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Abstract

Object detection in Unmanned Aerial Vehicle (UAV) images poses significant
challenges due to complex scale variations and class imbalance among objects.
Existing methods often address these challenges separately, overlooking the intri-
cate nature of UAV images and the potential synergy between them. In response,
this paper proposes AD-Det, a novel framework employing a coherent coarse-to-
fine strategy that seamlessly integrates two pivotal components: Adaptive Small
Object Enhancement (ASOE) and Dynamic Class-balanced Copy-paste (DCC).
ASOE utilizes a high-resolution feature map to identify and cluster regions con-
taining small objects. These regions are subsequently enlarged and processed by
a fine-grained detector. On the other hand, DCC conducts object-level resam-
pling by dynamically pasting tail classes around the cluster centers obtained by
ASOE, maintaining a dynamic memory bank for each tail class. This approach
enables AD-Det to not only extract regions with small objects for precise detec-
tion but also dynamically perform reasonable resampling for tail-class objects.
Consequently, AD-Det enhances the overall detection performance by address-
ing the challenges of scale variations and class imbalance in UAV images through
a synergistic and adaptive framework. We extensively evaluate our approach on
two public datasets, i.e., VisDrone and UAVDT, and demonstrate that AD-Det
significantly outperforms existing competitive alternatives. Notably, AD-Det
achieves a 37.5% Average Precision (AP) on the VisDrone dataset, surpassing
its counterparts by at least 3.1%.
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Abstract: Object detection in Unmanned Aerial Vehicle (UAV) images poses
significant challenges due to complex scale variations and class imbalance among
objects. Existing methods often address these challenges separately, overlooking
the intricate nature of UAV images and the potential synergy between them. In
response, this paper proposes AD-Det, a novel framework employing a coherent
coarse-to-fine strategy that seamlessly integrates two pivotal components: Adap-
tive Small Object Enhancement (ASOE) and Dynamic Class-balanced Copy-
paste (DCC). ASOE utilizes a high-resolution feature map to identify and clus-
ter regions containing small objects. These regions are subsequently enlarged
and processed by a fine-grained detector. On the other hand, DCC conducts
object-level resampling by dynamically pasting tail classes around the cluster
centers obtained by ASOE, maintaining a dynamic memory bank for each tail
class. This approach enables AD-Det to not only extract regions with small ob-
jects for precise detection but also dynamically perform reasonable resampling
for tail-class objects. Consequently, AD-Det enhances the overall detection per-
formance by addressing the challenges of scale variations and class imbalance
in UAV images through a synergistic and adaptive framework. We extensively
evaluate our approach on two public datasets, i.e., VisDrone and UAVDT, and
demonstrate that AD-Det significantly outperforms existing competitive alter-
natives. Notably, AD-Det achieves a 37.5% Average Precision (AP) on the
VisDrone dataset, surpassing its counterparts by at least 3.1%. Code will be
available at https://github.com/gentlezachary /AD-Det.

Keywords: object detection; UAV images; scale variations; class imbalance

1. Introduction

Unmanned Aerial Vehicles (UAVs) have experienced widespread adoption in re-
cent years, driven by their cost-effectiveness and adaptability. Outfitted with
cameras and various sensors, UAVs find application in diverse scenarios such
as surveillance, rescue operations, agriculture, express delivery, and more. The
effectiveness of these applications relies heavily on the seamless and robust recog-
nition of objects within the UAV’s field of view, as noted in recent comprehensive
reviews [?, 7, 7).

Solutions including R-CNN series [?, ?], YOLO series [?, ?] and most recent
Query-based series [?, ?, ?] have shown leading performance on public datasets
such as MS COCO [?]. Despite these accomplishments, when applied to UAV
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images, particularly datasets like VisDrone [?], generic detectors’ performance
falls short of satisfaction in terms of accuracy and efficiency. Challenges arise
due to hardware limitations, complexities in the imaging environment, and flight
trajectory intricacies, leading to the following issues:

Scale variations: Owing to variations in flight altitudes and complex object
distribution in UAV images, object sizes differ by distance from camera exposure,
exhibiting a broad range of scales, with a predominance of small-scale objects.
As illustrated in Figure 1 Figure 1: see original paper, within the VisDrone
dataset, the proportion of small objects (object size < 322 pixels) reaches 60.5%,
which is 19.1% higher than that in the COCO dataset. On the other hand, the
percentage of large objects (object size > 962 pixels) accounts for only 5.5%. The
limited feature representation of small objects poses a considerable challenge,
which leads to decreased accuracy and reliability in detecting smaller objects,
thus significantly affecting the overall detection performance.

