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Abstract: Global warming caused by climate change causes some problems in agricultural production. One 
of these problems is the increase in various pest populations. This increase poses a serious threat to 
agricultural products and significantly negatively affects productivity and quality. Insecticides are commonly 
used to combat pests. However, most of the time, farmers' lack of knowledge in recognizing pests and 
understanding their effects results in incorrect and excessive spray applications. While excessive use of 
insecticides harms human health and environmental pollution, it also increases production costs, causes 
changes in the genetic structures of pests, causing them to become more resistant, and makes agricultural 
control difficult. Therefore, early detection of pests and their damage to the plant is extremely important. This 
study aims to develop an accurate and efficient method to detect damage caused by the tomato leaf miner, 
Tuta absoluta, on tomato leaves. A dataset comprising healthy and damaged tomato leaves was created. 

HIGHLIGHTS 
 
 A dataset consisting of healthy and damaged tomato leaves was generated. 

 An effective method was improved to detect damage caused by Tuta absoluta pest on tomato leaves using a 
combination of transfer learning and feature extraction and machine learning approaches. 

 In the study, feature extraction was performed with DenseNet121, MobileNetV2 and EfficientNetB0, and 
classification was performed with different machine learning algorithms. 

 The method showed high performance with 97.83% accuracy rate in Tuta absoluta damage detection. 

  
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Using a hybrid approach, features were extracted through Convolutional Neural Networks (CNNs) with 
transfer learning and classified using traditional machine learning techniques. Among the methods evaluated, 
SVM-Linear achieved the highest accuracy with 97.83%, outperforming other classifiers such as Random 
Forest with 96.14%, Rotation Forest with 95.89%, and SVM-RBF with 90.70%. These results highlight the 
potential of combining deep learning-based feature extraction with conventional machine learning for early 
pest detection. This approach offers a practical solution to reduce the misuse of insecticides and improve 
pest management strategies, contributing to sustainable agriculture. 

Keywords: transfer learning; classification; feature extraction; feature selection; tomato leafminer. 
 

 

INTRODUCTION 

Many problems are encountered during agricultural activities due to the variety of products in agricultural 
production, the wide variety of cultivation areas and the labor-intensive cultivation. Technical possibilities 
offered by technology enable many agricultural processes to be facilitated, provide alternative solutions to 
some existing problems and especially by ensuring that production and applications are carried out correctly 
and on time, it makes significant contributions to the effective, efficient, and high quality of agricultural 
production. In addition, the use of technology has become necessary to meet the increasing food demand 
due to the increase in the world population and the decrease in agricultural areas [1]. Agricultural production 
can be adversely affected by many factors such as uncontrollable weather, climate, diseases, pests, drought, 
hail, flood, and economic crisis. In addition to expertise for efficient agricultural production, the most efficient 
production can be achieved if the growing conditions meet optimum demands. Ensuring optimum conditions 
can be difficult and costly. Therefore, for an efficient agricultural enterprise, it is necessary to determine the 
changes in each component accurately and in a timely manner and to decide on the applications considering 
possible interactions [2]. Plant disease and pest attacks cause significant economic and productivity losses 
in agricultural production worldwide [3-4]. As a result of climate change, the number of various plant diseases 
and pest species is increasing, and losses are gradually reaching serious levels. In order to minimize losses, 
plant diseases and pests must be combated [5]. Tuta absoluta (Meyrick) (Lepidoptera: Gelechiidae) pest, 
which originates from South America, has posed a major threat to tomato production globally and 
economically, with its rapid spread around the world [6-8]. When T. absoluta is not managed properly, it 
causes losses ranging from 80% to 100% in tomatoes [9]. Therefore, real-time and early identification of T. 
absoluta may play an important role in improving farmers' decisions in pest management [10]. The use of 
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technological methods such as image processing and deep learning, which enable the rapid detection of 
disease and pest severity and development in the diagnosis of diseases and pests, offers advantages such 
as preventing loss of labor and time [11-14]. A key advantage of the deep learning method is that it can 
extract features on its own. In deep learning, the algorithm is not given any explicit instructions. Instead, it 
automatically searches through the data for features that correlate and then combines them to facilitate faster 
learning [15-17]. Because of its ability to handle big data, deep learning scales extremely well [18]. Feature 
extraction is a dimensionality reduction technique in which the original dataset, consisting of a set of raw 
variables, is reduced into sets of adaptable features for a new task, without changing them. Therefore, 
features must be extracted from the dataset to provide data to the classifier. For example, multiple feature 
extraction is used to classify tomato leaf diseases. Color histograms are extracted for color features, Hu-
moments for shape features, and haralick features for texture features [19]. 

In this study, unlike previous studies, a new dataset was originally created for the detection of T. absoluta 
damage, deep features were extracted from these images using three different transfer learning techniques, 
DenseNet121, MobileNetV2 and EfficientNetB0, and then, to classify these deep features extracted, Rotation 
Forest, Random Forest, Support Vector Machine-Linear (SVM-Linear) and Support Vector Machine-RBF 
(SVM-RBF) machine learning algorithms were used. The objective of this study is to develop an accurate 
and efficient system for detecting T. absoluta damage on tomato leaves by combining advanced feature 
extraction methods with traditional machine learning algorithms. The proposed method is successful in 
capturing complex spatial relationships and patterns in images of tomato leaves and enabling the 
discernment of subtle pest damage indicators. The novelty of this study lies in its hybrid approach, combining 
deep learning-based feature extraction with traditional machine learning algorithms, as well as the creation 
of a real-world dataset specific to T. absoluta damage, which is rarely addressed in the literature. This 
innovation is of great importance as it increases the accuracy and efficiency of pest damage and disease 
detection compared to traditional methods. At the end of the study, damaged and healthy leaves were 
distinguished with a 97.83% accuracy rate in the classification processes carried out with machine learning 
approaches. 

