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ABSTRACT

Vector-borne diseases, such as dengue, have reached record epi-
demic levels in the Americas and are emerging as a new threat in
Europe. Traditional surveillance of mosquito breeding sites remains
inefficient. While the use of UAVs (drones) and Deep Learning is
promising, it faces a critical methodological challenge: class imbal-
ance, which is considered severe in real-world data. This imbalance
biases standard models, causing them to ignore the most epidemi-
ologically critical vector sites (minority classes). This paper presents
an experimental comparative analysis of four state-of-the-art object
detection architectures (YOLOv8m, YOLOv11m, YOLOv12m, and
RF-DETR) to evaluate their robustness in this scenario. Perform-
ance was measured using standard metrics (mAP) and specialized
metrics (Balanced Accuracy, MCC). The results demonstrate that
the baseline (YOLOv8m) fails to detect minority classes, achieving a
recall of only 8.2% for the bottle class. The YOLOv11m architecture,
equipped with spatial attention mechanisms (C2PSA), emerged as
the optimal solution. It achieved the highest Balanced Accuracy
(68.4%) and MCC (0.487), and improved the bottle class recall by
247% compared to the baseline. We conclude that architectures
incorporating spatial attention mechanisms are crucial for the vi-
ability of automated epidemiological surveillance in real-world,
severely imbalanced environments.
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1 INTRODUCTION

Vector-borne diseases transmitted by mosquitoes such as Aedes
aegypti reached alarming proportions in 2024. The Region of the
Americas recorded an exceptionally high number of dengue cases,
totalling 12,978,140 suspected cases, of which 6,867,682 were labor-
atory confirmed [1]. Brazil accounted for most of these infections [2].
This volume represents an increase of approximately 240% com-
pared with 2023, when 1,985,289 dengue cases were confirmed in
the Americas [3].
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By mid-November (Epidemiological Week 44), 4,121,923 sus-
pected cases were reported, with 1,603,225 laboratory-confirmed
cases [4], indicating a significant reduction compared with the
2024 total. Despite this decline, transmission levels remain high,
underscoring the need for ongoing, advanced strategies for vector
surveillance and control.

In parallel, Europe faces a growing risk with the expansion of
Aedes albopictus. This vector shares reproductive niches similar
to Aedes aegypti, colonising the same types of artificial containers
such as tyres and puddles in urban and peri-urban areas, which
supports the applicability of automated surveillance methods to
this species as well [5].

When acquiring images in uncontrolled environments, the data
distribution often exhibits a natural disparity, with most classes hav-
ing substantially more samples than others. This asymmetry harms
model generalisation by inducing a bias that favours the dominant
class and increases uncertainty when recognising underrepresented
classes [6].

The proliferation of these vectors is directly linked to urban
breeding sites such as containers, tyres, and tanks with standing
water [7]. Traditional surveillance based on manual inspections is
insufficient due to its high resource requirements, limited cover-
age, operational inefficiencies, and access limitations [8]. Moreover,
the practical deployment of technological solutions faces a critical
methodological challenge: class imbalance. In real environments,
epidemiologically relevant sites (minority classes) are vastly out-
numbered by irrelevant objects (majority class), which can induce
learning errors in automated models [6].

The use of Unmanned Aerial Vehicles (UAVs) equipped with
machine learning algorithms offers an innovative solution for auto-
mated surveillance [5, 9]. Computer vision, using Convolutional
Neural Networks (CNNs) and Transformers, enables the identifica-
tion of breeding sites with high precision.

In this context, this work presents an experimental comparat-
ive analysis of four state-of-the-art object detection architectures
(YOLOv8m, YOLOv11m, YOLOv12m, and RF-DETR) applied to the
automated identification of mosquito breeding sites in aerial im-
agery. The performance of the architectures is evaluated using
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standard metrics (mAP@50, mAP@50:95) and specialised metrics
(Matthews Correlation Coefficient, Balanced Accuracy), with a par-
ticular focus on their behaviour on minority classes. Accordingly,
the main objective of the study is to evaluate the effectiveness of
these models in scenarios characterised by severe class imbalance.