Class imbalance: UAV images collected in urban environments exhibit a long-
tailed class imbalance characteristic: a small subset of head classes (e.g., car
and people) dominates the dataset, collectively representing over 70% of object
instances, while numerous tail classes (e.g., bicycle and van) are severely under-
represented, constituting only 1% to 7% of instances (Figure 1(b)). This skewed
distribution creates a model bias towards head classes during training—detec-
tors prioritize optimizing features for high-frequency categories at the expense
of tail classes. Consequently, tail classes suffer from poor localization accuracy
and high false-negative rates due to insufficient discriminative feature learning.

To address these challenges, researchers have made many attempts. For scale
variations, [?, ?] focus on multi-scale feature fusion, [?, ?] emphasize hard sam-
ple mining. Nevertheless, due to the input scale limitation, there is still room
for improvement in accuracy. Another direct way is to crop the image into
subregions before applying detection, such as uniform cropping. However, these
cropping strategies cannot adaptively adjust based on the semantic information
in UAV images, potentially including extensive background areas. Li et al. [?]
utilize the density map to guide the cropping of images, enhancing the semantics
of the resulting subregions. However, this approach contains a density map gen-
eration network, which increases model complexity and requires ground truth
density map generation. Compared to the scale variations, the challenge of class
imbalance is often neglected in UAV images. In recent years, research in the
field of long-tailed detection has primarily been categorized into three types:
(1) resampling and data augmentation techniques [?]; (2) loss function reweight-
ing methods [?, ?]; and (3) decoupled optimization strategies [?]. However,
existing approaches still face challenges in dynamically adapting to changes in
the distribution of tail classes. Zhang et al. [?] employ a Multi-Model Fusion
(MMF) strategy to tackle the head and tail classes distinctly, effectively enhanc-
ing the detection performance of tail classes. However, this approach results in
the discarding of a substantial amount of valuable data during the training of
each model, which could potentially compromise the model’ s representational
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capacity.

In this paper, for object detection in UAV images, we propose a novel frame-
work called AD-Det, which adopts a coarse-to-fine strategy and mainly consists
of two key components: Adaptive Small Object Enhancement (ASOE) and Dy-
namic Class-balanced Copy-paste (DCC). Specifically, ASOE employs a high-
resolution feature map from the classification head to pinpoint small objects. As
shown in Figure 1(c), most small objects in the image show significant activation
in the high-resolution feature map. These positions of interest are clustered into
N subregions, which are then enlarged and processed by a fine-grained detector,
thereby enhancing the detection performance of small objects.

DCC, on the other hand, performs object-level resampling through a dynamic
copy-and-paste strategy specifically tailored for tail-class objects. It leverages
the clustering cues from ASOE to dynamically search for suitable pasting posi-
tions around the cluster center, and maintain a dynamic memory bank for each
tail class. Additionally, data augmentation is conducted to avoid overfitting. In
this way, the proposed AD-Det can extract regions with small objects for fine-
grained detection and dynamically perform reasonable resampling for tail-class
objects, thereby improving overall detection performance.

Compared to existing coarse-to-fine solutions, our approach is a plug-and-play,
unsupervised scheme. The advantages lie in leveraging the inherent properties
of the detector to focus on small object regions that truly contribute to accuracy
gains, thereby enhancing the precision of small object detection without extra
learnable parameters. Additionally, we propose a training-only image augmen-
tation technique for tail classes, which helps alleviate class imbalance issues.

We summarize four main contributions of this work as follows:

e We propose AD-Det, a novel object detection framework that addresses
two key challenges in UAV image object detection: complex scale vari-
ations and class imbalance, ultimately enhancing the detection perfor-
mance.

¢ To enhance small object detection, we propose ASOE, which uses a high-
resolution feature map to cluster regions containing small objects, followed
by processing them for fine-grained detection.

e To enhance tail-class object detection, we propose DCC, which performs
reasonable object-level resampling by dynamically pasting tail classes
around clustering centers obtained by ASOE.

e We conduct extensive experiments on VisDrone and UAVDT, which
demonstrate that our approach significantly outperforms existing
competitive alternatives.

2. Related Works

In object detection tasks, unlike traditional solutions that rely on handcrafted
features and classifiers, DL-based solutions can automatically learn discrimi-
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native features and achieve promising results. Here, we briefly review object
detection solutions in the deep learning era, including (1) Generic object detec-
tion (in Section 2.1) that focus on natural images such as MS COCO [?], (2)
Object detection in aerial images (in Section 2.2) that focus on aerial images
such as VisDrone [?], DOTA [?] and (3) Long-tail object detection (in Section
2.3) that focus on long-tail scenarios such as LVIS [?].

