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ABSTRACT: 

Early and accurate prediction of crop pests and diseases is essential for ensuring food security and minimizing 

economic losses. Data mining and machine learning (ML) techniques have recently emerged as powerful tools 

for analyzing agricultural data and predicting pest and disease outbreaks. This study synthesizes findings from 

thirty recent research papers to propose an integrated framework that combines image-based deep learning, time-

series forecasting, and sensor data fusion. Convolutional neural networks (CNNs) and ensemble learning are 

used for image-based detection, while hybrid ARIMA–LSTM models capture temporal trends. Generative 

adversarial networks (GANs) are applied for data augmentation to overcome data scarcity. The integrated model 

demonstrates improved accuracy and reliability compared to traditional statistical methods. The paper concludes 

with practical insights, challenges, and directions for future research. 
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1. INTRODUCTION 

Pests and plant diseases are among the major causes of crop yield reduction globally, leading to food 

insecurity and economic loss [1]. Conventional pest monitoring methods rely on manual scouting, which is labor-

intensive, time-consuming, and prone to error [2]. The advent of artificial intelligence (AI), data mining, and 

sensor technologies has revolutionized agricultural monitoring by enabling real-time prediction and diagnosis [3]. 

Data mining integrates diverse data sources—such as weather data, satellite imagery, and IoT sensors—to 

detect hidden patterns and predict pest/disease outbreaks [4]. Machine learning models such as decision trees, 

support vector machines (SVMs), and neural networks have been used to forecast disease outbreaks using 

environmental and climatic variables [5][6]. 

More recently, deep learning models and hybrid time-series approaches have achieved higher predictive 

accuracy in real-world agricultural systems [7][8]. 

All cultures have their roots in agriculture. The agricultural sector employs approximately one billion 

individuals worldwide, which accounts for approximately 28% of the employed population (Anon.2018a). India, 

China and United States are the major cultivators globally, having the highest net cropped area (Anon. 2018b).[3] 

Pest damage and development are affected by the rise in global temperature brought by climate change. When 

the temperature rises, the metabolic rate of insects increases, driving them to consume more food and inflict 

more damage. Growth rates of several insect species are also affected by temperature.[4]. Advanced technologies 

such as computer vision (CV), machine learning (ML), deep learning (DL), image processing (IP), and the 

internet of things (IoT) have the potential to revolutionize agriculture by enhancing production, reducing waste, 

and increasing profits.[22] 

This study synthesizes research progress in data mining for pest and disease prediction, presents a unified 

methodology, and highlights future challenges and directions. 
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Figure 1. [3] 

  

1. PROBLEM DEFINITION AND SCOPE 

We consider two related problems: 

1) Detection/ classification of pests and diseases symptoms in images 

2) Prediction/ forecasting of future infestation risk using multimodal time-series and contextual 

data . 

The system objectives are early, accurate alerts; explainable outputs; and feasible deployment on farm-scale 

devices ( mobile/edge/UAV). 

2. EXISTING SYSTEM AND NEED FOR THE NEW SYSTEM 

 <‘̌‹-] < 

Traditionally, pest and disease identification has relied on manual inspection and expect assessment, which is slow 

and inconsistent [37].Even current semi-automated systems mainly depend on fixed sensor thresholds or rule based 

logic, without adaptive learning [36][31]. Noted that most earlier systems lacked data mining integration across 

sensor, image, and weather data – resulting in poor generalization to new pest types . 

 ,]<-‹̌‘ < Need for new system 

The proposed new system adopts data mining and deep learning to provide real-time pest prediction and disease 

diagnosis through multimodal fusion.[32] 

Recent research [2] [1] highlights the need for AI-enabled agriculture monitoring system that integrate loT data 

and image analytics for early alerts. 

 

3. LITERATURE REVIEW 

Image-based Detection Using Deep Learning 

CNNs have become dominant in plant disease detection because of their superior feature extraction capabilities 

[9][10]. Studies using ResNet, VGG, and Inception architectures achieved over 95% accuracy on benchmark 

datasets like PlantVillage [11]. Transfer learning and ensemble CNNs have been shown to improve robustness in 

field environments [12]. Data augmentation techniques such as GANs and LeafGAN further enhance 

generalization [13]. 

