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ARTICLE INFO ABSTRACT

Keywords: Deep learning-based object detection has emerged as a promising paradigm for automating high-throughput

Convolutional neural network insect monitoring in agricultural environments. In this context, we propose a computer vision framework for

Zmart trap automated detection of Flavescence dorée (FD) vector insects from yellow sticky trap (YST) imagery, addressing
rapevine

the scalability limitations of manual entomological inspection.

Flavescence dorée is a severe phytosanitary threat to viticulture in Europe, primarily transmitted by the
leafhopper Scaphoideus titanus, with Orientus ishidae increasingly recognized as a secondary vector due to its role
in phytoplasma transmission dynamics. Current monitoring strategies rely on field-deployed YSTs followed by
manual expert analysis, which is labor-intensive, time-consuming, and difficult to scale to large vineyard
networks.

To address these limitations, a custom dataset of images acquired from field-deployed YSTs using a fixed-
distance laboratory imaging setup was developed and used to fine-tune and benchmark multiple modern one-
stage object detection architectures. Repeated training runs showed generally stable performance, with
average mAP50 values above 0.93 across all configurations. For the best-performing configuration, the highest
performing run achieved mAP50 = 0.965, mAP50-95 = 0.690, precision = 0.949, and recall = 0.914. Edge
benchmarking further quantified deployment feasibility, with YOLO26n reaching 11.41 FPS on Raspberry Pi 5.

Class-wise evaluation confirmed accurate detection of both S. titanus and O. ishidae, despite heterogeneous trap
backgrounds and illumination conditions. These image-level results support further evaluation of automated FD-
vector monitoring, while trap-level independence, whole-trap counting, and fully operational field acquisition
remain to be validated. The annotated dataset and benchmark provide a basis for further research on data-
efficient agricultural computer vision systems.

Integrated pest management
Phytoplasma vector

1. Introduction Scaphoideus titanus is a univoltine, ampelophagous leafhopper native

to North America [7] and first reported in Europe in 1958 [8]. Adult

Flavescence dorée (FD) is among the most economically significant
grapevine diseases in Europe, posing a critical threat to viticultural
systems and wine production stability [1]. The causal agents are phy-
toplasmas belonging to the 16SrV-C and 16SrV-D subgroups, classified
as quarantine organisms by the European Food Safety Authority (EFSA)
[2]. Since antibiotic treatments are prohibited in European agriculture
[3,4], disease containment relies primarily on uprooting infected plants
and mandatory insecticide interventions targeting the principal vector
Scaphoideus titanus Ball (Hemiptera: Cicadellidae) [5,6].
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populations occur in vineyards from mid-June to late October, with fe-
males laying approximately 60-65 eggs [9,10]. In addition to this pri-
mary vector, multiple leathopper species have been implicated in the
epidemiology [11]. Among them, the mosaic leathopper Orientus ishidae
(Matsumura) (Hemiptera: Cicadellidae) has gained increasing attention
due to its feeding behavior on potential phytoplasma reservoir plants
and its mobility across vineyard edges and adjacent habitats, which may
facilitate pathogen spread at the landscape scale [12,13]. Other vectors
are Dictyophara europaea (L.) (Hemiptera: Dictyopharidae), Allygus spp.
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or recently Lamprotettix nitidulus (Fabricius) (Hemiptera: Cicadellidae)
[14,15]. In northern Italy, only D. europaea was previously found
infected by FD-related phytoplasmas in vineyards; however, the main
phytoplasma strain found in symptomatic vines, namely M54, has not
been identified so far in field-collected individuals of this species [16,
171.

Surveillance of vectors is a mandatory component of Integrated Pest
Management (IPM) programs and is regulated across European vine-
yards under Commission Implementing Regulation (EU) 2022/1630.
Monitoring is primarily conducted using yellow sticky traps (YSTs) [5,
13]. However, due to the coexistence of primary and secondary infection
pathways, coupled with heterogeneous vineyard landscapes and vector
dispersal dynamics, dense spatial deployment of traps is required to
reliably characterize population dynamics and identify invasion corri-
dors from surrounding environments [10,18].

Despite its importance, current monitoring practice mostly relies on
manual inspection of collected traps by trained entomologists. This
process does not scale efficiently to large vineyard areas and introduces
operational bottlenecks in surveillance pipelines. Furthermore,
morphological similarity among co-occurring leathopper species [19,
20] increases the difficulty of accurate field-level identification, rein-
forcing the need for expert taxonomic validation.

To address these limitations, recent research has explored the inte-
gration of computer vision into entomological monitoring systems. In
particular, convolutional neural network (CNN)-based object detection
frameworks have emerged as a robust solution for automated insect
recognition across agricultural and ecological domains [21-23]. Early
applications demonstrated feasibility in detecting Cydia pomonella in
pheromone traps [21], while subsequent studies extended CNN-based
detection to broader pest groups, often without fine-grained species
classification [24,25].

More recently, data-driven pest monitoring systems have shifted
toward end-to-end detection pipelines capable of operating directly on
trap imagery. Li et al. [26] demonstrated automated detection of thrips
and whiteflies on YSTs with strong agreement between model outputs
and manual counts. In parallel, one-stage detectors have become
increasingly prevalent due to their favorable trade-off between inference
speed and accuracy, making them particularly suitable for real-time
field applications [27-29].

Benchmark datasets and comparative studies have further advanced
the field. Jain et al [30] developed a dataset curated by entomologists
for moth species detection in wild conditions. Using a previously pub-
lished dataset, Deserno and Briassouli [31,32] achieved high perfor-
mance on multiple greenhouse pest species, albeit requiring background
preprocessing. YOLO-based architectures have also demonstrated su-
perior performance compared to alternative detection frameworks such
as EfficientDet, SSD, and Faster R-CNN in detecting Scirtothrips dorsalis
[33].

Additional studies have confirmed the feasibility of species-level
identification in complex trap environments, including real-time
detection of thrips and whiteflies [34]. Cost-efficient smart-trap sys-
tems have been developed for field monitoring of Dipteran pests such as
Hippobosca equina and Stomoxys calcitrans [35], while recent findings
indicate that high detection accuracy can also be achieved under
non-ideal imaging conditions, including low-quality field-acquired data
[36].

Despite this progress, only limited work has addressed FD vector
detection specifically on YST imagery. To our knowledge, a single study
conducted in northeastern Italy has investigated S. titanus and O. ishidae
detection using a prototype smart-trap for background images and
mainly scanned traps for object-containing images, comparing single-
stage and two-stage detectors and reporting superior performance for
the former [27]. Consequently, the availability of correctly annotated
datasets derived from field-deployed YSTs and acquired under a stan-
dardized imaging configuration remains limited. Such datasets are
needed to develop and evaluate automated systems for both in-field
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monitoring and laboratory-based YST inspection. Furthermore, new
generations of the popular YOLO architectures have recently been
released [37,38], and the benefits of architectural advances remain
either poorly or yet not benchmarked in entomological applications [39,
40].