2 THEORETICAL BACKGROUND AND
RELATED WORK

2.1 Evaluated Architectures

To cover the full spectrum of object detection paradigms [10], four
state-of-the-art architectures were selected. The “Medium” (m) ver-
sions of the YOLO models were chosen because they represent
an ideal balance between detection capability and computational
efficiency for field deployments. The architectures are:

e YOLOv8m (Reference CNN): Used as the study baseline. It is
a single-stage, anchor-free CNN architecture that implements
a decoupled detection head (decoupled head) and a backbone
based on C2f blocks for efficient feature extraction [11].

e YOLOv11m (CNN with Spatial Attention): This architecture
tests the spatial attention hypothesis. Its innovation is the
incorporation of the C2PSA module (Convolutional block
with Parallel Spatial Attention), which enables the model to
selectively focus on critical regions, making it theoretically
well-suited for detecting small or partially occluded objects
in imbalanced scenarios [12].

e YOLOv12m (Hybrid CNN-Transformer): Represents a hybrid
approach. Its technical core is the Area Attention (A%) mod-
ule, which implements a strategic segmentation of feature
maps to reduce the computational complexity of attention,
combined with R-ELAN networks to stabilise training [13].

e RF-DETR (Pure End-to-End Transformer): Represents the
pure transformer paradigm. It completely eliminates the need
for NMS (Non-Maximum Suppression), fundamentally differ-
entiating it from YOLO models. It uses a robust DINOv2
backbone pre-trained on 142 million images [14], offering
exceptional cross-domain adaptation capabilities [15].

2.2 The Challenge of Class Imbalance

Johnson and Khoshgoftaar [6] formalise this challenge by classify-
ing the phenomenon into three levels: mild, moderate, and extreme
(or severe). While mild imbalances (up to 1:10) have a marginal
impact, ratios exceeding 1:100 are considered extreme. In this study,
the observed asymmetry places the problem categorically at the
severe level: the disparity reaches a critical peak of approximately
1:277 between the majority class water tank (watertank, 71.92%) and
the minority class puddle (puddle, 0.26%). Under such conditions,
standard supervision methods become biased, ignoring the sites of
greatest epidemiological relevance and becoming ineffective.

2.3 Related Work

The application of deep learning to vector surveillance has recently
been explored as an alternative to manual methods. The seminal
work by Passos et al. [9] established the technical feasibility of this
approach by introducing the Mosquito Breeding Grounds (MBG)
dataset, demonstrating that convolutional neural networks can
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identify Aedes aegypti breeding sites in complex urban environ-
ments in Rio de Janeiro. However, the original study focused on
spatio-temporal consistency and did not explore in depth the impact
of attention-based architectures under extreme imbalance.

In real-time detection, YOLOvS has consolidated itself as a refer-
ence standard due to its anchor-free architecture and efficiency. Reis
et al. [11] demonstrated the robustness of this model for detecting
flying objects, validating its suitability for UAV image processing.
Despite its overall effectiveness, the standard architecture may
present limitations in scenarios of high visual complexity.

Extending the scope to other species, Yu et al. [5] validated
the use of UAV imagery to investigate Aedes albopictus breeding
sites, confirming that the resolution of aerial images is sufficient to
identify small containers.

Meanwhile, the evolution of object detectors has sought to ad-
dress accuracy limitations in challenging contexts. Recent bench-
marking studies, such as Sharma et al. [12], highlight the superiority
of newer versions of the YOLO family (v11) over predecessors for
detecting small objects in precision agriculture. Similarly, Sapkota
et al. [15] analysed the transition to Transformer-based (e.g., RF-
DETR) and hybrid (YOLOv12) architectures, suggesting greater
robustness, albeit at high computational cost.

Benchmarking studies published in early 2025 corroborate the rel-
evance of this comparative analysis. Jegham et al. [16] observed that
although YOLOvV12 introduces theoretical innovations, YOLOv11
often offers a superior efficiency balance for practical applications.
In addition, Zheng et al. [17] demonstrated that improvements in
YOLOV11 feature fusion make it particularly effective for Small
Object Detection (SOD), a critical characteristic for identifying lar-
val breeding sites. In the domain of vector surveillance, recent
work [18] reaffirms that deploying deep networks on aerial imagery
remains challenging due to noise and background complexity, un-
derscoring the need for robust architectures such as those evaluated
in this study.

This work differs in that it applies these state-of-the-art archi-
tectures (from the established YOLOvS to the emerging v12 and
RF-DETR) specifically to the severe imbalance problem (1:277) iden-
tified in the MBG dataset, a gap not previously addressed in earlier
studies.

