
ICCK Transactions on Sensing, Communication, and Control
http://dx.doi.org/10.62762/TSCC.2026.214827

RESEARCH ARTICLE

MS-CADNet: A Multi-Scale Context Attention Network
for Efficient Object Detection in UAV Imagery

Abdul Bari1, Fatima Memon1, Hafsa Waheed2 and Ghulam E Mustafa Abro 3,*

1 School of Technology, Cardiff Metropolitan University, Cardiff CF5 2YB, United Kingdom
2Department of IT and Computer Science, Pak-Austria Fachhochschule: Institute of Applied Sciences and Technology,
Haripur 22620, Pakistan

3Research Unit for Robophilosophy and Integrative Social Robotics (RISR), Aarhus University, Aarhus 8000, Denmark

Abstract
With the rapid advancement of unmanned aerial
vehicle (UAV) technology, there is a need for
lightweight and accurate object detection on
resource-constrained platforms. This paper
proposes MS-CADNet, an anchor-free network
for small object detection in aerial imagery. It uses
a MobileNetV3-Small backbone and a two-branch
gated Context AttentionModule (CAM) to enhance
feature quality. On the VisDrone-DET benchmark,
it achieves 31.2% mAP, surpassing YOLOv8-Small
and CEASC. The model attains 19.2% AP for small
objects with only 3.1M parameters and 5.4 GFLOPs,
making it suitable for real-time UAV deployment.
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1 Introduction
Unmanned aerial vehicles (UAVs) have recently
become widely used in several fields such as
monitoring traffic, search and rescue, overseeing
agriculture, and surveying the environment, as well as
military systems [1]. Object detection inUAV-captured
imagery has attracted significant research attention,
as evidenced by large-scale benchmarks such as
VisDrone-DET [2]. The emergence of UAVs has
highlighted both the capabilities and limitations of
this technology, especially when it comes to situations
that demand real-time action and autonomous
control. While manually operated drones perform
well in controlled environments, human operational
constraints limit their utility in dynamic or large-scale
scenarios. Vision-based perception remains the
primary sensing modality for unmanned aerial vehicle
systems. This technology enables drones to identify,
track, and locate objects in real time [1, 3]. Anchor-free
detection frameworks have demonstrated particular
promise in this context by eliminating predefined
anchor configurations and enabling more flexible
object localization [4].

Nevertheless, UAV-acquired images contain small
objects, high densities, and complicated backgrounds,
and thus are unsuitable for general-purpose object
detectors with aerial image data [3]. Real-world
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UAV deployments further confirm these limitations,
as demonstrated in autonomous drone-based
surveillance applications where detection accuracy
under altitude variation and occlusion remains a
critical constraint [1]. Unmanned aerial vehicles
usually carry low-power edge computing hardware.
This physical limitation prevents the installation of
complex deep learning models that require significant
processing resources.

Deep learning methods of target detection may be
broadly divided into two categories. Faster R-CNN [5]
is a two-stage detector that creates region proposals
with the help of a Region Proposal Network (RPN),
and then further refines object classification and
bounding boxes. In spite of their high accuracy,
these methods have high computational complexity,
which restricts their use in real-time applications.
One-stage detectors like YOLO [6] simultaneously
predict classifications and bounding boxes of objects,
and this is calculated in one pass, but at the cost
of some accuracy. More recent iterations, including
YOLOv8, have substantially narrowed this accuracy
gap while retaining inference efficiency [7]. Since
UAV systems require efficiency, one-stage detectors are
usually preferred in aerial object detection research.

Many papers have suggested solutions to the
challenges in UAV imagery in terms of improving
one-stage detectors. The CBAM attention module
boosts feature representation with the application
of channel and spatial attention [8]. Multi-scale
feature fusion methods, such as FPN [9] and BiFPN
[10], enable the fine detail to be retained in the
process of detecting small objects. There are also
lightweight backbone networks, such as MobileNetV3
[11] and GhostNet [12], which are more cost-effective
to compute and provide higher accuracy. Recent
UAV-specific YOLO variants such as TPH-YOLOv5
[13], MFP-YOLO [14], and AAPW-YOLO [15], change
certain architectural elements such as attention with
an aim of enhancing the performance in small objects
in aerial environment.

