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Abstract. This study focuses on the development of a binary classification model for Tomato 

Spotted Wilt Virus (TSWV) recognition in peppers. A diverse dataset is created for model 

training, which incorporates TSWV-infected pepper imagery with varying infection severity and 

regions of different sizes and resolution. The model is trained based on ResNet-18 architecture, 

resulting in excellent performance of metrics with scores reaching 0.990. Thus, the developed 

model may have applicational potential for pepper TSWV recognition in real-life conditions. 
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1.  Introduction 

Tomato Spotted Wilt Virus (TSWV) is an orthotospovirus that can infect over 900 monocotyledonous 

and dicotyledonous plants. First identified as a viral disease after its appearance in Australia in 1915 [1], 

it has widely spread in temperate, subtropical, and tropical zones and is now present in almost all 

countries. In China, TSWV is a quarantine plant virus, has infected economic crops such as tobaccos, 

peppers, tomatoes, and potatoes, causing tremendous economic loss in all parts of China since its first 

occurrence in Guangzhou in 1989. Typical features of infected plants include lesion, stunting, and 

ringspots on both leaf and fruit; in early stages, leaves on infected plants usually become deformed and 

curly, sometimes with chlorosis along the leaf vein, and in later stages, ringspots and mottle often 

develop on these plants, resulting in necrosis in all parts of infected plants. 

Currently, there are no direct cure for TSWV, and diseased plants are usually eradicated from the 

field to prevent further spread of virus. Therefore, quick scanning of field plants and accurate recognition 

of diseased plants is crucial. Contrary to traditional biological assays, which are time-consuming and 

expensive, artificial intelligence (AI) models have appeared as a reliable option, being widely researched 

throughout these years. AI models can distinguish diseased plants from healthy ones based on 

classification algorithms, most common ones including logistic regression [2], CNN [3], Neural 

Networks [4], Support Vector Machines (SVM) [5], Decision Trees [6], k-Nearest Neighbors (k-NN) 

[7], and Naive Bayes [8]. 

2.  Literature Review  

CNN-based models are widely used in the detection of plant diseases. CNNs are effective for classifying 

images due to their ability to extract local features and learn hierarchical representations [9, 10]. 

Commonly used architectures of CNN include AlexNet, GoogLeNet, VGGNet, Inception-V3, 
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Inception-V4, ResNet, and DenseNets. Zhang et al. used ResNet, recognized as the most effective CNN 

architecture, GoogeNet and AlexNet, to detect tomato leaf diseases [11]. S. Sladojevic et al. identified 

13 common plant diseases based on deep learning, with model average recognition accuract of 96.3% 

[12]. Cheng et al. used ResNet and AlexNet to identify agricultural pests; While taking comparative 

experiments with SVM and BP neural networks, they achieved best accuracy of 98.67% by ResNet-101 

[13]. Sa et al., by adapting Faster Region-based CNN (Faster R-CNN) through transfer learning, 

introduced an innovative method for fruit detection, achieving F1 score of 0.83 in a field farm dataset 

[14]. 

For more effective detection, these deep learning neural networks are often used along with 

hyperspectral sensing, a technique used to capture and analyze information from a wide range of 

electromagnetic wavelengths beside regular RGB and can therefore indicate the presence of disease or 

stress through detecting unusual spectral signals. Yue et al. presented an innovative hybrid approach for 

hyperspectral image classification, combining principal component analysis, logistic regression, and 

deep convolutional neural network algorithms. Their methodology yielded the most favorable outcomes 

in terms of classification accuracy [15]. To detect diseases in tomato plants before visible symptoms 

emerge, a method utilizing generative adversarial networks (GANs), a set of deep learning technique 

that operates on hyperspectral proximal-sensing data, was introduced [16]. 

