Machine Learning and Deep Learning Tools for Fruit Fly Identification and Monitoring in Agriculture: Importance, Challenges, and Future Perspectives
Abstract
Fruit fly infestations pose a significant threat to global agricultural productivity, leading to substantial economic losses in fruit and vegetable sectors due to crop damage, reduced yields, and stringent quarantine regulations. The imperative for enhanced food security, especially with a projected 70% increase in global food demand by 2050, necessitates advanced solutions for sustainable crop production and pest management (Hakim et al., 2025). This review explores the pivotal role of machine learning and deep learning tools in facilitating early detection and precise monitoring of fruit fly populations, which is crucial for mitigating their detrimental impact (Lello et al., 2023). It synthesizes current research on AI-driven methods for fruit fly identification and monitoring, evaluating their accuracy, scalability, and applicability in agricultural settings. The paper highlights key findings and current limitations of these AI-driven approaches, concluding with a forward-looking perspective on future opportunities and their significance for fostering sustainable agricultural practices. Specifically, this includes overcoming challenges such as the need for extensive, high-quality labeled datasets and the computational demands associated with complex deep learning models (Molina-Rotger et al., 2023). 
Introduction
Insect infestations, particularly from fruit flies, are a critical issue in agriculture, causing substantial crop losses and economic damage exceeding USD 70 billion annually (Kapetas et al., 2025). Traditional pest management approaches, which often rely on manual inspections and broad-spectrum pesticide applications, are labor-intensive, time-consuming, and frequently ineffective for large-scale operations (Ejaz et al., 2025). These conventional methods also carry significant environmental and human health risks, underscoring the urgent need for more sustainable and precise pest management strategies (Kapetas et al., 2025) (Venkateswara & Padmanabhan, 2025). The emergence of AI-based precision agriculture, particularly through machine learning and deep learning techniques, offers promising avenues for automated and accurate fruit fly detection and monitoring (Kapetas et al., 2025). However, a notable research gap exists in the comprehensive integration of these advanced computational approaches into real-time monitoring systems capable of operating autonomously in diverse field conditions (Diller et al., 2022). This review aims to bridge this gap by synthesizing current ML/DL techniques, evaluating their accuracy and applicability, and discussing future opportunities and constraints in fruit fly management. To achieve this, the review will initially delve into the biological and economic importance of key fruit fly species, setting the stage for an in-depth analysis of contemporary machine learning and deep learning methodologies (Tannous et al., 2023). This will include an overview of major _Bactrocera_ and _Ceratitis_ species, examining their life cycles, infestation behaviors, and the resulting impacts on fruit yield, export, and international quarantine regulations (Uzun et al., 2022). This foundational understanding is crucial for developing targeted management strategies and for informing the feature engineering process in subsequent machine learning and deep learning models (Uzun et al., 2022). Furthermore, accurate species identification is paramount, as different fruit fly species may require distinct intervention protocols, emphasizing the necessity for robust and precise identification methods (Chakrabarty et al., 2024). For instance, the ability to differentiate between economically significant pest species and harmless fruit fly species can prevent unnecessary interventions and promote biodiversity (Hossain et al., 2021). Such precision enables the development of integrated pest management strategies that minimize ecological disruption while maximizing agricultural output (Tannous et al., 2023) (Karakoyun & Uçkun, 2025). This systematic review will synthesize existing literature on ML/DL applications in fruit fly management, focusing on both laboratory-based research and real-world agricultural implementations (Tannous et al., 2023). The review will further evaluate their accuracy, scalability, and field applicability, critically assessing the practical implications and challenges associated with their deployment (Lello et al., 2023). Finally, it will discuss future opportunities, such as the integration of AI with robotic systems for automated pest control, and constraints, including data privacy and ethical considerations in the deployment of advanced surveillance technologies. The analysis will also address the need for standardized datasets and benchmarks to facilitate comparison and improvement of ML/DL models, ensuring their reliability and effectiveness in diverse agricultural contexts. A robust identification system is a prerequisite for effective fruit fly control, particularly given that traditional classification methods, which rely on external