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Abstract

As UAV platforms are increasingly employed in military reconnaissance, disaster monitor-
ing, precision agriculture, and other remote-sensing applications, small-object detection in
UAV imagery is a critical yet challenging task. Existing reviews primarily address either
general small-object detection or general object detection in UAV imagery, whereas reviews
specifically devoted to small-object detection in UAV imagery remain scarce. This review
examines existing deep learning-based research on small-object detection in UAV imagery
from a problem-driven and deployment-oriented perspective. A symmetry-informed
perspective was also adopted to analyze how variations in object-scale, viewpoint, imag-
ing quality, and scene conditions affected feature representation and detection stability.
Building on five major challenges in UAV small-object detection, a three-tier framework en-
compassing detection paradigms, key technical strategies, and scenario-specific constraints
was established. Representative UAV datasets were further examined to characterize
object-scale distributions, while existing methods were reviewed in terms of multiscale rep-
resentation, feature enhancement, training optimization, and lightweight deployment. The
applicability of different technical approaches was then discussed across five typical UAV
scenarios. In addition, under relatively consistent experimental conditions, representative
detection models based on two-stage, one-stage, and Transformer-based paradigms were
analyzed in terms of detection accuracy, computational efficiency, and deployment feasi-
bility. Finally, current limitations and future directions were summarized for scale-robust,
scenario-adaptive, and resource-aware small-object detection in UAV imagery.

Keywords: unmanned aerial vehicles; small-object detection; deep learning; scenario
constraints

1. Introduction
Unmanned aerial vehicles (UAVs) have become an important platform for remote sens-

ing because of their flexibility, easy deployment, high accessibility, and multi-perspective
imaging capability [1–4]. They are widely applied in fields like smart transportation, border
patrol, and disaster assessment. However, constrained by factors such as flight altitude,
shooting angle, and sensor resolution, objects in aerial images often exhibit typical small-
object characteristics, including low pixel proportion, severe scale variation, and severe
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dense occlusion. Simultaneously, flight jitter, low illumination, and weather conditions
can easily induce motion blur and detail degradation, further weakening the texture and
edge representation capability of objects [5–8]. This leads to a severe degradation in the
localization accuracy and robustness of traditional detection methods, making it difficult
to satisfy simultaneously the requirements of high precision and inference efficiency in
practical applications. Therefore, efficient and accurate detection of small objects in complex
UAV imagery scenes remains a key obstacle to the practical deployment of UAV visual
perception systems.

In recent years, deep learning-based object detection methods have achieved remark-
able progress in general visual tasks, offering new possibilities for small-object detection
in UAV imagery. To address challenges such as small-object scales, strong background
interference, feature degradation, and limited onboard computing resources, researchers
have proposed a wide range of improvements. Existing approaches have gradually evolved
from direct adaptations of general-purpose detectors to specialized optimizations tailored
for UAV scenario characteristics. However, despite the increasing number of related studies,
several common problems remain, including inconsistent dataset choices, large differences
in experimental settings, varying evaluation priorities, and unclear application scenarios.
These issues limit the comparability of existing studies, weaken their generalizability, and
reduce their value for practical deployment.

With the rapid advancement of this field, numerous studies have reviewed the latest
developments in deep learning–based small-object detection and general-purpose object
detection in UAV imagery. As shown in Table 1, existing reviews can be broadly divided into
two categories. The first focuses on general small-object detection, primarily discussing
the evolution of methods, taxonomies of techniques, and commonly used benchmark
datasets [9–13]. The second concentrates on general-purpose object detection in UAV
imagery, placing greater emphasis on the challenges posed by aerial scenarios and the
distinctive characteristics of UAV platforms [14–17].

Existing reviews have systematically examined research progress in small-object de-
tection and UAV-based object detection. They have made important contributions by
summarizing representative detection methods, technological developments, datasets,
and application-related challenges, thereby laying a solid foundation for further research
and advancement in the field. Nevertheless, relatively few studies have integrated these
aspects into a unified analytical framework specifically designed for small-object detection
in UAV imagery.

This review presents a problem-oriented and deployment-focused review of small-
object detection in UAV imagery. By establishing a three-level taxonomy, it organizes,
categorizes, and conducts an in-depth analysis of existing approaches. In addition to quali-
tative analysis, this study performs a quantitative experimental evaluation of representative
detection models on widely used aerial-image datasets.
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Table 1. Comparison of existing reviews and this work across key analytical dimensions.

Review Scope Ref. Method Datasets Technical Taxonomy Imaging
Conditions

Scenario
Constraints

Deployment
Issues

Model
Evaluation

General

[9] Systematic COCO, VOC,
DOTA, VisDrone

CNN→Transformer,
class imbalance × × △ △

[10] Narrative COCO, VOC,
WIDER FACE

Multi-scale, data
augmentation, context,

GAN
× × × △

[11] Survey - Small/tiny object
detection perspectives × × × △

[12] Survey + empirical
evaluation

Four well-known
small-object datasets

Resolution boosting,
scale-aware training,

context
× × × △

[13] Survey State-of-the-art
SOD datasets

Four pillars-multiscale,
context, super-resolution,

region proposal
△ × △ △

UAV

[14] Review DOTA, VisDrone, etc. Deep learning methods
for aerial SOD △ × △ △

[15] Narrative VisDrone, UAVDT
Feature enhancement,

multi-scale fusion,
lightweight

△ △ △ △

[16] Survey UAV imagery Backbone-neck-head
architectures △ △ △ ×

[17] Review Low-altitude
UAV datasets

Two-stage,
one-stage,

advanced detectors
△ △ △ △

This
work

Structured +
benchmark

VisDrone2019, UAVDT,
DOTA, CARPK, AU-AIR

Three-tier: paradigms,
techniques, scenario constraints ✓ ✓ ✓ ✓

Note: ✓ indicates that the dimension is explicitly and substantially discussed; △ indicates partial or limited discussion; × indicates that the dimension is not
discussed or receives little attention. These symbols describe the analytical emphasis of the selected reviews and do not imply exhaustive coverage of the
entire literature.
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This review adopts a structured narrative review approach rather than a formal sys-
tematic review with meta-analysis, as the primary objective is to construct a problem-driven
taxonomy and analyze representative technical routes rather than to perform statistical
effect-size aggregation. To ensure transparency and reproducibility, the following literature
retrieval and screening protocol was established:

• Databases and Period: IEEE Xplore, Web of Science Core Collection, and arXiv. The
search spanned from January 2021 to August 2026, covering the most recent advances
in deep learning-based UAV small-object detection.

• Search Keywords: The core query combined terms related to platforms (“UAV” OR
“unmanned aerial vehicles”) and tasks (“small object detection” OR “small target
detection”) with methodological filters (“deep learning”).

• Inclusion Criteria: Studies explicitly addressing small-object/target detection in
UAV-captured or aerial imagery; studies grounded in deep learning methodologies
with quantitative experimental results; studies evaluated on at least one mainstream
UAV/aerial benchmark (e.g., VisDrone, UAVDT, DOTA).

• Exclusion Criteria: Studies focusing solely on generic object detection in natural
images without adaptation to UAV scenes; non-English publications or those without
accessible full text.

• Screening: A total of 913 articles were initially retrieved across the three databases
after removing duplicates. Screening was performed by title and abstract, yielding
approximately 143 candidate papers. After full-text reading and applying the inclu-
sion/exclusion criteria, 93 core papers were selected for in-depth review. Both the
final three-tier classification framework and the experimental analysis were developed
based on this curated literature database.

The main contributions of this review are summarized as follows:

1. Problem-driven challenge analysis. This review analyzes the core challenges of small-
object detection in UAV imagery from the perspectives of UAV imaging characteristics
and practical mission requirements.

2. Three-tier analytical framework. A progressive analytical framework covering de-
tection paradigms, key technical strategies, and scenario constraints is developed to
organize and discuss representative studies in this field.

3. Scenario-aware method analysis. The applicability of representative methods is
examined across five selected UAV imaging and application scenarios in terms of
detection accuracy, robustness, and computational efficiency.

4. Partially unified evaluation and outlook. Under partially unified experimental set-
tings, representative detectors from different paradigms were experimentally evalu-
ated and analyzed on the VisDrone2019 and UAVDT datasets. The current limitations
and potential directions for future research are also discussed.

2. Definition and Core Challenges of Small Objects in UAV Imagery
This section mainly defines the relative scale and absolute scale of small-object in

aerial scenarios and analyzes the core challenges of small objects detection from five
dimensions: object attributes, imaging conditions, algorithm adaptability, task constraints,
and data annotation.

2.1. Definition of Small Objects

In object detection research, there is no universally agreed-upon definition for small
objects. Different studies usually define small objects from the perspectives of application
scenarios, image resolution, and dataset statistics. As shown in Figure 1, current definitions
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can be broadly categorized into two categories—relative-scale-based and absolute-scale-
based [18]—which are described in the following:

1. Definition based on relative scale. As shown in Figure 1a, this definition uses the ratio
of the pixel area of an object’s bounding box to the total pixel area of the image as the
criterion. The International Society for Optical Engineering (SPIE) defines a small-
object as one that occupies less than 80 pixels in a 256 × 256 image, meaning its area
constitutes less than 0.12% of the total image area. Chen et al. [19] categorize objects
as small if the median ratio of their bounding-box area to the image area falls within
the range of 0.08% to 0.58%. Since this relative-scale definition describes object size as
a proportion of the whole image, this definition is more convenient for comparing
objects across images with different resolutions. However, its results are susceptible to
variations in image size, limiting its interpretative power in cross-domain evaluations.

2. Definition based on absolute scale. As shown in Figure 1b, this definition directly
uses the pixel dimensions or pixel area of the object’s bounding box as the criterion.
Absolute definitions for small objects are not entirely consistent across different
datasets. For example, DOTA [20] considers objects with scales within the range of
[10, 50] pixels as small objects; SODA-A [21] and MS-COCO [22] typically classify
instances with a bounding-box area less than 1024 pixels as small objects.

As shown in Figure 1c,d, compared with the relative-scale definition based on over-
all image dimensions, the absolute-scale definition based on bounding-box pixel area
corresponds more directly to the network’s receptive field, feature-map resolution, and
scale-assignment mechanism, making it more suitable for comparative analyses of small-
object detection methods. In this review, 32 × 32 pixels is adopted as the threshold for
distinguishing small objects, primarily based on the following three considerations. Human
visual perception: Torralba et al. [23] demonstrated that effective human scene recognition
requires an object in a color image to occupy at least 32 × 32 pixels; objects below this size
are difficult even for humans to identify. Network architecture: Mainstream backbone net-
works typically have a maximum downsampling factor of 32. Accordingly, a 32 × 32-pixel
object in the input image corresponds to exactly one feature unit on the deepest feature
map. Below this threshold, spatial features are severely diluted through successive down-
sampling stages, resulting in inadequate feature representations. Established convention:
The MS-COCO dataset defines objects with an area smaller than 32 × 32 pixels as small
objects. This threshold has been widely used in COCO-based evaluation protocols, includ-
ing COCO-style evaluations of datasets such as VisDrone and DOTA. Based on the above
analysis, all instances with a bounding-box area smaller than 32 × 32 pixels are hereafter
uniformly defined as small objects.

This definition is based on bounding-box area, i.e., an area of less than 32 × 32 pix-
els, rather than on either width or height alone. For objects with extreme aspect ratios,
bounding-box area accounts only for the total number of pixels while disregarding the
pixel extent along the shorter axis. Some elongated objects may have an area greater than
32 × 32 pixels, while their shorter side spans only a few pixels. After successive network
downsampling, their features along the shorter axis may be entirely eliminated, making
them as difficult to detect as small objects. Conversely, some compact, approximately
square objects with smaller areas may retain richer spatial feature information. Therefore,
an area-based definition may not fully capture an object’s perceptual size, which remains a
noteworthy challenge in small-object detection.
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Figure 1. Schematic diagram of relative-scale and absolute-scale definitions for small objects. The
boxes annotated in red as 8 × 8 and 32 × 32 are specific illustrative examples used to demonstrate
the small-object scale under given image resolutions. They are not intended to represent a universal
small-object scale applicable to all width, height, or area conditions.

To assess how the choice of scale thresholds influences the research conclusions, we
further calculated the proportion of small objects in each dataset under the two thresholds
of 16 × 16 and 40 × 40, as presented in Table 2. The results indicate that although the com-
plete ranking of the five datasets is not entirely consistent across different thresholds, the
overall scale-based grouping remains relatively stable. Under both the original-resolution
setting and the setting in which all images are uniformly resized to 640× 640, VisDrone2019
and UAVDT generally exhibit higher proportions of small objects, whereas CARPK and
AU-AIR generally exhibit lower proportions. Because the small-object proportion in DOTA
is particularly sensitive to the input resolution, uniform resizing substantially alters statis-
tics based on absolute pixel dimensions. Accordingly, this study uses statistics obtained
at the original resolution to characterize the inherent scale distribution of each dataset
while employing statistics obtained at a unified resolution to analyze the effective scale
distribution within the model’s input space.

When the threshold is reduced from 32 × 32 to 16 × 16, the proportion of objects
categorized as small decreases substantially. For example, at the original resolution, the
small-object proportions of VisDrone2019, UAVDT, DOTA, CARPK, and AU-AIR are
26.0%, 12.4%, 10.9%, 0.1%, and 1.2%, respectively. Therefore, 16 × 16 is more suitable for
characterizing an extremely small-object subset and should not be directly adopted as a
general criterion for defining small objects. After multiple stages of downsampling, such
objects retain only limited spatial information, making them considerably more difficult
to detect.
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Table 2. Proportion of small objects in the dataset under three thresholds.

Type Threshold VisDrone2019 UAVDT DOTA CARPK AU-AIR

Original
Resolution

16 × 16 26.0 12.4 10.9 0.1 1.2

32 × 32 60.4 61.7 44.5 2.1 11.7

40 × 40 70.5 80.4 60.7 4.4 19.4

640 × 640

16 × 16 57.9 24.0 76.4 0.6 15.5

32 × 32 85.3 75.0 91.6 10.6 43.5

40 × 40 90.8 86.4 94.3 63.6 55.2
Note: The 32 × 32 threshold follows the COCO evaluation protocol.

When the threshold is relaxed to 40 × 40, the proportion of small objects increases
across all datasets. The additional instances primarily comprise objects with dimensions
satisfying 32 ≤

√
A < 40, which are classified as medium-scale objects under the 32 × 32

criterion. At the original resolution, the small-object proportions of VisDrone2019, UAVDT,
DOTA, CARPK, and AU-AIR increase by 10.1, 18.7, 16.2, 2.3, and 7.7 percentage points,
respectively. These findings suggest that a larger threshold may incorporate a greater
number of medium-scale instances into the small-object category, thereby reducing the
category’s ability to distinguish detection performance on extremely small objects. Whether
changes in the threshold lead to corresponding variations in specific evaluation metrics
must be verified in conjunction with detection performance across different object-scale
ranges. Since 16 × 16 and 40 × 40 represent relatively stringent and permissive operational
definitions, respectively, these results demonstrate that the threshold substantially affects
both the proportion and the composition of the small-object category. Consequently,
32 × 32 may serve as a reference standard for cross-dataset comparisons, but it should not
be regarded as a universally applicable definition for all UAV-based scenarios.

2.2. Analysis of Major Challenges

The challenges of UAV imagery small-object detection do not stem from a single factor,
but from five tightly coupled factors: intrinsic object limitations, imaging degradation,
insufficient adaptation of detector architectures, scenario uncertainty in practical missions,
and dataset construction as well as annotation limitations. As illustrated in Figure 2,
these five dimensions interact with and amplify each other, making the detection task
substantially harder than the sum of its individual components. This section analyzes
their causes and impacts to provide a problem-oriented basis for the subsequent review
of methods.