Related works 

In agriculture, state-of-the-art (SOTA) artificial intelligence methods are used in many areas such as 
monitoring plant and fruit periods, yield estimation, species and quality classification, pest and disease 
detection, and proportional fertilization to increase the yield of agricultural products and reduce losses. In 
order to combat T. absoluta, the pest needs to be detected and classification, segmentation and object 
identification studies have been and are being carried out on image data as SOTA artificial intelligence 
technology. 

The authors in [20] talk about how plant pests affect agriculture's bottom line, concentrating on T. 
absoluta, a significant pest of tomato plants. YOLOv5 was employed in the study to train on 1,200 altered 
pictures of tomato leaves infested with T. absoluta. The results showed a promising 80% classification 
accuracy for leaves and a 70–90% detection accuracy for T. absoluta larvae and galleries. According to the 
research, deep learning-based algorithms have great promise for the early identification of agricultural pests, 
which might lead to a decrease in the requirement for overuse of pesticides. T. absoluta and Leveillula taurica 
infected tomato plants were the subject of 263 multispectral (RGB and NIR) photos that the scientists [21] 
assembled into a single, unique dataset. To find and categorize the lesions on the leaves, they employed a 
Faster-RCNN object detector. In comparison to utilizing only RGB channels (mAP of 18.5%), their research 
showed that using both RGB and NIR channels enhanced the detection accuracy (mAP of 20.2%). This 
implies that NIR spectral bands may be useful in the identification of certain tomato plant diseases. 
Researchers [22] have created a novel AI-powered instrument that can identify T. absoluta infestations in 
tomato crops with 91.9% accuracy by using CNNs. With the use of the tool, farmers may be able to prevent 
crop losses by quickly detecting and treating pests. Two deep learning models, U-Net and Mask R-CNN are 
presented in a research [23] to help segment and identify the tomato leaf sections damaged by T. absoluta. 
These models accurately analyze tomato leaf photos recorded in the field at the pixel level using CNNs. With 
a mean Average Precision of 85.67%, the findings show that the Mask R-CNN model performs better in terms 
of precision than the U-Net model. With a Dice coefficient of 82.86% and an Intersection over Union (IoU) of 
78.60%, the U-Net model still exhibits promising performance. Both models are useful resources for farmers 
and agricultural experts as they precisely identify and divide the regions where T. absoluta infestations are 
present. CNNs are being used in a study [10] to assess the extent of T. absoluta infestation in tomato plants. 
Using a dataset comprising both infected and healthy tomato leaves, the scientists trained four pre-trained 
CNN architectures. With an average accuracy of 87.2% in determining the extent of T. absoluta infestation, 
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Inception-V3 produced the best findings. Additionally, the pre-trained models had no trouble differentiating 
between high, low, and no infestation of T. absoluta. A study [24] looked at the detection of T. absoluta 
infestations on tomato plants using object detection models in conjunction with ensemble approaches. In 
order to handle the intricacies of real-life plant health scenarios, the researchers employed real-world 
datasets collected in greenhouse and open-field conditions. Deep learning methods that showed potential in 
identifying T. absoluta damage were Faster R-CNN and RetinaNet. Early model assessments showed that 
detection performance was limited. With a 20% improvement in mean Average Precision (mAP), ensemble 
approaches such as Weighted Boxes Fusion (WBF) considerably increased detection accuracy. An effective 
technique for identifying peacock eye disease in olive leaves was discovered in a study [25]. An original 
dataset of healthy and disease leaves was constructed in the first step. The categorization of damaged and 
healthy leaves was then carried out using the transfer learning technique, which involved extracting deep 
features from this dataset using CNN models. Approximately 98.63% of extremely excellent findings were 
produced as a consequence of the trials. 

MATERIAL AND METHODS  

In this part of the article, T. absoluta pest and its damage to the tomato leaf, creation of the leaf dataset, 
use of machine learning methods and the obtained performance criteria are presented. 

Tomato Leafminer - Tuta absoluta (Meyrick) (Lepidoptera: Gelechiidae) 

Tomato cultivation faces various pests that increase the cost of production and lead to health and 
environmental risks due to pesticide use [21]. The most important of these pests is Tomato Leafminer (Tuta 
absoluta). T. absoluta causes damage to leaves, flowers, stems and fruits of tomato. [26]. This pest is a 
member of the order Lepidoptera, belonging to the family Gelechiidae [27]. In the egg stage (Figure 1a), it is 
0.4 mm long and 0.2 mm wide, has a cylindrical structure and is cream to light yellow in colour [28]. The 
hatched young larvae (Figure 1b) enter the leaves, stems or tomato fruits where they feed and grow, forming 
distinct mines and galleries [29] This affects the plant's ability to photosynthesize, which reduces tomato 
yield. The pupa of the pest (Figure 1c) is 6 mm in size and has a color close to green in the first stage; then 
its color changes to light brown. The adult of the pest (Figure 1d) is 6 mm long, slender and has a wingspan 
of approximately 10 mm. T. absoluta can cause varying levels of damage to tomato leaves. If a high damage 
rate occurs (Figure 1g), the economic threshold value is exceeded and therefore it is critical to detect damage 
at an early stage. In order not to exceed this damage threshold, it is necessary to detect it at low severity and 
earlier damage stages, as given Figure 1f. 

