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Abstract—Crops and yields are significantly harmed by
plant diseases, one of agriculture’s most significant
problems. Researchers have recently investigated using
artificial intelligence (Al) to detect and effectively manage
disease early on to address this issue. This research focuses
on developing a method to optimize the DCNN (Deep
Convolutional Neural Network) classification model for
plant diseases. We enriched the data by incorporating data
from two public datasets, PlantVillage Dataset (PVD) and
CroppedPlant Dataset (CPD), and we trained the model
using two-step transfer learning. The experimental results
demonstrate that the model’s accuracy is 82%, more
significant than previous studies. Notably, achieving this
result with fewer parameters while maintaining adequate
performance compared to previous research demonstrates
the model’s efficient use of limited computing resources.
Hence, the proposed model is deployable on edge devices
to optimize availability and efficiency in real-world
environments and contribute to deploying new edge
computing and agriculture services.
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I. INTRODUCTION

The impact of plant leaf diseases on crop quality and
production poses several challenges for agriculture today.
These diseases can cause significant crop damage,
reducing yields and quality while increasing production
and management costs. Artificial intelligence, specifically
image processing and deep learning techniques, can be
used to detect and identify leaf diseases, which is a
promising and practical solution [1] [2] [3].

Due to its convenience and efficiency, there is a
pressing need for an automatic and accurate method to
detect and identify plant leaf diseases [4]. Deep
convolutional neural networks (DCNNs) have emerged as
one of the most prevalent and effective deep learning
techniques in image processing [5]. DCNNs can learn and
apply sophisticated image features to tasks such as
segmentation, classification, recognition, and object
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detection. In addition, deploying Al models on edge
computing devices is becoming an emerging approach in
5G and beyond for real-time and low-latency applications
[6].

Mixing datasets is an approach for increasing the
diversity of datasets and enhancing model generalization
[7] [8]. However, it may also occur in overfitting and
increased computational costs [9] [10]. To overcome these
challenges, we combine the PlantVillage Dataset (PVD)
dataset [11] with the Cropped PlantDoc dataset [12] to
enhance our diagnostic accuracy. In recent years, transfer
learning techniques, particularly the two-step transfer
learning approach, have demonstrated their effectiveness
in enhancing the performance of deep learning models [13]
[14]. This study uses a two-step transfer learning technique
to reduce the computational cost before putting the data
into our lightweight DCNN model (MobilenetV3large).
Our experimental results indicate that our proposed method
obtains better performance metrics than other state-of-the-
art studies. This paper is structured as follows. The
following section presents related work. Section 3
summarizes the characteristics of the two datasets utilized
in the model and the system’s overall architecture for
image-based disease diagnosis. Section 4 provides our
experimental results that compare the performance metrics
with other studies. The last section provides our
conclusions and future research directions.

Il. RELATED WORK

Recent developments have been made in classifying
leaf images wusing Al models for plant disease
identification. Deep learning models for the PlantVillage
Dataset (PVD) dataset [11] have obtained extremely high
accuracy [15]. The constrained image capture conditions,
which are difficult to acquire in real life, are a limitation
of these models. Therefore, the Cropped PlantDoc (CPD)
dataset [12] containing various real-life images has a more
significant practical application. However, the efficiency
of Al methods on this dataset still needs to be improved.
The authors of [16] proposed kEffNet-BO, an enhanced
deep CNN model based on EfficientNet-B0 that achieved
64.39 percent accuracy. Another study [17] by the author
[16] using KEffNetBO- 32ch improved the accuracy better
[16] by 65.74%. In [12], the authors used
InceptionResNet-V2 with an accuracy of 70.53 percent.
With CPD dataset preprocessing, the authors [18] obtained
77% classification accuracy. The DCNN model in our
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previous work is quantized to be more suitable for edge
devices. Our model work utilizing a lightweight DCNN
(MobilenetV3Large) achieved approximately 78%
accuracy for multi-class CPD classification [19]. Despite
the use of some lightweight DCNN models that can be
deployed on edge devices, the efficacy of these models on
real-world image datasets still presents challenges,
according to these studies. Therefore, the main
contribution of this study is a new framework that
combines dataset mixing, transfer learning, and DCNN
techniques to increase the accuracy of plant disease
diagnosis in natural image datasets.

I11. ENRICHING THE DATASETS

This section will present two popular data sets used
in the agricultural field. We enrich the datasets by mixing
natural data into the ideal data, called data preprocessing.

A. Data sets

Detecting plant diseases is an essential task in
agriculture but is still difficult because of the impacts of
environmental conditions. Computer vision technologies
have proven to be an effective tool for disease detection.
However, the different datasets used by different DCNN
models may produce different results. To demonstrate the
effectiveness of DCNN models, the models mentioned
above often use laboratory datasets (PlantVillage Dataset)
and real-life datasets (Croped- PlantDoc). Each data set has
its characteristics as well as its advantages and
disadvantages. Below, we will present the overview of
these two data sets.