Although these innovations have been achieved,
currently available lightweight methods tend to
suffer from numerical instability when detecting
densely packed small objects and have not fully
exploited contextual information to enhance boundary
localisation. This inspires our proposed solution,
MS-CADNet, a lightweight, anchor-free detection
framework designed for UAV imagery, featuring a
novel Context Attention Module (CAM) and robust

training enhancements to achieve high accuracy,
stability, and efficiency.

The paper continues with a review of existing
work regarding object detection through UAVs and
lightweight deep learning models in Section 2. This
section specifically addresses the difficulties associated
with identifying small objects in aerial imagery.
Section 3 describes the MS-CADNet architecture,
which incorporates the MobileNetV3-Small backbone
alongside the Context Attention Module and the
Global Batch-Level Loss Normalization strategy.
Section 4 presents quantitative and qualitative
experimental results, including ablation studies and
Grad-CAM visualizations on the VisDrone-DET
benchmark, followed by a discussion of findings
examining the balance between computational
efficiency and detection accuracy. Section 5
outlines directions for future research, and Section 6
summarises the main conclusions.

2 Related Work
UAV-based object detection has attracted sustained
research attention owing to its inherent challenges,
such as the small size of objects, dense scenes, and
scarce computational means. The available methods
can be further divided into one-stage detection-based
improvements, attention-based feature-enhancing
methods, and lightweight network architectures.

2.1 One-Stage Detection Improvements
YOLO and its variations are the most popular
one-stage detectors for UAV imagery. Some studies
are aimed at increasing the detection sensitivity
of the network to small objects and improving
the quality of localization. Other methods have
proposed the Generalized Intersection over Union
(GIoU) measure to enhance bounding box regression,
which is particularly beneficial for detecting small
objects in dense environments [16]. Other works
have developed lightweight YOLO variants designed
for UAV imagery that achieve high accuracy at low
computational cost [17]. Other techniques exploit
dynamic feature aggregation networks to extract
fine-grained multi-scale representations in remote
sensing imagery [18]. Feature-fused single-stage
detectors have also demonstrated faster inference
with improved small object recall through multi-scale
feature concatenation [19]. Particular architectures
are tailored to improve small object detection through
enhanced multi-scale feature aggregation [20], and
dynamic sample assignment schemes have been
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demonstrated to further improve localization accuracy
for densely populated aerial scenes [21]. Additional
methods exploit dynamic feature aggregation and
lightweight design to improve small object detection
performance [22, 23]. Multi-scale detection modules
and attention-based mechanisms have been proposed
to ensure high detection accuracy across diverse object
sizes [24, 25]. Specialized architectures targeting
clustered object distributions in aerial imagery have
further advanced small object recall in dense UAV
scenes [26].

2.2 Attention-Based Feature Enhancement
Attention mechanisms have evolved into a common
method of refining UAV object detection, by focussing
network attention on informationally rich areas.
CBAM [8] demonstrated that applying channel
and spatial attention sequentially to feature maps
enhances discrimination between foreground objects
and background clutter in dense scenes. This was later
improved by Coordinate Attention (CoordAtt) [27]
which adds directional positional information to
channel attention and is particularly useful with small
objects when operated at different UAV altitudes. Yuan
et al. [28] introduced an intra-groupmulti-scale fusion
attention module which fuses features across adjacent
scales, and provides quantifiable improvements
on VisDrone APS metrics. Qian and Ding [25]
incorporated attention on a global scale as well as
fusion of multi-scale features within a lightweight
detection head, demonstrating how long-range context
enhances recall of distant small objects. A recent
survey [29] confirms that context-aware attention has
now become the most commonly used enhancement
strategy for UAV detectors, but current modules
operate at a single feature scale and do not model dual
spatial-channel interactions simultaneously, which is
precisely the gap addressed by the proposed CAM.

