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Abstract— Object detection in unmanned aerial vehicles
(UAVs) has become a research highlight at the intersection of
computer vision and robotics technology, and its applications
in security inspection, agricultural monitoring, disaster relief
and others are becoming increasingly widespread. The key to
achieving autonomous perception and decision-making of UAV
lies in precise and real-time object detection. However, objects
from the perspective of UAV often have characteristics such as
small scale and dense distribution, coupled with limited onboard
computing resources, which poses significant challenges to
traditional detection algorithms. To address the trade-offs, this
paper proposes LH-DETR, a lightweight hybrid architecture
for end-to-end object detection, referring to three specialized
innovations. We propose a Wavelet-Mamba Hybrid Block
(WMHB), a novel backbone component that synergistically
combines the linear-complexity of Mamba state-space model
for capturing long-range dependencies with the multi-scale
feature extraction capabilities of wavelet transforms. To better
identify small objects, a Frequency-Aware Dynamic FFN (FAD-
FFN) is designed to selectively amplify critical high-frequency
components—like edges and textures—by analyzing features
in the frequency domain. Additionally, AutoSliding Varifocal
Loss (ASVLoss) is defined to stabilize the model’s optimization,
which is an adaptive loss function that dynamically shifts
its focus from medium-quality to high-quality predictions as
training progresses. Experiments on public aerial datasets
demonstrate that LH-DETR achieves an outstanding balance
between accuracy and speed, significantly improving detection
performance for small objects while greatly reducing the
computational complexity.

I. INTRODUCTION

Object detection in Unmanned Aerial Vehicle (UAV) has

emerged as a critical research focus, driven by applications in

smart cities, precision agriculture, modern logistics, as well

as military and national defense[1]. Although there has been

significant progress in object detection for low-resolution im-

ages, these methods present considerable challenges in terms

of efficiency and accuracy in high-resolution aerial images.

Especially from a high-altitude perspective, the object size

in the image is relatively small, densely distributed, and the

background is complex and cluttered. Furthermore, the oper-

ational nature of UAVs necessitates real-time processing on

resource-constrained onboard hardware, demanding model’s

high accuracy and efficient computing capability.

Traditional object detection has undergone a signifi-

cant shift toward end-to-end architectures, which streamline

the detection pipeline by eliminating hand-crafted compo-

nents like anchor generation and non-maximum suppres-

sion (NMS). Detection Transformer (DETR)[2], [3]is the
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Fig. 1. LH-DETR is compared with other real-time detectors in terms
of accuracy and efficiency on VisDrone dataset. The radius of the circle
represents GFLOPs.

groundbreaking work, which applies a Transformer-based

architecture to directly predict a set of objects. However,

despite its design advantages, the original DETR suffers from

extremely slow training convergence and large computational

costs, making it difficult to adapt to real-time applications,

especially in the context of UAVs.

Based on the above work, more efficient variants have

emerged. Deformable DETR[4] introduces the attention

mechanism that focuses on a sparse set of key points, accel-

erating convergence. More recently, RT-DETR[5] achieves

a major breakthrough by employing a hybrid encoder that

effectively decouples intra-scale interaction and cross-scale

fusion, making real-time, end-to-end object detection a fea-

sible reality. Nevertheless, even state-of-the-art models like

RT-DETR still face some ongoing challenges. As their re-

liance on high-resolution feature maps results in significant

computational overhead, they still struggle to detect small,

detail-rich objects prevalent in UAV images. Moreover, their

internal Feedforward Networks (FFNs) deal with all spatial

features uniformly, but high-frequency details such as edges

and textures are crucial for identifying small objects.

To address these issues, we propose LH-DETR, a

lightweight hybrid architecture for end-to-end object detec-

tion tailored specifically for UAV images. Our framework

involves several specialized innovations designed to enhance

both efficiency and accuracy in detecting multi-scale objects.

• We propose the Wavelet-Mamba Hybrid Block

(WMHB), a novel backbone component that

synergistically combines the linear-complexity,

long-range dependency modeling of Mamba state-

space models[6,7,8,9] with the multi-scale feature
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extraction capabilities of wavelet transforms, allowing

our model to efficiently capture both global context

and fine-grained local details.

• To further improve small object detection, we design the

Frequency-Aware Dynamic FFN (FAD-FFN), explicitly

analyzing frequency-domain features to selectively en-

hance critical high-frequency components necessary for

identifying small objects, while simultaneously reducing

the number of parameters.

• We define AutoSliding Varifocal Loss (ASVLoss),

which adaptively shifts the training focus from medium-

quality predictions in early stages to high-quality pre-

dictions later.

