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Abstract: Plant disease classification and prevention of spreading of the disease at
earlier stages based on visual leaves symptoms and Pest recognition through deep
learning-based image classification is in the forefront of research. To perform the
investigation on Plant and pest classification, Transfer Learning (TL) approach is
used on EfficientNet-V2. TL requires limited labelled data and shorter training
time. However, the limitation of TL is the pre-trained model network’s topology
is static and the knowledge acquired is detrimentally overwriting the old para-
meters. EfficientNet-V2 is a Convolutional Neural Network (CNN) model with
significant high speed learning rates across variable sized datasets. The model
employs a form of progressive learning mechanism which expands the network
topology gradually over the course of training process improving the model’s
learning capacity. This provides a better interpretability of the model’s under-
standing on the test domains. With these insights, our work investigates the effec-
tiveness of EfficienetV2 model trained on a class imbalanced dataset for plant
disease classification and pest recognition by means of combining TL and pro-
gressive learning approach. This Progressive Learning for TL (PL-TL) is used
in our work consisting of 38 classes of PlantVillage dataset of crops and fruit spe-
cies, 5 classes of cassava leaf diseases and another dataset with around 102 classes
of crop pest images downloaded from popular dataset platforms, though it is not a
benchmark dataset. To test the predictability rate of the model in classifying leaf
diseases with similar visual symptoms, Mix-up data augmentation technique is
used at the ratio of 1:4 on corn and tomato classes which has high probability
of misinterpretation of disease classes. Also, the paper compares the TL approach
performed on the above mentioned three types of data set using well established
CNN based Inceptionv3, and Vision Transformer a non-CNN model. It clearly
depicts that EfficientNetV2 has an outstanding performance of 99.5%, 97.5%,
80.1% on Cassava, PlantVillage and IP102 datasets respectively at a faster rate
irrespective of the data size and class distribution as compared to Inception-
V3 and ViT models.The performance metrics in terms of accuracy, precision,
fl-score is also studied.
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1 Introduction

Computer vision system and advancements in deep learning-based modeling methodologies has gained
significant attention in its domain variants namely classification, object detection, object tracing in videos etc.
The human scale emulation methodologies deployed in the field of remote sensing, medical imagery
applications, self-autonomous cars and agriculture is known for its promising and accurate results. Plant
disease detection, disease classification, pest recognition at initial stages for sensitive commodities like
tomato and potato is highly mandated as the harvest losses have a direct impact on the price fixation of
the vegetables. In case of profitable crops like Tomato, Leaf Curl Virus has a dreadful impact [1] and
leads to yield losses. With the advent of best image processing solutions and the continuous research in
Precision Agriculture, Artificial Intelligence through the concepts of continuous learning paradigms or
models based on Convolution Neural Network (CNN) architecture and Vision Transformer has provided
improved insights to proceed further.

The concept of Transfer Learning (TL) involves developing a model on relatively larger dataset and
apply the knowledge gained during the training process which is relevant to the model that is trained.
These speeds up the process of learning and the divergence of the data between Train and Test Set is
highly reduced using TL [2]. Also, this learning method uses pre-trained neural network models that can
work on less data and images and the training time is also reduced substantially [3]. InceptionV3 is one
of the renowned pre-trained CNN based TL model [4,5]. This work focuses on plant disease and pest
classification using the Progressive Learning based EfficientNetV2 [6], a recent model (2021) by means
of TL and hence the model strategy is known as Progressive Learning-Transfer Learning (PL-TL). Our
work claims that EfficientNet-V2 is a more suitable CNN model for TL since the core concept of
EfficientNet-V2 includes Progressive Learning. Our proposed study uses variable sized and multi class
dataset say cassava, Plant Village and IP102 Pest Control dataset. Sample images from the above dataset
are shown in Fig. 1. The same dataset is used to study the performance of TL using Inception V3 and
Vision Transformer (ViT) networks.

The contents covered in this manuscript is as follows: Section 2 provides the recent work carried out in
the area of our interest; Section 3 focuses on the core concepts of the materials, models and the methods used
in our framework; Further, it elucidates on image dataset, diseased leaves visual symptoms and data
augmentation technique such as Mixup Augmentation, Section 4 provides an insight on the evaluation
metrics used and elaborates on the EfficientNetV2 classifier results followed by the conclusions in
Section 6.