2.3 Lightweight Network Architectures
As UAV platforms operate under constrained
computational budgets, lightweight backbone
design and model compression are key issues in the
field of aerial detection. Hardware-aware neural
architecture search was proposed inMobileNetV3 [11]
to strike a balance between precision and latency,
which has found extensive use in edge deployment.
GhostNet [12] minimized unnecessary feature
computation using inexpensive linear operations, at
high levels of competitive accuracy with much less
GFLOPs. Large-scale UAV benchmarks encompassing
diverse flight altitudes, object densities, and occlusion

conditions have provided the foundation for
evaluating lightweight detection architectures in
realistic aerial scenarios [30]. TPH-YOLOv5 [13]
showed that multi-scale context modeling of scenes
captured by drones is enhanced by adding transformer
prediction heads to a lightweight YOLO backbone.
Recently, TOE-YOLO [17] and LRDS-YOLO [20] have
proposed efficient multi-scale feature aggregation
strategies and lightweight architectural designs
specific to UAV imagery, with high accuracy-efficiency
trade-offs on VisDrone-DET. Although these
developments have been made, the majority of
lightweight models continue to operate entirely on
local convolutions and do not incorporate any form
of mechanism to capture the context of the objects
around them, thus restricting the level of accuracy of
boundary localization to objects smaller than 32× 32
pixels.

2.4 Research Gaps
Three persistent limitations remain within the current
literature despite recent progress. Lightweight
detection models frequently depend upon local
convolutional features while ignoring surrounding
context, which results in inaccurate boundary
localization for small objects [25, 28]. Furthermore,
per-image loss normalization often triggers gradient
instability during the training phase when datasets
contain highly variable object densities, a challenge
inherent to UAV benchmarks where object counts
per image vary drastically. Existing methods also
force a choice between high accuracy with heavy
computational requirements or low detection quality
for the sake of speed, leaving a vacancy for solutions
suitable for real-time edge deployment [17, 24].

Potential strategies for improvement include
implementing multi-scale feature fusion
combined with dynamic weighting [18], utilizing
transformer-based models for long-range context
[13], and applying batch-level loss normalization
to ensure training stability across heterogeneous
object-density batches, a principle informed by
point-based anchor-free detection training [31].
The three key contributions of MS-CADNet, which
are directly driven by these identified gaps, are
(1) a dual-branch gated Context Attention Module
(CAM) that jointly learns spatial saliency and
channel-wise recalibration to reconstruct weak
small-object responses; (2) Global Batch-Level Loss
Normalization that stabilizes gradient flow between
heterogeneous object-density batches; and (3) an
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Figure 1. MS-CADNet architecture. MobileNetV3-Small extracts multi-scale features, enhanced by CAM within FPN. The
anchor-free head predicts classes, box offsets, and centerness at each location.

anchor-free MobileNetV3-Small backbone, which
satisfies the computational limitations of UAV edges
deployment, and fine-grained spatial detail at low
feature strides.

3 Methodology
This section presents the proposed UAV object
detection network, termed MS-CADNet (Multi-Scale
Context Attention Detection Network). MS-CADNet
offers an efficient architecture for small object detection
tasks. The model maintains numerical stability
throughout the training process while remaining
lightweight enough to function onUAV edge hardware.
These properties allow the system to operate within
the limited computational constraints typical of remote
sensing platforms.

3.1 Network Architecture
As shown in Figure 1, MS-CADNet utilizes a
lightweight design intended for detecting small objects
from UAVs. The network uses a MobileNetV3-Small
backbone to extract multi-scale features from layers
C3, C4, and C5. These features undergo refinement
through a Feature Pyramid Network that includes the
Context Attention Module. This module improves
spatial and channel-wise responses to help the model

interpret small, crowded objects.

The system sends the resulting P3, P4, and P5 feature
maps to an anchor-free detection head. This head
manages classification, bounding box regression, and
centerness estimation simultaneously. Confidence
filtering and non-maximum suppression then generate
the final output. The architecture maintains a balance
between accuracy and computational speed. Such a
design appears well-suited for real-time operation on
UAV platforms with limited hardware resources.

3.2 Context Attention Module (CAM)
The Context Attention Module (CAM) improves
detection of small objects by integrating surrounding
spatial and channel data into local feature maps.
This design draws from the lightweight attention
mechanisms found in GhostConv and CoordAtt
[27]. CAM uses a dual-branch gated architecture to
model spatial saliency alongside channel-wise feature
recalibration. This approach achieves these objectives
with very low computational overhead. Figure 2
displays the internal configuration of the module.