Extensive experiments conducted on public aerial imagery

benchmarks, including VisDrone, UAVVaste, and UAV-PDD,

demonstrate that our proposed LH-DETR substantially out-

performs previous detectors in the trade-off between param-

eter size and accuracy (AP), as illustrated in Fig. 1.Together,

these contributions enable LH-DETR to set a new standard

for efficient and accurate real-time object detection on UAV

platforms.

II. RELATED WORK

A. End-to-End Object Detectors

End-to-end object detectors have recently attracted signif-

icant attention due to their simplified architectures, which

remove traditional components such as anchor generation

and non-maximum suppression (NMS). Among these, DETR

(Detection Transformer)[2], proposed by Carion et al. ,

stands out as the first model to incorporate Transformer-

based architecture in object detection. It directly predicts

objects without the need for anchors or NMS, offering a

streamlined approach to detection tasks. However, despite

its advantages, DETR faces several challenges, particularly

slow convergence and high computational costs. To address

these limitations, several variations have been proposed.

Deformable DETR[4], for instance, improves upon DETR

by introducing deformable attention, which better handles

high-resolution feature maps by sampling a sparse set of

key points. Furthermore, RT-DETR[5] introduces a hybrid

encoder-decoder architecture that improves multi-scale fea-

ture processing and optimizes real-time inference by decou-

pling intra-scale interactions and cross-scale fusion. These

advancements make real-time, end-to-end object detection

feasible in resource-constrained environments like UAVs,

where fast inference is crucial for practical deployment.

B. State Space Models in Vision

In recent years, State Space Models (SSMs)[6] have

generated growing interest in vision tasks, primarily due

to their linear complexity in capturing long-range depen-

dencies. Initially inspired by control systems, SSMs treat

inputs and outputs as sequences, with hidden states evolving

according to a predefined dynamic model. Mamba[7], as

a state-of-the-art SSM architecture, introduces an efficient

input selection mechanism, making it highly suitable for

vision tasks. Mamba is optimized for GPUs through a

hardware-aware algorithm that leverages kernel fusion, par-

allel scanning, and recomputation to enhance both train-

ing and inference efficiency. Several adaptations of Mamba

have further advanced its performance in visual tasks. For

instance, Vim[8]introduces a bidirectional Mamba block,

which demonstrates superior speed and memory advantages

over Vision Transformers (ViTs)[9], [10] in high-resolution

settings. VMamba[11] and EfficientVMamba[12] have pro-

posed innovative Cross-Scan and Efficient Scan techniques to

further boost the model’s efficiency in handling visual data.

Building upon these advancements, our work integrates

the Mamba model with wavelet transforms to propose

a lightweight visual network, the Wavelet-Mamba Hybrid

Block (WMHB). This module concurrently models long-

range dependencies with high efficiency while designing

wavelet transforms for multi-scale feature extraction.This

synergy significantly enhances both feature representation

and computational efficiency for complex UAV images.

C. Real-Time Object Detection in UAV Images

Detecting objects in UAV images presents unique chal-

lenges, especially when dealing with small objects and oc-

clusions, which are common in high-resolution aerial images.

Although traditional object detection models like YOLO[13],

[14], [15], [16], [17], [18] and FCOS[19] perform well in

general settings, they struggle with the complexities of small

object detection in UAV images, where computational effi-

ciency and high accuracy are both required. Techniques such

as feature pyramids and multi-scale processing have been

proposed to enhance small object detection by improving

feature representation at various scales. YOLOv4[20] and

YOLOv5[21] are popular single-stage models for real-time

object detection, but they still suffer from the need for

NMS, which slows down inference and reduces the overall

efficiency.

In contrast, RT-DETR[5] has shown great promise in real-

time UAV object detection, surpassing traditional YOLO-

based methods by eliminating NMS and using a Transformer-

based architecture to model long-range dependencies. How-

ever, RT-DETR still faces challenges in detecting small

objects due to its reliance on high-resolution feature maps,

which are computationally expensive. Our work addresses

these issues by incorporating multi-scale feature fusion that

integrates both spatial and frequency-domain information,

significantly improving small object detection in UAV im-

ages without the high computational cost.

D. Feature Fusion and Multi-Scale Information Extraction

Feature fusion and multi-scale information extraction are

essential for object detection, particularly in scenarios involv-

ing small or densely packed objects. Feature Pyramid Net-

works (FPN) have been widely used for combining features

from different layers of a neural network to enhance object

detection performance. However, the semantic gaps between

different layers’ feature maps often lead to misalignment, es-

pecially when fusing high-level semantic features with low-

level spatial information. Methods like PANet[22] introduce
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Fig. 2. Framework of LH-DETR.The model’s backbone exploits the Wavelet-Mamba Hybrid Block (WMHB) for efficient multi-scale feature extraction,
capturing both global and local details. A Frequency-Aware Dynamic FFN (FAD-FFN) is designed to enhance the perception of small objects by amplifying
critical high-frequency details. Finally, the novel AutoSliding VarifocalLoss (ASVLoss) improves model accuracy through a more robust and precise
optimization.

additional bottom-up paths to improve information flow, but

these approaches often increase computational complexity,

which is undesirable in real-time systems.

