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Artificial Intelligence and Machine Learning in Pest and Disease Surveillance: From Detection to Decision Support
Abstract
Plant pests and diseases remain among the most persistent threats to global food security, reducing potential crop yields substantially every year and imposing heavy economic losses on producers across both smallholder and industrial farming systems. Conventional surveillance relies on manual scouting and visual diagnosis, approaches that are slow, subjective, and poorly suited to the scale and speed at which modern outbreaks develop. Over the past decade, artificial intelligence and machine learning have reshaped the surveillance landscape, offering tools that span image-based detection, sensor-driven monitoring, predictive modelling, and decision support. This review synthesises developments across this continuum, tracing the progression from convolutional neural networks and vision transformers used for leaf-level disease classification, through object detection frameworks and Internet of Things-enabled smart traps used for insect pest monitoring, to remote sensing and species distribution models used for landscape-scale forecasting, and finally to decision support systems that translate model outputs into actionable field guidance. Particular attention is given to persistent technical constraints, including the scarcity and imbalance of labelled field data, poor generalisation of models trained on curated datasets when deployed under variable field conditions, and the limited interpretability of deep architectures, alongside emerging responses such as transfer learning, generative data augmentation, and explainable artificial intelligence. The review further considers infrastructural and adoption barriers relevant to resource-constrained farming systems, including connectivity, computational cost, and the integration of artificial intelligence outputs into existing extension and decision-making structures. Drawing on this synthesis, priority directions for future research are identified, including federated and privacy-preserving learning across distributed agricultural datasets, multimodal sensor fusion, and closer coupling between predictive analytics and site-specific intervention. The findings indicate that while detection accuracy has advanced considerably, the translation of artificial intelligence outputs into reliable, trusted, and economically viable decision support remains the central unresolved challenge for the field.
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1. Introduction
1.1 Background
Agricultural production systems face a persistent and escalating challenge from plant pests and pathogens, one that has grown more acute as climate variability alters the range, phenology, and virulence of many organisms. Pests and diseases are estimated by the Food and Agriculture Organization of the United Nations to account for the loss of a substantial proportion of global crop production every year, with associated costs to the global economy running into hundreds of billions of United States dollars annually (Food and Agriculture Organization of the United Nations, n.d.). These losses are distributed unevenly, falling hardest on smallholder farmers in regions where extension services are thin and diagnostic expertise is scarce. The consequences extend beyond farm-level income, touching food security, trade, and rural livelihoods at a scale that has prompted sustained international attention to surveillance and early warning as pillars of plant health policy.
Traditional surveillance of pests and diseases has depended on manual field scouting, visual symptom recognition by trained agronomists, and, where available, laboratory diagnostics such as polymerase chain reaction assays or serological testing. These methods, while often accurate under controlled conditions, are labour-intensive, slow to scale across large cropping areas, and dependent on a cadre of experts that remains thin relative to the number of farmers who need their services. The problem is compounded by the sheer diversity of causal agents involved: fungal, bacterial, and viral pathogens each present distinct symptom profiles and spread dynamics, and viral diseases alone account for a substantial share of global crop losses, adding further complexity to a diagnostic task that visual inspection alone struggles to resolve reliably (Jones & Naidu, 2019). By the time symptoms are visible to the human eye, the causal agent may already have spread beyond the point where intervention is economically efficient. Recent work on remote sensing and artificial intelligence also positions landscape-scale pest monitoring as a complement to field scouting because these tools can connect spatial crop-health signals with early-warning and management models (Aziz et al., 2025).
1.2 The Emergence of Artificial Intelligence in Plant Health Surveillance
Advances in computer vision, sensor miniaturisation, and computational infrastructure have converged over the past decade to create a substantially different technical landscape for surveillance. Convolutional neural networks demonstrated an early and striking capacity to classify plant disease symptoms from leaf images with accuracy comparable to, and in some benchmark settings exceeding, that of trained specialists (Mohanty et al., 2016). This foundational demonstration catalysed a large and rapidly diversifying body of research applying deep learning to plant disease classification, object detection frameworks to insect pest identification, and a widening array of sensing modalities, from hyperspectral cameras to acoustic and volatile-compound sensors, to the broader task of crop health monitoring (Pacal et al., 2024). Recent computer-vision surveys further show that the field has expanded from convolutional classification toward transformer architectures, segmentation methods, transfer learning, and remote-sensing-supported detection pipelines for plant disease and pest surveillance (Ding et al., 2024; Wang et al., 2025).
Parallel to this growth in detection capability, an equally important stream of work has sought to connect these outputs to the practical needs of growers and plant protection services. Detecting a pathogen or an insect in an image is of limited value unless that detection can be translated into a timely and economically sound recommendation: whether and when to intervene, with what method, and at what intensity. This translation, from raw sensing to decision support, has proven considerably harder than the underlying detection problem, and it forms a central theme of the present review.
1.3 Scope, Research Gap, and Objectives
Several recent reviews have addressed either plant disease detection using deep learning or insect pest monitoring using computer vision as separate literatures, typically with a narrow technical focus on model architecture and benchmark accuracy. Comparatively fewer treatments consider pest and disease surveillance jointly, or extend the analysis beyond detection accuracy to examine how artificial intelligence outputs are, or could be, integrated into functioning decision support systems that growers and plant protection agencies can trust and act upon. There is likewise limited synthesis of the practical constraints, data scarcity, model generalisability, interpretability, computational cost, and connectivity, that determine whether a given technical advance is deployable outside the research setting in which it was developed. Recent crop-protection literature also emphasises that artificial intelligence outputs require linkage with risk assessment, forecasting, expert systems, and decision support before they can consistently guide timely management decisions (Vidya Madhuri et al., 2025). This reinforces the research gap addressed in the present review: the need to examine how detection models, sensor outputs, and predictive systems are integrated into actionable, trustworthy, and deployable decision-support workflows under field and resource-constrained conditions.
This review addresses that gap by tracing the continuum from sensing and detection through to decision support, treating pest and disease surveillance as a single, related problem space rather than two separate literatures. Its objectives are threefold: first, to characterise the principal machine learning and deep learning approaches applied across imaging, sensor, and remote sensing modalities for pest and disease surveillance; second, to critically evaluate the technical and practical barriers that constrain translation of these approaches into reliable decision support tools; and third, to identify priority directions for research capable of closing the gap between detection performance reported in controlled studies and dependable performance under field deployment conditions. The review is deliberately narrative rather than systematic in structure, reflecting the breadth of methods and application domains under consideration, and is intended to be of use to computer scientists, plant pathologists, entomologists, and agricultural policy audiences alike.
The specific objectives are to characterise the principal artificial intelligence and machine learning approaches used across imaging, sensor, and remote sensing modalities; to evaluate the technical and practical barriers that limit their translation into reliable decision support tools; and to identify priority research directions for improving field-deployable pest and disease surveillance systems.

