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 Aphids pose a serious threat to agricultural productivity due to their rapid 

reproduction and their role as plant virus vectors. Early manual detection is 

difficult due to the pests' microscopic size and tendency to hide under leaves. 

This study aims to develop an accurate and real-time aphid monitoring system 

using the YOLOv8 algorithm. The model was trained using four epoch 

scenarios (30, 50, 100, and 200) to identify the best configuration to address 

the challenges of small, overlapping objects and varying leaf backgrounds. 

The results showed that increasing the number of epochs positively correlated 

with model performance, with the 200-epoch scenario providing the most 

optimal results with 91.5% accuracy, 0.87 recall, 0.89 F1-score, and 0.915 

mAP50. The model was then integrated into a smart monitoring dashboard 

that synchronizes visual detection results with IoT sensor data (temperature, 

humidity, and nutrients) in real time. This system not only validates the 

reliability of YOLOv8 under field conditions, but also provides an effective 

early warning system to support rapid decision-making in crop protection 

management. 

Keywords: 

YOLOv8 

Aphids 

Smart agriculture 

IoT 

Object detection 

 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Styawati,  

Department of Computer Engineering, 

Universitas Teknokrat Indonesia, 

Jl. Zainal Abidin Pagaralam No. 9-11, Labuhan Ratu, Bandarlampung. 

Email: styawati@teknokrat.ac.id 

https://doi.org/10.52465/joscex.v7i1.9  

 

1. INTRODUCTION  

Aphid infestations on various agricultural commodities have consistently been reported to cause 

significant crop losses, reduce product quality, and act as major vectors for various plant viral diseases [1]. 

Aphids have an exponential reproductive rate and are microscopic in size, often clustering densely on the 

undersides of leaves [2]. These biological characteristics make accurate early detection crucial and urgent to 

prevent pest outbreaks that could threaten food security [3].  

Current conventional pest monitoring methods still rely heavily on manual visual inspection by 

farmers or field extension officers. This approach is subjective, very time-consuming, prone to human fatigue 

(human error), and is not operationally feasible for continuous use over large plantation areas [4]. As an 

https://creativecommons.org/licenses/by-sa/4.0/
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alternative, the development of advanced image acquisition technologies such as hyperspectral sensors, Near-

Infrared (NIR), and electronic noses has been explored. While effective, these technologies require very high 

hardware costs, complex calibration, and heavy computation, making them impractical for widespread 

implementation, especially at the smallholder level [5]. 

Currently, many researchers use deep learning technology, especially Convolutional Neural Network 

(CNN), to classify and detect plant diseases and pests [5]. However, conventional CNNs and two-stage detector 

models such as Faster R-CNN have several limitations in their application in agriculture. These models require 

quite high computation and relatively long processing times, making them less suitable for real-time use on 

devices with limited capabilities (edge devices) [6]. In addition, traditional CNNs often experience decreased 

accuracy, especially in detecting very small objects, such as aphids, which often overlap and have a color 

similar to the leaf surface. Uncontrolled environmental conditions also further complicate the detection process, 

thereby increasing the possibility of detection errors, especially in the form of failure to recognize the target 

object [7]. 

The weaknesses of conventional CNNs can be overcome by the YOLO (You Only Look Once) 

algorithm, which has evolved into an efficient one-stage object detector. The latest development, YOLOv8, 

offers significant improvements in accuracy and speed compared to previous YOLO versions and traditional 

CNNs [8]. YOLOv8 uses an anchor-free approach and enhances the feature extraction capabilities of the 

backbone. These improvements enable the model to detect very small objects more clearly and determine their 

positions more accurately, while reducing the computational burden, making it suitable for real-time detection 

[9]. 

Specifically for aphid management, several recent studies have applied deep learning approaches. 

Zhang et al. [10] and Li et al. [11] developed YOLOv5-based aphid colony detection and recognition methods 

on sorghum and bell pepper plants. Furthermore, lightweight models such as Aphid-YOLO have been proposed 

to support detection in field environments [12]. However, the development of YOLOv8-based models-such as 

GVC-YOLO on cotton leaves-remains relatively limited and has not been widely explored [13]. 

