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ABSTRACT

This study proposed the Local Contrast Enhancement Attention - You Only Look Once (LCEA-YOLO)
model to address the challenge of detecting small objects in high-altitude Unmanned Aerial Vehicle (UAV)
images. LCEA-YOLO is a customized detector developed using the YOLOv10n architecture that embeds
an LCEA module to emphasize local subtle contrast variations, as well as an Inner-CloU loss function that
enhances the regression ability for smaller objects. Experiments on the UAVDT dataset were conducted,
with the results demonstrating that LCEA-YOLO exceeded other baseline algorithms with an overall
mAP@0.5 of 47.2% and mAP@0.5:0.95 of 29.9%. Additionally, the model presented remarkable resilience
on challenging under-represented categories, yielding improvements of 15.0% and 7.6% in detection
accuracy for trucks and buses, respectively. These findings validated the benefit of targeted local contrast
enhancement and scale-aware regression for real-time UAV detection.

Keywords-object detection; Unmanned Aerial Vehicles (UAV); YOLOv10; attention mechanism; Inner-CloU

loss; small object detection; deep learning

I.  INTRODUCTION

The growing deployment of Unmanned Aerial Vehicles
(UAVs) has enabled various applications, such as urban traffic
surveillance, agriculture inspection, and public safety services.
A requirement of these applications is the automated
identification of objects of interest from aerial images.
However, their detection from UAV platforms presents
significant challenges. Specifically, due to the high-altitude
perspectives, objects like vehicles or pedestrians may occupy
few pixels and exhibit low contrast against complex

backgrounds, impairing the discriminability of features as well
as affecting the stable detection performance in practical UAV
applications [1, 2].

To comply with the processing speed requirements of drone
systems, one-stage detector networks like those models from
the You Only Look Once (YOLO) family have dominated the
field due to their competitive performance-complexity trade-off
[3]. Iterations of the YOLO framework have further refined this
efficiency through structural innovations. For example, an
anchor-free detection mechanism was adopted in YOLOVS,
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while the feature aggregation was improved by the C2f module
[4]. In [5], YOLOVI1O introduced an end-to-end detection
formula that removes the necessity for the conventional
filtering phase referred to as Non-Maximum Suppression
(NMS). This was achieved by implementing an integrated dual
label assignment method, which resulted in streamlining the
inference pipeline and improving deployment speed. Authors
in [6] indicated that YOLOv11, combined with lightweight
embedded systems, achieved a high-performance real-time
ground vehicle detection for Advanced Driver Assistance
Systems (ADAS).

While Convolutional Neural Network (CNN)-based
architectures have long defined the state-of-the-art,
Transformer-based detectors have emerged as competitive
alternatives. Authors in [7] proposed the Real-Time DEtection
TRansformer (RT-DETR), the first real-time end-to-end
Detection Transformer to match or surpass YOLO models in
both speed and accuracy on standard benchmarks. This
paradigm has been extended to aerial scenarios, where the RT-
DETR framework was adapted for UAV small object detection
[8]. Meanwhile, YOLO-based methods continue to evolve with
targeted modifications for aerial imagery, such as SRTSOD-
YOLO [9], which enhanced YOLO11 with multi-scale feature
fusion for UAV targets. However, none of these approaches
explicitly leverage local contrast cues to improve the
separability of small targets from cluttered backgrounds, which
is the specific focus of this paper.

Despite these developments, identifying small and
ambiguous targets within overhead photographs is an ongoing
research problem. There are two main reasons for the
unsatisfactory performance in small object detection of aerial
images by previous YOLO-based detectors. The first challenge
relates to the fact that mainstream backbone and neck
architectures are primarily tailored to generic object detection
tasks without an explicit mechanism for reinforcing fine-
grained local cues. In particular, the global attention
mechanisms can be designed targeting long-range
dependencies, but are not tailored to represent subtle local
contrast changes that are essential in separating tiny targets
from intricate backgrounds. Second, frequently used bounding
box regression losses treat objects of all sizes equally and may
suffer from unstable optimization for very small objects, where
small perturbations cause large changes in overlap measures.