Despite the accuracy of hyperspectral-sensing-based systems, they have limitations in wide-range 

application. Not only requiring a detailed setup for operation, but the hyperspectral camera also tend to 

be more costly than regular RGB cameras. Furthermore, hyperspectral cameras often sacrifice spatial 

resolution to achieve superior spectral resolution. Considering these factors, the practical advantages of 

hyperspectral systems are limited; in many current studies, the observations toward plant disease was 

reflected through morphological changes, which can also be identified under visible wavelengths [17-

20]. 

Still, despite the narrower range of wavelengths RGB-based systems, in the study of Ahmad et al. on 

detecting crop diseases by DenseNet169-based RGB cameras, the employed model demonstrated 

exceptional performance with a minimal loss value of 0.0003 and testing accuracies reaching 100%, 

indicating the great potential of RGB imagery in identifying diseased regions [21]. 

3.  Methodology 

3.1.  Outline 

This study aims to develop a TSWV pepper binary classification model based on RGB images, which 

has the potential for field application in commercial farming, based on ResNet 18.  

3.2.  Dataset 

3.2.1.  Collection Requirements. Considering the objectives of this study, three main aspects of image 

collection requirements are set to increase the complexity of the model: 

3.2.1.1.  Sample Diversity. Sample images need to have high diversity to ensure that the training data 

can provide discriminative information for the model. In turn, the similarity between sample images is 

kept at minimum to avoid overfitting issues. To this end, different types of sample diversity are 

considered. 

First, for TSWV-infected dataset, images showing a variety of symptoms during different stages of 

infection should be included. The TSWV disease severity is classified into four stages: in the first stage 

of infection, leaf deformation and chlorosis along the vein and are observed (figure 1b); then, a few 

mottles appear on leaf surface, which will later enlarge into connected ringspots (figure 1c); finally, 

ringspots occupy for more than half of the leaf and may develop into necrosis (figure 1d). 
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Figure 1. Healthy pepper leaf (a) and typical TSWV infected leaf samples with symptoms during 

multiple stages of infection (b) (c) (d). 

Second, different organs of peppers are included, which are mainly composed of fruit (figure 2a), 

stem (figure 2b), and leaves (figure 2c). Chlorosis and ringspots can be the common feature among 

various organs; nevertheless, stem abnormal distortion and hyperplasia, fruit rotting along the ringspot, 

and necrosis of leaves can be distinctive features for each organ, which strengthens the model’s ability 

of differentiating TSWV-infected plants from healthy ones. 

 

Figure 2. Images showing different organs of peppers. 

Third, images of peppers with several shotting angles are included. In general, image categories are 

set as overhead shots, side shots, and close-up shots to record the morphological characters of peppers, 

especially TSWV lesion, under various angles. 

3.2.1.2.  Sample Size. Due to the efficiency of ResNet derived from its residual connections and 

parameter efficiency compared to other image classification models, it only requires small sample size 

for effective classification between TSWV and healthy peppers. Based on previous application of 

ResNet in image classification, a rough sample size of 200-300 is prescribed in this study [11, 22]. 

3.2.1.3.  Sample Resolution. Blurring can reduce the level of detail and discriminability between 

different regions in the pepper images, thus influencing the efficiency of training. Therefore, a range of 

requirements need to be set to avoid over-blurring. Yet a highly variable range of image resolution also 

need to be included in the dataset to develop the model’s ability to recognize common blur images. have 

a large range of image resolution, images with different pixels and sizes will be used. The minimum 

resolution is 218×218 pixels, the input size of ResNet 18. 

3.2.2.  Collection Method. Based on the collection requirements explained in 3.2.1, images were mainly 

collected from home experiment, field observation, and online sources. Currently, the public pepper 

TSWV datasets online are relatively inadequate, with limited variation among images. Therefore, my 

dataset will be mainly composed of self-collected images, with online images as a supplement. 

Proceedings of the 3rd International Conference on Biological Engineering and Medical Science
DOI: 10.54254/2753-8818/24/20231164

220



Sorted by the sources of images, the collection methods under each scenario are explained below. 