2. Methods for Literature Selection
2.1 Databases Searched
Literature for this review was identified through structured searches of Web of Science, Scopus, Google Scholar, and PubMed, supplemented by five field-specific indexing resources selected for their coverage of agricultural technology, plant pathology, and entomology: AGRICOLA, CAB Abstracts, AGRIS, the IEEE Xplore digital library for engineering and computing literature relevant to sensor and computer vision methods, and the Directory of Open Access Journals for verification of open-access peer-reviewed sources. This combination was chosen to capture both the computational literature, in which much of the methodological innovation in deep learning and computer vision originates, and the applied agricultural and entomological literature, in which validation under field conditions and domain-specific framing of the pest and disease problem are more commonly reported.
2.2 Search Strings and Date Range
Search strings combined controlled vocabulary and free-text terms across three conceptual clusters, connected with Boolean operators: an artificial intelligence cluster ("artificial intelligence" OR "machine learning" OR "deep learning" OR "convolutional neural network" OR "computer vision"); a surveillance target cluster ("plant disease" OR "crop disease" OR "insect pest" OR "pest detection" OR "pest monitoring" OR "pest surveillance"); and an application cluster ("decision support" OR "precision agriculture" OR "early warning" OR "remote sensing" OR "Internet of Things"). The literature search covered publications from January 2015 to 26 March 2026. The 2015 start point was selected to capture the period immediately preceding, and including, the emergence of deep learning-based plant disease detection as a distinct research stream, allowing the review to trace the field's development from its early convolutional neural network applications through to current transformer-based and multimodal approaches.
2.3 Inclusion and Exclusion Criteria
Studies were included if they reported the application of a machine learning or deep learning method to the detection, classification, monitoring, forecasting, or management of plant pests or diseases, and were published as peer-reviewed journal articles in English. Reviews, systematic reviews, and primary research articles were both eligible where they met methodological and topical relevance criteria. Authoritative institutional reports from bodies such as the Food and Agriculture Organization of the United Nations were included where they supplied verifiable statistics on crop losses or plant health policy, provided a stable and verifiable uniform resource locator was available. Studies were excluded if they concerned only conventional statistical modelling without a machine learning component, addressed animal or human disease surveillance without direct relevance to plant health, were published as conference proceedings, theses, books, preprints, or patents, or were not available in a peer-reviewed, indexed form. Studies focused exclusively on weed identification were excluded unless they formed part of a broader pest and disease monitoring framework, keeping the review's scope aligned with its stated focus.
2.4 Rationale for a Narrative Review Approach
A narrative rather than systematic review methodology was adopted because the objective of this article is to synthesise and critically integrate a technically and disciplinarily heterogeneous literature, spanning computer science, plant pathology, entomology, and agricultural engineering, in a manner that supports conceptual development of the detection-to-decision-support continuum. Systematic reviews are best suited to narrow, well-defined questions amenable to structured effectiveness comparison, whereas narrative reviews permit the broader synthesis, cross-disciplinary integration, and interpretive discussion required when the aim is to characterise the trajectory and coherence of a rapidly diversifying field rather than to quantify the effect size of a single intervention (Grant & Booth, 2009). This choice does not relax the expectation of a transparent and reasonably comprehensive search; it allows the reviewer greater latitude in selecting illustrative and influential studies capable of representing the diversity of methodological approaches under consideration.
2.5 Screening Workflow and Selection of Influential Studies
Records retrieved from database searches were first screened by title and abstract to remove studies clearly outside scope, such as those addressing unrelated domains of computer vision or agricultural mechanisation without a pest or disease surveillance component. Duplicate records arising from overlapping database coverage were identified by matching digital object identifiers and title strings and were removed prior to full-text screening. Full texts of remaining records were then assessed against the inclusion and exclusion criteria above. Where multiple studies addressed a closely related technical problem, such as convolutional neural network classification of a particular crop disease, preference was given to studies published in higher-impact venues, studies reporting validation on field-collected rather than exclusively laboratory-curated images, and studies with substantial citation counts as an indicator of influence within the field, consistent with the guidance on identifying seminal contributions within a defined typology of review types (Grant & Booth, 2009). No language restriction beyond the requirement for English-language publication was applied at the search stage, though the final selected corpus consists predominantly of English-language articles, reflecting the composition of the indexed databases searched.
2.6 Summary of Search Strategy
Table 1 summarises the principal elements of the search strategy described above, including the databases consulted, the date range applied, and the inclusion and exclusion criteria used to screen candidate studies. The table is intended to make the review's search process transparent and, so far as a narrative format allows, reproducible.
Table 1. Summary of the literature search strategy
	Element
	Specification

