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Abstract

Ubiquitously promoting digital system emulates the human visual capabilities to
get forward every manual step for fully automated system. Agriculture is one of the most
necessary and fruitful domains for computer scientists to meet the satisfactory requirement of
global and sustainable development. The meaning of sustainable development is pasteurized
due to natural resources. The pollutant air, global warming badly impact of plants leaves.
This article attempts to present a machine learning based leaf disease modeling framework.
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Plant diseases have contiguous impact and spread sharply; therefore, it is important to have
an early detection of the disease. Considering the importance and badly impacting issues
in leaf disease detection, we introduce Separable CNN Vision Transformer (SCN2Vit)
model which utilizes a muti-headed vision transformer learnt from mobileNetv2 in transfer
learning mode. The learnt feature to enhance the performance is trained from YOLOV?, a
faster and real-time most accurate object detector. For optimizing the network Nesterov-
Accelerated Adaptive Momentum (NADM) is used and ensured that SCN2Vit-YOLOv?7
meets the challenges satisfactorily. The experiments were performed to test the model on
publicly available collected from Makerere Al laboratory NaCRR institute.

Subject Classification: 94A08.
Keywords: Leaf disease detection, Transfer learning, YOLOuv7, Transformer, MobileNet(v2).

1. Introduction

Growth of human population on the earth is obviously raised the issues of
food production. Lacking proper enough food is compromised with quality of
food. This is because 90% of food is received from plants. The very common
and regular problems for the farmers are noticed while farming is affected from
diseases to plants and leaves. Once the disease is detected veraciously, actual
control measures can be taken. The main source of food production comes from
crops in India is almost 70% which is the main source of income. Agriculture is
the keystone of the developing nations. Loizou et al. [1] and Diao, Hazzell, and
Thurlow [2]. The output shows that the correctness of methodology can be
higher than the standard method, therefore minimizing the influence of illness
on agricultural production and being commendatory to sustainable development
of agriculture is possible. As per the recent research surveys by India Brand
Equity Foundation (IBEF), in India, agriculture is the main subsistence for about
58% in Selvam and Kavitha [3]. In many rural areas it is tough for farmers to
approach the experts who can estimate the diseases in plants in Abade, Ferreira,
and Vidal [4]. Recently, some technologies based on convolution neural network
performed experiments of real-time disease detection of the plants in Gajjar et
al. [5] and Kashyap et al. [57]. Most of the verification is performed manually
even today, which may not be easy for the disease and its form to be identified.
There is a need for automatic disease detection in plants because wrong
identification gives the loss in production of agriculture in Massi et al. [6]. The
importance of automatic infection detection has been posed by this issue and has
forced the development of certain methods or systems that can detect the disease
more reliably. The crucial problem of detecting and diagnosing diseases more
efficiently depends on obtaining correct knowledge about the symptoms of
diseases.

Some farmers do not have accurate knowledge about the diseases, and they
cannot identify the diseases which lead to high agriculture production loss. For
manual observation, every farmer is considered to have minimum knowledge
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about the plant’s growth and the diseases of the plants, so it will be easy if they
find spots on leaves. In different plants, there are different diseases of different
forms, and they have their own remedy to get cured. Manual method of
identification of disease is hard task because naked eye is not capable to identify
all the disease, however it is deadly error-prone and time-consuming process.
The lack of awareness leads them to incorrect recommendations. The root
causes of diseases in plants is due to genetic disorder, living biotic agents,
microorganisms, and pathogen agents like bacteria, viruses, fungi, protozoa and
helmiths. These pathogens spread the disease from one infected plant to another
healthy plant easily. The change in the weather is also a cause of diseases in
plants. All these reasons may lead to the agriculture production in Haung et al.
[7], and in Bora, Parasar, and Charhate [8].

