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Abstract

Low-altitude UAV aerial imagery often has complex backgrounds with densely distributed
small objects, posing challenges to accurate small-object detection. To address these prob-
lems, we propose a spatial-frequency response aware synergistic network for small-object
detection in low-altitude UAV aerial imagery. A Frequency-Response-Aware Enhancement
Module (FRAEM) is designed to effectively extract discriminative features. The module
employs a deterministic stage-aware filtering strategy: Scharr-based edge-sensitive filtering
is used in the shallow stage, whereas Gaussian smoothing is used in deeper stages, enabling
complementary enhancement of hierarchical representations. A Detail Feature Fusion mod-
ule (DFFusion) is then developed to improve the efficiency of multi-scale feature fusion.
The existing Content-Aware Reassembly of Features (CARAFE) operator is employed for
content-aware upsampling and feature alignment, after which DFFusion uses learnable
scalar weighting to integrate high-resolution detail information with low-resolution con-
textual information. A Lightweight Adaptive Decoupled Head (LADH) is also designed
to reduce complexity. LADH asymmetrically allocates computational capacity across the
prediction tasks: the confidence branch retains stronger spatial processing, whereas the
classification and regression branches use lightweight projections; depthwise separable
convolution serves as an efficiency-oriented implementation choice. Experiments on the
VisDrone2019 and DOTA-v2.0 datasets demonstrate that the proposed method can achieve
balance between detection performance and model complexity over mainstream detection
methods. Ablation experiments also prove the effectiveness of the proposed components.
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imaging-based wildfire surveillance [5,6]. Reliable onboard visual perception is vital to
these applications, while accurate object detection serves as one of its core capabilities.

Modern object detectors are predominantly based on deep networks [7-27] and have
benefited from fast developments in visual representation learning and image recogni-
tion [28-30]. Object detection methods can be generally divided into two categories: (1) two-
stage detectors (e.g., Faster R-CNN), (2) single-stage detectors (e.g., the YOLO series and
SSD). Two-stage detectors often have good detection accuracy with high computational
overhead and large model sizes, which can hinder real-time deployment on resource-
constrained UAV platforms. However, single-stage detectors jointly conduct localization
and classification, thereby offering favorable trade-off between detection accuracy and infer-
ence efficiency, which are more suitable for onboard UAV applications with computational
and latency constraints.

However, accurate small-object detection in low-altitude UAV imagery is challenging.
Owing to long imaging distances and view variations, objects (e.g., pedestrians and vehicles)
often occupy only a few pixels, and are often densely distributed with scale variations. In
addition, visual cues and spatial details are progressively attenuated during deep feature
extraction, making the objects difficult to distinguish from the background. Moreover,
complex aerial scenes contain repetitive patterns and target-like textures, which further
increase the difficulty of object detection.

Most existing UAV-oriented detection methods address these challenges primarily
in the spatial domain by introducing dedicated small-object detection heads, attention
mechanisms, or enhanced multi-scale feature fusion. However, small objects has weak
contrast and similar visual patterns compared with the background. Only using spatial-
domain cues may be insufficient for reliable detection. Frequency response aware analysis
provides a complementary perspective. High-frequency-based components contain edge,
boundary, and fine-texture information, while low-frequency-based components character-
ize slowly varying structures and global contextual information [31]. Frequency response
aware features can help spatial representations by highlighting subtle structural differences.

Recent studies have explored joint spatial-frequency aware feature modeling. Nev-
ertheless, many of them employ fixed or depth-independent processing strategies. Such
design cannot fully model the hierarchical characteristics of convolutional features. Shallow
layers generally preserve rich local details and spatial boundaries, which may benefit from
appropriate high-frequency-based enhancement. In contrast, deeper layers contain more
semantic information and require greater suppression of irrelevant responses. Applying
the same operation throughout the network may amplify background noise in deep fea-
tures and weaken discriminative details in shallow features. This observation motivates a
deterministic stage-aware filtering strategy that assigns different operations according to
the network-stage index rather than through a dynamically learned selector.

Computational efficiency is another challenge. Many accuracy-oriented networks
rely on complex feature-fusion necks or heavily coupled detection heads, resulting in
increased parameters with computational costs and memory consumption. This makes
it incompatible with onboard deployment on UAV edge devices. Therefore, an effective
UAV detector should enhance small-object representation while maintaining a lightweight
architecture, rather than improving accuracy at the expense of deployment efficiency.

Motivated by these observations, we propose a spatial-frequency response aware
synergistic network for small-object detection in low-altitude UAV imagery. Rather than
introducing new basic operators, the key idea is to coordinate complementary feature-
processing mechanisms according to their roles at different stages of the detection pipeline.
Shallow representations receive edge-sensitive processing to preserve local details, deeper
representations receive smoothing to suppress irrelevant rapidly varying responses, cross-
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scale fusion balances high-resolution details with low-resolution context, and the detection
head allocates different computational structures to distinct prediction tasks. Therefore, the
novelty of the proposed framework does not lie in the individual use of Scharr filtering,
Gaussian filtering, CARAFE, or depthwise separable convolution, but in their stage-specific
and task-specific coordination for UAV small-object detection. The main contributions are
summarized as follows.