From a symmetry-informed perspective, the core difficulty of small-object detection in
UAV imagery lies in the deviation of model feature representations from the transformation
symmetry properties required by an effective detector. In UAV imagery scenes, objects
are frequently subject to simultaneous variations in scale, position, pose, viewpoint, and
appearance, giving rise to composite geometric transformations such as scaling, rotation,
and affine distortion, which impose stringent symmetry constraints on model feature
learning. This review provides a clear definition and distinction among three core concepts:
robustness refers to the model’s fundamental ability to withstand perturbations such
as noise and minor displacements while maintaining stable predictions; transformation
invariance serves object classification, ensuring that category predictions remain constant
under variations in scale, viewpoint, and pose; transformation equivariance applies to
object localization, guaranteeing that the predicted bounding boxes adapt consistently with
the geometric transformation of the target. Together, these three constitute the fundamental
symmetry priors for models to handle dynamic scenes. Conventional detectors rely solely
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on network architectural biases, limited training data, and routine augmentation to adapt
to scene variations, achieving only limited transformation adaptability and falling short
of satisfying strict invariance and equivariance constraints. This symmetry deficiency is
particularly pronounced for small objects with weak features and extremely low pixel
occupancy, ultimately resulting in insufficient domain adaptability and severe degradation
of cross-scene generalization performance.

Figure 2. Challenges in small-object detection in UAV imagery.

As illustrated in Figure 2a, small objects in aerial images usually occupy only a very
limited number of pixels and often exhibit weak texture, blurred edges, and insufficient
discriminative cues. Their apparent scales may change substantially as flight altitude,
camera focal length, and viewing geometry vary, even for objects from the same category.
During repeated downsampling in deep networks, these already fragile details are further
diluted, which easily leads to instability in both classification and localization. Although
multiscale feature pyramids and feature fusion can alleviate this problem, they generally
provide approximate scale robustness rather than exact scale equivariance across the
continuous range of scales encountered in UAV imagery. In addition, densely distributed
aerial objects often overlap with each other and are embedded in cluttered backgrounds,
making instance separation more difficult and reducing the effectiveness of conventional
non-maximum suppression (NMS), thereby increasing the risks of missed detections and
duplicate detections.

Figure 2b illustrates that UAV imagery can be affected by platform vibration, attitude
changes, illumination variation, and harsh weather. Changes in platform attitude and view-
point variation may introduce geometric transformations, such as rotation, scale variation,
and perspective distortion. Meanwhile, vibration and adverse environmental conditions
can cause motion blur, localized defocus, intensified noise, and uneven illumination, further
diminishing the visibility of small objects. These degradations weaken the visual cues on
which the detector relies and reduce the robustness to geometric and photometric transfor-
mations learned from the training data. When texture and edge details are lost, detectors
are more likely to be distracted by the background, resulting in degraded classification
confidence, localization accuracy, and detection stability in complex environments. In prac-
tical applications, this challenge is often further aggravated by foreground–background
confusion and class imbalance.

https://doi.org/10.3390/sym18091548
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Figure 2c further shows that most existing detection frameworks are built for general
natural-image settings, so they often struggle when applied directly to UAV imagery small-
object detection tasks. Problems such as excessive downsampling, weak interaction across
scales, and imperfect sample matching can easily cause small-object information to be
lost during feature extraction and training. Moreover, stride-based downsampling and
discrete feature sampling may reduce the stability of localization under small translations
and scale changes, particularly when an object is represented by only a few pixels. This
does not imply that conventional detectors completely lack transformation robustness;
rather, their robustness is limited and often depends on the training scale range, feature
resolution, and effectiveness of multiscale fusion. For this reason, UAV imagery small-
object detection usually demands better feature retention, more effective scale modeling,
and greater training stability than standard object detection tasks.

As shown in Figure 2d, UAV missions in real-world settings often differ greatly in
flight altitude, camera viewpoint, background complexity, object density, and surround-
ing conditions. These variations jointly alter object-scale, orientation, appearance, and
contextual relationships, creating distribution shifts that exceed the transformation range
represented in the training data. Consequently, models may fail to maintain stable detec-
tion performance across scenarios, even when the object categories remain unchanged.
In addition, onboard deployment has to deal with limited computing power, restricted
energy supply, bandwidth constraints, and latency requirements. For this reason, it is still
difficult for practical UAV systems to achieve a good balance between detection accuracy,
robustness, and inference efficiency.

Finally, high-quality annotated data largely determine the performance ceiling of
detection models. As shown in Figure 2e, existing UAV imagery datasets often suffer
from high annotation cost, annotation noise, limited scene diversity, and insufficient cross-
domain coverage. For small objects in particular, even slight deviations in bounding-box
annotation may significantly affect intersection over union (IoU), training supervision
quality, and evaluation reliability. These issues further restrict stable model optimization
and reduce generalization ability across datasets and scenarios.

2.3. Object-Scale Distribution in Mainstream Aerial Datasets

To analyze the object-scale distribution across datasets, we computed the effective
size of each annotated object using its bounding-box area. We define the object size as√

A, where ‘A’ is the bounding-box area in pixels. This formulation is adopted because
the square root of area provides a more intuitive one-dimensional representation of object-
scale and is consistent with common practice in scale-aware detection analysis. The area
‘A’ is calculated according to the annotation format used by each dataset. For YOLO-
format datasets, namely, VisDrone2019 and UAVDT, the normalized bounding-box width
and height are converted into pixel dimensions using the corresponding original image
dimensions. For CARPK, whose annotations provide pixel-coordinate bounding boxes
(x1,y1,x2,y2), the pixel width and height are computed directly. For DOTA, the polygon
annotations are converted into horizontal bounding box (HBB) before the corresponding
dimensions are calculated. For AU-AIR, the width and height are extracted directly from
the COCO-style JSON annotations. For DOTA, objects marked as difficult (difficult = 1) are
excluded to avoid biased scale statistics.

For all datasets, annotations with zero or negative width/height are filtered out. The
statistics are computed using all annotated objects from the training splits of each dataset
(or the full dataset when training splits are not separately defined) to ensure sufficient
sample sizes. The analysis is performed by aggregating all object categories within each
dataset, as the primary goal is to characterize dataset-level scale bias rather than category-
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specific scale patterns. There are differences in scale distribution across different categories,
for example, vehicle targets such as buses and trucks typically occupy a larger area than
pedestrians and cyclists. However, an aggregated statistical perspective is sufficient to
meet the research objectives of this review, namely, to provide an overall assessment of the
difficulty of datasets for small-object detection tasks. Although an in-depth analysis by
category is valuable for the design of category-specific detectors, it falls outside the scope
of this review and is left for future work. All calculations are performed on the original
annotations at each dataset’s native resolution, before any resizing or preprocessing, as
stated in the Figure 3 caption.

Figure 3. Cumulative distribution of object sizes across five aerial datasets. Statistics are computed
at the original native resolution of each dataset before any resizing or preprocessing. The vertical
dashed line marks the small-object threshold (

√
A = 32 pixels, corresponding to area < 32× 32 pixels).

Datasets with curves closer to the left have a higher proportion of small objects.

The cumulative distribution of object sizes reveals substantial cross-dataset variabil-
ity in scale distribution. Datasets such as VisDrone2019, UAVDT, and DOTA exhibit a
strong skew toward small objects, with cumulative proportions at the 32-pixel threshold
reaching approximately 60.4%, 61.7%, and 44.5%, respectively. CARPK and AU-AIR show
significantly lower small-object proportions, at approximately 2.1% and 11.7%, respec-
tively, reflecting their distinct acquisition scenarios and object categories. These results
demonstrate that while small objects constitute a substantial proportion in most main-
stream UAV imagery datasets, the degree of scale bias varies considerably across different
data sources. This also implies that a detector’s overall performance is heavily influenced
by its ability to handle small instances, particularly when applied to datasets with high
small-object proportions.

During the experimental phase of Section 5, all input images were uniformly resized
to 640 × 640. Since resizing alters the effective pixel area of each object, it also changes
the distribution of small objects actually encountered by the detector. Consequently, the
proportions of small objects reported in Figure 3 reflect the intrinsic characteristics of the
datasets at their native resolutions rather than the object-scale distributions faced by the
detector during evaluation. To accurately assess the detection difficulty of each dataset, both
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the original resolution and the effective object scales after resizing should be considered
during evaluation.

This analysis further indicates that aerial object detection is not merely a direct ex-
tension of generic object detection. It is a task characterized by a heavy predominance of
small objects in most scenarios, further complicated by scene complexity and deployment
constraints. For this reason, the following review focuses on how existing methods dif-
fer in their ability to represent small objects, adapt to scale variation, and balance scene
robustness with deployment efficiency.

3. Recent Advances in Small-Object Detection in UAV Imagery
In recent years, to address the key challenges of small-object detection in aerial imagery

from UAV, most efforts have been directed toward redesigning the detector architecture, key
module optimization, and scenario adaptation strategies. To provide a clear and systematic
overview of the current research landscape, as shown in Figure 4, this review presents the
field from three aspects: the detection paradigm layer, the key techniques layer, and the
scenario constraints layer.

Figure 4. Three-tier review framework.

3.1. Detection Paradigm Layer

At the detection paradigm layer, we compare existing frameworks across four fun-
damental design dimensions: region proposal generation, feature representation, sample
assignment, and prediction decoding. As categorized in Figure 4a, current approaches can
be divided into three core detection architectures: two-stage detectors, one-stage detectors,
and Transformer-based detectors, each embodying distinct trade-offs between accuracy
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and efficiency. In addition to these conventional architectures, Visual Foundation Models
(VFMs) have recently emerged as a complementary semantic enhancement layer. Rather
than functioning as standalone detectors, VFMs provide auxiliary semantic priors, open-
vocabulary reasoning, or zero-shot adaptability that can be integrated with any of the
three core architectures to improve detection performance. The following subsections first
examine the three core architectures and then discuss the role of VFMs as an emerging
enhancement component.

3.1.1. Two-Stage Detection Paradigm

Two-stage detectors first generate region proposals and then perform classification and
bounding-box refinement on those proposals. This paradigm originated with R-CNN [24],
which introduced deep convolutional features to object detection. Fast R-CNN [25] later
added RoI Pooling and multi-task learning, while Faster R-CNN [26] replaced handcrafted
proposals with a learnable Region Proposal Network (RPN), establishing the standard
two-stage framework. In UAV imagery, Xu et al. [27] were among the first to apply Faster
R-CNN to low-altitude vehicle detection, paving the way for subsequent aerial studies.

The main advantage of two-stage detectors for UAV small-object detection is their
proposal-filtering and refinement mechanisms, which in many conventional settings pro-
vide more accurate localization and stronger background robustness compared to one-stage
detectors [28]. However, this advantage is not universal; it depends on factors such as
the quality of the region proposal network, the feature resolution, and the training data
distribution. This is especially valuable for small, partially occluded, or objects in cluttered
scenes. As a result, Faster R-CNN and its variants have long served as strong baselines in
aerial detection benchmarks.

However, this high localization accuracy comes with high computational cost. The
sequential pipeline introduces significant latency and resource demands, making two-stage
detectors difficult to deploy on resource-constrained UAV platforms that require inference
efficiency. Thus, despite their accuracy advantages in offline settings, their use in real-time
UAV applications remains limited by the precision–efficiency trade-off.

3.1.2. One-Stage Detection Paradigm

One-stage detectors omit the explicit proposal generation step and directly predict
object classes and locations from dense feature maps, making inference much more efficient.
According to whether predefined anchor boxes are used, one-stage detectors can be broadly
divided into two categories: anchor-based methods and anchor-free methods.

Anchor-based one-stage detectors, represented by SSD [29], RetinaNet [30], and clas-
sic anchor-based YOLO variants [31,32], predefine numerous anchor boxes with varying
scales and aspect ratios on dense feature maps, reformulating detection as per-anchor
classification and offset regression. SSD pioneered multi-scale prediction across feature
maps of different resolutions, enabling scale-adaptive detection without explicit propos-
als. RetinaNet introduced the focal loss to alleviate the severe foreground-background
imbalance inherent in dense anchor prediction, shifting training focus toward hard exam-
ples. Subsequent YOLO versions further integrated FPN and PAN structures to achieve a
well-regarded balance between speed and accuracy. Despite these advances, anchor-based
methods suffer from three fundamental limitations: manually engineered hyperparameters
(anchor scales, aspect ratios, and matching thresholds) that generalize poorly across do-
mains; diluted fine-grained features during repeated downsampling, which undermines
small-object localization; and heavy reliance on NMS post-processing due to massive re-
dundant predictions. As a result, later research gradually shifted toward more flexible

https://doi.org/10.3390/sym18091548

https://doi.org/10.3390/sym18091548


Symmetry 2026, 18, 1548 13 of 51

anchor-free detection methods to reduce the constraints imposed by predefined anchor
design and sample matching.

Anchor-free one-stage detectors, including CenterNet [33], FCOS [34], and recent
YOLO variants [35,36], eliminate anchor design by adopting alternative regression formula-
tions. CenterNet models objects as center points with size and offset regression, simplifying
the pipeline and removing anchor-dependent heuristics, yet it often suffers from center am-
biguity in extremely small or densely packed aerial scenes. FCOS reformulates detection as
per-pixel regression of distances to the four bounding-box sides, offering greater flexibility
across scale variations. However, its performance remains sensitive to feature resolution
and scale assignment, especially when small objects contain only weak visual cues. Recent
YOLO versions, such as YOLOv8 [37] and later models, have adopted anchor-free predic-
tion while retaining the framework’s efficiency, simplifying label assignment and decoding
for real-time deployment.

One-stage detectors are widely favored in UAV applications for their architectural
simplicity, inference speed, and deployment convenience. Nevertheless, their application
in dense small-object scenarios remains constrained by a coupled triad of challenges: frag-
ile positive-negative sample assignment, insufficient fine-grained feature representation,
and persistent scale misalignment. Collectively, these issues manifest as elevated false-
positive rates and missed detections in complex aerial backgrounds, revealing that the
efficiency gains of one-stage paradigms often come at the cost of discriminative power
under challenging conditions such as dense small-object scenes. However, this trade-off
is not absolute; recent advances in anchor-free designs and improved training strategies
have substantially narrowed the performance gap, and the actual behavior depends on the
specific architecture, feature resolution, and training configuration.

3.1.3. Transformer-Based Detection Paradigm

Transformer-based detectors have emerged as a prominent research direction in object
detection, fundamentally departing from anchor-based paradigms by framing detection as
a set prediction problem that eliminates manual anchor design and NMS post-processing.
DETR [38] was the first to introduce this framework, using Hungarian matching to build
one-to-one correspondence between predictions and ground-truth labels, making end-to-
end detection possible.

The original DETR’s reliance on global self-attention over the full feature map incurs
prohibitive computational costs and inefficient multi-scale feature exploitation, rendering it
impractical for resource-constrained UAV platforms. Subsequent advances have sought
to mitigate these bottlenecks. Deformable DETR [39] introduced deformable attention to
sparsely sample key spatial locations, reducing complexity while enhancing multi-scale
interaction, which is a particularly relevant improvement for small objects. DINO [40]
further refined optimization through contrastive denoising training and hybrid query
selection, boosting both convergence and accuracy. Meanwhile, RT-DETR [41] prioritized
runtime efficiency by hybridizing Transformer global context with CNN-based multi-scale
fusion, narrowing the speed gap with one-stage detectors.