To solve these issues, several studies have focused on two
complementary directions: features of networks and loss
functions. Attention modules, such as channel-wise
recalibration using Squeeze-and-Excitation (SE) mechanisms
and combined spatial and channel refinement using the
Convolutional Block Attention Module (CBAM), have been
effective in enhancing the discriminative ability of features by
accentuating relevant regions [10, 11]. In [12], the
incorporation of distinct visual characteristics based on specific
visual features, such as local contrast, is important for
enhancing small object detection in cluttered images.
Simultaneously, the regression process has been refined
through several IoU variants that surround geometric penalties,
namely GloU, DIoU, and CloU, leading to better localization
of predicted boxes [13, 14]. Building on these ideas, the Inner-

IoU concept was introduced to increase regression sensitivity
for small bounding boxes by focusing on the inner geometry of
predicted and ground-truth boxes [15].

Despite these developments, there is still a gap in explicitly
leveraging local contrast cues within lightweight YOLO
architectures for aerial small object detection, while
simultaneously refining the regression loss to be more sensitive
to small bounding boxes. To address this, the present paper
introduces LCEA-YOLO, a modified YOLOv10-nano
(YOLOvV10n) architecture in order to optimize small object
detection in aerial images. This method integrates a Local
Contrast Enhancement Attention (LCEA) module into the
detection head to improve discriminative local representations,
while employing an Inner-CIoU loss to stabilize bounding box
optimization for diminutive instances.

II. PROPOSED METHOD

This study introduces LCEA-YOLO, a specialized variant
of YOLOv10n designed for aerial images, where objects are
small and visually uncertain due to the altitude, clutter, and
limited pixel resolution [1, 2]. The direct and real-time
recognition mode in YOLOV10 are preserved in this version [5]
based on two targeted modifications: (i) a LCEA module is
plugged into the detection head to enrich multi-scale
predictions; and (ii) an Inner-CloU regression loss is employed
to increase the sensitivity toward localization errors for small
boxes beyond IoU-based losses [13, 14], as well as the inner
concept proposed in Inner-IoU [15].

A. YOLOvIOn Baseline Architecture

LCEA-YOLO is developed based on the YOLOvIOn
architecture [5]. YOLOvVIO significantly pushes the YOLO
series forward by proposing an end-to-end NMS-free training
framework. It obtains it by following a unified dual label
assignment scheme, which blends singular matches with
multiple positive allocations. This also eliminates the
requirement of NMS during inference, which greatly simplifies
the pipeline and decreases deployment latency [5]. The 'nano'
variant was chosen as a baseline since it delivers an optimal
balance of processing overhead against detection precision.

B. Overall Architecture of LCEA-YOLO

LCEA-YOLO follows the standard YOLO pipeline [3] and
maintains the three core functional blocks: a feature extractor
(backbone), an aggregator (neck), and a predictor (head). The
feature extractor extracts hierarchical feature maps at multiple
spatial resolutions, while the PAN-FPN neck fuses these
features through top-down and bottom-up paths to form rich
multi-scale representations. The detection head then produces
predictions at three scales (P3, P4, P5), enabling the detection
of objects of different sizes, as commonly adopted in YOLO-
style detectors [3, 5]. Figure 1 depicts the general structure of
the LCEA-YOLO architecture, with the key modification being
the integration of the proposed LCEA module into the
detection head at each prediction scale (P3, P4, and P5). It is
applied after the corresponding head branch computation,
while the backbone and PAN-FPN neck remain unchanged,
and the end-to-end inference pipeline of YOLOvVIO is
preserved [5].
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Fig. 1. General structure of the introduced LCEA-YOLO.

C. Local Contrast Enhancement Attention Module

Small objects in aerial imagery often exhibit poor visual
distinction from the surrounding background [1, 2].
Conventional attention mechanisms (e.g., SE and CBAM)

improve representation by reweighting features, but they are
not specifically engineered to amplify local contrast cues that
are especially relevant for small targets [10-12]. Motivated by
local contrast-aware attention principles [12], the LCEA
module is proposed, as illustrated in Figure 2.