	Databases
	Web of Science, Scopus, Google Scholar, PubMed, AGRICOLA, CAB Abstracts, AGRIS, IEEE Xplore, DOAJ

	Date range
	January 2015 – 26 March 2026

	Core search clusters
	Artificial intelligence/machine learning; pest/disease surveillance target; application domain (decision support, precision agriculture, remote sensing)

	Inclusion criteria
	Peer-reviewed journal articles; English language; machine learning/deep learning component; direct relevance to plant pest or disease surveillance

	Exclusion criteria
	Conference proceedings, theses, books, preprints, patents; non-peer-reviewed sources; studies without a machine learning component; weed-only studies outside a broader pest/disease framework

	Review type
	Narrative, with structured multi-database search and documented screening

	Duplicate handling
	Digital object identifier and title matching prior to full-text screening


Source: search strategy design informed by Grant and Booth (2009).

3. Foundations of Machine Learning and Deep Learning for Surveillance
3.1 From Classical Machine Learning to Deep Architectures
Early applications of computational methods to pest and disease identification relied on classical machine learning algorithms operating on hand-engineered features, such as colour histograms, texture descriptors, and shape measurements extracted from leaf or insect images, classified using support vector machines, random forests, or k-nearest neighbour algorithms (Pydipati et al., 2006). These approaches demonstrated the feasibility of automated classification but required considerable domain expertise to design effective feature extractors and generalised poorly when lighting, background, or symptom presentation varied from the conditions under which the feature set was designed.
The introduction of convolutional neural networks capable of learning hierarchical feature representations directly from raw pixel data removed much of this manual feature engineering burden and produced a substantial improvement in classification accuracy across plant disease benchmarks (Mohanty et al., 2016). Convolutional architectures such as residual networks, densely connected networks, and lightweight mobile architectures have since become the dominant approach for image-based classification of both plant disease symptoms and insect pests, with systematic reviews reporting their consistent superiority over classical feature-based methods across a wide range of crop and disease combinations (Pacal et al., 2024; Shoaib et al., 2023). More recently, vision transformer architectures, which model long-range spatial dependencies through self-attention mechanisms rather than local convolutional filters, have been applied to plant disease classification with competitive or superior performance in several benchmark comparisons, particularly where subtle or diffuse symptom patterns are involved.
3.2 Object Detection and Localisation Frameworks
Classification models assign a single label to an image and are well suited to controlled settings in which a single symptom or specimen dominates the frame. Field deployment, however, more often requires localisation of multiple instances within a cluttered scene, for example several insects on a sticky trap or several disease lesions on a single leaf. Object detection frameworks address this requirement by simultaneously predicting bounding boxes and class labels for each instance present. Two-stage detectors such as Faster region-based convolutional neural networks offer high localisation accuracy at the cost of inference speed, whereas single-stage detectors in the You Only Look Once family have become increasingly favoured for pest and disease surveillance applications owing to their substantially faster inference, a property of particular importance for real-time deployment on embedded or mobile hardware in the field (Aldakheel et al., 2024).
Successive iterations of the You Only Look Once architecture have been adapted specifically for agricultural pest detection tasks. A maize-focused variant incorporating adjustments for small object detection and dense insect clustering achieved high precision while maintaining inference speeds compatible with field deployment (Yang et al., 2023). Comparable adaptations have addressed the particular challenge posed by pest datasets, in which target objects are frequently small relative to the image frame, occur at highly variable scales, and belong to visually similar classes that are difficult even for trained entomologists to distinguish without magnification. These architectural adaptations illustrate a broader pattern in the literature: general-purpose computer vision architectures require domain-specific modification to perform reliably on the particular visual statistics of pest and disease imagery, rather than being deployable unmodified from benchmark datasets designed for other object categories.
3.3 Summary of Core Model Families
Table 2 draws together the model families discussed above, from classical feature-based classifiers through to modern object detectors, and links each to a representative study. The progression down the table broadly tracks the historical development of the field, with each successive family addressing a limitation of the one before it, whether that is manual feature engineering, limited representational capacity, or slow inference speed.
Table 2. Principal machine learning and deep learning approaches applied to pest and disease surveillance
	Model family
	Representative task
	Key characteristics
	Illustrative reference

