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Abstract: This study evaluates the effectiveness of Darknet53 and VGG16 pretrained models to
develop a hybrid ensemble model named HybridPlantNet23 deep learning model for effective plant
disease classification, using the publicly available dataset ‘A Dataset of Leaf Images’ from Mendeley
webpage. The preprocessing of the dataset involved resizing the images to the respective
requirements of the pretrained models to develop a combined datastore which served as the input.
All experiments were conducted using MATLAB R2023b deep network designer interface. Model
performances were evaluated based on the conventional accuracy, precision, recall, and F1-score.
VGG16 achieved the highest accuracy (97.25%), precision (96.30%), recall (96.96%), and F1-score
(96.55%), outperforming both Darknet53 and the ensemble HybridPlantNet23 model. Despite the
advanced architecture of the ensemble model, its performance (accuracy: 95.37%, precision: 93.56%,
recall: 94.20%, F1-score: 93.74%) was not significantly superior, thus highlighting scientific reasons
behind this development. Recommendations for future works were provided accordingly.

Keywords: classification; deep learning; pretrained models; plant diseases; ensemble model

1. Introduction

The foundation of human civilization is the agricultural sector, which supplies the resources
required for both survival and economic growth [1]. Yet, there are many obstacles this vital sector
must overcome, and among the most dangerous are plant diseases. Plant diseases reduce crop
production while also compromising food quality and safety, resulting in major economic losses and
affecting food security [2-5]. In order to effectively manage and mitigate these illnesses and maintain
the stability and productivity of agricultural practices, early and precise detection of these diseases is
necessary [6-8].

Traditionally, plant disease diagnosis was mainly reliant on manual inspection by trained
agronomists and farmers [9]. Although this method worked well, it was labor-intensive, time-
consuming, and frequently subjective, which results in inconsistent disease diagnosis. Furthermore,
the swift dissemination of plant illnesses and the introduction of novel pathogens demand a more
accurate and scalable diagnostic methodology. An encouraging answer to these problems is the
development of deep learning and computer vision technologies, which make automated, precise,
and effective plant disease identification through picture analysis possible [10,11]. One major
example is the convolutional neural networks (CNNs).

With its exceptional performance in a variety of fields, such as autonomous driving [12], facial
recognition [13], and medical imaging [14], CNNs have completely changed the area of image
classification. CNNs have demonstrated considerable potential in agriculture for recognizing
diseases in plants from photos of its several parts, including leaves, stems, and fruits [15-18].
However, because there are intrinsic trade-offs between model complexity, depth, and feature
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extraction capabilities, no single CNN design can be said to be the best for all kinds of image
classification applications. This in turn called for the idea of model hybridization.

Deep learning has witnessed a surge in interest in hybrid models in recent times. In order to take
advantage of their complimentary qualities and improve overall performance, hybrid models blend
several neural network architectures. The reasoning behind this strategy is that certain designs are
better at identifying patterns and extracting features in different ways. Hybrid models, by combining
these diverse qualities, can achieve higher accuracy and robustness than standalone models [17,19].

In a number of fields, including medical diagnosis, hybrid models have been effectively used.
By fusing CNNs and Recurrent Neural Networks (RNNs) to investigate long-term survival of
subjects in a lung cancer screening, illness prediction using sequential data has become more accurate
[20]. Hybrid models that combine CNNs and Transformers have improved sentiment analysis and
text categorization in the field of natural language processing [21].

In the context of agriculture, plant disease detection specifically, Poornim et al. (2023) [22]
designed a lightweight “VGG-ICNN’ hybrid model by training on PlantVillage dataset, Embrapa
dataset and single crop datasets. They obtained a 99.61% accuracy on PlantVillage set, while
establishing success for the other datasets utilized. Chin Poo Lee et al. (2023) [19] developed a robust
ensemble model called Plant-CNN-Vi by combining four pre-trained models; Vision Transformer,
ResNet-50, DenseNet-201, and Xception, respectively. Other relevant literature were summarized
and presented as Table 1.

