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Abstract

Effective pest management requires accurate and continuous monitoring. This monitoring helps assess population dynamics
and guides the development of integrated pest management strategies. Traps used to capture insects are an alternative applied
to various crops. However, the identification and manual counting of specimens are time-consuming, require taxonomic
knowledge, and depend on the expertise of specialists. Automation could reduce costs, increase accuracy, and enable scalable
analyses. Current computer vision and artificial intelligence techniques can quickly and accurately identify objects in digital
images. This study presents a systematic review of literature retrieved from multidisciplinary and specialized databases
(Scopus, ACM, Web of Science, IET, DBLP, Springer, and ScienceDirect), focusing on the intersections of agriculture,
ecology, and computer science. We found 284 studies published between 2020 and 2025. Among them, 57 fulfilled the
eligibility criteria, considering applied computing solutions for insect identification and counting using digital images of
specimens collected via traps or photographed in situ on plants, in both field and laboratory settings. The findings highlight
the use of electronic traps for real-time data collection and improvements in convolutional neural networks, with visual
transformers and attention mechanisms for multi-species and fine-grained recognition. They also indicate opportunities to
leverage microscopy resources, overcome limitations in the large-scale deployment and integration of electronic trap networks,
and integrate real-time monitoring data with forecasting models using weather predictions to promote early warning systems
for integrated pest management.
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2023). Research conducted in several countries, including
China, Brazil, Italy, Taiwan, Portugal, Malaysia, Croatia, and
Spain, shows a global effort to develop automated pest iden-
tification and counting systems (De Cesaro Junior and Rieder
2020; Li et al. 2021). These systems are being designed for a
wide range of crops. Examples include corn, wheat, rice,
cocoa, cotton, citrus, mango, tomatoes, soybeans, apples,
pears, strawberries, asparagus, sugar beets, witloof chicory,
and various greenhouse crops.

DL techniques have been central to these advances.
Researchers have used a wide range of intelligent models
and custom configurations for object detection, as well as
for pest classification and counting in digital images. Several
solutions have been proposed in this context. One example
is the use of electronic traps (e-traps) with integrated cam-
eras and edge computing devices that rely on light, color,
or pheromone attractants. These systems enable continuous
real-time monitoring and reduce the need for human interven-
tion (Wang et al. 2022; Rustia et al. 2021; Freitas et al. 2022).
Another approach is laboratory scanning and identification,
which allows the capture of high-resolution images in con-
trolled environments and supports the use of more complex
models (Ibrahim et al. 2023; Kalfas et al. 2023; De Cesaro
et al. 2022).

Overall, these technological innovations primarily pro-
vide strong technical support for integrated pest management
(IPM). These systems provide accurate real-time detection
and pest population counting, enabling informed decision-
making about the timing and intensity of interventions. That
also contributes to reduced pesticide use and promotes more
sustainable and less ecologically impactful agricultural prac-
tices (Rustia et al. 2023).

This review presents a survey that examines recent
advances in automated insect monitoring, focusing on how
computer vision (CV) and Al techniques can address the
limitations of manual identification. This survey reviewed
the technological advances reported in 57 articles, analyzing
the state of the art in identifying and counting agricultural
pests in challenging scenarios. It highlights the DL methods
employed, model performance in generalist, multi-species,
and fine-grained classifications, the maturity of e-traps, and
the main knowledge gaps.

This survey presents an updated and expanded review
of the work previously published by De Cesaro Jtnior and
Rieder (2020), which focused on developments from 2015
to 2019. The necessity for a new bibliographic survey cover-
ing the 2020-2025 period is driven by rapid technological
advancements over the past 6 years that have fundamen-
tally transformed the paradigm of computer vision (CV)
in agriculture. Notable innovations include convolutional
neural network (CNN) architectures from the YOLO fam-
ily and Vision Transformers (ViT). In conjunction with the
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widespread adoption of high-performance edge computing
platforms such as NVIDIA Jetson, Raspberry Pi, and ESP32,
these advances have enabled the transition from theoretical
models to autonomous embedded solutions. This study seeks
to elucidate these recent developments and to provide guide-
lines for monitoring systems aligned with the principles of
Agriculture 4.0.

Our review method and eligibility criteria are presented in
the “Materials and Methods” section. The “Results” section
shows the findings of the analyses in the selected studies. The
“Discussion” section discusses and analyzes the approaches
found, highlighting the main findings. Finally, the conclu-
sions are presented in the “Conclusions” section.