 

 

Figure 1. T. absoluta; (a) egg, (b) larva, (c) pupa, (d) adult and tomato leaf; (e) healty, (f) low damage, (g) high damage. 
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Dataset 

To create the dataset used in the study, 828 tomato leaf images were obtained under greenhouse 
conditions on different dates (August 10 and September 7, 2023) from the village of Gümenek in the 
Central district of Tokat province. In this dataset, images are divided into two classes, as shown in the 
structure in Figure 2: damaged by T. absoluta and healthy tomato leaves. 

 

 
Figure 2. Dataset structure. 

Image acquisition and preprocessing  

Within the scope of this research, the dataset obtained from images with natural lighting conditions and 
complex background, as indicated in the structure in Figure 2, consists of 220 healthy and 608 damaged 
tomato leaves. When the flow chart in Figure 3 is examined, 2 smartphones (iPhone XS and iPhone 8, Apple 
Inc., California, USA) were used for data acquisition and image acquisition under greenhouse conditions. 
The raw dataset was created using 2x optical zoom with a resolution of 3024x3024 (1:1). Images were 
automatically transferred to the computer environment. Tomato leaf images were processed using a 
computer with a 12th Generation Intel Core i9-12900 (24 CPUs) processor running at 2.4 GHz and NVIDIA 
(Santa Clara, California, USA) RTX A4000 graphics. 

 

 
Figure 3. The data acquisition flowchart. 
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The image segmentation method is a three-stage process. Initially, the image data is read, and the 
acquired images undergo conversion from the RGB color space to the RGBA color space. This transformation 
includes adding a transparent background to the image, effectively eliminating unnecessary background 
details. In the second stage, a color-based segmentation mask is generated. In the collected dataset, 
accounting for the potential presence of white and occasionally blue lines in the background (addressed by 
employing the summation method for separation), binary masks are established in blue and white colors. 
These masks are subsequently combined using the bitwise OR operation. In the third stage, morphological 
operations are applied to the generated mask to close small gaps (noises). The result is a refined mask where 
regions consistent with the RGBA image mask are preserved, successfully isolating and filtering only the 
leaves [25]. 

Feature extraction  

DenseNet121 [32], MobileNetV2, and EfficientNetB0, along with various other CNN architectures, have 
found widespread applications in image classification, demonstrating proficiency in tasks such as image 
recognition and object detection. The activation function is utilized in the convolutional layers to convert the 
learned kernels from preceding layers into feature maps, thereby contributing to the generation of output 
feature maps [30]. Convolutions involving multiple input feature maps can be amalgamated within each output 
feature map. These architectures, utilized in the current study, are acknowledged as the top three performers 
in terms of classification accuracy within the domain of deep learning. Each image encapsulates features 
determined by the fully connected layers of DenseNet121, MobileNetV2, and EfficientNetB0 before entering 
the classification stage. Subsequent to these layers, deep learning architectures progress to the classification 
process by incorporating softmax and classification layers. The features amassed are converted into deep 
features through machine learning techniques applied in the "fully connected" layer, thereby fulfilling the 
purpose of classification. 

Transfer learning  

Transfer learning is an approach that applies knowledge and qualities obtained while solving one 
problem to new, closely similar problems [31]. For example, the information and skills gained from classifying 
animal photographs can be applied to classifying floral images. Transfer learning is the process of improving 
one's learning of a new task by applying knowledge gained from a previous one. This strategy is more 
practical and effective than starting the learning process from scratch, especially when the availability of 
limited datasets makes training a model from scratch problematic [32]. 

DenseNet has transformed the deep learning model training landscape by efficiently addressing the 
vanishing gradient paradox, improving attribute reuse, and maximizing parameter consumption. Its 
substantial impact is visible in its outstanding performance across a wide range of computer vision 
challenges. The dense blocks (DenseBlock) are painstakingly formed using convolutional layers and are at 
the heart of DenseNet121. This architecture is made up of 121 interconnected convolutional layers that 
culminate in a final output layer with 1000 fully-connected units. This approach not only addresses the 
vanishing gradient difficulty, but it also maximizes attribute sharing, which contributes to its extraordinary 
efficacy in a variety of computer vision applications [33]. 

MobileNetV1 [34] a customized and efficient model designed for mobile and embedded devices, in 2017. 
This architecture emphasizes two stages of standard convolution: depth-decomposable convolution and 
point-decomposable convolution. The calculation of the bit product stays tightly related to the channels inside 
the MobileNetV1 architecture, ensuring a stable channel count across the model. The versatility of 
MobileNetV1 is particularly noteworthy, particularly in the configurable number of channels within the 11-
convolution kernel. Because of its intrinsic flexibility, MobileNetV1 is able to strike a careful balance between 
computing efficiency and model correctness. MobileNetV2 [35], the subsequent version, offered novel 
features such as inverted residual structures and linear bottlenecks. Inverted residual structures give a 
solution to the limitation of in-depth convolution in modifying channel numbers. These configurations include 
an ascending convolution filter with 11 dimensions, a depth convolution filter with 33 dimensions, and a 
descending convolution filter with 11 dimensions. The activation function is meticulously interwoven into the 
inverted residual structural functions to accelerate the learning trajectory, mitigate gradient spread, and 
strengthen the model's global stability. 