3 MATERIALS AND METHODS

This section details the methodological procedures used to compare
object detection architectures in line with the defined objectives.
The approach comprises the following main stages: dataset and
pre-processing; experimental methodology; experimental setup and
evaluation metrics [9, 10, 15, 19, 20].

3.1 Dataset and Pre-processing

The MBG dataset [9, 19] was originally developed for vector surveil-
lance research in Rio de Janeiro, Brazil. Unlike conventional object
detection datasets, MBG is natively composed of high-definition
video sequences captured by Unmanned Aerial Vehicles (UAVs) in
real, uncontrolled urban scenarios.

In its original design, the data included tracking annotations
generated in the CVAT platform [21], intended to analyse spatio-
temporal consistency. Because this native format had high frame
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redundancy and was incompatible with static detectors, it was ne-
cessary to implement a pre-processing pipeline (Figure 1), following
methodological recommendations for dataset preparation [10].
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Figure 1: Flowchart of the pre-processing pipeline: from
video extraction (TGZ) to annotation conversion (XML) and
generation of training-ready images (JPG), prepared by the
authors.

This pipeline was used to analyse XML metadata, selectively
extract frames with valid annotations, convert them from the CVAT
format to the Pascal VOC standard, and remove inconsistent labels.
This process resulted in a final optimised dataset of 18,502 images
with 88,564 valid annotations, eliminating about 70% of redundant
frames.

For management, versioning, and final formatting, the valid-
ated images and annotations were uploaded to the Roboflow plat-
form [22]. From this unified environment, the data were processed
and exported in two distinct formats to meet the requirements of
each architecture:

e YOLO format: Generated for training YOLOv8m, YOLOv11m,
and YOLOv12m. It consists of individual text (.txt) files with
normalised coordinates.

e COCO format: Exported exclusively for RE-DETR. It consists
of a single JSON file containing the full hierarchical structure.

Analysis of the final class distribution confirmed the study’s
main technical challenge: severe class imbalance. As detailed in
Table 1, the watertank class (water tank) accounts for 71.92% of
the annotations, whereas the puddle class (puddle) represents only
0.26% [19]. Visual examples of each class are shown in Figure 2.

Finally, the dataset was split using stratified sampling [23], pre-
serving the original class proportions: 70% for training, 20% for
validation, and 10% for testing.

3.2 Experimental Methodology

Experiments were conducted in a high-performance computing
environment equipped with an NVIDIA GeForce RTX 3090 GPU.
Training used transfer learning (transfer learning), starting from
weights pre-trained on the COCO and YOLO datasets. To ensure
reproducibility, a fixed random seed (42) was used and deterministic
operations were enabled.
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Figure 2: Examples of annotations for the six breeding-site
classes in the MBG dataset: (a) bottle, (b) bucket, (c) pool, (d)
puddle, (e) tire, (f) watertank, (g) example of a rural or sub-
urban scene, and (h) urban.

Table 1: Class distribution in the MBG dataset, highlighting
severe imbalance [19].

Object Class Count Percentage (%)
bottle bottle 3,776 4.26%
bucket bucket 6,096 6.88%
pool pool 2,951 3.33%
puddle puddle 231 0.26%
tyre tire 11,817 13.34%
water tank  watertank 63,693 71.92%
Total 88,564 100.00%

3.3 Experimental Setup and Evaluation Metrics

To ensure a direct and fair comparison between architectures, a
unified experimental configuration was established [6]. All models
were trained with an input resolution of 640x640 pixels, using
a fixed random seed (42) and deterministic operations to ensure
reproducibility. Training was configured for up to 200 epochs, with
early stopping (patience of 50 epochs) monitored by the mAP@50
metric. The Adam optimiser was used with an initial learning rate
of 0.01, kept constant after an initial warm-up of 3 epochs.

The Adam optimiser was chosen for its consistent performance
on object detection tasks, particularly for models in the YOLO fam-
ily. Adam combines momentum with adaptive second-order estim-
ates, enabling more stable convergence on heterogeneous datasets
with strong class imbalance. Recent computer-vision studies show
that Adam tends to provide greater robustness in gradient updates
compared with traditional optimisers such as SGD, particularly in
scenarios with noise, sample variability, and small-scale objects
[10, 24, 25].

In addition, modern benchmarks based on YOLO architectures
indicate that Adam remains a preferred choice for stability-sensitive
training, as its dynamic per-parameter learning-rate adaptation
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reduces oscillations during training and improves convergence in
deep architectures [12]. This stability is particularly relevant in the
context of this study, which is characterised by a severe imbalance
in the MBG dataset, where small minority classes require refined
updates that are less susceptible to gradient explosions or vanishing
gradients.