Remote Sensing and UAV Applications.Unmanned Aerial Vehicles (UAVs) equipped with multispectral or 

hyperspectral sensors allow early detection of crop stress before visible symptoms appear [14][15]. UAV imagery 

analyzed using machine learning classifiers (SVM, RF, CNN) effectively detects diseases such as late blight and rust 

[16]. Hyperspectral indices and narrow-band analysis yield higher accuracy but require large data storage and 

preprocessing [17]. 

Time-series Forecasting Models 

Time-series models predict pest and disease outbreaks based on environmental and historical data. Traditional 

approaches such as ARIMA and SARIMA effectively model seasonality and trends [18]. However, they fail to 

capture nonlinear relationships. LSTM and GRU networks address this limitation by modeling temporal 

dependencies in climatic and biological data [19]. Hybrid ARIMA–LSTM models combining linear and 

nonlinear learning outperform individual methods [20][21]. 
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Data Scarcity and Augmentation 

One major challenge in pest prediction is limited labeled data. GANs and TimeGANs generate synthetic 

samples to expand datasets for training forecasting models [22][23]. This improves model robustness and 

reduces overfitting in rare event scenarios [24]. 

IoT and Sensor Fusion. Integration of IoT sensors—such as temperature, humidity, and soil moisture sensors—

provides real-time data for pest prediction [25]. Multimodal fusion models combining sensor data, imagery, and 

meteorological variables significantly improve accuracy and provide timely warnings for farmers [26]. 

4. METHODOLOGY 

This study proposes a unified three-layer framework combining image detection, time-series forecasting, and 

data fusion to predict pest and disease outbreaks. 

Data Collection: 

Image data: Collected from UAV and field cameras for identifying disease symptoms [30]. Sensor data: 

Includes temperature, humidity, rainfall, and wind speed from IoT nodes [25]. Historical data: Pest incidence 

reports and meteorological data for training forecasting models [21]. 

Image-based Detection: 

Model: Fine-tuned EfficientNet and ResNet50 architectures. Object Detection: YOLOv5 detects insect pests 

on sticky traps. Augmentation: GAN-based synthetic image generation to improve training diversity [13][23]. 

Time-series Forecasting: 

Hybrid ARIMA–LSTM: ARIMA models linear patterns, and LSTM captures nonlinear dependencies [20]. 

Input Variables: Pest counts, humidity, temperature, rainfall, and soil moisture. Evaluation: RMSE and MAE for 

forecast accuracy. 

Data Fusion and Integration: 

Multimodal Fusion: Combines image-based detection outputs with sensor data for final prediction. Decision 

Layer: Ensemble voting mechanism to generate outbreak alerts. 

 

 
 

Figure 2 shows the annual publication results of the plant disease detection, retrieved from the Web of Science 

(WoS) platform, which provides access to several academic databases.[22]. 

 

5. DRAWBACKS AND LIMITATIONS: 
Data scarcity and class imbalance cause overfitting and poor generalization; multiple surveys emphasize limited 

labelled field images and rare-class pests[31].Domain shift and poor transferability from lab/benchmark datasets to 

diverse farm conditions is repeatedly documented. [33].Complex backgrounds, occlusion and small object scale 

reduce detection performance for insects/pests in natural scenes. [32].Multimodal integration challenges — aligning 

and fusing images, sensor, and weather data is nontrivial due to different sampling rates and missingness.[34] 

Annotation quality and label noise degrade model accuracy; crowdsourced and hurried labels are a known issue. 

[31].Lack of interpretability s user trust — black-box models limit farmer adoption without explainable outputs. 

[35].Computational and deployment constraints — high-capacity models are difficult to run on mobile/edge hardware 

used in the field[32]. 
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6. RESULTS DISCUSSION 

Results from the literature indicate that hybrid and ensemble models achieve superior accuracy compared to 

standalone models.CNN-based detection achieved 95–99% accuracy on controlled datasets and 85–92% on real-

field data [10][12]. UAV hyperspectral analysis detected early-stage infections with 90%+ accuracy [15][16]. 

Hybrid ARIMA–LSTM models reduced forecasting errors (RMSE) by 10–25% compared to ARIMA alone 

[19][20]. GAN-based data augmentation improved rare event recall by 12–18% [22][23].IoT-based multimodal 

systems improved prediction reliability and timeliness in integrated pest management systems [25][26]. 