2 Related Works
2.1 TL, Plant Disease Classification and CNN Models

The TL approach [7] used on plant disease classification requires additional insights and techniques
since the disease visual symptoms is obvious as the lesions size and ratio based on texture manifests
more as compared to any other object detection approach [8].The earlier approaches of plant disease
detection and classification over a decade ago involves study on small scale images based on techniques
like K-Means and Support Vector Machine (SVM), Principal Component Analysis [9] Bayesian Methods
[10]. Above models remained as a black-box and model-debugging is highly challenging due to
insufficient knowledge on the internal learning process. The research insights provided by the authors
[11,12] on early detection of plant diseases have conducted the study on same Plant Village dataset using
DL models say VGG, ResNet and DenseNet, Xception-DL and results claim that DenseNet outperforms
other models. However, vanishing gradient problem due to DenseNet architecture was reported. Another
2021 work by the authors [13] have conducted an intensive investigation based on re-weighting concept
on large scale benchmarking PDD271 dataset WITH 2,20592 images and 271 disease categories. This
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paper discusses on the dataset construction methods and performance evaluation using ResNet152 and
SeNetl154 with fine-tuning. The training time of their claimed models on a large-scale dataset is also
discussed. With this as base idea and DL-CNN model like EfficientNet-V2 in its preliminary research
stage and appealing to have better accuracy at faster rates is used in our study with TL performance
metrics as the key focus of this paper. Optimal augmentation technique imposed on only specific crop
species and clustering of 3 different datasets is discussed below. Reference [14] has given an insight on
cassava leaf disease detection using a hybrid approach of traditional Principal Component Analysis
(PCA) with CNN and proves better with smaller data samples and the real-time implementation works
better only with proper spectral requirements and reference [15] briefs on tracking of grape clusters which
involves detection and segmentation approach and the architectures used are You Only Look Once
(YOLO) and Mask Regions with Convolution Neural Network (Mask R-CNN).

(b)

©)

Figure 1: Sample images from (a) Cassava plant disease (b) PlantVillage (c) IP102 pest recognition datasets

2.2 Review of EfficientNetV2, InceptionV3 and ViT as Transfer Learning Model

2.2.1 InceptionV3

A CNN based TL model pre-trained on ImageNet dataset has attained 78% accuracy in 170 epochs. This
preferred training model has decomposed kernels where feature extraction is performed at every abstract
level and is encoded to end layer features. Batch Normalization (BN) is an fine-tuning approach for TL,
which lessens the co-variate shift internally and output labels are the same in spite of the input variables
spectrum. BN involves zero mean and unit variance and it is given as y; = {BN, g(Xi)} where vy, p are
learnable parameters and the end normalization after scaling and shifting is given as Eq. (1),
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where py and o3 are mean and variance respectively. A potential outcome of BN is gradient stability and
higher convergence [16,17].

222 ViT

This non-CNN model decomposes the image into patches, and each small patch is mapped to feature
vector known as tokens. Patch embeddings with positional information, use of layer normalization on
variable length inputs for every block, Multi-Head Self Attention mechanism and Multi-layer perception
head are the highlights of ViT architecture. Observations also include ViTs performance degradation on
smaller datasets and longer execution times. Individual heads is assigned on parts of the input sequence
and attention is computed on individual sequences followed by concatenating all independent heads over
the entirety with the respective Query (Q), Key (K) and Values(V). The MHSA mechanism is given in
Eq. (2)

Multihead (Q,K, V) = Concat(head]l, ... head h)W° )

where headl is given as

. QKT>
Attent Wio, KWix, VW) = soft A% 3
ention (Q 0 K V) sofmax(\/ch 3)

2.2.3 EfficientNetV2

EfficientNetV2 is a progressive learning model that adjusts the regularization value based on image size.
Regularization is a method to achieve balanced fit and hence a key to reduce the loss function. Parameter
regularization achieves better similarity between source and target learninghe ConvNet layers are
segmented into stages and all the layers in EfficientNetV1 is given as Eq. (3).

8
N= Z FiLi(X(Hi,Wi,Ci)) “)

i=1

where Y1 = Fj(Xj) and L; represents the number of times the function is repeated for stage I, (Hi, Wi, Ci)
represents the height, width, and channel dimensions.

