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1. Introduction

Automatic bird detection in open environments 
has become a topic of increasing interest in 
monitoring and security applications, particularly 
in scenarios where the presence of birds of prey 
may pose an economic or environmental risk. 
In the context of free-range poultry farms, the 
early detection of this type of bird is essential to 
minimize livestock attacks and to improve the 
prevention systems based on visual surveillance.

In recent years, deep learning–based object 
detection models have demonstrated a remarkable 
performance across a wide range of domains. In 
particular, single-stage detectors such as YOLO 
have gained widespread adoption due to their 
high computational efficiency and their ability 
to perform near real-time detection. These 
characteristics make them attractive candidates 
for continuous monitoring systems deployed in 
real-world environments.

Nevertheless, despite their overall success, YOLO-
based models exhibit well-known limitations 
when confronted with scenarios dominated by 
small objects within high-resolution images. This 
issue is especially relevant in outdoor surveillance 
applications, where objects of interest often appear 
at large distances from the camera and occupy only 
a very small fraction of the overall image area. In 
such cases, the global resizing of input images 

required by the model architecture can lead to a 
significant loss of spatial information, negatively 
affecting the object detection performance.

This work continues a line of research initiated in 
a previous contribution, in which the detection of 
birds of prey was addressed through a comparative 
analysis of single-stage and two-stage detectors 
using the AirBirds dataset. In that study, it was 
observed that while two-stage detectors achieved 
a superior performance in terms of precision, 
YOLO-based models exhibited a significantly 
lower performance in the detection of small 
objects. These results are consistent with the 
findings reported in the literature for other domains 
where YOLO has been applied to small object 
detection tasks, including road damage inspection 
(Jeong & Kim, 2022), electronic component 
quality control (Klco et al., 2023), and tree 
detection in aerial imagery (Moraes et al., 2025), 
where similar limitations have been documented. 
Taken together, these results highlight a structural 
limitation of single-stage detectors that extends 
beyond a single application domain.

Based on these observations, this paper proposes 
an extension of the previous study of García, 
Villar & Sedano (2026) focused on analyzing and 
mitigating one of the main causes of this reduced 
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performance: the effect of global input image 
resizing on the representation of small objects. 
Rather than modifying the internal architecture 
of the detector or introducing complex changes 
to the training procedure, a preprocessing strategy 
based on the spatial partitioning of the original 
image into smaller regions is proposed.

The central hypothesis of this work is that, by 
processing localized image regions independently, 
small objects can be analyzed at a higher effective 
resolution, improving their representation in 
the feature maps and, consequently, the overall 
detection performance. This strategy preserves 
the efficiency advantages of YOLO-based models 
while allowing their seamless integration into the 
existing detection pipelines.

The remainder of this paper is organized as 
follows. Section 2 describes the analyzed problem 
and its scientific relevance. Section 3 presents the 
proposed solution and details its implementation. 
Subsequently, Section 4 describes the experimental 
setup used for validating the proposed method, 
along with the materials required to conduct the 
experiments. Section 5 presents the experimental 
results together with an analytical discussion. 
Finally, Section 6 concludes this work and outlines 
the directions for future research.

2. Problem Analysis: Small Objects 
in AirBirds

This work continues the research presented in a 
previous contribution of García, Villar & Sedano 
(2026). The main objective of that study was to 
evaluate the behavior of both approaches (single-
stage and two-stage) in a scenario characterized 
by the presence of small and frequently distant 
objects within high-resolution images. For this 
purpose, the AirBirds dataset was used, whose 
main challenge lies in the reduced size of the 
annotations. In this context, the experimental 
results revealed a significant performance 
difference between the two model families.

In particular, two-stage detectors, and especially 
Faster R-CNN in its more complex variants, 
achieved notably higher average precision values 
than those obtained by the evaluated versions of 
YOLO. In contrast, single-stage models exhibited 
a considerably lower performance, revealing 

difficulties in correctly detecting birds when they 
occupied a very small fraction of the image.