The central methodological contribution to handling severe class
imbalance was adapting the loss function. Distributional Focal Loss
[26] was implemented with a weight of 1.5, enabling the model
to focus learning on hard examples (minority classes). In addition,
the classification loss was reduced to 0.5, while the spatial localisa-
tion (regression) loss was increased to 7.5, emphasising geospatial
precision, which is critical for surveillance applications.

Standard object detection metrics, mAP@50 (to evaluate overall
detection) and mAP@50:95 (to rigorously evaluate localisation pre-
cision) [15], were used to evaluate performance. However, given
the severe imbalance, the study focused on specialised metrics that
provide a more faithful assessment under asymmetric distributions.
For this, Balanced Accuracy and the Matthews Correlation Coef-
ficient (MCC) were used, as they mitigate the dominance of the
majority class and more reliably assess a model’s ability to detect
all classes [20].

Balanced Accuracy is defined as the mean of the per-class sens-
itivities (recall):

N
1 TP,
Bal d A =— 1
alanced Accuracy = — ; TP, (1)

i
+ FN;
MCC is considered a robust metric that yields a value between
-1 and +1, where +1 indicates perfect prediction:
TP-TN —FP-FN

MCC =
\(TP+FP)(TP + FN)(TN + FP)(TN + FN)

To interpret recall values for minority classes under extreme
class imbalance, a qualitative performance assessment scale was
used. This scale is inspired by the concepts of learning degradation
described by Johnson and Khoshgoftaar [6]. Since the reference lit-
erature does not establish universal numerical thresholds for these
categories, the specific percentage ranges were defined empirically
for automated epidemiological surveillance. A recall below 10%
indicates a nearly complete failure to detect the class, categorised
as Severely deficient. Values between 10% and 20% indicate insuffi-
cient detection capability for practical public health applications.
The range from 21% to 40% denotes an initial but unstable detection
capability, labelled as Limited. The 41% to 60% threshold marks
the beginning of an Acceptable performance, representing the min-
imum operational viability for risk mapping. Finally, rates above
60% are considered Sufficient, demonstrating model robustness
against imbalance. Table 2 summarises this proposed scale.

4 RESULTS AND DISCUSSION

In this section, the experimental results are presented and analysed.
Following an iterative approach similar to that used by [27], the
analysis begins by evaluating the baseline architecture (YOLOv8m).
Next, the results of subsequent models (YOLOv11m, YOLOv12m,
and RF-DETR) are presented, enabling a direct comparison that
highlights the impact of each architectural innovation — such as
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Table 2: Qualitative performance assessment scale for minor-
ity classes.

Recall Interval (%+) Performance Assessment
< 10% Severely deficient
10% — 20% Insufficient
21% - 40% Limited
41% - 60% Acceptable
> 60% Sufficient

«Scale empirically adapted from the concepts of [6].

attention mechanisms — on detection performance under severe
class imbalance.

4.1 Batch 1: Baseline Performance (YOLOv8m)

The first evaluation used the YOLOv8m model, which served as
the baseline to quantify the challenge posed by the MBG dataset.
The model was trained under the unified settings and converged
in 110 epochs, with a total training time of 8.7 hours. The global
results, shown in Table 3, indicate modest performance, with a
final mAP@50 of 17.7% and mAP@50:95 of 12.9%. The imbalance
metrics, while indicating a positive correlation (MCC = 0.341) and
some balancing capability (Balanced Accuracy = 56.9%), also reveal
substantial limitations.

Table 3: Summary of Global Results — YOLOv8m (Baseline).

Category Metric Value
Global detection Final mAP@50 17.7%
Peak mAP@50 19.0%
mAP@50:95 Final 12.9%
Imbalance Balanced Accuracy 56.9%
MCC 0.341
Efficiency Training time 8.7 hours
Epochs run 110/ 200

The true limitation of the baseline is exposed by the per-class
granular analysis detailed in Table 4. The model exhibited “severely
deficient” recall (sensitivity) for the epidemiologically critical minor-
ity classes [6]. With only 8.2% recall for bottle and 12.1% for bucket,
the model fails to detect the vast majority of breeding sites. This
performance confirms that a traditional CNN architecture, without
specific mechanisms, is strongly biased towards the majority class
and is inadequate for effective vector surveillance.