Despite these advances, Transformer-based detectors remain challenging to apply to
small-object detection in UAV imagery. Their strong reliance on global semantic representa-
tions can, in some cases, come at the cost of local fine-grained details, which are especially
important when objects are small and densely distributed. This limitation is not inherent to
all Transformer-based detectors; it is influenced by the design of the attention mechanism,
feature resolution, and the availability of multi-scale representations. Some recent variants
have explicitly addressed this issue through sparse attention mechanisms. In addition,
they also tend to require more careful optimization strategies, longer training schedules,
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and higher deployment costs than conventional one-stage detectors. Therefore, under
current UAV deployment conditions, Transformer-based detectors are better regarded as a
complement to traditional detection methods than as a full replacement.

3.1.4. VFMs as Complementary Enhancement Components

Beyond the three core detection architectures discussed above, VFMs have attracted
increasing attention as a complementary enhancement component for UAV small-object de-
tection. Unlike conventional detectors that are trained end-to-end for closed-set detection,
VFMs are typically pre-trained on large-scale data via self-supervised, weakly-supervised,
or multimodal learning, and they can be adapted to downstream tasks through prompt-
ing or fine-tuning [42]. Their primary value lies not in replacing existing detectors, but
in providing auxiliary semantic priors, zero-shot or few-shot transferability, and open-
vocabulary recognition capabilities that can be integrated with two-stage, one-stage, or
Transformer-based detectors to enhance feature representation or compensate for limited
training data [43,44].

However, directly transferring general-purpose VFMs to UAV small-object scenarios
still faces significant challenges. Most general-purpose foundation models are pre-trained
primarily on natural images, where training samples usually contain medium-to-large-scale
objects, whereas UAV imagery objects often occupy only a few pixels and suffer from weak
texture, blurred boundaries, dense distribution, severe occlusion, and strong background
clutter [45]. This scale discrepancy, compounded by domain shift, severely undermines the
transferability of generic visual representations [46]. Beyond this macro-level mismatch,
each VFM family exhibits task-specific deficiencies that are particularly detrimental in aerial
scenes. Vision--language models such as CLIP primarily perform image-level semantic
alignment and have limited region-level localization capabilities, leading to coarse spatial
responses and unstable small-object localization in dense aerial scenes [47,48]. Promptable
segmentation models like SAM, while possessing strong interactive segmentation capa-
bilities, rely heavily on the quality of input prompts, and their segmentation ability is not
equivalent to bounding-box-level object detection performance [49,50]. Self-supervised
models like DINO offer relatively fine-grained spatial features, yet still demand task-specific
adaptation through detection heads, feature fusion, or knowledge distillation to bridge the
gap to object detection [51,52]. Compounding these functional limitations, VFMs typically
carry prohibitive parameter sizes and inference costs, directly conflicting with UAV plat-
forms’ stringent requirements for low latency, low power consumption, and real-time oper-
ation [53]. Future research should focus on aerial domain adaptation, small-object-aware
prompt learning, parameter-efficient fine-tuning, knowledge distillation, and lightweight
integration for onboard deployment so as to fully leverage the generalization capability
and open-vocabulary recognition advantages of foundation models while maintaining the
localization accuracy and inference efficiency of specialized detectors.

Based on the above analysis, the three core architectures exhibit different general
tendencies: two-stage detectors typically pursue accuracy at the cost of efficiency; one-
stage detectors generally favor speed but may sacrifice discriminative power in dense
scenes; Transformer-based detectors often excel at global context yet may struggle with
local details under certain configurations. It should be emphasized that these are general
tendencies rather than absolute rules. The actual performance of any detector family is
highly dependent on the specific architecture variant, training strategy, input resolution,
dataset characteristics, and model scale. These three core architectures constitute the
core methodological backbone of UAV small-object detection. VFMs are best understood
as a complementary enhancement layer rather than a standalone detection architecture.
They can be integrated with any of the three core detector types to provide additional
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semantic priors, open-vocabulary reasoning, or domain adaptability. Future research
should focus on aerial-domain adaptation, parameter-efficient fine-tuning, knowledge
distillation, and lightweight integration for onboard deployment so as to fully leverage the
generalization capability of foundation models while maintaining the localization accuracy
and inference efficiency of specialized detectors. Table 3 compares the core ideas, strengths,
and limitations of these four detector categories.

Table 3. Comparison of three core detection architectures and an emerging complementary enhance-
ment component.

Category Core Design Advantages Limitations

Two-Stage Region proposal and RoI
refinement

Accurate localization; robust
in complex scenes

High computation; slow
inference

One-Stage Dense feature-map
prediction

Fast inference; simple design;
easy deployment

Limited fine-grained features;
prone to missed detections in

dense small-object scenes

Transformer-based Query-based set prediction Strong global modeling;
unified pipeline

High training cost; insufficient
small-object details

VFMs Large-scale pre-training Zero-shot generalization and
open-vocabulary recognition

Large number of parameters
and high inference cost

Note: VFMs are not standalone detection architectures but complementary enhancement layers that
can be integrated with any of the three core detector types. The advantages and limitations listed in
this table reflect general tendencies observed in the literature and in our experiments. They are not
absolute and may vary depending on specific architecture designs, training configurations, datasets,
and deployment constraints.

3.2. Key Techniques Layer

This section focuses on how existing methods address the core technical challenges of
small-object detection in UAV imagery. As shown in Figure 5, current studies can generally
be divided into five main technical directions.

Figure 5. Five major technical routes.

3.2.1. Data Augmentation

Data augmentation addresses the inherent scarcity and scale bias of UAV small objects
from the data perspective. Because aerial small objects often occupy only a few pixels and
are easily affected by scale compression, background clutter, and insufficient sample diver-
sity, directly improving the training data has become an important way to enhance detector
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robustness. Existing studies have mainly developed four representative augmentation
strategies as follows.

Super-resolution reconstruction improves small-object discernibility by restoring edge,
texture, and structural details from low-resolution imagery. Research in this direction
broadly falls into two categories: standalone pre-processing before detection [54] and
joint optimization of super-resolution with the detection network via collaborative recon-
struction and adaptive feature fusion [55]. Wang et al. [56] further integrated lightweight
super-resolution with attention mechanisms and feature pyramids for infrared small-object
scenarios. While super-resolution enhances boundary clarity and object-background sepa-
rability, it introduces pseudo-details, misalignment between reconstruction and detection
objectives, extra computational overhead, as well as limited cross-domain robustness.

Copy–paste augmentation alleviates sample scarcity and class imbalance by duplicat-
ing small instances and pasting them into new backgrounds [57]. For UAV datasets with
severe long-tail distributions, Li et al. [58] proposed dynamic class-balanced copy–paste
(DCC), which resamples tail classes around cluster centers and maintains dynamic memory
banks per class. This strategy is straightforward and framework-compatible, yet it risks
introducing spatial-semantic inconsistencies, unrealistic layouts, and training distribution
shifts if contextual coherence is not carefully preserved.

Slicing Aided Hyper Inference (SAHI) augmentation improves recall by dividing
high-resolution images into multiple local patches, allowing small objects to occupy a
larger proportion of each patch [59]. Combined with real-time detectors like RT-DETR-
X [60], SAHI has demonstrated clear performance gains on VisDrone. However, it requires
multiple inference passes and additional merge operations, entailing a trade-off between
accuracy improvement and computational overhead in practical deployment.

Diffusion-based generation has recently emerged as a powerful paradigm for synthe-
sizing diverse, realistic, and semantically controllable training samples [61]. Fang et al. [62]
proposed a controllable diffusion pipeline with CLIP guidance for object detection aug-
mentation, while Wu [63] further refined this approach with weighted fine-tuning for
small-object regions, automated scene-prompt generation, and CLIP-based similarity
screening. Despite their ability to enrich rare categories, diffusion-based methods re-
main constrained by generation costs, annotation consistency, and residual domain shifts
in synthetic samples.

Current work on data augmentation has progressively shifted from traditional heuris-
tic transformations toward task-oriented and generative strategies moving from passive
sample enrichment to active data synthesis. Despite their diversity and increasing sophis-
tication, these methods remain data-level compensation strategies. They improve input
quality and sample distribution but cannot reverse the irreversible dilution of fine-grained
details during deep feature extraction. Consequently, subsequent research increasingly
shifts toward discriminative enhancement at the feature level, aiming to achieve a tighter
coupling between input compensation and feature reinforcement.

3.2.2. Discriminative Feature Enhancement

Discriminative feature enhancement aims to improve the distinctiveness and robust-
ness of small-object representations through network refinement or auxiliary mechanisms.
Its central challenge lies in balancing four conflicting objectives: detail preservation, seman-
tic compensation, background suppression, and global relation modeling. Existing studies
can be broadly divided into five progressively related directions.

High-resolution feature retention. To alleviate detail loss caused by repeated downsam-
pling, existing studies mainly explore continuous high-resolution representations [64], opti-
mized downsampling and low-level feature retention [65,66], cross-layer high-resolution
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detail aggregation [67], and high-resolution prediction branches [68]. The main advantage
of this route is its ability to preserve spatial structure and local texture. However, in UAV
imagery, many small objects occupy only 10–20 pixels, and their shallow features are often
dominated by weak and low-frequency signals. Excessive high-resolution retention may
therefore introduce redundant background noise instead of truly useful object details.
Future work should pay more attention to lightweight design, adaptive scale modeling,
and the joint optimization of detail enhancement and noise suppression.

Multi-scale feature fusion is one of the most important directions in feature enhance-
ment. Relevant methods have gradually evolved into various more sophisticated derivative
structures starting from Feature Pyramid Network (FPN) [69] and Path Aggregation Net-
work (PAN) [70]: scale-selective feature sharing mechanism [71], cross-layer aggregation
structure [72], bidirectional dense fusion scheme [73], spatial correction module with full-
scale interaction [74], and lightweight collaborative framework [75,76]. Despite these
advances, multi-scale feature fusion in UAV imagery still faces an important problem.
Variations in flight altitude can cause significant scale changes, which often weaken the
spatial correspondence assumed by FPN/PAN-style architectures and lead to misalign-
ment during cross-layer fusion. Future work must prioritize feature alignment, geometric
consistency, and background suppression under extreme scale variation.

Attention mechanisms improve small-object detection by emphasizing informative
responses and suppressing irrelevant background noise [77]. Although channel attention
is easy to integrate into convolutional networks, it lacks explicit spatial modeling. By
comparison, spatial attention is more effective for highlighting key regions and improving
localization, though it may be less effective in capturing channel-wise semantic differences.
Self-attention [78] improves global context modeling by capturing long-range dependen-
cies, which is helpful for detecting small objects in cluttered scenes, although it usually
comes with higher computational cost and weaker preservation of local details. In addition,
hybrid designs, such as interactive feature pyramid network (IFPN) [79], channel–spatial
cross-correlation [80], and multi-scale weighted fusion [81] are attempts to combine com-
plementary strengths. Although much progress has been made in the research on attention
mechanisms, it is still necessary to clarify that the essence of attention lies in filtering valid
information. Small objects contain very limited extractable information, and critical feature
signals are highly likely to be lost during the filtering process. Further improvements are
still needed in efficiency, fine-detail preservation, and robustness in complex scenes.

Contextual modeling therefore introduces neighborhood cues, scene layout, and
semantic dependencies to compensate for weak object signals [82]. Early studies mainly
enlarged the receptive field through dilated convolutions and spatial pyramid pooling.
Current research, such as MS-MRFNet [83], still mainly enhances context at the feature-
fusion level, while explicit interactions between local details and global contextual cues
remain insufficiently explored. To improve context utilization, later studies moved toward
attention-guided local–global contextual modeling, such as MSA-DETR’s local–global joint
modeling [84], semantic associations and spatial dependencies modeling [85], and GAFPN’s
global-aware selective fusion [86]. The core difficulty is that contextual modeling relies on
reliable object–background correlations, yet UAV small objects are often sparsely scattered
across complex backgrounds where such correlations are too weak to establish robust
statistical associations. This renders context exploitation inherently fragile, particularly in
scenes with high background variability.

Global relation modeling focuses on capturing long-range dependencies among ob-
jects, backgrounds, and different image regions, which helps overcome the local limitations
of convolutional receptive fields. Tao et al. [87] proposed a multi-level feature enhance-
ment and global relation modeling framework for small-object detection. Wu et al. [88]
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further introduced a Mamba-based vision module to improve global dependency mod-
eling with linear complexity. To better address dense scenes and large scale variation,
Hu et al. [89] enhanced spatial correlation modeling through hybrid spatial–frequency fea-
ture extraction and a position relation decoder that integrates IoU and relative angle priors.
Tong et al. [90] improved cross-scale collaboration by dynamically adjusting fusion weights
across different scales, and Zhou et al. [91] introduced a context-spatial alignment module
based on RT-DETR to correct both contextual inconsistency and spatial misalignment.
Although global attention treats all spatial positions equally, UAV small objects occupy
sparse, low-signal regions that demand prioritized focus. This conflicts fundamentally
with the efficiency–accuracy trade-off, particularly under onboard resource constraints.

Table 4 summarizes the advantages, limitations, and applicable scenarios of these di-
rections. Discriminative feature enhancement has evolved from a local detail compensation
method into a global-oriented multi-dimensional enhancement collaborative framework.
Future research should further incorporate aerial-scene priors, object-scale distribution
patterns, and deployment constraints to better balance fine-grained representation, back-
ground suppression, and inference efficiency.

Table 4. Summary of five discriminative feature enhancement methods.

Technical Approach Advantages Limitations Applicable Scenarios

High-resolution
feature preservation

Preserves spatial details and
local textures

Prone to introducing
shallow background noise

Low-resolution scenarios
where detail loss is

pronounced

Multi-Scale feature
fusion

Reduces cross-level semantic
gaps

Spatial misalignment;
structural complexity is

relatively high

Scenarios with significant
scale variation

Attention
mechanisms

Highlights key features and
suppresses background

interference

Limited global modeling or
high computation cost

Complex backgrounds and
weak object saliency

Context modeling
Introduces surrounding

semantic cues and
object-background relationships

May introduce irrelevant
context or background bias

Scenes with occlusion,
clutter, or weak local

appearance

Global relation
modeling

Captures long-range
dependencies and improves

discrimination

High training and
deployment cost

Dense scenes with strong
object relations

3.2.3. Loss Function and Training Strategy Optimization

Optimizing the loss function and training strategy is another important route for
improving UAV imagery small-object detection. Compared with natural-scene detection,
aerial small objects are more likely to suffer from extreme foreground–background imbal-
ance, high sensitivity to localization errors, and inconsistency between classification and
regression supervision during training. Accordingly, existing studies have evolved from
simply replacing individual loss terms to a more collaborative optimization framework in-
volving classification loss, regression loss, sample re-weighting and optimization dynamics,
and label assignment.

Classification loss in UAV scenarios faces a severe information scarcity bottleneck.
Small objects occupy few pixels under complex backgrounds, dense layouts, weak tex-
tures, and high inter-class similarity, causing training to be dominated by easy negative
samples while hard, informative ones remain under-emphasized. Standard cross-entropy
may thus be insufficient. To address this, Ahmad et al. [92] proposed Dynamic Focal
Loss that adapts sample contributions based on data distribution and prediction con-
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fidence. Liu et al. [93] enhanced hard-sample supervision via dynamic weighting. For
fine-grained remote sensing detection with hierarchical labels and high inter-class simi-
larity, Cheng et al. [94] introduced balanced hierarchical contrastive loss with decoupled
learning for fine-grained remote sensing. Di et al. [95] incorporated the focal-learning idea
into classification supervision to improve robustness in degraded scenes. Despite these
refinements, a fundamental limitation persists: classification loss reweighting cannot create
discriminative information that does not exist in the feature space. For objects occupying
fewer than 20 pixels, even optimal weighting cannot compensate for the sheer absence of
distinctive texture or shape cues.