body features or DNA barcoding, are often time-consuming and demand specialized expertise (Hossain et al., 2021). Conversely, machine vision technologies, particularly those leveraging deep learning, offer promising avenues for developing autonomous and accurate pest identification systems, thereby overcoming the limitations of manual methods (Le et al., 2024). However, challenges remain, such as the high morphological similarities between certain fruit fly species and the difficulty in acquiring large, high-quality annotated datasets, especially for rare or geographically restricted species (Palma et al., 2025) (Hossain et al., 2021) (Palma et al., 2025). These challenges underscore the need for advanced algorithmic approaches capable of discerning subtle morphological differences and for innovative data augmentation techniques to compensate for limited sample sizes. Addressing these limitations necessitates the exploration of sophisticated deep learning architectures that can leverage transfer learning from broader entomological datasets, combined with advanced image processing for fine-grained feature extraction (Zhou et al., 2024) (Karakoyun & Uçkun, 2025). Furthermore, the computational demands and the requirement for extensive labeled datasets, especially for multi-class classification scenarios involving small-sized insects, present significant hurdles for widespread adoption of deep learning models in real-world agricultural settings (Lello et al., 2023). Despite these hurdles, the ongoing advancements in deep learning offer substantial potential to enhance real-time pest monitoring through sophisticated image analysis, moving beyond manual investigation methods commonly used by farmers (Janarthan et al., 2022) (Kariyanna & Sowjanya, 2024). These technological advancements enable precise identification, which is critical since varying fruit fly species necessitate distinct intervention strategies (Molina-Rotger et al., 2023). These systems can extract intricate features from images of various plant diseases and pests, facilitating rapid classification and aiding in the formulation of appropriate management strategies (Chakrabarty et al., 2024). This integration of sophisticated image analysis with expert systems allows for the development of early warning systems, enabling proactive interventions that can significantly mitigate crop damage and economic losses. Moreover, the continuous deployment of such AI-driven monitoring systems can provide invaluable data on pest population dynamics, informing predictive models for outbreak forecasting and optimizing resource allocation for pest control (Kapetas et al., 2025). However, the computational resource intensity and generalizability of these deep learning models remain critical challenges, particularly in resource-constrained agricultural environments where real-time inference is paramount (GAO & ZHANG, 2023). Despite these challenges, the precision afforded by deep learning in identifying nuanced morphological differences among fruit fly species is essential for targeted pest management, as manual identification can be labor-intensive and requires specialized entomological expertise (Hasan et al., 2024). Therefore, leveraging machine learning and deep learning for automated identification offers a scalable and efficient alternative to traditional methods, enabling timely and precise interventions in agricultural pest management (Venkateswara & Padmanabhan, 2025). The integration of deep learning with object detection methods, such as Faster R-CNN or R-FCN, could enable real-time tracking of fruit flies, thereby enhancing the practical utility of these methods in agricultural pest control (Tetila et al., 2024). Such advancements allow for the automated identification of pests through stationary and handheld crop-monitoring systems equipped with cameras, which generate extensive image datasets used to train robust machine learning algorithms (Kim & Son, 2023). These algorithms, particularly convolutional neural networks, demonstrate superior performance in classifying various insect species and detecting pest damages on crops (Grünig et al., 2021). This capability is critical for developing precise intervention strategies that minimize pesticide use and promote sustainable agricultural practices (Islam et al., 2025). However, the need for extensive computational resources and large, annotated datasets for training remains a significant barrier to widespread adoption in diverse agricultural settings (Mallick et al., 2025). Further research is thus needed to develop lightweight, efficient architectures and advanced data augmentation techniques to overcome these limitations and facilitate broader implementation (Yin et al., 2025). Furthermore, the development of robust, intelligent systems for efficient crop monitoring has demonstrated superior performance with machine learning methods over deep learning for specific case studies, with further improvements possible through simple model ensembling approaches (Molina-Rotger et al., 2023). Deep learning techniques, such as Faster R-CNN, have demonstrated high accuracy in insect detection, achieving up to 94% in field conditions, even with