The authors [18] in the paper cardamom plant disease detection using EfficientnetV2 have measured the
performance based on the image backgrounds. This work has provided favourable observations for a smaller
dataset with fewer classes. For our work insights, we have examined the variants of EfficientNetvl (B0-B7)
and EfficientnetV2. MB Conv layers proposed in the former and Fused—-MB Conv blocks in the later and its
performance impact is studied. Observation of authors of EfficientNetV1 includes equal compound scaling
strategy in terms of depth (d), width (w) and resolution (r) yield better performance and speeds up the training
convergence. Observation of authors of EfficientNetV2 is optimal utilization of MB Conv layers and Fused-
MB Conv blocks during the training course with variable compound scaling strategy along with adaptive
regularization results in far more routine improvement at lesser FLOPs. Further, ascending the data size
provides higher accuracy. The above two insights with respect to TL for images of variable size, non-
uniform distribution of images over the classes and analysis of individual dataset and the clustered dataset
package is assessed in following sections,
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2.2.4 Training Efficiency on ImageNet Dataset

All the model architectures under study are pre-trained on ImageNet dataset and the TL results in terms
of Top-1 accuracy for ImageNet dataset with 1000 classes and 1.3 million images for the models under study
are given in Tab. 1

Table 1: CNN based and transformer based models

Model Trainable ImageNet CIFAR- Flowers Core mechanism
parameters TOP-1 10 (%) (%)
accuracy (%)
Inception v3 24 M 78.1 93.6 96.2 Convolution
ViT-B 86 M 79.9 98.1 85.3 Transformer encoder-decoder, self-
attention mechanism
EfficientNet 43 M 84.3 98.1 98.8 Equal compound scaling of depth,
(V1) B7 width and resolution dimensions.
EfficientNet V2 24 M 87.3 98.7 97.9 Adaptive regularization and compound

scaling adjustments as per necessity.

3 Materials and Methods
3.1 Progressive Learning for Transfer Learning (TL)

As discussed in Section 2, PL is conducted on unbalanced multi-class datasets individually say Cassava,
PlantVillage, IP102 datasets. As discussed by the authors of EficientNet-V2, the study is initiated gradually
where image size is directly proportional to regularization strength.

Algorithm 1: Progressive Learning for TL

Step 1: Set the image size s; and regularization value ¢
Step 2: Expand the image size s;., gradually and the regularization value apf.‘“ for m stages
Step 3: Gain the information from source domain D; and learning task 7 of EfficientNetV2

Step 4: Apply the information learnt to target Domain D, and the corresponding target learning task 7;
where D; # D;

Step5: Train the model for N epochs for the target image size s; and regularization value ¢,

3.2 Dataset Used

The standard plant disease classification datasets are used as such and the results are studied and further
the standard datasets are combined into a single dataset with train and test distribution of 70% and 30%
respectively and results are evaluated. The culmination of the distribution is shown in Tab. 2.

Table 2: Dataset distribution

S.No. Dataset name No. of No. of
classes images

Cassava leaf disease (Kaggle) 5 9,436
PlantVillage (Kaggle) with mixup augmentation on tomato disease classes 38 55,000

3 1P102 102 75,000
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3.3 Mixup Data Augmentation—Tomato Disease Classes

The authors [19] in their study have discussed on using pre-trained AlexNet model and have claimed that
the accuracy is obtained at reduced training time. They have also discussed due to similarity in visual disease
symptom misclassification is highly probable in corn and tomato disease categories. This again is a powerful
insight for our work and hence Mixup augmentation is performed only on tomato diseased classes with close
similarities in symptoms appearance. Hence, Mixup Augmentation is performed on the disease classes Target
Spot, Septoria disease and Spider mites and another group focusing on Bacterial Spot and Tomato Yellow
Curl Virus in the ratio of 1: 4 and thereby increasing the number of PlantVillage dataset images close to
55,000. The Mixup Augmentation is performed for different o values between 0.4 to 0.7. Figs. 2a and 2b
shows the sample images with Geometrical augmentation (Flip, rotate, zoom), Mixup augmentation and
the basic formula for generating the new image set is given below Eqgs. (4) and (5).

