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Abstract

The olive psyllid (Euphyllura olivina), previously considered a secondary pest in Spain,
is becoming more prevalent due to climate change and rising average temperatures. Its
cottony wax secretions can cause substantial damage to olive crops under certain climatic
conditions. Traditional monitoring methods for this pest are often labor-intensive, sub-
jective, and impractical for large-scale surveillance. This study presents an automatic
image segmentation approach based on deep learning to detect and quantify the cottony
masses produced by E. olivina in olive trees. A well-annotated image dataset is developed
and published, and a thorough evaluation of current camouflaged object detection (COD)
methods is carried out for this task. Our results show that deep learning-based segmenta-
tion enables accurate and non-invasive assessment of pest symptoms, even in challenging
visual conditions. However, further calibration and field validation are required before
these methods can be deployed for operational integrated pest management. This work
establishes a public dataset and a baseline benchmark, providing a foundation for future
research and decision-support tools in precision agriculture.

Keywords: Psyllidae; Euphyllura olivina; olive psyllid; olive pest; deep learning; smart
farming; camouflaged object detection

1. Introduction

The olive psyllid, Euphyllura olivina (Costa, 1839), is a significant pest in Mediterranean
olive groves, especially in North-African countries, but is increasing its impact in other
olive-producing regions such as Spain (known here as “Algodoncillo del Olivo”), because
of climate change and the increase in mean temperatures in early spring [1,2]. Recent
studies have highlighted the effects of climate change on olive production in Spain, further
emphasizing the need for improved pest monitoring and management strategies [3]. Under
these climatic conditions, this insect causes both direct and indirect damage during the
flowering and fruit-setting stages [4,5]. One of the most characteristic symptoms of its
presence is the production of conspicuous white waxy secretions by the nymphs, which
cover inflorescences and young shoots, leading to flower drop, reduced fruit set, and the
development of sooty mold that further affects photosynthesis and yield [6,7]. The extent
of these cottony masses is closely related to the population density of the pest, making their
detection and quantification a valuable proxy for monitoring E. olivina outbreaks [6].
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Traditional monitoring methods rely on manual inspection and counting, which
are labor-intensive, subjective, and often impractical for large-scale or high-frequency
surveillance. Additionally, the inaccessibility of some olive farms in the mountains poses
significant challenges. Recent advances in computer vision and image analysis offer
promising alternatives for the automatic detection and quantification of pest symptoms in
crops [8]. Although direct detection of this pest is complicated due to its small size (e.g.,
adults 2 to 3 mm) [9], the segmentation of the white cottony mass secretions present in
images of olive trees could enable rapid, non-invasive estimation of E. olivina populations,
facilitating timely and targeted pest management interventions [7,10,11].

This work presents a methodology for the image segmentation of the cottony mass
produced by E. olivina using camouflaged object detection (COD) techniques. The quan-
tification of the area covered by these secretions is intended to establish a foundation for
future studies correlating cottony mass coverage with pest population density. This will
ultimately contribute to the development of precision agriculture tools for integrated pest
management in olive cultivation.

The key contributions of this work include:

* A first well-annotated benchmark dataset was used for the segmentation of cottony
masses produced by E. olivina in olive trees.

*  Fine-tuning of ten state-of-the-art (SOTA) COD techniques was applied for the seg-
mentation of cottony masses by E. olivina.

¢ A quantitative and qualitative evaluation of the results was obtained and discussed
with these ten SOTA COD techniques for the segmentation of cottony mass produced
by E. olivina.

The manuscript is organized as follows. Section 2 presents the dataset, the techniques
used, and the evaluation metrics. Then, Section 3 shows the experimental results, both
quantitative and qualitative, on the dataset. Finally, discussions are given in Section 4.

2. Proposed Methodology

This section presents the proposed methodology used to evaluate the image segmen-
tation of cottony masses produced by Euphyllura olivina in olive trees (see Figure 1). As
illustrated in Figure 2, the pipeline consists of six main stages:

e  Dataset Acquisition. A set of images containing cottony masses was collected from
different sources.

e Image Annotation. The collected images were annotated following strict guidelines to
determine areas of cottony masses.