1.  We develop an Efficient Feature Extraction Network (EFENet) with a stage-aware
complementary filtering strategy. Instead of applying a uniform enhancement opera-
tion across all network depths, Scharr-based edge-sensitive filtering is employed in
the shallow stage, while Gaussian smoothing is applied in deeper stages according
to the hierarchical characteristics of convolutional features. This deterministic stage-
dependent rule provides an explicit inductive bias for detail preservation in shallow
representations and suppression of irrelevant rapidly varying responses in deeper
representations.

2. We construct a Multi-Scale Detail-Enhanced Feature Fusion Network (MDEFNet) for
detail-preserving cross-scale integration. CARAFE is employed as an existing content-
aware upsampling operator for feature alignment, whereas the proposed DFFusion
mechanism focuses on the subsequent learnable integration of high-resolution detail
information and low-resolution contextual information.

3. We design a Lightweight Adaptive Decoupled Head (LADH) whose contribution lies
in an asymmetric task-specific structure rather than in a new convolutional primitive.
The confidence branch retains deeper spatial processing, while the classification and
regression branches use lightweight projections, thereby allocating computational
capacity according to the requirements of the three prediction tasks. Depthwise sepa-
rable convolution is adopted as an efficiency-oriented implementation choice rather
than being treated as a novel operator.

4.  Extensive experiments on the VisDrone2019 and DOTA v2.0 datasets demonstrate that
the proposed network achieves a favorable trade-off of detection accuracy, model com-
plexity, and inference speed compared with mainstream detectors. Ablation studies
further verify the effectiveness of the proposed components.

2. Related Work
2.1. Spatial-Domain Small-Object Detection for UAV's

Most existing UAV small-object detection methods used spatial-domain feature en-
hancement, including increased effective resolution, attention-based feature refinement,
and multi-scale feature aggregation. Gao et al. [32] combined parallel dilated convolutions
with a dedicated small-object detection head to enlarge the receptive field with fine-grained
target information. Sun et al. [33] proposed MIS-YOLOVS to alleviate feature degradation
by integrating multi-level feature extraction with adaptive spatial fusion. Wang et al. [34]
introduced PETNet which incorporated a prior-enhanced Transformer, a one-to-many
feature fusion mechanism, and additional shallow detection heads. To improve onboard
efficiency, Fan et al. [35] proposed LUD-YOLO, a lightweight YOLOv8-based detector that
employed multi-scale feature fusion and dynamic sparse attention to balance detection
accuracy and computational efficiency for deployment on resource-constrained UAV plat-
forms. Wang et al. [36] proposed RPLFDet which preserved low-level features through
RSConv and a residual downsampling module. Although these methods had achieved
steady detection improvements, they mainly enhanced feature representations within the
spatial domain. When small targets exhibited weak contrast or visual patterns similar to
background, spatial cues alone might insufficient for reliable discrimination. However, it
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was still hard for cluttered aerial scenes. The incorporation of complementary frequency
response aware information was necessary.

2.2. Spatial-Frequency Response Aware Detection

Frequency response aware analysis provided information that complemented spatial
appearance cues by separating visual components with different variation rates. High-
frequency components generally contained edge, boundary, and fine-texture information,
whereas low-frequency components mainly represented slowly varying structures and
global context [37,38]. Such frequency response aware representations could help re-
veal subtle structural differences between small objects and complex backgrounds. Liu
et al. [31] developed a spatial-frequency interaction backbone while Hu et al. [39] proposed
CSFPR-RTDETR, which integrated feature extraction with enhancement to strengthen the
discrimination of small objects from complex backgrounds. These studies demonstrated
the effectiveness of frequency-based cues. However, many existing methods used fixed
or depth-independent processing strategies. Such designs did not fully explore the hi-
erarchical characteristics of convolutional features. Shallow features retained abundant
edges and fine-grained spatial details, and may benefit from frequency response aware
enhancement. In contrast, deeper features contained more abstract semantic information
and required greater suppression of irrelevant responses. Applying a fixed processing
strategy may either amplify background noise in deeper layers or weaken discriminative
details in shallow layers.

2.3. Efficient and Lightweight Detection Components

Deploying object detectors on UAV edge devices imposed strict constraints on model
size, computational cost, memory consumption, and inference latency. Substantial models
had focused on improving efficiency. For feature extraction, lightweight architectures such
as MobileNetV4 [40], StarNet [41], and FasterNet [42] reduced computational overhead
through efficient convolutional designs. Depthwise separable convolution [43] further
decomposed a standard convolution into depthwise and pointwise operations with sub-
stantially reduced computational cost and parameter count. For multi-scale feature fusion,
feature pyramid architectures such as FPN [44], BiFPN [45], GFPN [46], AFPN [47], and
MAFPN [48] enhanced cross-scale feature interaction through different aggregation struc-
tures. CARAFE [49] performed content-aware feature reassembly to improve the quality of
upsampled feature maps. Building on these established operators, our work focuses on
coordinating complementary mechanisms across hierarchical feature extraction, cross-scale
fusion, and task-specific prediction rather than introducing the operators individually.