PlantVillage Dataset [11]: Data sets used in agriculture
often require an extensive, validated database of photos of
healthy and damaged plants to develop accurate image
classifiers for diagnostic applications of plant diseases.
Such a dataset did not exist until recently, and even smaller
datasets are not publicly accessible. To address this
problem, the PlantVillage Dataset project initiated the
collection of thousands of images of healthy and diseased
plants that were freely accessible to the public. All images
in the PlantVillage Dataset database were taken at
experimental research stations and laboratories, with
various brightness, environment, and other user-specified
settings. Finally, the end devices (smartphone users) will
take pictures in various” random” conditions. Figure 1
shows an example of potato images in the Planvillage
dataset.

More than 50,000 images in the Planvillage dataset are
currently hosted on the website www.PlantVillage
Dataset.org, and this dataset can be accessed through US
universities (Penn State, Florida State, Cornell, and others).
The dataset contains 54,303 images of healthy and
unhealthy leaves, classified into 38 categories based on
species and disease. Plants such as Apples, Blueberries,
Cherries, Corn, Grapes, Oranges, Peach, Bell Peppers,
Potatoes, Raspberries, Soybeans, Pumpkins, Strawberries,
and Tomatoes are all included in that dataset. In addition,
illustrations of 17 fungal diseases, four bacterial diseases,
two mold diseases (oomycetes), two viral diseases, and one
tick-borne disease are also shown in that dataset. There are
images of healthy leaves on 12 disease-free plant species,
and the total number of classes in the dataset is 38.
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Fig. 1. Some of the plant diseases from the PlantVillage
Dataset

The Cropped-PlantDoc dataset [12]: Singh and his
collaborators created the Cropped-PlantDoc dataset
containing 13 plant species and 27 classes. Similar to the
Plant Village dataset, the original PlantDoc dataset
includes an image of each leaf. However, those images also
show the complex background and the area covered by the
different target leaves, which makes classification much
more difficult than the PlantVillage Dataset images. The
authors manually crop the image regions containing the
target leaves to address this shortcoming. This produces
conveniently framed leaves while greatly increasing the
number of samples (approximately 9K) as several samples
from each original PlantDoc image can be extracted
(approximately 2.6K). Figure 2 presents some examples of
leaf images in the PlantDoc Dataset.

Apple_scab Apple_rust Apple_healthy Blueberry_healthy Cherry_healthy

Fig. 2. Example images of CPD and PVD

B. Data preprocessing

As mentioned at the beginning, we combine two
datasets in this paper: laboratory dataset (PVD) and
naturally collected dataset (CPD). However, there is a
problem with the number of classes in the two datasets; that
is, the PVD dataset has 38 classes, but the CPD dataset has
only 27 classes. Since the 27 classes in the CPD dataset are
all included in the PVD dataset, and this study aims to
make the model deployable in practice, we will test the
model performance on the combined CPD dataset and 27
of the 38 classes of the PVD dataset. After combining, the
new dataset will have 27 classes similar to the CPD dataset.

This study combines two datasets, including PVVD and
CPD, as illustrated in Figure 3. First, the PVD dataset is
randomly divided into two subsets: PVD train and PVD
val. This division is performed in three different cases with
the division ratios of 80:20, 70:30, and 50:50, respectively.
Similarly, the CPD dataset is randomly divided once to
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form three subsets: CPD train, CPD val, and CPD test, with
a ratio of 65:15:20.

The data merging process is applied only during the
training and validation phases. When conducting the final
model testing, we focus on the more complex dataset, i.e.,
the CPD dataset. We perform the matching in pairs: CPD
train is combined with the PVD train, CPD val is combined
with PVD val, and the CPD test is kept intact. The result of
this combination creates a dataset called ’Combine data,’
consisting of three cases corresponding to three PVD split
ratios: Combine data 1, Combine data 2, and Combine data
3. Each of these combined data consists of three subsets of
data, which are used for training, validation, and testing,
respectively. By comparing and analyzing the model’s
results on each of the three PVD dataset division ratios, we
would like to determine our model’s most optimal
partitioning case.

PV Dataset (27 class)
: train/val ratio:
PVD train i PVDvyal | ratio1:8020
H ratio 2: 70/30
% i % ratio 3: 50/50
+
CP Dataset (27 class)
s i cpp i CPD
CPD train en <
¢oval b test
65% E 15% v 20%
Combine data (27 class)
PVD val Combine data 1(ratio 1)
PVD train + CPD train + CPD | bine data 2(ratio 2)
CPD val | test
E Combine data 3(ratio 3)

Fig. 3. The combined dataset of the CPD and PVD

In addition, data augmentation is also applied before
feeding the training model. The augmentation techniques
used include Randomly Flipping the images horizontally,
Randomly rotating images with a maximum angle of 30
degrees, Randomly zooming the images with a maximum
factor of 30%, and Changing the contrast of the images
with a maximum factor of 30%.