This behavior highlighted a relevant limitation of 
single-stage detectors in scenarios dominated by 
small objects (Dicu et al., 2024; Moraes et al., 
2025). While two-stage models generate region 
proposals that are subsequently refined and 
classified, models such as YOLO perform object 
detection and classification simultaneously over 
feature maps with a reduced spatial resolution, 
which can negatively affect the representation of 
small objects.

The problem of small object detection using 
YOLO is widely recognized in the literature 
(Jeong & Kim, 2022; Klco et al., 2023; Shewajo 
& Fante, 2023; Benjumea et al., 2021), as 
many authors have reported that YOLO can be 
particularly problematic when dealing with small 
elements in large images.

From an architectural perspective, this limitation 
can be explained by the design of the model 
itself. YOLO (Wang, Yeh & Liao, 2024; Jocher 
& Qiu, 2024; Jocher, Chaurasia & Qiu, 2023) is 
considered a single-stage detector.

Single-stage detectors such as YOLO perform 
bounding box prediction and classification 
simultaneously, directly over feature maps 
extracted from the full image. That is, the model 
receives the image resized to a fixed input 
size (e.g. 640×640 pixels) and after a series of 
convolutional operations and spatial reduction 
stages (downsampling), it produces dense 
predictions over a grid of cells. Each cell is 
responsible for predicting objects whose spatial 
representation is associated with that region of the 
feature map.

This design offers significant advantages in terms 
of computational efficiency and inference speed. 
However, it requires that all relevant spatial 
information be preserved throughout the initial 
resizing process and the successive internal 
resolution reductions of the model. When the 
original image is of high resolution and the objects 
occupy a very small proportion of the total area, 
global resizing can further reduce their effective size 
in pixels. As a result, the object may be represented 
by an extremely low number of activations in the 
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intermediate feature maps, hindering both the 
accurate localization and classification.

In relative terms, if a bird initially occupies a 
very small percentage of the total image area, 
this proportion is preserved after resizing to the 
model’s input size, but the absolute number of 
pixels representing it decreases. Subsequently, 
the downsampling operations inherent to the 
architecture further reduce the spatial resolution 
of the feature maps. In this scenario, the object 
may be represented by a very weak signal, close 
to the background noise, which negatively affects 
the discriminative capability of the detector.

In contrast, two-stage detectors (Yu & Leung, 
2025), such as Faster R-CNN (Ren et al., 2015), 
follow a different strategy. In a first stage, they 
generate region proposals that identify potential 
object locations. These regions are then processed 
more locally in a second stage, where the bounding 
boxes are refined and the final classification 
is performed. Although the image also passes 
through an initial convolutional network, the 
proposal mechanism allows the processing to 
focus on subregions where the object occupies 
a larger relative proportion of the analyzed area. 
In other words, the object no longer competes 
with the entire image background and is instead 
evaluated within a spatial window more closely 
adjusted to its size.

This difference is particularly relevant in scenarios 
dominated by small and sparsely distributed 
objects. While in the case of a single-stage 
detector the model must directly identify very 
small objects within a large global context, in the 
case of a two-stage detector the region proposal 
process acts as a spatial focusing mechanism that 
facilitates a subsequent discrimination.

In the light of this comparison (Aboyomi & 
Daniel, 2023), it is reasonable to hypothesize that 
the low performance observed for YOLO in the 
preliminary study may be closely related to the 
combined effect of global input resizing and the 
progressive internal resolution reduction of the 
model. In particular, when objects represent an 
extremely small fraction of the original image, 
the resizing process can constitute a structural 
bottleneck that limits the information available 
for their detection.