4.2 Batch 2: Correction with Attention
Mechanisms (YOLOv11m)

After finding that the baseline (YOLOv8m) was inadequate, the

second evaluation (Batch 2) focused on the YOLOv11m model. The

central hypothesis was that its spatial attention mechanisms, spe-

cifically the C2PSA module [12], could address the low recall (sensit-

ivity) in minority classes that Batch 1 ignored. The results, obtained
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Table 4: Recall (Sensitivity) Analysis for Critical Minority
Classes — YOLOv8m.
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Table 6: Recall (Sensitivity) Analysis for Critical Minority
Classes — YOLOv11m.

Minority class Recall (%) Performance assessment”
bottle (Bottle) 8.2% Severely deficient
bucket (Bucket) 12.1% Insufficient

pool (Pool) 15.7% Insufficient

Minority class Recall (%) Performance assessment”
bottle (Bottle) 28.4% Limited

bucket (Bucket) 35.2% Limited

pool (Pool) 42.1% Acceptable

*Criteria adapted from [6].

after 128 epochs and 10.2 hours of training, robustly confirmed this
hypothesis.

As detailed in Table 5, YOLOv11m outperformed the baseline
across all key metrics. mAP@50 reached 22.2% (a 25.4% increase
over YOLOv8m). More importantly, the model demonstrated much
stronger generalisation under imbalanced data, achieving the highest
Balanced Accuracy (68.4%) and the highest MCC (0.487) among all
evaluated architectures.

Table 5: Summary of Global Results — YOLOv11m.

*Criteria adapted from [6].

The global results, presented in Table 7, were disappointing. The
model achieved a final mAP@50 of 17.6%, statistically identical
to the YOLOv8m baseline (17.7%) and substantially lower than
YOLOv1lm (22.2%). Although the imbalance metrics (Balanced
Accuracy 61.2%, MCC 0.378) were slightly better than the baseline,
they do not justify a 135% increase in computational cost.

Table 7: Summary of Global Results — YOLOv12m.

Category Metric Value
Global detection Final mAP@50 22.2%
Peak mAP@50 27.1%
mAP@50:95 Final 15.3%
Imbalance Balanced Accuracy 68.4%
MCC 0.487
Efficiency Training time 10.2 hours
Epochs run 128 / 200

Definitive evidence of the architecture’s success appears in Table 6,
which analyses performance on minority classes. In direct contrast
to the failure in Batch 1 (Table 4), YOLOv11m demonstrated dra-
matic improvements in sensitivity:

e The recall for the bottle class increased from 8.2% to 28.4% (a
247% improvement).

o The recall for the bucket class increased from 12.1% to 35.2%
(a 191% improvement).

e The pool class was the first to reach an “Acceptable” perform-
ance level.

This quantitative leap, attributed to the spatial attention mech-
anisms, shifts the detection profile from “severely deficient” to
“limited—acceptable”, making YOLOv11m the first architecture in
this study to achieve epidemiological viability.

4.3 Batch 3: The Hybrid Attempt (YOLOv12m)

In the third evaluation phase (Batch 3), the hybrid CNN-Transformer
architecture YOLOv12m was tested [13]. This approach was eval-
uated to assess whether combining attention mechanisms (such
as Area Attention) with CNN efficiency could surpass the perform-
ance of YOLOv11m. Training, however, faced technical limitations
that required halving the batch size (to 8), resulting in the study’s
longest training time: 20.4 hours [13].

Category Metric Value
Global detection Final mAP@50 17.6%
Peak mAP@50 19.8%
mAP@50:95 Final 12.2%
Imbalance Balanced Accuracy 61.2%
MCC 0.378
Efficiency Training time 20.4 hours
Epochs run 119/ 200

The recall analysis (Table 8) confirms the mediocre perform-
ance. Although it outperformed the baseline (e.g., bottle 18.7% vs
8.2%), YOLOv12m did not approach the effectiveness of YOLOv11m
(28.4%). We conclude that, for this problem, the hybrid YOLOv12m
architecture exhibited a highly unfavourable cost-benefit ratio and
is unsuitable for the intended application.

Table 8: Recall (Sensitivity) Analysis for Critical Minority
Classes — YOLOv12m.

Minority class Recall (%) Performance assessment”
bottle (Bottle) 18.7% Insufficient

bucket (Bucket) 24.9% Limited

pool (Pool) 31.4% Limited

*Criteria adapted from [6].