2.1. Generic object detection

Sparked by the impressive success in image classification tasks [?], DL-based
methods have dominated in generic object detection. The existing DL-based
detection solutions, when analyzed according to their pipeline, can be roughly
grouped into two-stage and one-stage methods. The two-stage detectors are rep-
resented by R-CNN [?], Fast R-CNN [?], Faster R-CNN [?] and Mask R-CNN
[?]. These detectors first reduce the search space significantly by extracting
candidate region proposals. The extracted proposals are then classified into
specific categories and refined to proper locations. Such a pipeline leads to rel-
atively higher accuracy but lower efficiency. Different from the above methods,
one-stage methods, on the other hand, directly predict objects’ categories and lo-
cations without region proposals. The representative approaches include YOLO
series [?, 7, 7], SSD [?], and RetinaNet [?]. Such design leads to relatively higher
efficiency at the sacrifice of accuracy. Recently, researches such as CornerNet
[?] and FCOS [?] bypassed the anchor boxes mechanism and corresponding
hyper-parameter setting, and gave promising alternatives for one-stage meth-
ods. DETR [?] pioneered the fully end-to-end object detector that employed
a transformer-based architecture, eliminating the reliance on anchor generation
and non-maximum suppression (NMS).

Although these detectors achieved impressive progress in generic object detec-
tion, the performance in UAV images is far from satisfying due to problems of
scale variations and class imbalance.

2.2. Object detection in aerial images

Compared with generic objects that are mostly captured in ground view, object
detection in UAV images presents heightened challenges due to object scale and
object/category distribution problems.

Many studies focus on multi-scale/tiny-scale object problems in aerial images.
Most of the early research is the migration of classical generic object detection
algorithms. Yang et al. [?] proposed a novel query mechanism, which effectively
and efficiently incorporates an additional high-resolution layer to promote small
object detection. In the realm of knowledge distillation, Zhu et al. [?] costlessly
enhanced the performance of lightweight models by incorporating scale-aware
knowledge from more complex ones. To detect small weak objects in UAV im-
ages, Han et al. [?] presented a context-scale-aware detector, combining the
strengths of context-aware learning and multi-scale feature extraction. Cao
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et al. [?] introduced a self-reconstructed difference map approach to enhance
feature visibility for challenging tiny object detection tasks. DQ-DETR [?]
specialized in tiny object detection by employing dynamic query selection and
counting-guided feature enhancement, boosting detection performance. SDPDet
[?] employed scale-separated dynamic proposals and activation pyramids to en-
hance the efficiency and accuracy of object detection in UAV views. Zhang et
al. [?] enabled detectors to focus on discriminative features while reducing false
positives in cluttered backgrounds. Zhang et al. [?] proposes IMPR-Det, which
can integrally mix multiscale pyramid representations for different components
of an instance.

Besides object scale problems, many studies focus on object/category distri-
bution problems. Inspired by the research of crowd counting, Li et al. [?] in-
jected density maps estimation into the conventional object detection framework,
which was utilized to predict object distribution, reduce the influence of back-
ground, and generate more balanced candidate proposals. Duan et al. [?] further
adopted a coarse-grained density map to identify subregions more accurately.
Similar observations regarding the object distribution issues led [?] to improve
RPN to cluster region proposals. GLSAN [?] utilized a scale-aware algorithm to
fuse global and local detection results. CZDet [?] enhanced cascade detection
by innovatively incorporating high-density subregion labels into the repurposed
detector. YOLC [?] employed a Local Scale Module and deformable convolu-
tions to enhance accuracy in aerial small object detection. Zhang [?] proposed
a structured adversarial self-supervised pretraining to strengthen both clean ac-
curacy and adversarial robustness. On the other hand, Yu et al. [?] investigated
the long-tail category distribution issues, where they designed dedicated sam-
plers and detection heads to address the distinct characteristics of tail and head
classes.

Such excellent works indeed facilitate aerial image object detection. Neverthe-
less, when addressing scale variations and class imbalance challenges, the ma-
jority of preceding studies treat these essential issues rigidly and separately, not
only ignoring the complexity of UAV images but also neglecting their potential

synergy.