3.2.2.1.  Home experiment. The main proportion of the experiment is done at home due to relative 

convenience and minimal environmental concern regarding the TSWV transmission to outside world.  

The procedures of planting peppers and collecting images are executed in unified mode. 

Capsicum annum L. var. fasciculatum Irish., XiangLa 108 in specific, is chosen as the subject of this 

experiment due to its high adaptivity to environment. Total of 60 peppers seedlings were purchased from 

local farm fair and were planted in general garden soil with a layer of peat on the bottom; the 60 peppers 

were separated into 12 groups randomly, with every 5 peppers planted in one plastic 50cm*50cm*20cm 

square box. After the initial adaptation of 1 week, the peppers were taken photo every 4 days, with 1 

overhead shot (figure 3a), 4 close-up shots (figure 3b), and 1 side shot (figure 3c) taken for each box. 

After 3 weeks, all the plants will be TSWV-inoculated through mechanical inoculation: slight amount 

of quartz sand was spread on the surface of plant leaves, and after dropping infected juice on leaves, the 

leaves would be rubbed with fingers along the stem. This operation was repeated 3 times for each leave, 

with 3 true leaves per pepper chosen for inoculation. 3 days after inoculation, 5 leave samples were 

chosen randomly from 12 boxes of peppers and sent to Nanjing Agricultural University for PCR test; 

all samples were tested as TSWV positive. After inoculation, at least 20 days of observation is 

mandatory, as visible symptoms of TSWV usually appear 10-14 days after infection on peppers. 

 

Figure 3. Sample images for image collection. 

3.2.2.2.  Field Observation. Field observation were done at several places: Shared vegetable plots, green 

belts in local communities, farmland in rural areas, etc. Images from these sources represent the most 

natural scenarios of pepper growth or TSWV outbreak. 

In shared vegetable plots, 10 pepper seedlings were planted and taken photo every week; also, for 

TSWV-infected peppers in green belts and farmlands, regular observations were also taken at about 

once per week. In some photos, the background noise was kept imitating the complex environment in 

field. 

3.2.2.3.  Online Sources. Online data is collected mainly to further supplement the current dataset by 

providing symptoms that are not present in the home experiment and field observation. The online 

images were collected from Invasive.Org (https://www.invasive.org/index.cfm) and Eppo Global 

Database (https://gd.eppo.int/taxon/TSWV00/photos). 

3.2.2.4.  Summary. During data collection, sample diversity, size, and resolution are the three main 

factors considered.  
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Figure 4. Height and Width scatter point graph. 

3.3.  Algorithm  

3.3.1.  ResNet 

 

Figure 5. Residual Connection in ResNet [23]. 

The main feature of ResNet is the use of Residual Connection to solve the problem of gradient 

disappearance and model degradation in deep network training. In traditional convolutional neural 

networks, increasing the number of layers leads to the problem of gradient disappearance, which makes 

the network difficult to train. However, the residual connection introduces skip connection, which passes 

the input features directly to the subsequent layer, so that the network can learn the residual information 

better. With residual connections, ResNet can build very deep networks. Many ResNet architectures 

with different number of layers have been developed, such as ResNet18, ResNet34, ResNet50, 

ResNet101, and ResNet152. 

3.3.2.  Dataset. The collected data is randomly divided into train group and test group in a ratio of 4:1. 

Then, data augmentation is performed to expand the dataset, in form of horizontal and vertical flip (Table 

1). Meanwhile, the images are zoomed to fit the fixed input size of ResNet18 (218×218 pixels). 

Currently, there are 385 photos available for training and 98 photos for testing (Table 1).  

Table 1. Dataset Overview 

Name Pepper (Capsicum annum L. var. fasciculatum Irish., XiangLa 108) 

Classification 0:Health 1:TSWV 

Number Genre                Training Set                  Test Set      

Health                  192                           48          

TSWV                  193                           50         

Data 

Augmentation 

True; Horizontal flip and vertical flip 
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3.3.3.  Model Training.  