3. Methods

The overall architecture of the proposed spatial-frequency response aware synergistic
network for small-object detection in UAV imagery is given in Figure 1. The single-stage
network consists of an Efficient Feature Extraction Network (EFENet), a Multi-Scale Detail-
Enhanced Feature Fusion Network (MDEFNet), and a Lightweight Adaptive Decoupled
Head (LADH). EFENet adopts a progressively downsampled hierarchical architecture and
performs collaborative spatial-frequency response aware feature extraction to generate
multi-scale representations from the input image. MDEFNet then uses DFFusion to inte-
grate features at different resolutions through a learned scalar balance between aligned
high- and low-resolution streams. Finally, the fused features are fed into LADH, which
employs task-specific branches to predict bounding-box locations, object categories, and
confidence scores.
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Figure 1. Schematic of the proposed network architecture.

3.1. Efficient Feature Extraction Network

By jointly modeling with spatial-frequency response aware feature extraction, EFENet
enhances the representation of small objects in complex aerial scenes. The architecture
is illustrated in Figure 2a. EFENet adopts a four-stage hierarchical architecture with pro-
gressive downsampling. Each stage consists of a convolutional downsampling module
followed by a FRAEM.
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Figure 2. Schematic of the EFENet.

Specifically, the input image is processed by two convolutional downsampling mod-
ules, reducing its spatial resolution to 1/4 of the original size. The resulting features
are then refined by FRAEM, which emphasizes edge and fine-grained spatial informa-
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tion. In each subsequent stage, a convolutional downsampling module first reduces the
spatial resolution of the input features, after which FRAEM performs stage-dependent
Gaussian smoothing. This progressive design enables EFENet to construct hierarchical
spatial-frequency response aware representations across multiple feature levels. Finally,
the network outputs feature maps P, P4, and P5 at resolutions of 1/8,1/16, and 1/32 of
the input image, respectively. These feature maps provide complementary spatial details
and semantic information at different scales for subsequent feature fusion.

The structure of FRAEM is illustrated in Figure 2b. It applies a 1 x 1 convolution on
both the input and output to adjust the channel dimensions. An internal residual connection
is introduced to facilitate gradient propagation and stabilize the optimization of deep
networks. The intermediate features are processed by an Edge-Smoothing Enhancement
Module (ESEM), as shown in Figure 3.
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Figure 3. Schematic of the ESEM.

The core component of ESEM is the Edge-Gaussian Enhancement Layer (EGEL). EGEL
uses a deterministic stage-aware rule, rather than a learned gating mechanism, to select the
corresponding operation from the network-stage index. Specifically, edge enhancement is
applied when s = 1 to preserve fine-grained spatial details, whereas Gaussian smoothing
is applied when s > 1 to suppress irrelevant rapidly varying responses. This process is
formulated as follows:

F = Fedge + Fin,s =1, )
Feauss + Fin, s > 1.

where Fy, denotes the input feature, Feqge represents the feature obtained through edge
enhancement, and Fgauss represents the feature obtained through Gaussian smoothing.
The variable s is the current network-stage index and directly determines the branch in
Equation (1); it is not a dynamically learned selection variable.

For a spatial convolution y = k * x, the convolution theorem gives the following
Fourier representation:
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Y(w) = K(w)X(w). )

where K(w) specifies how the kernel modulates each frequency response aware compo-
nent of the input. The Scharr operator approximates first-order spatial derivatives and
therefore responds strongly to rapidly varying structures such as edges and object bound-
aries. In contrast, a Gaussian kernel has a low-pass characteristic and suppresses rapidly
varying responses. This complementarity matches the CNN feature hierarchy: shallow
feature maps retain higher spatial resolution and abundant boundaries and local structures,
which are particularly important for tiny objects, whereas deeper feature maps have lower
spatial resolution and stronger semantic abstraction, where excessive rapidly varying re-
sponses may reflect irrelevant local fluctuations or background interference. Accordingly,
the proposed stage-aware strategy does not treat Scharr and Gaussian filtering as indepen-
dent enhancements; instead, they serve complementary roles at different network depths,
forming a hierarchical detail-preservation-noise-suppression mechanism matched to the
representation characteristics of the network.

For edge-feature extraction, we adopt the Scharr operator [50], which provides im-
proved rotational symmetry and gradient estimation accuracy compared with conventional
first-order edge operators. The horizontal and vertical Scharr kernels are defined as

-3 0 3 -3 -10 -3
Sy=|-10 0 10/, Sy=|0 0 0] 3)
-3 0 3 3 10 3

where both kernels are fixed during network training. The horizontal and vertical gradient
responses are obtained by convolving the input feature F, with Sy and S, respectively.
The resulting edge feature is computed as

Fedge = \/ [conv 2DS (Pin)] g [Conv 2DSv (Fin)] g 4)

The spatial resolution of feature maps decreases with network depth, while fine-
grained edge details become less prominent. We employ Gaussian filtering to suppress
irrelevant responses while retaining the dominant structural information. A fixed 5 x 5
depthwise Gaussian convolution is adopted:

Fgauss = DCOHVgxs (Fin)/ (5)

where G denotes the fixed Gaussian kernel. The selected feature F; is subsequently pro-
cessed by a 1 x 1 convolution, a normalization layer, and a 3 x 3 convolution:

F= Conv%g’ (Norm (Conv% Bl (Fl)) ) . (6)

The resulting feature is used to modulate the input feature through element-wise
multiplication. A residual connection [51] is then introduced:

F; = Convy® (Fin + Fn © F2), )

where ® denotes element-wise multiplication. Global average pooling and an adaptive
one-dimensional convolution are used to generate channel weights:

F; = Sigmoid(Convip (GAP(F;3))). (8)
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The channel-recalibrated feature is computed as:
Fs=Fn+ R OF. )
Finally, the channel dimension is expanded from C to 2C and then projected back to C:
Fout = Fin + Conv} ! (AN(Convis! (F5)) ). (10)

3.2. Multi-Scale Detail-Enhanced Feature-Fusion Network

We construct a MDEFNet, whose architecture is illustrated in Figure 4. MDEFNet
incorporates top-down, bottom-up, and cross-scale fusion pathways to aggregate the multi-
level features generated by EFENet. Convolutional modules are used for downsampling,
while the Content-Aware Reassembly of Features (CARAFE) operator is employed for
content-aware upsampling. The proposed Detail Feature Fusion module (DFFusion) then
performs the subsequent learnable integration of aligned features at different resolutions.
The fused features are refined by FRAEM to further enhance the discriminative power of
visual representations.

Downsampling

Figure 4. Schematic of the MDEFNet.

When high-resolution features are fused with low-resolution features containing richer
contextual information, fine-grained details associated with small objects may be weakened.
We propose the DFFusion module, as illustrated in Figure 5. Let F; € RF*WixCi and
F, € REWixCi denote the low-resolution and high-resolution feature maps, respectively.
F; is upsampled to match the spatial resolution of F,. We employ ARAFE [49], which
predicts content-aware reassembly kernels from local feature information and reconstructs
the low-resolution feature map accordingly. This operation improves the quality of the
upsampled features and facilitates subsequent multi-scale feature fusion. The structure
of CARAFE is illustrated in Figure 6. In MDEFNet, CARAFE is employed to perform
content-aware upsampling and align the low-resolution features with the high-resolution
branch. The aligned features are subsequently processed by DFFusion, which integrates
low-resolution contextual information with high-resolution fine-grained details to improve
cross-scale feature aggregation. The effects of the upsampling strategy and the fusion
mechanism are further analyzed separately in the comparative experiments.
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Figure 5. Schematic of the DFFusion module.

" Upsampling Kernel Prediction Module

Feature Encoding

Channel
Compression

Figure 6. Schematic of the CARAFE module.

CARAFE consists of two components: an upsampling kernel prediction module and
a content-aware feature reassembly module. In the kernel prediction module, a 1 x 1
convolution first compresses the input channels from C to C;, to reduce computational
cost. Given an upsampling ratio ¢ and a reassembly kernel size of ki x kq, the feature
encoding operation maps the compressed features to 0%k channels. The encoded features
are then spatially rearranged and normalized to generate content-aware upsampling kernels
with a size of cH X ¢W X kf In the content-aware feature reassembly module, a local
neighborhood N(x1, k1) of size k; X k; is extracted around each corresponding sampling
location. The features within this neighborhood are weighted by the predicted upsampling
kernel and aggregated through a dot product. This process produces an upsampled feature
map with a spatial size of cH x W and C output channels.

In DFFusion, F; is matched to Fj, via CARAFE. The aligned maps are then split evenly
along the channel dimension into four groups (c, = ¢/4), denoted {h;}*_; € RF*W>¢ and
{L}% | € RE*WX% for the high- and low-resolution fragments, respectively. A learnable
scalar a’ € R'1*1 is broadcast across the spatial and channel dimensions to match the
fragment shape, giving a € RT*W*¢_ Because this operation only replicates one scalar,
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the entries of « are shared rather than independently predicted for different locations or
channels. A weight g € [0, 1] is obtained via a sigmoid:

B = sigmoid(«), (11)

where the broadcast coefficient § controls the contribution of the low-resolution features
and 1 — B that of the high-resolution features. The cross-resolution integration is then
realized as a weighted sum:

F =B+ (1—-p)Qh;, (12)

€ REXWX jg the fused map of the i-th fragment. This learned global mixing

where F/
coefficient balances the detail of &; (when § — 0) against the context of I; (when § — 1);
it should not be interpreted as a separately predicted per-location weight. The fused

fragments are concatenated along the channel dimension to produce the final output:
out = [F1, Fa, B3, By . (13)

Within MDEFNet, FRAEM further refines and enhances the fused maps, ultimately
outputting three feature maps M3, My, and Ms for decoding by the head.

3.3. Lightweight Adaptive Decoupled Head

As illustrated in Figure 7, LADH employs three independent branches for confidence
estimation, classification, and bounding-box regression. The confidence branch contains
three consecutive 3 x 3 depthwise separable convolutions. Stacking these convolutional
layers enlarges the effective receptive field and strengthens spatial feature modeling, while
progressive channel reduction limits the associated computational overhead. This design
improves the ability of the confidence branch to distinguish foreground objects from
complex backgrounds. In contrast, the classification and regression branches each employ
a lightweight 1 x 1 convolution to produce category scores and bounding-box predictions,
respectively. This task-specific design reduces redundant computation while preserving
the distinct representation requirements of the three detection tasks.