EfficientNet, a convolutional neural network architecture, was proposed in 2019 with a methodical 
approach to model scaling. This approach employs a composite coefficient within EfficientNet, allowing for 
the balanced tuning of network depth, width, and resolution, resulting in improved performance. All 
dimensions, including depth, width, and resolution, can be equally scaled using compound scaling. In this 
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strategy, changing the size of the input image correlates to an expected need for more network layers to 
augment the receptive field and more channels to detect smaller patterns. The EfficientNetB0 variation has 
5.3 million parameters and is specifically developed for use in mobile and embedded devices. Notably, the 
EfficientNetB0 core architecture is inspired by the bottleneck residual blocks inherent in the MobileNetV2 
network [36]. The parameters of the transfer learning models used in the study are given in Table 1. 

                                       Table 1. Parameters of transfer learning algorithms used in the study. 

   Models           Parameters 

DenseNet121 
Activation function : ReLU 
Weights : imagenet 
input_shape : 224×224×3 

MobileNetV2 
Activation function : ReLU 
Weights : imagenet 
input_shape : 224×224×3 

EfficientNetB0 
Activation function : ReLU 
Weights : imagenet 
input_shape : 224×224×3 

Machine learning methods 

SVM-Linear 

SVM is a discriminant hyperplane used to identify classes [37]. These selected hyperplanes help to 
maximize the distance to the nearest training points, called "margins". This feature is generally known to 
improve generalization capabilities. SVM uses a regularization parameter, C, which ensures the fit of outliers 
and allows for errors in the training set. It also allows classification using linear decision boundaries; this is 
called linear SVM. This classifier has been applied quite successfully to many brain-computer interface 
problems. Furthermore, kernel trickery is used to generate non-linear decision boundaries with less 
complexity. In EEG and image analysis, Gaussian or Radial Basis Function (RBF) kernels are usually the 
preferred kernel types. This type of SVM is also referred to as Gaussian SVM [38-39]. 

SVM-RBF  

RBF can be thought of as a curve fitting approach in multidimensional space. RBF classifiers work by 
summing a set of radial basis functions weighted to approximate the desired function f. Therefore, the training 
of RBF involves the problem of finding a surface that best fits the training data in multidimensional space. 
RBF has a three-layer structure: input, hidden and output. The input layer is the layer connected to the input 
vector space. The output layer is the layer associated with the pattern classes. The training of the classifier 
takes place by determining the weights in the hidden layer that connects the input and output layers. The 
determination of the model parameters is related to the determination of each centre Cj and bandwidth σj for 
the activation functions used as Gaussian functions by the neurons in the hidden layer. RBF classifiers have 
a suitable format for multiple classification problems [40-41]. 

Random Forest  

Random Forest (RF) can be defined as a collection of classifiers consisting of different types of trees. 
This approach is an ensemble learning algorithm for classification, regression and similar tasks that works 
by building a set of decision trees in the training phase [42]. Instead of branching each node by selecting the 
best split point among all variables, RF builds a tree with nodes that branch using the best among randomly 
selected variables. Each dataset is created by sampling from the original dataset and then trees are 
constructed using random feature selection [43]. In regression tasks, the predicted values of each tree are 
calculated and averaged, resulting in a prediction. Like k-nearest neighbor (k-NN) and pure Bayes-based 
algorithms, RF is a machine learning algorithm that has become popular due to its simplicity and high 
classification performance. 

Rotation Forest  

Rotation Forest (RTF) is a powerful ensemble classifier with impressive performance. This algorithm 
constructs the transformation matrix using Principal Component Analysis (PCA) and utilizes this matrix to 
extract new features [44]. The RTF classification algorithm is a linear transformation technique that offers a 
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new performance angle by integrating a different domain [45]. The RTF algorithm follows the basic principles 
of the RF algorithm in classification, creating multiple trees. However, it differs from RF in that it uses an 
alternative feature space such as PCA to construct the data set. On training data sets defined by this feature 
space, RTF generates a large number of decision trees (DTs). To train these trees during training, the RTF 
algorithm subdivides the training dataset into subgroups and performs feature extraction using the feature 
space selected for each subgroup. [46] stated that thanks to this feature, the RTF algorithm offers superior 
classification accuracy compared to RF. The parameters of the machine learning models used in the study 
are given in Table 2. 

                             Table 2. Parameters of machine learning algorithms used in the study. 

    Models          Parameters 

SVM-Linear 

penalty='l2' 
loss='squared_hinge' 
tol=0.0001 
C=1.0 
max_iter=1000 

SVM-RBF 

penalty='l2' 
loss='squared_hinge' 
C=1.0 
Gamma=0.01 

Random Forest 
n_estimators=100  
criterion='gini' 

Rotation Forest 

n_estimators=200  
min_group=3 
max_group=3  
contract_max_n_estimators=500  
remove_proportion=0.5  

Performance Evaluation Metrics  

Performance evaluation is an important aspect of the machine learning process. In this study, 4 different 
machine learning metrics are used for performance evaluation of the models. These metrics are expressed 
by the following mathematical formulae [47-48]. 

Accuracy (1): Represents the proportion of correct predictions among all predictions and indicates the overall 
model performance. 

Accuracy = (TN + TP)/(TN + FP + TP + FN) (1) 

Precision (2): Measures how effectively a model identifies the positive class. However, using this measure 
alone may cause the model to minimise false positives. 

Precision = TP/(TP + FP) (2) 

Recall (3): This measure shows how accurately a model predicts all positive instances in the dataset. 

Recall = TP/(TP + FN) (3) 

F1-score (4): It represents the harmonic mean between Precision and Recall and takes a value between 0 
and 1. A value closer to 1 implies excellent Precision and Recall, while a value of 0 indicates that Precision 
and Recall are both 0. A high F1 score signifies a better balance between these two metrics. 