3.3.3.1.  Method of transfer learning. As the types of images used in this experiment isn’t highly similar 

to ImageNet, the dataset used by ResNet18, while they still share some similarities as there are close-

to-life images both in my dataset and ImageNet, the original Resnet18 model will be fine-tuned through 

Adam optimization function to adjust parameters in fully connected layer. 

3.3.3.2.  Parameters and functions. In general, the images and labels of the training set will be captured 

and fed to the model, so the model can perform a forward prediction, obtain the predictions for the 

current batch, and then compare the predictions with the labels to calculate the cross-entropy loss 

function for the current batch. The settings of hyperparameters and methods are explained in the 

following. 

Methods: 

Cross-Entropy loss function 

Cross-entropy loss is a measure of dissimilarity between predicted and actual probability 

distributions. It quantifies the difference between predicted probabilities and the true class 

labels. By minimizing cross-entropy loss during training, a model learns to accurately predict 

class probabilities. 

In case of Binary Classification, cross-entropy is given by: 

𝑙 =  −(𝑦 𝑙𝑜𝑔(𝑝) + (1 − 𝑦) 𝑙𝑜𝑔 (1 − 𝑝) [24] 

𝑝: the predicted probability 

𝑦: the indicator (0 or 1 in the case of binary classification) 

Adam Optimizer 

Adam Optimizer is an algorithm for stochastic optimization. It has less memory requirement 

and high efficiency. 

StepLR 

This method adjusts the learning rate of each parameter group by gamma every step_epoch. 

𝑙𝑟 =  𝑙𝑟 ∗  𝑔𝑎𝑚𝑚𝑎 [21] 

gamma (float) – Multiplicative factor of learning rate decay. 

Hyperparameters: 

𝐵𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 =  32 

𝐸𝑝𝑜𝑐ℎ𝑠 =  30 

3.3.4.  Statistical Analysis 

3.3.4.1.  Loss (Cross Entropy Loss). Cross-entropy loss is a measure of dissimilarity between predicted 

and actual probability distributions. It quantifies the difference between predicted probabilities and the 

true class labels. By minimizing cross-entropy loss during training, a model learns to accurately predict 

class probabilities. 

in the case of Binary Classification, cross-entropy is given by: 

𝑙 =  −(𝑦 𝑙𝑜𝑔(𝑝) + (1 − 𝑦) 𝑙𝑜𝑔 (1 − 𝑝)) [24] 

p: the predicted probability 

y: the indicator (0 or 1 in the case of binary classification) 

3.3.4.2.  Confusion Matrix. All metrics are calculated based on confusion matrix. TP (true positive) is 

the number of actual TSWV images that is predicted as TSWV by the model; FP (false positive) is the 

number of healthy images that is predicted as TSWV by the model; FN (false negative) is the number 

of TSWV images that is predicted as healthy by the model; TN (true negative) is the number of healthy 

images that is predicted as healthy by the model. 
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Table 2. Confusion Matrix. 

 Predicted TSWV Predicted Healthy 

Actual TSWV TP FN 

Actual Healthy FP TN 

The following metrics are used in this study to evaluate the performance of the TSWV pepper binary 

classification model: 

3.3.4.3.  Accuracy. Accuracy is a measure of accuracy of classification model to predict the overall 

indicator. It represents the proportion of the number of samples correctly predicted by the model to the 

total number of samples. In TSWV recognition, accuracy suggests what proportion of peppers are 

correctly identified by the model.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁 + 𝑇𝑁
 

3.3.4.4.  Precision. Precision is a measure of how accurately a model predicts a positive outcome. It 

indicates how many of the samples predicted as positive by the model are true positive samples. In this 

case, the precision reflects what proportion of peppers predicted as TSWV by the model are actual 

TSWV samples. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

3.3.4.5.  Recall. The recall rate is the ability to measure model correctly identify are samples. It indicates 

how many true positive samples the model has successfully found. In particular, recall value indicates 

what proportion of TSWV peppers are correctly detected by the model. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

3.3.4.6.  F1-score. F1 score is an evaluation metric that takes into account both precision and recall. It 

measures the performance of the model by calculating the harmonic mean of precision and recall. The 

F1 score can take into account the prediction ability of the model for positive and negative samples at 

the same time and has good robustness in imbalanced data sets. 