Our approach combines multi-scale feature fusion in both

the spatial and frequency domain, leveraging the power of

wavelet transforms to capture fine-grained details in high-

frequency components while preserving global contextual

information in low-frequency components. This strategy not

only improves the accuracy of small object detection but also

maintains efficiency, making it suitable for real-time appli-

cations in UAVs. Furthermore, by using selective scanning

and dynamic frequency processing techniques, our model

optimizes feature alignment and fusion, offering a significant

advantage over traditional feature fusion methods.

III. METHOD

A. Wavelet-Mamba Hybrid Block

To address the challenges posed by dense multi-scale

objects, high proportion of small objects, and complex back-

grounds in UAV images, we propose the Wavelet-Mamba

Hybrid Block (WMHB) as the main component of our

backbone network. The WMHB module, depicted in Fig.

2, innovatively integrates wavelet analysis with the Mamba

state-space model to form an efficient and expressive feature

extraction unit. This module employs a channel-splitting

strategy, partitioning the input feature tensor X ∈ R
C×H×W

into three mutually exclusive subspaces:

X = [Xglobal,Xlocal,Xidentity]. (1)

Here Xglobal, Xlocal, and Xidentity are subspaces containing

fractions rg, rl , and 1− rg − rl of the total channels, respec-

tively. This partitioning allows for computationally indepen-

dent processing paths while subsequent fusion preserves full

feature expressiveness. To optimize GPU memory access, the

number of global channels is always maintained as a multiple

of 16. Each subspace is then handled by a specialized branch:

• Wavelet-Enhanced Mamba (WEmamba): Models

long-range dependencies for the global feature channels.

• Multi-Scale Convolution (MSConv): Extracts local

features at multiple receptive fields.

• Identity Mapping: Preserves information by directly

passing the remaining channels.

Finally, the outputs from each branch are fused via channel

concatenation and a projection layer, with a residual connec-

tion to the input:

Xout = P([Xout
global,X

out
local,X

out
identity])+X. (2)

This design effectively balances global modeling capa-

bility with computational complexity, making it particularly

suitable for multi-scale feature extraction in UAV images.

1) Wavelet-Enhanced Mamba: The Wavelet-Enhanced

Mamba (WEmamba) is designed to address the high com-

putational complexity of traditional Transformers on high-

resolution UAV images by synergistically modeling high-

frequency details and global dependencies with a com-

bination of the wavelet transform and the Mamba state-

space model. First, the input feature tensor XI ∈ R
h×w×cg is

decomposed into multi-band features via a Discrete Wavelet

Transform (DWT):

XI
wt = DWT

(
XI , [φLL,φLH ,φHL,φHH ]

)
. (3)

Here, φLL,φLH ,φHL,φHH are the low-pass and high-

pass filters generated by the Daubechies 1 (db1)

wavelet basis. The resulting high-frequency components

(φLH ,φHL,φHH )capture edge and texture information, while

the low-frequency component (φLL) preserves the global

structure. Subsequently, the high-frequency features are

enhanced for local perception using depthwise separable

20520



convolutions, while the low-frequency features are fed into

the Mamba module for long-range dependency modeling:

XO
m = SS2D

(
σ
(
Linear

(
XI

LL
)))

, (4)

where σ denotes the GELU activation function. The SS2D

component employs selective scanning to achieve global

modeling with linear complexity. In contrast to the quadratic

complexity O(n2) of traditional self-attention, Mamba’s com-

putational complexity is linear O(n), making it highly suit-

able for large-scale UAV image inputs. Finally, the processed

components are concatenated and reconstructed back to

the original feature dimensions using an Inverse Discrete

Wavelet Transform (IDWT):

XO
w = IDWT

(
Concat([XO

m,X
O
LH ,X

O
HL,X

O
HH ])

)
. (5)

The key advantage of WEmamba lies in the synergy: the

wavelet decomposition provides a rich, multi-scale feature

representation, while Mamba efficiently establishes long-

range dependencies within that representation. This allows

the model to capture both global context and fine-grained

local details simultaneously.
2) Multi-Scale Convolution: The Multi-Scale Convolution