In this study, we investigated the effectiveness of integrating two robust CNN architectures,
VGG16 and Darknet53, into HybridPlantNet23, to improve plant disease classification systems.
VGG16, created by the Visual Geometry Group at Oxford, is known for its simplicity and depth, with
16 layers that excel in extracting hierarchical elements from images. Darknet53, the backbone of the
YOLO (You Only Look Once) object identification framework, is a more complicated and deep
network with 53 convolutional layers that is well-known for its resilient feature extraction and
exceptional performance in a variety of computer vision tasks. Utilizing the complementing qualities
of both architectures is the driving force behind this hybrid strategy. The design of VGG16 makes it
easier to extract fine-grained, low-level characteristics, which are important for recognizing small
variations in plant disease symptoms. Darknet53’s richer structure allows it to capture high-level,
abstract information, which improves the model’s capacity to generalize across disease kinds and
environmental situations. We hope to construct a more robust and accurate model capable of
classifying a diverse spectrum of plant illnesses by merging these architectures. The study has
practical ramifications for farmers, agronomists, and agricultural researchers, making it significant
outside the confines of academia. A precise and dependable plant disease classification system can
enable prompt and targeted interventions, lowering crop losses and increasing output quality. In
addition, the implementation of these systems in farming operations can improve disease
surveillance, facilitate precision farming methods, and foster the growth of sustainable agriculture.

nhanced Feature
Extraction

Figure 1. Values of Ensemble Modeling.
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Table 1. Summary of relevant literature.
Source Model Method Dataset(s)  Accuracy Remark
(%)
Lee et al. (2015)  Fine-tuned Feature MalayaKew 99.5 Demonstrates  the  high  accuracy
[23] CNN extraction Leaf dataset, achievable with a fine-tuned CNN and
using CNN, D1, D2 MLP combination
classified using
MLP/SVM
Liu et al. (2018) 10-layer Feature Flavia 87.92 Highlights the effectiveness of data
[24] CNN extraction and dataset augmentation in improving CNN
(LeNet classification performance
based) with data
augmentation
Tan et al. (2018) D-Leaf Six-layer CNN, MalayaKew,  98.09 Shows the strength of combining multiple
[25] features Flavia, (highest)  models for feature extraction
classified using Swedish Leaf
various datasets
machine
learning
techniques
Hu et al. (2018)  MSF-CNN Multiscale MalayaKew  99.82 Emphasizes the advantages of multiscale
[26] fusion CNN  Leaf dataset feature extraction and fusion
with bilinear (D2)
interpolation
Kaya et al. (2019)  Pre-trained Various CNN Flavia, 99.11 Indicates the benefits of combining pre-
[27] VGG16 and and machine Swedish  (highest) trained models with traditional classifiers
LDA learning Leaf, UCI
combinations datasets
Anubha et al VGGle, Feature Leaf12, Folio, 99.41 Highlights the potential of using pre-
(2019) [28] VGG19, extraction with Flavia, (highest)  trained models for feature extraction
Inception- pre-trained = Swedish Leaf
v3, models, datasets
Inception- classified using
ResNet-v2 various ML
techniques
Riaz et al. (2020) MPF-CNN Multi-path MalayaKew  98.71 Demonstrates the effectiveness of multi-
[29] multi- dataset (D2) path architecture in CNN
convolutional
network
Litvak et al. Various pre- Evaluated Urban 96 Shows the importance of pre-training on
(2022) [30] trained models on Planter large datasets like ImageNet
CNN Urban Planter dataset
models dataset
Arun and EfficientNet-  Training pre- Plant leaf 99.75 Indicates the superior performance of
Viknesh  (2022) B5 trained models image EfficientNet in plant leaf classification
[31] on leaf images  dataset (11
plant
species)
Beikmohammadi SWP- Combines S- Flavia, 99.81 Shows the effectiveness of combining
et al. (2022) [32] LeafNET LeafNET, W-  MalayaKew (highest) multiple CNN models with a voting
LeafNET, and datasets mechanism
P-LeafNET

2. Materials and Methods
2.1. Dataset

The dataset used in this study is A Database of Leaf Images [33] available on the Mendeley Data
source. It consists of images of 12 different plant diseases. The dataset’s summary is given in Table 2
while its class samples could be seen in Figure 2. The dataset was chosen for this study owing to
previously conducted study justifying its superior quality and high significance for deep learning
application, through its GLCM metrics rigorous analyses and concurrence with deep learning train-
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test results as in [34]. To better understand the class samples labelled in series, the sequential
numbering utilized for this studies is given as in Table 3.