3. Proposed Method: Image Tiling 
for YOLO Enhancement

In this work, a preprocessing strategy is proposed 
to mitigate the negative impact of global image 
resizing in single-stage detectors such as YOLO. 
The core idea is to modify the way visual 
information is presented to the employed model, 
without altering its internal architecture (Lu et al., 
2020) or its training procedure, with the aim of 
improving the effective representation of small 
objects. While the use of spatial partitioning has 
been previously explored, Jeong & Kim (2022) 
applied tiling at inference time for road damage 
detection, and Shewajo & Fante (2023) employed 
a similar scheme for microscopic malaria image 
analysis, these approaches are domain-specific 
and limited to inference. The method proposed in 
this paper differs from other method in that tiling 
is applied during both training and inference, a 
configurable overlap is incorporated to prevent 
object fragmentation at tile boundaries, and the 
approach is designed to be model-agnostic across 
different YOLO architectures.

The proposed strategy is based on partitioning 
the original image into multiple smaller spatial 
regions (Jeong & Kim, 2022; Shewajo & Fante, 
2023), which are processed independently by the 
detector. In this way, each subimage contains 
a more localized portion of the scene, where 
the objects of interest occupy a larger relative 
proportion of the total area. By applying the 
resizing required by the model to these regions 
instead of the full image, a greater amount of 
spatial details is preserved in small objects, 
increasing their effective representation in the 
feature maps.

The proposal is grounded in the idea of increasing 
the effective resolution of small objects without 
the need to modify the detector architecture or 
its training procedure. Rather than processing 
the entire image resized to a fixed input size, 
a prior spatial decomposition is introduced that 
allows visual information to be presented to the 
model in a more favorable manner for small 
object detection.

Partitioning the original image into smaller regions 
has a direct effect on the relationship between 
object size and input image size. By operating 
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on subimages, objects of interest occupy a larger 
relative proportion of the analyzed area, which 
enhances their representation in the feature maps 
generated by the network. Although the relative 
scale within each subimage is preserved, this 
spatial redistribution reduces the negative impact 
of global resizing and the successive resolution 
reduction operations inherent to the model.

The use of overlap between adjacent regions 
plays a key role as regards the robustness of the 
method. This overlap prevents objects located near 
region boundaries from being fragmented or lost 
during the partitioning process, ensuring that the 
relevant instances appear complete in at least one 
subimage. Additionally, it introduces controlled 
spatial redundancy, increasing the probability of 
detection in critical areas without increasing the 
complexity of the detector.

Another relevant aspect is the prior adjustment of 
the original image size to ensure its compatibility 
with the partitioning scheme. This step allows 
the generation of subimages with homogeneous 
dimensions, avoiding incomplete or irregular 
regions that could introduce noise during 
training or inconsistencies during inference. The 
homogeneity of the resulting regions facilitates 
the integration of the method into the standard 
YOLO-based pipelines.

Algorithm 1 describes the specific image tiling 
proposal presented in this work. The procedure 
begins by adjusting, if necessary, the size of the 
original image to ensure that partitioning can 
be performed in a regular manner, generating 

homogeneous regions without incomplete 
residual areas.

Once the image has been adjusted, a fixed size 
is defined for the subimages (tiles), along with 
a displacement between consecutive regions 
that depends on the specified overlap ratio. This 
overlap allows the same region of the original 
image to be analyzed from different spatial 
contexts, reducing the risk of objects being 
fragmented at tile boundaries.

Next, the image is systematically traversed using a 
sliding window that extracts subimages of constant 
size. Each tile is processed independently and 
stored together with its corresponding annotations, 
which are adapted to the local coordinate system 
of the subimage. Only annotations that intersect 
with the extracted region are retained, while those 
that do not provide relevant information for the 
local context are discarded.

The final outcome of the algorithm is a new set 
of images and annotations that can be directly 
used for training or evaluating a standard YOLO 
detector. By operating on more localized regions, 
small objects shall occupy a larger proportion 
of the analyzed area, which mekes their 
representation more effective during the detection 
process without introducing modifications to the 
model architecture.

As a concrete illustration, consider an AirBirds 
image at its native resolution of 1920×1080 pixels 
with T = 640 and r = 0.25, with a displacement of 
s = T − r · T = 480 pixels. Along the horizontal 

Algorithm 1. Comparison of AP50 results between the previous work and the proposed approach

1
2
3
4
5
6
7
8
9

10
11
12
13

Require: Original image I of size (W, H), tile size T, overlap ratio r.
Ensure: Set of subimages T and adapted annotations L.