S e T S oo e

P S S T o T o NSNS

Figure 7. Schematic of the LADH network.

LADH adopts an asymmetric task-specific design to accommodate the different rep-
resentation requirements of confidence estimation, classification, and localization. Specif-
ically, the confidence branch retains deeper spatial processing to strengthen foreground-
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background discrimination, whereas the classification and regression branches employ
lightweight projections to reduce redundant computation. This task-dependent allocation
of computational capacity enables the detection head to balance representation capability
and efficiency.

Depthwise separable convolution is adopted in the confidence branch to improve com-
putational efficiency. It decomposes a standard convolution into a depthwise convolution
for channel-wise spatial filtering and a pointwise convolution for cross-channel information
interaction [43,52]. Compared with standard convolution, this decomposition substantially
reduces the number of parameters and floating-point operations, particularly when the
number of input and output channels is large. As a result, LADH improves spatial modeling
in the confidence branch without introducing excessive computational complexity.

4. Experimental Results and Analysis

4.1. Datasets and Evaluation Metrics
4.1.1. Datasets

The first dataset used in this study is VisDrone2019 [53], a challenging UAV-view
object detection benchmark containing ten categories. We use 6471 images for training,
548 for validation, and 1610 for testing. The dataset covers diverse scenes and imaging
conditions, with substantial variations in object scale, density, illumination, and background
complexity. Objects with bounding boxes smaller than 50 x 50 pixels are regarded as small
objects. As shown in Figure 8, small objects account for a large proportion of the annotated
instances and frequently appear in dense distributions, making VisDrone2019 suitable
for evaluating small-object detection in complex UAV imagery. It should be noted that
VisDrone distinguishes the categories ‘pedestrian” and ‘people’ according to human posture.
A human target in a standing or walking pose is annotated as ‘pedestrian’, whereas a human
in other postures is assigned to the ‘people’ category.

sl

Figure 8. Visualization of object sizes in VisDrone2019.
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4.1.2. Evaluation Metrics

We adopt the standard MS COCO evaluation metrics to comprehensively assess
detection accuracy across different object scales. The primary metrics are AP, averaged
over IoU thresholds from 0.50 to 0.95 with a step size of 0.05, and APsy, evaluated at an IoU
threshold of 0.50. We further report APs, APy, and AP} to evaluate detection performance
on small, medium, and large objects, respectively. Model complexity is measured using
the number of parameters (Params) and giga floating-point operations (GFLOPs), while
inference efficiency is evaluated in frames per second (FPS).

4.2. Implementation Details

All experiments were conducted on a Linux server equipped with four NVIDIA
GeForce RTX 3090 GPUs (24 GB each). The software environment used Python 3.10 and
PyTorch 2.0.0 for training and inference. The main hyperparameters are listed in Table 1.
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Table 1. Model training configuration.
Parameter Setting
Image size 640 x 640
Epochs 300
Learning rate 0.01
Optimizer SGD
Momentum 0.937
Data augmentation Mosaic

4.3. Comparative Experiments
4.3.1. Comparison of Feature Extraction Backbones

To evaluate the effectiveness of EFENet, we compare it with several representa-
tive feature extraction backbones. These include the CNN-based CSPDarkNet [54], Mo-
bileNetV4 [40], StarNet [41], and FasterNet [42], as well as the Transformer-based Effi-
cientViT [55]. All backbones are evaluated under the same training and testing settings,
and the results are reported in Table 2.

Table 2. Comparison of feature-extraction backbones. In each experiment, only the backbone of the
proposed network is replaced while all other components remain unchanged. Per-category and mean
AP (%); best results are shown in bold.

AP (%
Backbone Params GFLOPs - %) - . mAP (%)
Ped. People Bicycle Car Van Truck Tri. A-Tri. Bus Motor
CspDarkNet 23 M 7.1 356 282 74 761 391 270 212 124 459 373 33.0
MobileNetV4 55M 264 325 256 75 744 357 246 177 97 438 433 30.6
StarNet 1.5M 55 31.1 240 7.2 739 341 248 176 105 447 347 30.3
FasterNet 34M 10.1 35.8 274 8.0 772 405 302 213 123 499 379 344
EfficientViT ~ 3.3 M 8.6 30.8 248 65 724 356 268 179 96 424 331 30.2
EFENet 21M 8.5 358 27.0 8.0 771 412 311 21.6 13.8 541 386 34.8

EFENet achieves the highest overall mAP of 34.8%, outperforming FasterNet by
0.4 percentage points. Meanwhile, EFENet uses only 2.1 M parameters and 8.5 GFLOPs,
representing reductions of 1.3 M parameters and 1.6 GFLOPs compared with FasterNet.
These results indicate that EFENet achieves a more favorable balance between detection
accuracy and computational complexity. In terms of category-specific performance, EFENet
obtains the best or tied-best AP in seven of the ten categories, including pedestrian, bicycle,
van, truck, tricycle, awning-tricycle, and bus. In particular, it achieves AP values of 41.2%,
31.1%, and 54.1% for van, truck, and bus, respectively. These improvements demonstrate
that the proposed feature extraction strategy effectively preserves discriminative informa-
tion for objects with different scales and appearance characteristics. Although StarNet
has fewer parameters and lower computational cost, its detection accuracy is notably
lower. EfficientViT also exhibits lower category-level accuracy while requiring a similar
amount of computation. Overall, EFENet provides a favorable trade-off between feature
representation capability and computational efficiency.