Table 2. Brief of the Utilized Dataset.

Attribute Description
Source Mendeley Plant Disease Dataset
Mango, Arjun, Alstonia Scholaris, Guava, Bael,
Plant Species Jamun, Jatropha, Pongamia Pinnata, Basil,

Total Number of Images
Annotation

Collection Location
Collection Period
Environment
Image Format
Image Specifications

Performance Timing

Camera
Lens
Color Representation

Applications

Pomegranate, Lemon, Chinar

4503 (2278 healthy, 2225 diseased)

Plant classes PO-P11

Healthy classes 0000-0011

Diseased classes 0012-0022

Shri Mata Vaishno Devi University, Katra
March to May 2019

Closed, Wi-Fi enabled

JPEG

24-bit depth, 2 resolution units, 1000-ISO, no flash
JPEG: 0.58 seconds/frame, RAW+JPEG: 0.63
seconds/frame

Nikon D5300

18-55mm

sRGB

Plant identification, classification, growth
monitoring, disease diagnosis

Training data by class

Data Traning
vainimages2
2687

2

ns: Jamun (P5)_diseased (207)

Fewest observations: ~ Lemon (P10)_dseased (45)

Figure 2. Sample data with class information.

Table 3. Class Labels.

Classes

Labels

SR

Alstonia Scholaris (P2)_diseased
Alstonia Scholaris (P2)_healthy

Arjun (P1)_diseased
Arjun (P1)_healthy
Bael (P4)_diseased
Basil (P8)_healthy

d0i:10.20944/preprints202407.0556.v1
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Chinar (P11)_diseased
Chinar (P11)_healthy
Gauva (P3)_diseased

10. Gauva (P3)_healthy

11. Jamun (P5)_diseased

12. Jamun (P5)_healthy

13. Jatropha (P6)_diseased

14. Jatropha (P6)_healthy

15. Lemon (P10)_diseased

16. Lemon (P10)_healthy

17. Mango (P0)_diseased

18. Mango (P0)_healthy

19. Pomegranate (P9)_diseased
20. Pomegranate (P9)_healthy
21. Pongamia Pinnata (P7)_diseased
22. Pongamia Pinnata (P7)_healthy

2.2. Dataset Preprocessing

The dataset’s raw images were 4000x6000x3 pixels in size. The photographs were scaled to
comply with the input size specifications of the pretrained models VGG16 and Darknet53. The input
size requirements for VGG16 and Darknet53 are 224x224x3 and 256x256x3, respectively. This scaling
was necessary to guarantee that the convolutional layers of these models could process the images
efficiently and without experiencing any dimensionality problems.

MATLAB R2023b was used for all preprocessing operations and the ensuing model training.
This MATLAB edition is ideal for managing big datasets and intricate neural network designs
because it offers sophisticated tools and functions for deep learning, image processing, and
integration with pretrained models.

2.3. Model Architecture

The proposed hybrid model combines the VGG16 and Darknet53 architectures, as to be shown.
The final layers of both networks are concatenated to form a more comprehensive feature
representation, followed by fully connected layers, a softmax layer, and a classification layer. To
further understand the concept, the respective models are initially described as follows:

2.3.1. VGG16

VGG16 is a widely used CNN architecture known for its simplicity and depth, consisting of 16
weight layers. It is adept at extracting hierarchical features from images. VGG16 was introduced in
the year 2015 as an advanced convolutional neural network model by Simonyan and Zisserman [35]
from the University of Oxford. Using ImageNet, a dataset containing over 14 million images divided
into 1000 classes, the model attains 92.7% top 5 test accuracy. By sequentially replacing the large
kernel-sized filters (11 and 5 in the first and second convolutional layers, respectively) with multiple
3x3 kernel-sized filters, it proves to be an enhanced version of AlexNet. In this study, VGG16 and
Darknet53 were selected to develop HybridPlantNet23 due to its superb accuracy that it showed with
the same selected dataset herein, confirmed from another study conducted by the authors, which is
yet to be published by Springer Nature as a book chapter under the series name “Proceedings of
Science and Technology”. A general concept of how VGG-16 works is provided in Figure 3.
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Figure 3. Schematic of VGG-16 Model’s architecture.