Consider an input feature map F ∈ RH×W×C ,
defined by its spatial height H , width W , and
channel count C. Two parallel branches generate a
combined context feature map Fctx through specific
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Figure 2. Proposed Context Attention Module (CAM).
Input feature map F is processed by spatial and channel
5× 5 depth-wise convolution branches with sigmoid

gating. Their outputs are summed and added to F via a
residual connection to produce FCAM.

operations. A depth-wise convolutional kernelWs ∈
R5×5 acts independently on each channel to capture
spatial context, such as the structural layout of
nearby objects. Simultaneously, a depth-wise kernel
Wc ∈ R5×5 models channel-wise interdependencies,
including co-activation patterns across different
semantic channels.

Fctx = σ(Ws ∗ F )� F + σ(Wc ∗ F )� F, (1)

The sigmoid map, denoted as σ(·), produces soft
attention gates between 0 and 1, and is followed by
the operation of element-wise (Hadamard) product.
The sum of these gated outputs is used to generate
Fctx.

FCAM = F + Fctx. (2)

This architecture maintains the integrity of
original features while enabling the module to
selectively amplify contextual cues for small object
localization. For example, the system might infer the
existence of a pedestrian by analyzing nearby road
markings or identify a distant vehicle by examining
the surrounding lane geometry. This selective
reinforcement contributes to higher performance on
the small-object detection metric APS .

3.3 Loss Functions and Numerical Stability
To overcome the instability of the lightweight
anchor-free detectors, the MS-CADNet uses a
combination of classification, regression, and
centerness losses [31]:

L = λclsLFocal + λregLGIoU + λcentLCent, (3)

where LFocal is the focal loss [32] of class imbalance,
the generalized IoU loss of bounding box regression
[16] is denoted by LGIoU , and the smooth centerness
loss is denoted by LCent. The research team employs
specific training stabilization techniques to preserve
numerical precision. These methods include global
loss normalization alongside gradient clipping to
constrain weight updates. The model also integrates
numerically stable centerness operations. These
interventions effectively prevent the emergence ofNaN
values or overflow errors throughout the training cycle.

In order to avoid NaN problems in the process of
training, the following strategies are used:

1. Global Loss Normalisation: Losses are
normalised over the total number of positive
samples in a batch rather than per image,
preventing sparse-image gradient bias.

2. GIoU Float32 Casting: All GIoU computations
are explicitly cast to 32-bit floating point to
prevent numerical underflow or overflow during
bounding box regression.

3. Shielded Centerness Decoder: The centerness
prediction is clamped to a valid range before the
square root operation, preventing NaN values
when centerness targets approach zero.

These techniques provide stable convergence evenwith
dense small-object images such as VisDrone. The
complete training procedure, including global loss
normalization and gradient clipping, is summarized
in Algorithm 1.

68



ICCK Transactions on Sensing, Communication, and Control

3.4 Inference
During inference, the predicted bounding boxes are
filtered using the centerness score and a confidence
threshold. Non-Maximum Suppression (NMS) is
applied to eliminate redundant overlapping boxes:

B̂ = NMS
(
{B̂i,j |ci,j > τ}

)
, (4)

where τ is a confidence threshold and B̂ denotes the
final set of detected objects in the UAV image.

Algorithm 1: MS-CADNet Training with Global
Normalization
Data: VisDrone images I , GT Boxes B, Strides

S = [4, 8, 16]
Result: Trained model weights θ with Global

Normalization
Initialize model weights θ and AdamW optimiser.;
while epoch ≤ 50 do

read current mini-batch (Ib, Bb);
if loss is not NaN then

Calculate forward pass:
B̂ = MS-CADNet(Ib);
Calculate Global Loss:
Ltotal =

1
Npos

∑
(Lcls + Lreg + Lcen);

Perform Backpropagation and Gradient
Clipping (1.0);
Update optimizer and CosineAnnealingLR
step;

else
skip current batch to maintain stability;

end
if epoch % 5 == 0 then

Save checkpoint model_epoch_X.pth;
end

end

4 Experiments and Results
To evaluate the effectiveness of the proposed
MS-CADNet, we conduct detailed experiments on
UAV object detection benchmarks. The aim of these
experiments is to determine the reliability of themodel
in these difficult conditions in addition to its detection
accuracy, computational efficiency, and robustness,
including dense small-object scenes, varying UAV
heights, and occlusions.