Accordingly, this study makes two main contributions: i) the con-
struction of an annotated field-derived FD vectors dataset originated
from YSTs deployed in one of Italy’s major viticultural areas and pho-
tographed at a fixed distance; and ii) a comparative benchmark of more
recent and already established one-stage detectors of the YOLO family
under a common experimental protocol.

2. Materials and methods
2.1. Data collection

Images were mostly taken from field-placed YSTs positioned in
intensive vineyard agroecosystems. YSTs were placed during Summer
2025 in Dogliani (Cuneo Province, CN, Piedmont, Italy, 44°33'25.6"N
7°57'45.7"E), Serralunga d’Alba (CN, Italy, 44°38'36.0"N 7°58'53.1"E),
Chieri (Torino Province, TO, Piedmont, Italy, 45°00'58.5"N 7°47'20.0"E)
and Grugliasco (TO, Italy, 45°03'51.5"N 7°35'35.7"E) inside and on the
perimeter of different vineyards with cultivars Dolcetto, Chardonnay,
Barbera, Pinot noir, Sauvignon, Moscato and Nebbiolo. Most of the traps
used came from vineyard borders, due to a general higher presence of
both targets on YSTs [12,41]. Traps were collected two weeks after field
hanging. Vineyards were selected as previous monitoring activities
revealed moderate to high abundance of both vectors. Vineyards in
Cuneo Province were selected for the presence of hazelnut groves (a
highly preferred host plant for O. ishidae) close to the borders, thus
increasing the chance of finding a composite leafhopper community,
and more specifically to retrieve O. ishidae adults [12]. To increase the
diversity of sources for image collection, two types of YSTs from
different manufacturers were used, namely Glutor (Biogard®, 40 x 25
cm) and Goldentrap (GEA®, 16 x 25.5 cm). Details about collection
dates, number and type of YSTs are reported in Table 1. Moreover, one
laboratory-prepared trap was assembled by artificially positioning in-
sects to reproduce a range of realistic conditions. Adult insects were
collected in the same vineyards using sweep nets (30 cm diameter),
stored at —20 °C, and subsequently placed on a clean Glutor trap in
dorsal, ventral, and lateral positions.

Images were taken with a 16 MP GXVISION USB camera module
based on a Sony IMX298 sensor equipped with a manually adjustable

Table 1

Yellow sticky traps (YSTs) collection sites and dates. Collection date: dates are
expressed as month/day/year; Perimetral and Internal traps: trap numbers are
expressed as “X” or as “X + Y”, with X indicating the number of Glutor YSTs and
with Y the number of Goldentrap YSTs.

Vineyard Collection Perimetral Internal Total
location date traps traps traps
Dogliani 07/14/2025 545 242 14
07/28/2025 545 242 14
08/11/2025 445 1+1 11
08/25/2025 3+4 1+1 9
Serralunga 07/15/2025 5 3 8
d’Alba 07/29/2025 5 3 7
08/12/2025 3 1 4
08/26/2025 3 1 3
Chieri 07/21/2025 7 2 10
08/04/2025 8 2 10
08/18/2025 7 2 9
09/01/2025 4 2 6
Grugliasco 07/21/2025 7 2 10
08/04/2025 8 2 10
08/18/2025 7 2 9
09/01/2025 4 2 6
Total 85+ 19 30+ 6 140
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fixed-focus M12 lens (6 mm focal length, f/2.0, IR filter), allowing for a
minimum focusing distance of 2 cm according to manufacturer’s spec-
ification. Distance between camera lens and trap surface was maintained
at 7 cm for all the acquisitions. Pictures were captured with an aspect
ratio of 4:3, with resolutions of 640 x 480 and 1280 x 960 pixels to
reduce final dataset weight, covering an area of 7.0 x 5.0 cm. Prior to
image acquisition, focus was manually adjusted observing a real-time
video stream using OpenCV (v. 4.11.0.86) and confirmed by inspec-
tion of representative captured frames. To keep a fixed distance between
camera lens and YSTs, a wooden structure was realized (Fig. 1).

Images acquisition was focused on increasing dataset variability.
Captured areas were selected to cover different target insects densities,
presence of non-target organisms, variable background conditions such
as presence of debris, text printed on traps, presence of holes used for
trap hanging and different traps regions, from borders up to central
parts. No systematic coverage of YST surface was implied. A total of 140
field-placed YSTs (115 Glutor, 25 Goldentrap) were selected for image
acquisition following manual confirmation of S. titanus and O. ishidae
presence by expert personnel. Images were captured inside laboratory at
different times of the day, and light conditions were not standardized,
meaning that either only natural light was used or light in the room was
turned on. Seldomly, a lamp was used to mimic increased light condi-
tions. Avoiding the standardization of YSTs illumination was preferred
to increase the variability of the dataset in terms of saturation and
brightness. Images were taken from portions of YSTs containing variable
density of S. titanus and/or O. ishidae, from one target insect up to 18
S. titanus and 17 O. ishidae. An average of 11 images were taken for each
trap. The dataset was randomly split into training, validation, and test
subsets at the image level; images originating from the same YST were
not explicitly grouped during splitting. Details about total images ac-
quired, number of images within the three datasets and number of
S. titanus and O. ishidae individuals photographed are reported in
Table 2. To quantify potential bias introduced by image-level random
splitting, a subset of the full dataset was re-partitioned using both
random and grouped splitting strategies. In the random split, images
were randomly assigned to the training, validation, and test sets
regardless of their trap of origin. In the grouped split, all images origi-
nating from YSTs included in the test partition were excluded from both
the training and validation sets, thereby ensuring trap-level indepen-
dence between the test set and the data used for model development.

Pictures were taken in a Python 3.13.12 environment using OpenCV
library (v. 4.11.0.86) with a custom script. Labelling was done with
Labellmg annotation tool (v. 1.8.6), and no image enhancement was
applied as preprocessing.

@ : Base structure

@ : Camera module support
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Table 2

Number of images and target insects individuals used in the Training, Validation
and Test sets for models training and performance evaluation. Field YSTs:
Number of pictures taken from field-placed YSTs having at least one target in-
sect; Laboratory YST: number of pictures taken from laboratory prepared YST
having at least one target insect; Background: number of pictures taken from
field-placed YSTs having no target insects; S. titanus: total number of S. titanus
individuals present in the pictures for each set; O. ishidae: total number of
O. ishidae individuals present in the pictures for each set.

Dataset Field Laboratory Background S titanus  O. ishidae
YSTs YST

Train 943 23 188 1135 1167

Validation 143 1 27 156 130

Test 211 0 33 272 275

Total 1569 1563 1572

2.2. CNN models selection and training

Labelled images were divided into train, validation and test datasets.
Datasets composition in terms of number of images and number of
S. titanus and O. ishidae individuals is reported in Table 2. Models
training was performed on a HP Pavillion Gaming TG0O1 computer with
Intel® Core™ i7-11700F processor (2.50 GHz, 16 MB Cache, 8 Cores, 16
Threads), 16 GB RAM, GPU NVIDIA GeForce RTX 3060 Ti (8GB VRAM).
CUDA v11.8 and CUDNN v8.9.7 were used for GPU acceleration.