Materials and Methods

Our survey covered studies published between 2020 and
2025 and followed the Preferred Reporting Items for Sys-
tematic reviews and Meta-Analyses (PRISMA) guidelines
(Page et al. 2021). To ensure a comprehensive retrieval of
literature at the intersections of agriculture, ecology, and
computer science, we consulted seven multidisciplinary and
specialized digital databases: Scopus, Association for Com-
puting Machinery (ACM), Web of Science, Institution of
Engineering and Technology (IET), Digital Bibliography &
Library Project (DBLP), Springer, and Science Direct. Only
English-language research articles published in journals were
included. The survey and analysis were conducted from May
to July 2025. The search strategy was applied to the title,
abstract, and keywords metadata fields, ensuring the selection
of studies where the core topics were central to the research:
(aphid OR insect OR pest) AND trap AND (identification OR
Counting OR detection OR monitoring) AND (automatic OR
electronic)

Figure 1 illustrates the systematic review process used in
this study. In Phase 1, we identified 17,416 records. Phase 2
involved screening for scientific articles written in English
and published in journals, resulting in 7082 records. In Phase
3, we applied filters for agriculture, entomology, computer
science, and journals focused on these fields, reducing the set
to 559 articles. Phase 4 restricted the results to studies pub-
lished between 2020 and 2025, yielding 338 articles. In Phase
5, we removed duplicates and obtained 284 records. Phase
6 applied the eligibility criteria to the articles retained from
Phase 5. This step involved reviewing the title, abstract, and
keywords, as well as examining the materials and methods
briefly. The criteria were as follows:

e The study must propose an applied computing solution
for insect identification and counting.
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Systematic Mapping Review
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Fig.1 Study selection flowchart for studies in the systematic review

e Insects must be captured using traps (conventional or
electronic) or photographed in situ directly on plants,
under field or laboratory conditions.

e Identification must rely on digital images.

Following the initial screening, 146 studies were selected
for full-text review, resulting in 57 articles that met the eli-
gibility criteria for in-depth investigation. These selected
studies are detailed in Table S1.

Results

The 57 studies selected for this research are summarized in
Supplementary Material Table S1. This comprehensive list
provides the identification and country for each study (first
two columns), along with the specific crop and target insect
species (third and fourth columns). The fifth column speci-
fies the trap types, ranging from traditional attractants (yellow
cards, pheromones, or light traps) to e-traps integrated with
attraction methods. The sixth column summarizes the CV
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and DL methods employed, while the seventh reports on the
effective application of IPM, including integration with cli-
mate data or prognostic tools.

Macro-analysis

The 57 selected articles used a wide range of software
and hardware technologies to automate pest monitoring
in agricultural environments, with an emphasis on digi-
tal imaging and DL methods. The studies proposed sev-
eral image-acquisition alternatives, including digital micro-
scopes, industrial cameras, smartphone cameras, desktop
digitizers, and sensors connected to single-board computers.
Notably, although the search strategy prominently featured
the term “trap,” the eligibility criteria explicitly included
studies employing in situ photography directly on plants.
This inclusion acknowledges that automated monitoring
encompasses both physical trapping systems and direct field
observations, provided the objective is the systematic iden-
tification and counting of pests.

The studies utilizing physical trapping systems relied on
attractants—such as color, pheromones, or light—to draw
and retain insects. Within this subset, 20 articles introduced
new electronic trap (e-trap) prototypes that integrated imag-
ing sensors and edge computing components, while eight
articles used devices developed in earlier research. The
remaining studies focused on improving intelligent models
for multi-species identification, fine-grained visual classi-
fication (FGVC), and generalized counting. These works
primarily leveraged public datasets (Xiang et al. 2023; Bol-
lis et al. 2022; Liu et al. 2021) or laboratory-based solutions
involving microscopy equipment and industrial cameras
(Amarathunga et al. 2022; Ibrahim et al. 2023; Le et al.
2020; De Castro Pereira et al. 2022; Kalfas et al. 2023), often
serving as the computational foundation for future in situ or
trap-based applications.

In this survey, IPM relevance is categorized based on the
application context: most works identify IPM as the moti-
vating framework for automation, while a select subset of
studies achieves operational integration by fusing recogni-
tion outputs with climatic variables for pest forecasting.

Algorithms such as You Only Look Once (YOLO) vari-
ants (YOLOv3, YOLOv4, YOLOvS, YOLOv7, YOLOVS,
YOLOv10n), Faster R-CNN, mask R-CNN, EfficientDet,
and architectures based on ResNet, MobileNet, and Vision
Transformers (ViT, PVTv2, SwinlR) were commonly adapted
forrecognizing targetinsects (object detection, classification,
and density tasks) (Wang et al. 2025; Hong et al. 2021; De
Cesaro Junior and Rieder 2020; Hechen et al. 2024). These
adaptations often included attention mechanisms, such as
SENet, CBAM, CA, ECA, SSA, LAHead, and the multi-
attention module, to focus on relevant features (Xiang et al.
2023; Bollis et al. 2022; Nanni et al. 2020; Peng and Wang

@ Springer

2022). Feature pyramid networks have also been commonly
applied to handle multiple object scales, as well as customiza-
tions to loss and anchor functions to optimize the detection
of small objects and clusters (Zhang et al. 2024; Liu et al.
2020; Chen et al. 2025a). Additionally, data augmentation
and transfer learning techniques were widely employed to
improve the robustness and generalizability of the models
(Huang et al. 2021; Freitas et al. 2022; Bai et al. 2024).