4.4 Batch 4: The Transformer Paradigm
(RF-DETR)

The final evaluation (Batch 4) tested the pure transformer paradigm,

RF-DETR [14, 15]. This architecture is fundamentally different: it

eliminates NMS (Non-Maximum Suppression) and uses the COCO

data format. Training exhibited a distinctive behaviour: very rapid

initial convergence, reaching peak performance as early as epoch
11 [28].
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As shown in Table 9, RF-DETR achieved the highest peak mAP@50:95 4.5 Multidimensional Comparative Analysis
in the study (18.9%) at epoch 11, suggesting superior potential for and Determination of the Optimal
precise spatial localisation. However, after this peak, training be- Architecture
came unstable, and performance declined sharply until premature

termination (epoch 15), ending with a final mMAP@50 of only 9.9% After the individual analyses, Table 11 consolidates the evaluation

of the four architectures, highlighting the trade-offs among ac-
curacy, robustness, and computational efficiency. To maintain the
analytical scope on the study’s central problem, the data were re-
stricted to the critical minority categories (bottle, bucket, and pool).

Table 9: Summary of Global Results — RF-DETR.

Category Metric Value  The majority of classes (tire and water tank) were omitted from the

Global detection  Final mAP@50 99  table to prevent their high performance from obscuring the models’

Peak mAP@50 15.3% (Epoch 11) real difficulty in dealing with extreme imbalance. Additionally, the

mAP@50:95 Final 13.9%  puddle class, which represents only 0.26% of the annotations, was

Peak mAP@50:95 18.9% (Epoch 11) excluded from the presentation because it was not reported in the

inference results of the Ultralytics and RF-DETR libraries, thereby

Imbalance Balanced Accuracy N/A™ illustrating the detection failure under severe under-representation
McC N/A™  documented by [6].

Efficiency Training time ~9 hours Analysis of Table 11 reveals clear trade-offs. YOLOv8m (Batch

Epochs run 15 (Did not converge) 1) established an efficiency baseline (8.7h) but failed across key

imbalance metrics [6]. YOLOv12m (Batch 3) showed the worst cost-
benefit ratio, requiring 135% more training time than the baseline
to deliver identical global performance [13]. RF-DETR (Batch 4),
The main limitation in evaluating the RF-DETR architecture was although unstable, showed potential for precise localisation (peak
its profound training instability and severe computational ineffi- mAP@50:95 of 18.9%), but its evaluation remains inconclusive.
ciency. A deeper investigation of the model’s learning dynamics Applying the architectural superiority criteria defined in the
reveals a severe operational bottleneck, requiring between 35 and methodology (emphasizing Balanced Accuracy, MCC, and minority-
37 minutes to process a single epoch. This extraordinary cost forced class Recall), YOLOv11m (Batch 2) is the optimal architecture for

the premature interruption of the training process at epoch 15, after this application. This determination is based on its superior and
approximately 9 hours of execution. During this short period, under balanced performance:

conditions of extreme class imbalance, convergence proved highly

“*Metrics not computable due to limitations of the COCO framework.

erratic, reaching a peak mAP of 0.50 (15.3%) at epoch 11, followed o Achieved the best performance on standard metrics (mnAP@50
by a rapid decline to 9.9% at the time of interruption. It is important 22.2% and mAP@50:95 15.3%).

to note that the standard COCO evaluation framework does not e Demonstrated the greatest robustness to severe imbalance,
natively calculate granular classification metrics, such as Balanced achieving the highest Balanced Accuracy (68.4%) and MCC
Accuracy, MCC, and specific recall for minority classes. Although (0.487) in the study.

it would be theoretically possible to extract the raw predictions e Was the only model to achieve epidemiologically viable recall
and compute these metrics externally by reconstructing the con- across all critical minority classes (bottle: 28.4%, bucket: 35.2%,
fusion matrix, the model’s early collapse rendered this procedure pool: 42.1%).

unfeasible and scientifically uninformative. In a scenario where e Its training time (10.2 hours), a moderate 17% increase over
the network loses its generalization capacity and performance col- the baseline, is fully justified by the substantial performance
lapses, external mathematical calculations would solely reflect the gains, while remaining viable for real-time applications (38
process failure, inevitably yielding null metrics for rare categories. FPS).