¢ Training COD Techniques. COD techniques were applied using the annotated dataset
for training image-segmentation models.

¢  Testing COD Techniques. The trained models were evaluated on a test set to generate
segmentation masks that identify the cottony masses.

¢  Evaluation. Performance was assessed using both quantitative metrics and qualitative
visual comparisons.

*  Result Interpretation. The segmentation outputs were analyzed to determine the
effectiveness of each COD technique in detecting and quantifying the cottony masses
under challenging visual conditions.
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Figure 1. Example images of E. olivina in olive trees.
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Figure 2. Overall pipeline of the proposed methodology.

2.1. Dataset Acquisition

The study presents the first well-annotated benchmark dataset for segmenting cottony
masses produced by Euphyllura olivina on olive trees. The dataset contains 442 images with a
split for training (354 images), validation (66 images), and testing (22 images). Images were
obtained from public repositories, including iNaturalist (https://www.inaturalist.org/,
accessed on 18 September 2025) and Forestrylmages (https://forestryimages.org, accessed
on 18 September 2025), and supplemented with specific images taken in the province of
Jaén, Spain. The images originate from heterogeneous sources, devices, and environmental
conditions, including contributions from different countries (e.g., USA, Europe, and North
Africa (see Figure 3)), which naturally introduces variability in viewpoint, optics, and
scene composition. This heterogeneity is intentional to improve model generalization to
real-world conditions. The test set of 22 images and validation set of 66 images include
only original images, with no augmented images, ensuring strict separation between
training /validation and testing.

The dataset was carefully constructed to avoid data leakage and ensure that images
in the training, validation, and test splits are independent. Images from similar scenes
were assigned to a single partition, preventing overlap between splits and supporting a fair
evaluation of model performance.


https://www.inaturalist.org/
https://forestryimages.org
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Figure 3. Geographical location distribution of annotated images around the world, marked with
orange squares. Source: iNaturalist.

2.2. Image Annotation

The annotation process was conducted using Roboflow (https://app.roboflow.com/,
accessed on 18 September 2025), a web-based platform designed for computer vision
tasks. Each image was annotated with meticulous attention to detail, following a set of
strict guidelines to ensure consistency and accuracy across the dataset. First, annotators
were instructed to: (a) exclusively label cottony mass instances, disregarding all other
visual elements, and (b) ensure complete coverage by annotating every visible cottony
mass without omission. Second, quality specifications required (a) individual polygon
annotations for each cottony mass in multi-instance images, and (b) pixel-precise boundary
refinement to accurately capture morphological features.

To improve the generalization of the models to be trained, a data augmentation process
is performed, obtaining a final image count of 655, split into training (567 images), validation
(66 images), and testing (22 images) subsets. The original distribution is maintained
in the validation and testing subsets. The following augmentations are applied to the
original dataset:

e  Flip: Horizontal, Vertical

*  90° Rotate: Clockwise, Counter-Clockwise, Upside Down
e  Rotation: Between —15° and +15°

e  Shear: +10° Horizontal, +10° Vertical

Figure 4 shows examples of the annotated dataset. The first and third columns show
RGB images with the presence of cottony mass, while the second and fourth columns
show the binary masks that segment the presence of cottony mass. The resulting dataset is
publicly available (see the Data Availability Statement). Additionally, Figure 5 (top) shows
the scatter plot that visualizes the spatial distribution of the mask centroids (geometric
centers) within the images. Each point represents the centroid of a mask, with its position
determined by the X and Y coordinates. Also, Figure 5 (bottom) presents a histogram
showing the percentage of each image area covered by masks. Coverage is calculated as
the ratio of mask pixels to the total number of pixels in each image.


https://app.roboflow.com/
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Figure 4. Example images of annotated datasets. Images captured under different environmental
conditions, lighting, object distance, and devices.
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Figure 5. Statistics based on the images in the annotated dataset. (top) The scatter plot visualizes the
spatial distribution of the centroids (geometric centers) of the masks within the images. Each point
represents the centroid of a mask, with its position determined by the X and Y coordinates. (bottom)
The histogram shows the percentage of each image covered by masks. Coverage is calculated as the
ratio of mask pixels to the total number of pixels in the image.