	Classical machine learning (support vector machine, random forest)
	Feature-based disease/pest classification
	Requires hand-engineered features; limited generalisation across conditions
	Pydipati et al. (2006)

	Convolutional neural networks
	Leaf disease classification
	Learns hierarchical features from raw images; strong benchmark performance
	Mohanty et al. (2016)

	Vision transformers
	Disease classification with complex symptom patterns
	Models long-range spatial dependencies via self-attention
	Pacal et al. (2024)

	Two-stage object detectors (Faster region-based convolutional neural network)
	Multi-instance pest/disease localisation
	High localisation accuracy; slower inference
	Aldakheel et al. (2024)

	Single-stage object detectors (You Only Look Once family)
	Real-time pest detection
	Fast inference suited to field and embedded deployment
	Yang et al. (2023)


Sources: Pydipati et al. (2006); Mohanty et al. (2016); Pacal et al. (2024); Aldakheel et al. (2024); Yang et al. (2023).

4. Sensing Modalities and Data Acquisition for Surveillance
4.1 Imaging Sensors: From Visible Light to Hyperspectral Data
The overwhelming majority of published pest and disease detection studies rely on red-green-blue imagery captured by conventional cameras or smartphones, reflecting the low cost and wide availability of this sensing modality. Hyperspectral and multispectral imaging extend this capability by capturing reflectance across dozens or hundreds of narrow spectral bands, enabling detection of physiological changes associated with early-stage infection or infestation before visible symptoms appear. Hyperspectral approaches have demonstrated the capacity to distinguish among multiple insect pest species within cereal crops based on subtle spectral signatures arising from differences in colouration and surface morphology, achieving high classification accuracy for species with distinct spectral properties while showing somewhat reduced accuracy for smaller or darker-coloured insects whose spectral signal is weaker (Yamada et al., 2024). Comparable hyperspectral pipelines have been applied to early detection of fungal pathogens such as wheat stem rust, where machine learning classifiers trained on carefully preprocessed spectral data achieved substantial improvements in classification accuracy relative to raw spectral input, underscoring the importance of preprocessing pipelines in extracting usable signal from noisy hyperspectral data streams (Fedotov et al., 2025). Complementary work coupling proximal remote sensing with molecular diagnostics has shown that machine learning classifiers can detect wheat stripe rust during its latent, pre-symptomatic period, offering a diagnostic window considerably earlier than visual inspection alone (Liu et al., 2023), while vibrational spectroscopy combined with machine learning has similarly been used to flag corn leaf disease at a stage before symptoms become visually apparent (Ni et al., 2024). Taken together, these spectroscopic approaches point toward a diagnostic capability that operates ahead of, rather than merely alongside, visual symptom recognition.
4.2 Internet of Things Devices and Smart Traps
A parallel stream of development has focused on networked sensor devices deployed directly in the field. Smart insect traps equipped with cameras, environmental sensors, and onboard or cloud-connected processing capability allow continuous, unattended monitoring of pest populations, replacing the labour-intensive practice of manual trap inspection. Reviews of Internet of Things-enabled disease monitoring systems emphasise the complementary strengths of networked sensing for data collection, storage, and communication, and deep learning for automated feature extraction and classification, arguing that the integration of these two technology streams constitutes a key enabling combination for scalable plant health monitoring (Dhaka et al., 2023). Multi-model architectures that combine Internet of Things sensor data with several deep learning classifiers running in parallel have likewise been proposed for early corn disease detection, with the intention of using agreement across models as an additional signal of diagnostic confidence rather than relying on any single classifier in isolation (Rashid et al., 2024). Comparable architectures for remote insect trap monitoring have paired convolutional detection models with wireless connectivity to deliver near real-time pest counts to central servers, substantially reducing the labour burden associated with manual trap inspection while introducing new engineering challenges around power supply, connectivity in remote agricultural settings, and on-device computational constraints.
Broader reviews of smart sensor technologies for precision agriculture situate insect and disease sensing within a wider ecosystem of soil, weather, and crop-health sensors, arguing that the value of any individual sensing modality is substantially enhanced when integrated with complementary data streams within a unified monitoring architecture rather than deployed in isolation (Soussi et al., 2024).
4.3 Unmanned Aerial Vehicles and Satellite Remote Sensing
At the field and landscape scale, unmanned aerial vehicles equipped with multispectral or thermal sensors have extended pest and disease surveillance beyond the point-based measurements available from ground sensors, enabling systematic mapping of disease progression or pest infestation across entire fields. Systematic reviews of remote sensing technologies applied to agricultural insect pest monitoring highlight their particular value for species exhibiting large-scale, migratory population dynamics, where ground-based sampling alone cannot capture the spatial extent of an emerging outbreak, drawing specific lessons from efforts to monitor and control locust populations across large and often inaccessible geographic areas (Mpisane et al., 2025). At still larger scales, satellite-derived vegetation indices and soil moisture products have been coupled with machine learning classifiers to identify environmental conditions favourable to outbreak development, an approach discussed further in Section 7 in relation to landscape-scale pest forecasting.
4.4 Data Fusion Across Modalities
A recurring theme across the sensing-focused studies reviewed in this section is the recognition that no single modality captures the full complexity of pest and disease dynamics: imaging sensors excel at symptom or specimen identification but offer limited insight into underlying environmental drivers, while environmental and meteorological sensors capture conditions favourable to outbreak development without directly confirming pest or pathogen presence. Integrating these complementary data streams, whether through simple rule-based fusion or through machine learning models trained on combined feature sets, has been consistently identified as a means of improving both detection sensitivity and the timeliness of early warning, though the practical implementation of such fusion pipelines remains considerably less mature than single-modality detection systems and is identified in Section 8 as an area warranting further methodological development.