(MSConv) block is a critical component in the WMHB re-

sponsible for local feature extraction. It employs a depthwise

separable convolution structure to efficiently capture features

across multiple receptive fields. The input local feature

tensor XI
L ∈ R

h×w×cl is processed in parallel by depthwise

convolutions with different kernel sizes. The resulting feature

maps are then concatenated along the channel dimension:

XO
j = DConv

(
XI

L,k j
)
, j ∈ {3,5,7}, (6)

XO
L = Concat

(
[XO

3 ,X
O
5 ,X

O
7 ],dim = 1

)
, (7)

where k j represents convolution kernels with varying

receptive fields (3×3,5×5,7×7). This multi-kernel design

significantly reduces the parameter count and computational

load—achieving an 87% parameter reduction compared to

standard convolutions—while simultaneously enhancing the

model’s adaptability to multi-scale targets.

Within the WMHB architecture, the proportion of fea-

ture channels allocated to the MSConv block is typically

configured to be between 20% and 30%. This allocation

strategy maximizes local feature extraction efficiency un-

der constrained computational resources. For UAV images

characterized by dense small objects, MSConv excels at

capturing essential boundary and texture information, thereby

complementing the global context modeling provided by the

WEmamba block.
3) Identity Mapping and Channel Proportion Control: To

balance computational efficiency with information integrity,

a proportion of the input channels, defined by 1−ξ −η , is

preserved via an identity mapping. Here,ξ and η represent

the channel proportions allocated to the global (WEmamba)

and local (MSConv) branches, respectively. The processed

features from all three branches are then fused to reconstruct

the final output tensor:

XO = Proj
(
Concat

[
Xw,XL,Xidentity

])
, (8)

where Proj(·) is a 1×1 convolutional projection layer that

restores the channel dimension, and Xidentity denotes the

channels passed through the identity mapping. Our exper-

iments on the VisDrone dataset show that an allocation of

ξ = 0.6 and η = 0.3 yields an optimal trade-off, improving

the AP50 by 2.4% with only a 3.2% increase in inference

latency.

B. Frequency-Aware Dynamic FFN

The Axial Intra-Scale Feature Interaction (AIFI) module

in RT-DETR[5] enables efficient global feature modeling

via sparse attention. However, its traditional Feedforward

Network (FFN) component handles all spatial positions

uniformly, disregarding the varying importance of different

frequency components within image features. This limita-

tion is particularly detrimental for UAV-based object detec-

tion, where small objects are often characterized by high-

frequency details such as edges and textures.

To address this issue, we propose the Frequency-Aware

Dynamic FFN (FAD-FFN), a lightweight but powerful en-

hancement to the standard FFN that explicitly models and ex-

ploits multi-frequency information. Unlike methods confined

to the spatial domain, FAD-FFN selectively amplifies critical

frequency components identified through frequency-domain

analysis, all while maintaining computational efficiency.
1) Architecture Design: The FAD-FFN module employs a

three-stage pipeline that deals with features in the frequency

domain while preserving spatial information. As illustrated

in Fig. 2, the architecture consists of the following stages:
a) Local Frequency Transformation.: The input feature

tensor X ∈R
C×H×W is first partitioned into non-overlapping

8× 8 patches, yielding H
8 × W

8 distinct blocks. A 2D Real-

valued Fast Fourier Transform (RFFT) is then applied to each

block:

Xpatch = Reshape(X)
RFFT−−−→ Xfreq ∈ R

C×H
8 ×W

8 ×8×5, (9)

where the dimension of 5 corresponds to the unique

frequency points (8/2 + 1) obtained due to the Hermitian

symmetry of the RFFT of a real-valued input.
b) Learnable Frequency Filtering.: A channel-specific

learnable filter, Wfreq ∈ R
C×1×1×8×5, is applied to the

frequency-domain representation via element-wise multipli-

cation: Yfreq = Xfreq �Wfreq. This filter, initialized with all

ones, is trained to selectively amplify frequency components

most relevant to the object detection task. Unlike dynamic

mechanisms that generate filters from input content, our

approach uses a fixed set of learnable parameters, ensuring

computational stability while providing frequency-aware en-

hancement.
c) Feature Reconstruction and Fusion.: The filtered

frequency-domain features are transformed back into the

spatial domain using an Inverse RFFT (IRFFT). This output

is then fused with a parallel, lightweight spatial-processing

branch:

Y = IRFFT(Yfreq)+F (X), (10)

where F (·) denotes a sequence of depthwise separable

convolutions, a GELU activation, and a channel projection.
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This dual-branch design ensures that both the original spatial

structure and the enhanced frequency characteristics are

retained.