IV.THE PROPOSED MODEL AND RESULTS

A. The proposed DCNN model

In this paper, we use the MobilenetV3Large model in
the previous study [19], and there are some changes in
model training. The MobilenetV3 model has two variants,
including MobileNetV3-Small and MobilenetV3-Large.
These two variants have the same architecture and only
differ in the number of parameters. Transfer learning in
image processing has improved with time, identifying
efficient kernels/filters or models. These well-known pre-
trained models use the knowledge gained from training on
thousands of objects in the ImageNet dataset, the largest
repository of its kind. Integrating a pre-trained model with
ImageNet into a framework uses kernels that match leaf
properties as a starting point. This method uses verified and
correct knowledge to fine-tune kernels that may not match
plant ingredients.

Our pre-training uses a MobileNetV3Large extractor to
extract features from the input Imagenet dataset (Figure 4).
The initial weight of the extractor is learned from the
dataset. Then, we add a "global average pooling2d’ layer to
reduce the output size of the network and, at the same time,
retain the image feature after extraction. In addition, the
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’dropout’ layer is added after the ’global average
pooling2d” layer to prevent over-matching. Finally,
MobileNetV3’s extractor is retrained on the combined
dataset to update the original weight of the extractor.
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Fig. 4. Pre-training feature extractor

At the end of pre-training, the model will be finetuned.
The output of the global average pooling2d class will be
extracted. This helps us obtain the extracted image’s
feature after passing through the extractor for further
classification processing. After the extractor is pre-trained,
the DNN classifier is placed at the extractor output.
Precisely, 4 Dense classes with the number of nodes 512,
512, 128, 128, and 27 correspond to 27 classes in the
dataset, using the activation function “Relu.” They are
placed after the *dropout’ layer in the extractor, as shown
in Figure 5. The final model has 3.8 million parameters,
and finetuning is done with this new model. During the
finetuning process, we finetuned the model on the dataset
with only CPD data by only updating the classifier’s
parameters. The previous layers in the feature extractor
will be frozen. The final model validation and testing
processes will also be performed on the CPD dataset.

T FrozenBlock T
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Fig. 5. The proposed training model with pre-trained
extractor and DNN classifier

B. Training results

Our experiment is implemented in Python 3.7 with the
TensorFlow framework and Keras library for Deep
Learning tasks. Experiments were performed on a
computer featuring an Intel ® Core i9 10900K, a Nvidia®
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Fig. 6. Accuracy of the model on three sets
of Combine Data

RTX A4000 GPU, and 48 GB RAM. We train to achieve
the best model with the following training results. After
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training, the model results on 3 cases of the Combine data
are presented in Figure 6.

As shown in Figure 6, the model could achieve the
highest accuracy with the dataset of Combine data 1, which
corresponds to dividing the data in the PVVD set with a ratio
of 80:20. Since the model achieves the best accuracy on
Combine data 1, in the next section, we will select the
results of the model on this dataset to compare with the
results of the other authors. Figure 7 shows the results of
the extractor training and validation.

The accuracy graph shows that the training process
took place smoothly in the first ten epochs, so the model
learned from about 70% up to 96%. After those ten epochs,
the training accuracy increased slightly and stabilized at
98%. Likewise, validation accuracy after ten epochs also
starts to stabilize around 96%.

Similar to the Accuracy graph, the Loss graph in 8
during model training also quickly reached the optimal
level after ten epochs. After the 10th epoch, the loss of both
the training and validation processes decreased slightly and
stabilized. Moreover, after 50 epochs, both the Accuracy
and Loss of the model have reached the learning threshold.
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Fig. 7. Accuracy of training and validation
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Fig. 8. Loss of training and validation

C. Parameters and comparison results

In this section, we compare the previously studied
DCNN models in terms of parameters and accuracy. The
specific results related to the model parameters and the
model accuracy given by the authors mentioned in part Il
are shown in Table I.

Table 1: A comparison of the dcnn model in terms of
parameter and accuracy

Model Year Pq[réz%rsne Accurac
EfficientNet [16] 2021 | 664K | 64.39%
KEffNet-BO 32ch [17] 2022 | 1.08M | 65.74%
InceptionResNetV2 [12] |2020 «“ 70.53%

Color-Aware Two-Branch
[18] 2022 5M 76.91%
MobilenetV3-Large [19] |2022 5M 77.71%
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The results in Table | have shown that the model
proposed by the authors in [16] has the lowest number of
parameters of 664K, leading to the model’s accuracy only
stopping at 64.39%. In addition to optimizing the number
of parameters to deploy on edge devices, accuracy must
also be ensured at a reasonable level. Our previous study
[19] achieved an accuracy result of 77.71%, higher than
that of previous authors. Specifically, the accuracy result
given by the authors in [18] is 76.91% when having the
same number of model parameters. In this study, we
continue to improve the model’s accuracy and number of
parameters to compare it with our previous study [19].