5. From Detection to Diagnosis: Artificial Intelligence in Plant Disease Identification
5.1 Convolutional Classification of Disease Symptoms
The classification of plant disease symptoms from leaf imagery remains the most extensively studied application within this literature, with systematic reviews analysing well over one hundred primary studies published between 2020 and 2024 alone, spanning classification, detection, and segmentation tasks across a wide range of crop species (Pacal et al., 2024). Comparative studies evaluating multiple classification architectures side by side against shared performance benchmarks have similarly found that the relative ranking of models depends heavily on the specific crop, disease, and imaging condition under test, cautioning against treating any single architecture as universally superior (Demilie, 2024). A representative example of this body of work applied a residual network architecture with more than one hundred layers to the classification of four corn leaf conditions, achieving very high training and testing accuracy while incorporating gradient-based visualisation to highlight the image regions driving each classification decision (Gopalan et al., 2025). Attention-based architectures have been applied to a related problem, that of correctly identifying compound infections in which more than one disease affects the same leaf simultaneously, a scenario poorly represented in single-label benchmark datasets but common under field conditions (Dong et al., 2024). Reported accuracy on curated benchmark datasets such as PlantVillage frequently exceeds ninety-five per cent, though, as discussed in Section 8, this performance often declines substantially when models are evaluated on field-collected imagery exhibiting greater variability in background, lighting, and symptom presentation than the curated training data.
Lightweight architectures optimised for deployment on mobile or resource-constrained devices have received particular attention given the practical requirement that diagnostic tools be usable by farmers and extension officers without access to high-performance computing infrastructure. Mobile-oriented systems trained to detect maize leaf diseases and deployed via smartphone applications have demonstrated that acceptable classification accuracy can be achieved even with the computational constraints imposed by mobile hardware, an important consideration for adoption in resource-limited farming contexts (Khan et al., 2023). Field evaluation of a comparable offline smartphone application, tested against expert diagnosticians, extension officers, and farmers in East Africa for the detection of cassava viral diseases, found that the application's diagnostic accuracy exceeded that of both extension officers and farmers and approached that of trained researchers, offering direct evidence that mobile artificial intelligence tools can meaningfully close the expertise gap in regions where diagnostic specialists are scarce (Mrisho et al., 2020).
5.2 Transfer Learning and Data-Efficient Approaches
A persistent constraint on deep learning-based disease classification is the substantial volume of labelled training data typically required to achieve robust performance, a requirement poorly matched to the practical reality that field-collected, expert-annotated disease imagery remains scarce for many crop and pathogen combinations, particularly for minor or regionally specific diseases. Transfer learning, in which a model pretrained on a large generic image dataset is fine-tuned on a smaller domain-specific dataset, has become the default strategy for addressing this constraint. Foundational work demonstrated that both dataset size and the diversity of imaging conditions represented within that dataset substantially influence the effectiveness of transfer learning for plant disease classification, with models trained on narrow, homogeneous datasets showing markedly reduced generalisation when applied to images collected under different conditions (Barbedo, 2018). This finding has proven durable across subsequent years of research and underpins much of the current emphasis on dataset diversity, rather than dataset size alone, as the primary lever for improving model robustness.
Generative adversarial networks have emerged as a complementary strategy for addressing data scarcity, synthesising additional training images that expand the effective diversity of limited datasets without requiring additional field data collection. Systematic reviews of generative adversarial network applications in agricultural image augmentation report consistent improvements in downstream classification accuracy when synthetic images are incorporated into training pipelines, particularly for disease classes with very few available field examples (Lu et al., 2022). Architectures combining a generator, discriminator, and classifier within a single framework have demonstrated further gains by using the generative component not merely to augment training data but to directly balance class distributions within imbalanced plant disease datasets (Wang & Cao, 2023). Earlier work applying generative adversarial networks under explicitly limited training conditions similarly demonstrated meaningful accuracy improvements over conventional data augmentation techniques such as rotation and flipping, which fail to capture the genuine visual diversity present in field conditions (Bi & Hu, 2020).
5.3 Explainable Artificial Intelligence in Diagnostic Systems
The adoption of deep learning-based diagnostic tools by farmers, agronomists, and plant protection services depends substantially on the degree to which model outputs can be trusted and verified rather than treated as an opaque black box. This concern has motivated growing use of explainable artificial intelligence techniques within the plant disease detection literature, most commonly gradient-weighted class activation mapping, which generates visual heatmaps indicating the image regions most influential to a given classification decision. Application of this technique alongside a residual network classifier for corn leaf disease diagnosis demonstrated that the resulting heatmaps generally aligned with regions of visible disease symptoms, providing a mechanism by which farmers and agronomists could verify that the model's predictions were grounded in biologically meaningful evidence rather than spurious correlations with background or lighting artefacts (Gopalan et al., 2025). Comparable explainability approaches applied to corn disease classification using a different convolutional architecture have similarly emphasised the role of visual explanation in bridging the gap between raw model accuracy and the practical trust required for field adoption (Tariq et al., 2024). Complementary interpretability methods, including local interpretable model-agnostic explanations and integrated gradients, have been used alongside gradient-based visualisation to provide multiple, cross-validating perspectives on model decision-making, an approach that appears increasingly favoured over reliance on any single explanation technique in isolation.
5.4 Summary of Diagnostic Approaches
Table 3 consolidates the diagnostic approaches discussed in this section, moving from core classification methods through to the data-efficiency and interpretability techniques that have grown up around them. Read as a whole, the table illustrates that progress in this area has come less from any single dominant architecture and more from a layered set of complementary techniques, each addressing a specific weakness in the classification pipeline.
Table 3. Summary of artificial intelligence approaches to plant disease diagnosis
	Approach
	Primary purpose
	Reported benefit
	Illustrative reference