4.3.2. Ablation Study of the Stage-Aware Filtering Strategy

To further investigate the effects of the filtering operations in FRAEM, we conduct
controlled ablation experiments using Scharr-only and Gaussian-only variants and compare
them with the complete FRAEM. In all experiments, the remaining network architecture,
training configuration, and evaluation settings are kept unchanged. The results are reported
in Table 3.
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Table 3. Ablation study of different filtering configurations in FRAEM. All other network components
and training settings are kept unchanged. The best results are shown in bold.

Method AP APs5 APg APym APy GFLOPs Params (M)
Scharr-only 18.5 31.7 9.9 28.2 37.2 8.5 21
Gaussian-only 18.7 32.0 9.7 28.8 36.6 8.5 2.1
FRAEM 20.5 34.8 10.9 32.5 39.6 8.5 2.1

As shown in Table 3, the Scharr-only and Gaussian-only variants achieve AP values
of 18.5% and 18.7%, respectively, whereas the complete FRAEM increases AP to 20.5%.
Similar improvements are observed for APs5, which increases from 31.7% with Scharr-only
filtering and 32.0% with Gaussian-only filtering to 34.8% with FRAEM. Compared with
the Scharr-only variant, FRAEM improves AP, AP5y, APg, APy, and AP} by 2.0,3.1, 1.0,
4.3, and 2.4 percentage points, respectively. Compared with the Gaussian-only variant, the
corresponding improvements are 1.8, 2.8, 1.2, 3.7, and 3.0 percentage points.

The results indicate that relying on either filtering operation alone is less effective
than using them according to the hierarchical characteristics of the network. Scharr fil-
tering emphasizes local boundaries and fine-grained structures, which are important for
shallow feature representations, while Gaussian smoothing suppresses rapidly varying
responses and provides smoother representations in deeper stages. Their stage-aware use
in FRAEM therefore exploits the complementary properties of the two filtering operations
and improves feature representation across different object scales. Notably, the three con-
figurations have the same parameter count and comparable computational complexity,
indicating that the performance improvement mainly results from the filtering strategy
rather than an increase in model size.

4.3.3. Comparison of Upsampling Modules

To evaluate the effect of different upsampling strategies in the feature fusion network,
we compare CARAFE with DySample [56], the upsampling module used in YOLOV6 [57],
and EUCB [58]. The results are reported in Table 4. CARAFE achieves the highest overall
AP and the best APg among the compared methods. This result indicates that content-aware
feature reassembly is effective in retaining fine-grained information associated with small
objects during upsampling. Although CARAFE introduces slightly higher computational
complexity, the improvement in detection accuracy remains notable. CARAFE provides a
favorable trade-off between small-object detection performance and computational cost.

Table 4. Comparison of different upsampling modules. In all experiments, DFFusion and the other
network components are kept unchanged, and only the upsampling operator is replaced. Best results
are shown in bold.

Method AP APs5 APg APy APy, GFLOPs Params (M)
DySample 20.0 33.8 10.5 31.2 38.8 8.3 2.0
Upsample 19.8 33.6 10.4 30.8 39.1 8.2 2.0
EUCB 20.1 33.7 104 31.2 39.1 8.7 2.1
CARAFE 20.5 34.8 10.9 32.5 39.6 8.5 2.1

4.3.4. Comparison of Fusion Methods

DFFusion is designed for efficient fusion of multi-resolution feature maps. We com-
pared it with Concat [59], PSFusion [60], and MFM [61]; results are shown in Table 5.
DFFusion achieves the best AP, AP5y, APg, and AP);, demonstrating more effective multi-
scale fusion enabled by its adaptive mechanism, which fully exploits informative cues at
different resolutions. Although MFM is slightly higher on AP, DFFusion shows stronger
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overall multi-scale representation and fusion. Its complexity and parameter count are not
appreciably higher than those of the alternatives. DFFusion improves fusion performance
while maintaining model complexity. These results demonstrate that the performance gain
does not arise solely from the use of CARAFE. CARAFE provides content-aware feature
alignment, whereas DFFusion further improves cross-scale integration of high-resolution
detail and low-resolution contextual information.

Table 5. Comparison of different feature fusion methods. CARAFE is used as the upsampling operator
in all experiments, while only the feature fusion module is replaced and all other components remain
unchanged. Best results are shown in bold.

Method AP APs5g APg APy APy GFLOPs Params (M)
Concat 20.1 33.9 104 31.3 38.7 8.4 2.0
PSFusion 20.0 34.0 10.5 31.4 38.5 8.6 2.2
MEFM 20.2 34.0 10.7 31.8 40.2 8.4 2.0
DFFusion 20.5 34.8 10.9 32.5 39.6 8.5 2.1

4.3.5. Comparison of Feature-Fusion Networks

To evaluate the effectiveness of MDEFNet in aggregating and enhancing multi-scale
features, we compare it with several representative feature fusion networks, including
FPN [44], BiFPN [45], GFPN [46], AFPN [47], and MAFPN [48]. The results are reported in
Table 6.