1.1 Motivation

Leaf infection is the infiltration of disease-causing organ- isms such as
bacteria, viruses, and fungi into leaf tissues, resulting in leaf and plant
deterioration. Goyal, Kumar, and Gupta [9] performed research experiments
recognize leaves of various plants which helps to find the intrinsic features of
the plants leaves. Considering the fact by Turkoglu, Yanikoglu, and Hanbay [10]
had extensive set experiments on various leaves and developed PlantDiseaseNet
model. This is also noticeable that about two-thirds of the world’s three billion
rural people live on small farms, of which approximately 500 million exist as
per record in Massi et al. [6]. Also, pests and diseases have been blamed for
yield losses of more than 50% in many cases. For the next generation of
agriculture, it must include all the possible solutions in any situation by
Beikmohammadi and Faez [11]. Beans are the rich source of niacin B3, a
coenzyme which plays a very important role in metabolic process. The
hormones secreted in metabolic process are responsible for appetite satiation and
digestion which indirectly impact on human body fitness. We mainly focus on
the experiments of detecting disease in the leaf green bean by Mullins and
Arjmandi [12] ensured the importance of bean cure in controlling many serious
diseases like blood and breast cancer, melanoma, lymphoma etc. The leaves of
beans work as an antiviral for HIV, leukemia and coronaviruses. In the study of
Horticulture, oil seeds and other products are considered cash crops. Bean plants
are also considered as Horticulture crops which are fundamentally part of the
legume family, and they are seeds that grow in pods, making them fruit. Beans
are botanically categorized as a legume, which is a type of plant food.

Deep learning has grown in prominence over the previous decade because
of its accuracy when taught with large amounts of data utilized in Sachar and
Kumar [58]. Traditional machine learning methods, on the other hand, require
less time to train and more time to test Chakraborty et al. [13]. The texture and
color of the leaves are the most prominent visual properties in Dubey and Jalal
[14] used texture and shape feature to classify the leaf disease in apple.
Therefore, classifying leaf disease is essential for assessing agricultural
products, improving market value, and satisfying quality criteria. It is also
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beneficial to identify and take further actions to prevent the spread of illnesses.
The two most important qualities of plant disease detection machine-learning
algorithms to accomplish are speed and accuracy. It is necessary to create
techniques such as automated plant disease detection and categorization using
leaf images processing methods. This approach will be beneficial to farmers
since it will notify them at the appropriate time before the illness spreads over a
broad region.

Due to various high-resolution screens, enormous computational power,
large, fixed sets of attachments, like sophisticated cameras, smart phones offer
extremely new methods to assist in illness identification. It is commonly
predicted that by 2020, there may be 5-6 billion cell phones on the planet. By
2015 ending, 69 percent of global populace will have access to digital
broadband indemnity, with mobile wireless service prevalence exceeding 47
percent; a 12-fold growth since 2007. A combination of broad smart phone use,
high-definition cameras, and speed CPUs in movable devices has resulted in
circumstances in which illness diagnosis due to automatic picture recognition, if
scientifically viable, can be given access on a previously unheard-of scale by
Mathew and Mahesh [29].

To correctly diagnose plant disease, a plant pathologist must have strong
observation skills and be able to detect typical signs by Mullins and Arjmandi
[12]. Promoted Al technology had uncovered the path to creating an automated
framework capable of producing speedy, more accurate illness detection
findings in Sethy et al. [15] and Thai, Le, and Nguyen [16]. Artificial
intelligence-based technologies that autonomously detect a wide range of
illnesses are being employed nowadays. The main contributions of bean leaf
disease detection model can be highlighted as follows-

e  We used separable convolution specifically MobileNetv3 in end-to-end
fashion. The features learnt from the separable convolution follow transfer
learning to get classified by the vision transformer. MobileNetV2-CNN
based transfer learning ensured satisfactory results in many computers
vision re- search in Kumar and Bansal [17], Alkhawaldeh et al. [18].

e  The proposed Separable CNN Vision Transformer (SCN2Vit) adopted
multi-head attention layer which targets disease sensitive parts of the
leaves.

e  The learnt SCN2Vit features are smoothly detected with YOLOV7 in
Wang, Bochkovskiy, and Liao [19] which can easily surpass the feature of
YoLOv4 in Bochkovskiy, Wang, and Liao [20] in real time detection and
accuracy.

e Leaf disease detection for plants using MobileNet(V2) method is

delineated to collect leaf images from dataset and to perform satisfactorily
while trained YOLOV7.