However, domain adaptation and interpretability remain open challenges. Future research must address model 

transferability across regions and crops while maintaining transparency in AI predictions [28][29]. 

 

 
 

7. FUTURE SCOPE 

1. Creation of Unified Agricultural Databases: 

Future work should focus on developing open, large-scale, and crop-specific multimodal datasets combining 

sensor data, weather parameters, soil conditions, and UAV imagery. Standardization will enable fair comparison 

and model benchmarking across regions. 

2. Explainable and Interpretable AI Models: 

As farmers and agronomists rely on automated predictions, it is crucial to build explainable AI systems that can 

justify their predictions in human-understandable terms—showing which environmental variables or image 

features led to a pest/disease alert. 

3. Integration with Real-Time IoT and Edge Computing: 

Future agricultural systems can leverage low-cost IoT devices and edge AI computing to process data directly in 

the field. This will reduce latency and enable real-time pest outbreak alerts even in low-connectivity regions. 

4. Cross-Regional Transfer Learning: 

Transfer learning and domain adaptation can make models trained in one geographical region applicable to other 

climatic zones, addressing the generalization problem of AI in agriculture. 

5. Causal and Mechanistic Modelling: 

Combining data-driven ML models with biological and ecological process models will enable deeper insights 

into pest life cycles, reproduction patterns, and the impact of environmental interventions. 

6. Sustainability and Climate Change Impact Studies: 

With increasing climate variability, integrating predictive analytics into climate-resilient pest management 

strategies will help policymakers and farmers anticipate shifts in pest populations and emerging diseases. 

 

8. CONCLUSION 

The integration of data mining with modern artificial intelligence techniques has transformed pest and disease 

prediction into a proactive and data-driven process. From the comprehensive review of thirty research papers, it 

is evident that no single model suffices across all crops or regions; instead, hybrid and ensemble approaches 

achieve the best performance. Plant disease and pest detection approaches based on deep learning combined edge 
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detection and feature extraction have wide advancing projections and high potential, in contrast to standard 

image processing techniques, which handle these jobs in various phases and linkages. [3]This survey presented 

an insight into existing research addressing the application of ML-based techniques for forecasting, detection, 

and classification of diseases and pests.[4] 

Deep learning-based models, particularly CNNs, have shown exceptional ability in visual disease detection 

from leaf and UAV imagery, whereas hybrid ARIMA–LSTM and GRU-based models effectively forecast 

temporal pest occurrences using climatic and biological data. Additionally, GAN-based synthetic data generation 

addresses the critical problem of dataset imbalance, leading to improved accuracy and robustness in outbreak 

prediction. 

The article provides a comprehensive overview of the current advancements in the technology for detection and 

identification of plant diseases used in agriculture. The initial goal was to assess recent plant disease detection 

and identification technologies that were employed with a focus to use remote sensing, ML and DL 

algorithms.[22]Agriculture is suffering from a number of problems; plant diseases and pests are contributing as 

the most devastating factor. 

Diseases on the leaves of tomato plants have a negative impact on both quality and yield. Deep learning has 

shown great potential in improving tomato disease and pest detection, offering high accuracy and efficiency 

compared to traditional methods.[33] 

Despite technological progress, real-world application remains limited due to issues such as data 

heterogeneity, lack of standardized datasets, and regional variations in pest behavior. The synthesis reveals that 

multimodal data fusion (combining imagery, IoT sensor streams, and historical trends) provides the most resilient 

and scalable solutions for precision agriculture. Hence, integrating these models into real-time decision-support 

systems (DSS) is a key step toward sustainable and intelligent crop protection. 

9. DOCUMENTATION 

The project documentation provides a comprehensive description of each phase of the data- mining-based 

pest and disease prediction system. It follows the standard structure proposed in agricultural ML studies such as 

[31] Liu & [2] Wang (2021) and [35] Mittal et al. (2024), which emphasize the importance of data preprocessing, 

model training, and evaluation pipelines for agricultural prediction systems. According to [32] Kang et al. 

(2023), accurate pest detection requires modular documentation covering system design, input data flow, and 

result interpretation to ensure reproducibility and field usability. 
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