limited datasets of 150 images per class (Lello et al., 2023). These advancements are crucial for developing automated pest identification systems that can operate in diverse agricultural environments, offering a scalable solution for early detection and targeted management of fruit fly infestations (Venkateswara & Padmanabhan, 2025). The application of deep learning has further been refined for tasks beyond mere detection, encompassing classification and counting of insect pests, with models like DenseNet-201 achieving high accuracy in classification and superpixel-based counting methods yielding promising results (Tetila et al., 2024). Moreover, techniques like YOLO and Single Shot MultiBox Detector are increasingly employed for real-time object detection of pests within trap images, often fine-tuned with transfer learning to achieve high classification accuracies across diverse insect datasets (Yin et al., 2025) (Ding & Taylor, 2016). For instance, multi-class classifiers based on YOLO have been developed to classify and count multiple insect types, leveraging data augmentation to expand training datasets and achieving high average counting and categorization accuracies on edge devices (Le et al., 2024). However, the implementation of these models on edge devices often necessitates optimization techniques like quantization and pruning to address computational and memory constraints, thereby enabling real-time, on-device analysis without continuous internet connectivity (Akhtar et al., 2025). Additionally, deep learning techniques, especially those integrating convolutional neural networks like AlexNet, ResNet, GoogLeNet, and specialized Deep Convolutional Neural Network models, have shown considerable reliability in classifying field crop insects and identifying multi-class insect sites on sticky traps (Mallick et al., 2025). These neural network architectures are particularly effective due to their ability to automatically learn hierarchical features from raw image data, bypassing the need for manual feature engineering prevalent in classical machine learning approaches (Albanese et al., 2021) (Генаев et al., 2022). 
Biology, Species Diversity, and Economic Importance of Fruit Flies
While these advanced methods offer significant promise, challenges such as the need for large, labeled datasets and the computational intensity of deep learning models still present hurdles for widespread adoption in fruit fly monitoring (Lello et al., 2023). To overcome these limitations, researchers are exploring alternative strategies, including few-shot learning and synthetic data generation, to reduce the reliance on extensive annotated datasets. Furthermore, the integration of Internet of Things sensors for automated, real-time data collection offers a promising avenue for continuous monitoring and enhanced efficiency in pest management, mitigating the labor-intensive nature of manual methods (Hakim et al., 2025). Such systems, often incorporating cameras and pheromone traps, can automatically capture images of insects, which are then analyzed by integrated ML algorithms for identification and quantification, thereby providing continuous, real-time insights into pest populations (Preti et al., 2020) (Molina-Rotger et al., 2023). This is particularly relevant for developing smart traps that utilize compact and efficient deep learning models, such as SSD-MobileNetV1, SSD-MobileNetV2, or YOLOv4-tiny, which can operate on edge devices to detect fruit flies in real time (Le et al., 2024) (Le et al., 2021). These edge computing solutions improve responsiveness and data privacy by processing images locally and only transmitting predictions to a central server (Molina-Rotger et al., 2023). Moreover, some innovative trap designs integrate image acquisition systems with insect-triggering sensors and rotating bases to prevent insect accumulation and ensure clear image capture for accurate identification (Lello et al., 2023). This semi-automated approach, though requiring periodic replacement of sticky tapes, allows for detailed insect monitoring by employing object detection models such as ResNet-18 for gender classification and YOLOv4-tiny for broader insect identification (Генаев et al., 2022) (Hakim et al., 2025). Such intelligent trap systems, which often incorporate optical sensors and deep learning algorithms, have demonstrated high accuracy in detecting and counting trapped fruit flies, significantly reducing the need for manual inspection and enabling more timely interventions (Uzun et al., 2022) (Lello et al., 2023). However, the successful deployment of these intelligent trapping systems is contingent on addressing challenges such as power consumption, communication reliability in remote areas, and the development of robust algorithms capable of handling variations in lighting and environmental conditions (Preti et al., 2020). To mitigate these issues, researchers are developing low-power embedded systems and exploring advanced image processing techniques for enhanced feature extraction under varying environmental conditions (Saradopoulos et al., 2023) (Lello et al., 2023). This includes optimizing neural network architectures for resource-constrained