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Abstract—The proliferation of diseases transmitted by the
Aedes aegypti mosquito, such as dengue, poses a persistent
challenge to public health systems worldwide. Traditional surveil-
lance methods for identifying breeding sites are often labor-
intensive and limited in scale. This paper introduces VISADE
(Visual Identification System for Aedes Detection), a system
designed to automate this process through the use of Unmanned
Aerial Vehicles (UAVs) and deep learning. By capturing and
analyzing aerial imagery, VISADE employs a state-of-the-art
object detection model, YOLOv11m, to identify and georeference
potential breeding sites like discarded tires, buckets, and water
tanks. A key aspect of our methodology is the use of high-
resolution images (1200x1200 pixels) to enhance the detection of
small objects, a significant challenge in aerial surveys. Our model,
trained on a custom dataset collected in urban areas of Minas
Gerais, Brazil, achieved a mean Average Precision (mAP@0(.5)
of 0.934, demonstrating high efficacy in identifying potential
breeding sites. VISADE aims to provide public health authorities
with an efficient, scalable, and low-cost tool, generating risk maps
to direct vector control actions more effectively.

Index Terms—Object Detection, Deep Learning, Public Health,
Aedes aegypti, Unmanned Aerial Vehicles, Drones, YOLO, Com-
puter Vision.

I. INTRODUCTION

Arboviral diseases transmitted by the Aedes aegypti
mosquito, such as dengue, Zika, and chikungunya, constitute a
serious public health problem, especially in tropical and sub-
tropical regions [!]. The World Health Organization (WHO)
points to vector control as the main prevention strategy. This
control depends on the elimination of breeding sites—places
with standing water where mosquitoes reproduce. However,
these sites are typically identified by health agents through
manual inspections, which are costly and lack scalability [2].

In recent years, the field of Artificial Intelligence, and more
specifically Deep Learning, has revolutionized computers’
ability to interpret complex data [3]. Through Convolutional
Neural Networks (CNNs), which are architectures inspired by
the human visual cortex, deep learning models can learn hier-
archies of features directly from raw data, such as the pixels of
an image. This capability has enabled advancements in various
areas of Computer Vision, including Object Detection, which
consists of training algorithms to not only classify an image
but also to identify the precise location of multiple object
instances within it.

The application of object detection to aerial images cap-
tured by Unmanned Aerial Vehicles (UAVs) is an active and
promising area of research, but it presents unique challenges.
The detection of targets from an aerial perspective is hindered
by factors such as variations in altitude and lighting, partial oc-
clusion of objects by vegetation or structures, and, especially,
the small size of the targets of interest (e.g., bottles, tires) [4].
The detection of small objects remains a frontier of research,
as models can struggle to extract discriminative features from
targets that occupy only a few pixels in the image.

In this context, this paper presents VISADE (Visual Identi-
fication System for Aedes Detection), a system that automates
the detection of potential mosquito breeding sites through the
collection and analysis of aerial images. Our approach uses a
deep learning model, YOLOv11m, trained on a custom dataset
to recognize objects that commonly serve as breeding sites.
Unlike approaches that modify model architecture [5], [6],
our main contribution investigates the effectiveness of using
high-resolution images as a practical and direct strategy
to improve accuracy in small object detection. This study
quantifies the approach’s pros and cons, offering insights for
UAV-based surveillance.

This work is organized as follows. Section II presents
related works that use similar approaches but with different
models and datasets. Section III details the proposed method-
ology, including data collection, the theoretical basis of the
detection model, and the evaluation protocol. In Section IV,
the quantitative and qualitative results are presented. Section
V conducts a critical analysis of these results, comparing them
with the state of the art and discussing their implications.
Finally, Section VI presents the conclusions and points to
directions for future work.

II. RELATED WORK

The automated detection of mosquito breeding sites using
UAVs and deep learning has been gaining attention. Models
from the YOLO (You Only Look Once) family are frequently
employed due to their excellent balance between speed, ac-
curacy, and ease of implementation. Laranjeira et al. [2] used
YOLOV7 to detect and track mosquito hotspots, highlighting
challenges with small objects and imbalanced classes in the
public MBG dataset. Similarly, Perumal et al. [7] compared



several models, including YOLOvS8, on the same dataset
and achieved a mAP of 0.92, using Generative Adversarial
Networks (GANSs) to increase the number of images in the
‘pool’ class, a technique to combat class imbalance.