Compute the adjusted size (W ′, H′) of I to allow regular partitioning
Resize I to (W ′, H′) if necessary
Compute the displacement s = T − r · T
Initialize empty sets T and L
for y = 0 to H′ − T , with step s do

for x = 0 to W′ − T, with step s do
Extract tile Ix,y of size T × T at position (x, y)
Add Ix,y to T
Adapt the original annotations that intersect Ix,y
Store the adapted annotations in L

end for
end for

return T , L
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axis, the first tile is placed at position 0, and the 
subsequent tiles are placed at steps of s = 480 
pixels; since 1920 − 640 = 1280 and ⌊1280/480⌋ 
= 2, two additional tiles fit, which means 3 tiles 
horizontally and an adjusted width of 1600 pixels. 
Along the vertical axis, 1080 − 640 = 440 < 480, 
so no additional tile fits beyond the first one, 
yielding one tile vertically and an adjusted height 
of 640 pixels. The algorithm therefore produces 
3 tiles in total for this image. Each tile retains 
only the annotations intersecting its region, with 
its coordinates transformed in relation to the 
local tile reference frame; the annotations whose 
visible area falls below a minimum threshold after 
clipping are discarded.

4. Experimental Setup

4.1 Dataset 

For the experimental evaluation of the proposed 
approach, the AirBirds dataset (Sun et al., 2022) 
was used. This public dataset was originally 
designed for bird detection tasks in highly 
complex real-world scenarios. The images were 
captured in airport environments with the aim 
of preventing bird-aircraft collisions, making 
the dataset particularly challenging from the 
perspective of small object detection.

The images have a native resolution of 1920×1080 
pixels and cover a wide range of environmental 
conditions, including different seasons of the year, 
lighting variations, changing weather conditions, 
and multiple bird species. One of the most relevant 
characteristics of the dataset is the reduced size 
of the annotated instances, as birds often appear 
at large distances from the camera and occupy 
a very small fraction of the total image area. In 
many cases, the bounding boxes associated with 
the objects have dimensions on the order of only 
a few pixels, which poses a significant challenge 
for object detection models.

Although the dataset includes official training 
and test splits, inconsistencies were identified in 
the annotation of the test set in the preliminary 
study of Garcia, Villar & Sedano (2026), such as 
bounding boxes which were partially outside the 
image boundaries. For this reason, and in order 
to ensure a reliable and consistent evaluation, 

this partition was discarded and only the original 
training set of the dataset was used.

For this set, a random splitting into three subsets 
was performed: training, validation, and test. 
Specifically, 70,000 images were selected 
for training the models, 10,000 images for 
validation, and 18,141 images for testing. This 
split of the dataset follows a standard 70/10/20 
distribution for the training, validation, and test 
sets, respectively. This partition was kept constant 
across all the experiments which were carried out 
to ensure the comparability of results among the 
different evaluated configurations.

This distribution follows the widely adopted 
80/20 convention for training+validation versus 
final evaluation, which is a standard one in the 
field when working with datasets of this scale. 
Reserving 20% of the data (18,141 images) 
for the test set ensures a sufficiently large and 
representative sample for assessing generalization 
to real-world conditions, while the remaining 80% 
is further divided into 70% for training and 10% 
for validation. Although 10% may appear modest 
as a proportion, it corresponds to 10,000 images in 
absolute terms - a substantial validation set given 
the overall size of the dataset - which is adequate 
for guiding hyperparameter and model selection 
without excessively reducing the data available for 
training. This configuration therefore represents 
a balanced compromise between maximizing the 
training data and preserving reliable subsets for 
validation and final testing.

