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 a b s t r a c t

Nighttime vehicle detection in Unmanned Aerial Vehicle (UAV) imagery is critical for intelligent transportation 
systems yet faces significant challenges due to low signal-to-noise ratios and pervasive small and medium-scale 
objects. Existing methods suffer from two critical limitations: (1) conventional low-light enhancement approaches 
prioritize human perception over downstream detection tasks, and (2) feature fusion frameworks exhibit inade-
quate cross-level interactions and computational inefficiency for UAV platforms. To address these gaps, we pro-
pose the Retinex-guided illumination Differential Transformer Detection network (ReDT-Det), which integrates 
a nighttime image enhancer with a robust vehicle detection module. Our approach leverages Retinex principles 
to design an illumination-fused differential transformer block for preliminary image enhancement and illumina-
tion recovery, which can effectively improve the quality of nighttime images while preserving critical details. 
To address the issue of small and medium-scale objects, we introduce a dilation-wise residual cross-stage partial 
module to enhance the ability to capture fine-grained features. During the feature fusion stage, we propose two 
key modules: a cross-level feature adaptive adjustment module for the effective integration of multi-scale features 
and a small object auxiliary feature module specifically designed to enhance the representation of small-scale 
objects. To validate our method, we curated a comprehensive benchmark dataset for real-world nighttime UAV-
based vehicle detection, named NightDrone-Mix. Extensive comparative experiments demonstrate that ReDT-Det 
outperforms various state-of-the-art image enhancement and detection methods, highlighting its advantages in 
both accuracy and effectiveness. Additionally, we evaluated ReDT-Det on the DroneVehicle(Night) and ExDark 
datasets to assess its performance in detecting dark objects, achieving equally promising results.

1.  Introduction

Vehicle detection, a critical technology in urban intelligent trans-
portation systems, is widely used for traffic flow monitoring, traffic 
violation detection, and accident response (Telikani et al., 2024). Un-
manned Aerial Vehicles (UAVs) equipped with cameras offer a unique 
advantage in intelligent urban management due to their wide field of 
view and ability to collect vehicle data from high-altitude perspectives. 
While UAV-based vehicle detection has achieved significant success un-
der normal lighting conditions (Hoanh & Vu Pham, 2024; Ying et al., 
2024; Zhu et al., 2024), its effectiveness is limited when applied di-
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rectly to nighttime imagery, as shown in Fig. 1(b). This limitation arises 
from two key challenges in nighttime UAV-collected datasets: (1) Low 
visibility and high noise: Nighttime imaging typically suffers from poor 
illumination and low signal-to-noise ratios, making it difficult for ex-
isting methods to accurately detect and analyze objects, as illustrated 
in Fig. 1(a). (2) Small and medium scale object detection: Imagery cap-
tured by UAVs at high altitudes often results in blurred or low-resolution 
object representations, as shown in Table 1. This creates challenges in 
distinguishing critical features necessary for effective detection. This 
outcome highlights the need for specialized techniques to address these 
challenges in nighttime UAV-based vehicle detection.
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Fig. 1. (a) The image and its red, green and blue channel histogram of normal light and nighttime. (b) Vehicle detection results obtained by UM-YOLO (Zhu et al., 
2024), PDPA-PAN (Ying et al., 2024), and the proposed method and the ground truth of the image. (c) The overall flowchart of our ReDT-Det.For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.

Table 1 
The object scale analysis of typical UAV-based datasets.
    samples  small  medium  large  total  
  VisDrone-DET  292,065 (61.97%)  155,487 (32.99%)  23,714 (5.04%)  471266 
  UAVDT  493,860 (61.83%)  291,081 (36.44%)  13,853 (1.73%)  798795 

Previous research on nighttime image enhancement has predomi-
nantly focused on improving human perception (Brateanu et al., 2024; 
Cai et al., 2023a; Cui et al., 2024; Ma et al., 2022a; Xu et al., 2020), 
which may not be effective for downstream vision tasks such as instance 
segmentation, object tracking, and object detection. For example, LYT-
Net (Brateanu et al., 2024) optimize illumination adjustment and noise 
suppression for visual appeal, but fail to preserve low-contrast struc-
tural features essential for object boundaries in detection. These meth-
ods treat enhancement as an isolated image-to-image translation task 
rather than a feature-preserving preprocessing stage for high-level vi-
sion. This explains their suboptimal performance when integrated into 
detection pipelines despite strong perceptual metrics. Some studies have 
explored the integration of image enhancement with object detection 
or tracking tasks (Qin et al., 2022; Wang et al., 2020b; Ye et al., 2022; 
Yin et al., 2023; Zhang et al., 2024). For example, DE-Net (Qin et al., 
2022) uses a Laplacian pyramid to decompose the input image into low-
frequency and high-frequency components, enabling global enhance-
ment and cross-level guidance, and then employs a YOLOv3 detector 
(Farhadi & Redmon, 2018) for object detection. Similarly, PE-YOLO (Yin 
et al., 2023) combines a detail processing module and a low-frequency 
enhancement filter for image enhancement, followed by object detection 
using a YOLOv3 detector. CPA-Enhancer (Zhang et al., 2024) first intro-
duced a chain-of-thought mechanism to progressively adapt its enhance-
ment strategy under different image degradations, achieving adaptively 
recognized image degradation-related information. While these meth-
ods have shown certain improvements in detection performance, they 
often involve high computational complexity, making them unsuitable 
for resource-constrained UAV platforms. Thus, enhancing detection per-
formance during nighttime while maintaining low computational costs 
remains a significant challenge.