Table 2: Comparison of the proposed model with the
previous model

Model Parameters | Accuracy | F1-Score
MobilenetV3lar
e [19] g 5M 77.71% | 0.7723
Proposed Model 3.8M 82.01% 0.8194

The comparison results between the proposed model in
this paper and the proposed model in the previous study are
described in Table Il. The model proposed in this article
has achieved better parameters, accuracy, and F1 score
than the previous model. Specifically, the accuracy of the
proposed model is 5% better than previous research [19].
Next, the F1- Score of this model is also higher than that of
the previous study. In addition, the number of parameters
of the proposed model is also focused on when developing
the model on edge devices. The model in this study
achieves higher accuracy and requires fewer parameters
than in previous studies. The fact that the proposed model
achieves a testing accuracy of about 82% while training
accuracy reaches 98% might be worth considering. The
difference in the training dataset and testing dataset can
explain the cause. We use a combined dataset during
training, including the laboratory and real-life datasets.
Training datasets from the laboratory can be simple and
give better results, so the accuracy in this process is usually
higher. However, it is easy to see that the real-life dataset
in the combined dataset is less than the data from the
laboratory. This can lead to high accuracy during training
that does not accurately reflect the model’s ability for real-
life data. When we conduct model testing, we only use real-
life datasets, which requires the model to deal with real-life
images with more complex backgrounds than those in the
lab. This can significantly reduce the model’s accuracy
compared to the training process.

V. CONCLUSION

This paper presents a methodology for enhancing
input data and a transfer learning approach for a DCNN
model dedicated to plant leaf disease classification. We
executed a two-step transfer learning method at varying
proportions by combining two publicly available datasets, PVD
and CPD. In this process, the initialization parameters of the
feature extractor were transferred from Imagenet.
Subsequently, we trained the feature extractor on the
combined dataset and applied transfer learning to the final
model with a DNN classifier for finetuning. The outcome
is constructing a training model requiring fewer parameters
for deployment on edge devices. Experiment results have
demonstrated that our approach significantly improves the
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accuracy of plant leaf disease classification while
maintaining efficiency in model parameter utilization. Our
methodology holds potential for practical applications,
such as aiding farmers in disease detection and control.
Furthermore, we anticipate that our method will stimulate
other researchers to explore novel machine-learning
techniques to address real-world agricultural challenges.
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MQT MO HINH PHAT HIEN SAU BENH HIEU
QUA TAI BIEN MANG SU DUNG TAP DU LIEU
LAM GIAU VA MANG NO RON TiCH CHAP

Tém tit- Cay trong va san luong bi ton hai dang ké do
bénh ciy trong, day 1a mot trong nhitng vin dé nghiém
trong nhat cuia néng nghiép. Cac nha nghién clru gan day
da nghién ctru str dyng tri tué nhan tao (AI) dé phat hién va
quan ly bénh s6m mot cach hiu qua nham giai quyét vn
dé nay. Nghién ctru ndy tap trung phat trién phuong phap
t6i ru hoa mo hinh phén loai DCNN (Deep Convolutional
Neural Network) dbi v6i bénh cy trong. Chung t6i da lam
phong phu dit lidu bang cach két hop dit liéu tir hai bo dir
liéu cong khai, Bo dir licu PlantVillage (PVD) va B¢ dir
liéu CroppedPlant (CPD) va chung t6i da dao tao md hinh
bang cach str dung phuong phéap hoc chuyén giao hai budc.
Két qua thyc nghiém chting minh d6 chinh x4c ctia mé hinh
1a 82%, cao hon nhiéu so véi cac nghién ctru trude day.
Pang chu y, viéc dat dugc Kkét qua nay vai it tham s6 hon
trong khi van duy tri hiéu sudt phi hop so véi nghién ctru
trudc day chung td md hinh st dung hi¢u qua cac tai
nguyén tinh toan han ché. Do d6, md hinh dé xuit c6 thé
trién khai trén cac thiét bi bién dé tdi wu hoa tinh kha dung
va hiéu qua trong méi trudng thé gidi thuc, dong thoi gop
phan trién khai cac dich vu nong nghiép va dién toan bién
moi.

Tir khoa- Bénh 14, Tang cuong dir liéu, Hoc chuyén
giao, Dién toan bién.
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