Compared with classification, bounding-box regression loss is more task-specific in
aerial small-object detection. The reason is that small objects are far more sensitive to
localization deviations: An offset that is tolerable for large objects may cause sharp IoU
fluctuations for small ones, thereby destabilizing regression supervision. To alleviate
this problem, Wang et al. [96] modeled bounding boxes as two-dimensional Gaussian
distributions and proposed the Normalized Wasserstein Distance (NWD), reducing IoU’s
over-sensitivity to minor offsets. Qu et al. [97] integrated NWD with GIoU in AMMFN
for UAV remote sensing. More recently, Guan et al. [98] further introduced Gaussian
Combined Distance (GCD) to address scale invariance limitations. However, a deeper
issue remains: NWD/GCD measures distributional similarity, whereas IoU measures
geometric overlap. These two objectives are not inherently aligned. These are not inherently
aligned. Optimizing for distributional proximity does not guarantee precise boundary
alignment, and the tension between these two objectives becomes more acute at smaller
scales. Thus, the shift from IoU to distribution-based metrics, while valuable, trades one
form of sensitivity for another rather than resolving the underlying regression ambiguity.

Although sample reweighting, hard sample mining, and gradient stabilization can ad-
dress the unequal contribution of different training samples, this issue is amplified by image
blur, dense occlusion, and inconsistent annotations. Uniform supervision tends to weaken
learning signals for hard samples and aggravate localization instability. Liao et al. [99] in-
troduced the WIoU method, which applies differentiated penalties to samples of varying
quality. Han et al. [100] integrated difficulty-aware gradients into localization. Sun et al. [101]
proposed Uncertainty-Aware Gradient Stabilization (UGS), which reformulates object local-
ization as a classification task and uses non-uniform label discretization to generate bounded,
confidence-driven gradients. Cheng et al. [102] enhanced training stability in dense scenes
through a dynamic non-monotonic focusing mechanism and auxiliary bounding boxes. These
methods share a common constraint: they operate within fixed network capacity, adjusting
how training signals are distributed rather than increasing the amount of usable information.
The fundamental cause of small-object learning difficulty is feature-level information loss
during downsampling. Therefore, no matter how sophisticated the reweighting strategy is, it
cannot recover the feature information that has been permanently lost.

Label assignment critically influences small-object performance. Static assignment
strategies based on fixed intersection over union (IoU) thresholds often lead to an insuffi-
cient number of positive samples or poor matching performance. To address the limitations
of IoU in handling minor offsets and cases where boxes do not overlap but are similar, recent
research has primarily explored adaptive assignment thresholds [103], the reconstruction
of similarity metrics [104], and dynamic sample assignment [105]. Shi et al. [106] further
proposed a dynamic adaptive label assignment (DALA) framework. This framework in-
tegrates similarity distance, positive sample ratio allocation, and dynamically weighted
loss without extra hyperparameters. Whether the threshold is fixed or adaptive, the Inter-
section over Union (IoU) threshold itself is arbitrarily set by humans. For extremely small
objects, even “dynamic” thresholds are merely empirically defined artificial rules. When
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ground-truth bounding boxes only occupy a handful of pixels, any threshold-based method
cannot fully define what constitutes a valid match. This indicates that disruptive alternative
approaches such as point-based detection schemes and set prediction architectures deserve
more research attention.

3.2.4. Model Lightweight Design

Onboard UAV platforms impose stringent constraints on computing power, memory,
and energy budgets, rendering most general-purpose detection networks unsuitable for real-
time deployment. Unlike generic lightweight tasks, UAV imagery small-object detection
faces a unique and fundamental tension: the compression of lightweight models will lead
to loss of fine-grained features of objects. Accordingly, existing studies have gradually
formed four main routes: model compression, lightweight structural design, task-specific
module optimization, and hardware–software co-deployment.

Model compression reduces network redundancy through knowledge distillation,
sparsification, and channel pruning, aiming to minimize performance degradation while
lowering complexity. Fan et al. [107] applied distillation atop optimized feature fusion to
transfer discriminative knowledge from teacher to student. To reduce the inference burden
caused by high-resolution feature preservation, Belmouhcine et al. [108] proposed dual-
training distillation where an early-upsampling network guides a late-upsampling detector.
Ma et al. [109] further combined response alignment, feature imitation, and structure preser-
vation, and they introduced channel pruning to preserve channels sensitive to small objects.
More recently, Wang et al. [110] developed ADD-Net by integrating a dynamic sampling
backbone, sparse global context modeling, a dual adaptive feature pyramid, and hybrid
knowledge distillation. Despite these refinements, structural contradictions still persist in
model compression: knowledge distillation and pruning are essentially means of regulat-
ing information loss rather than lossless information preservation. For small objects with
inherently sparse discriminative feature signals, any compression operation will further
weaken the already faint object responses, and the model’s information loss cannot be elim-
inated through parameter adjustment. Such an inherent trade-off means that optimization
schemes relying solely on compression techniques have an upper performance limit.

Lightweight structural design reduces redundancy by redesigning backbones, feature
propagation paths, and detection heads. Wang et al. [111] removed high-level branches
serving large objects and combined inverted bottlenecks with semantic-detail fusion.
Tan et al. [112] proposed a Lightweight Detail-Sensitive Network (LDSNet), which pre-
serves spatial details during downsampling through anti-aliasing smoothing and dual-path
feature extraction, and it reduces the computational cost of high-resolution prediction
with a deeply decoupled grouped head. Xiao et al. [113], from the perspective of edge
deployment, reduced the reliance on group convolutions and element-wise operations
with high memory-access cost. Li et al. [114] proposed an enhanced RT-DETR framework
AGEC-DETR that integrates an attention-gated backbone, an efficient small-object pyramid,
and context-aware multi-scale fusion to improve small-object representation while reducing
parameters and computational overhead. The current design of lightweight network struc-
tures has evolved from single operator replacement to a systematic optimization approach
featuring multi-module collaboration. Looking ahead, while lightweight architectures
reduce parameter counts and accelerate inference, they must fully account for architectural
adaptation constraints imposed by practical deployment environments such as onboard
hardware of unmanned aerial vehicles.

Task-specific module optimization tailors lightweight components to UAV-specific
degradation issues such as blur, noise, and low contrast. Wu et al. [115] enhanced the
feature restoration capability for degraded small objects by introducing a fast deblurring
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module, a dual-domain feature aggregation mechanism, and a lightweight multi-scale
fusion structure. To further improve detection under low-quality remote sensing conditions,
Lu et al. [116] proposed LEGNet with an Edge-Gaussian Aggregation (EGA) module to
sharpen weak structural details, suppress noise, and improve foreground–background sepa-
ration. Similarly, Wang et al. [117] proposed a dual-domain attention mechanism to recover
discriminative representations for small objects occluded or blurred. Yu et al. [118] em-
ployed adaptive feature selection, multi-layer feature fusion, and partial ghost convolutions
to dynamically filter and compress multi-scale information, which reduced the number of
parameters while strengthening the representation of key regions and detailed features.
Beyond convolution-based lightweight modules, Xia et al. [119] proposed EFSI-DETR,
which integrates dynamic frequency-spatial guidance and an efficient semantic feature
concentrator to enhance multi-scale feature fusion and fine-grained detail retention. Task-
specific lightweight optimization is shifting toward degradation-aware, detail-preserving,
and frequency–spatial adaptive designs for UAV small-object detection. Future research
should focus on improving their robustness across diverse degradation conditions while
maintaining real-time efficiency on onboard platforms.

Hardware-software co-design has become a critical step in transitioning lightweight
models from laboratory validation to practical embedded deployment. Unlike optimization
approaches that focus solely on the number of parameters and computational complex-
ity, this line of research places greater emphasis on aligning the model architecture with
hardware characteristics and balancing computational cost with real-time inference per-
formance. Guo et al. [120] proposed a lightweight adaptation of RT-DETR for embedded
UAV platforms, using wavelet convolution, spatial attention, and efficient feature fusion
to reduce the computational burden of Transformer-style token modeling. Wu et al. [121]
designed efficient downsampling modules and multi-core aggregation structures for edge
platforms, while optimizing feature-pyramid fusion to better balance extremely small-object
detection and inference efficiency. The lightweight deployment-oriented design is evolving
from pure model reduction to joint optimization of structure, computation pattern, and
hardware-resource constraints.

In summary, model lightweighting for UAV imagery small-object detection has
evolved from early parameter compression to a multi-level optimization system that com-
bines compression, structural reconfiguration, task customization, and deployment synergy.
Future research should pay more attention to the joint trade-off among lightweighting,
detection accuracy, and deployment efficiency, especially in small-object detail preserva-
tion, edge-friendly operator design, the coordinated use of compression and architectural
redesign, and end-to-end co-design for embedded platforms.

3.2.5. Infrared Small-Object Detection in UAV Imagery

Visible-light aerial imagery is susceptible to environmental interference, whereas in-
frared imaging relies on the intrinsic thermal radiation emitted by objects themselves, which
is independent of ambient illumination and effectively complements the discriminative
information for small and weak objects while suppressing background false alarms [122].
In recent years, small-object detection in UAV-based infrared aerial imagery has evolved
from traditional local contrast mechanisms toward network architectures characterized by
superior adaptability, higher efficiency, and enhanced global perception capabilities [123].
This field primarily faces three core challenges: feature attenuation, complex background
clutter interference, and significant object-scale variation.

Typical CNN architectures lack sufficient multi-scale interaction during the propaga-
tion of shallow features to deeper layers, resulting in a severe loss of texture information
for dim small objects. Although traditional attention modules can guide the model to focus
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more on small-object regions and suppress irrelevant background interference, they in-
evitably introduce redundant computational overhead [124]. To address this bottleneck, Li
et al. designed a lightweight attention module with cross-layer dual-feature fusion, which
dynamically adjusts channel and spatial weights to enhance responses, effectively improv-
ing the feature representation capability for weak objects [125]. Complex background
clutter interference is a critical difficulty in low signal-to-noise ratio (SNR) scenarios. Fang
et al. introduced a temporal difference convolution (TDC) re-parameterization module that
employs parallel branches at short-, mid-, and long-term temporal scales to capture motion
context. By leveraging temporal features as queries for cross-attention computation, this
approach effectively suppresses static thermal noise and complex dynamic background
interference, significantly reducing the false alarm rate [126]. Similarly, the UAMF model
proposed by Cui et al. aggregates effective information across consecutive frames through
an adaptive memory fusion mechanism, substantially enhancing the SNR of thermal in-
frared objects [127]. To address the challenge of significant object scale variation, Nan et al.
designed the cross-stage adaptive mixer (CSAM) module, which integrates multi-branch,
multi-receptive-field dynamic spatial feature mixing and visual adapters with various
kernel sizes, achieving precise multi-scale perception with extremely low computational
cost [128].

Recent advances in UAV-based infrared small-object detection have made notable
progress in feature enhancement, background suppression, temporal information exploita-
tion, multi-scale adaptation, and lightweight design, effectively compensating for the
previous overemphasis on visible-light imagery. Nevertheless, future efforts remain in-
dispensable to further improve cross-scenario generalization, detection capability under
extremely low SNR conditions, and false-alarm resistance in complex thermal backgrounds.
Furthermore, exploring the end-to-end joint optimization of temporal motion cues, visible-
infrared complementary features, and lightweight global modeling is a critical avenue for
breaking through the constraints of extreme onboard performance in UAV platforms.

3.2.6. Emerging Research Trends

Based on the five technical directions outlined above, an analysis of existing relevant
research reveals six emerging research trends in the field of small-object detection using
UAVs. These technological advancements primarily address the five core challenges
identified in Section 2.2.

Small-object-specific feature preservation. Because repeated downsampling can irre-
versibly weaken the fine-grained cues of pixel-sparse targets, recent methods increasingly
prioritize shallow, high-resolution, and frequency-sensitive representations. Representative
directions include dedicated small-object detection heads [64], detail-preserving backbone
designs [66], and frequency-domain feature enhancement [89]. For example, FDL-YOLO
introduces frequency dynamic convolution to improve sensitivity to high-frequency ob-
ject details, while CY-DETR employs a small-object-oriented feature pyramid to preserve
spatial information through adaptive feature enhancement. These methods primarily
address Challenge 1 by retaining boundary, texture, and localization cues that are easily
lost during deep feature extraction. They may also improve Challenge 3 by adapting the
representation to the object-scale distribution of UAV imagery. However, high-resolution
and frequency-sensitive features may amplify background noise and increase memory
access and computational cost.

Adaptive scale selection and cross-level alignment. Fixed feature-pyramid structures
are often insufficient for UAV imagery because changes in flight altitude and imaging
resolution produce substantial variations in object-scale. Recent work therefore moves
beyond uniform multi-scale fusion toward scale-selective and input-adaptive mechanisms.
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Representative approaches include adaptive fusion weights in cross-scale detection trans-
formers [90], scale-selective feature pyramids [71], and context-spatial alignment modules
that reduce semantic and spatial misalignment [91]. MAFSNet, FDL-YOLO, and RSMamDet
further illustrate the use of selective gating, high-resolution feature levels, and dimension-
aware cross-scale integration. These developments mainly address Challenges 1 and 4 by
improving the preservation of weak object cues under changing scales and heterogeneous
mission conditions. Nevertheless, dynamic fusion introduces additional architectural com-
plexity, and its effectiveness may depend on whether the training distribution adequately
covers the scale variations encountered after deployment.

Domain-aware augmentation and restoration. Recent data-centric research has shifted
from generic image transformation toward the generation and restoration of samples that
reflect the target UAV domain. Diffusion-based methods use domain adaptation, region-
weighted fine-tuning, or language-guided generation to synthesize samples with more
realistic object scales, backgrounds, and imaging conditions [61,63]. For example, region-
weighted diffusion fine-tuning emphasizes small-object areas, while controllable diffusion
pipelines can reduce the domain gap between synthetic and UAV imagery while preserving
object annotations. In parallel, deblurring and dual-domain feature aggregation methods
jointly recover detection-relevant structures and perform object detection under degraded
imaging conditions [115–117]. These approaches primarily address Challenge 2 and Chal-
lenge 5 by improving robustness to blur, low contrast, and other imaging degradations
while alleviating data scarcity and annotation limitations. However, synthetic data may
introduce unrealistic layouts or annotation inconsistencies, and restoration modules may
recover visually plausible but detection-irrelevant details.

Efficient Transformer-based and Mamba-based modeling. Recent architectural re-
search aims to retain the global modeling capability of Transformers while reducing their
computational and deployment costs. Deformable attention sparsely samples informative
spatial locations [39], whereas state-space models such as Mamba provide an alterna-
tive route to long-range dependency modeling with approximately linear computational
scaling [88,89]. CY-DETR combines Mamba-based state-space modeling with grouped
convolution, and RSMamDet replaces quadratic self-attention in RT-DETR with linear state-
space scanning and a MobileMamba backbone. DCAM-DETR further explores state-space
modeling for RGB–infrared fusion. These methods address Challenge 3 by improving the
efficiency of global context modeling and may support Challenges 1, 2, and 4 by strength-
ening scale-aware, contextual, and multimodal representation. However, efficient global
modeling does not automatically guarantee better small-object localization. Its practical
benefit still depends on the preservation of local high-resolution details, the quality of
multi-scale fusion, and validation on the target hardware.