To evaluate scale distribution in UAV-based detection tasks, we anal-
ysed two prominent benchmarks, VisDrone-DET (Du et al., 2019) and 

Table 2 
The rate of images including different scale objects.
    rate of images  small  medium  large  
  VisDrone-DET  93.4%  97.8%  60.6% 
  UAVDT  88.4%  87.3%  22.6% 

UAVDT (Du et al., 2018). As shown in Table 1, UAV-captured imagery 
exhibits a pronounced dominance of small and medium scale objects, 
with VisDrone containing 61.97% small, 32.99% medium, and only 
5.04% large objects, while UAVDT comprises 61.83% small, 36.44% 
medium, and 1.73% large objects. Additionally, we conducted a statis-
tical analysis of the object scales in the images from the VisDrone and 
UAVDT datasets. The results, as shown in Table 2, indicate that in the 
VisDrone dataset, over 93% of the images contain small and medium 
scale objects. Meanwhile, in the UAVDT dataset, more than 87% of the 
images include objects of these scales. This statistical evidence under-
scores the critical importance of small and medium scale target detec-
tion for UAV-based vehicle systems. Conventional approaches like Fea-
ture Pyramid Networks (FPN) (Lin et al., 2017) and its variants (Liu 
et al., 2018; Tan et al., 2020) aim to address multi-scale detection 
but suffer from limited cross-level interaction, as they primarily fuse 
adjacent-level features while neglecting explicit information exchange 
across non-adjacent layers, leading to suboptimal feature representa-
tions for small objects. Advanced frameworks such as GoldYOLO (Wang 
et al., 2024b), which aligns four-level backbone features, and AFPN-
head (Yang et al., 2023), which progressively fuses backbone outputs, 
improve cross-layer communication but incur prohibitive computational 
costs (e.g., GoldYOLO requires 62.7 GFLOPs), rendering them impracti-
cal for resource-constrained UAV platforms. These limitations highlight 
the urgent need for lightweight, efficient architectures tailored to UAV-
specific scale distributions.
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To overcome the dual challenges of high computational complex-
ity and insufficient accuracy for small and medium targets in UAV-
based detection during nighttime, we propose ReDT-Det, a Retinex-
guided illumination Differential Transformer Detection network. ReDT-
Det is designed to enhance nighttime imaging and improve detection 
performance in real-world UAV-based vehicle detection scenarios. The 
architecture of ReDT-Det is illustrated in Fig. 1(c). Initially, we apply 
Retinex theory (Land & McCann, 1971) to estimate lighting informa-
tion and introduce an Illumination-Fused Differential Transformer Block 
(IFDTB) to enhance images. This block effectively restores low-light im-
age details while reducing computational overhead. Next, we design a 
Dilation-wise Residual Cross Stage Partial (DR-CSP) module to expand 
the receptive field and improve feature extraction capabilities, particu-
larly for small-scale objects. Finally, a Cross-level Feature Adaptive Ad-
justment (CFAA) module and a Small Object Auxiliary Feature (SOAF) 
are employed to facilitate progressive cross-level information exchange 
and enhance feature representation for small objects. Our contributions 
can be summarized in three key aspects:

• Illumination-fused differential transformer block (IFDTB): A Retinex-
based enhancement module that integrates differential attention 
mechanisms to suppress noise and focus on dark regions. This ap-
proach achieves a 15.24% reduction in computational overhead 
compared to RetinexFormer, while providing low-light images with 
greater detail to improve object detection performance.

• Progressive feature fusion architecture: A lightweight framework de-
signed to enhance the detection of small and medium-scale objects. It 
combines Dilation-wise Residual Cross Stage Partial (DR-CSP) mod-
ule to expand the receptive field, Cross-level Feature Adaptive Ad-
justment (CFAA) for multi-scale feature fusion, and Small Object 
Auxiliary Feature (SOAF) to boost small-scale object detection by 
3.6% 𝑚𝐴𝑃 .

• NightDrone-Mix benchmark: We introduce a comprehensive bench-
mark dataset named NightDrone-Mix for real-world nighttime 
UAV-based vehicle detection. It consists of 15,144 annotated im-
ages across diverse urban scenarios. Extensive experiments on 
NightDrone-Mix, DroneVehicle(Night) and ExDark datasets demon-
strate state-of-the-art performance, with ReDT-Det achieving 65.2% 
mAP while reducing FLOPs by 4.8G compared to the baseline on 
NightDrone-Mix.

The remainder of this paper is organized as follows: Following this 
introduction, Section 2 comprehensively reviews the evolution of ob-
ject detection methodologies tailored to UAV imagery, emphasizing ad-
vancements and persistent gaps in low-light scenarios. Section 3 elabo-
rates on the architectural details of the proposed ReDT-Det framework, 
including its Retinex-guided illumination enhancement module, pro-
gressive feature fusion strategy. Section 4 systematically evaluates the 
method through benchmark experiments on the NightDrone-Mix and 
ExDark datasets, providing quantitative comparisons of detection accu-
racy, computational efficiency, and robustness across varying illumina-
tion conditions. Finally, Section 5 synthesizes the key contributions of 
this work and outlines future research directions.

2.  Related work

The rapid advancement of object detection techniques in aerial im-
ages has profoundly transformed intelligent urban transportation sys-
tems, enabling real-time traffic monitoring, incident response, and in-
frastructure management. This section systematically examines four 
critical dimensions of this technological evolution. First, we trace the 
historical progression of UAV-oriented detection frameworks, analyzing 
their adaptation from conventional ground-based systems to aerial-view 
optimized architectures. Subsequently, we critically evaluate state-of-
the-art low-light enhancement methodologies, emphasizing their limi-
tations in balancing perceptual quality and computational efficiency for 

UAV deployment. Then, we explore the development of low-light ob-
ject detection. Finally, we explore the paradigm shift brought by visual 
Transformers in object detection, discussing their capabilities and chal-
lenges in addressing UAV-specific requirements like multi-scale target 
recognition and illumination invariance.