Local Contrast Enhancement Attention (LCEA) Module

Identity (Skip Connection)

Input Output
|X= K I N f"\ »
X DWConv Conv Bl » Conv BN D> Y
kxk x1 RelU 1x1 Sigmoid
CxHxW groups = C C—C/r C/r—C Attention | (learnable) ~ CXHxW

Map a

Y = X+ (o(Attn(IX = AvgPool,cai(X)1) © X) |

[C1 Depthwise Convolution

Normalization + Activation

Pointwise Convolution (1x1)
Normalization + Sigmoid

®: Element-wise multiplication - €D: Element-wise addition ¥ { A: Learnable scale parameter ©: Subtraction

Fig. 2.

Let X € ROXW denote the input feature map, in which C
specifies the channel depth, while H and W indicate the spatial
dimensions. The module performs local contrast modeling and
feature refinement as follows:

1) Local Mean Estimation via Depthwise Convolution

A depthwise convolution with a k X k kernel and groups =
C is used to approximate local averaging (i.e., local pooling) in
a channel-wise manner:

1 = DWConvyy(X), groups =C )

LCEA module.

where u € REH*W represents the locally averaged response.

2) Local Contrast Map Computation

A local contrast map is obtained by measuring the absolute
deviation from the local mean:

Xeontrast = 1X — ul ()

This operation highlights local variations that are often
indicative of object boundaries and subtle structures.
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3) Attention Map Generation

The contrast map is passed through an efficient attention
sub-network composed of two 1 X 1 convolutions arranged in
a bottleneck form C = C/r - C, BN + ReLU after the first
1 X 1 convolution, and BN + Sigmoid after the second one
(as shown in Figure 2). The resulting attention map is:

a = Attn(Xcont‘raSt) (3)

where a € RE*#*Wand its values are constrained to [0, 1] by

the Sigmoid inside the attention block.

4) Feature Refinement with Residual Scaling

Finally, the resulting attention mask scales the initial
feature map X via point-wise multiplication and is added back
through a residual connection:

Y=X+21-(@®X) )

where Y € ROHXW '@ denotes element-wise multiplication,
and 4 is a learnable scaling parameter initialized to zero to
ensure stable training.

The depthwise convolution kernel size is set to k = 7, and
the bottleneck reduction ratio is » = 4. In practice, A can be
initialized to zero to make the module behave close to an
identity mapping at the beginning of training, improving
optimization stability.

D. Inner-CloU Loss Function

Precise bounding box regression is essential for small
objects, as minor pixel-level errors can result in significant
quality degradation. IoU-based metrics have progressed from
GloU [13] to DIoU [14], incorporating geometric constraints
beyond overlap. Nevertheless, small bounding boxes are
susceptible to reduced tolerance to localization errors. To
tackle this issue, the Inner-IoU approach was incorporated [15]
and applied within the CloU formulation [14], producing an
Inner-CIoU loss that computes the overlap using scaled inner
boxes, increasing regression sensitivity for small objects.
Formally, given a network-generated box By,..q and the actual
annotated reference Bg;, Inner-IoU defines auxiliary boxes
B'preq and B’y by scaling them with a ratio s € (0,1)
around their centers [15]. Following the original Inner-IoU
formulation, a value of s = (.7 was set in all experiments.

The boundaries of the inner bounding box edges are
calculated by:

i w XS i wXs
blmner =x,— —, b;nner =x,+ - (5)
i hXxs i hXxs
inner _ inner _
bt =Yc— ’ bb =Y + (6)

2 2

where (x., y.) indicate the midpoint locations of the
localization box, while w and h stand for its horizontal and
vertical dimensions.

The Inner-IoU (IoU;pp.r) is calculated as the Intersection
over Union of these scaled inner prediction and ground-truth
boxes:

Area (B’pred n B'gt)

(M

ToU; =
inner Area (B’pred ] B’gt)

The IoU component in the regression loss is evaluated
using these inner boxes, while the distance and aspect ratio
constraints follow the CloU formulation derived from DIoU-
based components [14]. The final Inner-CIoU loss is defined
as:

LosSiner—crov = 1 = I0Uinper + M +av (8)
where p? (cpred , cgt) denotes the straight-line distance squared
between the core coordinates of the proposed and target boxes,
while ¢ represents the longest cross-section of their smallest
enclosing frame, v evaluates the aspect ratio consistency, and
a acts as a balancing weight [14].