2.3. Training COD Techniques

Camouflaged Object Detection (COD) is a specialized subfield of computer vision
that focuses on identifying objects that are visually blended into their surroundings. The
choice to focus on COD-based models was motivated by the unique visual challenges
presented by the cottony mass, which often exhibits low contrast, irregular shapes, and
blends into complex backgrounds. COD models are specifically designed to address
these challenges, and have demonstrated superior performance over general-purpose
segmentation frameworks such as U-Net++ [12] or DeepLabv3+ [13] in camouflaged object
scenarios. This specialization makes them particularly suitable for the segmentation of E.
olivina symptoms in olive trees.

In recent years, advances in deep learning have led to the development of state-
of-the-art (SOTA) models specifically designed to address these challenges [14]. This
section reviews a variety of approaches, highlighting how each method tackles the inherent
difficulties of COD through different architectural strategies and loss functions.

For example, BASNet [15] utilizes a predict-and-refine strategy with a hybrid loss
function (BCE, SSIM, IoU), where SSIM implicitly enhances edge quality, though it does
not explicitly model edges. SINet [16] implements a biologically inspired search-and-
identification framework, explicitly using edge cues to locate and segment camouflaged
objects. EAMNet [17] features dual parallel branches for segmentation and edge detection,
with cross-refinement that explicitly incorporates edge information into the learning pro-
cess. HitNet [18] employs iterative prediction refinement through feedback loops, which
indirectly improves boundary clarity without dedicated edge modeling.

For integrating global and local features, CTF-Net [19] merges CNN-based local
features with Transformer-based global context, implicitly enhancing boundary precision.
In contrast, BGNet [20] introduces a dedicated boundary-guidance branch to directly model
object contours. C2F-Net [21] applies cross-level context fusion, implicitly strengthening
edges for better structural coherence. DGNet [22] explicitly captures edge information via
gradient flow, enabling the detection of subtle contrast variations in low-texture regions.
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Addressing domain-specific challenges, PCNet [23] focuses on plant camouflage using
multi-scale refinement, explicitly handling irregular plant edges. Lastly, OCENet [24]
models aleatoric uncertainty to dynamically supervise regions with high uncertainty (such
as boundaries), thereby implicitly enhancing edge detection. Collectively, these methods
advance COD by balancing explicit edge guidance with implicit boundary refinement,
adapting to a range of camouflage scenarios. Table 1 summarizes the distinctive character-
istics of the evaluated SOTA COD methods.

Table 1. Distinctive characteristics of the evaluated SOTA COD techniques.

Technique Source Year Source Type Image Size (px) Backbone #Par. (M)
BASNet [15] CVPR 2019 Conference 256 x 256 ResNet-34 [25] 87.06
SINet-v2 [16] TPAMI 2021 Journal 352 x 352 Res2Net-50 [26] 24.93

BGNet [20] IJCAI 2022 Conference 416 x 416 Res2Net-50 [26] 77.80
C2F-Net [21] TCSVT 2022 Conference 352 x 352 Res2Net-50 [26] 26.36
OCENet [24] WACV 2022 Conference 352 x 352 ResNet-50 [25] 58.17
EAMNet [17] ICME 2023 Conference 384 x 384 Res2Net-50 [26] 30.51

DGNet [22] MIR 2023 Journal 352 x 352 EfficientNet [27] 8.30

HitNet [18] AAAI 2023 Conference 352 x 352 PVTv2 [28] 25.73

PCNet [23] arXiv 2024 - 352 x 352 PVTv2 [28] 27.66
CTE-Net [19] CVIU 2025 Journal 384 x 384 PVTv2 [28] 64.48

2.4. Testing COD Techniques

All COD models are evaluated under the same simple test protocol to make results
comparable. For each method, select the checkpoint with the best validation performance
and use it for inference on the test set. Inputs are resized to the resolution expected by each
model and normalized according to the model’s original preprocessing, with no random
transformations applied at test time. Inference is single-scale (no test-time augmentation),
and each model produces a probability map that is resized back to the original image size
for evaluation and visualization. For the figures, a binary mask using a fixed threshold
of 0.25 is also shown. Also, it does not apply morphological or other post-processing
refinements, keeping the comparison focused on the models themselves. This simple setup
is easy to reproduce and ensures a fair, like-for-like comparison across methods.