An RGB image with a fixed size of 224 by 224 is the input for the convolution layer 1. The image
is fed through a series of convolutional layers, where filters are applied with a little receptive field of
3x3. This is the smallest size that can effectively capture left/right, up/down, and center concepts. As
a linear transformation of the input channels, one of the configurations additionally makes use of 1x1
convolution filters. The spatial padding of the convolution layer input is set to preserve the spatial
resolution after the convolution, meaning that for 3x3 convolution layers, the padding is 1 pixel. The
convolution stride is fixed at 1 pixel. The five max-pooling layers, which come after parts of the
convolutional Layers, handle spatial pooling. Using stride 2, max-pooling is applied to the 2x2 pixel
window. The stack of convolutional layers is followed by three Fully-Connected (FC) layers, each
with 4096 channels. The third FC layer, which conducts 1000-way ILSVRC classification, has 1000
channels in total. The convolutional layers vary in depth and architecture. The softmax layer comes
in last. Every network has the same configurations for the completely connected tiers. Every buried
layer has non-linearity in rectification (ReLU). Notedly, all but one of the networks lack Local
Response Normalization (LRN); this normalization results in higher computation and memory usage
but does not enhance performance on the ILSVRC dataset [36-39].

2.3.2. Darknet53

Darknet-53 is a convolutional neural network (CNN) architecture that serves as the backbone
for the YOLOvV3 (You Only Look Once, version 3) object detection system. It is an advancement over
earlier iterations of YOLO, created especially to improve the precision and effectiveness of object
identification activities [40]. The advantages of this model include improved accuracy, efficiency, and
versatility. A schematic of the model’s general concept is provided in Figure 3.

Darknet-53, as the name implies, has 53 convolutional layers that are deeper than the 19 layers
that make up Darknet-19, the foundation of YOLOv2. The network can learn more intricate features
and improves detection accuracy with the increased depth. A combination of 1x1 and 3x3
convolutional filters is used by the network. While the 1x1 filters are used for dimension reduction,
which lowers computational complexity, the 3x3 filters are utilized to capture spatial characteristics.
The residual connections in Darknet-53 are modeled after ResNet (Residual Networks). With a
shortcut link that adds the block’s input to its output, each residual block is made up of two
convolutional layers. By making these connections, the vanishing gradient issue is lessened and the
network is able to train more efficiently. Bottleneck layers with 1x1 convolutions are employed within
residual blocks to minimize the number of input channels, thus assisting in lowering the
computational cost without sacrificing performance [41-43].

By normalizing the output of each layer, batch normalization, when applied after each
convolutional layer, aids in stabilizing and speeding up the training process. The network can learn
more intricate representations by introducing non-linearity through the use of the Leaky Rectified
Linear Unit (Leaky ReLU) activation function. By permitting a little, non-zero gradient while the unit
is dormant, the leaky version aids in the prevention of dead neurons. The model employs global
average pooling at the final stage of the convolutional layers in place of fully linked layers. As a result,
a feature vector for every class is produced, bringing the spatial dimensions down to 1x1. Depending
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on the particular application, the resultant feature vector from global average pooling is then
processed through fully connected layers to carry out classification or regression tasks [41,42,44].

Darknet-53’s main responsibility in YOLOV3 is to extract features from the input pictures [40].
Remaining connections in the deeper network facilitate the capture of more abstract and detailed
data, which are essential for precise object detection.

input_layer i

residual_block_1
Conv2D 1x1, 64 filters, ReLu

Conv2D 3x3, 64 filters, ReLu

Conv2D 3x3, 32 filters, ReLu

<
4| Conv2D 3x3, 64 filters,

ReLu <
D Vavawaw v.
X <

output_layer

Global Average Pooling
Dense 1000, Softmax

[ residual_block_3
Conv2D 1x1, 256 filters, ReLu

Conv2D 3x3, 256 filters, ReLu

Conv2D 1x1, 1024 filters, ReLu

Figure 4. Schematic of Darknet53 Model’s architecture.