2.3. Long-tail object detection

Much like the paradigm of long-tail classification, research in the domain of long-
tail object detection predominantly adheres to two distinctive methodologies:
resampling and reweighting. Commonly employed techniques in resampling in-
volve either oversampling the minority classes or undersampling the majority
classes during the training process, aimed at mitigating the issue of imbalanced
class distribution. Repeat factor sampling (RFS) [?] presented an image-level
sampling approach following the resampling paradigm. SimCal [?] proposed a
bi-level class balanced sampling approach to alleviate classification head bias.
In the context of reweighting, the fundamental concept lies in the assignment of
diverse weights to training samples, with a focus on enhancing the training of
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tail samples. Cui et al. [?] introduced a novel loss function that significantly im-
proves class imbalance handling by dynamically adjusting the weights of training
samples based on their effective numbers.

Besides the aforementioned strategies, many researchers have endeavored to
handle the long-tail problem from other perspectives. Kang et al. [?] advocated a
decoupled training paradigm that disentangles the learning process into distinct
phases: representation learning and classifier training. BAGS [?] grouped classes
based on their instance frequency and subsequently applied softmax loss among
each group. ROG [?] proposed a multi-task learning approach that concurrently
optimizes both object-level classification and global-level score ranking. Hyun
et al. [?] introduced an Effective Class-Margin Loss (ECM) as a novel surrogate
objective to optimize margin-based binary classification error on the imbalanced
training set.

Many earlier coarse-to-fine counterparts pinpoint regions of interest by relying
on extra learnable modules or by post-processing sparse boxes. Our method,
however, differs by incorporating dense indicators from a high-resolution feature
map. This map is adept at preserving extensive information about small objects,
facilitating adaptive region generation. Additionally, we enhance this frame-
work by addressing class imbalance issues through the integration of object-level
copy-paste techniques. This novel combination effectively tackles two distinct
challenges, which are overlooked in existing solutions.

3. Methodology

In this section, we elaborate on the design of AD-Det, including the overall
framework of AD-Det in Section 3.1, the ASOE module in Section 3.2, the
DCC module in Section 3.3, along with the training and inference details of
AD-Det in Section 3.4.

Figure 2 [Figure 2: see original paper]| illustrates the framework overview of the
proposed AD-Det. The network adopts a coarse-to-fine strategy and integrates
two key modules: an Adaptive Small Object Enhancement (ASOE) module
for excavating regions containing small objects and a dynamic Class-balanced
Copy-paste (DCC) module for balancing class distribution. The final results are
obtained by fusing global results and local results using non-maximum suppres-
sion (NMS). The dashed line between ASOE and DCC indicates training-only
operation.

3.1. Framework overview

To tackle the key challenges of object detection in UAV images—scale variations
and class imbalance—we propose a novel approach called AD-Det. Designed in
a coarse-to-fine manner, AD-Det mainly consists of two key components. Adap-
tive Small Object Enhancement (ASOE) utilizes coarse detector cues to roughly
locate small objects and cluster regions of interest for later fine-grained detection.
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Dynamic Class-balanced Copy-paste (DCC) performs reasonable object-level re-
sampling by dynamically pasting tail classes around the cluster centers obtained
by ASOE. The predictions given by the coarse-to-fine strategy are fused through
non-maximum suppression (NMS).

3.2. Adaptive Small Object Enhancement (ASOE)

In UAV images, small objects constitute a large proportion and are sparsely
distributed (Figure 1(a,c)), resulting in unsatisfactory detection performance.
Such small objects are typically detected from high-resolution low-level feature
maps, for example, P3 in FPN [?]. As shown in Figure 3 [Figure 3: see original
paper], the image is passed through the backbone to extract multi-scale features,
which are subsequently fused in the FPN. These fused features are then passed
to the detection head. Due to varying convolutional strides in different layers,
the feature map sizes decrease from P3 to P5. The lower layers, having under-
gone fewer downsampling operations, not only retain more local information but
also have a receptive field better aligned with small objects. As observed from
the heatmap comparison, small objects are primarily detected at the P3 layer.
Specifically, the human visual system excels at object detection by quickly scan-
ning the entire image to acquire information on large objects and gain valuable
clues in challenging areas with small objects.

Inspired by these factors, we propose Adaptive Small Object Enhancement
(ASOE), which utilizes a high-resolution feature map to pinpoint regions with
small, difficult-to-detect objects for fine-grained detection. Unlike [?], which
relies on an additional density network to obtain the position of foreground
objects, the proposed ASOE module employs a hierarchical approach, seam-
lessly integrating coarse-to-fine strategies to overcome the inherent challenges
of identifying small objects in UAV images.