Table 6. Comparison of feature-fusion networks. In each experiment, only the feature-fusion network
of the proposed model is replaced while all other components remain unchanged; Per-category and
mean AP (%); best mAP in bold.

AP (%)

Network Params GFLOPs mAP (%)
Ped. People Bicycle Car Van Truck Tri. A-Tri. Bus Motor

FPN 22M 8.7 354 274 71 764 403 294 212 113 437 36.1 32.8

BiFPN 14M 7.7 350 264 64 761 407 285 211 114 511 370 33.6

GFPN 29M 9.4 347 270 75 765 404 297 202 136 46.6 374 33.3

AFPN 22M 11.1 340 286 69 760 397 282 210 122 476 362 33.0

MAFPN 23M 9.4 36.7 277 79 770 410 303 215 129 500 372 34.3
MDEFNet 21M 8.5 358 270 80 771 412 311 216 138 541 38.6 34.8

MDEFNet achieves mAP of 34.8%, outperforming all compared feature fusion net-
works. It obtains the best category-level AP in eight of the ten categories, including bicy-
cle, car, van, truck, tricycle, awning-tricycle, bus, and motor. These results indicate that
MDEFNet effectively integrates complementary information across different feature scales
and improves the representation of objects with diverse appearances and scales. MAFPN
achieves the highest AP for pedestrian, while AFPN performs best for people. However,
their overall mAP values remain lower than that of MDEFNet. MDEFNet requires 2.1 M
parameters and 8.5 GFLOPs. Compared with MAFPN, it improves mAP by 0.5 percent-
age points while reducing the parameter count by 0.2 M and the computational cost by
0.9 GFLOPs. Although BiFPN has lower model complexity, its mAP is 1.2 percentage points
lower than that of MDEFNet. These results demonstrate that MDEFNet provides a favor-
able trade-off between detection accuracy and computational complexity for small-object
detection in UAV imagery.

4.3.6. Comparison of Detection Heads

To verify the advantage of LADH, we compared it with the coupled head Coupled-
Head [62] and several decoupled heads: Efficient-head [63], LSCSBD [64], LSCD-LQE [65],
and LSDECD [66]; results are shown in Table 7.
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Table 7. Comparison of detection heads. In each experiment, only the detection head of the proposed
network is replaced while all other components remain unchanged; Per-category and mean AP (%);
best mAP in bold.

Head Params GFLOPs - AP (%) - - mAP (%)
Ped. People Bicycle Car Van Truck Tri. A-Tri. Bus Motor
Coupled-Head 22M 9.1 31.8 19.9 6.0 732 362 262 167 104 451 293 29.7
Efficient-head 21M 8.5 355 268 8.4 76.6 400 294 207 129 495 374 33.7
LSCSBD 22M 9.6 36.4 26.9 8.2 764 409 296 193 113 476 350 33.2
LSCD-LQE 23M 8.9 371 28.2 9.0 770 405 299 211 122 507 382 34.5
LSDECD 21M 9.4 373 284 7.7 776 410 310 205 127 51.0 379 34.6
LADH 21M 8.5 358  27.0 8.0 771 412 311 21,6 138 541 386 34.8

Decoupled detection heads consistently outperform the coupled head across the
evaluated categories, indicating that separating classification and regression can reduce
interference between task-specific feature representations. Among the decoupled designs,
LADH achieves the highest AP in six categories. LADH and Efficient-Head have the
lowest parameter counts and computational costs among the compared methods. Never-
theless, LADH surpasses Efficient-Head by 1.1 percentage points in mAP. These results
demonstrate that LADH achieves a favorable balance between detection accuracy and
computational complexity.

4.3.7. Comparison with State-of-the-Art Detectors

To evaluate the performance and generalization capability of the proposed network for
low-altitude UAV small-object detection, we evaluated it on the public VisDrone2019 and
DOTA v2.0 datasets against mainstream detectors: the two-stage Faster R-CNN [67]; the
Transformer-based RT-DETR [68] and DEIM [69]; and the CNN-based YOLO family [70-75].
Results are shown in Table 8.

Table 8. Comparison with state-of-the-art detectors on VisDrone2019 [53] and DOTA v2.0 [76]. Best
results are shown in bold.

VisDrone2019 DOTA v2.0
APs9 APs AP) APp FPS AP5y APs APy AP; FPS
Faster R-CNN 414 M 208 329 95 309 429 231 31.0 131 358 384 256

Network Params GFLOPs

RT-DETR 199M 57 333 139 275 423 681 441 184 452 511 879
DEIM 3.7M 7.2 322 90 262 376 1777 398 152 380 431 2326
YOLOX-Tiny 22M 8.7 278 76 221 278 1644 446 171 412 501 199.0
YOLOvS8n 3.0M 8.1 259 59 225 339 1714 487 163 459 56.1 2259
YOLOv10n 23M 6.5 261 63 224 292 2106 452 181 409 49.7 3013
YOLOvlln 26 M 6.3 258 58 225 316 1998 494 21.2 488 540 298.6
YOLOv12n 26 M 6.3 259 57 224 346 1976 475 177 412 48,6 3035
YOLOv13n 25M 6.2 244 55 210 317 1754 421 180 385 437 2117
Ours 21M 8.5 348 109 325 396 1876 503 19.6 462 571 2374

In terms of detection accuracy, the proposed network achieves the highest AP5) among
the evaluated methods on both datasets, reaching 34.8% on VisDrone2019 and 50.3% on
DOTA v2.0. It also obtains competitive results for APg, APy, and AP}, indicating stable
detection performance across different object scales. On DOTA v2.0, the improvement over
YOLOv11n in APs is 0.9 percentage points, while the proposed model requires 8.5 GFLOPs
compared with 6.3 GFLOPs for YOLOv11n.