The main motive of this project is to prevent crops from diseases. In India,
Agriculture plays a major role. But there are problems while cultivating, the
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main problem is diseases to the leaf/plant which results in loss of whole field.
To overcome these problems, we proposed a method which classifies the
diseases in leaf. Classification in leaf whether it is affected or not results in early
prevention of crops from drowning of fields from diseases.

2. Related Work

Many existing techniques are declared by researchers for plant disease
detection. To reduce processing time, different researchers consider different
datasets based on resolutions while conducting these experiments. They stated in
this re- search, A Review on Machine Learning Classification Strategies for
Plant Disease Detection in Li, Zhang and Wang [21], how they conducted a
comparative study on five different types of machine learning classification
techniques for plant disease detection. Plant illnesses can be recognized by
looking at the leaf of the plants, stems, and roots. This work offers a method for
detecting and classifying tomato leaf disease in Liu and Wang [22]. They
designed a CNN that can automatically extract and classify features. Plant leaf
disease research makes extensive use of color information. The filters are tested
on three channels based on RGB components in our model. For training the
network, the output feature vector of the convolution component was input into
the LVQ. The SVM was educated and checked in the classification using the
kernel function. The images are segmented to assess the affected portion of the
leaf to be compared using the CNN Classifier after being processed using a set
of feature extraction mechanisms. The findings are then used to diagnose and
identify tomato plant disease, as well as propose a suitable solution to farmers as
a preventative measure. Pre-processing and feature extraction for both the input
image and the dataset images were performed to improve prediction accuracy in
Karthik et al. [23]. The pictures are split to identify the damaged area of the leaf
to be contrasted using the CNN Classifier after being processed with a variety of
feature extraction methods.

The use of transfer learning for rice disease classification was explored in
Krishnamoorthy et al. [24]. We used AlexNet for feature extraction and SVM
for classification. The suggested model can accurately diagnose rice illnesses
with an accurate rate of 91.37% for a training- testing division of 80 percent -
20%. They initially suggest a Densely Connected Convolutional Networks
(DenseNet) based transfer learning technique to identify plant illnesses in Deep
Learning based Plant Disease Detection for Smart Agriculture in Nie et al. [25],
which wants to strengthen on edge servers with increased computational
capacity. To detect strawberry verticillium wilt, a disease detection network
focused on Faster R-CNN and multi-task learning was suggested in Nie et al.
[25]. The authors presented Rider-CSA- based DBN for effective image
processing based on plant disease identification technique in the publication
Deep neural network-based Rider-Cuckoo Search Algorithm for plant disease
detection in Cristin et al. [26] which is detailed in this part. To accomplish
disease discovery in plants, the suggested model goes through four steps.
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The results of the experiments demonstrate that our approach is more
successful than the original Faster RCNN at detecting and recognizing tomato
illnesses. However, because the dataset comes from a laboratory, only a single
leaf disease can be recognized in the picture in Bi et al. [27]. Two CNN
architecture models, Inception v3 and MobileNets, were tested to see how they
compared in terms of performance, training speed, and mod el size, among other
things. To supplement restricted databases on Indian flora and illnesses, the
system employs Generative Adversarial Networks (GANs) in Zhang, Song, and
Zhang [28] An Inception v3 model was pre-trained on the ImageNet database
for the developed framework, and the outdoor unit was retrenched to deal with
the dataset of plant illnesses. All the layers work together to extract the most
relevant characteristics from the dataset’s pictures. Several objectors developed
in Mathew and Mahesh [29], YOLO-LITE in Huang, Pedoeem, and Chen [30],
YOLOV3 for apple leaf in Tian et al. [31], Improved TinyUOLOv3 Kumar et al.
[32], Improved YOLOV3-CNN, and DDMA-YOLO in Bao et al. [33] ensured
that detection plays a very important role in identification of objects. Mathew
and Mahesh [29] used Yolov5 for detecting leaf disease in ball pepper plant.
Recently developed fastest real-time object detector YOLOv7 in Wang,
Bochkovskiy, and Liao [19] beats the state of arts in multimedia domain.
YOLOV7 introduced different trainable bag-of-freebies (BoF) techniques which
enable detector performance without braining any computational overhead.