	Deep convolutional classification
	Symptom-based disease identification
	High accuracy on curated benchmark datasets
	Mohanty et al. (2016); Gopalan et al. (2025)

	Mobile-optimised lightweight models
	On-device diagnosis for smallholder use
	Feasible deployment without high-performance computing
	Khan et al. (2023); Mrisho et al. (2020)

	Transfer learning
	Mitigating limited labelled data
	Faster convergence; improved generalisation when source data is diverse
	Barbedo (2018)

	Generative adversarial network augmentation
	Synthetic expansion of scarce datasets
	Improved classification accuracy for underrepresented classes
	Lu et al. (2022); Wang & Cao (2023); Bi & Hu (2020)

	Explainable artificial intelligence (gradient-weighted class activation mapping, local interpretable model-agnostic explanations)
	Interpretability and trust building
	Verifiable alignment between predictions and visible symptoms
	Gopalan et al. (2025); Tariq et al. (2024)


Sources: Mohanty et al. (2016); Barbedo (2018); Khan et al. (2023); Lu et al. (2022); Wang and Cao (2023); Bi and Hu (2020); Gopalan et al. (2025); Tariq et al. (2024); Mrisho et al. (2020).

6. Artificial Intelligence Applications in Pest Detection and Monitoring
6.1 Object Detection for Insect Pest Identification
Insect pest surveillance presents distinctive computer vision challenges relative to plant disease classification: pest specimens are frequently small relative to the image frame, occur in clusters that require accurate instance separation, and belong to species that are often visually similar to non-target or beneficial insects. Object detection architectures adapted specifically for these conditions have shown consistent improvement over generic detection frameworks. A maize-focused adaptation of the You Only Look Once architecture, incorporating modifications to improve detection of small and densely clustered targets, achieved high precision and real-time inference speed on field-collected pest imagery, illustrating the value of domain-specific architectural tuning over unmodified application of general-purpose detectors (Yang et al., 2023). Detection accuracy in this literature is consistently reported to decline for pest classes exhibiting fine-grained morphological similarity, motivating continued research into attention mechanisms and multi-scale feature extraction techniques capable of resolving these subtle distinctions.
6.2 Smart Traps and Internet of Things-Enabled Monitoring
The integration of computer vision detection models with networked trap infrastructure has enabled a shift from manual, periodic trap inspection toward continuous, automated pest population monitoring. Systems combining wireless sensor networks with deep learning-based image classification allow pest counts and species identification data to be transmitted to centralised servers in near real time, providing plant protection services and growers with substantially more current information than traditional weekly or biweekly manual scouting can offer (Dhaka et al., 2023). These systems nonetheless face persistent engineering constraints around power supply in remote field locations, connectivity in areas with limited cellular coverage, and the computational cost of running detection models on resource-constrained embedded hardware, factors that continue to limit the scale at which such systems have been deployed operationally relative to the scale demonstrated in research prototypes.
6.3 Landscape-Scale Forecasting of Migratory and Climate-Sensitive Pests
For pest species capable of rapid, large-scale population growth and long-distance migration, most notably locust species, image-based detection at the individual specimen level is of limited practical value relative to landscape-scale forecasting of the environmental conditions likely to precede an outbreak. Reviews of remote sensing approaches to insect pest monitoring emphasise the particular importance of satellite-derived soil moisture, vegetation greenness, and temperature data as predictors of breeding conditions for such species, arguing that machine learning models trained on these environmental covariates offer meaningful lead time for intervention relative to reactive, ground-based detection alone (Mpisane et al., 2025). This forecasting orientation extends naturally to the broader challenge of anticipating how climate change will reshape pest distributions over coming decades, a topic addressed further in Section 7 in relation to predictive decision support.
6.4 Summary of Pest Monitoring Approaches
Table 4 brings together the pest surveillance approaches discussed above according to the spatial scale at which each operates, from individual specimen detection through to landscape-level environmental modelling. The progression across the table reflects a genuine trade-off in this literature: finer spatial resolution generally comes at the cost of narrower geographic coverage, and the choice of approach in practice depends on whether the target pest behaves as a localised, field-level problem or a wide-ranging, migratory one.
Table 4. Summary of artificial intelligence approaches to insect pest surveillance
	Approach
	Spatial scale
	Primary data source
	Illustrative reference

	Domain-adapted object detection
	Individual specimen/trap image
	Red-green-blue camera imagery
	Yang et al. (2023)

	Hyperspectral species discrimination
	Individual specimen/canopy
	Hyperspectral reflectance
	Yamada et al. (2024)

	Internet of Things-enabled smart traps
	Field/farm
	Networked camera and environmental sensors
	Dhaka et al. (2023)

	Satellite-based environmental suitability modelling
	Landscape/regional
	Satellite vegetation and soil moisture indices
	Mpisane et al. (2025)


Sources: Yang et al. (2023); Yamada et al. (2024); Dhaka et al. (2023); Mpisane et al. (2025).