Figure 4 [Figure 4: see original paper] illustrates the process of subregion gen-
eration in ASOE. In the first stage, a detector Coarse( +) captures the global
context and produces preliminary detection results. Meanwhile, the feature
map F, € ROH*W (Figure 2 coarse stage red layer), targeting semantic details
pertinent to small objects, is extracted from the classification head enriched
with high-resolution and low-level features (Figure 3), akin to the methodology
employed by RetinaNet [?]. Here, [ represents the layer index of P;, while C, H,
and W represent the channel count, height, and width of the feature map. As
shown in Figure 4, we compute a position-wise activation map V; € R¥>*H*W hy
applying the Sigmoid function independently to each channel of F}, followed by
averaging across channels: o(F}), where V,(4, j) indicates the probability that the
grid (i,7) contains a small object and o is the Sigmoid function. To suppress
background noise, we retain only positions where Vj(i,j) exceeds a threshold
~ = 0.5, and by multiplying with the downsampling factor 2, these positions
are mapped to the corresponding locations in the original image:
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T ={(ix 2,5 x2") | Vi(i,5) > 7}

These identified positions approximate the small objects’ locations, which are
prone to being overlooked or inaccurately estimated. To address the non-
uniform distribution of small objects in UAV images, the ASOE module uti-
lizes the K-means algorithm to cluster 7; into IV distinct clusters. The K-
means algorithm achieves effective performance gains through K-value opti-
mization, requiring only minimal parameter adaptation for cross-dataset de-
ployment. This balances deterministic region control with adaptability to di-
verse data distributions, avoiding the parameter sensitivity of DBSCAN and
computational overhead of mean-shift for real-time UAV applications. The
cluster process can be represented as {Cj,...,Cy} = K-means(7T;, N), where
C, = {(i,j) € T, | k = argmin,, |z — p,,|?}. By determining the top-left and
bottom-right coordinates of each cluster, we crop N subregions from the original
image, defined as {S,,..., Sy} = CropByTLBR(C). Subsequently, we upscale
the extracted N subregions and input them into a fine-grained detector, thereby
enhancing the detection performance of small objects.

3.3. Dynamic Class-balanced Copy-paste (DCC)

To address the challenge of class imbalance in UAV images, resampling tech-
niques like class-balanced sampling and repeat factor sampling are commonly
employed. However, these image-level resampling solutions elevate training
costs. In contrast, the copy-paste method offers object-level resampling by copy-
ing and pasting objects, which has significantly advanced object detection in or-
dinary images. However, its application to UAV images has been less effective,
attributed to their complexity. Therefore, we propose Dynamic Class-balanced
Copy-paste (DCC), which differs from traditional copy-paste solutions by con-
sidering both the position rationality and diversity of objects.

Firstly, to make the pasting position more reasonable, DCC utilizes a dynamic
search (DS) strategy for suitable positions to paste by combining ASOE cluster-
ing cues. Specifically, in ASOE, besides obtaining subregions for fine-grained
detection, we can also get their clustering centers, which represent the distri-
bution centers of objects in each subregion. DCC starts from the clustering
centers and uses the BFS algorithm [?] to dynamically search for suitable posi-
tions around them. Here, “Suitable” denotes positions that are proximal and
maintain no overlap with adjacent objects. To mitigate overfitting caused by
repetitive resampling of specific instances, we introduce a Diversity Augmenta-
tion (DA) strategy, leveraging dynamic memory banks with data augmentation
techniques to ensure diverse and balanced training batches. Each tail category
is assigned a memory bank with a capacity of 10, dynamically updated using a
first-in-first-out (FIFO) replacement policy during subregion traversal. Before
pasting, we introduce data augmentation techniques such as Shift Scale Rotate
and Random Brightness Contrast.
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Algorithm 1 details the generation of fine-grained subregions. The algorithm
takes as input a normalized high-resolution heatmap V', threshold ~, the number
of subregions N, and the training state. It outputs subregions S by first filtering
positions based on the threshold, then applying K-means clustering, and finally
cropping subregions. During training, the DCC module is applied to augment
tail-class instances.

3.4. Training and inference details

In the training process, AD-Det integrates ASOE and DCC to independently
train the coarse and fine-grained detectors. To achieve coarse detection and
extract the small object feature map, the coarse detector is first trained using
all original images, with its training loss function defined as:

reg

Lcoarse = Lcls(‘rg’ygls) + Lreg(mgﬂ yg )

where L s and L,,, denote classification loss and regression loss, and {z,,y,}

denote the original training set.