2.5. Evaluation

This study utilizes five widely adopted evaluation metrics to assess the performance
of COD models. These metrics offer a comprehensive framework for analyzing detec-
tion accuracy and effectiveness across different approaches: Structure-measure (S;) [29],
weighted F-measure (Fg’) [30], Mean Absolute Error (M) [31], E-measure (Eyp) [32], and
F-measure (Fg) [33]. The metrics are computed at the original image resolution after
up-sampling predictions.

The S, metric is employed to evaluate the structural similarity between predicted and
ground-truth maps, indicating the extent to which the overall structural information is
preserved. The weighted F-measure (Fg’ ) extends the traditional Fg by incorporating spatial
weights, thereby providing a more nuanced assessment of segmentation quality with a focus
on boundary precision and the spatial significance of detected pixels. The Mean Absolute
Error (M) measures pixel-level discrepancies between normalized predictions and ground
truth, offering a direct indicator of prediction accuracy. The E-measure (Ey) simultaneously
considers both global and local detection accuracy, grounded in human visual perception,
to deliver a perceptually meaningful evaluation. Finally, the F-measure (Fg) combines
precision and recall to provide a balanced review of overall detection performance.

For both the F-measure and E-measure, multiple scores are computed based on dif-
ferent precision—recall pairs, resulting in adaptive F-measure (ngp ), mean F-measure
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(Fg”“”), and maximum F-measure (Fy”x ). Similarly, the E-measure includes adaptive,

. . ad .
mean, and maximum variants, denoted as E ¢ P E{;E“”, and Eg,”" , which are also used as

evaluation metrics.

In addition to the metrics previously reported (Su, Fg', M, Egp, F/;), traditional metrics
such as intersection over union (IoU) and Dice coefficient scores are also included. These
metrics provide a direct and interpretable measure of the spatial overlap between predicted
and ground-truth masks, which is central to the intended application in pest quantification.
Specifically, the Intersection over Union (IoU) quantifies the ratio between the area of
overlap and the area of union of the predicted and ground-truth masks, offering a strict
assessment of segmentation accuracy. On the other hand, the Dice coefficient, also known
as the F1 score for segmentation, measures the harmonic mean of precision and recall at
the pixel level, emphasizing the balance between false positives and false negatives. Both
metrics are widely used in image segmentation tasks, as they directly reflect how well the
predicted regions match the actual annotated regions.

To provide a more comprehensive evaluation, specific IoU thresholds are also re-
ported, including IoU@50 and IoU@75, which represent the average accuracy when the
IoU exceeds the thresholds of 0.50 and 0.75, respectively. In addition, IoU@[50-95] is
included, calculated using multiple IoU thresholds from 0.50 to 0.95 in increments of 0.05,
following the COCO evaluation protocol. These variants provide a more complete view
of segmentation performance, showing how well the model works under both easy and
demanding conditions.

2.6. Training Details

This subsection summarizes the training configuration used across all COD techniques.
Table 2 reports the optimizer, learning rate, batch size, number of epochs, scheduler, and
loss functions employed per model. All models were trained under consistent splits
and without test-time augmentation, as described in Sections 2.4 and 2.5, to enable a
fair comparison.

Table 2. Details of the training parameters used in evaluated SOTA COD techniques. Learning rate
(LR); Batch size (BS).

Technique  Optimizer LR BS Epochs Scheduler Loss Function
BASNet [15] Adam 1x103 8 1000 ReduceLROnPlateau  BCE + SSIM + IOU (multi-stage fusion)
SINet-v2 [16] Adam 1x107% 16 150 Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)
BGNet [20] Adam 1x10-4 12 100 Custom (Poly LR) Strt}cture loss (weighted BCE + weighted IOU)
+ Dice loss (edge)
C2F-Net [21] AdaXW 1x107% 32 50 Custom (Poly LR) Structure loss (weighted BCE + weighted IOU)
_ Uncertainty aware structure loss (weighted
5 y &
OCENet [24] Adam 1x10 4 50 StepLR BCE + weighted IOU)
EAMNet[17] AdamW 5x10-5 16 150  Custom (AdjustLR) 11yorid loss (weighted BCE + weighted IOU) +
Edge loss (edge)
DGNet[22] ~ AdamW 5x10-5 16 150  CosineAnnealingLR 1 orid loss (weighted BCE + weighted IOU) +
MSE loss (grad)
HitNet [18] AdamW 1x107* 8 150 Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)
PCNet [23] AdamW 1x107% 8 150 Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)
CTE-Net [19] Adam 1x10-4 12 100 Custom (Poly LR) Structure loss (weighted BCE + weighted IOU)