2.1.  Object detection on UAV images

Technological advances in UAV-based object detection have driven 
significant progress and expanded its applications. Much of the research 
has focused on adapting existing detectors, originally designed for natu-
ral scenes, to the unique characteristics of drone imagery. For instance, 
YOLO variants (Ying et al., 2024; Zhu et al., 2024) and Faster R-CNN 
variants (Cao et al., 2020; Lin et al., 2020; Yang et al., 2019) have 
been widely studied and optimized for this purpose. PDPA-PAN (Ying 
et al., 2024) enhances object detection by integrating spatial and chan-
nel attention during multi-scale feature fusion. CRPN-SFNet (Yang et al., 
2019) introduces a semantic region proposal network to quickly identify 
relevant regions while filtering out irrelevant ones. UAV imaging often 
involves varying angles of view, which complicates the use of traditional 
rectangular bounding boxes for accurate object localization. To address 
this, several studies (Cheng et al., 2022; Ding et al., 2019; Li et al., 
2022c; Xie et al., 2021) have explored oriented bounding boxes for more 
precise object localization. Oriented R-CNN (Li et al., 2022c) employs 
an oriented region proposal network to generate high-quality oriented 
proposals, which are then refined and recognized. Oriented RepPoints 
(Li et al., 2022c) further improves this by introducing an adaptive point 
representation that captures the geometric information of arbitrarily ori-
ented instances, enabling effective representation of non-axis-aligned 
features. Another area of focus has been addressing class and label im-
balance during detection model training. DSHNet (Yu et al., 2021) im-
proves tail-class detection performance by introducing dual samplers 
and heads for long-tail and head classes. A class-aware dynamic label 
assignment strategy (Feng et al., 2024) ensures consistent training be-
tween classification and position regression. While these methods have 
shown strong performance on datasets like DOTA (Xia et al., 2018), Vis-
Drone (Du et al., 2019), and UAVDT (Du et al., 2018), they are primarily 
designed for normal lighting conditions and are less effective in night-
time scenarios.

Despite these advancements, existing methods still face significant 
challenges in nighttime applications due to low signal-to-noise ratios 
and the prevalence of small and medium scale objects. This highlights 
the need for robust solutions that can enhance detection performance 
under low-light conditions while maintaining computational efficiency 
for deployment on resource-constrained UAV platforms. Thus, we intro-
duce progressive feature adaptation to optimize multi-scale representa-
tion learning, with emphasis on small and medium-scale objects.

2.2.  Nighttime image enhancement

Night image enhancement aims to improve human visual perception 
by restoring image details and correcting color distortion. It employs 
various methods to provide images with enhanced details suitable for 
complex tasks such as object detection and segmentation. Traditional 
approaches include gamma correction (Rahman et al., 2016; Wang et al., 
2009) and cognition-based methods (Fu et al., 2016; Wang et al., 2013). 
With the rapid advancement of deep learning, a growing number of 
methods (Bai et al., 2024; Cai et al., 2023a; Cui et al., 2022; Ma et al., 
2023, 2022a; Xing et al., 2023) have adopted CNNs and Transform-
ers for illumination estimation and detail restoration based on Retinex 
theory (Land & McCann, 1971). Retinexformer (Cai et al., 2023a) in-
troduces a one-stage Retinex-based framework with an illumination-
guided transformer for simultaneous brightness adjustment and detail 
restoration. Retinexmamba (Ma et al., 2023) improves computational 
efficiency by replacing attention mechanisms with state space models 
while maintaining Retinex decomposition principles. The Illumination 
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Adaptive Transformer (Cui et al., 2022) utilizes attention queries to dy-
namically optimize parameters of the image signal processor, including 
color correction matrices and gamma values. While these methods have 
achieved notable improvements in nighttime image enhancement, they 
often involve high computational complexity, making them unsuitable 
for resource-constrained UAV platforms.

These advancements in nighttime image enhancement have signifi-
cantly improved the restoration of image details and visual perception. 
However, most existing methods are primarily designed to enhance hu-
man visual perception and may not be optimized for downstream vision 
tasks such as object detection. First, many of these methods prioritize 
enhancement quality over computational efficiency, resulting in high 
computational complexity. This makes them impractical for deployment 
on UAV platforms with limited computational resources. Second, these 
methods are often not specifically designed for object detection, which 
requires not only visual enhancement but also the preservation of crit-
ical features necessary for accurate detection. To address these gaps, 
we propose a lightweight architecture employing dynamic convolutions 
and depthwise separable convolutions to replace standard convolutions, 
alongside a differential transformer for enhancement and efficient task-
oriented feature extraction for detection.

2.3.  Object detection during nighttime

Object detection during nighttime presents unique challenges due 
to low illumination, high noise, and uneven lighting. Recent research 
addresses these through four dominant paradigms.

1) Image enhancement-driven and detection: This paradigm im-
proves input quality via images preprocessing and joint object detectors 
to boost detection performance in degraded conditions. PE-YOLO (Yin 
et al., 2023) combines a detail processing module and a low-frequency 
enhancement filter for image enhancement, followed by object detec-
tion using a YOLOv3 detector. DEDet (Xi et al., 2024) jointly optimizes 
exposure correction and detection via a fine-grained parameter predic-
tor. 2PCNet (Kennerley et al., 2023) employs dual-phase pseudo-label 
refinement with nighttime-specific augmentation for unsupervised do-
main adaptation, enhancing small-object detection while suppressing 
error propagation.

2) Infrared-centric approaches: This paradigm leverages thermal ra-
diation properties to achieve illumination-invariant detection, primarily 
through specialized network architectures and optimisation strategies. 
DDCNN (Patel et al., 2022) incorporates novel loss functions to enhance 
accuracy and achieve real-time application potential with notable mAP 
and car detection accuracy. Thermal-enhanced YOLOv5 (Vo & Quach, 
2023) utilizes hybrid SGD-Adam training and activation function opti-
mization to boost nighttime detection in driver-assistance systems. MSH-
Net (Liu et al., 2024) introduces a scale-and-location-sensitive loss and 
multi-scale head to improve infrared small target detection, dynamically 
weighting IoU by target size and adding polar-coordinate penalty terms 
for precise localization.