Foundation-model adaptation. Vision–language and segmentation foundation models
are increasingly incorporated into UAV detection through open-vocabulary recognition,
prompt-based adaptation, and knowledge distillation [43,44,49,52]. CLIP- and SAM-based
approaches can provide semantic priors, novel-category recognition, and zero-shot or
few-shot transfer, which are particularly relevant when UAV datasets contain limited
annotations or rapidly changing target categories. These methods primarily address
Challenge 5 and may also mitigate Challenge 4 by improving adaptation to unfamiliar
scenes and domains. However, the transfer of foundation models from natural images
to UAV imagery remains constrained by differences in object-scale, texture, viewpoint,
and spatial density. Their localization accuracy for extremely small objects, robustness
under severe imaging degradation, and compatibility with onboard computation therefore
require further validation.
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Deployment-aware optimization. Recent lightweighting research has increasingly
come to recognize that parameter count and desktop GPU throughput are insufficient indi-
cators of UAV deployment suitability. Current directions include hardware–software co-
design [120], efficient downsampling and multi-core aggregation for edge platforms [121],
pruning and quantization, knowledge distillation, and hardware-aware architecture
search [107]. For example, recent YOLO-based methods combine structured channel
pruning, post-training quantization, and distillation to reduce computation while pre-
serving small-object performance. ADD-Net integrates dynamic sampling, sparse context
modeling, adaptive feature pyramids, and hybrid distillation, while FDL-YOLO applies
structured pruning to reduce redundant channels. These efforts directly address Chal-
lenge 3 by balancing representation quality with latency, memory, and energy constraints.
They also support Challenge 4 by enabling adaptation to heterogeneous edge platforms,
although cross-hardware generalization should not be assumed without direct embedded-
device evaluation.

Recent research has moved from isolated detector modifications toward coordinated
optimization across data generation, detail preservation, adaptive scale modeling, efficient
global reasoning, semantic transfer, and hardware deployment. The central challenge is that
these objectives remain coupled: preserving small-object details and improving robustness
often increase memory and computational demands, whereas aggressive compression may
further weaken already sparse object signals. Future studies should therefore evaluate
recent methods using scenario-aligned metrics, including APS, small-object recall, cross-
domain retention, degradation robustness, end-to-end latency, memory usage, and energy
consumption, rather than relying solely on overall mAP or desktop GPU speed.

3.3. Scenario Constraints Layer

Compared with the technique-oriented taxonomy in Section 3.2, this section analyzes
the applicability boundaries and onboard deployment suitability of different methods from
the perspective of real mission requirements. In this review, UAV imagery small-object
detection tasks are organized into five representative scenario constraints: low-altitude
dense object distribution constraints, high-altitude object visibility constraints, hardware
resource deployment constraints, imaging quality degradation constraints, and cross-
domain generalization constraints.

The following analysis provides qualitative discussions of scenario-specific consid-
erations that may inform model selection and evaluation design. These discussions are
intended to highlight practical factors beyond conventional accuracy metrics, rather than
to propose formal evaluation metrics. The quantitative implementation of such factors is
an important direction for future work.

3.3.1. Low-Altitude Dense Object Distribution Constraints

UAVs often fly at relatively low altitudes in tasks such as traffic monitoring, security
inspection, and crowd activity analysis to obtain higher spatial resolution. Low-altitude
imaging also increases the number of objects within a unit field of view, intensifies mutual
occlusion, and introduces more background clutter. In these scenarios, the central difficulty
is not object visibility alone, but whether densely distributed neighboring instances can be
reliably separated and accurately localized.

Recent studies have addressed this issue through multi-scale detail enhancement [102],
contextual modeling [129], and localization optimization for dense objects [130]. These
strategies help preserve fine-grained boundary cues, exploit surrounding contextual rela-
tionships, and improve box regression in crowded regions. Nevertheless, their effectiveness
is still constrained by severe inter-object overlap, background interference, duplicate predic-
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tions, and the limited discriminability of small-object boundaries. Therefore, low-altitude
dense scenes require not only stronger feature representation but also more reliable instance
separation and localization mechanisms.

The performance evaluation of models designed for such scenarios cannot rely solely
on the overall mean average precision (mAP), since average scores may obscure dense-
region errors such as missed detections, duplicate boxes, and unstable localization under
occlusion. In such scenarios, practical evaluation may benefit from more detailed error
analysis, including recall in crowded regions, false-positive suppression, duplicate detection
control, and localization stability, to better reflect real-world deployment performance. In
practical UAV missions, a detector with slightly lower overall mAP but fewer missed or
duplicate detections in dense regions may be more valuable than a benchmark-oriented
model optimized mainly for higher average scores.

3.3.2. High-Altitude Object Visibility Constraints

In large-scale missions such as maritime surveillance, border patrol, and disaster
search and rescue, UAVs often fly at high altitudes to ensure flight safety and expand area
coverage. However, high-altitude imaging sharply reduces the projected size of objects,
causing many objects to occupy only a few pixels. Their texture, boundary, and contrast cues
are consequently weakened. Therefore, the central challenge in high-altitude observation
is not only whether objects are visible, but whether they retain sufficient discriminative
representation for reliable detection.

To cope with weak visibility, existing methods mainly rely on cross-scale representation
enhancement [90], joint spatial–frequency domain modeling [89], and spatial relationship
compensation [131]. These strategies aim to preserve weak object responses, recover scale-
compressed details, and compensate for the loss of discriminative cues under long-range
observation. However, their effectiveness may still be limited by background noise am-
plification, unstable contextual priors, and the additional computational cost introduced
by fine-grained feature recovery. Compared with low-altitude dense scenes, high-altitude
scenarios depend less on separating adjacent instances and more on preserving or recon-
structing weak object evidence before it is suppressed by the background.

For high-altitude scenarios, evaluation may place greater emphasis on the recall rate
of small objects, the confidence stability of weak-texture objects, and detection consistency
across different flight altitudes and imaging scales. Additional analysis along these dimen-
sions, such as scale-wise recall, altitude-wise performance degradation, and confidence
calibration, can provide more informative evidence of practical reliability. In long-range
search and monitoring missions, recall usually has a higher operational priority, although
precision remains important for controlling false alarms and reducing downstream verifica-
tion costs.

3.3.3. Resource-Constrained Deployment Constraints

For tasks such as autonomous cruising, airborne early warning, and online track-
ing, UAV systems require that detection results be directly applied to flight control, path
planning, and mission scheduling. This application demand imposes strict constraints
on the detection model, necessitating stable operation under limited computational re-
sources. For small UAVs, the core challenge in practical model deployment is no longer
pursuing ultimate offline detection accuracy, but rather achieving continuous and reliable
environmental perception with low latency and high resource efficiency under stringent
hardware conditions.

To address this practical deployment need, recent research has shifted from relying
solely on model compression techniques toward the joint optimization of lightweight
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network architectures, efficient computational operators, and local feature enhance-
ment. For instance, inspired by the mechanisms of the biological visual cortex V2 area,
Zhang et al. [132] designed a lightweight feature extraction module, a hierarchical feature
fusion structure, and an adaptive sparse attention mechanism. This approach significantly
reduces computational cost while effectively enhancing the model’s ability to represent fea-
tures such as edges and texture details of small objects. Wan et al. [133] improved low-level
information for small objects by combining receptive-field attention with dynamic attention-
based upsampling, while also simplifying the overall network structure. Guo et al. [120]
introduced wavelet convolution, spatial attention, and a bidirectional dynamic feature
fusion pyramid, thereby reducing the deployment overhead of Transformer-based frame-
works on embedded platforms.

For resource-constrained deployment, practical model selection may also consider end-
to-end latency, memory footprint, energy efficiency, thermal stability, hardware compatibil-
ity, and long-term detection stability, in addition toconventional accuracy and complexity
metrics. In practical UAV deployment, a model with slightly lower benchmark accuracy
but more predictable latency and lower resource consumption may be more valuable than
one optimized mainly for peak offline performance.

3.3.4. Imaging Degradation Constraints

In scenarios such as nighttime surveillance, foggy patrol, backlight observation, high-
speed maneuvering, and infrared search, imaging quality is often degraded by low illu-
mination, atmospheric scattering, platform vibration, and relative motion. These factors
reduce the contrast of objects in aerial images, blur object boundaries, and obscure their
fine-grained texture information, thereby directly compromising the stability of detection
results. As a result, models trained on clean and well-exposed data often exhibit substantial
performance degradation after deployment under such conditions.

To address this problem, recent work has gradually shifted from focusing only on
detector improvement to jointly considering image restoration and detection. For instance,
Wu et al. [115] integrated fast deblurring module, dual-domain feature aggregation module,
and lightweight detection backbone into an end-to-end framework, which improves real-
time detection performance in blurred aerial imagery. For infrared UAV images affected by
motion blur, Wang et al. [134] adopted a clear/blur dual-branch architecture with shared
weights and further introduced feature-level supervision, frequency-structure guidance,
and consistency constraints to enhance discrimination under degraded conditions. More
importantly, these methods are designed not merely to improve subjective image quality,
but to recover the structural information most useful for detection and discrimination.

In general, imaging degradation scenarios rely more heavily on degradation-aware
feature modeling, frequency-domain compensation, and restoration–detection joint opti-
mization. Evaluation in such scenarios may emphasize performance drop under degra-
dation, robustness across adverse environments, and false alarm control under impaired
observations, in addition to clean-condition accuracy.

3.3.5. Cross-Domain Generalization Constraints

In real deployment, UAV detection models often need to be transferred across dif-
ferent regions, weather conditions, seasons, flight altitudes, and sensor specifications.
Consequently, there is often a substantial distribution gap between the training domain
and the object application domain. At the same time, large-scale reannotation for every
new environment is usually impractical in engineering settings. Under such conditions,
cross-domain generalization becomes a key factor determining whether a detector is truly
reusable over time.
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Existing research on cross-domain transfer mainly focuses on two directions: robust
semantic representation and data-level compensation. Park et al. [135] improved adapt-
ability to viewpoint, scale, and scene changes through visual–language joint modeling,
a visual semantic reasoner, and a relational learning loss. Qilong et al. [63] adapted a
diffusion model to the UAV domain and combined it with automated prompt construction
and CLIP-based filtering to generate high-quality image–label pairs, providing a novel
data compensation strategy for scenarios where samples are extremely scarce and domain
shift exists. Compared with methods optimized only for a single benchmark domain,
these studies pay greater attention to how detection capability can be preserved when the
environment, device, or observation condition changes.

For cross-domain scenarios, model assessment can be complemented by cross-dataset
retention rate, few-shot adaptation efficiency, and retraining cost, beyond source-domain
performance alone. From an engineering perspective, low transfer cost, rapid adaptation,
and stable environmental robustness are often more valuable than achieving the best
performance in a single aspect.

4. Mainstream Aerial Imagery Datasets and Evaluation Metrics
4.1. Mainstream Aerial Imagery Datasets

UAV imagery refers to images captured by unmanned aerial vehicles during
low-altitude flight, typically characterized by dynamic viewpoints, continuous motion,
and onboard sensor constraints. Aerial imagery is a broader category encompassing all
top-down or oblique images captured from airborne platforms, including both UAVs
and manned aircraft. Remote-sensing imagery refers to images acquired by satellites or
high-altitude aircraft for large-scale Earth observation, often with higher altitudes, larger
coverage, and fixed viewing geometries.

While these categories overlap in practice, the datasets selected in this review serve
different reference purposes. VisDrone2019 and UAVDT are standard low-altitude UAV
video datasets that closely resemble real deployment scenarios. DOTA is included as a
high-resolution aerial remote-sensing benchmark that provides oriented bounding boxes
and large-scale scene coverage, offering insights into rotation-robust detection. CARPK
focuses on dense vehicle counting in parking-lot scenes, while AU-AIR provides multi-
modal UAV data with flight-state metadata. Although DOTA and CARPK are not typical
low-altitude UAV video datasets, their inclusion enriches the review by covering additional
imaging geometries, scene structures, and annotation characteristics that are relevant to
UAV small-object detection.

This section provides a detailed elaboration of five widely used public datasets from
the perspectives of data source, acquisition scenario, UAV imaging characteristics, object-
scale distribution, annotation format, task suitability, and engineering relevance.

VisDrone2019 [136] is one of the most widely used low-altitude UAV video bench-
marks for general UAV vision tasks. It was collected from low-altitude urban and suburban
scenes under diverse weather, illumination, altitude, and viewing-angle conditions. The
dataset contains multiple traffic-related categories, such as pedestrians, cars, buses, bicy-
cles, and tricycles, and is characterized by dense object distributions, frequent occlusions,
background clutter, and large intra-class scale variations. In particular, its high proportion
of small objects makes it a core benchmark for evaluating small-object representation,
dense-scene robustness, and tracking stability in complex UAV urban environments.

DOTA [20] is a representative high-resolution aerial remote sensing dataset emphasiz-
ing large-field-of-view top-down imaging and arbitrary-oriented object detection. Different
from low-altitude UAV video datasets, DOTA mainly focuses on overhead aerial and re-
mote sensing imagery, where objects often appear with large scale differences and arbitrary
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orientations. With polygon or oriented bounding-box annotations, it is more suitable for
rotated detection, remote sensing scene modeling, and orientation-sensitive localization
analysis. However, because it lacks continuous low-altitude flight sequences and onboard
motion effects, it is less representative of dynamic UAV deployment scenarios.

UAVDT [137] mainly focuses on urban traffic monitoring and is built from UAV video
sequences collected across multiple cities, viewpoints, flight altitudes, and illumination
conditions. Compared with general UAV datasets, it focuses more on vehicle-related
categories and structured road scenes, while still retaining typical UAV challenges such
as camera motion, viewpoint changes, scale variation, motion blur, partial occlusion, and
dense traffic flow. Owing to its sequential and deployment-oriented characteristics, it is
widely used for vehicle detection, tracking, counting, and temporal stability evaluation in
UAV traffic surveillance.

CARPK [138] is a UAV-captured vehicle dataset focused on dense car counting in
parking-lot scenarios. It contains a large number of densely arranged cars with relatively
regular spatial layouts, making it valuable for evaluating dense object localization, occlusion
handling, and counting consistency under aerial views. Although it contains only one
category and has limited scene diversity, its controlled acquisition setting provides a useful
benchmark for analyzing detector performance in dense vehicle counting and top-down
UAV object localization.

AU-AIR [139] is a low-altitude UAV traffic monitoring dataset that provides multi-
modal data, including flight-related information and sensor metadata, making it particu-
larly useful for multimodal perception, navigation-aware detection, and studies integrating
visual features with flight-state cues. The dataset covers road traffic scenes with multiple
object categories and reflects typical low-altitude UAV challenges such as viewpoint varia-
tion, object-scale changes, partial occlusion, and background interference. Compared with
purely visual datasets, AU-AIR is more suitable for exploring UAV perception methods
that combine image content with platform-state information.

As shown in Table 5, annotated samples with bounding-box areas smaller than
32 × 32 pixels in five mainstream datasets were counted based on the absolute scale judg-
ment criteria. The statistical results reveal that small objects constitute a substantial propor-
tion in most UAV imagery datasets, yet there are remarkable discrepancies among different
datasets. As shown by Small object proportion in Table 5, the proportion of small objects
exceeds 60% in the VisDrone2019 and UAVDT datasets, while it accounts for 44.5% in
DOTA, 11.7% in AU-AIR, and only 2.1% in CARPK. This reflects the differences among
various datasets in terms of collection scenarios, object categories, and imaging conditions.