Table 4. HybridPlantNet23 model’s architectural description.

Model Components Functionality

Dropout Layer (drop?) Reduces overfitting by randomly setting a fraction of input
units to 0 at each update during training

Fully Connected Layer (fc8_new) Maps the learned features to the final output layer

Global Average Pooling Layer (avgl) Reduces the spatial dimensions of the feature map,
keeping only the average of each feature map

Convolutional Layer (conv53_new)  Extracts features from the input images

Concatenation Layer (concat) Combines the features from both VGG16 and Darknet53
Fully Connected Layer (fc) Further processes the combined features.

Softmax Layer (softmax) Converts the output into probability distributions
Classification Layer (classoutput) Produces the final classification result

2.3.3. HybridPlantNet23

HybridPlantNet23 is an enhanced model ensembled with the purpose of precisely identifying
and categorizing plant diseases. In order to attain excellent performance in recognizing plant
illnesses, this model carefully integrates the strengths of two potent convolutional neural network
(CNN) architectures: Darknet53 and VGG-16. Using a large dataset of pictures of different plant
species in both healthy and disease conditions, the VGG-16 and Darknet53 ensemble approach in
HybridPlantNet23 trains both models independently. Using its special advantages, each model gains
the ability to distinguish different features from the input images. Its major architectural descriptions
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are presented and briefly discussed in Table 4. As it could be seen vividly from stage number 4 of the
methodology, provided in Figure 5, the layers utilized and the arranged is presented.

.4

[256x256x3]

[224x224x3]

( Combine Datastore Design as Input |

. H

Jy rV* Vﬁ
drop7 avg1
dropoutLayer globa[Average

[ Dataset Selection & Preparation
. \ 4
fc8_new conv53_new
fullyConnected m convolution2dL

Y

= concat
“b concatenationL

fc
fullyConnected

Respective Models Training
VGG-16 then Darknet53

,
N <«
-
n
< b

softmax
sonmaxLayer

A 4

gq classoutput
g} classificationLa

d

[ HybridPlantNet23 Ensemble Model Design ]

p ; ~ Train- Test- Validation on a 60-20-20 ration of the HybridPlantNet23
6 Performance indices/analyses of results
7 Comparisons, Discussions and Recommendations for Future Studies

Figure 5. Hybrid Model Development’s Methodology.

2.4. Combined Datastore

To guarantee that each model received images of the right size, separate datastores were
established for VGG16 and Darknet53. For this, MATLAB'’s imageDatastore function was utilized,
which effectively manages big image collections. Preprocessing pipelines were included in each
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datastore to resize images to the necessary sizes of 256x256x3 for Darknet53 and 224x224x3 for
VGG16, respectively. As is often done in image preparation, these pipelines also normalized pixel
values by removing the mean and dividing by the standard deviation.

To create a merged feature set, the feature vectors that were extracted from VGG16 and
Darknet53’s penultimate layers were concatenated. With VGG16 being particularly good at capturing
fine-grained textures and Darknet53 being particularly good at larger-scale features, this combination
potentially made the most of both models’ strengths.

2.5. Training

The hybrid model is trained using 2687 images (60%) of the dataset with an initial learning rate
of 0.01. The categorical cross-entropy loss function is used to handle the multi-class classification
problem. The model’s selected training parameters show a carefully calculated trade-off between
model accuracy and training speed. Given the depth and complexity of the combined VGG-16 and
Darknet53 architectures, the model’s convergence is accelerated by the relatively high initial learning
rate.

To minimize the risk of overfitting, the model was trained with 30 epochs, which is enough to
teach it all the complex properties needed to detect plant diseases accurately. The conventional
selection of 32 mini-batch sizes offers a fair balance between the computational efficiency of the
training process and the stability of gradient estimations. For every epoch, the data was shuffled and
validated to verify that the model generalizes effectively and its performance is periodically
reviewed, allowing for fast modifications supposing the model begins to overfit.