Img(new)x/ = oy + (1 —o) xx %)
where xi, xj are raw images
Img(target)y/ = wy; + (1 - OC) * Vi (6)

where yi, yj are one-hot encoded images

New Image with a = 0.6

»

=~

New Image with a = 0.5

© w0 1B W N

New Image with a| =0.7

(@) (b)

Figure 2: (a) Geometrical augmentation (b) Mixip augmentation

4 Proposed Methodology

Classification of tomato diseases by leaf symptoms visualization is performed by using two CNN based
Models say EfficientNetV2, InceptionV 3, transformer-based model ViT is discussed. The prior work on plant
disease classification using TL for CNN model and ViT is performed since both the models possess
contradict mechanisms say convolution and batch normalization of InceptionV3 and tokening system of
ViT. Both the network’s performance is studied, and the performance metrics are compared with
EfficientNet-V2’s progressive learning and optimal regularization methodology. The results of all the
three different models are analysed in Section 5.
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4.1 InceptionV3 and ViT (Prior Work)

4.1.1 InceptionV3

The entire study was performed on TESLA T4 GPU allocated in Google ColabPro. The pre-trained
model is used as feature extractor by means of TL. Images are re-sized to (299, 299) and using Keras
Image Data Generator geometrical augmentation is performed on Cassava leaf disease dataset,
PlantVillage dataset and no augmentation is performed on IP102 dataset. The training duration is
calculated for each dataset by summing up the time taken at each step. The methodology used is shown
in Fig. 3.

InceptionV3 on Plant Disease and Pest e s
—» »| Classification » 1000 classes
e Classification Output

Transfer Learning

i Feature SoftMax Argmax Classification
Augmentation ’_’[ Extraction H Activation ] Output

Figure 3: Plant disease classification & pest recognition methodology using inceptionV3

Categorical cross-entropy loss function, RMSprop optimizer and a dropout rate of 0.4 to 0.8 is the
training setup for all the datasets under study. Individual performance on the dataset is studied. We have
combined the above datasets into a single source and the accuracy metrics is studied. The results are
discussed in Section 5.

4.1.2 ViT-Base (ViT-B) Experimental Setup

Cassava and Plant Village dataset was individually trained, and the training accuracy is measured. The
methodology used is shown in Fig. 4. Geometrical augmentation was randomly used on PlantVillage dataset
(Tomato disease category) in the ratio 1: 4 and the data set size is expanded by 20%. The initial image size
considered is 256 and the patch size is 32. The number of patches per image is 64 and elements per patch are
3072. RMS prop optimizer is used with a momentum and decay of 0.9 and 0.9 respectively. The learning rate
is set as 1e-5. This training was used to study the ViT-Bs performance inference on very small and smaller
datasets.

Transformer Output
Encoder

3uipoouy
uonisod + Sulppaqui3 yoied

Input Image
P & Patches

Figure 4: Plant disease classification & pest recognition methodology-ViT
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Though the model comes with self-attention mechanism, the average performance was comparatively
poorer than the CNN models on the cassava dataset and training crashes and out of memory was also
experienced frequently on combined dataset and IP102. The performance metrics is shown in Section 5.

4.1.3 EfficientNetV2 and TL

With the examined conclusions from the prior work above EfficientNetV2 on TL on the same dataset
proportions is examined.

EfficientNetV2 is a model belonging to EfficientNet (b0—b7) with compound scaling abilities in terms of
width, depth and resolution. Reusing the state-of-art efficient model for classification tasks by updating the
weights and adjusting the scaling ratios is proved to provide better accuracy with fewer parameters. The
methodology used is shown in Figs. 5a and 5b.

5 Experimental Setup, Main Results and Discussion

The training on all models were initialized for 100 epochs but aborted earlier for InceptionV3 due to
overfitting results and ViT as there was not enough improvement in the test accuracy. Similarly, for
EfficientNet V2-the learning rate, training time, infer time was extremely high and the network took
fewer epochs as compared to CNN and ViT models.

5.1 EfficientNetV2-s Results-Comparison

Progressive learning and adaptive regularization at initial stages quickly converges the training. With
this insight, Stochastic Gradient Descent (SGD) optimization, a simple and an effective method for a
faster training is used on smaller and medium datasets. With the learning rate fixed at 0.005, Momentum
at 0.9. In initial cycles learning rate elevates to 0.256 and exponential moving average as a stability
criterion is fixed at 0.9999. The dropout rate is varied between 0.3 to 0.5 and Mixup o values varied
between 0.4 to 0.7 applied only on Plant Village dataset with Tomato Diseased Class. The above
experimental set up is common to all the datasets. The evaluation results of EfficientNetV2 and the
results of InceptionV3, ViT is shown in Tabs. 3 and 4. The accuracy graphs obtained for InceptionV3 and
ViT is shown in Figs. 6 and 7

The confusion matrix generated for tomato disease class of Plant Village dataset obtained for
InceptionV3 and EfficientNet-V2 is shown in Figs. 8a and 8b respectively. The matrix clearly depicts the
improvement in performance metrics of EfficientNetV2-s when compared to the confusion matrix of
InceptionV3. The off-diagonal values, increasingly reported for close similarity classes are greatly reduced.