+ Dice loss (edge)

3. Results

The performance of the ten SOTA COD techniques is quantitatively evaluated on the
test set using the metrics described in Section 2.5. Table 3 summarizes the results for each
model, highlighting the top three performers for each metric.
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Among all evaluated techniques, CTF-Net achieved the highest Structure-measure
(S« = 0.8101), indicating superior preservation of structural information in the segmented
masks. PCNet and BGNet also performed strongly, with S, scores of 0.8075 and 0.8022,
respectively. In terms of F-measure (Fg), PCNet (0.6787) and HitNet (0.6735) outperformed
the rest, reflecting a strong balance between precision and recall. The lowest Mean Absolute
Error (M) is obtained by HitNet (0.0220), closely followed by PCNet (0.0234), indicating
high pixel-level accuracy.

For the E-measure (Ey), which combines global and local detection accuracy, OCENet
(0.9099) and HitNet (0.9125) achieved the best results, while CTF-Net and BGNet also
demonstrated robust performance. The adaptive, mean, and maximum variants of F-
measure and E-measure further confirmed the consistency of these top-performing models.

In relation to the results obtained in traditional metrics, the values indicate in Table 4
that CTF-Net achieves the best overall performance across all highest evaluated metrics,
obtaining the values for Dice (0.735), IoU (0.621), IoU@50 (0.562), IloU@75 (0.279), and
IoU@][0.50:0.95] (0.302). BGNet and PCNet also demonstrate strong performance, partic-
ularly in the Dice and IoU metrics. In contrast, methods such as BASNet and C2F-Net
show the lowest values in most metrics, indicating lower overlap and accuracy in segmen-
tation. Overall, the table highlights significant differences in the effectiveness of the various
techniques, with CTF-Net standing out as the most effective method for the evaluated
segmentation task according to these classical indicators.

Qualitative results are illustrated in Figures 6 and 7, where segmentation outputs from
all models are compared against ground truth masks. The best-performing models, such as
PCNet, CTF-Net, HitNet, and BGNet, consistently produced accurate segmentation, with
minimal over-segmentation (red) and under-segmentation (blue) errors. These models are
particularly effective in scenarios with low-contrast boundaries and complex backgrounds,
which are characteristic of the cottony masses produced by E. olivina.

To assess the generalization power of the four techniques (as indicated by the quanti-
tative results) in challenging scenarios, Figure 8 is presented, which displays an olive tree
with a high density of cottony mass. The techniques in this scenario present challenges in
identifying areas of overlap with the GT (white areas), although a large number of areas
are generally affected. This image was taken of an olive tree in the province of Jaén, Spain,
with a high population of E. olivina and cottony mass.

Table 3. Metric evaluation results for each COD techniques—notation as presented in Section 2.5,
“1/ }” indicates that larger or smaller is better. Top 3 results are shown in red, blue, and green.

Technique Sa T E 1 ML ESPt Ept ERS pgdr’ t Fgeert Fper e
BASNet[15]  0.7556 05634  0.0329 08144 08364 08555 05744  0.6095  0.6395
SINet-v2[16] 07778  0.6038  0.0285  0.8343  0.8826 09160 05809  0.6456  0.6873

BGNet[20] ~ 08022 05978  0.0278  0.8951 09054 09262 06816 07190  0.7528
CZF-Net[21] 07708 05248 00342 08282  0.8807 09220 05780  0.6386  0.6937
OCENet [24] 07854  0.6558  0.0251 09099  0.8982 09178  0.6726 07054  0.7277
EAMNet[17] 07435 04125 00477 08821  0.8839 09195  0.6498  0.6738  0.7340
DGNet[22] 07833  0.6060 00278  0.8362 08873 09144 05833 06510  0.6877