Figure 6 provides the training progress of the ensemble model. The top graph displays the
training and validation accuracy over respective iterations. The blue line is representing the training
accuracy. Dashed black line visible in the figure is a representation of the validation accuracy. The
bottom graph further displays the training and validation loss over iterations where red line presents
the training loss. The validation loss is represented by the dashed black line.
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Figure 6. Training progress of HybridPlantNet23.

The model’s validation accuracy was recorded as 94.82%. This high validation accuracy shows
how well it performs on unseen data, hence indicating effective learning and generalization. The
training process was halted manually because the model had already reached satisfactory
performance levels, a recommended by experts and professionals in the field. A significant
computational effort is indicated by the total training time elapsed, which is typically necessary for
training deep learning models with large datasets. The model was trained for 14 epochs out of the
planned 30, suggesting early stopping due to reaching satisfactory performance. Furthermore, it only
completed 261 iterations out of the maximum 600 planned iterations.
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To ensure frequent monitoring and adjustment of the training process, the model’s performance
was validated in every 5 iterations. Single GPU and constant learning rate (0.0001) were utilized
straight throughout the training phase of the model. The relatively low learning rate is necessary for
careful weight adjustments, which helps in achieving fine-tuned model performance.

2.6. Performance Evaluation

Total images used to test and validate the model were 908 and 907 images, representing a 20%
and 20%, respectively, of the total images. The model’s performance is evaluated using standard
metrics such as accuracy, precision, recall, and Fl-score, which calculated using equations 1- 4
respectively. The results are compared with those of standalone VGG16 and Darknet53 models,
earlier trained before the ensemble model, to demonstrate the effectiveness of the hybrid approach.

Accuracy = (True Positives + True Negatives) /Total Observations ¢))
Recall = True Positives / (True Positives + False Negatives) (2)
Precision = True Positives / (True Positives — False Positives) €))
F1 — Score = 2 x (Precision x Recall) / (Precision + Recall) 4)

3. Results

This section provides a concise and precise description of the results and their interpretation.

Table 5. Model Testing Performance Comparison.

Model Accuracy Precision Recall F1-Score
Darknet53 0.94934 0.92415 0.93523 0.92547
VGGI16 0.97247 0.96304 0.96958 0.96550
HybridPlantNet23 0.95374 0.93556 0.94204 0.93742

4. Discussion

The training, test and performance metrics observed in this study indicate a scientific progress
and reliability of these models in plant disease classification. To further digest the results, the
following itemizations will be utilized:

4.1. Single Models Classification

The performance across different classes is displayed in the Darknet53 model’s confusion matrix
(Figure 7). Although there are some noticeable instances where the model falls short, overall accuracy
is quite great. As an example, class 15 (lemon) exhibits a notable decline in accuracy, which is reflected
in the performance metrics and the confusion matrix.

Class 15, where the accuracy of the model is only 31.2%, is where it struggles the most. This
implies that the model has trouble differentiating between other classes and lemons. In the dataset,
class 15 had the fewest photos, suggesting that there is a class imbalance. Higher misclassification
rates may result from the model’s under fitting of this class as a result of this imbalance. Moreover,
Class 7 performs better with an accuracy of 87.5%, while class 8 has an accuracy of 85.7%. These
classes still exhibit some misclassification, but the effect is less severe than in class 15. This suggests
that even with a certain amount of misclassification, the model works fairly well on these classes
overall.

Compared to Darknet53, the VGG16 confusion matrix (Figure 8) displays a more balanced
performance across classes, as well as higher overall accuracy, precision, recall, and F1-score.