3. Proposed Methodology

The work presented in this paper provides the proposed system of
detecting the leaf disease classification. The proposed model is depicted in
Figure 1. The initially raw features are learned by separable convolution
MobileNetv2 with transfer learning. The second module includes multi-headed
vision transformer. The weight in convolution layers is updated according to
Nesterov-accelerated adaptive momentum (RowReuse) in Zhao et al. [34] as
represented in Eqn. 1. To compute the moments of varying information, Adam
utilizes exponentially moving averages which enables to improve the
performance of disease detection in the leaf image

« (1—&)%)

Wepr = We = 2 (ﬁt Xmt + gt €Y

Where E (w;, M;) defines entropy of M input images of class i with weight
wt. The value of B; is chosen 0.999 and a is set at 0.002. v is infinity norm
constraint appreciated by fixed constant c. As MobileNet (v1) is a good feature
extractor for image detection and segmentation, it gives a turbo speed of 35%/.
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Figure 1

Transfer Learning Vision Transformer-YOLOV7: bean leaf disease detection model
containing: a separable convolution MobileNetv2 for transfer learning to be adopted Vision
Transformer and SCN2Vit features are learnt by YOLOv7

YOLOVT:

The game changing evolution in object detection field was led by *You
only look once (YOLO) in Redmon et al. [35]” an object detection technology
which superseded all the detectors which raise issue with finer objects in Liu et
al. [36], Kumar and Srivastava [37]. YOLOvV7 is recently developed a real-time
object detection technique. Till date, it is fastest and produces most accurate
results in detecting objects in real-time mode. In the decade 2010 to 2020
several important deep network-based detectors were developed such as ResNet)
on He et al. [38], (DenseNet) in Haung et al. [39], YOLO9000 in Redmon and
Farhadi [40] and again YOLOvV3 in Redmon and Farhadi [41]. All the raised
computational issues with these detectors are addressed by developing
comparatively light networks such as MobileNetvl in Weyand, Andreetto, and
Adam [42], MobileNetv2 in Sandler et al. [43], YOLO3-4-5 in Sozzi et al. [44],
and YOLO-LITE in Huang, Pedoeem, and Chen [30]. Deep learning-based
detectors learned end-to-end fashion using regression model which becomes the
foundation of YOLO-series detectors in Bochkovskiy, Wang, and Liao in [20],
in Wong et al. [45], in Zhu et al. [46], and in Kumar et al. [47]. All these
detectors follow GPU based computations. Mehta and Rastegari [56] presented a
lightweight version of vision transformer. Being GPU based computation hard
to afford, transfer learning in Paymode and Malode [48] is introduced. The
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advancements in YOLOV7 represent the extension of ag- aggregation layer and
concatenation with scaling using Bag of Freebies (BoF) which reduces the
detector into a pre-trained and parameterized CNN.

3.1 Convolution Vision Transformer:

Transformers learning with vision features are inbuilt with multi-headed
self-attention modules. Due to its long-range dependencies, the Vision
Transformer (Vit) in Arnab et al. [49] can learn the diverse features smoothly.
Vision transformers alone cannot learn sufficient features from the limited
amount of data. We initially introduce separable convolution specifying
MobileNetv2 for associating the transfer learning with vision transformers. The
hyperparameter tuning of pre-trained model MobileNetv2 was trained over
RowReuse optimizer. All the pre-trained models were trained over different
optimizers with a fixed learning rate of 0.001, batch size 32, epochs 25, and
dropout 0.3 as shown in Table 1.

3.2 Data Collection Resources

iBean dataset: This dataset contains 1296 images of leaf bean which are
collected from different locality in Uganda under the project Makerere Al lab
NaCRR Institute. In the dataset (total 1295 images) three variations are
included: healthy (428 images), angular leaf spot disease (432 images), and rust
(436 images). The infection of angular spot disease is caused by Pseudomonas
syringae and rust disease is caused by the fungus of uromyces appendiculatus.
The training, testing, and validating samples of the dataset are li- censed by MIT
Cambridge. The dataset for performing the experiments is divided into 80/20
ratio of training and validation sets.