F1 − score = ((2 ∗ Precision ∗ Recall))/(Precision + Recall) (4) 

TP (True Positives): The number of positive observations that the model correctly predicts as positive. 
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FP (False Positive): The number of negative observations that the model incorrectly predicts as positive. 

TN (True Negative): The number of negative observations that the model correctly predicts as negative. 

FN (False Negative): The number of positive observations that the model incorrectly predicts as negative. 

RESULTS 

In the experimental assessment, the study explored the detection of T. absoluta damage by employing 
feature extraction through three distinct transfer learning techniques: DenseNet121, MobileNetV2, and 
EfficientNetB0. The dataset for T. absoluta damage used in these experiments was divided using the k-fold 
cross-validation methodology, with the k-fold value set to 10. This section details the findings of the research, 
emphasizing the analysis of images depicting T. absoluta damage. Deep features were extracted from these 
images using DenseNet121, MobileNetV2, and EfficientNetB0 architectures. Subsequently, these extracted 
deep features were utilized in the classification process through various machine learning algorithms, 
including Rotation Forest, Random Forest, Support Vector Machine-Linear (SVM-Linear), and Support Vector 
Machine-RBF (SVM-RBF). Tables 3, 4 and 5 provides a summary of the parameters employed in the Rotation 
Forest, Random Forest, SVM-Linear, and SVM-RBF models for the classification of images related to T. 
absoluta damage. Figure 4 shows the flowchart of the study. 

 
 

Figure 4. General flowchart of system. 
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 Table 3. The performance results of Densenet121 deep features classification. 

Models 
Feature 
Selection 

Class Accuracy Precision Recall F-Score 

SVM-Linear 

None 

Healty 0.8756 0.6502 0.8400 0.7401 
Tomato leafminer 0.8756 0.9600 0.8800 0.9200 
Mean 0.8756 0.8051 0.8600 0.8305 

SVM-RBF 
Healty 0.8490 0.5960 0.7920 0.6874 
Tomato leafminer 0.8490 0.9412 0.8621 0.9214 
Mean 0.8490 0.7686 0.8270 0.8044 

Random 
Forest 

Healty 0.8514 0.5025 0.9012 0.6402 
Tomato leafminer 0.8514 0.9812 0.8423 0.9145 
Mean 0.8514 0.7418 0.8717 0.7773 

Rotation 
Forest 

Healty 0.8634 0.6145 0.8142 0.7021 
Tomato leafminer 0.8634 0.9510 0.8830 0.9123 
Mean 0.8634 0.7827 0.8486 0.8072 

SVM-Linear 

ReliefF 

Healty 0.9251 0.7802 0.9311 0.8502 
Tomato leafminer 0.9251 0.9833 0.9212 0.9512 
Mean 0.9251 0.8817 0.9261 0.9007 

SVM-RBF 
Healty 0.9022 0.6812 0.9400 0.7902 
Tomato leafminer 0.9022 0.9801 0.8902 0.9401 
Mean 0.9022 09801 0.9151 0.8651 

Random 
Forest 

Healty 0.9444 0.8012 0.9901 0.8805 
Tomato leafminer 0.9444 1.0000 0.9301 0.9612 
Mean 0.9444 0.9006 0.9601 0.9208 

Rotation 
Forest 

Healty 0.9424 0.8500 0.9311 0.8912 
Tomato leafminer 0.9424 0.9802 0.9501 0.9613 
Mean 0.9424 0.9151 0.9406 0.9262 

 
Table 3 presents a summary of the performance outcomes in classifying deep features extracted from 

DenseNet121 for the detection of T. absoluta damage. Various models, such as SVM-Linear, SVM-RBF, 
Random Forest, and Rotation Forest, were employed, all integrated with the ReliefF feature selection method. 
The evaluation metrics, encompassing accuracy, precision, recall, and F-score, are detailed for the two 
distinct classes: Healthy and T. absoluta. The table serves as a comprehensive reference, highlighting the 
effectiveness of each model-feature selection combination in discerning between the specified classes in the 
context of T. absoluta damage detection. For SVM-Linear and SVM-RBF, the 'None' feature selection method 
provides 87.56% and 84.90% accuracy respectively, with SVM-Linear achieving higher precision, recall and 
F-score. On the other hand, Random Forest and Rotation Forest show 85.14% and 86.34% accuracy 
respectively, with Rotation Forest showing superior precision, recall and F-score. The use of ReliefF feature 
selection improves the performance of SVM-Linear, resulting in an accuracy of 92.51% with higher precision, 
recall and F-score for both classes. Similar improvements are observed for ReliefF and SVM-RBF. Random 
Forest and Rotation Forest maintain their high accuracies of 94.44% and 94.24% respectively and provide 
higher precision, recall and F-score. 