YOLO family architectures were selected for fine-tuning on the
custom dataset due to the proved high performances in insect recogni-
tion tasks [27,36,42]. We focused on the widely used YOLOvV8 [36,43,
44] and on the more recent YOLO11 and YOLO26 [37] architectures.

Differently from older variants, the backbone of YOLOv8 architec-
ture uses a modified version of CSPDarknet53 with C2f module to
enhance detection accuracy and the head performs an anchor-free
detection, simplifying the model and improving accuracy on small ob-
jects [45]. YOLO11 architecture has improved backbone and neck
structure, with C2f module replaced by C3k2 for better computational
efficiency and introducing C2PSA module to improve feature extraction
[46]. YOLO26, the most recent architecture, reduced models latency by
limiting head complexity. Distribution Focal Loss (DFL) for bounding
boxes regression was replaced by a lighter parametrization and pre-
dictions are generated directly, without the need for NMS
post-processing step. Improvements in models training involve the
adoption of ProgLoss and STAL, enhancing performances on small or
partially occluded objects. Finally, the implementation of MuSGD opti-
mizer allows for a faster and stable convergence also resulting in a
reduction of training time [37,47].

Medium-size variants from three YOLO generations were fine-tuned

@ : Camera module

@ : Yellow sticky trap

Fig. 1. Schematization of the structure used for capturing YSTs pictures from a fixed distance of 7 cm. a) Rotated view; b) Top view; c) front view with camera-trap
distance. 1) Wooden box frame with spacers perpendicular to the short side; 2) base for camera module adjustment to be laid between box borders and/or spacers; 3)

camera module; 4) YST. Image drawn with FreeCAD (v 1.0).
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and benchmarked on the custom dataset. Detectors size was chosen
considering possible applications on edge devices, aiming to compro-
mise between detection accuracy and computational requirements. To
reduce the influence of stochastic training effects a repeated runs
approach was followed, with each architecture trained using five
random seeds. The same seed values were applied to all evaluated
models. Two variants of YOLO26m architecture were trained, one with
default AdamW (YOLO26m_AdamW) optimizer and one with SGD
(YOLO26_SGD). For the best performing configuration, small and nano
model variants have been trained and compared with the medium-size
variant.

To define a common augmentation strategy to be used for all the
benchmarked models, preliminary augmentation-tuning phase was
conducted using YOLOv8m. Reduced subsets of the final training and
validation datasets, containing 600 and 90 images respectively, were
considered. The objective of this step was to identify augmentation
settings to improve models generalization while preserving morpho-
logically important characteristics of target species. Augmentation pa-
rameters were selected via trial-and-error process, and no formal
hyperparameter optimization procedure was used. For this preliminary
step, models were trained for a maximum of 200 epochs and patience
value was set to 30 to prevent overfitting. Starting from default Ultra-
lytics augmentation parameters, resulting fine-tuned models detections
on a subset of training and validation sets were visually inspected to
identify detection errors and guide augmentation choices. As an
example, default scaling factor (scale = 0.5) generated false positive
(FP) detections of smaller or larger insects, resulting detrimental for a
fixed-distance camera setup. Saturation parameter was reduced from 0.7
to 0.15 to preserve colour patterns important for S. titanus recognition.
Images from the test set were not used in this step.

Once defined, the augmentation configuration was applied un-
changed to all benchmarked detectors, ensuring that performance dif-
ferences reflected architectural and optimization differences. Training
was conducted for all the models setting a maximum of 300 epochs with
a patience value of 40 to prevent overfitting. Images were automatically
resized by the Ultralytics framework to match the specified input size
(640 pixels), while preserving their original aspect ratio. Details of
training parameters are reported Table S1.

2.3. Performance assessment

Models performance evaluation was conducted with ultralytics (v.
8.4.19) built-in validation function using the resulting best model
weights for each repeated run, and the test dataset to provide ground-
truth annotations. Computed metrics for each trained model were
mAP50, mAP50-95, mean Precision, mean Recall and inference speed
computed considering both S. titanus and O. ishidae classes, while AP50,
AP50-95, Precision and Recall for single class.

Precision measures the accuracy of positive predictions by consid-
ering both true positive (TP) and FP identifications and is computed as
follows:

P

Precision = ————
ecision TP 1 FP

High precision of a model indicates high reliability of positive pre-
dictions. Considering the presence of disturbing elements on field-
collected YSTs such as non-target insects or simultaneous presence of
S. titanus and O. ishidae, high precision is important for correct moni-
toring activities.

Recall measures the ability of a model to correctly identify all the
target objects in an image by considering both TP and false negative
(FN) predictions and is calculated as:

TP

Recall = m

High recall is important in the case of monitoring activity to limit the
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risk of losing target insects, thus underestimating vectors population in
field.

Since predicted bounding boxes are unlikely to perfectly match
ground-truth ones provided by test dataset, the definition of Intersection
over Union (IoU) is important to correctly identify positive and negative
predictions. IoU is described as:

Area of Overlap

IoU =
Area of Union

Area of Overlap indicates the intersection between ground-truth and
predicted bounding boxes. A prediction is considered as TP at a given
IoU threshold if its IoU with a ground-truth annotation of the same class
exceeds the threshold value.

Average Precision (AP) is defined as the area under the Precision-
Recall curve, thus considering model performance according to both
previous metrics. AP is normally expressed for different IoU values.
AP50 indicates AP at IoU = 0.50, while AP50-95 calculates the AP
averaged on different IoU thresholds ranging from 0.50 to 0.95 at in-
tervals of 0.05.

The mean Average Precision (mAP) is calculated averaging the AP of
each single class for the different IoU considered and is computed as
follows:

S APi
mAP = ==
N

With N the number of classes and APi the AP value of each class.
Inference speed, expressed as frame per second (FPS), was computed
as:
1000

tpreprocess + tinference + tpos;urocess

FPS =

Performance metrics were summarized as mean and 95% confidence
intervals across the five repeated runs. Models detection on test dataset
were visualized and manually checked to identify most common sources
of errors in detections.