Our dataset captures a collection of authentic drone
flight conditions. It allows for a direct performance
comparison between our approach and existing

state-of-the-art methods. We evaluate the model
using quantitative metrics such as mean Average
Precision alongside qualitative visual examples. These
results demonstrate the effectiveness of MS-CADNet
in detecting small objects from aerial viewpoints.

4.1 Dataset: VisDrone-DET
We evaluate MS-CADNet on the VisDrone-DET
benchmark [2] that consists of 6,471 training images
and 548 validation images with 10 categories, i.e.,
pedestrian, people, bicycle, car, van, truck, tricycle,
awning-tricycle, bus, and motor. The data is difficult
because of a strong concentration of small objects, the
different altitudes of the UAVs, and a high occurrence
of occlusions.

4.2 Implementation Details
This network was implemented to the PyTorch
platform and trained on a single NVIDIA Tesla P100
device using the Kaggle platform. The training
was carried out with a batch size of 32 and 50
epochs. Optimisation was performed with AdamW
optimizer in base learning rate of 1 × 10−3 and
CosineAnnealingLR ηmin = 1×10−6 to achieve smooth
convergence.

To balance fine-grained feature extraction and
computational efficiency, input images are
resized to 416 × 416. The data augmentation to
improve the generalisation was achieved using the
Albumentations library, including the following
transforms: RandomResizedCrop, HorizontalFlip, and
Normalization.

4.3 Quantitative Results
A summary of the findings can be found in Table 1,
indicating the performance in detection and the
computational efficiency.

MS-CADNet attains a peakmAP of 31.2% alongside an
APS of 19.2%. These results indicate a 7.2 percentage
point improvement in small-object detection APS

when compared to CEASC (19.2% vs. 12.0%).
Furthermore, the model surpasses YOLOv8-Small by
3.9 percentage points regarding APS metrics.

Beyond accuracy gains, MS-CADNet requires 72.3%
fewer parameters than YOLOv8-Small. It functions
at a computational cost of only 5.4 GFLOPs. These
efficiency gains confirm that the architecture is suitable
for real-time deployment on UAV edge platforms with
limited hardware resources.
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Table 1. Performance comparison on VisDrone-DET. APS denotes Average Precision on objects smaller than 32× 32 pixels.

Model mAP (%) APS (%) Parameters (M) GFLOPs
Faster R-CNN 26.4 10.1 41.2 185.0
YOLOv8-Small 29.8 15.3 11.2 28.5
CEASC (Baseline) 28.1 12.0 7.8 14.2
MS-CADNet (Ours) 31.2 19.2 3.1 5.4

Figure 3. Precision-Recall (PR) curves of MS-CADNet on
VisDrone-DET.

4.4 Precision-Recall Analysis
The Precision-Recall (PR) curves of MS-CADNet
are plotted in Figure 3. The model maintains high
precision at recall values above 0.7, which is critical in
UAV applications where missed detections can cause
operational failures.

The curve for the pedestrian and cyclist categories
maintains precision above 0.70 at recall values up to
0.75, which demonstrates that the CAM successfully
suppresses background clutter in densely populated
scenes. The area under the PR curve for small
objects (APS) reaches 19.2%, representing a consistent
improvement over all baseline models in Table 1. The
relatively steeper precision drop observed beyond
recall 0.85 is consistent with the known challenge
of extreme occlusion in VisDrone-DET, where object
boundaries overlap significantly at high UAV altitudes.

Figure 4 shows the convergence curve of mAP
of MS-CADNet after 50 training steps on the

Figure 4. Validation mAP of MS-CADNet over 50 epochs on
VisDrone-DET. The shaded region shows 95% confidence

interval across three runs.

VisDrone-DET validation set. The model exhibits
rapid initial learning, achieving approximately 30 %
mAP within the first 20 epochs. Performance then
stabilizes, and the narrow confidence interval observed
across three separate runs suggests consistent and
repeatable optimization under the proposed Global
Batch-Level Loss Normalisation scheme. We observed
no indication of overfitting or performance deviation
throughout the entire training period.