7. From Detection to Decision Support
7.1 Architectures of Agricultural Decision Support Systems
A decision support system, in the agricultural context, is a computational tool that integrates data collection, processing, and analysis to generate actionable recommendations for growers, functioning as the interface between raw model outputs and the practical intervention decisions that determine field outcomes. The value of an increasingly sophisticated detection model is only realised when its output is embedded within a system capable of translating a classification or forecast into a specific, timed, and economically justified recommendation, whether that concerns the choice of fungicide, the timing of an insecticide application, or the decision to forgo intervention where predicted losses do not justify the cost of treatment. The field evaluation of the offline smartphone application discussed in Section 5.1 illustrates this point directly: the tool was designed not merely to classify a symptom but to deliver, in real time and without an internet connection, management advice tailored to the specific disease identified, a design choice explicitly aimed at reaching farmers and extension officers in areas with limited connectivity and few available specialists (Mrisho et al., 2020). Such design considerations matter because decision support tools requiring expensive hardware, stable high-bandwidth connectivity, or subscription-based cloud services risk excluding precisely the farming populations who stand to benefit most from timely, low-cost diagnostic support.
7.2 Predictive and Forecasting Models for Anticipatory Management
Beyond reactive detection of existing pest or disease presence, a growing segment of the literature addresses predictive modelling intended to forecast outbreak risk ahead of onset, drawing on climatic, environmental, and historical outbreak data. The satellite-driven forecasting approaches for migratory pests discussed in Section 6.3 are one expression of this anticipatory logic, using environmental covariates to flag breeding conditions before a population reaches outbreak density (Mpisane et al., 2025). A longer-horizon version of the same problem concerns how the geographic range of a given pest species is likely to shift as climate conditions change. Species distribution modelling, using algorithms such as generalised additive models, classification and regression trees, and maximum entropy modelling, has been applied to project such shifts, and work using the invasive tomato red spider mite as a case study has shown that the resulting projections carry substantial uncertainty, arising not only from the choice of statistical modelling method but also from limited knowledge of a species' true prevalence and from biological variation between distinct populations of the same organism (Meynard et al., 2013). This finding is a useful corrective to any expectation that machine learning-based range projections can be treated as precise forecasts rather than as one input, with a quantifiable margin of error, into longer-term strategic planning around crop selection, quarantine policy, and surveillance resource allocation.
7.3 Precision Intervention and Variable-Rate Application
At the point of intervention, artificial intelligence-derived detection and mapping outputs are increasingly coupled with variable-rate application technologies, most notably unmanned aerial spraying systems capable of adjusting pesticide application rate and location according to real-time or recently mapped pest and disease distribution data. Reviews of unmanned aerial vehicle-based variable-rate spraying systems highlight their capacity to concentrate chemical application on affected zones rather than applying uniform treatment across an entire field, a shift with meaningful implications for input cost reduction and environmental impact mitigation, while also noting that the control systems required to translate a detection map into a precise, spatially varying spray prescription introduce their own engineering complexity around flight path optimisation, droplet size control, and calibration under variable wind conditions (Hanif et al., 2022). The coupling of detection, mapping, and variable-rate application represents, in principle, the fullest realisation of the detection-to-decision-support continuum that this review addresses, though the operational literature validating this full pipeline under commercial farming conditions remains considerably thinner than the literature validating each individual component in isolation.
7.4 Summary of Decision Support Approaches
Table 5 sets out the decision support and predictive management approaches discussed in this section against the specific function each performs within the broader detection-to-intervention pipeline, together with the deployment consideration most likely to determine whether a given approach succeeds outside the research setting in which it was developed.
Table 5. Summary of decision support and predictive management approaches
	Approach
	Function within decision support pipeline
	Key consideration for deployment
	Illustrative reference

	Offline mobile diagnostic and advisory tools
	Translating classification output into grower-facing guidance
	Accessibility for smallholder and low-connectivity users
	Mrisho et al. (2020)

	Satellite-driven environmental forecasting
	Anticipatory forecasting ahead of outbreak onset
	Timeliness relative to migratory pest population growth
	Mpisane et al. (2025)

	Species distribution modelling under climate scenarios
	Strategic, longer-horizon range-shift projection
	Quantifiable uncertainty in projections; model and prevalence sensitivity
	Meynard et al. (2013)

	Unmanned aerial vehicle variable-rate application
	Precision intervention following detection/mapping
	Flight control complexity; calibration under field conditions
	Hanif et al. (2022)


Sources: Mrisho et al. (2020); Mpisane et al. (2025); Meynard et al. (2013); Hanif et al. (2022).