The evolution of the YOLO family models has brought
continuous improvements, and the scientific community has
extensively explored how to adapt them for specific challenges.
Gao et al. [5] proposed MultiDCCSP-YOLO, a model based
on YOLOV9 with specific modules (Multi-DC Block) and
a custom loss function (Adaptive Threshold Focal Loss -
ATFL) to handle small objects in their custom dataset (PBSD),
achieving a mAP@0.5 of 0.952. This type of approach focuses
on modifying the network architecture to extract better features
from small objects. Another successful line of research is
the integration of attention mechanisms. The work of Apu
et al. [6] with CBAM-enhanced YOLOV9, which integrates
a Convolutional Block Attention Module (CBAM), reported
a mAP@0.5 of 0.995 and an impressive mAP@0.5:0.95 of
0.864. This highlights that directing the model’s attention
toward the most informative regions significantly improves the
accuracy of bounding box localization.

These studies highlight two main trends: the customization
of architectures for specific problems and the importance of
the quality and suitability of the dataset, which justifies our
approach of creating our own dataset for the Brazilian context
and investigating a more direct method (increasing the input
resolution) to tackle the challenge of small objects.

ITII. VISUAL IDENTIFICATION SYSTEM FOR AEDES
DETECTION

The VISADE system was developed in three main stages,
which will be detailed in this section: (1) data acquisition
and dataset development; (2) definition and training of the
detection model; and (3) the quantitative evaluation protocol.

A. Data Acquisition and Dataset Development

The images for the development of VISADE were captured
using a DJI Mini 2 drone, equipped with a 12 Megapixel
camera, operating at an altitude of 50 m over urban and peri-
urban areas in Belo Horizonte/MG and Sete Lagoas/MG. The
choice of this altitude represented a balance between covering
a significant area per image and maintaining a sufficient
Ground Sample Distance (GSD) for the identification of small
objects.

We created a custom dataset since public ones lacked
adequate object and scenario representation. The object classes
were defined based on public health guidelines on the main
artificial containers that accumulate water [l]: bottle,
bucket, pool, tire, and water_tanks. The choice of
these classes aims to cover a broad spectrum of common
breeding sites in urban environments, from small containers
to large water reservoirs.

The annotation of bounding boxes was performed manually
using the web tool makesense.ai [8], which allows for a precise
labeling process. The final dataset was divided into training
(80%) and validation (20%) subsets. This division is a standard

practice in machine learning, aiming to train the model on a
larger portion of the data to learn patterns and evaluate its
ability to generalize to an independent dataset, thus preventing
overfitting. The absence of a separate test set is a limitation of
the current scope, with results being reported on the validation
set.

B. Object Detection Model: YOLO

The core of VISADE is YOLO (You Only Look Once),
a family of single-shot object detection models introduced
by Redmon et al. [9]. Unlike older two-stage approaches
that first proposed regions and then classified them, YOLO
treats detection as a single regression problem, going directly
from image pixels to bounding box coordinates and class
probabilities. To do this, it divides the input image into a
grid, and each grid cell is responsible for detecting objects
whose center falls within it. For each object, the model predicts
the bounding box location (X, y coordinates, width, height), a
confidence score (which indicates how certain the model is that
the box contains an object), and the probabilities of belonging
to each of the possible classes. This architecture allows YOLO
to be extremely fast, making it ideal for real-time applications
or analyzing large volumes of data.

For this work, the YOLOv1Im model was chosen, using
the implementation from the high-level Ultralytics library
[10]. This library was selected because it is a state-of-the-
art, well-maintained implementation that abstracts many of
the complexities of the training pipeline and provides ro-
bust and optimized models, allowing the researcher to focus
on experimentation and analysis. The model was initialized
with weights pre-trained on the COCO dataset and then
fine-tuned with our custom dataset for 100 epochs on an
NVIDIA GeForce 2060 Super GPU. To handle the challenge
of small objects, the input image resolution (imgsz) was set
to 1200 x 1200 pixels. Due to GPU memory limitations, this
high resolution required reducing the batch size to 8.