Figure 5 discusses the performance evaluation of various classification methods applied to the features 
extracted with DenseNet121 for the task of damage detection in T. absoluta. The paragraph summarizes 
different combinations of feature selection and classification techniques including ReliefF-SVM-Linear, 
ReliefF-SVM-RBF, ReliefF-Random Forest and ReliefF-Rotation Forest. Furthermore, Random Forest, SVM-
Linear, SVM-RBF and Rotation Forest classification methods are evaluated separately without feature 
selection method. Throughout the paragraph, the important aspect of feature selection is emphasized, 
especially using the ReliefF method. Additionally, the classification methods Random Forest, SVM-Linear, 
SVM-RBF, and Rotation Forest are individually evaluated without the feature selection method. The crucial 
aspect of feature selection, particularly using the ReliefF method, is emphasized throughout the paragraph. 
The information suggests that employing feature selection improves the classification performance for SVM-
Linear, SVM-RBF, Random Forest, and Rotation Forest models when applied to the extracted features from 
DenseNet121. The subsequent inclusion of a confusion matrix in Figure 5 aims to provide a detailed insight 
into the classification outcomes, enabling a more granular assessment of the models' effectiveness with and 
without feature selection. 
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Figure 5. Confusion matrix of the classification obtained with and without the feature selection method of the features 

extracted with Densenet121. 
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  Table 4. The performance results of MobileNetV2 deep features classification. 

Models 
Feature 

Selection 
Class Accuracy Precision Recall F-Score 

SVM-Linear 

None 

Healty 0.9239 0.8401 0.8712 0.8522 
Tomato leafminer 0.9239 0.9522 0.9411 0.9512 
Mean 0.9239 0.8961 0.9061 0.9017 

SVM-RBF 
Healty 0.8611 0.5741 0.8602 0.6802 
Tomato leafminer 0.8611 0.9720 0.8602 0.9201 
Mean 0.8611 0.7730 0.8602 0.8001 

Random 
Forest 

Healty 0.8575 0.5000 0.9401 0.6500 
Tomato leafminer 0.8575 0.9900 0.8401 0.9102 
Mean 0.8575 0.7450 0.8901 0.7801 

Rotation 
Forest 

Healty 0.8587 0.6000 0.8201 0.6903 
Tomato leafminer 0.8587 0.9502 0.8703 0.9108 
Mean 0.8587 0.7751 0.8452 0.8005 

SVM-Linear 

ReliefF 

Healty 0.9795 0.9502 0.9700 0.9622 
Tomato leafminer 0.9795 0.9902 0.9800 0.9901 
Mean 0.9795 0.9702 0.9750 0.9761 

SVM-RBF 
Healty 0.9046 0.7202 0.9000 0.8041 
Tomato leafminer 0.9046 0.9703 0.9111 0.9432 
Mean 0.9046 0.8452 0.9055 0.8736 

Random 
Forest 

Healty 0.9408 0.8000 0.9800 0.8801 
Tomato leafminer 0.9408 0.9900 0.9300 0.9600 
Mean 0.9408 0.8950 0.9550 0.9200 

Rotation 
Forest 

Healty 0.9553 0.8710 0.9611 0.9111 
Tomato leafminer 0.9553 0.9901 0.9503 0.9711 
Mean 0.9553 0.9305 0.9557 0.9411 

The information presented in Table 4 constitutes compelling evidence regarding the performance 
outcomes in classifying deep features extracted from MobileNetV2 in the context of T. absoluta damage 
detection. The table systematically details the results for diverse machine learning models, including SVM-
Linear, SVM-RBF, Random Forest, and Rotation Forest, all integrated with the ReliefF feature selection 
method. Crucial performance metrics, encompassing accuracy, precision, recall, and F-Score, are 
meticulously documented for the two distinct classes: Healthy and T. absoluta. The noteworthy achievement 
of SVM-Linear with ReliefF is emphasized, showcasing an impressive accuracy of 97.95%, coupled with well-
balanced precision, recall, and F-Score values for both classes. The varying degrees of performance 
observed across SVM-RBF, Random Forest, and Rotation Forest models, with ReliefF consistently 
enhancing classification outcomes, underscore the critical role of feature selection in the classification of T. 
absoluta damage using MobileNetV2 deep features. 

Figure 6 discusses the performance evaluation of various classification methods applied to the features 
extracted with MobileNetV2 for the task of damage detection in T. absoluta. The paragraph summarises 
different combinations of feature selection and classification techniques including ReliefF-SVM-Linear, 
ReliefF-SVM-RBF, ReliefF-Random Forest and ReliefF-Rotation Forest. Furthermore, Random Forest, SVM-
Linear, SVM-RBF and Rotation Forest classification methods are evaluated separately without feature 
selection method. 
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Figure 6. Confusion matrix of the classification obtained with and without the feature selection method of the features 

extracted with MobileNetV2. 
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The information suggests that employing feature selection improves the classification performance for 
SVM-Linear, SVM-RBF, Random Forest, and Rotation Forest models when applied to the extracted features 
from MobileNetV2. The subsequent inclusion of a confusion matrix in Figure 6 aims to provide a detailed 
insight into the classification outcomes, enabling a more granular assessment of the models' effectiveness 
with and without feature selection. 

  Table 5. The performance results of EfficientNetB0 deep features classification. 

Models Feature 
Selection 

Class Accuracy Precision Recall F-Score 

SVM-Linear None Healty 0.9541 0.9000 0.9301 0.9111 
Tomato leafminer 0.9541 0.9714 0.9633 0.9732 
Mean 0.9541 0.9357 0.9467 0.9721 

SVM-RBF 
 

Healty 0.9019 0.7100 0.9000 0.7900 
Tomato leafminer 0.9019 0.9711 0.9002 0.9401 
Mean 0.9019 0.8405 0.9001 0.8650 

Random 
Forest 
 

Healty 0.9058 0.7500 0.8702 0.8101 
Tomato leafminer 0.9058 0.9601 0.9212 0.9412 
Mean 0.9058 0.8550 0.8957 0.8756 