Regarding solution performance, it is difficult to directly
compare results due to differences in datasets, pest classes,
imaging conditions, and metrics. However, overall high-
performance trends are notable. The most frequently reported
metrics were as follows:

e Accuracy: classification task

e Mean average precision (mAP@0.5, mAP@0.5:0.95),
precision, recall, and F1-score: object detection task

e Mean absolute error (MAE) and root mean squared error
(RMSE): counting tasks

e Coefficient of determination (R?): assessment of regres-
sion adjustments

Figure 2 illustrates a diagram categorized for the analysis
of the selected articles, to be explored in the next sections,
and evaluated under the following aspects: (i) country, crops,
and insect groups; (ii) trap types and automation; (iii) pur-
pose of automatic recognition; and (vi) difficulties and biases
reported by the authors.

Classification by Country, Crops, and Insect Groups

The geographic, agricultural, and biological distributions
of the selected studies are synthesized in Fig.3. Panel A
reveals a significant geographic concentration of research
in China, which accounts for nearly 45% of the total output
(n=26). To determine the country of origin for this analysis,
we considered the primary location of the research group;
however, several studies involved international collaboration
with researchers from various countries. This dominance is
likely driven by China’s massive agricultural production and
strategic investments in Agriculture 4.0 and early warning
technologies (Wu et al. 2022), resulting in leading research
centers and the creation of pivotal public datasets, exem-
plified by Pest24 and IP102. Other significant contributions
come from Brazil (n=5), Italy (n=4), and Taiwan (n=3),
where research is often tailored to locally relevant economic
crops such as fruits and vegetables.

Regarding the agricultural context (Fig.3B), research is
primarily divided between diverse field crops (n=17) and
fruit orchards (n=8), with a notable presence in greenhouse-
grown vegetables (n=6) and rice (n=5).

The target insect groups (Fig.3C) further illustrate the
field’s economic priorities. While many studies (n=12) focus
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Fig.2 Structured process of systematic literature reviews and respective categorization of results

on broad-spectrum pest detection using generalist datasets,
specific research efforts are concentrated on leathoppers and
planthoppers (n=11), whiteflies (n=11), and moths or cater-
pillars (n=10).

Classification by Trap Types and Automation

All studies that used traps to capture insects employed attrac-
tants, including yellow color, light, and sex pheromones. No
active mechanisms, such as suction, were applied. Ten stud-
ies used yellow sticky traps (YSTs) or yellow trays with an
aqueous solution (Moericke type) (Wang et al. 2024; Ciampi
et al. 2023; Zhang et al. 2024; Bai et al. 2024; Gao et al.
2024; Gongalves et al. 2022; Amarathunga et al. 2022; De
Cesaro et al. 2022; Sun et al. 2024; Kalfas et al. 2023).
They have been conventionally exposed, with the imaging or
monitoring process still involving a manual intervention for
card collection and laboratory digitization. Two studies used
pheromones (De Souza et al. 2025; Hong et al. 2021), and
four others applied combined attractants (Zhang et al. 2022;
Ibrahim et al. 2023; Li et al. 2023; Hacinas et al. 2024).
Additionally, 13 studies (22.8%) were also captured by the
search criteria despite not using physical traps. Among these,
three studies focused on capturing images of insects directly
on the host plant (Zhou et al. 2024; De Castro Pereira et al.
2022; Zhang et al. 2025). In these cases, the plant functions

as the monitoring substrate, presenting a highly challenging
scenario for CV: high variability in natural lighting, uncon-
strained and varied backgrounds, and the need for fine focus
adjustment on live specimens. The other ten studies used
specialized datasets or laboratory images to extract subtle
morphological features (Le et al. 2020; Peng and Wang 2022;
Liuetal. 2021, 2020; Hechen et al. 2024; Vilar-Andreu et al.
2024; Nanni et al. 2020; Yonbawi et al. 2023; Bollis et al.
2022; Xiang et al. 2023). The inclusion of these studies is
essential to enrich the systematic review, as they address the
core requirements of FGVC under realistic conditions, pro-
viding the high-fidelity data necessary to train robust models
for next-generation smart traps.

Twenty studies presented electronic trap (e-traps) pro-
totypes to gather real-time data. They integrated elec-
tronic components, such as sensors, wireless communication
boards, single-board computers, microcontrollers, and pho-
tovoltaic panels, among other resources, to automate image
acquisition in the field, as well as data processing and trans-
mission. In these devices, attractants were used to attract
insects. These studies may be categorized according to the
attractant used, as follows:

e YSTs: ten articles (Huang et al. 2025; Geissmann et al.
2022; Proenca et al. 2025; Rustia et al. 2023; Chou et al.
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Fig.3 Quantitative synthesis of the 57 selected studies categorized
by geographic, agricultural, and biological dimensions. A Geo-
graphic distribution of research articles by country. B Distribution of

2023; Kargar et al. 2024; Guo et al. 2023; Rustia et al.
2021; Checola et al. 2024; Huang et al. 2021)

e Sex pheromones: six articles (Molina-Rotger et al. 2023;
Cirjak et al. 2023a, b; Freitas et al. 2022; She et al. 2022;
Wei and Zhan 2024);

e Light: two articles (Sun et al. 2022; Yao et al. 2020)

e YST and light: one article (Khairunniza-Bejo et al. 2024)

e Light and pheromone: one article (Shi et al. 2025)
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8 10 12 14 16
Number of Articles

studies by crop category. C Frequency of research efforts by the target
insect group. Asterisk (*) denotes countries with a single study contri-
bution