This modification provides stronger supervision when
objects occupy few pixels in aerial views [1, 2].

1. EXPERIMENTS AND RESULTS
A. Experimental Setup

1) Dataset

For this study, the 'Aerial Vehicles Dataset' was utilized,
published by UAVDT via Roboflow Universe [16]. This
material was used under the Creative Commons Attribution 4.0
International license. To be in line with the intrinsic challenges
mentioned in Section I, this database was particularly well-
suited as a testing platform because it captures high-altitude
viewpoints, where vehicles are represented by very few pixels
and often have weak appearance contrast against a cluttered
background [1, 2]. The dataset includes 8,626 high resolution
annotated video frames of four different vehicle classes: bus,
car, truck, and van. It was divided into 75% for training (6,469
images), 6.3% for validation (547 images), and 18.7% for
testing (1,610 images).

2) Implementation Details

All models were implemented in the Ultralytics framework
and optimized over 100 epochs utilizing a single NVIDIA RTX
5090 GPU. Following the standard training protocol of the
YOLO family [3], the batch size was set at auto mode (batch =
-1). This configuration allowed for the dynamic allocation of
the largest feasible batch size supported by VRAM, making the
training process more efficient. Model weights were updated
via the AdamW optimizer [17] using an initial learning rate of
0.001 and a cosine annealing warmup schedule. The input
resolution was fixed at 640 x 640 pixels for all experiments.

3) Evaluation Metrics

Performance was evaluated using COCO metrics [18],
specifically Mean Average Precision (mAP), Recall (R), and
Precision (P). For general detection assessment, mAP@0.5 was
recorded, while mAP@0.5:0.95 was used for a rigorous
evaluation of bounding box localization accuracy. To ensure
the reliability of the reported results, all experiments were
conducted over three independent runs with different random
seeds (0, 42, and 123). The observed standard deviation of
mAP@0.5 across runs was + 0.3%, confirming the stability of
the proposed improvements.
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B. Ablation Study: Dissecting Component Contributions

An ablation study was carried out using the YOLOv10n
baseline [5] to quantify the effect of the proposed architectural
improvements and validate the hypothesis regarding local
feature refinement. As illustrated in Table I, the off-the-shelf

only 80,868 parameters (+3.5%) over YOLOv10n with a
marginal increase of 0.2 GFLOPs, confirming that the accuracy
gains are achieved without any additional computational
burden.

. s . TABLE II. COMPARISON WITH THE STATE-OF-THE-ART
backbone apd neck architecture lacked exphclt mechamsms' to ON THE DATASET [16]
improve fine-grained local cues, leading to a baseline
mAP@0.5 of 44.2%. Params Precision Recall mAP@0.5
Model (M) GFLOP (%) (%) (%)
YOLOvS8n 3.01 8.1 56.7 42.7 44.2
TABLE L ABLATION STUDY RESULTS ON UAVDT YOLOvVIOn 227 65 573 126 242
Model Precision Recall mAP@0.5 mAP@0.5: YOLOvlln 2.58 6.3 57.9 43.5 45.3
(%) (%) (%) 0.95 (%) LCEA-
Baseline YOLO 2.35 6.7 59.2 45.2 47.2
(YOLOV10n) 573 42.6 44.2 216 (current)
+ LCEA only 58.2 45.5 46.8 29.7
+ Inner-CloU While recent adaptations of the YOLO framework have
59.6 44.9 47.1 29.7 . . . . .
only proven highly effective for real-time ground vehicle detection
LC(EA'Y%LO 59.2 452 472 29.9 and autonomous driving applications [6], these comparative
curren

The addition of the LCEA module itself brought a large
improvement in mAP@0.5 by 2.6%. This validates the
conjecture derived in Section II-C that by performing local
pooling operation and calculating the absolute deviation
between local mean and each pixel value, the LCEA module
can capture informative local variations on or near object
boundaries.