A literature review reveals several important research gaps. First, most previous models were 

developed under controlled environmental conditions or focused on only a single commodity, thus limiting 

their generalizability when applied to varying field conditions, such as changes in lighting, shading, and 

background complexity [14]. Second, the challenge of detecting aphids, which are very small and often overlap 

in dense colonies, remains unaddressed. Furthermore, most research focuses solely on detection and has not 

yet integrated with field-application monitoring or early warning systems [15]. 

To address this gap, this study aims to develop an aphid monitoring system that is not only accurate 

but also easy to implement in the field. The proposed system utilizes the YOLOv8 algorithm to detect aphids, 

which is trained using data augmentation techniques to improve the model's ability to deal with variations in 

leaf backgrounds and small, overlapping objects. Furthermore, the developed detection model is integrated 

with a real-time monitoring dashboard, enabling direct visualization of plant conditions and supporting rapid 

and accurate decision-making in pest control. 

 

2. METHOD  

In the data preparation stage, the dataset used in this study was obtained from the Kaggle platform, 

consisting of 4,230 training data sets, 695 validation data sets, and 556 test data sets. This dataset is a collection 

of aphid images collected from various environmental conditions. Each image then underwent an image 

annotation process by labeling it with a bounding box to indicate the location and type of pest object in the 

image, resulting in an annotated dataset ready for use in the model training process. 

In the pre-processing stage, the images are processed through automatic orientation and resized to 640 

× 640 pixels to meet the input specifications of the YOLOv8 model [16], [17]. This process is followed by the 

application of data augmentation techniques, such as rotation, flipping, brightness and saturation adjustments, 

cropping, and blurring. This augmentation aims to increase data diversity, strengthen the model's generalization 

capability, and reduce the risk of overfitting [18]–[21]. 

The next stage is model training, where the processed dataset is used to train the YOLOv8 algorithm 

using a transfer learning approach from a previously trained model. This algorithm was chosen because of its 

ability to detect objects quickly and accurately in one process stage (real-time object detection), making it 

effective for recognizing visual patterns and localizing pest objects in images [22]–[24]. 

Next, in the evaluation and iteration stage, the trained model is tested using test data to measure its 

performance. The evaluation is conducted using object detection metrics, namely mean average precision 
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(mAP), precision, recall, and F1-score, to assess the model's effectiveness in detecting aphids on leaf surfaces. 

If the evaluation results do not meet the expected targets, improvements are made by repeating the pre-

processing stage or retraining the model. Conversely, if the model's performance meets the established criteria, 

the model is declared ready for implementation in a pest detection system. The workflow for detecting aphid 

pests using the Yolov8 method is shown in Figure 1. 

 
Figure 1. Aphid pest detection workflow using the Yolov8 method 

 

Data Collection 

The data used in this study is a secondary dataset obtained from the public repository platform Kaggle. 

The dataset consists of a total of 4,230 digital images depicting various species of aphids on the surface of plant 

leaves.  

   
Figure 2. The original input image before the detection process 

 

Preprocessing Data 

The data preprocessing stage is a crucial phase in this research to mitigate the high variability in raw 

images before entering the model training stage [25]. In this phase, an automatic orientation procedure is 

applied to correct misalignments caused by variations in shooting angles in uncontrolled agricultural 

environments [26]. This orientation normalization ensures a uniform visual representation of leaves and aphid 

colonies, thereby increasing the model's effectiveness in learning spatial patterns. Simultaneously, all images 

are systematically resized to a standard resolution of 640 x 640 pixels. This dimensionality standardization is 

crucial for maintaining the consistency of the input tensor dimensions, stabilizing the convolution operations 

in the network, as well as accelerating convergence and improving the model's detection accuracy [4]. 
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Figure 3. The result of normalizing the image resolution to 640 x 640 pixels 

 

Augmentation Data 

Data augmentation was implemented in this study as a strategic approach to increase the diversity and 

representativeness of the training dataset, which is crucial for improving the robustness and generalization 

performance of the YOLOv8 detection model [27]. Given that aphids are very small objects that often occur 

in clusters and often blend into the natural texture and pigmentation patterns of leaf surfaces, a limited or 

homogeneous dataset would significantly limit the model's ability to accurately distinguish aphids from 

background noise [28]. Therefore, the augmentation process was designed to artificially introduce a variety of 

visual scenarios that closely resemble the complex and dynamic conditions encountered in real agricultural 

environments [29]. 