8. Persistent Challenges Constraining Translation to Practice
Despite the substantial technical progress documented above, several interlinked challenges continue to constrain the translation of research-grade artificial intelligence systems into dependable field-deployed surveillance and decision support tools. The first and most frequently cited concerns the gap between accuracy reported on curated, often laboratory-collected, benchmark datasets and accuracy achieved on genuinely field-collected imagery exhibiting variable lighting, cluttered backgrounds, occlusion, and mixed disease or pest presentations; foundational work identifying dataset size and diversity as the dominant determinants of transfer learning effectiveness remains directly relevant to this concern (Barbedo, 2018). A second, closely related challenge is class imbalance, since minor or regionally uncommon pests and diseases are systematically underrepresented in training datasets relative to major, well-studied threats, a problem that generative data augmentation techniques partially but not fully address (Wang & Cao, 2023). Third, interpretability remains incomplete even where explainable artificial intelligence techniques are applied, since gradient-based visualisation methods indicate which image regions influenced a prediction without necessarily confirming that the underlying reasoning is biologically sound, a limitation acknowledged even within studies specifically designed to improve model transparency (Gopalan et al., 2025). Fourth, computational and infrastructural constraints, including limited connectivity, intermittent power supply, and the cost of high-performance computing hardware, continue to disproportionately limit deployment of otherwise promising systems in precisely the low-resource farming contexts where diagnostic support is most needed. Finally, the literature on decision support integration remains considerably less mature than the literature on detection accuracy in isolation, with comparatively few studies validating complete pipelines from sensing through to intervention under real commercial farming conditions rather than controlled research trials.

9. Future Directions
Building on the challenges identified above, several research directions appear particularly likely to advance the field toward reliable, field-deployable surveillance and decision support. Federated learning architectures, in which model training occurs across distributed data sources without centralising raw data on a single server, offer a promising route to expanding effective training data diversity across geographically dispersed farms while addressing the data ownership and privacy concerns that might otherwise discourage growers from contributing field imagery to shared model development efforts. Applied work on federated learning for crop disease detection has shown that decentralised training across distributed image sources can achieve classification performance comparable to centralised training on pooled data, indicating that this approach need not come at a significant accuracy cost while substantially improving the geographic and environmental diversity of the underlying training data (Mamba Kabala et al., 2023). Continued development of multimodal sensor fusion frameworks, combining imaging, environmental, and acoustic or chemical sensing modalities within unified predictive pipelines, represents a second priority, given the consistent finding that no single sensing modality captures the full complexity of pest and disease dynamics in isolation. Closer methodological integration between predictive forecasting models and precision intervention technologies, extending the variable-rate application literature discussed in Section 7.3 toward fully validated closed-loop systems tested under commercial farming conditions, would meaningfully narrow the gap between research demonstration and operational deployment. Finally, sustained investment in field-collected, expert-annotated, and geographically diverse benchmark datasets, spanning a wider range of crop, pest, and disease combinations than currently well-represented collections such as PlantVillage, would directly address the generalisation limitations identified as the most consistently cited barrier throughout this review (Barbedo, 2018; Pacal et al., 2024).

10. Conclusions
Artificial intelligence and machine learning have fundamentally reshaped the technical landscape of plant pest and disease surveillance over the past decade, moving the field from manual visual inspection toward automated, image- and sensor-driven detection capable of operating at a scale and speed unattainable through traditional scouting alone. Convolutional neural networks and, more recently, vision transformer architectures have achieved consistently high accuracy in classifying disease symptoms and identifying insect pests from image data, while object detection frameworks have extended this capability to the localisation of multiple instances within complex field scenes. Sensing has diversified correspondingly, from conventional imaging toward hyperspectral, Internet of Things-enabled, and remote sensing modalities capable of capturing signals invisible to the unaided eye or accessible only at landscape scale. Yet the review's central finding is that detection accuracy, however impressive within controlled research settings, does not by itself constitute surveillance capability. The translation of detection outputs into decision support that farmers, agronomists, and plant protection services can trust and act upon remains considerably less developed than the underlying detection technology, constrained by persistent gaps in field generalisation, data scarcity for minor pests and diseases, incomplete interpretability, and infrastructural barriers that fall most heavily on the resource-limited farming systems where the need for accessible diagnostic support is greatest. Closing this gap will require not further incremental gains in benchmark classification accuracy, but sustained attention to data diversity, model transparency, and the practical integration of predictive analytics with the decision-making structures and intervention technologies that ultimately determine field outcomes.

11. Limitations
As a narrative rather than systematic review, this article does not report a fully quantified, reproducible search yield at each screening stage, and the selection of illustrative studies, while guided by explicit inclusion and exclusion criteria, retains an element of reviewer judgement regarding which contributions best represent a given technical approach. The literature search, while spanning multiple databases and field-specific indexing resources, was restricted to English-language, peer-reviewed journal publications, which may have led to the omission of relevant regionally focused research published in other languages or through non-indexed regional agricultural journals, particularly research addressing pest and disease challenges specific to smallholder farming contexts in parts of Africa, Asia, and Latin America. The rapid pace of publication in this field also means that the corpus reviewed, current as of the search cut-off date, will not capture subsequent developments, and given the exceptionally high volume of primary studies applying broadly similar convolutional or object detection architectures to individual crop-pest or crop-disease combinations, this review has necessarily prioritised depth of synthesis across major technical themes over exhaustive enumeration of every published application study.
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