Consequently, the current formulation of RF-DETR is excessively
unstable for automated vector surveillance under extreme data
scarcity.

To address the qualitative error analysis of the architectures, a
systematic visual inspection of the inference results was conducted.
This analysis revealed that the models’ failures are strictly tied to
the extreme class imbalance and environmental complexity. Missed
detections, or false negatives, predominantly occurred within the
critical minority classes, such as bottles and buckets. These objects
were frequently ignored by the network when partially occluded or

Table 10: Recall (Sensitivity) Analysis for Critical Minority
Classes — RF-DETR.

Minority class Recall (%) Performance assessment” when their visual features blended with complex, highly textured
bottle (Bottle) N/A* Not computable urban backgrounds. Conversely, false positives were largely driven
bucket (Bucket) N/A* Not computable by the inductive bias towards the majority classes. The models
pool (Pool) N/A* Not computable frequently misclassified ambiguous environmental artifacts as tires

or water tanks, simply because these were the dominant categor-
ies learned during training. This qualitative behaviour confirms
that the severe scarcity of representative data for minority classes
prevents the extraction of robust discriminative features, forcing

*Criteria adapted from [6].
**Data unavailable due to limitations of the COCO framework.
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Table 11: Multidimensional comparative analysis of the main metrics by architecture, including all classes.

Metric YOLOv8m (Baseline) YOLOv11m (Optimal) YOLOv12m (Inefficient) RF-DETR (Inconclusive)
mAP@50 (Final) 17.7% 22.2% 17.6% 9.9%
mAP@50:95 (Final) 12.9% 15.3% 12.2% N/A
Balanced Accuracy 56.9% 68.4% 61.2% N/A

MCC 0.341 0.487 0.378 N/A

Recall bottle (minority) 8.2% 28.4% 18.7% N/A

Recall bucket (minority) 12.1% 35.2% 24.9% N/A

Recall pool (minority) 15.7% 42.1% 31.4% N/A

Training time (h) 8.7 10.2 20.4 ~9

Status Converged Converged Converged Did not converge

the network to default to its majority-class bias. Due to manu-
script length constraints and the redundancy of visually illustrating
undetected minority objects, this descriptive analysis sufficiently
characterizes the operational limitations of the evaluated models
under extreme epidemiological data imbalance.

5 CONCLUSIONS AND FUTURE WORK

This work addressed the critical challenge of detecting mosquito
breeding sites in aerial imagery, a problem characterised by severe
class imbalance (1:277). The study implemented and comparat-
ively evaluated four state-of-the-art object detection architectures
(YOLOv8m, YOLOv11m, YOLOv12m, and RF-DETR) to determ-
ine their robustness and epidemiological viability. Experimental
analysis showed that traditional CNN architectures such as the
YOLOv8m baseline fail to detect critical minority classes, exhibiting
severely deficient recall (sensitivity) (e.g., 8.2% for bottle).

Regarding the YOLOv12m architecture, while it proved compu-
tationally inefficient during the training phase [13], its primary lim-
itation was architectural. Its advanced attention mechanisms lack
the strong inductive biases of traditional convolutions. In scenarios
of extreme data scarcity, these data-hungry mechanisms become
highly susceptible to overfitting on the majority classes, failing to
generalise the minority ones. Furthermore, the pure transformer
RF-DETR was unstable and inconclusive.

The main contribution of this study is identifying YOLOv11m
as the architecture that produced the best results for this applica-
tion. It was the only model able to overcome the bias imposed by
severe class imbalance (1:277) and, thanks to its spatial attention
mechanisms (C2PSA) [12], achieved the best performance across all
key metrics, notably Balanced Accuracy (68.4%) and MCC (0.487),
and dramatically improved minority-class recall (e.g., bottle 28.4%).
This confirms the hypothesis that highly optimised convolutional
models with targeted attention are crucial for effective vector sur-
veillance under imbalanced data.

As a main limitation, the instability observed during RF-DETR
training prevented the full computation of specialised metrics,
restricting the comparative analysis of this architecture. In re-
sponse, ongoing work investigates applying data balancing tech-
niques during pre-processing to assess potential performance gains.
In addition, we suggest improving training protocols to stabilise
Transformer-based architectures.

NOTE

Work derived from the Master’s dissertation (TFM) of the first
author at the University of Salamanca (USAL). This paper focuses on
analysing the impact of severe class imbalance; mitigation strategies
via data balancing constitute the continuation of this research.
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