Although class 15’s accuracy is 75%, it is still significantly lower than Darknet53, indicating a
considerable issue in accurately categorizing lemons. This improvement implies that VGG16's
architecture may be able to manage the class imbalance marginally better than Darknet53’s, but the
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problem still exists because of the dataset’s inherent imbalance. Furthermore, Class 8 accuracy of
95.2% and class 7 accuracy of 87.5% demonstrate the robust performance of VGG16. The resilience of
VGG16 in managing these classes is demonstrated by these results, which are probably attributable
to its deeper network and superior feature extraction skills when compared to Darknet53.
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Figure 7. Darknet53 (single) confusion matrix.
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Figure 8. VGGI6 (Single) Confusion Matrix.
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4.2. HybridPlantNet23 Classification

The training accuracy of the ensemble model rapidly increases from the start and begins to
plateau around 90-100 iterations. As the validation accuracy also follows a similar trend, this implies
that the model generalizes effectively well to unseen data. After 200 iterations, both the training and
validation accuracies stabilized around 95%, thus indicating the efficient and excellent performance
of the model. From the training and validation loss over iterations observed earlier in Figure 6, the
training loss decreases rapidly at the beginning and then gradually levels off, thereby indicating the
model’s learning capability and how it adjusts its weights effectively. The validation loss, as well,
follows a similar trait, mirroring the training loss closely, thereby suggesting absence of overfitting
in the model.

The provided confusion matrix in Figure 9 presents a detailed view of the performance of the
ensemble HybridPlantNet23 model in the act of classifying plant diseases as trained. Normally, a
confusion matrix allows stakeholders to assess the model’s accuracy and identify any
misclassifications accordingly. From the matrix, it could be realized that the majority of class entries
are concentrated along the diagonal, which indicates the correct predictions for most classes. The
vivid dark blue squares along the diagonal represent the number of correct predictions for each class.
From a Class-Wise Accuracy point of view, 49 correct predictions, representing 96.1% accuracy was
achieved for Class 1. In addition, 2 incorrect predictions were misclassified as other classes. Class 2
recorded 33 correct predictions, equivalent to 91.7% accuracy with only 3 misclassifications.
Furthermore, class 3 correctly predicted 46 classes which is 97.9% accurate and only 1
misclassification. Moreover, class 4 has 42 correct predictions representing a 95.5% accuracy and 2
misclassifications respectively. Where class 5, class 17, class 18, and class 22, respectively recorded
absolutely correct predictions with ideal (100%) accuracies, as this pattern continues for all classes,
with accuracy rates ranging from 85.3% to 100%, the robustness of HybridPlantNet23 across various
categories is established.
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Figure 9. Confusion Matrix for HybridPlantNet23 Model.

Misclassifications of the model are relatively low and scattered across different classes. With a
50% accuracy rate and 50% misclassified classes, Class 15 stand as the most significant
misclassification occurs with the model. This occurs as the model struggles with this particular class,
likely due to overlapping features with other classes and, more precisely, inadequate training data of
the class. Furthermore, Misclassified classes frequently have misclassifications with nearby classes,
suggesting that these classes may be similar. This could be true for classes 8 and 7, with 85.3% and
87.0% classification accuracy, respectively.


https://doi.org/10.20944/preprints202407.0556.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 July 2024 d0i:10.20944/preprints202407.0556.v1

13

The overall high accuracy for most classes, in essence, indicates the model’s effectiveness in
distinguishing between different plant diseases. The small number of incorrect classifications points
to potential areas for model improvement—possibly through dataset expansion or architectural
optimization. For the lower accuracy observed in class 15, 8 and 7, respectively, increasing their
sample sizes, examining their features, and possibly implementing additional preprocessing
strategies to enhance feature differentiation is recommendable for improved classification results.
Moreover, the high variability within Class 7 images, is making it challenging for the model to learn
a consistent pattern thus the need for some better and more standardized guidelines in plant disease
datasets preparation and utilization.

4.2. Comparative Analysis and Insights

With superior accuracy of 97.25%, VGG16 appears to be the most reliable model in terms of
correct predictions as seen in Table 5. HybridPlantNet23 overtakes Darknet53 even though it falls
short of VGG16 thus suggesting that: while ensemble technique improves performance, VGG16’s
standalone capability is superior. Furthermore, VGG16 leads with the highest precision (96.30%),
indicating the least false positives. Since HybridPlantNet23 model improves upon Darknet53’s
precision, this showcases the advantage of combining features from both models. In addition,
VGGI16's recall (96.96%) being the highest suggests its effectiveness in identifying true positives.
HybridPlantNet23, as well, demonstrated substantial progress over Darknet53, thus indicating a
better classification of actual disease cases. Even though HybridPlantNet23 improves over Darknet53
in terms of balanced performance, the F1-Score in VGG16 identifies it as the highest (96.55%). This
could somewhat justify that the ensemble approach benefits from the strengths of both models.