Moreover, it significantly contributed to the rise of
Precision (from 57.3% to 59.6%) when using the Inner-CloU
loss. This further justifies the success of regressing with scaled
inner boxes in producing more sensitive regression and
stronger supervision, where objects appear at low resolution on
aerial images [15]. The final LCEA-YOLO model, which
unites both components, obtained the optimum results (47.2%
in mAP@0.5 and 29.9% in mAP@0.5:0.95), revealing that the
feature enhancement and loss function refinement yielded a
synergistic effect.

C. Comparative Analysis with State-of-the-Art Models

To guarantee an unbiased and thorough evaluation, state-of-
the-art baseline models (i.e., YOLOv8n, YOLOv10n, and
YOLOvI11n) were re-implemented on the dataset split [16].
Given that detection performance is extremely dependent on
the training mode selected, presenting direct comparisons to
literature figures obtained on setups of varying specifications
(number of epochs and data augmentation pipeline) would be
misleading. Thus, all reported comparative results in this work
were trained from scratch following the exact same conditions
as listed in Section III-A. This enabled the architectural
contribution of the proposed method to be disentangled from
external parameters for training and yields a very strict
comparison baseline.

The comparative analysis in Table II demonstrates that
LCEA-YOLO consistently outperforms standard general-
purpose architectures. While YOLOv8n improved feature
aggregation through the C2f module [4] and YOLOv10n
simplified the inference pipeline [5], they still struggle with
small, low-contrast targets. LCEA-YOLO surpassed the recent
YOLOv11n by 1.9% in mAP@0.5 and achieved a significantly
higher Precision of 59.2%. Furthermore, LCEA-YOLO added

results validate that the targeted local contrast enhancements
provide a distinct and necessary advantage for the unique
challenges of specialized UAV deployments.

D. Per-Class Performance and Discussion

The advantage of LCEA-YOLO is more remarkable in
individual object categories, such as the ones that are poorly
visible against the background. The mAP@0.5 performance for
each class is presented in Table III among the different classes
of objects.

The biggest relative gain was registered for the truck
(+15.0%). For the aerial surveillance, both bus and truck may
be highly visually ambiguous due to diverse geometries and
heavy occlusions. The bus class also exhibits a significant
increase of +7.6%. Conversely, the car class, typically having
more stable pixel footprints and contrast profiles, marginally
benefits from this (+2.7%).

TABLE IIL PER-CLASS MAP@0.5 (%) COMPARISON
Class Baseline LCEA-YOLO Relative
(YOLOvV10n) (current) improvement (%)
Bus 47.6 51.2 +7.6%
Car 67.8 69.6 +2.7%
Truck 30.0 34.5 +15.0%
Van 31.5 33.7 +7.0%

This discrepancy explains the underlying advantage of the
proposed approach: standard regression losses do not
distinguish objects across scales, resulting in unstable
optimization for challenging and low-frequency targets. LCEA-
YOLO pushes the network to focus on local contrast and
enhances the sensitivity of regression for small objects, which
effectively overcomes the performance degradation associated
with small size and visually confusing objects.

E. Qualitative Evaluation

To verify the numerical progress, a qualitative comparison
was employed between the YOLOv1On baseline and the
proposed LCEA-YOLO model in a challenging high-altitude
aerial scene. As depicted in Figure 3, the reference architecture
encountered difficulties when identifying miniature instances
located at different distances to the camera, leading to a high
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number of missed (13 False Negatives) and poorly localized
objects (8 False Positives). The simple baseline often fails to
confidently separate the subtle car parts from urban
infrastructure and roads.

Baseline (YOLOv10n)
TP: 11 | FP: 8 | FN: 13

(@)

LCEAYOLO (Ours)
TP:15 | FP: 3 | FN: 9

(b)

I True Positive (Correct Detection)
I False Positive (Wrong Detection)
[ False Negative (Missed Object)

Fig. 3. Qualitative detection comparison between: (a) the YOLOv1On
baseline and (b) the proposed LCEA-YOLO model.