2) Computational Efficiency: FAD-FFN is designed to

achieve an optimal balance between feature enhancement

and computational efficiency. Its advantages in this regard

are detailed below.

a) Parameter Efficiency.: By redesigning the standard

FFN, FAD-FFN reduces the total parameter count by 25%,

from 8C2 down to 6C2. The additional frequency-domain

filter only introduces 5C parameters (one for each of the 5

frequency points per channel), a negligible amount relative

to the overall model size.

b) Computational Complexity.: A theoretical com-

plexity analysis highlights the efficiency of our ap-

proach:Standard FFN (4x expansion): 8C2HW FLOPs;FAD-

FFN: 6C2HW + 18CHW + 12HW FLOPs. The computa-

tional cost of FAD-FFN is lower than that of a standard FFN

when C > 10, a condition that holds true in most practical

scenarios where the channel count (C) is typically 256 or

greater. The use of local 8×8 block processing ensures that

the FFT operation’s contribution to the overall computation

is minimal.

c) Practical Performance.: On the VisDrone dataset

(with an input size of 640×640), FAD-FFN increases in-

ference latency by only 3.2% compared to a more stream-

lined 2x expansion FFN baseline, while, as shown in our

experimental results, significantly improving small object

detection performance. This makes it highly suitable for real-

time object detection on UAV platforms.

Unlike prior frequency-domain methods, our approach is

notable for its simplicity and efficiency. FAD-FFN avoids

complex dynamic mechanisms or global frequency transfor-

mations, opting instead for local frequency processing with

minimal overhead. This design makes it highly practical for

resource-constrained environments while delivering substan-

tial performance gains.

C. AutoSlidingVarifocalLoss: An Adaptive Threshold
Quality-Aware Loss Function

The design of the loss function has a decisive impact

on the performance of object detection models. Traditional

cross-entropy loss, for instance, exhibits significant limi-

tations when confronted with the severe class imbalance

between positive and negative samples. Although Focal Loss

mitigates this issue by re-weighting hard and easy samples,

it does not sufficiently account for continuous gradients in

prediction quality. More recently, Varifocal Loss[23] intro-

duces an asymmetric weighting strategy using Intersection

over Union (IoU) as a soft label, thereby improving the

detector’s focus on high-quality predictions.

Despite these advances, we observe that a model’s at-

tentional focus should change dynamically throughout train-

ing. In the early stages, learning should prioritize medium-

quality predictions to establish a robust performance baseline

quickly. Conversely, in the later stages, the focus must shift

to high-quality predictions to refine and optimize the final

accuracy. This observation motivates the need for a more

adaptive loss function.

Based on this observation, we propose the AutoSlid-

ingVarifocalLoss (ASVLoss), a loss function featuring an

adaptive weight-adjustment mechanism. ASVLoss partitions

the IoU axis into three continuous intervals, each assigned

a weighting factor that evolves dynamically throughout the

training. This is controlled by a dynamic reference point,

τ , defined as τ = max(auto iou,0.2), where auto iou is the

average IoU value of the current training batch. The loss

function reweights predictions based on three key regions

of quality, determined by the ground-truth IoU (q) and the

dynamic reference point (τ):

wslide(q,τ) =

⎧⎪⎨
⎪⎩

1.0, if q ≤ τ −0.1

e1.0−τ , if τ −0.1 < q < τ
e−(q−1.0), if q ≥ τ

. (11)

This weighting factor, wslide(q,τ), is then applied to a

standard Varifocal Loss formulation.

In these equations, p is the predicted score, q is the ground

truth IoU, l is the class label, σ(·) represents the sigmoid

function, and α and γ are hyperparameters.

• Low-Quality Region (q ≤ τ −0.1): The weight is fixed

at 1.0. This ensures that low-quality samples continue

to provide valid gradients, which is particularly crucial

during the early stages of training.

• Transition Region (τ −0.1 < q < τ): The weight is set

to e1.0−τ . This creates a smooth transition between the

low- and high-quality regions, preventing optimization

instability that may arise from abrupt changes in the

loss landscape.

• High-Quality Region (q ≥ τ): The weight decays ex-

ponentially according to the factor e−(q−1.0). This forces

the model to increasingly focus on high-quality samples

in the later stages of training, thereby improving the

ranking of precise predictions.

The final AutoSlidingVarifocalLoss is formulated by mul-

tiplying the standard Varifocal Loss(LVF) with our dynamic

weighting factor:

LASV(p,q, l,τ) = LVF(p,q, l) ·wslide(q,τ) (12)

As training progresses, the reference point τ initialized

at 0.2 gradually increases as the model’s average prediction

quality improves. This causes the boundaries of the three

weighting regions to ”slide” upwards along the IoU axis,

enabling a smooth transition of the model’s learning focus.

