of diseases where there is otherwise high confusion. Introducing information
collected through sensors regarding precipitation or soil parameters could also contribute
to improving the classification algorithms. Creating a system composed of several types of
networks could also allow us to achieve good performance for all types of diseases.
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