𝐹 =
(𝑎2 + 1) × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑎2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 

𝐹1=
2×𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (𝑎 = 1) 

4.  Results 

This study uses accuracy curve, loss curve, recall curve, precision curve and F1 score curve to analyze 

the performance of the model, as shown in Figure 6-11.  

The accuracy curve is calculated from the prediction results under different thresholds. It shows the 

accuracy of the model under different classifier output thresholds. In general, the steeper the rise of the 

accuracy curve, the better the performance of the model in the classification task. From figure 8, the 

accuracy of this experiment shows an increasing trend and gradually tends to be stable, finally reaching 

99%. 

The loss curve shows the change in the value of the loss function during the training of the model. 

The loss function is used to measure the difference between the prediction of the model and the true 

label. Through the loss curve, it can be known whether the model converges during training and whether 

underfitting or overfitting issues present. It can be seen that the loss curve of the model shows a 

decreasing trend, which indicates that the model is learning and gradually optimizing (Figure 6 and 

Figure 7). 
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Recall rate curve describes the model under different thresholds are cases of recall (positive samples). 

Recall is the proportion of samples that the model correctly predicts as positive. The recall rate curve 

model to better capture the positive cases. 

Accurate rate curve describes the model under different thresholds are cases of prediction accuracy. 

The accuracy curve can show how the accuracy of the model changes for different thresholds. 

F1 score, combining precision rate and recall rate, reflects the overall performance of the model. The 

F1-score curve aids the balance between recall and precision, because when there is a mutual constraint 

between the two, it needs to find a balance point to achieve the best overall performance. According to 

table 3, the final f1 scores of the model reached 0.990. 

Table 3. Results of Metrics. 

Model Accuracy Precision Recall F1-Score 

Model_V1 0.990 0.990 0.990 0.990 

 

Figure 6. train_loss. 

 

Figure 7. test_loss. 

 

Figure 8. test_accuracy. 
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Figure 9. test_recall. 

 

Figure 10. test_precision. 

 

Figure 11. test_f1-score 

5.  Conclusion 

In this study, I cultivated peppers and other plants to build a new dataset that include the morphological 

characteristics of TSWV-infected plants. Three types of main plant organs, stem, leaves, and fruits, are 

collected; TSWV dataset is composed of images of TSWV plant with four categories of infection 

severity to increase the diversity of disease dataset; images have abundant sample sizes with series of 

resolution; also, to approach images shot in real life, various images shotting angles are presents in the 

dataset. Considering the above features of my dataset, it comprises multifaceted visual information about 

TSWV plants and is valuable for future TSWV AI recognition studies, especially under the 

circumstances that many current TSWV plant datasets only include images of individual diseased leaves.  

During model training, such diverse dataset helps to improve the complexity of my model. In order 

to cope with data insufficiency, data augmentation is applied; moreover, a model suitable for small 

dataset, ResNet-18, is chosen. Consequently, the training gained good results, with the final metrics all 

reaching 0.990. Therefore, this model is applicable to TSWV recognition. 

In conclusion, this study developed a RGB TSWV pepper binary classification model based on 

ResNet 18. It introduces a self-built plant dataset that include diverse real-life images of TSWV-infected 

plants, which provides valuable data for future TSWV recognition studies. 
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By increasing the complexity and discriminative ability of the model, it finally achieved high scores 

in terms of metrics; thus, this model has potential for field application in commercial farming. 
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