A dataset consists of original images together with manually annotated ground truth.
A benchmark is established on the basis of a dataset by defining fixed training–test splits,
evaluation protocols, and performance metrics, thereby enabling fair comparisons among
different algorithms. Benchmark bias arises when a benchmark’s scene distribution and
statistical characteristics of target scales fail to represent those encountered in real-world
deployment. For example, an algorithm extensively optimized for dense urban environ-
ments, such as those represented by VisDrone2019, may excel primarily at detecting small
objects in complex settings. However, when transferred to scenes with distinctive urban
characteristics, it may overfit and consequently experience performance degradation in
structured road environments, as represented by UAVDT, or in top-down parking-lot views,
as represented by CARPK. Conversely, a detector fine-tuned for large, high-resolution tar-
gets in UAVDT may suffer a substantial decline in performance when confronted with the
densely arranged, minuscule objects characteristic of VisDrone2019.
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Table 5. Mainstream aerial imagery datasets.

Dataset Source Scenario Classes Small-Object Proportion Main Use

VisDrone2019 AISKYEYE
Team, TJU

Urban low-altitude
UAV imagery 10 60.4% General UAV detection

and tracking

DOTA WHU Aerial/remote
sensing imagery 15/18 44.5% Rotated detection and

remote sensing analysis

UAVDT UCAS Urban road and
traffic monitoring 3 61.7% UAV traffic detection

and tracking

CARPK NTU and
GE-GRC

Parking lot aerial
view 1 2.1% Dense vehicle detection

and counting

AU-AIR Adelaide
University

Low-altitude traffic
monitoring 8 11.7% Multimodal UAV

perception

Note: Statistics are computed at the original native resolution of each dataset. Small objects:
area < 32 × 32 pixels (<1024 pixels2).

The foregoing analysis demonstrates that performance on public benchmarks cannot
be equated directly with performance in real-world UAV deployment. Actual UAV missions
vary considerably in flight altitude, scene structure, target categories, and environmental
conditions. Because no single benchmark dataset can comprehensively encompass the
full range of real-world circumstances, benchmark performance must not be treated as
synonymous with deployment performance.

Evaluation methods should be aligned with the intended application scenario. Al-
though a detector may exhibit strong performance after being trained on a particular
benchmark dataset, this does not guarantee comparable effectiveness in more complex
real-world deployment environments. Accordingly, the detector’s practical detection per-
formance should be assessed through cross-validation across multiple benchmarks and
datasets, rather than inferred from a single benchmark alone. This approach can more
fully reveal performance fluctuations under different scene distributions. In addition to
general-purpose evaluation metrics, task-specific measures should be incorporated; for
example, small-object detection tasks should place particular emphasis on metrics such as
APS and small-object recall.

4.2. Evaluation Metrics

This section summarizes the commonly used performance evaluation metrics for
small-object detection, as shown in Table 6. Intersection over Union (IoU) quantifies the
degree of overlap between the predicted bounding box and the ground-truth bounding
box, as illustrated in Figure 6a. The confusion matrix, shown in Figure 6b, provides a basis
for analyzing classification errors, missed detections, and false detections. It also serves as
the interpretive foundation for core metrics, such as precision, recall, and accuracy, and
mainly consists of four parameters.

Table 6. Evaluation metrics for object detection models.

Metric Formula Definition Purpose

Precision TP
TP + FP

Correct detections among all
predicted positives Measures prediction reliability

Recall TP
TP + FN

Detected objects among all
ground-truth objects

Measures detection
completeness and missed

detections
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Table 6. Cont.

Metric Formula Definition Purpose

F1-score 2TP
2TP + FP + FN

Harmonic mean of precision
and recall

Balances false positives and
missed detections

AP Area under the PR curve Detection accuracy for a single
class

Single-class detection
evaluation

mAP Mean AP over all classes Overall detection accuracy
across classes Overall detection evaluation

mAP@0.5 mAP at IoU = 0.5 Detection performance under
standard IoU threshold Benchmark testing

mAP@[0.5:0.95] mAP under multiple IoU
thresholds

Performance across different
localization accuracy

Localization accuracy and
robustness evaluation

APS Area < 32 × 32 Small-object AP Evaluates small-object
detection capability

APM 32 × 32 ≤ area < 96 × 96 Medium-object AP Evaluates medium object
detection capability

APL Area ≥ 96 × 96 Large-object AP Evaluates large object
detection capability

FPS Total frames
Total inference time

Frames per second Measures inference speed and
real-time performance

(a) (b)

Figure 6. (a) IoU calculation process. (b) Confusion matrix. A represents the area of the predicted
bounding box, and B represents the area of the ground-truth bounding box.

5. Experimental Results and Analysis
The experiments in this section are designed for illustrative and reference purposes.

They evaluate representative detectors under their respective default configurations on UAV
datasets with a unified input resolution, thereby complementing the qualitative analyses in
the preceding sections. The aim is to provide practical, configuration-specific performance
references that help readers understand what to expect when adopting these detectors
with their standard training recipes. This is not a controlled comparative study, nor is it
intended to rank detector families or draw universal conclusions about the superiority of
any particular paradigm. Given that this study specifically focuses on small-object detection,
we treat APS (Average Precision for objects with area < 32 × 32 pixels) as the primary
evaluation metric for assessing detector performance. Overall mAP@0.5 and mAP@0.5:0.95
are reported as complementary metrics to provide context on general detection capability.
These experiments aim to investigate the following questions:

1. How do detectors from different paradigms perform in UAV imagery small-object
detection tasks under the present experimental configuration?

2. Are improvements in overall detection accuracy consistent with improvements in
small-object detection performance?
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3. How do different UAV scene characteristics, such as dense object distribution, occlusion,
background complexity, and structured traffic scenes, influence model performance?

4. What accuracy–efficiency trade-offs are observed among the evaluated detectors?

The VisDrone2019 dataset contains complex urban scenes with dense small objects,
severe occlusions, and a large amount of complex background interference. The UAVDT
dataset corresponds to structured traffic monitoring scenarios. Due to the significant differ-
ences in data distribution between the two datasets, they can be complementarily used to
evaluate the performance of the detection models, thereby testing the models’ adaptability
to different scenarios. In this experiment, the VisDrone2019 and UAVDT datasets were
selected as the benchmark test datasets. From the three core architectures described in
Section 3.1, representative models were selected for quantitative comparative experiments.

5.1. Experimental Environment

To provide empirical reference points for representative detectors on UAV datasets, we
adopt a partially unified experimental protocol that standardizes data-level and evaluation-
level conditions while preserving each framework’s native training characteristics. As
shown in Table 7, we unify the input resolution, datasets, evaluation metrics, and hard-
ware/software environments.

Table 7. Experimental environment.

Hardware and Software Environment Training Hyperparameters

Environment Name Version Parameter Value

Operating System Ubuntu 22.04.1 LTS Images 640 × 640

CPU Intel(R) Xeon(R) Platinum 8352V Epochs 100

GPU RTX 4090 (24 GB) - -

CUDA 11.8 - -

Python Python 3.11.11 - -

Deep Learning Framework PyTorch 2.2.2 - -

Development Environment PyCharm 2024 - -

This study does not enforce unified training hyperparameters. Instead, we adopt each
detector’s framework-recommended or commonly used configuration. This design choice
is intentional: forcing a single optimizer or augmentation policy across all architectures
would unfairly favor some detectors while disadvantaging others that were designed with
specific training dynamics in mind. Since our goal is to illustrate how these detectors
behave under their standard usage practices, this design provides practically relevant
reference points while avoiding the artificial constraints of a fully uniform training setup.

During the data preprocessing stage, the annotation files of VisDrone2019 and UAVDT
were processed and converted into YOLO and COCO formats according to the input
requirements of the corresponding detection frameworks. The YOLO format was used
for the YOLO-series models, whereas the COCO format was used for Faster R-CNN,
Transformer-based detectors, and the COCO-protocol scale evaluation metrics, including
APS, APM, and APL.

During the training stage, we followed the standard practices of each model family.
Faster R-CNN used an ImageNet-pretrained ResNet-50 backbone, while YOLOv5n [140]
and YOLOv7-tiny used COCO-pretrained weights. SSD, FCOS, CenterNet, YOLOv8n [37],
YOLOv13n, RT-DETR, and Deformable-DETR were trained from scratch. This asymmetric
use of pre-training may influence the observed results. Each model adopted the data aug-
mentation strategies provided by its corresponding framework. YOLO-series models used
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the relatively strong augmentation policies provided by the Ultralytics framework, whereas
the other detectors used basic horizontal flipping. No dataset-specific augmentation tuning
was performed. Worker counts were set to 0, 4, or 8 according to the requirements of the
corresponding implementations to ensure stable training on the 24 GB RTX 4090 GPU, as
detailed in Table 7.

According to the optimization characteristics of the selected model implementations,
commonly used optimizer settings were retained. Faster R-CNN used SGD with a learning
rate of 0.001. SSD and FCOS used SGD with their corresponding framework configurations,
while the YOLO-series models used SGD with the settings provided by their implemen-
tations. Deformable-DETR used AdamW with β1 = 0.9, β2 = 0.999, ϵ = 10−8, a weight
decay of 10−5, and a step-decay schedule with lr_drop = 30. CenterNet used Adam with a
ReduceLROnPlateau scheduler. Detailed learning-rate schedules are provided in Table 8.

Table 8. Per-model detailed hyperparameter configurations.

Model Optimizer Learning Rate Weight Decay LR Schedule Batch/Workers

Faster R-CNN SGD 0.001 1 × 10−4 Cosine (step 50→100) 16/8

SSD SGD 0.001 5 × 10−4 Step decay (cfg defined) 8/4

FCOS SGD 0.001 1 × 10−4 Warmup (501) + Step-wise 16/4

CenterNet Adam 0.001 5 × 10−4 ReduceLROn Plateau 16/8

YOLOv5n SGD 0.01 5 × 10−4 Linear + Warmup (3 ep) 16/8

YOLOv7-tiny SGD 0.01 5 × 10−4 Cosine + Warmup (3 ep) 16/8

YOLOv8n SGD 0.01 5 × 10−4 Cosine + Warmup (3 ep) 16/8

YOLOv13n SGD 0.01 5 × 10−4 Cosine + Warmup (3 ep) 16/8

Deformable-DETR AdamW 0.001 1 × 10−5 Step decay (lr_drop = 30) 4/4

RT-DETR SGD 0.01 5 × 10−4 Cosine + Warmup (3 ep) 16/8

For the backbone networks, ResNet-50 was used for Faster R-CNN and Deformable
DETR, whereas the YOLO models used their native compact backbones. The YOLO variants
considered in this study are nano-scale or tiny-scale models and therefore have substantially
fewer parameters than several of the other evaluated detectors. This difference in model
capacity should be considered when interpreting the accuracy–efficiency trade-offs.

In the model evaluation stage, this study conducts a comprehensive multi-dimensional
assessment encompassing detection accuracy, small-object detection capability, model
complexity, and inference efficiency, thereby demonstrating the overall performance and
adaptability of various detection models across different UAV scenarios. The complete
set of evaluation metrics employed in this study, along with their specific definitions, is
detailed in Table 6.

The performance differences reported in Tables 9 and 10 reflect not only the architec-
tural characteristics of the evaluated detectors but also the combined effects of asymmetric
pre-training, non-uniform augmentation policies, optimization configurations, and model
scaling. The conclusions should therefore be interpreted as empirical observations under
the present partially unified but framework-aware configuration. They provide reference
information for model comparison and preliminary model selection, rather than definitive
claims about the inherent superiority or inferiority of any detection paradigm.
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Table 9. Detection performance of representative models on VisDrone2019 under framework-recommended configurations.

Paradigm Type Model P R F1 mAP@0.5 mAP@0.5:0.95 Params (×106) GFLOPs FPS APS APM APL

Two-stage detector Region-proposal-based Faster R-CNN 28.6 21.8 24.7 20.5 10.2 28.3 474.1 26.2 2.8 18.5 38.6

Classical
anchor-based

one-stage

Anchor-based SSD 26.1 48.2 33.9 16.9 9.6 24.9 138.8 42.6 5.6 15.9 17.2

Anchor-free FCOS 37.1 22.2 27.8 24.5 12.4 32.1 80.7 65.3 5.8 23.6 49.7

Anchor-free CenterNet 7.0 26.7 11.1 13.2 5.5 32.7 54.8 198.5 0.25 6.2 26.7

YOLO-based
real-time
detector

Anchor-based YOLO YOLOv5n 42.5 31.1 35.9 31.0 17.7 2.5 7.1 196.2 6.9 23.4 37.8

Anchor-based YOLO YOLOv7-tiny 35.2 30.5 32.7 23.5 12.3 6.0 13.3 261.2 6.2 16.6 24.0

Anchor-free YOLO YOLOv8n 42.7 32.2 36.7 31.8 18.2 3.0 8.1 204.0 7.2 23.1 37.2

Anchor-free YOLO YOLOv13n 41.9 31.5 35.9 30.8 17.4 2.4 6.2 56.1 6.9 22.7 37.3

Transformer-based
detector

End-to-end DETR Deformable-DETR 33.6 24.8 28.5 18.2 8.6 50.1 203.3 32.1 3.8 16.4 29.7

Real-time DETR RT-DETR 32.3 19.6 24.4 10.8 5.2 41.9 125.7 37.3 3.6 9.3 10.8

Note: Results are reported under the specific experimental configuration described in Section 5.1. Performance rankings may differ under other configurations.
These results are intended as reference observations rather than generalizable conclusions about any detectors.

Table 10. Detection performance of representative models on UAVDT under framework-recommended configurations.

Paradigm Type Model P R F1 mAP@0.5 mAP@0.5:0.95 Params (×106) GFLOPs FPS APS APM APL

Two-stage detector Region-proposal-based Faster R-CNN 50.8 44.6 47.5 48.2 26.8 28.3 474.1 26.0 13.8 38.5 63.2

Classical
anchor-based

one-stage

Anchor-based SSD 52.3 57.8 54.9 42.3 35.4 24.0 137.3 45.0 32.4 38.5 43.2

Anchor-free FCOS 31.4 26.9 28.9 20.3 9.0 32.1 80.6 66.9 7.6 19.1 26.8

Anchor-free CenterNet 8.9 46.0 14.9 8.2 3.8 32.7 54.8 237.8 1.8 7.6 12.4

YOLO-based
real-time
detector

Anchor-based YOLO YOLOv5n 43.4 33.6 37.9 26.5 13.1 2.5 7.1 178.5 20.5 21.7 27.4

Anchor-based YOLO YOLOv7-tiny 49.5 49.3 49.4 30.2 27.6 6.0 13.0 242.3 14.1 29.2 30.5

Anchor-free YOLO YOLOv8n 35.3 32.1 33.6 26.2 18.9 3.0 8.1 222.2 12.4 20.0 28.4

Anchor-free YOLO YOLOv13n 42.7 33.4 37.5 26.8 18.9 2.4 6.2 57.8 11.3 19.2 28.8

Transformer-based
detector

End-to-end DETR Deformable-DETR 62.3 48.7 54.7 24.5 12.8 50.1 203.3 32.7 6.2 21.4 38.7

Real-time DETR RT-DETR 43.2 39.5 41.3 29.1 21.8 41.9 125.6 41.6 15.8 26.5 30.3

Note: Results are reported under the specific experimental configuration described in Section 5.1. Performance rankings may differ under other configurations.
These results are intended as reference observations rather than generalizable conclusions about any detectors.
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5.2. Analysis of Experimental Results
5.2.1. Experimental Results on the VisDrone2019 Dataset

The experimental results in Table 9 show that, in complex UAV scenarios, there is a
significant gap between the APS and the overall mAP, and detecting small objects remains
challenging. For example, YOLOv8n achieves an mAP@0.5 of 31.8% but an APS of only
7.2%, while its APM and APL reach 23.1% and 37.2%, a discrepancy of over 16 percentage
points between small-object and medium-object performance. YOLOv5n and YOLOv13n
exhibit APS values of 6.9% and 6.9% compared to APM values above 22%. This gap is
even more pronounced for Faster R-CNN and RT-DETR. These results show that overall
detection accuracy is not necessarily consistent with small-object detection performance.
The considerable gap between APS and APM/APL suggests that APS should be considered
when evaluating UAV imagery small-object detection.