Initially, when τ is small, the transition region receives a

high weight, encouraging the model to rapidly establish a

robust detection baseline by focusing on medium-quality

predictions. In the later stages of training, as τ increases,

the high-quality region becomes the primary optimization

focus. This shift compels the model to refine its predictions

on the most accurate bounding boxes, thereby driving the

mean Average Precision (mAP) to higher levels.
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IV. EXPERIMENTS

Implementation Details: All models are trained on an

NVIDIA GeForce RTX 4090 GPU and tested for inference

speed on a single NVIDIA GeForce RTX 3090 GPU to

ensure a fair comparison. We train all models for 300 epochs

using the Stochastic Gradient Descent (SGD) optimizer. We

set the initial learning rate to 0.01, momentum to 0.937,

weight decay to 0.0005, and batch size to 4. Unless otherwise

specified, the input image resolution is resized to 640×640.

TABLE I

COMPARISON OF DETECTION PERFORMANCE (AP%, AP50, APS , APM ,

APL) AND MODEL COMPLEXITY (PARAMS/FLOPS/FPS) ON VISDRONE.

DETECTORS ARE GROUPED BY CATEGORY. BEST RESULTS ARE IN BOLD

AND SECOND-BEST ARE UNDERLINED.

Model Params FLOPS FPS AP(%) AP50(%) APs(%) APM(%) APL(%)
Real-time Object Detectors
YOLOv8-S[24] 11.1M 28.5G - 17.3 30.7 7.8 26.9 37.2
YOLOv8-M[24] 25.9M 78.9G - 19.0 33.2 9.0 29.4 41.7
YOLOv10-S[14] 7.2M 21.4G - 17.9 32.3 8.6 27.8 36.1
YOLOv10-M[14] 15.3M 58.9G - 19.5 34.5 9.7 30.0 41.4
YOLOv11-M[15] 20.0M 67.7G 52.0 20.3 35.0 9.8 31.2 41.3
YOLOv12-S[16] 9.2M 21.2G - 17.6 31.2 8.1 27.4 35.6
YOLOv12-M[16] 20.1M 67.2G - 19.2 33.6 9.4 29.8 38.6
YOLOv13-N[17] 6.2M 2.45G - 13.3 24.4 5.5 21.0 31.7
YOLOv13-S[17] 20.1M 9.0G - 16.7 29.7 7.7 25.8 38.7
FBRT-YOLO-M[18] 7.2M 58.7G - 19.6 34.4 9.4 30.9 42.1
End-to-end Object Detectors
RT-DETR-R18[5] 20.0M 60.0G 55.6 20.8 36.3 11.3 30.5 41.3
RT-DETR-R50[5] 42.0M 136G 53.5 22.2 39.1 12.7 32.1 45.6
D-FINE-S[25] 24.8M 10.1G - 21.9 38.4 12.2 32.1 39.7
D-FINE-M[25] 56.3M 19.1G - 24.2 41.7 13.9 34.4 48.5
Real-time End-to-end Object Detectors for UAV Images(ours)
LH-DETR(ours) 14.3M 44.9G 57.0 22.4 39.6 12.9 41.8 55.7

A. Results on Visdrone Dataset

We first compare LH-DETR with a wide range of SOTA

detectors on the challenging VisDrone dataset. As shown

in Table I, our model demonstrates a superior balance of

accuracy and efficiency. Compared to the baseline RT-DETR-

R18, LH-DETR achieves significant performance gains: Al-

though reducing the parameter count by 28.5% (from 20.0M

to 14.3M) and lowering FLOPs by 25.2% (from 60.0G to

44.9G), our model improves the overall AP by 1.6 percentage

points (22.4% vs. 20.8%). Crucially, for small object detec-

tion (APS), the performance is boosted by 1.6 percentage

points (12.9% vs. 11.3%).

Even when compared to the much larger RT-DETR-R50,

LH-DETR surpasses it in overall AP by 0.2 percentage

points while using only about one-third of the parame-

ters and computational cost. Furthermore, our model shows

remarkable improvements in detecting medium and large

objects, increasing APM by 9.7 percentage points and APL
by 10.1 percentage points, respectively. Although D-FINE-

M achieves a higher overall AP of 24.2% and better small

object detection (APS of 13.9%), it is nearly four times larger

in terms of parameters (56.3M vs. our 14.3M), making it less

suitable for deployment on resource-constrained UAV hard-

ware. In contrast, our LH-DETR provides a more balanced

profile, significantly outperforming D-FINE-M in detecting

medium and large objects while maintaining a lightweight

architecture ideal for real-world aerial applications.