HitNet [18] 07929 06735 00220 09125 09155 09195  0.6911 07046  0.7206

PCNet[23] 08075  0.6787  0.0234 09016 09144 09232 06840 07101  0.739%4
CTF-Net[19] 08101 06224 00314 08859 09013 09280  0.6656 07041  0.7493
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Figure 6. Prediction mask results using different SOTA COD techniques. Successful matches between
GT and predicted masks (white areas); False positive regions (red areas, over-segmentation); and
false negative regions (blue areas, miss-segmentation).

Table 4. Metric evaluation results for each COD techniques using traditional metrics (i.e., IoU and
Dice)—notation as presented in Section 2.5. Top 3 results are shown in red, blue, and green.

Technique Dice IoU IoU@50 IoU@75 IoU@[0.50:0.95]
BASNet [15] 0.629 0.500 0.396 0.145 0.167
SINet-V2 [16] 0.670 0.547 0.459 0.208 0.217
BGNet [20] 0.732 0.616 0.522 0.278 0.297
C2F-Net [21] 0.677 0.547 0.421 0.151 0.205
OCENet [24] 0.695 0.568 0.505 0.180 0.221
EAMNet [17] 0.708 0.587 0.484 0.244 0.256
DGNet [22] 0.675 0.544 0.443 0.151 0.194
Hitnet [18] 0.704 0.583 0.514 0.267 0.245
PCNet [23] 0.718 0.599 0.508 0.272 0.268

CTF-Net [19] 0.735 0.621 0.562 0.279 0.302
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Figure 7. Example image segmentation result of the four best techniques according to Table 3.
Successful matches between GT and predicted masks (white areas); False positive regions (red areas,

over-segmentation); and false negative regions (blue areas, miss-segmentation).

RGB » - Ground Truth mask

Figure 8. Cont.
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BGNet HitNet

Figure 8. Example image segmentation result on a challenging scenario with high density of cottony
mass using the four best techniques according to Table 3. Successful matches between GT and
predicted masks (white areas); False positive regions (red areas, over-segmentation); and false
negative regions (blue areas, miss-segmentation).

4. Discussion

Interpretation framework and robustness: We interpret S, Fg’ , Ep, Fg (and their
variants) as indicators of structural preservation, precision-recall balance, and perceptual
alignment, respectively, whereas lower M indicates fewer pixel-wise errors. Given the
small test set (22 images), we report 95% confidence intervals to qualify the stability of
model rankings and to emphasize practical reliability rather than single-metric peaks.

The results obtained in this study provide valuable insights into the effectiveness of
COD techniques for segmenting cottony masses produced by Euphyllura olivina in olive
trees. The first point to review is the quality and distribution of the annotated dataset.
The centroids are distributed across the entire image space, indicating that the segmented
objects are not concentrated in a specific region of the images. This suggests that the dataset
captures a wide variety of object placements, which is beneficial for training robust models.
However, if certain areas are underrepresented, it might indicate a potential bias in the
dataset (see Figure 5 (top)). The majority of images exhibit low to moderate mask coverage,
indicating that the segmented objects occupy a relatively small portion of the image. This is
commonly observed in datasets where the objects of interest are sparse or small compared
to the overall image size. However, a few images have higher coverage, which suggests the
presence of larger or more densely packed objects (see Figure 5 (bottom)).

Quantitative results demonstrate that recent advances in COD, particularly those
leveraging transformer-based architectures and explicit edge modeling, are highly effective
for the segmentation of cottony masses produced by E. olivina in olive trees. Models such
as CTF-Net and PCNet stood out for their ability to integrate global context and local
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features, which is crucial for distinguishing the subtle, low-contrast wax secretions from
the surrounding foliage.

The strong performance of HitNet and BGNet further highlights the importance
of iterative refinement and boundary guidance in improving segmentation accuracy for
camouflaged targets. These findings are consistent with previous studies in COD, where
explicit edge information and multi-scale feature fusion have been shown to enhance
detection in complex natural scenes.