edge devices and developing adaptive algorithms that can dynamically adjust to changing illumination and weather patterns (Albanese et al., 2021). Furthermore, the potential to interconnect these smart traps into vast networks creates opportunities for integrating diverse environmental and geographical data, enabling a 'Big Data' approach to optimize pest control strategies (Hakim et al., 2025). This integrated approach, leveraging both sophisticated imaging and advanced analytics, can revolutionize agricultural pest management by providing unprecedented insights into fruit fly population dynamics across vast geographical regions (Hakim et al., 2025). Despite the advancements in intelligent trapping systems, current commercial solutions for automated insect monitoring often face limitations in providing species-specific identification, location data, or cost-effectiveness for widespread agricultural adoption (Hakim et al., 2025). Addressing these gaps necessitates further research into developing more affordable, versatile, and accurate autonomous systems capable of distinguishing between various fruit fly species and accurately reporting their spatial distribution (Saradopoulos et al., 2023) (Le et al., 2024). 
Machine Learning and Deep Learning Approaches for Identification

Machine Learning Techniques
Classical machine learning techniques, such as Support Vector Machines, Random Forests, Decision Trees, and k-Nearest Neighbors (k-NN), have been foundational in fruit fly identification, primarily relying on meticulously engineered features (Lello et al., 2023). These features often encompass morphological attributes like wing venation patterns, body color, and size metrics, which are extracted manually or through traditional image processing algorithms (Molina-Rotger et al., 2023). While these methods offer interpretability and can operate effectively with smaller datasets, their performance is inherently limited by the quality and relevance of the hand-crafted features (Le et al., 2024). For instance, distinguishing between closely related species like those within the Anastrepha pseudoparallela group presents a significant challenge for classical methods due to subtle morphological differences and limited availability of data for rare species (Palma et al., 2025). Consequently, these approaches often require significant domain expertise for feature selection and can struggle to generalize to novel environmental conditions or insect variations not present in the training data. Furthermore, while SVMs can be effective in classifying fruit fly images, their performance can be impacted by color similarities between the insect and the background, necessitating sophisticated pre-processing or alternative architectural considerations (Lello et al., 2023). However, recent advancements have shown that Random Forest and SVM algorithms can be successfully applied to remote fruit fly detection systems using electronic traps, demonstrating their continued relevance in specific applications, especially when integrated with computer vision techniques (Molina-Rotger et al., 2023). Such integration allows for automated image analysis, significantly reducing the manual effort required for trap inspection and improving the timeliness of pest management decisions (Molina-Rotger et al., 2023). Despite these strengths, the need for extensive feature engineering and their comparatively lower accuracy for complex, high-dimensional image data highlight their limitations in scenarios demanding high precision and robustness (Palma et al., 2025). Conversely, deep learning models, particularly Convolutional Neural Networks, often outperform these classical methods in complex image classification tasks by autonomously learning hierarchical features directly from raw image data (Molina-Rotger et al., 2023). This intrinsic capability to extract intricate patterns without explicit programming marks a significant paradigm shift in agricultural pest identification, enabling more nuanced and robust classification systems for fruit flies (Nanni et al., 2021). This capability is particularly evident in applications where deep learning models categorize and count multiple flying insect species by augmenting datasets through various transformations, enhancing their ability to generalize across diverse real-world conditions (Kumar et al., 2023). For example, in one study, classical ML models such as Random Forest and Support Vector Machine achieved 91.9% and 94.5% accuracy, respectively, in classifying flies regardless of species (Molina-Rotger et al., 2023). This performance highlights the potential of classical ML techniques, particularly when combined, to achieve high accuracy in broader insect classification tasks, although distinguishing between specific fruit fly species remains a more complex challenge (Molina-Rotger et al., 2023). In contrast, deep learning methods, especially those employing advanced CNN architectures like VGG-16, Inception-ResNet-v2, and custom capsule networks, have demonstrated superior accuracy in more granular pest recognition tasks, often leveraging transfer learning to overcome limitations of smaller datasets (Janarthan et al., 2022). 