In Table II, we further compare LH-DETR with methods

specifically designed for UAV images. The results show

TABLE II

COMPARISON OF AP(%)AND PARAMS/FPS WITH UAV IMAGE

DETECTORS ON VISDRONE.THE BEST RESULTS ARE IN BOLD, AND THE

SECOND-BEST ARE UNDERLINED.

Model Params FLOPS FPS AP(%) AP50(%)
QueryDet[26] 33.9M 212.0G 18.2 20.1 39.6
ClusDet[27] 30.2M 207.0G 15.6 18.5 42.3
DCFL[28] 36.1M 157.8G 22.4 - 24.1
HIC-YOLOv5[29] 9.4M 31.2G 61.0 17.8 36.0
LH-DETR(ours) 14.3M 44.9G 57.0 22.4 39.6

Heatmaps(Baseline) Heatmaps(LH-DETR) Result(Baseline) Result(LH-DETR)

Fig. 3. Visualization results of the detection heatmaps on VisDrone. The
highlighted areas represent the regions that the network is focusing on.

that, compared to QueryDet, our model increases AP by

2.3 percentage points (22.4% vs. 20.1%) while using 57.8%

fewer parameters. Similarly, although ClusDet achieves a

high AP50 of 42.3%, its overall AP is only 18.5%, falling

significantly short of the performance of our model and

requiring substantially more parameters and FLOPs. This

demonstrates that our lightweight hybrid design is not only

efficient but also more effective than existing specialized

approaches for complex aerial scenes.

As a result, for more experiments, we mainly select RT-

DETR as the primary baseline for our comparative analysis.

RT-DETR represents a major breakthrough, establishing a

new standard for real-time, end-to-end object detection and

surpassing traditional YOLO-based methods in UAV con-

texts. And relatively speaking, its parameter count is closest

to our method, so it is a formidable and highly relevant state-

of-the-art benchmark.

Qualitative Results. Fig. 3 offers a visual comparison

between the heatmaps and detection results generated by

our LH-DETR and RT-DETR-R18, illustrating LH-DETR’s

superior performance in aerial image detection. The results

reveal that our approach more effectively concentrates on

small and densely arranged objects.

For instance, in the dense traffic scene presented in the

first row, RT-DETR-R18’s attention is diffuse and scattered,

as shown by its broad heatmap. In contrast, the heatmap

from LH-DETR shows highly concentrated activations fo-

cused on individual vehicles. This enhanced focus translates

directly to the final output, where our model successfully

detects vehicles in the cluttered center of the road that are

either missed or poorly localized by RT-DETR-R18. The

second row, depicting a parking lot, further highlights this

advantage. RT-DETR-R18’s heatmap incorrectly activates on
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non-vehicle areas, whereas our model’s attention is cleanly

focused on the cars, resulting in more precise bounding

boxes. The third row demonstrates the challenge of detecting

small, dense pedestrians in a crowded plaza. Although the

baseline struggles to distinguish individual people, our LH-

DETR demonstrates a remarkable ability to pinpoint each

person with a focused activation. This fine-grained localiza-

tion is a direct result of our model’s enhanced ability to

deal with high-frequency details, which is critical for small

object detection. These examples highlight our framework in

handling attribute-sensitive and spatially challenging queries

that remain difficult for existing detectors.

TABLE III

COMPARISON OF AP(%) WITH OTHER DETECTORS ON UAVVASTE

Model Params FLOPS FPS AP(%) AP50(%)
YOLOv11-M[15] 20.0M 67.7G 52.0 30.6 64.0
RT-DETR-R18[5] 20.0M 60.0G 55.6 47.7 78.6
RT-DETR-R50[5] 42.0M 136G 53.5 48.6 79.4
HIC-YOLOv5[29] 9.4M 31.2G 61.0 30.5 65.1
LH-DETR(ours) 14.3M 44.9G 57.0 49.0 79.7

B. Results on UAVVaste Dataset

To verify the generalizability of our model, we conduct

experiments on two additional specialized UAV datasets. As

shown in Table III, on the UAVVaste dataset, our model

improves the AP by 1.3 percentage points compared to the

baseline RT-DETR-R18 (49.0% vs. 47.7%) while maintain-

ing its efficiency advantages. It also outperforms the larger

RT-DETR-R50 by 0.4 percentage points in AP. Furthermore,

when compared to the similarly lightweight HIC-YOLOv5,

LH-DETR achieves a massive 18.5 percentage point perfor-

mance leap in AP (49.0% vs. 30.5%). This indicates our

model’s strong capability in identifying objects with diverse

appearances in specialized contexts.

TABLE IV

COMPARISON OF AP(%) AND PARAMS/FPS ON UAV-PDD BY USING

OUR METHODS WITH BASELINE.