3) Unified framework for enhancement and detection: This paradigm 
represents an end-to-end optimized paradigm that jointly learns task-
shared representations to overcome error propagation in cascaded 
pipelines. PIA (Ma et al., 2022b) integrates a parallel architecture with a 
decomposition-type warm-start and illumination-aware feature alloca-
tor to jointly perform coarse-to-fine enhancement and decomposed-to-
integrated detection in low-light conditions. Reference (Xue et al., 2022) 
introduces a cascaded framework with contrastive-alternative learning 
to jointly optimize low-light image enhancement and semantic percep-
tion tasks, enabling task entanglement and mutual guidance via inter-
task contrastive mechanisms.

Enhancement-driven detection improves input quality but suffers 
from task misalignment and error accumulation between separated 
modules. Infrared-Centric Approaches offer illumination invariance but 
require expensive hardware and struggle with textureless targets. Uni-
fied Frameworks jointly optimize tasks but often incur high computa-

tional complexity for UAV deployment. We propose an end-to-end net-
work that hierarchically links image processing and object detection 
via feature passing, optimized solely by detection losses. This forces en-
hancement modules to preserve detection-critical features while main-
taining UAV-compatible efficiency.

2.4.  Vision transformer

The Transformer, originally designed for machine translation tasks, 
incorporates a multi-head self-attention mechanism and a feedforward 
network. Its ability to capture long-range dependencies has effectively 
addressed the limitations of CNNs, driving its expanding applications 
in high-level vision tasks such as semantic segmentation (Wu et al., 
2021; Zheng et al., 2021) and object detection (Cai et al., 2023b; Carion 
et al., 2020; Liu et al., 2022; Zhang et al., 2022b; Zhao et al., 2024). 
For instance, DETR (Carion et al., 2020) and its variants redefine object 
detection as a set prediction problem, moving away from traditional 
anchor-based designs. This approach efficiently manages duplicate pre-
dictions and eliminates the need for Non-Maximum Suppression (NMS) 
during post-processing. However, DETR-like methods require substan-
tial data for training and exhibit weaker performance in detecting small-
scale objects, which restricts their use in UAV-based object detection 
tasks. Beyond high-level tasks, Transformers have also shown remark-
able performance in low-level vision tasks, including image restoration 
(Cai et al., 2022; Zamir et al., 2022) and image synthesis (Jiang et al., 
2021; Zhang et al., 2022a). One example is the Retinexformer (Cai 
et al., 2023a), which applies Retinex theory for brightness estimation 
and introduces illumination-guided multi-head self-attention for restor-
ing image details. Despite its contributions, the Retinexformer does 
not account for noise from self-attention calculations and may allocate
attention to irrelevant information. Meanwhile, the DIFF Transformer 
(Ye et al., 2024) introduces a differential attention mechanism in lan-
guage modelling, using two distinct softmax attention maps to calculate 
attention scores, thereby promoting the emergence of sparse attention 
patterns. Drawing inspiration from these studies, we have designed a 
Retinex-guided illumination-fused differential transformer for nighttime 
image enhancement, achieving image detail restoration through the cal-
culation of differential attention in image information.

3.  Proposed method

To enable robust vehicle detection in nighttime scenarios on UAV-
based images, we propose ReDT-Det, an integrated framework combin-
ing nighttime image enhancement with efficient object detection. As 
illustrated in Fig. 2, our architecture operates through two sequential 
stages: 1) Retinex-guided illumination-fused differential Transformer for 
image enhancement (IFDT-Enhancer): The input nighttime image un-
dergoes Retinex-based decomposition through a dedicated illumination 
estimator and detail enhancer. We develop an Illumination-Fused Dif-
ferential Transformer Block (IFDTB) that integrates frequency-domain 
differential operators with illumination guidance to recover texture de-
tails while suppressing noise. 2) Progressive feature learning for night-
time UAV-based vehicle detection (NightDrone-YOLO): The enhanced 
image is processed by our Dilation-wise Residual Cross Stage Partial 
(DR-CSP) module, which employs hybrid dilated convolutions for multi-
receptive-field feature extraction. Cross-level Feature Adaptive Adjust-
ment (CFAA) dynamically fuses multi-scale features through spatial-
channel attention, while the Small Object Auxiliary Feature (SOAF) 
component enhances hard-to-detect targets through dedicated high-
resolution feature preservation.

3.1.  IFDT-enhancer For low-light image recovery

Our image enhancement method, grounded in Retinex theory (Land 
& McCann, 1971), comprises two key components: the Illumination 
Estimator 𝐼𝐸 and the Details Enhancer 𝐷𝐸. In 𝐼𝐸 stage, two 1 × 1
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Fig. 2. Architecture of ReDT-Det. The light blue section represents the nighttime image enhancement of ReDT-Det, the light purple section corresponds to the object 
detection, and the light green section provides the legend explanation. The nighttime image enhancement is composed of illumination estimator (𝐼𝐸) and details 
enhancer (𝐷𝐸), while the details enhancer includes Illumination-Fused Differential Transformer Block (IFDTB) and a U-shape encoder and decoder. NightDrone-
YOLO includes Dilation-wise Residual Cross Stage Partial (DR-CSP) module for feature extraction, Cross-level Feature Adaptive Adjustment (CFAA) module and the 
Object Auxiliary Feature (SOAF) for progressive multi-scale feature fusion.For interpretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.

convolutions and one 5 × 5 depth-wise convolution are employed to 
generate the light feature and illuminance map. 𝐷𝐸 is designed as a 
U-shaped network, utilizing 4 × 4 convolution for downsampling and 
2 × 2 deconvolution for upsampling. The Illumination-Fused Differential 
Transformer Block (IFDTB) is used for illuminance feature extraction, 
while skip connections are implemented to prevent information loss.