4. Results and Discussion

In this paper, as per the dataset images shown in Figure 2, the three defined
classes of bean leaf are scaled to take the input obligation. Later the leaf images
are trained in MobileNetv2 using transfer learning which includes the optimizer
selection and activation function.

4.1 Optimization method

The algorithm used to optimize separable convolution is supported by
RowReuse approach in Kandemir et al. [50] which is carried out in iterative
fashion by comparing numerous solutions until the most satisfactory one is
achieved. To tune with the parameters which will result in low-cost function,
RowReuse optimizer is more useful which ensures better accuracy in classifying
the plant disease. The actual disease that leaf has is angular leaf spot and the
result which shows the prediction output is also same as the actual one.
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Figure 2
Training and validation score for accuracy (left) and loss (right)
of the proposed SCN2Vit

From the graph in Figure 2 (left) and Figure 2 (right), it is clearly observed
that if the val-loss increases and val-acc decreases, it means the method is
overfilling but not learning. In the proposed SCN2Vit-YOLOv7, val-loss is
reduced and val-acc is increased which means our method is built exactly and
learning and working of model is validated. In Figure 2 (right) and Figure 2
(left), the loss and accuracy respectively for both training and testing of the
proposed method is shown.

4.2 Training and Testing parameters:

From Figure 3 and Figure 4, we can see the accuracy and loss of the
proposed model in different epochs. When the accuracy increases, loss decreases
which means the model is built and working properly. From Table 1, the
comparative state of the arts is observed that, when the training images of 1034
and testing 128 images are taken for the proposed model, the final accuracy of
the model is 98.8% and eventually the loss is very low as 0.11%.

Table 1

Comparative Results of State-of-the-arts (SOA) general leaf disease Detection

S-0-A Loss Acc. Leaf
MCLD-CNN(2022) [48] 0.32 95.71% Multiple-crop
ViT+VGG16 [51] - 96% Olive
SNDPN(2022) [7] 0.25 97.59% Tomato
UNet-Resnet34(2021) [53] 0.5 91.07% Bean
Con-Vit(2022) [52] 0.2 96.85% Apple
Citrus-YOLOV7 [54] 0.92 97.29% Citrus Orchard
VGG16+MSVM(2020) [55] - 99.4% Egg Plants
Our 0.085 98.80% Bean
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4.3 Experiments for ablation studies

In extended state of the arts, we preformed Mobile Vision Transformer
(Mobilenetv2) Sandler et al. [43] presented in Figure 1. ON the basis of
computation, the confusion matrix is presented in Figure 3, and Figure 4 on bean
leaf discase dataset as ablation part to justify the validity of our model. Figure 4
(right part) shows validation loss (0.25) immediately goes down for achieving
high performance of the model and high accuracy 99.2%. Figure 5 shows ROC

curve ensuring the performance of classifier on various categories of bean leaf
diseases.

150

True label

100

50

0 1 2
Predicted label

Figure 3
Confusion matrix on bean leaf disease dataset while performing with MobileNetv2

- — Training Loss 100
) — \alidation Loss

Accuracy (%)

Figure 4
Training and validation score for accuracy (left) and loss (right) of the proposed
MobileNetv2
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Receiver Operating Characteristic (ROC) for all the classes of leaf disease

5. Conclusion and Future Recommendation

Due to the huge number of parameters utilized, deep learning approaches
also require a long time to train, but they probably be cheaper to test. Traditional
machine learning methods, on the other hand, require short time for training and
large amount of time for testing. As a result, early and precise identification
might substantially reduce global economic losses while also diminishing the
negative environmental effect of fertilizers and pesticides. To address this issue,
an automated framework that identifies illnesses on plants and leaves is
required. The present techniques have numerous limits and advantages,
according to the literature review. So here we need to propose a method where
the diseases on leaf are classified. For this work was, MobileNetv2 which is a
deep learning method, has a triumphant result which we get for classification of
different bean leaf diseases using the bean leaf captured images.
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