Model Params FLOPS FPS AP(%) AP50(%)
RT-DETR-R18[5] 20.0M 60.0G 55.6 31.8 63.4
RT-DETR-R50[5] 42.0M 136G 53.5 32.2 64.0
LH-DETR(ours) 14.3M 44.9G 57.0 33.0 64.3

C. Results on UAV-PDD Dataset

The results on the UAV-PDD dataset, presented in Table

IV, further underscore the real-time performance of our

model. Compared to the baseline RT-DETR-R18, LH-DETR

achieves a 1.2 percentage point increase in AP (33.0% vs.

31.8%) and a 2.5% increase in inference speed (57.0 vs. 55.6

FPS), all while reducing the parameter count by 28.5%. Even

when compared against the heavyweight RT-DETR-R50, our

model is higher in AP by 0.8 percentage points and is 2.5%

faster. This is particularly significant as pavement distress

detection requires identifying small, low-contrast details,

proving that our frequency-aware enhancements and efficient

backbone are highly effective for fine-grained analysis in

real-time applications.

TABLE V

ABLATION STUDY: CUMULATIVE IMPACT OF LH-DETR COMPONENTS.

WMHB FAD FFN ASVLoss Params GFLOPs AP(%) AP50(%)
� 13.7M 43.4G 21.1 37.3

� 20.6M 61.5G 20.9 36.8
� 20.0M 60.0G 20.8 36.9

� � 13.7M 43.4G 21.6 38.1
� � 14.3M 44.9G 22.1 38.9
� � � 14.3M 44.9G 22.4 39.6

D. Ablation Study on LH-DETR

To comprehensively evaluate the efficacy and efficiency of

each proposed component, we conduct ablation studies on

the VisDrone dataset using RT-DETR-R18 as the baseline.

The quantitative results are summarized in Table V.

• Wavelet-Mamba Hybrid Block (WMHB): As the

primary driver of efficiency, replacing the back-

bone with WMHB yields a 0.3% AP improvement

(20.8→21.1). Crucially, this design significantly lowers

model complexity, reducing the parameter count by

approximately 31.5% (20.0M→13.7M) and GFLOPs

by 27.7% (60.0G→43.4G). This demonstrates that

coupling wavelet-based decomposition with Mamba’s

global modeling generates a feature representation that

is both more robust and computationally efficient for

aerial scenes compared to standard CNN backbones.

• Frequency-Aware Dynamic FFN (FAD-FFN): Incor-

porating FAD-FFN results in a consistent performance

improvement, reaching 20.9 AP and 36.8 AP50. Al-

though this introduces a marginal increase in computa-

tional cost (+0.6M Params), the resulting performance

gains justify the trade-off. This confirms that explicitly

amplifying high-frequency cues effectively preserves

the details of small, textured targets with minimal

overhead.

• AutoSliding Varifocal Loss (ASVLoss): While the

overall AP remains comparable to the baseline (20.8),

ASVLoss notably boosts AP50 to 36.9 (+0.6% over

baseline). Significantly, as an optimization of the train-

ing objective, ASVLoss improves localization quality

without incurring any additional inference latency or

parameter overhead.

Synergistic Effects: Combining these modules leads

to cumulative performance gains. The integration of both

WMHB and FAD-FFN boosts AP to 22.1%, highlighting

the strong synergy between the efficient feature extractor

and the frequency-aware enhancement module. Ultimately,

the full LH-DETR model achieves peak performance (22.4%

AP) while maintaining a highly lightweight profile (14.3M

Params vs. Baseline 20.0M). This successfully validates our

design goal of creating an efficient detector tailored for

resource-constrained UAVs (Fig. 4).
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Fig. 4. Ablation Study: Cumulative Impact of LH-DETR Components.

V. CONCLUSIONS

In this paper, we propose a new real-time DETR detector

for aerial image detection, named LH-DETR. Specifically,

we devise a feature extractor based on wavelet transform and

Mamba, which aims to deeply fuse local and global infor-

mation and reduce computational complexity. Meanwhile, a

Fourier transform-based FFN is designed to enhance multi-

scale object perception and improve the network’s ability

to process features at different scales. For aerial image

detection, our method mitigates the redundancies found in

prior DETR-based detectors, which results in a significant

improvement in the network’s processing velocity.LH-DETR

advances the technological methodologies of existing real-

time detection models, offering a new perspective for the

widespread industrial application of DETR-based architec-

tures.

While our experiments are conducted on high-performance

GPUs to validate algorithmic effectiveness, we acknowledge

that deployment on embedded UAV platforms (e.g., NVIDIA

Jetson) requires further optimization. Future work will focus

on optimizing non-standard operators (like DWT) for Ten-

sorRT to bridge the gap between theoretical efficiency and

edge deployment.
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