This survey demonstrates that YSTs were the most
employed. The availability of pheromones for certain species
and the field power generation for light emission render these
options more challenging to implement, making them less
widespread. Regarding automation, the study by Huang et al.
(2021) stands out for presenting an e-trap prototype with a
motorized system, which automatically rotates YSTs based
on the saturation level of the adhesive surface.
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Regarding the recognition of target insects, the best per-
formances were observed in prototypes that transmit the
digital images to remote/cloud servers (Wei and Zhan 2024,
Khairunniza-Bejo et al. 2024; She et al. 2022). These
locations have an increased availability of computational
resources, such as graphics processing units (GPUs) that
enable image prediction on more complex and larger DL
models. However, this alternative requires implementing an
appropriate communication network that takes into account
image size and sending frequency.

Another strategy explored by some authors is image
prediction on the device (edge computing), commonly imple-
mented in remote locations with limited or intermittent
connectivity or to minimize energy consumption and oper-
ational costs. Considering these objectives, edge device
models are often lighter and smaller, with fewer parameters
and floating-point operations (FLOPs). In some cases, this
may imply a slight compensation for maximum accuracy
compared to conventional one- or two-stage models running
on servers with high graphics processing power via GPUs.
Models such as YOLOv8-Nano/Small, TinyYOLOV3, and
SCA-YOLOVvS5s, together with study-specific optimizations
(e.g., a 2.4 MB model size and 5.6 ms processing time
reported in Wei and Zhan (2024)), demonstrate this percep-
tion.

It is worth noting that “best performance” may be subjec-
tive depending on whether the priority is maximum accuracy,
speed, edge device efficiency, or the ability to handle com-
plex conditions in the field. In summary, although higher
performance values in some raw metrics still appear in sys-
tems with remote processing, advances in local processing
of edge devices are providing very high accuracies. These
values are more than sufficient for practical pest monitoring
applications, especially when speed, autonomy, and resource
efficiency are critical factors.

Regarding edge computing applications, Raspberry Pi
(Zero W and 4B series) single-board computers stand out for
running optimized models. This context highlights (Cirjak
et al. 2023a), who performed tests that achieved accuracy
and F1-scores close to 100% for detecting apple moth using
a Raspberry Pi 4B. Rustia et al. (2023) achieved an F1-score
of 0.96 with local processing on a Raspberry Pi Zero W.
Other studies, such as Freitas et al. (2022) and Kargar et al.
(2024), demonstrate accuracy values above 90% with local
processing, prioritizing efficiency.

The electronic trap prototypes proposed in these stud-
ies are predominantly in the early validation phase, which
reflects the limited large-scale deployment and integration of
electronic trap networks into current agricultural monitoring.
This assessment is supported by the scale of implementation
and duration of experiments detailed in the Supplementary
Material Table S4. The prevalence of projects utilizing only
one or two units confirms that the primary focus remains

on validating CV technology and low-cost edge computing
hardware, rather than systemic network deployment or vol-
ume production. This “Evolving” status is further evidenced
by the duration of the studies, which suggests an incipient or
short-term validation nature in most cases. The majority of
validations span from seven days to six months, a timeframe
insufficient to cover multiple seasonal pest cycles or demon-
strate long-term robustness under varying climatic conditions
(a critical step for progression toward effective IPM decision
support). Notably, only Rustia et al. (2023) report a 2-year
validation, indicating a more mature system in terms of field
application longevity.

Classification by Automatic Recognition Purpose

The other 38 articles explored different techniques for auto-
matic pest recognition in contexts that may be later integrated
into monitoring systems or laboratory strategies. These stud-
ies were categorized into two research fronts based on their
recognition depth and hardware requirements. Technical
specifications, architectures, and metrics for both groups are
detailed in the Supplementary Material Tables S2 and S3.
The research fronts are as follows:

e Group A (FGVC): comprises studies extracting sub-
tle morphological characteristics of minute species with
high inter-class similarity or different developmental
stages

e Group B (generic detection and classification): focuses
on identifying broad classes for operational monitoring
without delving into subtle taxonomic distinctions