2.4. Embedded deployment and performance evaluation

To assess the suitability of the proposed classifiers for edge deploy-
ment, the YOLO26 family was selected as the most recent architecture
considered in this study and based on its identification performance
observed in the previous evaluation. Accordingly, the best-performing
YOLO26n, YOLO26s, and YOLO26m models were exported in NCNN
format and benchmarked on two embedded platforms: a Raspberry Pi 4
Model B (Rev. 1.5), equipped with 8 GB of RAM and a quad-core ARM
Cortex-A72 processor, and a Raspberry Pi 5 Model B (Rev. 1.0), equip-
ped with 8 GB of RAM and a quad-core ARM Cortex-A76 processor. Both
platforms used a 64-bit aarch64 architecture and ran Debian GNU/Linux
12 (Bookworm) and Debian GNU/Linux 13 (Trixie), respectively. The
same inference environment, based on Ultralytics v8.4.79 and NCNN
v1.0.20260526, was used on both platforms. Benchmarking was per-
formed on the complete test dataset comprising 244 images, 33 of which
backgrounds, and containing 272 S. titanus and 275 O. ishidae in-
dividuals (Table 2), with images automatically resized to an input size of
640 pixels by the Ultralytics framework. Prior to performance mea-
surement, 10 inference runs were performed as warm-up and excluded
from the benchmark statistics. For each model and hardware platform,
inference performance was characterized in terms of average latency per
image, latency variability expressed as standard deviation and 95th
percentile, throughput in FPS, and memory consumption. Inference la-
tency was measured individually for each image, while memory con-
sumption was monitored as the resident set size (RSS) of the inference
process. All experiments were conducted using the same input images
and inference settings to ensure a consistent comparison across models
and hardware platforms.
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3. Results
3.1. Training results and performance analysis

Training dynamics across models indicated a general convergence
for all the tested models, with decreases in both localization loss
(box_loss) and classification loss (cls_loss) (Figs. 2, 3). In addition, Dis-
tribution Focal Loss (DFL) exhibited a decreasing trend for YOLOvV8m
and YOLO11m (Fig. 2). Correspondingly, evaluation metrics (Precision,
Recall, mAP50, and mAP50-95) increased steadily during training,
confirming effective optimization of detection performance (Figs. 2, 3).
YOLO_v8m showed more variability among runs in the initial epochs,

a)

train/box_loss train/cls_loss

0.8

0.5

0.6 0.9

train/dfl_loss
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without impacting metrics convergence in later steps (Fig. 2a).
YOLO_11m models showed some divergence among runs for the local-
ization performances, reflected in mAP50-95 values, starting around
epoch 80. This difference did not impact different runs performances on
Precision, Recall and mAP50 metrics (Fig. 2b). Considering YOLO26
models, YOLO26m_AdamW runs showed a divergent behavior between
epochs 50 and 100 for the localization loss, yet models converged
(Fig. 3a). YOLO26m_SGD resulted in the most robust training metrics
among different runs (Fig. 3b).

Model evaluation on the test dataset (ground-truth annotated)
confirmed strong overall detection performance across all architectures,
with variability among repeated runs generally limited, demonstrating
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Fig. 2. Training dynamics of detectors variants for repeated runs. Top left two plots represent train box loss and classification loss for all models developed. Two
plots on the bottom left represent validation box loss and classification loss for all models. Central plots represent distribution focal loss. Top right graphs represent, in
order, model precision and recall. Bottom right graphs represent mean average precision (mAP) at intersection over union (IoU) of 0.50 and mAP averaged at IoU
thresholds ranging from 0.50 and 0.95. Coloured lines refer to single runs with different seeds, black line to the mean value per epoch, grey area to standard de-

viation. a) YOLO_v8m runs; b) YOLO_11m runs.
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Fig. 3. Training dynamics of YOLO26m detectors. No distribution focal loss plot is reported due to DFL removal in YOLO26. Coloured lines refer to single runs with
different seeds, black line to the mean value per epoch, grey area to standard deviation. a) YOLO_26m models trained with default optimizer; b) YOLO_26m models

trained with SGD optimizer.

good reproducibility of the training process (Fig. 4). All models achieved
average mAP50 values above 0.930, demonstrating robust detection
capability under field-derived imaging conditions. YOLOv8m showed
the highest reproducibility for different random seeds in terms of
mAP50-95 (M = 0.652, 95% CI = 0.635 - 0.670) and the highest average
precision (M = 0.920, 95% CI = 0.888 — 0.952). Considering inference
speed, YOLOv8m and YOLOllm resulted in average lower FPS
(respectively: 84.30 + 3.74 and 81.00 + 2.71) compared to both most
recent training configurations (YOLO26m _SGD: 93.20 + 5.91;
YOLO26m_AdamW: 93.40 + 3.70). The best average performances in
terms of mAP50 and mAP50-95 were achieved by YOLO26m_SGD
(0.953, 95% CI = 0.932 - 0.974; 0.668, 95% CI = 0.618 — 0.718
respectively). YOLO-26m_AdamW displayed the largest variability,

particularly for Recall (M = 0.863, 95% CI = 0.796 — 0.930) and mAP50-
95 (M = 0.630, 95% CI = 0.563 — 0.698), indicating greater sensitivity to
random initialization. Detailed values represented in Fig. 4 are reported
in Supplementary Table 2. Medium-size models size are reported in
Supplementary Table 3. Details about performances at run-level are
reported in Supplementary Table 4.

To quantify potential bias introduced by image-level random split-
ting for the overall best-performing architecture, YOLO26m_SGD
configuration was fine-tuned with random and grouped splits and the
performance evaluated on the respective test sets. Performance metrics
were lower for the grouped split compared to random one. mAP50
declined from average 0.972 (95% CI = 0.944 - 1.000) to 0.923 (95%
CI =0.909 - 0.937) and mAP50-95 from average 0.738 (95% CI = 0.686
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Fig. 4. Performance metrics comparison of the four fine-tuned YOLO configurations: mAP50, mAP50-95, precision, and recall. Different line colours represent
different metric. Results are reported as mean values among five repeated runs, error bars indicate 95% confidence intervals.

—0.789) to 0.657 (95% CI = 0.632 — 0.682) (Table 5). Similar reductions
were observed for average precision (0.952 to 0.893) and recall (0.926
to 0.847) (Table 5).

3.2. Class-wise performance analysis

When considering per-class performance, all the models generally
showed higher average metrics for S. titanus compared to O. ishidae
(Table 3). Per class performance was consistent with global metrics
(Fig. 4), with YOLO26m_SGD achieving the average best performance
across both classes, yielding the highest AP50 and AP50-95 values
overall (Table 3). YOLOv8m resulted in slightly higher average Precision
on S. titanus (0.940, 95% CI = 0.904 — 0.976) compared to the best
performing architecture (0.908, 95% CI = 0.862 — 0.955). YOLO11m
and YOLO26m AdamW resulted in high average metrics values, yet
lower compared to the other detectors. YOLO26m_AdamW generally
showed wider confidence intervals, confirming a higher sensibility to

Table 3

Fine-tuned model metrics for each insect species used as class. Values are re-
ported as mean among five repeated runs with different random seeds. 95%
confidence intervals are reported in parentheses.