The original images were subjected to a series of carefully controlled geometric and photometric 

transformations to simulate changes that might occur during actual image acquisition in the field. These 

transformations included horizontal flips to represent different leaf orientations, as well as limited rotation 

adjustments ranging from -15° to +15° to account for variations in camera angle and perspective. In addition 

to the geometric variations, random cropping with a maximum zoom factor of 30% was applied to alter the 

scale and position of aphids within the frame, allowing the model to learn a more spatially adaptive 

representation of aphids' presence across different regions of the leaf surface. 

Next, photometric adjustments were introduced to mimic the effects of changing environmental 

illumination and atmospheric conditions. Brightness and saturation values were modified within predetermined 

limits to reproduce exposure differences caused by inconsistent sunlight intensity, shadows, or cloud cover. A 

slight Gaussian blur, limited to a maximum radius of one pixel, was also introduced to a portion of the images 

to simulate minor motion blur or focus imperfections that may occur during image capture. Additionally, 

grayscale conversion was applied to approximately 15% of the dataset to reduce overreliance on color 

information and encourage the model to focus on shape, contour, and texture-based features. Consequently, 

each original image yielded multiple transformed variants, significantly expanding the dataset and enabling the 

YOLOv8 model to develop a more robust and more invariant feature representation for aphid detection. 
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       (a) (b) (c) 

Figure 4. Application of data augmentation techniques on pest images: (a) Original image, (b) Image after 

brightness adjustment, (c) Image with the addition of Gaussian noise. 

 

  
Figure 5. Result of rotating the image of the aphid object 

 

YOLOv8 Model 

This study adopted the YOLOv8 architecture as the primary detection model due to its superior 

balance of computational speed and accuracy in real-time scenarios [30], [31]. As a single-stage detector 

algorithm, YOLOv8 integrates object localization and classification processes in a single forward pass phase. 

This mechanism significantly reduces computational overhead without sacrificing detection accuracy. This 

characteristic is crucial for identifying aphids, which are very small and often occur in dense colonies, enabling 

the model to quickly and precisely determine the position of each pest on the leaf surface. 

During the development phase, a transfer learning strategy was implemented by fine-tuning 

YOLOv8's pre-trained weights using a specific aphid dataset. This approach allows the model to leverage 

previously learned fundamental visual knowledge-such as edge, shape, and texture detection-while adapting to 

the unique visual features of aphids in complex agricultural environments. The model was specifically 

configured to detect a single target class by generating bounding boxes around individual pests or groups. 

Through this enhanced architecture, YOLOv8 exhibits high sensitivity to micro-sized objects, enabling it to 

distinguish aphids from the often visually similar natural patterns of leaf surfaces. 

 

Model Evaluation 

The performance of the trained YOLOv8 model is evaluated using standard object detection metrics 

to comprehensively assess its capability in detecting and localizing aphids on plant leaves. The primary 

measurement used in this study is mean Average Precision (mAP), which represents the overall detection 

accuracy by considering both the precision of bounding box localization and the correctness of class prediction. 

In addition to mAP, precision and recall are employed to evaluate the model’s ability to minimize false 

detections while simultaneously maximizing the detection of actual aphid instances. These metrics provide a 

balanced perspective on how effectively the model distinguishes aphids from background elements and other 

non-target objects. 

Furthermore, the F1-score is calculated as the harmonic mean of precision and recall to provide a 

single, comprehensive indicator of model performance. This metric is particularly important in aphid detection 

tasks, where an imbalance between false positives and false negatives may significantly affect the reliability of 

the system. A high F1-score indicates that the model is able to maintain both strong detection accuracy and 

consistency across varied image conditions. 

The evaluation process is carried out using a separate testing dataset that was not included in the 

training phase to ensure an objective and unbiased assessment of the model’s generalization ability. Testing 

images include variations in lighting, leaf texture, aphid density, and background complexity to simulate 

realistic field conditions. Through this evaluation, the overall effectiveness and robustness of the YOLOv8 

model in detecting aphid infestations on plant leaves can be systematically determined. 

 

3. RESULTS AND DISCUSSIONS  

In this study, the model was tested through four training scenarios: 30, 50, 100, and 200 epochs. 