Under the present experimental configuration, the evaluated YOLO implementations
exhibit a favorable measured accuracy–efficiency trade-off. Among the models evaluated,
YOLOv8n yields the highest numeric mAP@0.5, mAP@0.5:0.95, and APS values. It should
be emphasized that this observation is configuration-specific; different hardware platforms,
training protocols, or resolution settings may lead to different results. YOLOv5n obtains an
mAP@0.5 of 31.0%, with 2.5 million parameters, 7.1 GFLOPs, and 196.2 FPS. YOLOv13n
obtains an mAP@0.5 of 30.8%, with 2.4 million parameters and 6.2 GFLOPs. In comparison,
Faster R-CNN requires 474.1 GFLOPs and obtains an mAP@0.5 of 20.5% and an APS of 2.8%.
Deformable-DETR contains 50.1 million parameters and requires 203.3 GFLOPs, while
its mAP@0.5 and APS values are 18.2% and 3.8%, respectively. Thus, under the present
configuration, the lightweight YOLO implementations show a more favorable measured
balance among accuracy, model complexity, and inference speed. This observation should
not be interpreted as evidence of the intrinsic superiority of the YOLO paradigm, because
the evaluated implementations use different initialization, augmentation, optimization,
and model-capacity settings.

The observations in Table 9 are broadly consistent with the challenges discussed in the
preceding sections, including dense object distributions, occlusion, complex backgrounds,
scale variation, and limited fine-grained information. These factors may contribute to
false positives, missed detections, and reduced localization quality, although the present
comparison does not isolate the contribution of any individual architectural component.
The results therefore support the need for task-specific techniques, including small-object
feature enhancement, multi-scale feature fusion, dense-object handling, occlusion robust-
ness, and lightweight model design, rather than the direct transfer of general-purpose
detectors without further adaptation.

From the perspective of the measured desktop-GPU results, YOLOv8n provides the
strongest reported accuracy among the evaluated lightweight models on VisDrone2019,
whereas YOLOv5n and YOLOv13n provide lower computational complexity. These ob-
servations may be useful for selecting preliminary baselines for UAV-oriented research.
However, actual onboard deployment decisions require evaluation on the target edge
hardware, since the FPS values reported here were obtained on an RTX 4090 GPU and do
not directly represent the latency, memory, or power consumption of a UAV platform.

5.2.2. Experimental Results on the UAVDT

As on VisDrone2019, the UAVDT results in Table 10 reveal a consistent gap between
overall mAP and APS, although the gap is less pronounced due to the larger object scales
in UAVDT. For instance, YOLOv5n achieves an mAP@0.5 of 26.5% but an APS of 20.5%,
while its APL reaches 27.4%, a more modest but still meaningful gap. Faster R-CNN, which
achieves the highest overall mAP of 48.2%, exhibits an APS of only 13.8%, far below its
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APM of 38.5% and APL of 63.2%. This indicates that even detectors that perform well on
medium and large objects may struggle with small-object localization. The UAVDT results
further confirm that APS is a more discriminating metric than overall mAP for evaluating
small-object detection performance, and it should therefore be given primary consideration
in detector selection for UAV applications.

The YOLO-series models provide relatively high measured inference speeds on the
RTX 4090 platform. YOLOv7-tiny and YOLOv8n reach 242.3 FPS and 222.2 FPS, respectively,
while YOLOv5n reaches 178.5 FPS. However, the highest mAP@0.5 among the evaluated
YOLO models is 30.2%, achieved by YOLOv7-tiny, and the highest APS is 20.5%, achieved
by YOLOv5n. These results show that high measured inference speed does not necessarily
correspond to the highest detection accuracy on UAVDT. Conversely, Faster R-CNN and
SSD obtain higher reported accuracy or small-object performance at a substantially higher
computational cost.

The ranking differences between UAVDT and VisDrone2019 suggest that the per-
formance of the evaluated implementations is dataset-dependent. UAVDT mainly repre-
sents structured traffic-monitoring scenes with relatively concentrated object categories
and regular background structures, whereas VisDrone2019 contains more diverse urban
scenes, dense objects, severe occlusion, and stronger background interference. Under
the present configuration, Faster R-CNN and SSD produce higher numeric accuracy on
UAVDT, while the lightweight YOLO implementations show a more favorable measured
accuracy-efficiency trade-off on VisDrone2019. This contrast is consistent with the scenario-
dependent nature of UAV imagery object detection. However, these observations are
limited to the specific configurations, datasets, and hardware evaluated in this study; they
should not be generalized to other settings without further validation. Nevertheless, be-
cause the current comparison does not control pre-training, augmentation, optimization
schedules, or model capacity, the observed differences should not be interpreted as general
evidence that one detector family is inherently better suited to UAVDT.

The UAVDT results are also consistent with the broader observation that detection
performance is jointly affected by scene composition, object-scale distribution, category
characteristics, training configuration, and computational cost. They further suggest that no
single accuracy or efficiency metric is sufficient for model selection. Instead, the selection of
a reference detector should depend on the target scene and the relative importance assigned
to overall accuracy, small-object recall, computational complexity, and inference speed.

From the perspective of the present desktop-GPU measurements, Faster R-CNN can be
used as an accuracy-oriented reference model for UAVDT-like scenes, whereas SSD provides
a compromise between accuracy and measured computational cost. YOLOv5n, YOLOv7-
tiny, and YOLOv8n provide higher measured inference speeds with lower parameter
counts and GFLOPs. These observations can provide preliminary references for subsequent
UAV-oriented optimization. However, they should not be regarded as direct deployment
recommendations, because actual edge or onboard deployment requires additional testing
on the target hardware and under the target application conditions.

In the preceding subsections, we have conducted quantitative experiments and anal-
yses on the VisDrone2019 and UAVDT datasets, supplemented these with qualitative
visualizations across five typical scenarios, and performed cross-domain quantitative eval-
uations. These results provide empirical support for the relevant discussions throughout
the paper. To establish a clear mapping between technical solutions, scenario constraints,
and experimental evidence, Table 11 systematically maps the core challenges and scenario
constraints defined in the framework to the technical solutions, datasets, evaluation metrics,
and experimental findings discussed in this study.
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Table 11. Framework—experiment mapping matrix.

Challenge/Scenario Relevant Technical
Solutions

Dataset/Experimental
Scenario

Metrics Quantified
in This Review

Potential Metrics for
Future Work

Experimental
Evidence Key Observations

Small-object
attributes (weak

texture, detail loss
from down-sampling)

High-resolution feature
preservation, shallow
feature enhancement,
cross-layer aggregation,
super-resolution, detection
head optimization

VisDrone2019,
UAVDT; high-altitude
low-visibility scenes

APS, small-object
Recall,

mAP@0.50:0.95
Localization stability Tables 9 and 10,

Section 5.3.2

Overall mAP does not
fully reflect

small-object detection
capability; APS should

be prioritized

Extreme scale
variation and

cross-layer semantic
misalignment

Multi-scale feature fusion,
adaptive scale selection,
deformable attention,
dynamic fusion

VisDrone2019, DOTA;
varying scale
distributions

APS, APM, APL,
AP under different

thresholds

Scale-wise recall,
altitude-wise
performance
degradation, confidence
calibration

Tables 2, 9 and 10

Dataset-scale
distribution alters

model rankings; no
single detector

dominates across scales

Dense distribution
and occlusion

Two-stage RoI refinement,
contextual modeling,
instance separation,
attention mechanisms,
scenario-aware
augmentation

VisDrone2019,
CARPK

Recall, Precision,
F1

Recall in crowded
regions, false-positive
suppression, duplicate
detection control,
localization stability

Section 5.3.1,
qualitative

results

Faster R-CNN achieves
higher recall but

produces redundant
boxes in dense regions

Complex background
and clutter

Spatial/channel attention,
frequency-domain
modeling, context
suppression, template
modeling, background
modeling

VisDrone2019,
infrared scenes,

UAVDT
Precision, F1

False-positive
suppression,
background-region FP

Section 5.3.3

Trade-off between
false-positive

suppression and
detection completeness

varies across
paradigms

Imaging degradation
(blur, low contrast,

low SNR)

Deblurring,
super-resolution,
dual-domain feature
aggregation, infrared
temporal fusion,
degradation-aware training

UAVDT, infrared
UAV data,

degradation scenarios

APS,
clean-condition

accuracy

Performance drop under
degradation, robustness
across adverse
environments, false
alarm control under
impaired observations

Section 5.3.3

Faster R-CNN: high
recall but many

redundant boxes;
YOLOv13n: balanced;

RT-DETR: less sensitive
to blurred small objects
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Table 11. Cont.

Challenge/Scenario Relevant Technical
Solutions

Dataset/Experimental
Scenario

Metrics Quantified
in This Review

Potential Metrics for
Future Work

Experimental
Evidence Key Observations

Domain shift and
data distribution gaps

Diffusion-based
augmentation, domain
adaptation, class-balanced
augmentation, knowledge
distillation, foundation
model adaptation

VisDrone2019,
UAVDT, DOTA,

AU-AIR

cross-dataset
retention rate, APS

degradation

Few-shot adaptation
efficiency, retraining cost,
low transfer cost, rapid
adaptation, stable
environmental
robustness

Tables 2 and 12;
cross-dataset

analysis

Benchmark
performance does not

directly equate to
general UAV

deployment capability

Resource-constrained
deployment

Lightweight backbone,
pruning, distillation,
low-memory operators,
Mamba, efficient
Transformer

UAVDT,
VisDrone2019

FPS, Params,
GFLOPs

End-to-end latency,
memory footprint,
energy efficiency, thermal
stability, hardware
compatibility, long-term
detection stability

Tables 9 and 10

Lightweight models
offer superior speed

and resource efficiency,
but compression may
sacrifice small-object

features

Note: Metrics listed under “Metrics Quantified in This Review” were quantitatively calculated and reported in this review. Metrics listed under “Potential Metrics for
Future Work” are proposed as promising evaluation directions but were not systematically quantified in the present experiments. They are discussed qualitatively in
the corresponding sections.
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5.3. Visualization Experiment of Typical Scenarios

To further reveal the applicable boundaries of different detection paradigms in complex
UAV scenarios, this study selects representative models from three mainstream detection
paradigms for comparative analysis, including the two-stage detector Faster R-CNN, the
one-stage detector YOLOv13n, and the Transformer-based detector RT-DETR. Based on
the VisDrone2019 and UAVDT datasets, the experiments select image samples covering
typical scenarios such as dense low-altitude objects, weakly visible high-altitude objects,
image degradation, and cross-domain transfer, and they conduct qualitative evaluations of
each model in terms of small-object feature representation, scale adaptability, localization
consistency, background interference suppression, and scene generalization ability.

Among them, the blue boxes in subgraph (a) of the following figures represent the
ground truth serving as the benchmark, and subgraphs (b), (c) and (d) show the detection
results of the Faster R-CNN, YOLOv13n and RT-DETR models in sequence.

5.3.1. Experiment on Scenarios with Dense Low-Altitude Objects

In scenarios with dense low-altitude objects, partial occlusion, densely clustered
objects, and complex road background, interference impose stringent requirements on the
detector’s recall capability for small objects and discrimination performance for crowded
objects. As illustrated in Figure 7b, Faster R-CNN delivers strong responses to some small
objects and can detect a considerable number of objects. Nevertheless, its region-proposal-
based detection mechanism tends to generate overlapping predictions in dense regions,
resulting in abundant redundant bounding boxes in detection outputs. Meanwhile, it
suffers from severe missed detections for extremely small objects and objects located at
image edges. As shown in Figure 7c, YOLOv13n produces generally neater bounding
boxes with almost no obvious redundant boxes, indicating excellent compactness of its
detection outputs. Compared with Faster R-CNN, it exhibits weaker responses to certain
small objects, leading to substantial missed detections in heavily congested vehicle areas
and faraway small-object regions, alongside a small quantity of false positives. As depicted
in Figure 7d, RT-DETR achieves relatively accurate detection of large-scale objects with
distinct appearances and produces well-aligned bounding box localization. Yet it lacks
sufficient sensitivity to small objects, particularly densely packed pedestrians, cyclists, and
distant vehicles, resulting in prominent missed detections.

Figure 7. Visualization diagram of detection results under the scenario of dense low-altitude objects.
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Experiments show that for such dense low-altitude scenes, Faster R-CNN achieves
high recall yet suffers from severe redundant predictions; YOLOv13n generates more
concise outputs but lacks adequate recall for small objects; RT-DETR provides stable
localization but possesses limited detection performance for clustered small objects.

5.3.2. High-Altitude Visibility Experiment

In scenarios with limited visibility at high altitudes, object scales are further reduced,
visual details of vehicles are significantly degraded, and some objects only appear as
low-resolution blobs, posing great challenges to detectors in perceiving small objects and
achieving precise localization. As illustrated in Figure 8b, Faster R-CNN can detect most ve-
hicle objects and exhibits strong responses to small-scale vehicles, yet it generates numerous
overlapping bounding boxes at road intersections and in densely trafficked areas. This indi-
cates that its region proposal mechanism tends to introduce redundant predictions in scenes
with small objects featuring weak textures. As shown in Figure 8c, YOLOv13n produces
relatively concise bounding boxes with drastically reduced redundant ones and delivers
favorable localization performance for major vehicle objects. Constrained by excessively
small-object sizes and insufficient detailed information, some distant vehicles and objects
in marginal areas fail to be detected, resulting in non-negligible missed detections. As
depicted in Figure 8d, RT-DETR yields stable detection results, outperforming YOLOv13n
in localization accuracy for certain vehicles and generating more regular bounding boxes.
Nevertheless, it still suffers from missed detections for vehicles with extremely small scales
or indistinct visual features.

Figure 8. Visualization diagram of detection results under scenarios with limited high-altitude visibility.

Experiments show that under high-altitude low-visibility conditions, Faster R-CNN
achieves a high recall rate but generates abundant redundant predictions; YOLOv13n out-
puts streamlined results with stable localization; RT-DETR boasts advantages in bounding-
box localization quality. All three models, however, are constrained by the degraded
features of small objects.

5.3.3. Imaging Degradation Scene Experiment

In imaging degradation scenarios, as shown in Figure 9a, the discriminability between
vehicles and roads, shadows, as well as surrounding environments is reduced, significantly
increasing detection difficulty. As shown in Figure 9b, Faster R-CNN still delivers strong
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responses to most vehicle objects and can detect a large number of small-scale objects.
However, overlapping or duplicate detection boxes tend to appear in densely packed
object areas and regions with complex background textures, indicating that its region
proposal generation process is sensitive to degraded images and certain redundancies
exist in detection results. As shown in Figure 9c, YOLOv13n generates generally more
compact detection boxes with drastically reduced redundant detections and achieves
favorable recognition performance for major vehicle objects. Nevertheless, affected by
blurred imaging and weak boundaries, some distant small objects and low-contrast objects
are missed, while a small number of false detections emerge in partial regions. As shown
in Figure 9d, RT-DETR produces relatively conservative detection outputs with fewer
bounding boxes than the previous two models and reduced false detections, yet it exhibits
inadequate responses to blurred small objects and extremely distant vehicles, leading to
more prominent missed detections.