Then, we conduct the coarse detector to traverse the original training set. For
each sample, ASOE extracts small object subregions and combines with DCC
to augment tail classes. This process yields the fine-grained training set {xz;,y;},
the detailed algorithm is illustrated in Algorithm 1, and the training loss func-
tion for the fine-grained detector can be represented as:

Lﬁne = Lcls(xlv ylds) + Lreg(zla ylreg)

In the inference process, due to the fine-grained detector’s capability of detecting
subregions with small objects and long-tail distributions, AD-Det exclusively
relies on ASOE to acquire related subregions. Let G denote the input UAV
image, and the final detection result Dg,,; can be formulated as:

Dol = NMS (Coarse(G), U Fine(SZ-)>

where Coarse( - ) and Fine( - ) denote coarse and fine-grained detectors, respec-
tively. S, is the subregions extracted by ASOE, and NMS stands for non-
maximum suppression operation.

4. Experiments
4.1. Experimental setup

Datasets. We evaluate our AD-Det on two publicly available datasets for UAV
image object detection: VisDrone [?] and UAVDT [?]. We summarize the details
on these two datasets in Table 1 .
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VisDrone is a challenging large-scale dataset captured by various camera de-
vices using multiple UAVs. This dataset contains data collected from several
Chinese cities, covering different weather conditions and scenarios. Ten prede-
fined categories, including pedestrian, car, van, etc., are manually annotated
with bounding boxes. There are 6,471 images in the VisDrone for training, com-
plemented by 548 images in the validation set, and a total of 3,190 images for
testing. The maximal resolution for each image is 2000 x 1500 pixels. Given
that the testing set is not publicly available, we follow ClusDet [?] and DMNet
[?] to train the model on the training set while evaluating it on the validation
set.

UAVDT is a large-scale vehicle detection and tracking dataset for UAV scenarios,
which is released by UCAS. This dataset contains data collected from complex
environments with different weather conditions, occlusion, and flying heights.
Bounding boxes have been manually annotated for three predefined categories,
including car, truck, and bus. It contains 23,258 and 15,069 images for training
and testing, respectively, and the resolution is 1080 x 540 pixels for each image.

Evaluation metrics. Following the evaluation protocols outlined in MS COCO
[?], we employ Average Precision (AP) as our primary metric, spanning various
categories and IoU thresholds. The metrics are succinctly outlined as follows:

e« AP: Average Precision calculated across all categories, considering IoU
values within the range of [0.5, 0.95] at intervals of 0.05.

o« AP_ {50}, AP_ {75}: Average Precision computed across all categories
using individual IoU thresholds of 0.5 and 0.75, respectively.

« AP_S, AP_ M, AP_ L: Average Precision calculated on object size of
small (less than 32%), medium (from 322 to 962), and large (greater than
962).

Implementation details. We implement our AD-Det using the MMDetection
toolbox [?] with PyTorch [?] as the basic framework. The model is trained
on a system equipped with 2xIntel Silver 4210R, CPU and 2xNVIDIA A4000
GPU. The baseline detection network employed is GFL [?] with 4 parts uniform
cropping.

Training Phase: For the training procedure on VisDrone and UAVDT, as
[?] does, the input image size is configured as 1333 x 800 pixels for VisDrone
and 1024 x 540 pixels for UAVDT, with both coarse and fine-grained detectors.
Concerning hyperparameters in the ASOE, the maximum subregion number (V)
is set to 4 and 3 on VisDrone and UAVDT, respectively (discussed in Section
4.4). In the DCC module, all categories except pedestrian, people, and car are
considered as tail classes on VisDrone, while truck and bus are considered as
tail classes on UAVDT. All models undergo 12 epochs of training using the SGD
optimizer, with momentum = 0.9, weight decay = 0.0001, and initial learning
rate = 0.01. AD-Det is trained with a linear warm-up strategy and undergoes
decay by a factor of 10 at epochs 8 and 11.

Testing Phase: The input image size and hyperparameters in the ASOE re-
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main consistent with the training phase unless otherwise specified. In the pro-
cess of fusing detection, the non-max suppression (NMS) threshold and max
detection number are respectively set to 0.5 and 500 across all datasets.