Rotation 
Forest 
 

Healty 0.9106 0.7303 0.9111 0.8112 
Tomato leafminer 0.9106 0.9820 0.9103 0.9411 
Mean 0.9106 0.8561 0.9107 0.8761 

SVM-Linear 
 

ReliefF 
 

Healty 0.9783 0.9400 0.9802 0.9601 
Tomato leafminer 0.9783 0.9900 0.9800 0.9900 
Mean 0.9783 0.9650 0.9801 0.9750 

SVM-RBF 
 

Healty 0.9070 0.7101 0.9200 0.8001 
Tomato leafminer 0.9070 0.9800 0.9000 0.9400 
Mean 0.9070 0.9450 0.9100 0.8700 

Random 
Forest 
 

Healty 0.9614 0.8901 0.9714 0.9222 
Tomato leafminer 0.9614 0.9901 0.9632 0.9700 
Mean 0.9614 0.9401 0.9673 0.9461 

Rotation 
Forest 
 

Healty 0.9589 0.9100 0.9300 0.9200 
Tomato leafminer 0.9589 0.9889 0.9789 0.9789 
Mean 0.9589 0.9494 0.9544 0.9494 

 
Table 5 presents the performance results of classifying deep features extracted from EfficientNetB0 in 

the context of T. absoluta damage detection. Various machine learning models, such as SVM-Linear, SVM-
RBF, Random Forest, and Rotation Forest, are evaluated in combination with the ReliefF feature selection 
method. The table comprehensively outlines essential performance metrics such as accuracy, precision, 
recall, and F-Score for the two distinct classes: Healthy and T. absoluta. SVM-Linear with ReliefF stands out 
with an impressive accuracy of 97.83%, demonstrating well-balanced precision, recall, and F-Score values 
for both classes. Across SVM-RBF, Random Forest, and Rotation Forest models, ReliefF consistently 
contributes to improved classification outcomes. The table serves as a valuable reference, providing insights 
into the comparative effectiveness of various models and feature selection methods in efficiently classifying 
damage caused by T. absoluta using EfficientNetB0 deep features. 
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Figure 7. Confusion matrix of the classification obtained with and without the feature selection method of the features 

extracted with EfficientNetB0. 
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Figure 7 discusses the performance evaluation of various classification methods applied to the features 
extracted with EfficientNetB0 for the task of damage detection in T. absoluta. The paragraph succinctly 
outlines various combinations of feature selection and classification techniques, encompassing ReliefF-SVM-
Linear, ReliefF-SVM-RBF, ReliefF-Random Forest, and ReliefF-Rotation Forest. Additionally, individual 
assessments are made for Random Forest, SVM-Linear, SVM-RBF, and Rotation Forest classification 
methods, each analyzed independently without the integration of a feature selection process. The presented 
information strongly implies that the incorporation of feature selection significantly enhances the classification 
efficacy across SVM-Linear, SVM-RBF, Random Forest, and Rotation Forest models when applied to 
features extracted from EfficientNetB0. SVM-Linear with ReliefF stands out with an impressive accuracy of 
97.83%, demonstrating well-balanced precision, recall, and F-Score values for both classes. To provide a 
more detailed perspective, Figure 7 incorporates a confusion matrix, strategically included to offer an intricate 
understanding of the classification outcomes. 

DISCUSSION 

There are some studies in which machine learning algorithms have been used in the diagnosis of plant 
diseases by classifying the images through feature extraction. Table 6 is given to compare some of these 
studies with our study. Table 6 is given to compare some of these studies with our study. Table 6 contains 
the classification technique, data set, examined features and classification accuracy information of the listed 
studies. Accordingly, researchers have achieved high accuracy rates for different plant species using KNN, 
SVM, ANN, Bayes, Decision Tree, Random Forest, Multilayer Perceptron, Ada Boost, MLP, Logistic 
Regression, Linear Discriminant Analysis and CART machine learning algorithms. 

This study was conducted to classify T. absoluta damage cases on tomato leaf images collected from 
private fields using mobile phones. In this study, feature extraction with deep learning and classification 
experiments with machine learning methods were performed. The dataset was divided using the k-fold cross-
validation methodology, with the k-fold value set to 10. Deep features were extracted with transfer learning 
methods using DenseNet121, MobileNetV2 and EfficientNetB0 pre-trained models. After feature extraction, 
machine learning classification algorithms such as SVM-Linear, SVM-RBF, Random Forest and Rotation 
Forest were used to classify the deep color features. The results showed that the SVM-Linear algorithm 
performed the best among the others with an accuracy of 97.83%. Compared to the given studies, these 
results show that the use of color features in plant disease diagnosis is effective in achieving high accuracy 
rates. For example, KNN achieved an accuracy of 96.76% when classifying plant diseases in the Arkansas 
dataset, and Random Forest achieved 94% for tomato leaf images in a study using color histograms and 
local binary patterns. However, these studies often rely on standardized or public datasets, which lack the 
variability found in real-world conditions. The dataset used in this study, collected directly from the field, 
incorporates variability such as lighting conditions, natural damage patterns, and environmental factors, 
making it uniquely suited for practical applications. Furthermore, this study demonstrates the strength of 
combining deep learning-based feature extraction methods with machine learning classifiers, which 
outperformed hand-crafted feature approaches in the listed studies. Deep features extracted with 
DenseNet121, MobileNetV2, and EfficientNetB0 proved more effective at capturing subtle pest damage 
indicators, resulting in higher accuracy. This distinction underlines the novelty and practical value of this study 
in improving real-world pest detection methods. Future work in this area can contribute to more successful 
plant disease and pest damage classification by using larger data sets, testing different combinations of 
features, and developing more complex algorithms. 