Figure 9. Visualization diagram of detection results under image degradation scenarios.

The experiments show that under imaging degradation conditions, Faster R-CNN
boasts strong recall performance but generates abundant redundant boxes; YOLOv13n
strikes a relatively balanced trade-off between detection integrity and output conciseness;
RT-DETR achieves effective false detection suppression, yet its sensitivity to small objects
with faint textures still needs improvement.

5.3.4. Cross-Domain Generalization Experiment

As shown in Figure 10, the first row presents the cross-domain experimental results of
Faster R-CNN, the second row presents those of YOLOv13n, and the third row presents
those of RT-DETR. The first and fourth columns correspond to the experimental results
on the VisDrone2019 dataset, while the second and third columns correspond to the
experimental results on the UAVDT dataset.

For the models trained on the VisDrone2019 dataset, the in-domain detection results
are shown in Figure 10a,e,i. Faster R-CNN and YOLOv13n achieve good detection accuracy
in urban scenes with complex backgrounds, dense objects, and a high proportion of small
objects, whereas RT-DETR suffers from a large number of missed detections. After these
models are directly transferred to the UAVDT dataset, as shown in Figure 10b,f,j, they can
still detect the main vehicle objects, but their confidence stability, scale adaptability, and
localization consistency decrease in structured traffic monitoring scenarios, with many
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false positives observed. This indicates that the features learned from dense small-object
scenes cannot fully adapt to the object-scale distribution and scene prior information of the
UAVDT dataset.

The model trained on UAVDT shows more regular and stable in-domain detection be-
havior, as shown in Figure 10c,g,k. This is primarily attributed to UAVDT’s focus on traffic
monitoring as its core scenario, where the image structure is relatively clear, background
interference is minimal, and the proportion of medium- and large-scale vehicle objects is
relatively higher. Under such conditions, the model can more readily leverage stable scene
structures and complete object appearance features for discrimination. However, when
the model is transferred to the VisDrone dataset for detection, as shown in Figure 10d,h,l,
missed detections increase significantly in dense regions, the response capability for small
objects weakens, and the model’s robustness notably declines in the presence of complex
backgrounds and frequent occlusions.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 10. Cross-domain comparative experiments on the VisDrone2019 and UAVDT datasets.

To evaluate the cross-domain object detection performance of different models across
UAV datasets, this study conducts quantitative experiments using the validation sets of
the VisDrone2019 and UAVDT datasets. To ensure the fairness and comparability of the
experimental results, all models were evaluated under identical inference configurations.
The input image size was uniformly set to 640 × 640 pixels, while both the confidence
threshold and the IoU threshold for NMS were set to 0.5. When calculating metrics such
as precision and recall, the IoU threshold for matching predicted bounding boxes with
ground-truth boxes was likewise set to 0.5. To address differences in category definitions
and category indices between the two datasets, the relevant objects were consistently
mapped to three categories (car, bus, and truck), and a unified category-indexing scheme
was adopted for evaluation. The evaluation metrics were calculated according to the COCO
protocol and primarily include mAP@0.5:0.95, mAP@0.5, precision, and recall.
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Table 12 presents the results of cross-domain quantitative experiments. Based on the
experimental data in the table, the following three conclusions can be drawn:

Transferring a model trained on a complex domain to a simpler domain can lead to
performance gains on coarse metrics, but at the cost of precision and localization accuracy.
Taking Faster R-CNN as an example, after being trained on VisDrone2019, the model
achieved an mAP@0.5 of 42.5% on UAVDT, substantially surpassing its performance under
in-domain evaluation. This finding suggests that features learned from challenging aerial-
view scenes can be effectively transferred to less demanding scenarios. However, this
improvement entails a pronounced trade-off: cross-domain precision declined to 30.9%,
while the APS metric only slightly increased from 6.1% to 7.2%. Although recall and
mAP@0.5:0.95 improved, the substantial drop in precision indicates a sacrifice in output
reliability rather than localization accuracy.

Dataset complexity imposes a fundamental constraint on the performance of object
detection models. This effect is particularly pronounced in small-object detection and is
clearly reflected in the asymmetric results of the cross-domain experiments. When models
trained on the less complex domain are directly transferred to the more complex domain,
all detectors exhibit substantial performance degradation. For example, in the UAVDT to
VisDrone2019 transfer setting, the mAP@0.5 of YOLOv13n drops sharply from its in-domain
performance of 20.0% to 7.0%, while its APS declines dramatically from 7.7 to 0.1. Similarly,
the APS of RT-DETR decreases from 13.5 to 1.3. These results clearly demonstrate that
complex datasets characterized by densely distributed small objects, severe occlusion, and
substantial background clutter create a critical performance bottleneck for object detectors,
one that cannot be overcome through domain transfer alone. By contrast, the reverse
transfer from VisDrone2019 to UAVDT achieves a markedly higher performance retention
rate, further confirming that the disparity in difficulty between domains is inherently
asymmetric and primarily determined by the scene complexity of the target domain itself.

While in-domain training generally provides a strong and reliable baseline, the cross-
domain results reveal a more nuanced picture. For some detectors, transferring from a
complex domain (VisDrone2019) to a simpler domain (UAVDT) can yield higher mAP@0.5
due to improved recall, but this often comes at the cost of reduced precision and only
marginal gains in small-object detection. Conversely, transferring from a simpler domain
(UAVDT) to a more complex one (VisDrone2019) leads to catastrophic degradation in both
overall accuracy and APS. Therefore, in-domain training tends to provide more consis-
tent and reliable performance, particularly for small-object detection, although specific
metrics such as mAP@0.5 may improve under certain cross-domain transfer settings. In
practical deployment, cross-domain transfer may offer recall-oriented benefits in less de-
manding scenarios, but this comes at the expense of output reliability and small-object
localization quality.

Table 12. Cross-domain quantitative experiment.

Detector Train Data Test Data P R mAP@0.5 mAP@0.5:0.95 APS APS
Retention

APS
Degradation

Faster R-CNN

VisDrone2019 VisDrone2019 52.2 48.9 28.2 13.3 6.1
118.0 −18.0

VisDrone2019 UAVDT 30.9 68.6 42.5 19.6 7.2

UAVDT UAVDT 38.0 68.5 12.9 4.1 1.8
5.6 94.4

UAVDT VisDrone2019 40.4 26.8 6.3 2.3 0.1
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Table 12. Cont.

Detector Train Data Test Data P R mAP@0.5 mAP@0.5:0.95 APS APS
Retention

APS
Degradation

YOLOv13n

VisDrone2019 VisDrone2019 60.5 50.5 30.2 22.0 6.4
143.8 −43.8

VisDrone2019 UAVDT 44.5 35.2 28.2 16.2 9.2

UAVDT UAVDT 40.2 54.1 20.0 11.6 7.7
1.3 98.7

UAVDT VisDrone2019 28.9 20.3 7.0 4.2 0.1

RT-DETR

VisDrone2019 VisDrone2019 76.3 42.5 13.9 9.5 4.7
178.7 −78.7

VisDrone2019 UAVDT 58.0 64.7 19.0 10.7 8.4

UAVDT UAVDT 48.2 70.4 24.7 24.7 13.5
9.6 90.4

UAVDT VisDrone2019 36.6 22.4 8.5 5.5 1.3

Note: APS Retetion = APScross/APSin; APS Degradation = (APSin − APScross)/APSin. All results in
this table use a unified three-class protocol (car/bus/truck, 640 × 640, conf = 0.5, NMS = 0.5, COCO
metrics) and are not directly comparable to Tables 9 and 10, which use original category definitions
and framework-recommended settings.

6. Conclusions and Future Work
6.1. Conclusions

Different from existing reviews of general small-object detection or general UAV object
detection, this review provides a task-specific review of deep learning-based small-object
detection in UAV imagery from problem-driven, deployment-oriented, and symmetry-
informed perspectives. In this review, the symmetry-informed perspective refers to the
need to maintain stable detection performance under scale variation and transformation-
related changes caused by UAV imaging, including changes in viewpoint, object orientation,
image quality, and scene conditions. By integrating challenge analysis, scenario-aware
method review, and partially unified benchmark evaluation, this work provides a practical
reference for method selection and deployment in UAV small-object detection.

The review and experimental results indicate that the performance of deep learning-
based UAV small-object detectors is not determined by the detection framework alone. It is
jointly influenced by object-scale distributions, imaging conditions, background complexity,
training strategies, and onboard computational-resource constraints. Substantial scale varia-
tion and transformation-related appearance changes can weaken feature representation and
reduce detection stability for small objects. Experiments based on the VisDrone2019 and
UAVDT datasets further demonstrate that the performance rankings of different detectors
vary across different datasets, indicating that existing methods remain highly dependent
on dataset characteristics and specific application scenarios. There is no single detector
capable of maintaining optimal performance across all UAV scenarios.

Under the specific experimental configuration evaluated in this review, the lightweight
YOLO implementations exhibit a measured trade-off among detection accuracy, inference
efficiency, and deployment cost that may be advantageous for resource-constrained applica-
tions. This observation is configuration-specific and should not be interpreted as a general
claim about the inherent superiority of the YOLO family. In different scenarios, particularly
those with different hardware platforms, training protocols, or dataset characteristics, other
paradigms such as Faster R-CNN or SSD may offer complementary strengths.

It should be emphasized that detector selection involves inherent trade-offs among
accuracy, speed, and computational cost. For instance, on UAVDT, Faster R-CNN achieves
the highest mAP@0.5 but requires 474.1 GFLOPs, whereas YOLOv7-tiny attains 30.2%
mAP with only 13.0 GFLOPs, a 36-fold reduction in computation. On VisDrone2019,
YOLOv8n (3.0M parameters, 8.1 GFLOPs) outperforms Faster R-CNN (28.3M parameters,
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474.1 GFLOPs) by 11.3 percentage points in mAP. These varying results across datasets
indicate that the optimal choice depends on the specific accuracy, speed, and resource
constraints of the target application.

The experimental results of this review also reveal an important methodological
insight: some detectors that perform well on comprehensive evaluation metrics, such as
overall mAP, may not deliver satisfactory results in small-object detection tasks. Therefore,
when selecting performance evaluation metrics for small-object detectors used in UAV
applications, APS should be prioritized rather than relying solely on overall mAP.

In contrast, while two-stage detectors and Transformer-based detectors offer certain
advantages under specific conditions, their performance is more dependent on the degree
of alignment between task characteristics, data distribution, and training configurations,
and they face significant challenges under current deployment conditions with limited
onboard resources. Therefore, when designing practical UAV imagery object detection
systems, the focus should not be solely on achieving optimal single-point performance;
rather, the design should be task-driven, balancing accuracy, cross-domain robustness, and
hardware compatibility. This study has several limitations:

1. This evaluation of detector performance is limited to the VisDrone2019 and UAVDT
datasets, which primarily reflect urban traffic and low-altitude surveillance scenar-
ios. Adverse weather conditions, nighttime environments, disaster scenarios, and a
broader range of drone applications are not fully covered.

2. Although the experiment demonstrated the performance of detectors under different
paradigms, it did not include some of the latest methods specifically optimized for
UAV imagery datasets.

3. This performance evaluation employs the training configurations recommended by
each framework, rather than a strictly standardized training configuration. Although
this asymmetry was intentionally adopted to respect the standard practices of each
framework, it introduces confounding factors that prevent direct comparisons across
detectors under controlled conditions. Therefore, the reported results should be
regarded as reference observations specific to the evaluated configurations, rather
than a universally applicable ranking of frameworks.

4. The experiments are restricted to RGB-based object detection and do not include
systematic multimodal evaluations using infrared imagery or LiDAR.

5. The performance of models trained on the UAVDT dataset is limited by the 100-epoch
setting. Although 100 epochs of training are sufficient for VisDrone2019, this may not
be enough to achieve full convergence for the larger UAVDT dataset (approximately
23,000 images). Therefore, the in-domain performance of UAVDT reported in this
review may be underestimated, and the cross-domain results with UAVDT as the
target domain should be considered preliminary observations that require further
training to validate;

6. Deployment feasibility is assessed mainly through model complexity, inference speed,
and computational cost, whereas real-world tests on embedded UAV hardware are
lacking. The deployment analysis in this review is based solely on desktop GPU
test results and can only provide a preliminary reference for deployment efficiency.
During actual deployment, further consideration must be given to issues such as
power consumption, memory access, communication latency, and integration with
the flight control system.
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6.2. Future Work

In view of the above limitations and recent research progress, future work on deep
learning-based UAV small-object detection should focus on the following directions:

1. Fine-grained and transformation-robust representation for small objects. In low-
altitude scenes with densely distributed objects, detectors still struggle with weak
textures, low resolution, blurred boundaries, and substantial scale variation. This
indicates that current models have limited representational capacity for preserv-
ing small-object details under changing viewpoints, scales, and imaging conditions.
Future work should improve shallow-detail preservation, high-resolution feature re-
construction, multiscale fusion, and robustness to transformation-related appearance
variation, while exploring super-resolution, generative enhancement, and foundation
models for small-object detection.

2. Introducing multi-modal data sources to enhance robust perception in complex en-
vironments. At present, factors such as nighttime scenes, rain, fog, backlighting,
and motion blur still create major difficulties for detection systems that rely only on
visible-light images. Future work should integrate modalities such as infrared, Li-
DAR, and platform status information, while addressing issues including cross-modal
alignment, modal conflicts, missing modalities, and reliability assessment, in order to
improve detection stability under complex conditions.

3. Lightweight deployment for airborne platforms. Lightweight YOLO models have
demonstrated strong engineering adaptability, but they are still constrained by the
limited computational resources of UAV airborne platforms. Future efforts should
strengthen pruning, quantization, distillation, reparameterization, dynamic infer-
ence, and hardware-software co-design to enhance model deployment capability on
embedded airborne platforms.

4. Spatiotemporal modeling for dynamic tasks. Since single-frame detection struggles
to fully utilize the temporal information collected during continuous flight and is
prone to performance degradation in cases of occlusion, blur, and short-term ob-
ject disappearance, future work should strengthen cross-frame association, motion
compensation, temporal contextual modeling, and joint optimization of detection
and tracking. Adaptability design should also be carried out for tasks such as traffic
monitoring, disaster search and rescue, and border patrol.

5. Dataset construction and evaluation system improvement for cross-domain applica-
tions. Existing public datasets have insufficient coverage of extreme weather, night-
time scenarios, disaster environments, and cross-platform differences, limiting the
generalization ability of current detection methods under distribution shift condi-
tions. Future efforts should focus on constructing datasets that more closely resemble
real-world tasks and establishing a multidimensional evaluation system encompass-
ing robustness, temporal stability, inference efficiency, energy consumption, and
deployment costs.

6. Multi-dimensional collaborative optimization. The performance of UAV small-object
detection models is constrained by multiple factors, including data, training, hard-
ware, imaging conditions, and task environments. Relying solely on local architectural
improvements to gain detection benefits has become highly limited. Future research
should promote end-to-end collaborative design encompassing the task environ-
ment, detection model, and onboard deployment, forming a closed-loop optimization
framework oriented towards real-world tasks.
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