In terms of model complexity, the proposed network contains only 2.1 M parameters,
which is the smallest among the evaluated methods. However, parameter count alone does
not directly determine practical inference speed. The proposed model requires 8.5 GFLOPs,
and the CARAFE-based feature reassembly and multi-scale feature-fusion operations
introduce additional computation and memory-access overhead. Practical FPS is also
affected by operator parallelism and hardware/software optimization. Consequently, a
smaller parameter count does not necessarily correspond to a higher inference speed.
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Regarding inference efficiency, the proposed network reaches 187.6 FPS on Vis-
Drone2019 and 237.4 FPS on DOTA v2.0, remaining competitive with the evaluated
lightweight detectors. Overall, the results demonstrate a favorable trade-off among detec-
tion accuracy, parameter count, computational complexity, and inference efficiency.

4.3.8. Qualitative Comparison

To provide comprehensive qualitative evaluation, we compare the proposed method
with RT-DETR, DEIM, YOLOv1ln, YOLOv12n, and YOLOv13n. These methods cover
different detector architectures, including Transformer-based end-to-end detectors and
lightweight CNN-based detectors. Four representative images from the VisDrone2019
validation set are selected, containing densely distributed tiny objects, distant targets,
complex backgrounds, and substantial scale variations.

As shown in Figure 9, correct detections, false positives, and false negatives are
marked in green, blue, and red, respectively. Enlarged regions are additionally provided
to facilitate the comparison of challenging small targets. The compared detectors exhibit
different degrees of missed detections and false positives, particularly in densely populated
regions and areas with complex background interference. In contrast, the proposed method
produces fewer visible detection errors in the highlighted regions and retains more complete
detection results for small and densely distributed objects.

Input
Image

RT-DETR

DEIM

YOLO11ln

YOLO12n

YOLO13n

Ours

Figure 9. Visualization of detection results on VisDrone2019.
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4.3.9. Visualization of Hierarchical Feature Responses

To further examine the representation of small objects during hierarchical feature
extraction, we visualize the intermediate feature responses at the P3, P4, and P5 levels for
different backbone networks. The same input images and visualization procedure are used
for all compared methods, as shown in Figure 10.

CspDarkNet MobileNetV4 StarNet FasterNet EfficientVit Ours Ground Truth

[] False Positive [ False Negative

Figure 10. Visualization of intermediate feature responses at different hierarchical levels for represen-

tative backbone networks. P3, P4, and P5 denote feature maps with progressively deeper semantic
representations.

At the relatively shallow P3 level, most backbone networks preserve visible responses
around densely distributed objects. As the feature hierarchy becomes deeper from P3 to P5,
however, the responses of several lightweight backbones become increasingly diffuse or
less distinguishable around small-object regions. In comparison, EFENet retains relatively
concentrated target-related responses at the deeper P4 and P5 levels in the illustrated
scenes. This observation is consistent with the stage-aware design of EFENet, in which
shallow edge-sensitive filtering emphasizes fine-grained structures while deeper Gaussian
smoothing suppresses unnecessary rapidly varying responses. The visualization therefore
provides qualitative evidence that EFENet facilitates the preservation of small-object-related
representations during hierarchical feature extraction.

5. Conclusions

We proposed a spatial-frequency response aware synergistic network for small-object
detection in low-altitude UAV imagery. Within EFENet, FRAEM uses a deterministic stage-
aware filtering strategy to enhance edge information in the shallow stage and perform
Gaussian smoothing in deeper stages. Within MDEFNet, the existing CARAFE operator
provides content-aware upsampling and feature alignment, while the proposed DFFusion
mechanism performs the subsequent integration of high-resolution spatial details and
low-resolution contextual information. LADH uses an asymmetric task-specific design
in which the confidence branch retains stronger spatial processing and the classification
and regression branches use lightweight projections; depthwise separable convolution is
employed as an efficiency-oriented operator. Experiments on VisDrone2019 and DOTA v2.0

https://doi.org/10.3390/a19080699


https://doi.org/10.3390/a19080699

Algorithms 2026, 19, 699 18 of 21

demonstrate that the proposed method achieves a favorable trade-off among detection
accuracy, model complexity, and inference speed. The contribution of the framework lies
primarily in the coordinated use of stage-aware feature processing, detail-preserving cross-
scale integration, and asymmetric task-specific prediction, rather than in the individual
basic operators. Future work will focus on further optimizing the network architecture and
improving its robustness under adverse imaging conditions, including low illumination,
rain, and fog.
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