4.2 Models and Configuration 

In this work, three recent versions of the YOLO 
family are employed: YOLOv8 (Jocher, Chaurasia 
& Qiu, 2023), YOLOv9 (Wang, Yeh & Liao, 
2024), and YOLOv11 (Jocher & Qiu, 2024). The 
selection of these models follows a criterion of 
continuity and comparability, as they are the same 
detectors used in the previous study that motivated 
this work (García, Villar & Sedano, 2026). This 
choice allows for a direct analysis of the impact 
of the proposed strategy without introducing 
architectural variations.

YOLOv8 represents a step forward in the 
evolution of single-stage detectors, incorporating 
improvements in the definition of the detection 
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head and in the training process, with a 
design aimed at simplifying the YOLO model 
architecture and enhancing learning stability. 
In contrast, YOLOv9 introduces modifications 
oriented toward a more efficient management 
of information during forward propagation, 
with the goal of improving the generalization 
capability and the utilization of features 
extracted by the network.

YOLOv11, as the most recent version, continues 
this evolutionary line by incorporating additional 
adjustments in the architecture and prediction 
mechanisms of YOLO, seeking a better balance 
between accuracy and computational efficiency. 
Despite these differences, the three models share 
a fundamental characteristic: they perform object 
detection and classification simultaneously over 
feature maps generated from an image resized to 
a fixed input size.

For each of the YOLO model versions considered 
in this study, the two smallest variants were 
selected, namely the n/t and s versions: YOLOv8n, 
YOLOv8s, YOLOv9t, YOLOv9s, YOLOv11n, 
and YOLOv11s (Adarsh, Rathi & Kumar, 2020)..

With regard to the tiling strategy applied during 
training, the images were divided into 640×640 
pixel tiles, using a 25% overlap between adjacent 
tiles. This strategy helped mitigate information 
loss at image borders and improved the detection 
of partially visible objects.

The overlap ratio was empirically determined 
through preliminary experiments with values in 
the range typically explored in the literature, where 
overlap is commonly treated as a dataset- and 
task-dependent hyperparameter rather than as a 
fixed value. While time-series and generic sliding-
window applications often adopt lower overlap 
ratios (e.g. around 10%), a 25% overlap was 
found to provide the best trade-off in this setting, 
improving the detection of small, boundary-
crossing bird instances without excessively 
increasing the number of generated tiles and the 
associated computational cost. It should also be 
noted that overlap is applied exclusively between 
tiles belonging to the same image, after the 
dataset has already been partitioned into training, 
validation, and test subsets (subsection 4.1); 
tiles from different images are therefore never 

overlapping, and no information leakage across 
subsets is introduced by this step.

Table 1 includes the complete set of parameters 
used during training. These parameters were 
determined through preliminary experiments 
with different configurations, and the final 
selected values were those that provided a greater 
training stability and led to the best performance 
in terms of the AP50 metric (Average Precision 
with 50% overlap).

Table 1. Training parameters used for  
all YOLO models

Parameter Value
Tile size 640 × 640 pixels

Tile overlap 25%
Number of epochs 100

Batch size 16
Optimizer AdamW

Momentum 0.9
Initial learning rate 0.0001

4.3 Metrics 

For the evaluation of model performance, 
the Average Precision at an Intersection over 
Union threshold of 50% (AP50) was selected 
as the primary metric. This metric was already 
employed in the preliminary study and it 
is widely used in object detection tasks to 
jointly quantify a detector’s localization and 
classification capabilities.

The AP metric is derived from the precision–
recall curve, which summarizes the trade-off 
between the proportion of correct detections and 
the model’s ability to identify all the instances 
present in the image. In the case of AP50, a 
detection is considered correct when the overlap 
between the predicted bounding box and the 
ground-truth annotation, measured using the 
Intersection over Union (IoU) index, is equal to 
or greater than 50%. This threshold allows the 
evaluation of whether the model can localize 
the object with a reasonable accuracy, without 
requiring an excessively strict match between the 
prediction and the annotation.