4.5 Ablation Study
In order to measure the contributions of each of the
proposed components separately and in combination
in MS-CADNet, we perform controlled ablation
experiments on the VisDrone-DET validation set. We
begin with an anchor-free baseline (FCOS [4] using
MobileNetV3-Small [11]) and add each improvement
one after another, and show the mean Average
Precision (mAP) on all settings. Experiments
are relatively compared by keeping all training
hyperparameters constant. The baseline of anchor-free
gives a mAP of 26.1% on the VisDrone-DET validation
set, which indicates the fact that the benchmark
presents a significant level of challenge due to extreme
variations in scale, a high density of objects, and
severe levels of occlusion. This steady increase in
both mAPall and mAPsmall by the gradual addition
of each component is also observed in Figure 5 of
the appendix to support the hypothesis that the
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gains are not restricted to well-represented scales
of objects but rather specific to the small object
regime that is the predominant object regime in the
VisDrone benchmark. A significant improvement
of +4.4% mAP is observed when the proposed
Context Attention Module (CAM) is integrated to
bring the performance up to 30.5%. The CAM
uses a two-branched gated attention system, which
jointly models spatial saliency and feature-channel
recalibration, which allows the network to inhibit
dominant background clutter and selectively enhance
weak feature responses about extremely small objects,
including distant pedestrians and cyclists. APS

metric improves from 12.0% to 18.4% when CAM is
integrated, which proves that the attention system
is disproportionately advantageous for small object
recall, the most practically important failure mode
in UAV-based aerial monitoring applications. The
magnitude of such an improvement points to the
inefficiency of traditional convolutional feature maps
for large-scale, low-object detection of aerial images.
The typical per-image loss normalisation causes
gradient instability at VisDrone-DET owing to the
enormous disparity in the count of objects per image,
with some images having hundreds of tightly packed
instances and others having none. In this case,
per-image normalisation will increase the bias in the
contribution of loss due to a sparse image, which is
numerically unstable to train. Replacing per-image
normalisation with the proposed Global Batch-Level
Loss Normalisation results in an additional gain of 0.7
percent mAP compared to CAM alone. This approach
also produces a 5.1 percent improvement over the
anchor-free baseline. Following these adjustments,
the APS metric increases to 19.2 percent, which
shows the fact that the more consistent the gradient
flow, the more advantageous it is for small objects
localization. The method of normalisation allows
more consistent learning with heterogeneous training
samples to enhance the generalisation to dense and
sparse scenes at the same time. Table 2 summarizes
the overall impact of the structure. Despite the fact
that ResNet-50 has a deeper representational capacity,
MobileNetV3-Small has a better accuracy-to-latency
trade-off than larger backbones on the APS metric of
small object detection. This is due to its depthwise
separable convolutions, which maintain fine-grained
spatial detail at lower feature strides, which is
especially useful in obtaining objects smaller than
32× 32 pixels. Since UAV-based surveillance demands
real-time inference, MobileNetV3-Small is adopted as
the default backbone of MS-CADNet. The synergistic

interaction of all three components confirms that
each module addresses a unique and complementary
limitation of the baseline, and that their combination
is necessary to achieve the full performance of the
proposed framework.

Figure 5. Ablation study of MS-CADNet showing mAPall
(red) and mAPsmall (blue) on VisDrone-DET.

4.6 Qualitative Results
The qualitative output of MS-CADNet on the
VisDrone-DET validation set is shown in Figure 6. The
model successfully localizes small-sized pedestrians
and distant objects under a variety of adverse factors
such as partial obscuration, large density of objects,
and change of illumination. By using spatial context
around a local feature, the Context Attention Module
(CAM) has been shown to enhance the localization of
boundaries by reducing false negativity in cluttered
areas where local features appear alone and cannot be
relied upon to discriminate the object.