3.1.1.  Retinex-guided framework
Retinex theory is widly used on low-light image enhancement net-

works. Traditional methods decompose an image 𝐼 ∈ ℝ𝐻×𝑊 ×3 into two 
components:

𝐼 = 𝐿⊗𝑅 (1)

where 𝐿 ∈ ℝ𝐻×𝑊  denotes he illumination map, 𝑅 ∈ ℝ𝐻×𝑊 ×3 repre-
sents the reflectance component, and ⊗ donates element-wise multipli-
cation. While this formulation assumes noise-free imaging conditions, 
real-world low-light images suffer from two key degradations: 1) Noise 
Amplification: Sensor noise 𝑅̃ and illumination estimation errors 𝐿̃ esca-
late during enhancement; 2) Non-linear Artifacts: Cross-terms between 
perturbations create irreversible information loss (Cai et al., 2023a). To 
address these issues, we propose a degradation-aware Retinex model:
𝐼 = (𝑅 + 𝑅̃)⊗ (𝐿 + 𝐿̃) (2)

Expanding this formulation reveals four distinct components:
𝐼 = 𝑅⊗𝐿

⏟⏟⏟
Ideal Component

+ 𝑅⊗ 𝐿̃
⏟⏟⏟

Illumination Error
+ 𝑅̃ ⊗ 𝐿

⏟⏟⏟
Reflectance Noise

+ 𝑅̃ ⊗ 𝐿̃
⏟⏟⏟

Cross Corruption
= 𝑅⊗𝐿 + 𝑅⊗ 𝐿̃ + 𝑅̃ ⊗ (𝐿 + 𝐿̃)

(3)

where 𝑅̃ ∈ ℝ𝐻×𝑊 ×3 and 𝐿̃ ∈ ℝ𝐻×𝑊  model reflectance noise and illu-
mination perturbations, respectively. We introduce a light-up map 𝐿̄
satisfying 𝐿⊗ 𝐿̄ = 1 applied via element-wise multiplication:
𝐼 ⊗ 𝐿̄ = 𝑅 + 𝑅⊗ (𝐿̃ ⊗ 𝐿̄) + (𝑅̃ ⊗ (𝐿 + 𝐿̃))⊗ 𝐿̄, (4)

where the term 𝑅̃ ⊗ (𝐿 + 𝐿̃) captures the inherent noise and compres-
sion artifacts latent in low-light conditions, which undergoes amplifica-
tion through the light-up mapping 𝐿̄. Meanwhile, 𝑅⊗ (𝐿̃ ⊗ 𝐿̄) charac-
terizes the non-linear interactions leading to exposure imbalance (un-
der/over-exposure) and chromatic aberration, both introduced during 
the illumination correction phase. After simplification, we can express 
the illuminated image 𝐼lu as follows:
𝐼lu = 𝐼 ⊗ 𝐿̄ = 𝑅 + 𝐶, (5)

where 𝐼lu ∈ ℝ𝐻×𝑊 ×3 notes the lit-up image and 𝐶 ∈ ℝ𝐻×𝑊 ×3 represents 
the information regarding overall damage in the image. Therefore, the 
process of our image enhancement can be expressed as:
(

𝐼lu, 𝐹lu
)

= IE
(

𝐼, 𝐿p
)

(6)

𝐼en = DE
(

𝐼lu, 𝐹lu
)

(7)

𝐼f inal = IE
(

𝐼lu, 𝐿p
)

⊕ DE
(

𝐼lu, 𝐹lu
)

(8)

𝐿p =
1
3

3
∑

𝑐=1
𝐼 (𝑐) (9)

where 𝐼𝐸 donates Illumination Estimator and 𝐷𝐸 donates Details En-
hancer. The inputs 𝐼𝐸 are the RGB images 𝐼 ∈ ℝ𝐻×𝑊 ×3 and their prior 
𝐿p ∈ ℝ𝐻×𝑊  , which is derived by calculating the mean value of each 
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Fig. 3. The overview of the illumination-fused differential transformer block (IFDTB).

pixel of input 𝐼 across all channels. This value is utilized to evaluate 
the overall brightness or illumination level of the image. 𝐼lu and 𝐹lu rep-
resent lit-up image and illumination map independently. Then 𝐼lu and 
𝐹lu are fed into 𝐷𝐸 for details enhancement. 𝐷𝐸 is a U-shaped network 
that incorporates IFDTB and skip connections to facilitate corruption 
restoration. 𝐼f inal means the final enhanced images.

3.1.2.  Illumination-fused differential transformer block (IFDTB)
To address the limitations of conventional attention mechanisms in 

low-light enhancement, specifically noise amplification and attention 
dispersion, we propose a Retinex-guided differential attention mecha-
nism, called Illumination-Fused Differential Transformer Block (IFDTB). 
After obtained 𝐼lu and 𝐹lu, they are transported to 𝐷𝐸 for corruption 
restoration. IFDTB is the core of 𝐷𝐸 . As depicted in Fig. 3, IFDTB 
includes a 3 × 3 depth-wise convolution, Layer Normanization (LN), 
Illumination-Fused Differential Transformer (IFDT), Feed-Forward Net-
work (FFN) and skip connection.