4.2. Comparison with representative solutions

Results on VisDrone. We compare AD-Det with other state-of-the-art solu-
tions on VisDrone, and the results on AP, AP {50}, and AP {75} are listed in
Table 2 . Our baseline method employs GFL with ResNet-50/101 and ResNeXt-
101 as backbones. From the table, we have the following observations. (1) Our
proposed method achieves consistent improvement across all compared solu-
tions. Our model promotes detection performance to 37.5%, 60.9%, and 39.2%
in terms of AP, AP_ {50}, and AP_ {75}, surpassing all compared methods.
Among the compared solutions, ClusDet, DMNet, CDMNet, GLSAN, CZDet,
AMRNet, and YOLC employ a coarse-to-fine strategy, which is similar to our
approach. Even compared to CZDet, the best solution within them, our model
also increases performance by 3.1%, 1.2%, and 4.6% in AP, AP_ {50}, and
AP_ {75}, respectively. (2) Despite using weaker backbones, our method sur-
passes or rivals the performance of all compared methods. As illustrated at the
bottom of Table 2, although we employed a relatively weak, lightweight back-
bone ResNet-50, our model continues to be highly competitive. Our method
exhibits substantial improvements in AP metric compared to other methods,
even with stronger backbones. For example, compared to YOLC which used
ResNeXt-101 as the backbone, our method, with ResNet-50 as the backbone,
nonetheless managed to increase performance by 2.2%, 1.4%, and 3.4% in AP,
AP_ {50}, and AP_ {75}, respectively.

To further evaluate the accuracy and computational complexity of AD-Det, we
present a comparison with existing solutions based on AP, parameter counts
(Params), floating-point operations (FLOPs), and inference speed (s/img). As
shown in Table 3 , under the same backbone architecture of ResNeXt-101, AD-
Det demonstrates superior improvements in AP, Params, FLOPs, and inference
speed compared to ClusDet, DMNet, and GLSAN. Although our method ex-
hibits marginally higher FLOPs and slightly slower inference speed than CZDet
and YOLC, it achieves higher detection accuracy and a significant reduction
in Params. These results highlight that our approach delivers competitive per-
formance with a better accuracy-speed trade-off, fulfilling practical engineering
requirements for real-world deployment.

Results on UAVDT. Similar situations occur when our method is evaluated
on UAVDT, and the detection accuracy compared with state-of-the-art methods
on the testing set of UAVDT is shown in Table 4 . To facilitate comparison,
we utilize GFL with ResNet-50 backbone as our baseline. Compared with other
state-of-the-art methods, our method attains a new state-of-the-art performance
even with relatively weaker ResNet-50 as the backbone, achieving 20.1% in AP,
34.2% in AP_ {50}, and 21.9% in AP_{75}. In comparison with GLSAN, our
model demonstrates increases of 3.1%, 6.1%, and 3.1% in AP, AP_ {50}, and

chinarxiv.org/items/chinaxiv-202504.00094 Machine Translation


https://chinarxiv.org/items/chinaxiv-202504.00094

ChinaRxiv [$X]

AP_ {75}, respectively.

4.3. Qualitative analysis

To qualitatively contrast the performance, Figure 5 [Figure 5: see original paper]
depicts the detection results for both the baseline detector and our AD-Det. It is
evident that our method surpasses the baseline detector and reaches satisfactory
detection accuracy. Specifically, as depicted in the dashed area of Figure 5 and
the corresponding zoom-in views, our approach excels in detecting small objects
and tail categories. This superiority can be attributed to the contributions of
ASOE and DCC, which collectively enhance UAV image object detection from
two distinct perspectives.

4.4. Ablation study

We conduct extensive studies on VisDrone to validate the effectiveness of our
key design, including (1) the effectiveness of ASOE and DCC modules, (2) the
choice of key hyperparameters, (3) the selection of base detector, (4) the design
of ASOE module, and (5) the design of DCC module. For all ablation studies,
we employ ResNet-50 as our backbone.

The effectiveness of ASOE and DCC modules. As the key components of
our method, ASOE and DCC are systematically incorporated into the model to
evaluate their respective efficacy. Simultaneously, we demonstrate the improve-
ments resulting from the integration of ASOE and DCC, emphasizing their
mutual complementarity. A comprehensive presentation of the ablation study
is provided in Table 5 and Figure 6 [Figure 6: see original paper], which illus-
trates the accuracy improvements across different metrics after integrating our
key components.

As illustrated in Table 5, the incorporation of ASOE results in a notable improve-
ment of 2.2% in AP and 3.0% in AP_S over the baseline method. Similarly,
DCC contributes to an enhancement in detection performance, elevating it from
35.3% to 35.9% in AP. Compared to baseline with identical parameter settings,
our method achieves a notable gain in accuracy, but only increases a minor time
cost.