Model Class AP50 AP50-95 Precision Recall
YOLOvV8m S. titanus 0.943 0.668 0.940 0.883
(0.933 - (0.650 - (0.904 - (0.847 -
0.954) 0.687) 0.976) 0.919)
O. ishidae  0.933 0.636 0.901 0.861
(0.914 - (0.612 - (0.864 - (0.85 -
0.952) 0.660) 0.937) 0.871)
YOLO11lm S. titanus 0.939 0.646 0.892 0.889
(0.925 - (0.609- (0.88 - (0.874 -
0.953) 0.683) 0.905) 0.899)
O. ishidae  0.925 0.598 0.902 0.811
(0.917 - (0.554 - (0.876 - (0.775 -
0.933) 0.642) 0.929) 0.847)
YOLO26m AdamW  S. titanus 0.947 0.655 0.888 0.901
(0.911 - (0.595 - (0.847 - (0.847 -
0.982) 0.716) 0.930) 0.955)
O. ishidae  0.923 0.605 0.895 0.825
(0.877 - (0.530 - (0.854 - (0.739 -
0.969) 0.680) 0.936) 0.912)
YOLO26m_SGD S. titanus 0.951 0.683 0.908 0.895
(0.932 - (0.637 - (0.862 - (0.878 -
0.970) 0.730) 0.955) 0.913)
O. ishidae  0.955 0.653 0.927 0.889
(0.932 - (0.597 - (0.894 - (0.846 -

0.978) 0.709) 0.961) 0.933)

random initialization when trained with the custom dataset proposed in
this study (Table 3).

3.3. Model size performance comparison

After identifying the best fine-tuning parameters, small and nano
variants of YOLO26 architecture with SGD optimizer were trained.
Smaller variants generally showed higher training stability compared to
medium-size one (Table 4). All the configurations resulted in high per-
formances metrics, with AP and mAP average values slightly lower for
smaller variants compared to medium-size one (Table 3; Table 4). De-
tails about smaller-size models performances at run-level are reported in
Supplementary Table 4. As expected by model sizes, smaller variants
showed higher inference speed (YOLO26s SGD: 121.00 FPS, 95%
CI =114.81 - 127.912; YOLO26n_SGD: 162.00 FPS, 95% CI = 139.45 -

Table 4

General and class-specific performance metrics for YOLO26 based models
trained with SGD optimizer. Mean performances among five repeated runs with
different random seeds are reported, with values in parentheses representing the
95% confidence interval.

General performance metrics

Model mAP50 mAP50-95  Precision Recall FPS
YOLO26m  0.953 0.668 0.918 0.892 93.20
(0.932 - (0.618 - (0.880 - (0.869 — (85.89 —
0.974) 0.718) 0.956) 0.916) 100.57)
YOLO26s 0.948 0.664 0.925 0.871 121.00
(0.943 - (0.653 - (0.908 - (0.856 — (114.18 -
0.952) 0.674) 0.943) 0.885) 127.91)
YOLO26n 0.944 0.651 0.925 0.882 162.00
(0.937 - (0.638 - (0.911 - (0.863 — (139.45 -
0.951) 0.665) 0.939) 0.901) 184.50)
Per-class performance
Model Class AP50 AP50-95 Precision Recall
YOLO26s  S. titanus 0.945 0.675 0.926 0.868
(0.931 - (0.657 — (0.891 - (0.842 -
0.958) 0.693) 0.960) 0.893)
O. ishidae ~ 0.950 0.652 0.925 0.874
(0.943 - (0.642 - (0.902 — (0.837 -
0.958) 0.661) 0.948) 0.911)
YOLO26n 8. titanus 0.950 0.663 0.933 0.891
(0.941 - (0.639 - (0.906 — (0.879 —
0.959) 0.688) 0.960) 0.903)
O. ishidae  0.939 0.639 0.918 0.874
(0.92 - (0.625 — (0.897 - (0.837 —
0.957) 0.654) 0.939) 0.911)
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184.50) compared to medium size one. Small and nano-size model size
are reported in Supplementary Table 3.

3.4. Error analysis and qualitative evaluation

To summarize classification performances across repeated runs,
confusion matrices reporting the mean and standard deviation of the cell
values on the test set were computed. YOLO26m_SGD confirmed supe-
rior robustness compared to alternative configurations (Fig. 5;
Figs. S1-S3).

As reported by overall metrics, all the benchmarked models
confirmed high accuracy in target insects detection among repeated
runs. The majority of instances were correctly classified, with very
limited mutual misclassification between target classes. Average de-
tections on target classes were similar between YOLO26m_SGD and
YOLOvV8m, with the former showing a lower number of false positive
(FP) O. ishidae on average (Fig. 5; Fig. S1). YOLO11m and YOLO26-
m_AdamW showed similar average values for true positive (TP) and true
negative (TN) for S. titanus compared to the other models, but slightly
less accurate detections on O. ishidae (Figs. S2-S3).

In addition to quantitative comparisons for the benchmarking study
and considering possible future deployments of one model on edge de-
vices, a qualitative evaluation of models errors was performed by visu-
alizing predictions on the test dataset. For each configuration, the best
performing model in terms of mAP50, mAP50-95, Precision and Recall
was selected. YOLO26m_SGD (seed 0) resulted in the most accurate
predictions compared to other models. The majority of instances were
correctly classified (Fig. 6a-b), with very limited mutual misclassifica-
tion between target classes. Notably, only two cases of reciprocal
confusion between S. titanus and O. ishidae were observed, both associ-
ated with partial visibility of the insect at image boundaries (one
representative example in Fig. 6¢). A limited number of duplicate de-
tections (multiple bounding boxes for a single insect) was observed in
three test images, as illustrated in Fig. 6d. This behavior was primarily
associated with non-ideal pose configurations, particularly cases in
which one wing was extended and spatially separated from the body,
likely increasing local feature ambiguity.

FP analysis indicates that most errors for S. titanus were associated
with partially cropped individuals located at image boundaries (Fig. 6e).
For O. ishidae, FP cases were similarly linked to truncated specimens
(Fig. 6f), although additional misclassifications were observed for dark
non-target objects exhibiting low-level visual similarity (Fig. 6g). False
negatives (FN) were predominantly associated with degraded or
partially obscured individuals, where critical morphological features (e.
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g., wings) were missing or occluded (Fig. 6h). Confusion matrix with
absolute and normalized predictions are reported in supplementary
materials (Fig. S4).

3.5. Model-specific error patterns

Across alternative models, distinct error distributions were observed.
For YOLOv8m (seed 0), FP detections for O. ishidae were mainly asso-
ciated with dark background artifacts (Fig. 7a), while this model also
exhibited occasional multiple detections in high-density insect scenarios
(Fig. 7b) and sporadic class attribution errors (Fig. 7c; Fig. S1).

YOLO11m (seed 2) exhibited the highest overall FP and FN rates
(Fig. S2). Most of detection errors were related to O. ishidae, with
generally more FN compared to best performing models of other YOLO
variants. A notable failure mode consisted of dual-class ambiguity,
where O. ishidae instances were simultaneously assigned as both cate-
gories. Similarly to YOLOv8m errors in S. titanus detections, YOLO11m
best model showed multiple O. ishidae counting in pictures with high
density of this target class. An example of those common errors is re-
ported in Fig. 7d.