As illustrated in Fig. 1, the illumination-corrected feature 𝐼lu is pro-
cessed by a 3 × 3 convolution to generate the base feature 𝐹𝑖𝑛, while 
the illumination feature 𝐹lu is incorporated as a physical prior. 𝐹𝑖𝑛 is 
then reshaped into tokenized features 𝑋 ∈ ℝ𝐻𝑊 ×𝐶 for multi-head self-
attention score computation. Unlike RetinexFormer (Cai et al., 2023a), 
which projects 𝑋 to query (𝑄) , key (𝐾) and (𝑉 ) vectors and further 
fuses 𝐹𝑙𝑢 through token-wise multiplication with 𝑉 , Our method di-
rectly leverages 𝑋 and 𝐹𝑙𝑢 constructs multi-head differential attention 
score, effectively suppressing noise propagation while preserving com-
putational efficiency. To address the limitations of traditional Trans-
formers tendency to allocate excessive attention to irrelevant regions, 
we decompose 𝑋 and 𝐹𝑙𝑢 into 𝑘 parallel heads:
𝑋 =

[

𝑋1, 𝑋2,… , 𝑋𝑘
]

, 𝐹𝑙𝑢 =
[

𝐹𝑙𝑢1, 𝐹𝑙𝑢2,… , 𝐹𝑙𝑢𝑘
]

(10)

where 𝑋𝑖 ∈ ℝ𝐻𝑊 ×𝑑𝑘 , 𝑑𝑘 = 𝐶
𝑘  , and 𝑖 = 1, 2,⋯ , 𝑘. 𝑘 is the number of the 

heads and 𝐶 is the channel of the input feature.
We note that using the light feature 𝐹𝑙𝑢 as the value vector 𝑉  for 

final multiplication allows the model to concentrate more effectively on 

the darker areas of the image. Hence, we project the input 𝑋 to the 
𝑄1, 𝑄2, 𝐾1, 𝐾2 ∈ ℝ𝐻𝑊 ×𝑑𝑘  and the 𝐹𝑙𝑢 to 𝑉 ∈ ℝ𝐻𝑊 ×𝑑𝑘 : 
[

𝑄1;𝑄2
]

= 𝑋𝑊 𝑄,
[

𝐾1;𝐾2
]

= 𝑋𝑊 𝐾 , 𝑉 = 𝐹𝑙𝑢𝑊
𝑉 (11)

where 𝑊 𝑄, 𝑊 𝐾 and 𝑊 𝑉  are learnable parameters. Thus the differential 
attention operator DiffAttn is calculated as follows:

𝐷𝑖𝑓𝑓 = 

(

𝑄1𝐾𝑇
1

𝛼

)

− 𝜆

(

𝑄2𝐾𝑇
2

𝛼

)

(12)

where  denotes 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 function, 𝑇  represents matrix transpose 
oprater. 𝛼 denotes the learnable parameter that acts as a scaling factor 
for adjusting the attention scores. ⊗ donates element-wise multiplica-
tion. The value of 𝜆 is computed as follows:

𝜆 = exp
(

𝜆𝐪1 ⋅ 𝜆𝐤1
)

− exp
(

𝜆𝐪2 ⋅ 𝜆𝐤2
)

+ 𝜆init (13)

where 𝜆𝐪1 , 𝜆𝐤1 , 𝜆𝐪2  and 𝜆𝐪2  are learnable vectors that regulate the 
sharpness of the attention weights. The term 𝜆init ∈ (0, 1) serves as 
the initial value for 𝜆. In our experiments, 𝜆init  is empirically set to 
0.8 − 0.6 × exp(−0.3 ⋅ (𝑙 − 1)), where 𝑙 ∈ [𝑙, 𝐿] denotes the layer index. 
This dynamic initialization strategy helps balance the attention weights 
and reduces noise. We also explored using a fixed 𝜆init  (e.g., 0.6) across 
all layers, and the performance remains robust to different initialization 
strategies, as demonstrated in the ablation studies. This design effec-
tively minimizes attention noise and enhances the model’s efficiency.

Therefore, the final output of IFDT can be represented as:
𝑂𝑖 = 𝐷𝑖𝑓𝑓 × 𝑉

𝑂𝑓𝑖𝑛𝑎𝑙 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑂𝑖)
(14)

where 𝑂𝑖 ∈ ℝ𝐻𝑊 ×𝑑𝑘  means the output of per head and 𝑂𝑓𝑖𝑛𝑎𝑙 ∈ ℝ𝐻𝑊 ×𝐶

presents the final output. IFDTB reduces computational overhead by us-
ing 𝑋 and 𝐹𝑙𝑢 directly for multi-head attention, enhancing focus on dark 
regions with 𝐹𝑙𝑢 as the value vector. Computing the differential attention 
scores of input 𝑋 can reduce the attention noise and allocate more at-
tention to relevant areas. IFDTB allows for a greater emphasis on areas 
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that require enhancement while simultaneously reducing the model’s 
computational complexity. This results in images that are better suited 
for downstream object detection by effectively highlighting relevant re-
gions without unnecessary computational overhead.

3.2.  Nightdrone-YOLO for UAV-based nighttime vehicle detection

After obtaining the illumination-enhanced image, we feed it into the 
object detection network for further processing. The YOLO series of de-
tectors is widely used in real-world applications, such as urban intelli-
gent transportation systems, due to its balance between speed and ac-
curacy. However, it struggles with vehicle detection in drone imagery, 
particularly under nighttime conditions. To overcome these limitations, 
we introduce enhancements to the YOLOv11 framework (Jocher et al., 
2023), specifically optimizing it for nighttime UAV-based vehicle detec-
tion through progressive feature extraction and fusion.

First, we incorporate the Dilation-wise Residual Cross Stage Partial 
(DR-CSP) Module in the backbone feature extraction phase. This mod-
ule expands the network’s receptive field, enabling more effective con-
textual information capture while minimizing information loss. Second, 
we design the Cross-level Feature Adaptive Adjustment (CFAA) mod-
ule to enhance cross-level feature fusion, facilitating better information 
exchange across different feature hierarchies and improving the repre-
sentation of multi-scale objects. Finally, we introduce the Small Object 
Auxiliary Feature (SOAF) module to specifically address the challenge of 
detecting small-scale objects. This module strengthens the feature rep-
resentation of small objects, significantly improving detection accuracy. 
With these advancements, our improved object detection network, tai-
lored for nighttime UAV-based vehicle detection, is named NightDrone-
YOLO.