Group A reflects a significant effort to achieve species-
level identification through architectural modifications de-
signed to capture high-order correlations. Part-based and
attention-driven strategies are the primary solutions identi-
fied. For instance, explicit physical segmentation of the insect
body (head, thorax, and abdomen) is combined with stacked
ViT to analyze discriminative regions (Amarathunga et al.
2022). Complementarily, unsupervised spatial and channel
attention mechanisms, such as Coordination and Local Atten-
tion (CLA) in AgriPest-YOLO (Zhang et al. 2022), Pairwise
Self-Attention (PSA) in ASP-Det (Wang et al. 2022), and the
Convolutional Block Attention Module (CBAM) in Insect-
YOLO (Wang et al. 2025), act as implicit part detectors.
These modules refine the location of characteristics (e.g.,
wing venation or tarsal structures), as seen in the Coordinate
Attention (CA) of SCA-YOLOVSs (Sun et al. 2024), effec-
tively reducing visual interference from background noise
(Liu et al. 2021; Bai et al. 2024; Xiang et al. 2023; Chen
et al. 2025b).
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The adoption of transformers and hybrid architectures
(ViT + CNN) further enhances this front by balancing
global contextual information with the efficiency of con-
volutional layers. This is evidenced by backbones like the
Pyramid Vision Transformer (PVTv2) in Pest-PVT (Chen
et al. 2025a), custom mechanisms in DWVIT-ES (Hechen
et al. 2024), and the integration of ConvNeXt or CIE blocks
into YOLO frameworks to enhance feature extraction at mul-
tiple scales (Xiang et al. 2023; Wang et al. 2024; Peng and
Wang 2022). Additionally, multistage and cascade classifiers
are utilized to progressively refine detection, moving from
high-resolution feature extraction with Mask R-CNN (De
Cesaro et al. 2022) to tree-based classifiers for fine configura-
tion (Rustia et al. 2021, 2023; De Castro Pereira et al. 2022).

Beyond standard algorithms, specialized hardware and
complex databases are driving FGVC. High-fidelity acqui-
sition through microscopy, industrial cameras, or scanners
(Amarathunga et al. 2022; Li et al. 2023) is essential for
distinguishing species like Liriomyza spp. or microscopic
mites (Supplementary Material Table S5). Furthermore, the
use of challenging datasets such as IP102 and Pest24 (char-
acterized by class imbalance and visual overlap) drives the
development of salience-based preprocessing (Nanni et al.
2020) and detailed manual or point annotations to handle
densely distributed objects (Zhang et al. 2025; Ibrahim et al.
2023; Ciampi et al. 2023).

Group B prioritizes operational efficiency for large-scale
counting. The YOLO family is the dominant choice (v3,
v4, and v8) due to its trade-off between speed and preci-
sion on edge devices (De Souza et al. 2025; Hacinas et al.
2024; Wang et al. 2021). While Group A seeks taxonomic
depth, Group B focuses on density robustness. Studies in
this group consistently achieve high correlation with manual
counting, with R? values above 0.97 even in high-density
scenarios (Liu et al. 2021; Hacinas et al. 2024; De Souza
et al. 2025). Notably, generalist approaches have success-
fully achieved mAP values up to 96.7% by grouping diverse
species into single operational categories (Vilar-Andreu et al.
2024) or employing hybrid MMTL-IPCAC approaches for
high-precision classification (Yonbawi et al. 2023).

Discussion

Our findings confirm that the 2020-2025 period was marked
by the consolidation of the YOLO series as the standard for
real-time detection and the emergence of architectures based
entirely on transformers, such as the ViT. Unlike the incipient
attention mechanisms integrated into CNNs seen in the previ-
ous quinquennium, these new architectures are based purely
on self-attention mechanisms, allowing for more effective
capture of global dependencies in pestimages. In parallel, the
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availability of high-performance edge computing devices has
effectively enabled the transition from theoretical models to
the autonomous embedded solutions and smartphone-based
digital scouting applications discussed in this review.

With the increasing availability and processing power of
smartphones, these devices have emerged as accessible and
versatile tools for pest monitoring in agricultural systems.
Recent studies have investigated their potential through both
hardware adaptations and advanced on-device data process-
ing techniques. For instance, Li et al. (2023) developed an
intelligent field investigation system that employs a macro
lens (200 x magnification) and an adjustable support attached
to the smartphone camera, enabling the acquisition of high-
quality images of microscopic insects, such as species of
the genus Liriomyza, in their natural habitats. In a different
approach, Zhou et al. (2024) presented a mobile application
capable of performing autonomous pest detection directly on
the device. The application integrates the YOLOv7-tiny deep
learning model to identify and count pests in real time without
requiring internet connectivity, thereby overcoming com-
mon connectivity constraints in rural areas. Additionally, it
generates spatial distribution maps that support site-specific
pesticide applications.

Another important point concerns the complexity associ-
ated with monitoring processes. In this context, uncertainty
in automated monitoring can be categorized into three dimen-
sions: target-specific, environmental, and computational.
Target-specific bias arises from the minute size and high
morphological similarity of species, necessitating FGVC
and high-magnification hardware (Amarathunga et al. 2022;
Wangetal. 2020; Chen et al. 2025a). Environmental bias, also
referred to as contextual noise, arises from variable lighting
conditions, debris, and insect overlap in field traps, degrading
image quality and increasing the incidence of false positives
(De Cesaro et al. 2022; Checola et al. 2024; Rustia et al.
2021; Wang et al. 2020). Finally, computational bias relates
to the scarcity of balanced, large-scale public datasets and the
inherent trade-offs between model complexity and the lim-
ited processing power of edge devices (Hechen et al. 2024,
Liu et al. 2021).