C. Quantitative Evaluation

The model’s performance is measured by standard metrics
in the field. A detection is considered a True Positive (TP) if
it overlaps with a ground-truth annotation with an Intersection
over Union (IoU) above a certain threshold, and the class
is correct. The IoU measures the ratio of the overlap area
to the total union area between the predicted box and the
ground-truth box. A detection is a False Positive (FP) if the
IoU is lower than the threshold or the class is incorrect. A
False Negative (FN) occurs when a ground-truth object is not
detected.

Precision (Equation 1) measures the accuracy of the detec-
tions, while Recall (Equation 2) measures the model’s ability
to find all relevant objects.

TP
Precision = ———— 1
recision TP+ FP (1)
TP
Recall = ————— 2

TP+ FN



The main metric, mean Average Precision (mAP), is the
average of Precision over multiple Recall levels, calculated by
the area under the Precision-Recall curve. It provides a single,
consolidated measure of performance. We calculate mAP with
an IoU threshold of 0.5 (denoted mAP@0.5) and the average
over multiple IoU thresholds, from 0.5 to 0.95 with increments
of 0.05 (denoted mAP@0.5:0.95).

IV. EXPERIMENTAL ANALYSIS

In this section, we present the quantitative and qualitative
results obtained by the trained VISADE model. All results
were extracted from the validation set after 100 epochs of
training.

A. Quantitative Results

The consolidated performance metrics of the model are
presented in Table I. The model achieved high precision
(0.912) and recall (0.904), resulting in a mAP@0.5 of 0.934.

Table 1
PERFORMANCE METRICS OF THE VISADE MODEL.

Metric Value
Precision (B) 0.912
Recall (B) 0.904
mAP@0.5 (B) 0.934
mAP@0.5:0.95 (B) 0.505
Box Loss (Val) 1.63639
Class Loss (Val) 0.60404
DFL Loss (Val) 1.00854

Figure 1 illustrates the convergence of the loss functions
on the validation set, showing that the model stabilized its
learning over the epochs. Figure 2 shows the evolution of the
mAP metrics, highlighting the rapid growth of mAP@0.5 and
a slower growth and lower plateau for mAP@0.5:0.95.
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Figure 1. Validation loss curves (box, class, dfl) during the 100 training
epochs.

B. Quantitative analysis

Table II positions the results of VISADE in relation to the
works discussed in Section II, providing a clear overview of
our system’s performance when compared to the state-of-the-
art.
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Figure 2. mAP@0.5 and mAP@0.5:0.95 curves on the validation set during
training.

V. DISCUSSION

The analysis of the results reveals a promising performance
for the VISADE system, especially considering its practical
objective. The high mAP@0.5 value (0.934), comparable
to that achieved by Perumal et al. [7], demonstrates that
the model is effective in identifying locations with potential
dengue mosquito hotspots. This good performance can be
attributed mainly to the creation of a custom and representative
dataset for the application scenario, which reduces the “domain
gap” between training and inference, as well as the use of
high-resolution images (1200 x 1200), which provide sufficient
visual details to distinguish objects even at an altitude of 50
meters.

Despite the robust performance in mAP@0.5, the observed
difference in relation to mAP@0.5:0.95 (0.505) indicates that
the precision in object localization can still be improved. This
more rigorous metric evaluates both object presence and the
precision of the bounding box alignment.. In the context of
VISADE, however, this limitation has a reduced impact, as
the main purpose of the system is to alert a health agent to
the presence of possible hotspots, not necessarily to provide
precise segmentation. Thus, mAP@0.5, which confirms the
presence and approximate location of the object, proves to be
more aligned with the application’s objectives.

This limitation in bounding box precision may be largely
related to the challenges in annotating small, irregularly
shaped, or partially occluded objects, a recurring difficulty in
object detection in aerial images [11]. In this sense, improve-
ments in the annotation process could contribute to raising
the mAP@0.5:0.95, although this gain is more relevant in
scenarios that require greater accuracy in target delineation.