5.2 Observations and Inference

5.2.1 InceptionV3
The accuracy metrics and training duration of Plant Village dataset with geometrical and Mix-up
augmentation is closer.

a) The confusion matrix results were analyzed only for Tomato Class of PlantVillage dataset to conduct
a comparative analysis among the three chosen models and to check the predictability rate. It is
observed that the off diagonal-elements reports were low for Tomato Early Blight Class and close
mismatch with Late Blight and Septoria Leaf spot was observed. A similarity was also reported
between Tomato Target Spot and Spider Mites.

b) Thus, the confusion matrix gave an idea on diseased leaves visual symptoms and its similarity with
other classes.
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Figure 5: (a) Plant disease classification & pest recognition methodology using EfficientNetV2, (b)
Flowchart of overall transfer learning methodology of EfficientNet V2
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Table 3: Evaluation results of inception V3, ViT, EfficientNet-V2-s

Case  Model Dataset No.of Training Hours/Mins
epochs accuracy (%)
I Inception V3 Cassava 25 88.17 12HS5SM
I PlantVillage (Geometrical) 25 92.6 16 H23 M
I PlantVillage (Mixup) 25 89.91 16 HI2M
v 1P102 25 70.5 32H6 M
I ViT-B Cassava 30 94.3 I0H17M
II PlantVillage-mixup 30 81.72 12H29M
11 1P102 50 69.17 27 H 46 M
I EfficientNetV2-s Cassava 5 99.5 7TH17M
II PlantVillage-mixup 8 97.5 8H29M
11 1P102 20 80.1 22 H46 M

Table 4: EfficientNetV2—evaluation results

Case Model Dataset Hours/Mins

V2-s InceptionV3 ViT
I EfficientNetV2-s Cassava TH17M —42% —-30%
I PlantVillage-mixup 8H29 M —50% —33.4%
111 1P102 22H46 M -31.25% -18.5%

Inception-v3 Training Accuracy
100

Training

Accuracy (%)
ul
(=}

Q

e=@==(Cassava
@=@==PLANTVILLAGE(MIXUP)
PLANTVILLAGE(GEOMETRICAL)

0
1234567 8910111213141516171819202122232425

No.of Epochs

Figure 6: Inception V3-training accuracies of cassava, plant village with geometrical and mix-up
augmentation, IP102 pest recognition dataset
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Figure 8: (a) InceptionV3—confusion matrix, (b) EfficientNetV2—confusion matrix

5.22 ViT

InceptionV3 with no attention mechanism proved to be a better performer than the ViT-B model with
self-attention mechanism on classification tasks irrespective of the dataset size.

a) CUDA out of memory was frequently experienced after few epochs initially where the GPU used is
the same Tesla T4, Google Colab Pro with High RAM option selected. Training the smaller models
with minimal data on ViT-B resulted in over fitting and bigger models on the same was challenging.

b) CNN based Inception V3 outperformed ViT-B in performance. However, the training time of ViT
was higher by 1.2 X times.
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5.2.3 EfficientNet—V?2

a) The confusion matrix analysis shows improved disease detection rate and models better performance
metrics with faster convergence on multi-class variable sized datasets when compared to
InceptionV3.

b) For Pest classification augmentation technique like geometrical and mixup has no significant impact
on the end performance.

6 Conclusion

EfficientNetV2 proves to be the finest Transfer Learning model for multi class dataset of variable sizes as
compared to the earlier InceptionV3 based on ConvNets and Transformer based ViTs in terms of training
speed on a multi-class dataset with unbalanced data distribution among classes. The results depict that
EfficientNet—V2’s transfer learning based on progressive learning strategy with optimal finetuning of
regularization parameters for plant disease and pest classification during the training process outstrips the
other CNN based model. However, the model resulted in negative transfer learning for bivariate classes
i.e on datasets with 2 or minimal categories due to ineffective learning and thus the model is more
suitable only for multi-class dataset regardless of the data distribution across the classes. The same is
analysed in our next work and further the observations of EfficientNetV2 on IP102 dataset motivates us
to proceed with further work on incorporating augmentation technique and attention mechanism with the
concept progressive learning for Pest recognition and control applications. The investigated outcomes
prove that EfficientNetV2 is a more promising model for many computer vision applications.
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