Deep Learning Approaches
Deep learning approaches have revolutionized insect pest classification, offering state-of-the-art performance in object recognition and detection within precision agriculture, largely due to advancements in Convolutional Neural Networks (Albanese et al., 2021) (Venkateswara & Padmanabhan, 2025). Specifically, architectures like AlexNet, VGG16, ResNet, EfficientNet, and YOLO have been instrumental in various tasks, including the classification of fruit fly species and the detection of their presence in imagery by learning complex features directly from pixel data (Wang et al., 2024). These models mitigate the need for laborious manual feature engineering, characteristic of traditional machine learning methods, by automatically extracting intricate patterns and representations directly from raw image inputs. This end-to-end learning capability streamlines the development process, yielding more efficient and accurate models for diverse agricultural applications (Goh et al., 2024). These deep learning models are particularly effective in handling the complexities of insect camouflage and species diversity, challenges that often impede traditional image processing algorithms (Wang et al., 2024). For instance, models such as Fast-RCNN and Mask-RCNN have achieved up to 99% accuracy in identifying pests, significantly outperforming earlier methods on complex datasets (Hasan et al., 2024). Furthermore, specialized deep neural networks have demonstrated high efficacy in detecting microscopic pests and insects within sticky traps, even under varied lighting and pest densities, often surpassing the performance of conventional techniques that rely on manual feature extraction (Domingues et al., 2022). This enhanced performance is particularly crucial for real-time monitoring and early detection systems in agricultural settings (Tetila et al., 2024) (Ejaz et al., 2025) (Júnior et al., 2021). The widespread adoption of CNNs in pest detection, with 63% of recent studies between 2015 and 2019 utilizing them, underscores their effectiveness in recognizing visual patterns from images with minimal preprocessing, a significant increase from 42% in earlier surveys (Nanni et al., 2021). This trend highlights the growing recognition of CNNs as the preferred classifier for pest identification due to their robust capabilities in handling diverse visual data (Nanni et al., 2021). This is further evidenced by the successful application of CNNs in constructing benchmark datasets such as IP102, which contains over 75,000 pest images across 102 classes, facilitating standardized evaluations and comparative analyses of different deep learning models (Nanni et al., 2021). These models are specifically adept at identifying minuscule or sub-millimeter-sized pests and distinguishing between subtle morphological differences, which is crucial given the variations in insect body shapes, sizes, and damage patterns (Wayama et al., 2024). Moreover, researchers have begun integrating CNNs with metaheuristics and novel feature extraction techniques to further enhance pest classification accuracy, often achieving superior performance compared to traditional methods (Venkateswara & Padmanabhan, 2025). For instance, studies employing Faster R-CNN Efficient Net B7 have achieved remarkable classification accuracies exceeding 93% for multi-class insect pest detection, demonstrating robust performance even with increased complexity in the number of pest classes (Kundur & Mallikarjuna, 2022). The development of lightweight CNN and Vision Transformer variants further optimizes these models for efficient deployment in agricultural fields, addressing challenges like complex backgrounds and the small size of pests (Kim & Son, 2023). These sophisticated hybrid models combine CNNs with vision transformers, leveraging the strengths of both local feature extraction and global context interpretation, thereby improving detection of small, camouflaged pests in complex environments (Ejaz et al., 2025) (Zhang