The best performing YOLO26_AdamW model (seed 3) showed
similar error patterns to YOLO26m_SGD, with overall more FP S. titanus
and FP and FN O. ishidae. FP S. titanus detections were mainly related to
insect body parts cropped by image borders (Fig. 7e). Dark insects were
incorrectly classified as O. ishidae, suggesting limitations in fine-grained
discrimination under domain overlap conditions (Fig. 7f). For each
medium-size model, both absolute value and normalized confusion
matrix are reported in supplementary materials (Figs. S5 — S7).

Apart from detections errors related to insects at picture edges,
smaller YOLO26_SGD variants generally showed more O. ishidae FP
detections compared to the medium-size model (Figs. S8 - S9), with
either other dark insects or background elements such as leaf debris
incorrectly classified (Fig. 7g). Both best YOLO26s_SGD (seed 4) and
YOLO26n_SGD (seed 3) showed a higher number of S. titanus FN, due to
failed detections in image areas with strong light reflections from the
transparent plastic film covering the YSTs (Fig. 7h). Confusion matrices
of small-size models can be found in supplementary materials (Figs. S8 -
S9).

3.6. Edge deployment performance

The benchmarking results showed substantial differences in infer-
ence performance across model sizes and embedded platforms. On
Raspberry Pi 4, mean inference latency increased from 382.46 ms/frame
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Fig. 5. Confusion matrices summarizing YOLO26m based models with SGD optimizer predictions on the test dataset. Values are reported as mean + standard
deviation for each cell across five repeated runs with different random seeds. a) Confusion matrix with counts of ground-truth assignations and predicted detections;

b) confusion matrix with normalized values over the ground-truth assignations.
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Fig. 6. Visual representation of YOLO26m_SGD detections on test dataset images. a) example of correct identifications in an image with higher density of S. titanus;
b) correct O. ishidae identifications; ¢) misclassification of target insect partially cropped by image border leading to FN O. ishidae and FP S. titanus; d) multiple
identifications of a single O. ishidae with one wing placed roughly perpendicular to insect body; e) identification of insect body parts cropped by image edge leading
to FP S. titanus identification; f) identification of insect body parts cropped by image edge leading to FP O. ishidae identification; g) dark off-target insect incorrectly
identified as O. ishidae; h) example of partially degraded O. ishidae not recognized by the model leading to FN.
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Fig. 7. Visualization of common detection errors of trained models other than the best performing YOLO26m_SGD. a) dark insect incorrectly identified as O. ishidae
by YOLOv8m model; b) multiple O. ishidae identifications in image with high density of target insect by YOLOv8m model; c) S. titanus incorrectly identified as
O. ishidae by YOLOv8m model; d) example of YOLO11m best model errors, with multiple detections of the same insect (upper arrow), O. ishidae false negative
(squares) and double detection of the same insect as both classes (lower arrow); €) detection of insect body parts cropped by image border erroneously predicted as
S. titanus by the best YOLO26m_AdamW model; f) dark non-target insects leading to O. ishidae FP detections by the best performing YOLO26m_AdamW model; g)
example of disturbing background element leading to FP O. ishidae detection by the best performing YOLO26s_SGD model; h) FN YOLO26n_SGD detections of
S. titanus in one frame with light reflections.
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for YOLO26n to 1019.71 ms/frame for YOLO26s and 4060.29 ms/frame
for YOLO26m, corresponding to throughputs of 2.61, 0.98, and 0.25
FPS, respectively. The Raspberry Pi 5 considerably reduced inference
latency across all model configurations, reaching 87.64 ms/frame for
YOLO26n, 198.05 ms/frame for YOLO26s, and 648.13 ms/frame for
YOLO26m, with corresponding throughputs of 11.41, 5.05, and 1.54
FPS. Compared with Raspberry Pi 4, this corresponds to approximately
4.4x, 5.1x, and 6.3x lower mean latency for YOLO26n, YOLO26s, and
YOLO26m, respectively (Table 6).

Latency variability remained relatively limited across configura-
tions, with P95 values ranging from 101.63 ms for YOLO26n on the
Raspberry Pi 5 to 4263.27 ms for YOLO26m on the Raspberry Pi 4.
Memory consumption increased with model size on both platforms.
Mean RAM usage ranged from 837.5 to 1143.1 MB on Raspberry Pi 4
and from 770.0 to 943.9 MB on Raspberry Pi 5. These results highlight
the combined influence of model complexity and hardware platform on
embedded inference performance, with YOLO26n on the Raspberry Pi 5
achieving the highest throughput among the evaluated configurations.

4. Discussion

Given the high economic and phytosanitary impact of Flavescence
dorée (FD) in European viticulture and the absence of curative field
treatments [7,48], management of Scaphoideus titanus populations
through mandatory insecticide applications remains a central control
strategy in several countries [49]. In Italy, compulsory monitoring of
adult S. titanus within demarcated zones (Ministerial Order no. 4 of 22nd
June 2023) is predominantly implemented through YSTs [5,50]. How-
ever, the subsequent manual inspection of traps constitutes a significant
operational bottleneck due to its time-intensive nature and the
requirement for expert entomological expertise [5]. In this context,
automated object detection pipelines represent a practical mechanism to
accelerate surveillance workflows while maintaining diagnostic reli-
ability. Given that FD phytoplasma haplotype found in symptomatic
grapevines is seldomly present in hazelnut plants [16], the competence
of O. ishidae in transmission [12] and the morphological similarity with
other Cicadellidae commonly found in YSTs [19], this insect was
selected as target along with the main vector. Other vectors were not
considered as target classes since their epidemiological role in viticul-
ture is considered marginal. D. europaea was not included since it is
easily distinguishable from other vectors [51] and it harbors phyto-
plasma haplotypes not found in symptomatic grapevines in
Northen-Italy so far [16,17].

From a computer vision perspective, deep learning-based detection
frameworks offer improved robustness under unconstrained field con-
ditions and enhanced capability for small object localization compared
to classical image processing approaches [52,53]. Prior studies in agri-
cultural entomology consistently indicate that convolutional detection
architectures outperform alternative approaches for pest identification
tasks, particularly in visually complex backgrounds [27,33,36].
Accordingly, this study adopted a comparative evaluation strategy
across four representative modern one-stage detection architectures,
selected for their balance between computational efficiency and detec-
tion accuracy.

A dedicated dataset was constructed from field-deployed YSTs to
retain variability generated during field exposure, including differences
in insect density and the presence of confounding elements such as non-
target arthropods, leaf fragments, and particulate debris. Image acqui-
sition itself was performed in the laboratory, with fixed camera-to-trap
geometry but intentionally non-standardized illumination, and there-
fore reproduces only part of the variability expected in an operational
field-imaging system. In addition, given the known sensitivity of single-
stage detectors to small object representation [54], image acquisition
was standardized at a fixed camera-to-trap distance of 7 cm to increase
the effective pixel footprint of target organisms. Since the only publicly
available dataset for these target species was collected under markedly
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different experimental conditions [27], external validation was beyond
the scope of the present benchmark.