 

Model Training with 30 Epochs 
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In this training scenario, the YOLOv8 model demonstrated a stable learning process. This was 

demonstrated by a decrease in the training loss and validation loss values for all components: box loss, 

classification loss, and distribution focal loss. This decrease in loss indicates that the model is improving at 

performing bounding box regression, object classification, and adjusting object location predictions. 

In terms of performance evaluation, the precision and recall values showed an increasing trend until 

the end of training. In the final epoch, the precision reached approximately 0.836, the recall approximately 

0.806, the mAP50 value reached 0.851, and the mAP50-95 reached 0.614. These results indicate that the model 

has demonstrated sufficient object detection capabilities in the 30-epoch scenario. In general, this scenario 

indicates that the model has begun to recognize target object patterns well and can be used as a baseline for 

comparing results over a larger number of epochs. The graphs of the loss metrics, model detection performance, 

and image results using YOLOv8 at epoch 30 are presented in Figure 6 and 7. 

 

 
Figure 6. Loss metric graph and detection performance of YOLOv8 model in 30 epoch scenario 

 

 
Figure 7. Batch validation data visualization with bounding boxes and class labels from YOLOv8 

training epoch 30 
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Model Training with 50 Epochs 

In the 50-epoch training scenario, the YOLOv8 model demonstrated a steady increase in performance. 

This was demonstrated by a decrease in the training loss and validation loss values across all components: box 

loss, classification loss, and distribution focus loss. This decrease indicates that the model is improving at 

object localization, classification, and box boundary refinement. 

In terms of evaluation metrics, the precision, recall, mAP50, and mAP50-95 values increased until 

the end of training. In the final epoch, the model achieved a precision of around 0.85, a recall of around 0.82, 

a mAP50 of around 0.87, and a mAP50-95 of around 0.64. These results indicate that the model has good 

detection capabilities and fairly stable generalization on validation data. In general, training with 50 epochs 

yields more optimal results than training with 30 epochs, as the model has a longer learning period to recognize 

object patterns more accurately. The graphs of the loss metrics, model detection performance, and image results 

using YOLOv8 at epoch 50 are presented in Figure 8 and 9. 

 

 
Figure 8. Loss metric graph and detection performance of YOLOv8 model in 50 epoch scenario 

 

 
Figure 9. Batch validation data visualization with bounding boxes and class labels from YOLOv8 

training epoch 50 

 

Model Training with 100 Epochs 
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 After 100 epochs of training, the YOLOv8 model demonstrated good convergence. This was 

demonstrated by a decrease in the training loss and validation loss values for all components: box loss, 

classification loss, and distribution focal loss. This decrease indicates that the model is increasingly effective 

in object localization, classification, and bounding box position refinement. From an evaluation perspective, 

the precision, recall, mAP50, and mAP50-95 values continued to increase until the end of training. In the final 

epoch, precision was in the range of 0.88–0.89, recall around 0.85, mAP50 around 0.89–0.90, and mAP50-95 

around 0.68-0.69. These results indicate that the model has excellent detection capabilities and stable 

generalization on the validation data. This is due to the model's long learning period, which allows it to 

recognize object patterns more accurately and consistently. The graphs of the loss metrics, model detection 

performance, and image results using YOLOv8 at epoch 100 are presented in Figure 10 and 11. 

 

 
Figure 10. Loss metric graph and detection performance of YOLOv8 model in 100 epoch scenario 
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Figure 11. Batch validation data visualization with bounding boxes and class labels from YOLOv8 training 

epoch 100 

 

Model Training with 200 Epochs 

After 200 training epochs, the YOLOv8 model demonstrated good convergence and increasingly 

stable performance. This was demonstrated by a decrease in the training loss and validation loss values for all 

components: box loss, classification loss, and distribution focal loss. This decrease indicates that the model is 

increasingly effective in object localization, classification, and bounding box refinement. From the evaluation 

side, the precision, recall, mAP50, and mAP50-95 values continued to increase until the end of training. In the 

final epoch, precision was in the range of 0.91–0.92, recall around 0.87–0.88, mAP50 around 0.91–0.92, and 

mAP50-95 around 0.71–0.72. These results indicate that the model has excellent detection capabilities and 

stable generalization on the validation data. The graphs of the loss metrics, model detection performance, and 

image results using YOLOv8 at epoch 200 are presented in Figure 12 and 13. 