In order to further understand the internal behavior
of the model, Figure 7 shows gradient-weighted
class activation maps (Grad-CAM) produced by
MS-CADNet on a typical validation sample. The
attention map shows that the network concentrates
strong activation (warm colors) on semantically
significant foreground regions, such as cars at
intersections, bikes in crosswalks, and pedestrian
groups along roadsides. Background regions such as
tree canopies and building facades consistently exhibit
low activation values (cool tones), confirming that the
CAMmechanism effectively suppresses scene clutter
during feature extraction. These spatial selectivity
results lend qualitative credibility to the quantitative
gains in mAPsmall reported in Table 2, confirming that
the improvements stem from genuine increases in
discriminative attention rather than statistical artifacts.
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Table 2. Ablation study on VisDrone-DET validation set.

Idx Base CAM GN mAP mAPS

1 X – – 26.1 12.0
2 X X – 30.5 18.4
3 X X X 31.2 19.2

Figure 6. Qualitative detection results of MS-CADNet on VisDrone-DET. Green boxes indicate correct detections of small
pedestrians, cyclists, and vehicles.

4.7 Discussion
The overall experimental results demonstrate
the effectiveness of the proposed MS-CADNet
framework for detecting small objects in UAV aerial
imagery. Various insights can be made through the
quantitative and qualitative assessment. First, the
Context Attention Module yields the most significant
individual performance improvement across all
ablation configurations (+4.4%mAP), which confirms
that the contextual reasoning is the main constraint
in default anchor-free detectors that work with
high-density aerial scenes. To address this limitation,
the dual-branch gated attention scheme jointly models
spatial saliency and channel-wise recalibration,
enabling the network to resolve ambiguous detections
in cluttered backgrounds where purely local feature
matching fails.

Second, Global Batch-Level Loss Normalization yields
a stable and complementary increase in mAP (+0.7%)
by stabilizing gradient flow between training batches

at largely varying object densities. This contribution is
especially noteworthy for the VisDrone benchmark,
where object counts per image range from zero to
several hundred, rendering per-image normalization
insufficient for effective optimization.

Third, the use of MobileNetV3-Small as the backbone
creates a desirable accuracy-latency trade-off that
remains unattainable even with larger architectures
such as ResNet-50. The depthwise separable
convolutions of MobileNetV3-Small preserve
fine-grained spatial detail at lower feature strides,
which is critical to detecting objects smaller than
32× 32 pixels in size.

Lastly, the Grad-CAM visualisations further support
the quantitative results and prove that the gains
in attention can be converted into understandable
and spatially continuous feature attention and not
invisible statistical benefits. This combination of
findings makes MS-CADNet a viable and practical
approach to small objects detection in real time and in
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Figure 7. Grad-CAM visualisation of MS-CADNet on VisDrone-DET. Warm regions indicate close attention to foreground
objects; cool regions show background suppression.

resource-constrained UAVs.

5 Future Recommendations and Directions
Although MS-CADNet attains strong
accuracy-efficiency trade-offs on the VisDrone-DET
benchmark, several promising directions remain
for future investigation. To start with, the existing
dual-branch convolutional CAM may be further
developed by incorporating lightweight self-attention
blocks to capture long-range contextual dependencies
that cannot be modeled by local depth-wise
convolutional blocks, which would be especially
useful in highly congested and densely populated
scenes. Second, additional aerial validation on
established benchmarks such as UAVDT and DOTA
would determine whether the improvements of
CAM and Global Batch-Level Loss Normalisation
would be generalised to different object distributions,
resolutions, and flight altitudes. Third, the framework
could be extended to support video-based inference
by incorporating inter-frame temporal information,
which would further reduce false positives and
enhance trajectory-level consistency during real-time
UAV surveillance.

6 Conclusion
In this work, we propose MS-CADNet, a lightweight
and efficient anchor-free object detection network
specifically designed forUAV imagery, which leverages
a novel Context Attention Module (CAM) to enhance

the detection of small and densely distributed
objects, as demonstrated on the VisDrone-DET
benchmark. Extensive experiments demonstrate that
MS-CADNet surpasses state-of-the-art baselines in
detection accuracy while requiring significantly fewer
parameters and lower computational cost, making
it a viable solution for real-time deployment on
edge-based UAV systems. The importance of the CAM
in enhancing the performance of small-object detectors
has been supported by the ablation studies.
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