On the other hand, LCEA-YOLO demonstrated much
stronger robustness in this corresponding scene. The resulting
model raised the True Positives count higher up to 15, which
means that there is less loss of relevant items (down from 11),
and meanwhile decreased False Negatives down to 9,
drastically lowering False Positives by more than the half (8
dropped to 3). Qualitatively, this can be seen as much more
correct looking bounding boxes (green) on far or hard to
localize vehicles, and fewer ground truth localization failures in
red. These qualitative results explain the quantitative findings
and visually demonstrate that the integration of feature
enhancement with the LCEA module and strict regression

bounds in Inner-CloU loss can effectively alleviate detection
degradation against small aerial targets.

Figure 4 presents the normalized confusion matrices for
both the YOLOv10n baseline and LCEA-YOLO, evaluated on
the testing set. LCEA-YOLO demonstrated a consistent
improvement in correctly identifying all four vehicle types,
with the most notable gains observed for buses and trucks.
Furthermore, the proportion of objects misclassified as
background is notably reduced, particularly for trucks,
confirming the quantitative improvements reported in Table III.
These results validate that the LCEA module and Inner-CloU
loss effectively enhance the model's ability to distinguish small
and visually similar targets from cluttered backgrounds.

0.7
bus 0.05 0.01 0.06
0.6
cari 0.03 n 0.08 0.39 0.72 0.5
-
g 0.4
5 truck: 0.06 0.28 0.02 0.07
g 0.3
(@)
vani 0.03 0.03 0.04 0.23 0.15 0.2
0.1
background
0.0
0.7
bus { UU2S 0.04 0.01 0.06
0.6
car{ 0.03 0.66 0.08 0.37 0.71 0.5
°
g 0.4
% truck{ 0.07 0.07
E 0.3
(b) van{ 0.02 0.04 0.04 0.27 0.16 0.2
0.1
background
n § 5 0.0
9 N
O o 3 2> &
' ,éé < (oo
O
£
0
True
Fig. 4. Normalized confusion matrix on the testing set: (a) YOLOv10n

baseline, (b) LCEA-YOLO.

In summary, the experimental results consistently verify the
effectiveness of the proposed LCEA-YOLO across all
evaluation dimensions. Quantitatively, the model achieves a
+3.0% improvement over the YOLOv10n baseline and +1.9%
over YOLOv11n in mAP@0(.5, while adding only 3.5% more
parameters. The per-class analysis reveals that the largest gains
occur on the most challenging categories, with +15.0% for
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trucks and +7.6% for buses. The qualitative evaluation further
validates these findings by showing a substantial reduction in
both missed detections and false alarms.

IV. CONCLUSION

To tackle the difficulties of small and visually uncertain
object detection in UAV images, a powerful detector, called
Local Contrast Enhancement Attention - You Only Look Once
(LCEA-YOLO), which is based on YOLOv10n, was
introduced. By incorporating the proposed LCEA module, the
network effectively emphasized subtle local contrast changes,
which are indispensable while separating small targets from
cluttered backgrounds. Additionally, by using the Inner-CloU
loss function, this model could make a fast regression for
small-sized bounding boxes, addressing the issues of localizing
errors in conventional detection models.

The UAVDT dataset was utilized to confirm the viability of
the proposed strategy [16]. LCEA-YOLO achieved an overall
mAP@Q.5 of 47.2%, exceeding the YOLOv10n baseline by
3.0% and the recent YOLOv11n by 1.9%. The ablation study
indicated that the two proposed components jointly enhanced
feature representation and localization accuracy. The model
was also robust on underrepresented and difficult classes, with
a 15.0% improvement for truck detection and a 7.6% gain in
bus detection performance. These results confirmed that
targeted architectural changes in the areas of local contrast and
scale-sensitive regression can bring clear benefits beyond
general-purpose YOLO architectures for aerial surveillance.

Despite the fact that LCEA-YOLO can achieve a
competitive performance for the detection of objects in aerial
imagery, there are still challenges, such as severe weather and
heavily occluded cases. Future work will entail the deployment
of LCEA-YOLO on lightweight embedded edge devices, such
as NVIDIA Jetson Nano and Jetson Orin, to measure actual
inference latency, throughput, and energy consumption under
real-world UAV operating conditions. In addition, this line of
research will be extended on other large-scale aerial datasets in
order to obtain more evidence that the model performs well
across various environmental domains.
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