3.2.1.  Dilation-wise residual cross stage partial (DR-CSP) module
CSPNet (Wang et al., 2020a) introduces an innovative architecture 

that enhances gradient flow by splitting gradients across different net-
work paths, effectively integrating feature maps from various stages. 

This approach reduces computational complexity while preserving accu-
racy, making it highly efficient for resource-constrained environments. 
Due to its advantages, CSPNet has been widely adopted in numerous 
object detectors (Qin et al., 2022; Ying et al., 2024; Zhu et al., 2024). 
However, UAV-captured images often contain a large number of small-
scale objects with limited distinguishable features. Directly applying the 
CSPNet architecture may not fully capture and utilize this critical infor-
mation. Moreover, DWRSeg (Wei et al., 2022) suggests that multi-scale 
contextual information can be more effectively extracted through a two-
step process of region residualization and semantic residualization. In-
spired by this, we propose the Dilation-wise Residual Cross Stage Partial 
(DR-CSP) module at the backbone stage. The DR-CSP module is designed 
to replace the C3k2 block in YOLOv11, enhancing the model’s receptive 
field for improved small-object representation. As illustrated in Fig. 5(a), 
the input feature 𝑋 ∈ ℝ𝐻×𝑊 ×𝐶 is divided into two parts:
𝑋1, 𝑋2 = split(𝑋) (15)

where 𝑋1, 𝑋2 ∈ ℝ𝐻×𝑊 ×𝐶∕2, 𝑋1 is directly used for the final feature con-
catenation, while 𝑋2 undergoes dilation-wise residualization. Three par-
allel dilated depth-wise convolutions extract multi-scale features:
𝑌𝑘 = 𝐷𝑊𝐶𝑜𝑛𝑣𝑑𝑘 (𝑋2) (16)

where 𝑘 ∈ {1, 3, 5}, 𝐷𝑊𝐶𝑜𝑛𝑣𝑑𝑘  denotes depth-wise convolution with di-
lation rate 𝑑𝑘. These outputs are then concatenated along the channel 
dimension, followed by a 1 × 1 convolution to refine and integrate chan-
nel information:
𝑌 ′ = 𝐶𝑜𝑛𝑣1×1

(

Concat(𝑌1, 𝑌2, 𝑌3)
)

(17)

Then, the output 𝑌 ′ is added to the 𝑋2 and passed through a Batch 
Normalization (BN) layer followed by a Gaussian Error Linear Unit 
(GELU) activation function, as shown in the following equation:
𝑌 = BN

(

GELU(𝑌 ′ +𝑋2)
)

(18)

Finally, the other part 𝑋1 is concatenated with the output 𝑌 :
𝑍 = Concat

(

𝑋1, 𝑌
)

(19)

Fig. 4. The detail of Dilation-wise Residual Cross Stage Partial (DR-CSP) and Cross-level Feature Adaptive Adjustment (CFAA) module. (a) DR-CSP. (b) CFAA. 𝐶𝐵𝑆
means Convolution + BatchNormal(BN) + SiLU. 𝐴𝑑𝑑 means element-wise addition. 𝑑 − 𝑖, (𝑖 = 1, 3, 5) means the dilated rate of convolution. 𝑀𝑎𝑥𝑃  and 𝐴𝑣𝑔𝑃  are 
represent the max pooling and average pooling independently. 𝐷𝑒𝐶𝑜𝑛𝑣 is the deconvolution. ⊗ means element-wise multiplication.

Expert Systems With Applications 297 (2026) 129476 

7 



L. Chen et al.

Fig. 5. Analysis of NightDrone-Mix on category and illumination. (a) Category analysis; (b) Illumination analysis.

The final representation Z integrates multi-scale contextual features 
through parallel dilated convolutions and residual learning.

The DR-CSP module significantly enhances small-object detection in 
UAV imagery by expanding receptive fields through dilated depth-wise 
convolutions to capture multi-scale morphological features, while main-
taining robust gradient flow via identity shortcut connections and en-
riching semantics through residual feature fusion.

3.2.2.  Cross-level feature adaptive adjustment (CFAA)
Traditional YOLO-series detectors rely on PAFPN (Liu et al., 2018) 

to enhance feature fusion through bottom-up path augmentation. How-
ever, PAFPN is limited to facilitating information exchange between ad-
jacent feature levels, which restricts direct communication across dif-
ferent layers and limits the effective representation of multi-scale fea-
tures. ASF-YOLO (Kang et al., 2024) attempts to address this by encoding 
features from the backbone through simple downsampling or upsam-
pling, but this approach remains insufficient for nighttime UAV-based 
detection tasks. To overcome these limitations, we propose Cross-level 
Feature Adaptive Adjustment (CFAA), an innovative mechanism de-
signed for efficient cross-level feature exchange. Unlike previous meth-
ods that rely on local feature interactions, CFAA leverages global atten-
tion to enable direct communication across different feature levels. As 
shown in Fig. 4(b), large scale feature 𝐹𝐿 ∈ ℝ2𝐻×2𝑊 ×0.5𝐶 comes from 
𝑃 3, medium feature 𝐹𝑀 ∈ ℝ𝐻×𝑊 ×𝐶 from 𝑃 4, and small scale feature 
𝐹𝑆 ∈ ℝ0.5𝐻×0.5𝑊 ×2𝐶 from 𝑃5, respectively. Small-scale features are up-
sampled to the medium scale via deconvolution:
𝐹 ′
𝑠 = 𝐷𝑒𝐶𝑜𝑛𝑣(𝐶𝐵𝑆(𝐹𝑠)) (20)

where 𝐹 ′
𝑆 ∈ ℝ𝐻×𝑊 ×2𝐶 . 𝐶𝐵𝑆 stands for 𝐶𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛 + 𝐵𝑁 + 𝑆𝑖𝐿𝑈 . And 

large-scale features are downsampled to the medium scale using a com-
bination of max pooling and average pooling:
𝐹 ′
𝐿 = Add

(

MaxPool(𝐶𝐵𝑆(𝐹𝐿)),AvgPool(𝐶𝐵𝑆(𝐹𝐿))
)

(21)

where 𝐹 ′
𝐿 ∈ ℝ𝐻×𝑊 ×0.5𝐶 . Attention weights are computed via 1 × 1 𝐶𝑜𝑛𝑣

and applied element-wise to each feature.
Finally, the features from the three branches are concatenated along 

the channel dimension:
𝐹 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐶𝐵𝑆(𝐹 ′

𝑆 ), 𝐶𝐵𝑆(𝐹𝑀 ), 𝐶𝐵𝑆(𝐹 ′
𝐿)) (22)

This design enables comprehensive cross-layer information interac-
tion, improving the representation of features at different scales and sig-
nificantly boosting detection accuracy, especially in challenging multi-
scale scenarios.