The custom dataset proposed in this study differs from other previ-
ously developed publicly available ones for entomological applications
in terms of image acquisition strategy, background composition and
scopes. IP102 dataset [55] comprises 102 different classes of insect pests
hampering various crops. Images for this dataset were retrieved from
different online sources, therefore acquired under highly heterogeneous
conditions. In contrast, the proposed dataset was generated with a
partially standardized acquisition protocol and focuses only on two
major viticultural pests. The MassID45 dataset [56] was developed from
Malaise trap collections, comprises images captured with standardized
background conditions, deals with instance segmentation and is meant
for the classification of bulk arthropod samples. In comparison, the
proposed dataset is meant for object detection of target insects directly
from YSTs, providing realistic background conditions and not requiring
pre-processing steps for the insects. The AgriPest dataset [57] focuses on
14 insect species harming wheat, rice, corn, and rape production.
Differently from the here proposed dataset, image acquisition was
conducted in-field, directly on target crops at varying distances from the
camera. The recently published Haly.ID dataset [58] tackles
field-detection of Halyomorpha halys (Stél) (Hemiptera: Pentatomidae)
using different acquisition strategies (UAV, smartphone, stationary
cameras) with the majority of the pictures captured directly in a pear
orchard. By contrast, the frames of the proposed dataset were captured
only from YSTs, from fixed distance and the image scale was lower
compared to the average size of Haly.ID ones. Other studies have
focused on sticky traps images, Ong and Hgye [59] developed a dataset
comprising four traps colours and with insects artificially placed on
them, making it unrealistic compared to the one used for this study. Pest
Sticky Traps database [60] deals with whiteflies counting from YSTs and
does not involve multi-class object detection. The dataset from Checola
et al. [27] is the only one available targeting the same vector species, but
image acquisition strategy markedly differs from the one of this study.

Compared to full-trap single-image acquisition strategies commonly
adopted in smart-trap systems [27,61], the multi-view acquisition
approach improves the spatial resolution of target insects, albeit at the
cost of increased image sampling requirements. Similar trade-offs have
been reported in related applications involving morphologically small or
densely distributed insects such as tephritid flies and thrips [33,62]. This
study, however, was conducted at the image level rather than at the trap
level. Further work is required to involve systematic spatial coverage of
whole traps and compare expert personnel insect counts with automated
counts.

No image enhancement or preprocessing operations (e.g., sharp-
ening or contrast amplification) were applied prior to annotation or
training. This decision was motivated by the need to avoid artificially
induced high-frequency artifacts that may bias feature learning and
degrade generalization performance [63,64]. Notably, prior work has
shown that such preprocessing can negatively affect detection robust-
ness in YOLO-based models for S. titanus and O. ishidae when applied
inconsistently [27].

During dataset creation, multiple images were captured from each
trap and randomly assigned to the training, validation, and test subsets
at the image level. Consequently, images originating from the same YST
could occur in more than one subset, and shared trap-level background
characteristics may reduce the independence of the evaluation sets. The
reported metrics should therefore be interpreted as an image-level
benchmark under the present acquisition protocol rather than as an
independent trap-level or external generalization estimate. Future
studies should increase dataset size and adopt grouped splits by trap,
site, and/or sampling date, together with external field validation on
previously unseen traps.

An interesting outcome of this benchmarking study is that more
recently proposed architectural variants did not consistently outperform
earlier-generation but widely adopted detection backbones. Even
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though all the models resulted in high-performance metrics values,
neither YOLO1lm nor YOLO26m_AdamW outperformed YOLOv8m
considering average mAP50 and mAP50-95 metrics. The latter variant,
largely used for entomological detection tasks [36,65,66], resulted in
the highest training stability overall, as indicated by the narrow confi-
dence interval for most metrics (Fig. 4). In contrast, YOLO26m-based
models generally showed greater variability across repeated runs,
although this effect was mitigated by optimizer selection. This obser-
vation is in line with previous findings [67], where the training strategy
proved to mitigate the effect of backbone and neck architectural changes
allowing older YOLO variants to compete with more recent ones. The
higher between-run variability suggests a stronger influence of random
initialization and other stochastic training factors on the final model
performance. This observation suggests that improvements introduced
in large-scale benchmark optimization contexts (e.g., MS COCO) do not
necessarily transfer directly to small-scale, domain-specific datasets
with limited sample diversity. Indeed, while recent architectural up-
dates introduce enhanced feature extraction blocks and modified opti-
mization strategies aimed at improving convergence efficiency and
inference speed on large datasets [37], their effectiveness appears sen-
sitive to dataset scale and distributional complexity. Consistent with the
reduced head complexity [68], the most recent YOLO variants achieved
higher inference speed than models from earlier generations.

A further relevant observation concerns optimization strategy
sensitivity. Even considering overlaps of confidence intervals among
architectures, YOLO26m_SGD consistently achieved among the highest
mean values for the considered performance metrics. In the present case,
characterized by a relatively small and domain-specific dataset, the use
of a more conservative stochastic optimization strategy resulted in
higher test-set performance in the present experiments, suggesting that
slower but more stable convergence may be advantageous for fine-
grained insect detection under this dataset and protocol. Optimizer se-
lection could have facilitated a more effective exploitation of the
architectural improvements introduced in recent YOLO variants,
allowing them to better adapt to the specific characteristics of the
dataset developed in this study. This finding is consistent with prior
observations that large-scale optimization heuristics may not be optimal
in low-data regimes [47].

Additionally, loss formulation and attention mechanisms integrated
into recent architectures likely contributed to improved localization
performance for partially occluded or small-scale targets [47]. This is
particularly relevant for YST imagery, where insects are frequently
observed at trap edges or partially overlapping among each other or
with debris. Such effects are also reflected in qualitative results, where
false positive detections often correspond to partially visible insects
incorrectly classified as full instances (Fig. 6e-f, Fig. 7e). From an
operational perspective, this limitation could be mitigated through
acquisition strategies incorporating overlapping spatial coverage of
traps to reduce boundary truncation effects that remain untested in this
study [33].

Since complete dataset was randomly split at image-level for the
benchmarking study, images originating from the same trap could be
used for both detector fine-tuning and test phases. To assess potential
bias associated with image-level random splitting, grouped and random
subsets of complete dataset were used for fine-tuning and evaluating
performance metrics of YOLO26m_SGD models. Results confirm that
random partitioning produces more optimistic estimates. Nevertheless,
the detector maintained high performance when evaluated on traps not
seen during training, supporting its potential applicability under more
realistic deployment conditions that will be assessed in future studies
(Table 5).

Error analysis indicates high detection accuracy for the benchmarked
models, with generally higher O. ishidae FP compared to S. titanus
(Fig. 5; Figs. S1 — S3). These errors are primarily attributable to visually
confounding background structures and low-contrast objects. In
particular, the characteristic wing mosaic pattern of O. ishidae may be
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Table 5

General performance metrics for YOLO26m models fine-tuned with random and
grouped dataset splits for optimistic bias quantification. Mean performances
among five repeated runs with different random seeds are reported, with values
in parentheses representing the 95% confidence interval.