In the preliminary study, more restrictive metrics 
such as AP75 were also employed, which 
require a higher localization accuracy of the 
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bounding boxes. However, the analysis of the 
results showed that both metrics exhibited a very 
similar behavior and did not lead to substantial 
differences in the comparison between models. In 
particular, the conclusions drawn with regard to 
AP50 and AP75 were consistent, suggesting that 
the observed limitations were primarily related 
to object detection capability rather than to fine-
grained localization accuracy.

For this reason, in this work AP50 was exclusively 
selected as a comparison metric. This choice 
allows the analysis to focus on the main objective 
of the study, which is to evaluate the ability of 
the employed models to detect small objects 
in high-resolution images and to analyze the 
impact of image partitioning on this capability. 
In addition, the use of a single metric facilitates 
result interpretation and the direct comparison 
among the different evaluated configurations.

To account for training variability, each model 
configuration was trained three times. The results 
are reported as the mean ± standard deviation (St. 
Dev.) across the three runs.

5. Results and Discussion

Table 2 summarizes the AP50 results obtained by 
the evaluated YOLO model versions under the 
proposed training configuration.

Notably, all model configurations produced similar 
results across the three independent training runs 
yielding a standard deviation with low values for 
all reported AP50 values. This indicates that the 
training pipeline exhibits a limited variability 
across the training runs; however, given the 
magnitude of these standard deviations relative 
to the small differences observed between some 
model variants (see below), certain comparisons 
should be interpreted with caution rather than as 
robust architectural effects.

Overall, the results show a consistent performance 
across the different model families, with AP50 
mean values ranging from 0.2628 to 0.2888. 
Among all the evaluated architectures, YOLOv9s 
achieved the highest performance, with a mean 
of AP50 of 0.2888. This suggests that, under the 
proposed tiling strategy and training configuration, 
the small variant of YOLOv9 provides the best 
balance between the representational capacity and 
generalization performance.

When comparing model sizes for each model 
version, different behaviors can be observed. 
For YOLOv8, the s variant slightly outperforms 
the n variant (0.2818 vs. 0.2812), indicating 
that the additional model capacity contributes 
positively to the detection performance, although 
the improvement is modest. A similar trend 
is observed for YOLOv9, where the s variant 
outperforms the t version (0.2888 vs. 0.2628), 
showing a more noticeable gain when increasing 
model size.

In contrast, YOLOv11 exhibits a different 
pattern: the smallest variant (n) achieves 
a slightly higher AP50 than the s version 
(0.2742 vs. 0.2720). This suggests that, for 
this architecture, increasing model size does 
not necessarily translate into an improved 
performance under the current experimental 
setup, possibly due to the optimization dynamics 
or dataset-specific characteristics.

In general, the performance differences between 
the smallest and small variants remain moderate, 
indicating that both configurations are capable 
of learning discriminative features under the 
proposed training strategy. For the comparison 
with the previous work (García, Villar & 
Sedano, 2026), the smallest model variants were 
considered, namely the n versions for YOLOv8 
and YOLOv11 and the t version for YOLOv9. The 
quantitative comparison of the results reported 

Table 2. Detection results obtained by the evaluated YOLO models

Model version
Smallest (n/t) Small (s)

Mean St. Dev. Mean St. Dev.
YOLO v8 0.2812 0.0133 0.2818 0.0054
YOLO v9 0.2628 0.0065 0.2888 0.0190
YOLO v11 0.2742 0.0061 0.2720 0.0181
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in the previous work and those obtained by the 
proposed approach is presented in Table 3.

As shown in Table 3, all the evaluated models 
exhibit a substantial improvement in terms of 
AP50 for the proposed approach. Specifically, this 
approach achieves average performance gains of 
+0.1802, +0.1518, and +0.1842 for YOLOv8n, 
YOLOv9t, and YOLOv11n, respectively, 
representing a marked increase in the detection 
performance in comparison with the results 
reported by the previous work.

Although the absolute AP50 values are still 
moderate and do not indicate a perfect detection 
performance, the observed improvements are 
highly significant when considering the inherent 
difficulty of detecting small objects by using 
YOLO-based architectures. YOLO models are 
known to experience performance degradation 
when dealing with small-scale targets, particularly 
in high-resolution scenes where object sizes 
occupy only a limited number of pixels.