Finally, the qualitative results (Figure 3) reinforce these
conclusions: most objects are correctly identified, but the
boxes do not always accurately outline their boundaries. Works
like that of Apu et al. [6], which used attention mechanisms
(CBAM) to achieve a mAP@0.5:0.95 of 0.864, demonstrate
that incorporating modules focused on refined feature extrac-
tion may be essential for gains in this aspect. Thus, while
high resolution allows the model to “see better”, the use of



Table 11
PERFORMANCE COMPARISON OF VISADE WITH STATE-OF-THE-ART MODELS.

Feature VISADE (YOLOvI11) Laranjeira et al. [2] Perumal et al. [7] Gao et al. [5] Apu et al. [0]
Base Model YOLOvI1m YOLOv7 YOLOv8 YOLOV9 (MultiDCCSP)  YOLOV9 (with CBAM)
Dataset Custom MBG MBG (with GAN) PBSD (Custom) Custom (1500 img)
Input Resolution 1200 x 1200 960 x 960 640 x 640 960 x 960 800 x 600 (dataset)
mAP@0.5 (Overall) ~ 0.934 N/R 0.92 0.952 0.995
mAP@0.5:0.95 (Overall) ~ 0.505 N/R N/R N/R 0.864

architectural techniques like attention enhances its capability
to localize objects with greater precision, being a promising
direction for future evolutions of VISADE.

Figure 3. Example of model predictions on a validation batch. Correct
detection of multiple objects is observed, but with variability in the precision
of the bounding boxes.

VI. CONCLUSION

In this work, we presented VISADE, a visual detection
system for Aedes aegypti breeding sites based on aerial images
captured by drones and analyzed by a YOLOv11m model. The
main contribution of this research lies in demonstrating that
the use of high-resolution images, combined with a custom
dataset representative of the Brazilian context, is a viable and
effective strategy to increase the detection capability of small
objects in complex urban environments.

The quantitative results show the system’s effectiveness
in the general identification of potential hotspots, with a
mAP@0.5 of 0.934, a competitive value compared to the state
of the art. On the other hand, the observed discrepancy in
relation to mAP@0.5:0.95 (0.505) reveals challenges related
to the precision of object localization, especially in contexts
where targets are small, occluded, or have irregular contours,
a recurring problem in aerial image detection tasks.

The qualitative analysis confirmed that, for the practical
purpose of VISADE, which is to provide visual support for
field actions by health agents, the approximate location of
the objects is sufficient. However, we recognize that gains in
precision can make the system even more reliable and scalable.

We conclude that VISADE represents a significant step in
the use of accessible technologies, such as drones and deep
learning, to support public health surveillance strategies. Its
continuous development can contribute concretely to the early
identification of breeding sites and, consequently, to the more

effective control of epidemics transmitted by the Aedes aegypti
mosquito.

VII. FUTURE WORK

As future directions, we propose the following improve-
ments: (1) incorporating attention mechanisms, such as CBAM
[6], with the goal of refining feature extraction and improving
the precision of bounding boxes; (2) investigating more sophis-
ticated loss functions, such as Wise-IoU [12], which consider
the quality of box regression; (3) expanding the dataset, both
in size and diversity, including underrepresented classes like
puddle, as well as applying balancing and data augmentation
strategies; and (4) fully integrating the georeferencing module,
allowing for the automated generation of risk maps that can be
used by public health managers in a practical and actionable
way.

Another promising direction is the use of multiple UAVs
working collaboratively. Cooperative strategies can signifi-
cantly expand coverage and reduce mission time, allowing
larger urban regions to be inspected simultaneously. Several
approaches have been proposed in the literature, such as area
partitioning based on Voronoi diagrams or polygon decompo-
sition [13]-[15], optimized trajectory allocation using heuris-
tics and evolutionary algorithms [16]-[18], and centralized or
distributed communication architectures for mission coordina-
tion [19], [20]. In the context of VISADE, this would enable
the development of a software platform for health agents where
inspection routes are automatically divided among multiple
drones, and the detections are aggregated into a single risk
map, marked with georeferenced pins and image evidence.
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