et al., 2025). However, despite their advanced capabilities, object detection models like those used in pest identification face limitations in accurately identifying damage characterized by subtle changes in leaf or fruit shape, color, or texture, and in extracting specific regions of damage (Wayama et al., 2024). Despite these advances, a significant challenge for deep learning models remains their performance with imbalanced data, necessitating further exploration into techniques like few-shot and semi-supervised learning to improve generalization capabilities in scenarios with limited annotated samples (Janarthan et al., 2022). To mitigate overfitting and enhance model robustness, various data augmentation methods, including geometric transformations, color space alterations, and advanced techniques like GridMask and PSIS, are frequently employed (Venkateswara & Padmanabhan, 2025) (Nanni et al., 2021). Despite these enhancements, CNNs are inherently sensitive to object size and distance, often necessitating object detection models to overcome limitations in fine-grained pest damage identification, although at a higher computational cost (Wayama et al., 2024). The demand for increasingly intelligent and precise agricultural practices has led to a focus on multimodal data fusion and advanced algorithm design as key technical means to enhance efficiency (Zhang et al., 2025). Despite these advancements, practical application in diverse agricultural settings still faces hurdles due to the computational demands of these sophisticated models and the need for large, annotated datasets tailored to specific regional pest varieties (Ding & Taylor, 2016). Furthermore, the development of robust, real-time monitoring systems based on AI necessitates addressing dataset limitations, including issues arising from unknown classes, annotation errors, and the challenge of detecting small, densely packed objects (Yang et al., 2024). Overcoming these challenges requires the development of novel architectures and training methodologies capable of handling sparse and noisy data, while maintaining high accuracy and efficiency in real-world deployment scenarios (Ejaz et al., 2025). Addressing these limitations often involves leveraging explainable AI techniques, such as Grad-CAM++, to enhance model transparency and provide visual interpretations of pest localization, thereby boosting user confidence and facilitating agricultural decision-making (Mallick et al., 2025). Moreover, integrating multimodal deep learning frameworks that combine visual processing with natural language processing can significantly enhance pest detection accuracy by leveraging textual context alongside image data, providing a more comprehensive understanding of complex agricultural scenarios (Duan et al., 2023). However, the implementation of such advanced systems in practical agricultural settings is often hindered by the scarcity of comprehensively labeled datasets, especially for specific local pest varieties and diverse environmental conditions (Mallick et al., 2025) (Liu & Wang, 2024). This challenge is often compounded by the difficulty in distinguishing between background and foreground elements, as well as the presence of small, densely packed objects, which are prevalent in real-world agricultural imagery (Yang et al., 2024). To address these complexities, researchers are exploring embedded systems with on-board machine learning functionalities for real-time, low-power pest detection directly within orchards, moving beyond cloud-based processing (Albanese et al., 2021). This shift towards edge computing seeks to overcome latency and connectivity issues, enabling immediate localized pest management interventions (Pintus et al., 2025). Furthermore, the computational resources required for deploying these sophisticated deep learning models on edge devices remain a critical bottleneck, necessitating model optimization and parameter reduction to ensure efficient on-device processing (Sandhi et al., 2024). 