From the results of this study, it might seem counterintuitive for single model (VGG16) to
outperform HybridPlantNet23, since ensemble models are generally expected to utilize the powers
of their component models to deliver higher performance. Technically, in the methodology and
dataset preprocessing stage, the images were resized to the requirements of the respective pretrained
models (VGG16 and Darknet53). While this effort ensures compatibility, it may introduce slight
inconsistencies in feature extraction when the combined datastore is formed. This would make it
necessary to select single models that are having equal or similar image size requirements thus
avoiding potential inconsistencies in feature extraction. Furthermore, the ensemble model relies fully
on the combined datastore, which must balance the feature extraction methods of both VGG16 and
Darknet53. Hence, any misalignment or bias in feature representation may have the potential to affect
the HybridPlantNet23’s performance.

For cases of ensemble modelling where one model significantly outperforms the other (as
VGG16 does), the ensemble has high tendency to be dragged down by the weaker model, which in
turn could displace the overall performance gain expected from ensembling. This could highlight
vividly the nature and complexity of ensemble models like HybridPlantNet23. In addition, the
ensemble model’s architecture plays a decisive role, such as how it weighs the classifications from
each single model. On this note, it could be iterated that where the combination strategy of
HybridPlantNet23 does not optimally utilize the strengths of VGG16 and Darknet53, the ensemble’s
performance might not surpass VGG16.

Table 6. Some class performances over different models.

Class 15 Class 8 Class 7
Darknet19 80 100 73.33
VGG16 75 95.2 87.5
Darknet53 31.2 85.7 87.5
HybridPlantNet23 50 85.3 87.0

One important point to note is the effect of data distribution and class imbalance from the dataset
utilized in this study. For example, with the same dataset utilized in this study, the authors trained a
Darknet19 model with a balanced dataset of 77 images each from all classes, choosing 77 as the
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minimal number of images in the whole dataset which was a representation from class 15 (lemon)
[34]. Despite variations with different models and data sizes, class 15 always poses a threat to the
overall performance of the corresponding model (Table 6). The significant imbalance in the number
of samples per class skews the learning process. Models tend to be biased towards classes with more
samples, leading to higher performance for those classes and lower performance for minority classes
like class 15. Despite being an ensemble model designed to leverage the strengths of VGG16 and
Darknet53, HybridPlantNet23 also suffers from this problem. Class 15’s performance is particularly
poor, which drags down the overall model performance. Furthermore, the overall performance of the
model in the former study is significantly lower than that attained herein, despite the fact that the
former study used a ‘balanced” dataset, whereas herein the whole dataset was used, implying that
the total number of images used in this study is greater. This suggests that for effective deep learning
applications, the total number of images in datasets is more significant than the class balance.

5. Conclusions

This study thoroughly assessed the results of a hybrid ensemble model called
HybridPlantNet23, Darknet53, VGG16, and other deep learning models on a job of classifying plant
species. It was clear from a thorough investigation of confusion matrices and a rigorous analysis of
performance indicators including accuracy, precision, recall, and F1-score that VGG16 consistently
beat Darknet53 and the ensemble model. Due to its better architecture, VGG16 was able to manage
the dataset’s complexity more skillfully, which raised its classification accuracy in the majority of
classes. Class imbalance was still a problem, though, and it continued to have an impact on students’
performance, especially in underrepresented classes like class 15.

The study’s findings emphasize how crucial it is to solve problems with data distribution and
class imbalance in order to enhance model performance. Although VGG16 showed resilience in both
feature extraction and classification, the ensemble model’s total performance did not improve as
anticipated, where scientific insights were discussed. Future research should concentrate on dataset
balancing methods such sophisticated data augmentation and synthetic data synthesis. Furthermore,
investigating more complex architectures and utilizing transfer learning may improve model
robustness and classification accuracy even more. These findings highlight the necessity of balanced
datasets and strong model architectures, and they provide the groundwork for further advances in
the classification of plant species using deep learning.
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