Regarding the distribution of studies across crops, the ver-
satility of CV systems becomes evident, as they are being
validated across a wide range of environments, from inten-
sive greenhouse production to extensive open-field farming.
The use of multi-species datasets in these contexts high-
lights a trend toward models designed to address the high
biodiversity found in real-world agricultural ecosystems.
This aspect is particularly relevant for primary crop pests
and pathogen vectors affecting high-value crops, which
require high-frequency monitoring to support effective IPM.
Detailed references for each country, crop, and insect species
mentioned are provided in Supplementary Material Table S1.
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The availability of complex public datasets, such as IP102,
Pest24, and SA-1B, complemented by extensive proprietary
data, has been pivotal for model training. However, a signif-
icant performance gap is observed depending on the dataset
complexity. While studies utilizing the Pest24 public dataset
achieve a maximum mAP@0.5 of approximately 77.2%
(Chen et al. 2025a), due to high occlusion and multi-class
complexity, models trained on private datasets often report
superior results, exceeding 90% mAP@0.5 (Khairunniza-
Bejo et al. 2024; She et al. 2022). This discrepancy, detailed
in the Supplementary Material Table S6, and summarized
in Fig. 4, highlights the challenge of maintaining high preci-
sion in unconstrained public benchmarks compared to more
controlled private environments. The lower performance in
public sets underscores the ongoing need for more robust
architectures to handle field-level complexity, as emphasized
in the “Classification by Automatic Recognition Purpose”
section.

Furthermore, the construction of high-quality datasets is
hindered by the “taxonomic bottleneck,” as precise anno-
tation of fine-grained features requires high-level expertise,
making the scaling of automated systems a labor-intensive
process (Checolaetal. 2024). Addressing these multi-layered

uncertainties is critical for ensuring the transferability of
models from controlled datasets to real-world agricultural
ecosystems.

To mitigate data scarcity and class imbalance, recent liter-
ature has begun to explore the use of Generative AI (GANs
and diffusion models) as a complementary strategy to tradi-
tional augmentation, enabling the generation of high-fidelity
synthetic samples for rare or underrepresented pest classes
(Karam et al. 2022; Du et al. 2025). This approach offers
an effective means of addressing the “data bias” identified
in earlier studies, enabling more robust model training with-
out the logistical costs associated with extensive field data
collection.

Automatic identification, in most cases, requires CNNs for
training the smart models. The primary task of these models
is object detection, followed by image classification and the
density maps that enable insect counting. Among CNN-based
applications, the YOLO family and its variants (YOLOV3,
YOLOv4, YOLOvS, YOLOvV7, YOLOvVS8, YOLOV10) are the
most widely employed. According to Hakim et al. (2025),
these models are preferred due to their favorable balance
between inference speed and detection accuracy.

Khairunniza (2024) [Faster R-CNN]
She (2022) [YOLOv5s-ECA]
Wang (2024) [Improved YOLOv7]
Huang (2025) [YOLO-YSTs]

Chen (2025) [Pest-PVT]

Chen (2025) [DAMI-YOLOv8I]

Shi (2025) [QPNet]

Zhang (2022) [AgriPest-YOLO)]
Wang (2025) [Insect-YOLO]
Wang (2020) [YOLOv3]

Wei (2024) [YOLO-MRC]

Xiang (2023) [Yolo-Pest]

97.7%

95.9%

W Public Benchmark (Pest24, IP102, etc.)
mmmm Private / Controlled Dataset

Fig.4 Comparative performance (mAP@0.5) of DL models across dif-
ferent dataset types. Studies utilizing complex public benchmarks (e.g.,
Pest24, IP102) show significantly lower precision due to environmental

40 60 80 100

MAP@0.5 (%)
noise and multi-class overlap, while those based on controlled private

datasets consistently achieve results above 85%, highlighting the gap
between experimental validation and real-world deployment challenges

@ Springer
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The growing emphasis on FGVC addresses the challenge
of distinguishing species or developmental stages with min-
imal morphological differences (such as whitefly instars,
thrips, or visually similar planthoppers) (Hanselmann and
Ney 2020). Technically, the distinction between standard
object detection and true FGVC is rooted in architectural
modifications designed to capture these subtle inter-class
differences. Beyond standard attention modules, reviewed
SOTA models utilize strategies such as high-order feature
correlations (e.g., bilinear pooling) and part-based local-
ization to focus on discriminative traits like wing venation
or tarsal structures (Chen et al. 2025a; Amarathunga et al.
2022). These approaches allow the network to suppress
unconstrained background noise while amplifying fine-scale
pixel dependencies, a requirement that standard YOLO back-
bones often struggle to meet without specialized refinement
layers. Complementarily, studies leverage microscopy or
high-resolution cameras with macro lenses to capture the
high-fidelity morphological characters essential for these
precise taxonomic distinctions (Amarathunga et al. 2022;
Zhou et al. 2024; Le et al. 2020; Li et al. 2023).