Monitoring and Smart Agriculture Systems

IoT and Sensor-Based Monitoring
These systems leverage diverse sensor networks, including environmental sensors, image sensors, and acoustic sensors, to collect real-time data on pest presence, environmental conditions, and crop health (Albanese et al., 2021). This integrated data acquisition allows for a holistic understanding of fruit fly population dynamics and potential infestation risks, moving beyond traditional manual inspection methods. The integration of Internet of Things devices in smart traps, for example, allows for automated capture and identification of pests, providing real-time population counts and species recognition (Hakim et al., 2025). Such automated systems significantly reduce the labor-intensity and human error associated with conventional monitoring, thereby enabling more timely and effective interventions to mitigate infestations (Kapetas et al., 2025) (Albanese et al., 2021). These smart traps, often equipped with computer vision and machine learning algorithms, can achieve high accuracy in detecting insect pests in various agricultural settings, such as mango orchards and maize fields, demonstrating an average detection accuracy of 94% (Hakim et al., 2025). This high accuracy, combined with real-time data transmission through internet nodes to cloud platforms, allows for prompt expert review and informed decision-making for targeted counteractions (Albanese et al., 2021). Moreover, real-time wireless insect pest monitoring systems supported by artificial intelligence have achieved commercialization, providing services for real-time surveillance and decision-making in pest management (Diller et al., 2022). This integration facilitates early detection and proactive management strategies, ultimately minimizing economic losses due to fruit fly infestations (Tannous et al., 2023). Beyond individual pest detection, comprehensive sensor networks can also monitor critical environmental parameters such as temperature, humidity, and rainfall, which are crucial for predicting fruit fly population surges and optimizing pest control strategies (Molina-Rotger et al., 2023). This integrated data collection, spanning pest presence and environmental factors, enables predictive modeling for fruit fly outbreaks, supporting precision agriculture strategies that reduce pesticide use and enhance sustainability (Lello et al., 2023). Furthermore, the transition from manual, time-consuming methods to automated, real-time monitoring via IoT sensors significantly enhances the efficiency and effectiveness of pest management (Hakim et al., 2025). This shift minimizes the dependency on harmful pesticides by enabling targeted interventions, thereby contributing to environmental sustainability and human health (Ahmed et al., 2024). This technological leap is particularly vital for economically important crops often targeted by fruit flies, such as those found in over 65 countries, facilitating more precise and responsive agricultural practices (Zhou et al., 2024). This capability for real-time monitoring and data analysis offers significant economic advantages by reducing crop losses and optimizing resource allocation (Uzun et al., 2022). The integration of 5G/6G technologies with embedded cyber-physical systems further enhances the capabilities of these IoT-based smart traps, enabling ultra-low latency data transmission and real-time actuation for immediate pest control (Ahmed et al., 2024). This paradigm shift towards intelligent pest management systems is pivotal for enhancing agricultural productivity and safeguarding biodiversity, particularly as invasive fruit fly species pose increasing threats to global food security (Diller et al., 2022) (Ahmed et al., 2024). 
Image Processing Pipelines
These pipelines form the backbone of automated identification systems, transforming raw image data from smart traps into actionable insights for pest management. Initially, captured images from traps are processed to segment insects from the background and to normalize lighting and orientation, crucial steps for accurate feature extraction (Preti et al., 2020). Subsequently, advanced image processing techniques, such as coordinate logic filters and circular Hough transforms, are applied to sharpen insect borders, emphasize contrast, and delineate trap boundaries, thereby facilitating precise insect detection and counting (Kumar et al., 2023) (Le et al., 2024). These pre-processing steps are vital for enhancing the quality of input data for subsequent machine learning and deep learning algorithms, which then classify and quantify the identified fruit flies (Sütő, 2022). The implementation of such robust pipelines is essential, especially given the variable conditions under which images are captured in agricultural settings, including fluctuating light and occlusions (Hahn et al., 2023). Moreover, modern image processing pipelines integrate advanced deep learning models like YOLO and Faster R-CNN for real-time object detection and classification of fruit flies directly within images, enhancing the speed and accuracy of pest identification (Karakoyun & Uçkun, 2025). This integration of advanced models enables not only the detection of fruit flies but also their precise species identification, which is critical for targeted management strategies (Tannous et al., 2023). These intelligent systems offer significant improvements over traditional, labor-intensive manual monitoring, which often suffers from delays and inconsistencies, by providing accurate and timely data for decision-making in agricultural pest control (Lello et al., 2023) (Uzun et al., 2022). The evolution from manual inspections to semi-automated and fully automated systems significantly minimizes human intervention, reducing the labor-intensive nature, potential for error, and cumbersome aspects of traditional pest detection (Kumar et al., 2023). Furthermore, the continuous advancements in computational power and algorithmic efficiency are enabling these systems to process increasingly complex datasets with greater speed, leading to more refined and accurate identification models (Kim & Son, 2023). However, the implementation of such sophisticated systems necessitates robust algorithms that can effectively manage varied environmental conditions and subtle morphological differences among fruit fly species (Kumar et al., 2023).