As illustrated in Figure 6, a noteworthy observation is the consistent enhance-
ment in results for objects in the tail categories, especially for bicycles, tricycles,
awn., and bus, improved by 0.9% 1.9%, underscoring the ability of DCC to
augment detection performance reliably. Significantly, the addition of comple-
mentary samples by DCC does not adversely affect the performance of other
categories.

The choice of key hyperparameters. We analyze the impact of two key
hyperparameters: the number of subregions N in Figure 7(a) [Figure 7: see
original paper| and the confidence threshold v in Figure 7(b).
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The number of subregions N is a pivotal parameter that significantly influences
detection speed and accuracy. The effects of different values of N on detection
time and accuracy are summarized in Figure 7(a). This subfigure indicates
that as the number of subregions increases, the network’ s detection accuracy
improves, but with an associated increase in detection time. Considering the
trade-off between accuracy and efficiency, this study selects N = 4 as the optimal
number of subregions. We conduct a similar experiment on UAVDT and find
that NV = 3 is the optimal choice for UAVDT.

The confidence threshold v determines the quality of the subregions (Eq. 2).
We experiment with different 4 values in {0.1, 0.3, 0.5, 0.7}. In particular, we
quantify sample points and their corresponding detection accuracy. As depicted
in Figure 7(b), with an increase in -, the number of sample points decreases,
facilitating a proportional acceleration in clustering speed. However, the accu-
racy benefits are not linear with higher v values. When v = 0.7, an excessive
number of points are disregarded, leading to a significant decline in detection
accuracy. Therefore, we select v = 0.5 as the threshold parameter.

The selection of base detector. In Table 6 , we present a comparison of GFL
with several leading base detectors, where GFL achieves superior performance.
As indicated by AP__S, both GFL and CenterNet are effective for small object
detection, but GFL exhibits more balanced accuracy across various object scales.
In contrast to FCOS and YOLOvS, GFL outperforms both in AP and AP_S.
Therefore, we choose GFL as the base detector of AD-Det.

The design of ASOE module. In our ASOE module, we empirically select
the lowest layer of the feature maps, namely P3, as our primary focus [?]. In
Figure 8 [Figure 8: see original paper|, we visualize the regions of interest se-
lected by ASOE using different feature maps. The visualization shows that the
P3 layer focuses more on small object regions, while higher layers such as P4 and
P5 gradually focus on larger objects. To substantiate its efficacy, we conduct a
straightforward comparison with the higher adjacent layer P4 as an alternative
focus. We summarize the results in Table 7 . Experimental results indicate that
the P3 layer yields the highest performance, while clustering from higher-level
layers such as P4 would lead to performance degradation. Note that AP and
AP_S perform a sharp decrease from P3 to P4, highlighting our approach’ s
effectiveness in detecting small objects within higher-resolution layers.

The design of DCC module. DCC comprises two major components: diver-
sity augmentation (DA) and dynamic search (DS). Based on ASOE, we verify
these two components step by step. As shown in Table 8 ; when DA is applied
to tail-class instances, the AP_S and AP_M are increased by 0.4% and 0.7%,
respectively. When further combined with DS, the AP is increased to 35.9%,
which proves its effectiveness.
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5. Conclusion

In this paper, we propose AD-Det, a novel object detection framework for UAV
images, which addresses the challenges of scale variations and class imbalance.
AD-Det consists of two key components: Adaptive Small Object Enhancement
(ASOE) and Dynamic Class-balanced Copy-paste (DCC). ASOE employs a high-
resolution feature map to cluster regions containing small objects, followed by
processing them for fine-grained detection. DCC performs reasonable object re-
sampling by dynamically pasting tail classes around clustering centers obtained
by ASOE. We conducted extensive experiments on VisDrone and UAVDT, and
demonstrated that our approach significantly outperforms existing competitive
alternatives.

Although our proposed approach achieves satisfactory results on UAV image
object detection, several limitations remain to be addressed in our future en-
deavors. (1) ASOE achieves precise detection of small objects by leveraging
global location cues, but the usage of global features is still limited. ASOE
ignores the feature interaction between the global image and the local regions,
which may help to better understand the scene’ s semantic knowledge. (2) DCC
conducts uniform sampling copy-paste, but there is room for improvement by
considering instance-specific metrics and complex relationships between classes
for more effective hard example mining. For the future, we plan to explore
more effective ways to handle UAV images under complex scenarios, including
occlusion and background clutter issues.
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