In this context, the tiling strategy proposed in 
this work plays a key role in enhancing the 
object detection capabilities. By dividing the 
input images into overlapping tiles, the effective 
resolution of small objects is increased during 
training and inference, enabling the models to 
better capture fine-grained spatial details. The 
consistent improvements observed across all 
the evaluated model families suggest that the 
proposed tiling approach effectively mitigates one 
of the main limitations of YOLO-based detectors, 
significantly improving their ability to detect small 
objects in challenging scenarios.

The general analysis of the results shows that the 
proposed approach remains model-agnostic and 
can be seamlessly integrated into the existing 
YOLO-based detection pipelines.

The experimental results obtained on the 
AirBirds dataset demonstrate that the proposed 

tiling strategy leads to substantial performance 
improvements across all the evaluated YOLO 
versions. In comparison with the results reported 
in the previous work, the smallest model variants 
achieved consistent average gains of more 
than +0.15 for AP50, representing a significant 
enhancement in the small object detection 
capability. These findings confirm that an 
appropriate preprocessing strategy can effectively 
alleviate the limitations imposed by global resizing 
and significantly improve the performance of 
YOLO-based detectors in challenging small object 
detection scenarios.

6. Conclusion

This work has addressed a well-known structural 
limitation of YOLO-based single-stage detectors 
when applied to scenarios dominated by small 
objects in high-resolution images. In particular, 
the adverse effect of global input image resizing 
on the spatial representation of small targets 
was identified as a key factor contributing to 
the reduced detection performance observed in 
previous studies.

To mitigate this limitation, a region-based 
preprocessing strategy based on image tiling 
was proposed. The method partitions the 
original image into overlapping local regions 
that are processed independently by the detector, 
allowing small objects to be analyzed at a 
higher effective resolution without modifying 
the network architecture or altering the standard 
training procedure. 

Several directions for future research arise 
from the findings presented in this work. First, 
the proposed approach could be evaluated 
using larger and more diverse datasets than the 
AirBirds dataset employed in this study. While the 
current results demonstrate that the tiling strategy 
significantly improves small object detection 
performance under limited data conditions, further 

Table 3. Comparison of AP50 results between the previous work and the proposed approach

Model version Previous work Smallest (n/t) Small (s)
YOLO v8 0.101 0.2812 (+0.1802) 0.2818 (+0.1808)
YOLO v9 0.111 0.2628 (+0.1518) 0.2888 (+0.1778)
YOLO v11 0.090 0.2742 (+0.1842) 0.2720 (+0.1820)
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experimentation with larger-scale datasets would 
allow a deeper analysis of the interaction between 
data availability and preprocessing strategies. In 
particular, it would be of interest to assess whether 
the observed performance gains remain consistent, 
increase, or stabilize as the amount and variability 
of the training data grow.

Second, an extension of the proposed method 
toward an adaptive tiling strategy represents a 
promising research direction. Instead of applying 
a fixed tile size and overlap uniformly across 
the entire image, future work could focus on 
dynamically adjusting these parameters based on 
the spatial distribution and density of small objects. 
Regions with a higher density or confluence of 
small objects could be analyzed at a higher spatial 
resolution, while areas where small  objects are 
sparse could be processed more coarsely. Such 
an adaptive approach has the potential to further 
improve the detection performance while reducing 
the unnecessary computational overhead.

Finally, the applicability of the proposed tiling 
strategy could be explored in other computer 

vision tasks characterized by the presence of 
small objects. Domains such as aerial and satellite 
imagery, traffic surveillance, wildlife monitoring, 
or industrial inspection share similar challenges 
related to object scale and spatial sparsity. 
Evaluating the proposed preprocessing technique 
across different datasets and application contexts 
would help validate its generality and reinforce its 
potential as a practical solution for small object 
detection beyond the specific scenario addressed 
in this work.
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