Regarding hardware and microscopy resources for digital
image acquisition, the 28 studies addressing FGVC pre-
dominantly employed enhanced imaging setups, including
high-resolution industrial cameras (e.g., 24-megapixel Fuji-
film X-T1 and 6-megapixel HIK Vision MV-CA060-10GC).
Microscopy resources, including magnifying lenses, portable
digital microscopes (Dino-Lite) used by Amarathunga et al.
(2022), and trinocular microscopes, enabled the visualiza-
tion of subtle morphological characteristics in extremely
small specimens. Microscopy may be an alternative to cap-
turing fine details of tiny insects, allowing DL architectures
to extract and focus on local and discriminating characteris-
tics, generating models capable of detecting and classifying
tiny pests.

The integration of attention mechanisms, the emergence
of transformer-based and hybrid CNN-ViT architectures,
and the adoption of multistage pipelines, including cas-
cade classifiers, constitute dominant trends. While CNNss are
the backbone for extracting local characteristics, transform-
ers capture long-range dependencies and the global context
(Shah and Tembhurne 2023; Mauricio et al. 2023). These
innovations, combined with fuller datasets and, when nec-
essary, high-magnification imaging resources (microscopy/
industrial cameras), enable models to overcome the FGVC
challenges of detecting and classifying pests with high accu-
racy, even when considering subtle visual distinctions.

Concerning automatic pest monitoring via e-traps, 20
studies (35%) proposed DL-based solutions based on edge
computing to enable practical field deployment. While these
studies demonstrate critical optimizations for on-device
inference (such as model quantization, depth-separable con-
volutions, and lightweight backbones including ShuffleNetv2
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Sun et al. 2024; Xiang et al. 2023), large-scale operational
deployment and integration of these networks into IPM sys-
tems remain a significant bottleneck. Current research is
primarily characterized by isolated prototypes focusing on
individual device performance rather than the systemic reli-
ability required for long-term field monitoring. This reflects
a persistent computational bias where the trade-off between
high taxonomic precision and the hardware constraints of
single-board computers or microcontrollers must be care-
fully balanced to ensure real-time analysis (Hechen et al.
2024; Liu et al. 2021).

Furthermore, the transition from automated counting to
decision support for pest management systems is, in many
cases, still in its early stages. The practical use of this infor-
mation requires a multidisciplinary approach. Count data
should be transmitted to a database and used as input in popu-
lation growth simulation models. This model needs to be inte-
grated with a climate forecasting model, host development
models, and be able to establish the relationship between the
predicted pest population and the damage caused, in order to
assess whether economic damage thresholds will be reached.
Although most articles acknowledge the significance of IPM,
explicit climate data cross-referencing—essential for out-
break prediction—is less common, appearing in only four
studies (Rustia et al. 2023; Shi et al. 2025; Huang et al.
2021; Chou et al. 2023). This integration is not merely a
software challenge but a complex interdisciplinary require-
ment involving the acquisition, processing, and analysis of
large volumes of biological and environmental data.

Beyond computational performance, the large-scale adop-
tion of smart traps by growers is hindered by critical
socio-economic and infrastructural barriers that move the
challenge from the laboratory to the field. First, economic
viability remains a decisive factor; while traditional sticky
traps are low-cost, the initial investment in electronic stations
is significantly higher. As noted by Chou et al. (2023), the
high cost is driven not only by sensor installation and wire-
less infrastructure but also by the professional knowledge
required for long-term maintenance of AIoT systems. Liter-
ature suggests that system viability depends on minimizing
per-unit costs to enable the high-density deployment required
in orchards and large-scale cropping systems (Kargar et al.
2024). Furthermore, the field still lacks robust quantification
of the return on investment (ROI) derived from pesticide sav-
ings, which is essential to convince risk-averse producers.

Second, connectivity gaps in rural areas represent a Sys-
temic bottleneck, as many agricultural zones are located far
from urban centers with reliable internet infrastructure (Kar-
gar et al. 2024). To overcome this, recent studies emphasize
the necessity of full edge computing autonomy. Developing
algorithms specifically optimized for edge devices allows
for accurate detection and recognition even without a stable
internet connection (Rustia et al. 2023). This shift toward
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on-site processing also enables the transmission of results
using minimal data bytes, ensuring that the system remains
functional in areas with limited bandwidth (Cirjak et al.
2023b).

Third, the transition toward effective IPM depends on
multimodal data integration, specifically the inclusion of
local meteorological sensors. Relying on remote weather
data is often insufficient for predicting local outbreaks, as
microclimatic variables directly influence pest life cycles
and economic damage thresholds (EDT). Integrating real-
time parameters such as air temperature and humidity in the
specific spraying area is critical for determining the optimal
moment and duration of chemical interventions (Molina-
Rotger et al. 2023). Furthermore, as highlighted by Chou
et al. (2023), combining daily pest counts with soil condi-
tions and ambient metrics enables more accurate forecasting.
However, most current systems do not capture hyper-local
environmental variables, including canopy-level rainfall and
wind speed, which are essential for identifying pest hotspots
and predicting within-field dispersal patterns (Rustia et al.
2023).