 

  Table 6. Comparison literature studies and proposed method. 

Study 
Classification 
technique 

Dataset Features 
Accuracy 
(%) 

[49] KNN 

Arkansas plant 
disease data base 
and Reddit-plant 
leaf disease 
datasets 

Color and texture (GLCM) 96.76 

[50] KNN 
Groundnut leaf 
images 

Color, texture, morphology 75.00 
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  Cont. Table 6 

[51] ANN 
Tomato and cotton 
leaf images 

Contrast, correlation, 
energy, homogeneity, 
mean, standard deviation, 
variance 

92.70 

[52] SVM Rice plant 
Color features extracted 
from each colorspace 

94.65 

[53] 

Bayes 
Decision tree 
KNN 
SVM 
Random Forest 

Maize leaf images Shape, color and texture 

77.56 
77.46 
76.16 
74.35 
79.23 

[19] Random Forest Tomato leaf images 
Color histograms, Hu 
moments, Haralick, local 
binary pattern features 

94 

[54] 

Random Forest 
Bayes 
Multilayer perceptron 
AdaBoost 
SVM 
KNN 

Cotton leaf images Texture and color feature 

92.56 
84.29 
96.69 
90.08 
97.52 
91.73 

[55] 
MLP 
SVM 

PlantVillage Texture and color feature 
97.78 
97.23 

[56] ANN Cabbage leaf images Texture and color feature 92.00 

[57] 

Logistic Regression 
Linear Discriminant 
Analysis 
KNN 
CART 
Random Forest 
Bayes 
SVM 

Paddy leaf images Shape, color and texture 

94.05 
76.79 
81.55 
94.05 
97.62 
66.07 
96.43 

[58] 
SVM 
KNN 
NN 

Fusarium wilt disease 
in chickpea images 

Texture and color feature 
88.50 
94.50 
88.00 

This Study 

SVM-Linear 
SVM-RBF 
Random Forest 
Rotation Forest 

Tomato leaf images Color features 

97.83 
90.70 
96.14 
95.89 

Future Outlook, Pros, and Cons 

Future studies should expand the dataset with images from diverse regions and growth stages to improve 
model generalizability. Exploring hybrid models that combine traditional feature extraction with deep learning 
could enhance accuracy, while lightweight, efficient models for smartphones or edge devices could increase 
accessibility for farmers. Incorporating multi-modal data, such as combining leaf images with environmental 
factors, may offer a more comprehensive pest damage prediction approach. This study’s strengths include 
the use of transfer learning techniques (DenseNet121, MobileNetV2, EfficientNetB0) to extract discriminative 
features, achieving a high accuracy of 97.83%. Transfer learning also reduces the need for extensive labeled 
data and accelerates training. The method is adaptable to different plants, pests, and diseases, making it 
scalable for agricultural pest management. However, the computational demands of transfer learning may 
limit its use in resource-constrained settings, and creating a custom dataset requires significant effort in data 
collection and labeling. While effective for T. absoluta, further validation is needed for its application to other 
pests and crops. 

CONCLUSION 

Studies using deep learning techniques to automatically detect plant diseases and pests have increased 
in recent years. Various deep learning algorithms have been used in previous studies. In this study, unlike 
previous studies, a new data set was originally created for the purpose of T. absoluta damage detection, 
deep features were extracted from these images using three different transfer learning techniques 
(DenseNet121, MobileNetV2 and EfficientNetB0) and then, for the purpose of classification of these extracted 
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deep features, various machine learning algorithms (Rotation Forest, Random Forest, Support Vector 
Machine-Linear (SVM-Linear) and Support Vector Machine-RBF (SVM-RBF) were used. The results 
obtained showed that the method we proposed for determining T. absoluta damage achieved high 
performance with an accuracy rate of 97.83% in detecting T. absoluta damage. The proposed method is built 
as a combination of feature extraction with CNN transfer learning and traditional machine learning 
approaches, and is a newly used method in the classification of plant pests and diseases. This method is 
successful in capturing complex spatial relationships and patterns in images of tomato leaves, allowing subtle 
pest damage indicators to be distinguished. This innovation is of great importance as it increases the 
accuracy and efficiency of disease detection compared to traditional methods. Therefore, the successful 
identification of T. absoluta damage suggests that this method can be used to detect various pests and 
diseases in other plant species. The significance of this study extends beyond accurate pest detection; it 
highlights the feasibility of implementing cost-effective, real-world solutions for agricultural pest management. 
By demonstrating the ability to use readily available mobile devices for data collection, the study provides a 
practical framework that can be adopted in resource-limited environments. In the proposed method, a fast, 
reliable and robust classification of T. absoluta damages was achieved. In this way, the classification, which 
is an intelligent and automatic system, is made with easily available equipment without the use of costly and 
special imaging devices. Furthermore, this approach can be integrated into broader precision agriculture 
systems, paving the way for automated monitoring and targeted pest control applications. For instance, 
combining this method with variable rate spraying systems could minimize pesticide use, reduce 
environmental impact, and optimize crop yields. Additionally, the proposed method can assist experts or 
farmers in their decision-making processes. Thus, it can help eliminate problems such as high labor costs 
and time losses. By adding autonomous and variable rate spraying systems to the system, it will be possible 
to spray only pest damaged or diseased areas. In this case, diagnosis of plant pests and diseases, 
determination of the severity and course of infestation/infection will be faster and more practical, and more 
effective plant protection will be possible with early intervention. 
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