 

 
Figure 10. Loss metric graph and detection performance of YOLOv8 model in 200 epoch scenario 

 

 
Figure 11. Batch validation data visualization with bounding boxes and class labels from YOLOv8 training 

epoch 200 

 

Comparison of Model Performance Based on Number of Epochs 
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A comparative analysis of model performance based on the number of epochs aims to evaluate the 

extent to which additional epochs contribute to improved detection performance. By comparing the evaluation 

results for each training scenario, this study can identify the most effective number of epochs in producing 

models with good accuracy and stability. 

 

Table 1. Comparison of model performance based on number of epochs 
No Epoch Accuracy Recall F1 Score mAP50 

1. 30 85.1% 0.806 0.82 0.851 

2. 50 87.2% 0.822 0.83 0.872 

3. 100 89.5% 0.849 0.85 0.895 
4. 200 91.5% 0.87 0.89 0.915 

 

Based on the comparison table, all evaluation metrics show an increasing trend as the number of 

epochs increases. Accuracy increased from 85.1% at 30 epochs to 87.2% at 50 epochs, then rose again to 89.5% 

at 100 epochs, and reached 91.5% at 200 epochs. A similar increase was also seen in the recall value, which 

increased from 0.806 to 0.822, then 0.849, and finally 0.87. The F1-score value also increased consistently 

from 0.82 at 30 epochs to 0.83 at 50 epochs, 0.85 at 100 epochs, and 0.89 at 200 epochs. Meanwhile, the 

mAP50 value showed an increase from 0.851 to 0.872, then 0.895, and reached 0.915 at 200 epochs of training. 

These results indicate that the longer the training process, the better the model's ability to learn data patterns 

and improve object detection quality. Based on all compared metrics, the 200-epoch scenario performed best 

and can be considered the most optimal training configuration in this study. 

 

Integration of Detection Model on User Interface Dashboard 

After the YOLOv8 model was successfully trained and its performance evaluated, the next step was 

to integrate it into a prototype smart agriculture monitoring system. This integration aimed to validate the 

model's application in real-world scenarios, where the algorithm's inference results were visualized through a 

user interface for easy understanding by end users. 

A visualization of the integration results can be seen in Figure 13. This dashboard is designed to 

monitor crop conditions in real time by combining two crucial pieces of information: pest detection results 

(computer vision) and environmental data (Internet of Things/IoT). In the "Pest Detection" module, the system 

provides a visual indicator of the presence of aphids in the monitored area. The indicator changes to "Detected" 

when the YOLOv8 model identifies pests in the input image, and displays "Not Detected" if the area is safe. 

In addition to object detection information, the dashboard also synchronously displays parameters 

from environmental sensors that influence the pest life cycle and plant growth. These parameters include room 

temperature (30°C), room humidity (80%), water temperature (26°C), and nutrient concentration (1150 ppm). 

This environmental data is obtained through the integration of continuously operating physical sensors. 

Through this comprehensive dashboard, users not only receive early warnings of aphid infestations but also 

can accurately monitor plant ecology, facilitating faster and more effective decision-making in crop protection 

management. 

 

 
Figure 12. Dashboard interface displaying aphid detection results generated by the YOLOv8 algorithm. 
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4. CONCLUSION  

Based on the results of the testing and evaluation conducted, it can be concluded that increasing the 

number of training iterations (epochs) has a significant positive impact on improving the performance of the 

YOLOv8 model in detecting aphids. Comparative evaluations of scenarios from 30 to 200 epochs consistently 

showed an upward trend in all key metrics, with the 200 epoch scenario proving to be the most optimal 

configuration. At this point, the model achieved its best convergence rate with an accuracy of 91.5%, a recall 

of 0.87, an F1-score of 0.89, and an mAP50 value of 0.915. Furthermore, this mature detection model was 

successfully implemented into a prototype interface for a smart agriculture dashboard. The dashboard 

effectively synchronizes computer vision-based pest detection results with ecological monitoring parameters 

from IoT sensors, such as temperature and humidity, in real time. This comprehensive integration not only 

validates the algorithm's reliability in real-world scenarios but also successfully creates a reliable early warning 

system to facilitate faster and more efficient decision-making in crop protection management. 
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