General performance metrics

Dataset mAP50 mAP50-95 Precision Recall

split

Grouped 0.923 (0.909 0.657 (0.632 -  0.893 (0.864 — 0.847 (0.819
-0.937) 0.682) 0.923) -0.784)

Random 0.972 (0.944 0.737 (0.686 —  0.952 (0.930 — 0.926 (0.879
-1.000) 0.789) 0.973) -0.973)

confounded with particulate noise in darker regions of the trap surface,
leading to feature ambiguity. Furthermore, the inherently darker
coloration of this species introduces additional bias, increasing the
likelihood of misclassification with non-target dark objects. Among the
best-performing models of each architectural variant, YOLO26m_SGD
achieved the highest detection accuracy for O. ishidae (Fig. S4), while
YOLOv8m and YOLO26m_AdamW showed multiple detections in im-
ages with high target density (Fig. 7b-d). This behavior is particularly
critical in monitoring contexts, where accurate abundance estimation is
required rather than purely detection-based evaluation. From an oper-
ational deployment perspective, such behavior limits suitability for
automated counting pipelines, which are essential for population
monitoring and threshold-based pest management decisions. Given that
high densities of O. ishidae are typically expected at vineyard edges [12]
and that field conditions do not allow strict control over background
variability, the most robust configuration is the one that maintains
stable detection behavior under density variation and background noise.

For S. titanus, misclassification patterns vary depending on model
configuration. On average, benchmarked architectures showed similar
S. titanus FN, while YOLO26m_SGD and YOLOv8m resulted in less FP. By
comparing best performing models for each architecture, two different
subsets of errors were identified. Older variants (YOLOv8m, YOLO11m)
misclassifications were associated with confusion among morphologi-
cally similar Deltocephalinae taxa, indicating limitations in fine-grained
feature discrimination. For YOLO26m based models, FP errors were
mostly related to insect body parts cropped by picture edges, potentially
caused by architectural improvements to enhance recognition of
occluded objects [47].

Standardization of image acquisition has previously been identified
as a key factor influencing detection performance in YST-based moni-
toring systems [27]. While object detection frameworks are inherently
scale-robust to some degree [38], consistent imaging geometry remains
important for reducing intra-class variability. In this study, only
camera-to-trap distance was standardized, while illumination conditions
were intentionally left unconstrained to increase photometric variability
represented in the dataset. This choice was also intended to increase the
potential transferability of the models to future smart-trap imple-
mentations, although no deployment on prototype or operational
smart-trap systems was performed within the scope of the present study.
To further investigate future deployment possibilities, smaller variants
of the best-performing configuration were included. Small and nano
variants of YOLO26 family are particularly suited for
resource-constrained edge devices [47,68], and all the fine-tuned
models resulted in high detection accuracy (Table 4). Embedded
benchmarking confirmed that smaller models variants exhibited sub-
stantially lower inference latency (Table 6), making them more suited
for applications where fast image-processing is required. Nevertheless,
by visualizing small and nano models predictions on test dataset, FN
detections of S. titanus were occasionally observed in images with strong
light reflections. This may represent a limitation when YSTs are analysed
after field recollection, as the transparent plastic film commonly used to
cover and store traps can generate reflections that could interfere with
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Table 6

Edge-deployment performance of YOLO26 based models for different size var-
iants (medium, small and nano). All the models were fine-tuned using the SGD
optimizer. Mean inference latency (+ SD), 95th-percentile latency (P95), frames
per second (FPS), and mean RAM utilization are reported.

Model Platform Mean latency P95 FPS Mean RAM
(ms/frame) (ms) (MB)

YOLO26m  Raspberry 4060.29 + 4263.27 0.25 1143.1
Pi 4 246.26
Raspberry 648.13 £+ 51.47 708.87 1.54 943.9
Pi5

YOLO26s Raspberry 1019.71 + 1084.68 0.98 981.8
Pi 4 45.04
Raspberry 198.05 + 16.02 224.81 5.05 854.2
Pi5

YOLO26n Raspberry 382.46 + 16.02 400.83 2.61 837.5
Pi 4
Raspberry 87.64 £ 10.56 101.63 11.41 770.0
Pi5

visual features of the insects (Fig. 7h). Conversely, YOLO26m_SGD
model achieved the highest detection metrics in the present benchmark
and may therefore provide greater tolerance to challenging imaging
conditions, albeit with substantially higher inference latency. Alterna-
tive illumination strategies such as transmitted light, as explored in
previous studies [33], were not adopted due to their limited applica-
bility to single-sided trap configurations and reduced generalizability in
field conditions.

Benchmarking studies have evaluated on-edge performance differ-
ences of YOLO-based models on Raspberry Pi and other CPU-only de-
vices. As previously reported [69], different model variants in terms of
size and architectural generation display substantial differences in la-
tency and memory usage on-edge devices. Comparing performance re-
sults with other studies [70,71], average latency of YOLO26s resulted
even lower than nano variants of YOLOvS, v9, v10 and v11, while RAM
usage did not differ substantially among most recent and previous ar-
chitectures when same model sizes are considered. Even though direct
numerical comparison should be interpreted cautiously given different
software environments, datasets and different deployment backends,
those observations are in line with YOLO26 improvements [47], further
supporting its applicability to resource-constrained edge platforms.

Finally, the image-level performance metrics obtained in this study
are numerically higher than those previously reported for the same
target species [27]. However, direct comparison must be interpreted
cautiously, as prior work relied only on light-weight architecture and
employed different imaging conditions that reduce the relative object
size within the frame. These factors collectively influence detection
difficulty and must be considered when benchmarking performance
across studies.

5. Conclusion

This study showed that optimization strategy and training configu-
ration influenced object-detection performance within the tested
vineyard-pest monitoring setup. Benchmarking multiple YOLO archi-
tectures revealed differences in training stability and computational
behavior across model generations. Overall performance was high, with
the best-performing run achieving mAP50 = 0.965 and mAP50-
95 = 0.69.

Evaluation on images acquired from field-deployed yellow sticky
traps supports further investigation of the proposed approach under
operational monitoring scenarios characterized by heterogeneous illu-
mination, variable insect density, and complex visual backgrounds. The
present results indicate the potential of deep learning-based detection to
reduce the burden of manual inspection, but this potential should be
confirmed through trap-level validation, systematic comparison with
expert counts, and end-to-end field deployment.
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From a systems perspective, the proposed framework should be
regarded as an initial step toward fully automated monitoring pipelines
for Flavescence dorée vector surveillance. Future work should focus on
integrating detection outputs with standardized ground-truth manual
inspection protocols to quantitatively assess agreement in operational
conditions, as well as on automating the image acquisition process to
enable end-to-end smart trap deployment.

Finally, to support reproducibility and facilitate further research on
automated entomological monitoring, the annotated dataset used in this
study is released to the scientific community. This resource is expected
to contribute to the development of more generalized and data-efficient
models for insect detection in agricultural environments.

Data availability

The dataset used in this study along with models predictions on the
Test dataset will be made publicly available in Zenodo after publishing
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