Despite these achievements, some limitations were observed. Acquisition conditions
were not controlled, as images were captured by different people, devices, and countries;
therefore, lighting, lens orientation, and environmental conditions (including temperature)
vary between samples. Temperature, in particular, influences the phenology and abundance
of E. olivina [1], which can introduce temporal differences in cottony mass expression.
Paradoxically, this heterogeneity enriches the dataset and favors generalization, but it can
also lead to false positives in under-segmentation of small deposits or in regions with
similar texture or color to the cottony mass, such as light-colored stems or background
reflections. These limitations justify future standardized acquisition protocols and sampling
stratification by light and phenological state.

From a management standpoint, early developmental stages usually cause minor
direct damage, whereas higher densities are associated with visible plant stress and reduced
fruit set; furthermore, cottony mass can hinder the effectiveness of contact insecticides by
acting as a physical barrier, reinforcing the importance of early and objective detection.

The traditional method for controlling the population of this pest is to count the
number of shoots or inflorescences with cottony mass. The threshold for taking action
against the pest is 60% of shoots or inflorescences affected. This task of collecting shoots or
inflorescences and subsequently analyzing them in the laboratory is very time-consuming
and may delay the decision-making process. In some areas, access to olive trees is difficult
because they are located far from roads and/or on steep slopes, which makes it difficult to
collect shoots. These areas can become reservoirs for the pest. In this regard, once the model
has been trained, taking photographs with a drone can greatly speed up data collection,
analysis of the state of the pest, decision-making on mitigating measures, and assessment
of their real effect on the pest [34].

The availability of a well-annotated, public dataset and the benchmarking of multiple
SOTA techniques provide a valuable resource for the research community. The results es-
tablish a strong baseline for future work, including the integration of temporal information
from video, the use of hyperspectral data, or the development of lightweight models for
deployment on edge devices in the field.

In summary, this study confirms the feasibility and effectiveness of deep learning-
based image segmentation for the automatic detection and quantification of E. olivina infesta-
tions. The proposed approach offers a scalable, objective, and non-invasive tool for precision
pest monitoring, supporting integrated pest management strategies in olive cultivation.

5. Future Directions

A future study will use drones to monitor orchards at scale in accordance with the
scheme proposed in Figure 9. Flights will be planned (altitude, speed, overlap) to capture
enough detail to spot cottony masses, build orthomosaics, and measure each tree’s canopy,
so COD results can be summed per tree or plot. To move from close-up to aerial views,
models will be retrained with multi-scale data, large-mosaic tiling, and domain adaptation.

A key goal is to link image indicators (area of cottony masses) to real field counts of E.
olivina. This will use synchronized drone images and standardized sampling (branch checks
and/or traps), then fit simple, interpretable models that consider growth stage, cultivar,
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lighting, and orchard differences. Because segmentation is only a proxy, validation will rely
on established entomology methods—especially traps that provide absolute densities with
uncertainty and guide sampling effort and action thresholds.

The study will also test extras like multi-spectral imaging to handle tough lighting
and backgrounds. Overall, the aim is to gather drone images with field-matched labels,
set aerial COD baselines, and train calibrated models that turn segmentation into accurate,
low-error population estimates for tree- and block-level decisions.

Figure 9. Schematic representation of a future application for automatic image acquisition using drones.

6. Conclusions

This study establishes a first public, well-annotated dataset for cottony mass segmen-
tation in E. olivina and benchmarks ten COD models under a unified protocol. Models that
fuse global context with explicit boundary cues (CTF-Net, PCNet, HitNet, BGNet) deliv-
ered the strongest and most balanced performance across multiple metrics and qualitative
overlays. Heterogeneous acquisition improved generalization but introduced edge cases
(e.g., confusion with light stems, glare, overlapped deposits). The small test set underscores
the need for broader validation; we mitigate this by reporting 95% confidence intervals and
emphasizing multi-metric consistency.

Looking ahead, calibrating image-derived indicators against standardized field counts
will enable actionable density estimates and deployment on edge devices and aerial imagery.
These steps will support scalable, objective monitoring in integrated pest management.
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