Finally, these limitations indicate that autonomous mon-
itoring stations should be designed not as isolated camera
modules, but as robust, self-sufficient units. To be opera-
tionally viable, they must integrate energy harvesting with
localized intelligence and multimodal sensing, bridging the
gap between computational complexity and the practicalities
of a sustainable, field-ready IPM strategy.

To synthesize these findings and address the identi-
fied gaps, we propose a conceptual pipeline (Fig.5) that

delineates the necessary progression from automated recog-
nition to actionable IPM. This pipeline illustrates how the
technical outputs from the three primary research fronts—
FGVC, SOTA benchmarking, and e-traps—serve as the
technical foundation for automated recognition. However, as
shown in the framework, true maturation occurs only when
these counts are integrated into an entomological monitoring
phase. In this stage, counts are contextualized by mon-
itoring metadata, including georeferencing and historical
series, which are essential for calculating spatial and tem-
poral aggregations. This monitoring is further enriched by
multimodal integration with crop data (e.g., variety/cultivar
and phenological stage) and climatic variables retrieved from
local weather stations. This structured workflow culminates
in a risk analysis grounded in simulation and forecasting
models (EDT), providing the definitive intelligence required
for effective decision support in field interventions.

Conclusions

This survey analyzed the evolution of DL applied to pest
recognition between 2020 and 2025, revealing a significant
shift from generic classification toward FGVC and hybrid
CNN-Transformer architectures. While technical accuracy
has reached impressive benchmarks on controlled datasets,
its operational deployment in real-world Agriculture 4.0 sce-
narios still faces critical hurdles.

Several substantive gaps in the literature remain to be
addressed: (i) the performance gap between controlled

Conceptual Pipeline

Task Requirements  Deep Learning Challenges Status
IPM
Hardware: HD Challenges: cost, C'n:;:IDaltt:a:
cameras, microscopy . morphological feature E ing /in varietylcultivar
FGvC resources, and CNN, VT acquisition, and digital progress and .
artificial lighting. taxonomy phenological
Entomological stage
Monitoring:
spatial and
aggre;;atlon
O‘!:)lect I(:ie te::tion Private datasets Challenges: field Cor Automated Climatic Data:
assification L, pypjic datasets: —>| CNN, ViT —> representativeness and SOTA Benchmarkin gnition: counts rainfall,
Segn!entation Pest24, IP102 specimen similarities 9 temperature,
Density maps humidity, etc.
Risk Analysis: T
Hardware: single board Models: YOLOV3, Tiny- PIEEERRITS Large-scale deployment
E-traps computer (SBC), 'YOLOV3, MobileNet computational C‘OSI and integration of
(edge computing) camera, connection Wi- V2/V3, SSD MobileNet En = emeﬁ( electronic trap networks
fil/4/5G and sensors V2 and EfficientNet-BO ergy =L remain limited
Weather station
Decision
Making: IPM
decision
support

Fig. 5 Conceptual pipeline from automated recognition to IPM deci-
sion support. The pipeline integrates FGVC, detection models, and
e-traps with entomological monitoring and EDT-based risk analysis.

The red-shaded components in the “Challenges” and “Status” columns
indicate processes that are not yet consolidated in current research and
operational practice
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datasets and unconstrained field conditions, where environ-
mental noise and high specimen density significantly degrade
model reliability; (ii) the limited large-scale deployment of
electronic trap networks, which remain mostly as localized
prototypes; and (iii) the insufficient integration of automated
counts with climatic variables and EDT, limiting the transi-
tion from simple recognition to actionable decision support
in IPM.

To overcome these barriers, future research should prior-
itize the following:

e Data enrichment: leveraging generative Al, such as
GANSs and diffusion models, to mitigate the “taxonomic
bottleneck” and address data scarcity for rare or minute
species

e Edge computing optimization: developing lightweight
and energy-efficient models (e.g., through quantization
and pruning) that maintain high taxonomic precision on
resource-constrained devices

e Multimodal integration: incorporating real-time envi-
ronmental data from local meteorological sensors, align-
ing CV outputs with entomological theory for outbreak
prediction

e Standardization and economic validation: establish-
ing rigorous field-testing protocols and quantifying the
return on investment (ROI) to facilitate broader adoption
by the agricultural sector

Furthermore, while our search window captures the rise of
hybrid architectures, recent developments point to the next
methodological steps in the field. In particular, the emer-
gence of models that eliminate the traditional non-maximum
suppression (NMS) step, most notably in YOLOv10 and
YOLO26 (Chakrabarty 2026), alongside architectural refine-
ments in YOLOV9 and YOLOv11, illustrates this ongoing
evolution. By natively bypassing the NMS bottleneck, these
architectures offer promising improvements in parameter
efficiency and in the detection of heavily occluded or clus-
tered specimens.

Ultimately, the path toward fully automated and sustain-
able pest monitoring hinges on bridging the gap between
computational complexity and field robustness. The pro-
posed conceptual pipeline provides a roadmap for this
evolution, ensuring that the next generation of smart traps
delivers not merely counts, but the essential intelligence
required for effective IPM.

Supplementary Information  The online version contains supplemen-
tary material available at https://doi.org/10.1007/s13744-026-01385-
8.
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