Case Studies
For instance, previous studies have successfully employed machine learning models like SVM and Random Forest for classifying different fruit fly species based on wing morphology and color texture features (Lello et al., 2023). These classical approaches, while interpretable and requiring smaller datasets, often necessitate extensive feature engineering, limiting their accuracy for complex image data (Molina-Rotger et al., 2023). Conversely, deep learning models, particularly Convolutional Neural Networks, have demonstrated superior performance in automatically extracting intricate features from images for fruit fly identification and classification, often leveraging transfer learning from pre-trained networks to overcome data scarcity challenges (Hakim et al., 2025). For example, specialized CNN architectures like Faster R-CNN have been successfully applied to detect and count olive fruit flies, achieving high accuracy even with varied lighting conditions and insect orientations (Lello et al., 2023). This advancement is crucial given that traditional methods of insect identification rely on manual observation, which is both tedious and time-consuming, particularly under varying field conditions (Chakrabarty et al., 2024). Despite these advancements, the effective deployment of AI-based systems in real agricultural settings still faces challenges related to real-time processing speeds and robustness against non-uniform lighting conditions (Tetila et al., 2024). Further research is needed to refine models capable of distinguishing subtle morphological differences among closely related species under diverse environmental parameters, ensuring high accuracy and reducing false positives (Uzun et al., 2022). 
Comparative Analysis and Limitations
Despite the promising results, the application of machine learning and deep learning in entomological contexts is still hampered by significant limitations, including the high similarity among insect species, the difficulty in acquiring large, high-quality annotated datasets, and class imbalance issues (Palma et al., 2025). Specifically, the scarcity of comprehensively labeled datasets for diverse fruit fly species hinders the training of robust deep learning models, often necessitating data augmentation techniques or transfer learning from broader entomological datasets to improve model generalization (Hossain et al., 2021). Furthermore, the variability in image capture conditions, such as lighting, background clutter, and insect posture, poses considerable challenges for accurate species identification in real-world agricultural settings (Albanese et al., 2021). Moreover, while deep learning models excel at complex image recognition, their computational demands and the need for significant processing power can limit their deployment in remote or resource-constrained environments (Chakrabarty et al., 2024) (Zhou et al., 2024). 
Future Directions and Research Gaps
Future research should prioritize the development of more efficient and robust deep learning architectures that can operate effectively on edge devices, thereby enabling real-time, on-site fruit fly monitoring without extensive computational infrastructure. This involves optimizing model size and complexity while maintaining high accuracy and exploring federated learning approaches for collaborative model training across distributed agricultural sites (Kapetas et al., 2025). Additionally, exploring techniques like active learning and few-shot learning could mitigate the dependency on vast labeled datasets, making deep learning models more accessible for rare or newly emerging fruit fly species (Lello et al., 2023). Furthermore, incorporating behavioral attributes beyond static imagery, such as locomotion patterns, could significantly enhance the accuracy and robustness of detection and classification systems, especially for identifying sublethal effects of insecticides or distinguishing between species with subtle morphological differences (Manduca et al., 2023). 
Conclusion
This comprehensive review highlights the transformative potential of machine learning and deep learning in revolutionizing fruit fly identification and monitoring within agricultural ecosystems. These advanced computational tools offer unprecedented precision and efficiency, paving the way for more proactive and sustainable pest management strategies. Achieving this potential, however, necessitates ongoing research to refine model accuracy, enhance computational efficiency for on-device deployment, and develop integrated systems that combine visual identification with environmental data for comprehensive pest insights (Hakim et al., 2025) (GAO & ZHANG, 2023). Such integrated systems, capable of incorporating diverse environmental and geographical parameters, including geo-coordinates, weather trends, forecasting models, and control techniques, empower agriculturalists to optimize pest control measures through technology-driven approaches (Hakim et al., 2025). This continuous development could incorporate advanced edge computing technologies to enhance detection accuracy and reduce latency, enabling real-time detection of living fruit flies directly on traps (Le et al., 2024). 
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