3.2.3.  Small object auxiliary feature (SOAF)
In most commonly used UAV-based datasets, over 61% of detected 

objects are small-scale, making their accurate detection critical for 

overall performance. To specifically enhance the detection capabil-
ity for small objects, we propose the Small Object Auxiliary Feature 
(SOAF) module, designed to refine and strengthen small-object repre-
sentation. The detailed architecture of SOAF is illustrated in Fig. 3. 
SOAF takes multi-scale features 𝑃3 ∈ ℝ𝐻×𝑊 ×𝐶3 , 𝑃 4 ∈ ℝ

𝐻
2 ×𝑊

2 ×𝐶4  , and 
𝑃 5 ∈ ℝ

𝐻
4 ×𝑊

4 ×𝐶5  from the backbone. To capture fine-grained details, 𝑃 5
and 𝑃 4 are upsampled to match the resolution of 𝑃 3. However, rather 
than directly fusing these features, SOAF selectively refines and inte-
grates information from 𝑃 4 and 𝑃5, ensuring that only the most relevant 
small-object details contribute to the final feature representation.
𝑃 5 = 𝐶𝑜𝑛𝑣(Up×4(𝑃 5)), 𝑃4 = 𝐶𝑜𝑛𝑣(Up×2(𝑃 4)), 𝑃 3 = 𝐶𝑜𝑛𝑣(𝑃 3) (23)

where Up×𝑘 denotes 𝑘× upsampling via nearest-neighbor interpola-
tion. This alignment enables unified feature processing while preserving 
small-object details.

Instead of direct fusion, SOAF performs cross-scale feature modula-
tion to emphasize small-object characteristics. First, multiplicative in-
teraction highlights co-activated patterns:
𝑃 ′ = 𝑃 5⊙ 𝑃 4⊙ 𝑃 3 (24)

where ⊙ denotes element-wise multiplication. This operation ampli-
fies features consistently activated across scales - crucial for small ob-
jects. The modulated features are then recursively refined with the high-
resolution 𝑃 3 stream.
𝑃 ′′ = 𝑃 3⊙ 𝑃 ′ (25)

This step further enhances spatial precision by preserving high-
frequency details from shallow layers. The final representation combines 
original and modulated features:
𝑃𝑆𝑂𝐴𝐹 = 𝐶𝑜𝑛𝑣(𝐶𝑜𝑛𝑐𝑎𝑡(𝑃 5, 𝑃 4, 𝑃 ′′)) (26)

Concatenation retains multi-scale context while convolution adap-
tively reweights channels. 𝑃𝑆𝑂𝐴𝐹  is combined with the CFAA-enhanced 
𝐏𝟑 representation, yielding a discriminative feature map optimized for 
small-scale UAV object detection. By employing adaptive feature refine-
ment and targeted fusion, SOAF significantly enhances small-object vis-
ibility, leading to improved classification and localization accuracy in 
UAV-based detection scenarios, particularly under challenging condi-
tions.

4.  Experiments

4.1.  Datasets

Most existing UAV object detection datasets contain limited night-
time samples, resulting in a lack of a dedicated benchmark for systemat-
ically evaluating the performance of different approaches in nighttime 
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Table 3 
The data resources of NightDrone-Mixdataset.
    Data source  train  validation  test  total  
  VisDrone-DET (Du et al., 2019)  1695  346  371  2412  
  UAVDT (Du et al., 2018)  8905  1925  1902  12732 

Table 4 
The object scale analysis of NightDrone-Mixdataset.
    small  medium  large  total  
  117,993 (53.38%)  94,114 (42.57%)  8956 (4.05%)  221063 

UAV object detection. The NightDrone (Xi et al., 2024) dataset, cap-
tured using a DJI MINI 2 drone for nighttime drone object detection, 
is not publicly available. To address this, we introduce NightDrone-
Mix, a specialized dataset for UAV-based vehicle detection at night. 
NightDrone-Mix comprises low-light images curated from the VisDrone-
DET (Du et al., 2019) and UAVDT (Du et al., 2018) datasets. Therefore, 
NightDrone-Mix is a cross-dataset dataset specifically designed for night-
time UAV-based vehicle detection.

NightDrone-mix. Since VisDrone-DET and UAVDT datasets contain 
different object categories, we selected nighttime images that share com-
mon vehicle classes, specifically Car, Truck, and Bus. This process re-
sulted in a collection of 15,144 nighttime images, comprising 221,063 
instances. Table 3 provides a breakdown of the dataset, detailing the dis-
tribution of samples across training, validation, and testing sets. We con-
ducted an analysis of object sizes within NightDrone-Mix, as presented 
in Table 4. The dataset is dominated by small-scale objects, which con-
stitute 53.38% of all annotations, followed by medium-scale objects at 
42.57%, and large-scale objects at only 4.05%. This distribution high-
lights the challenge of detecting small objects in UAV imagery, rein-
forcing the need for advanced detection techniques. We performed a 
statistical analysis of the instance categories in the dataset, with the re-
sults shown in Fig. 5(a). The distribution is as follows: Car account for 
92.9%, Bus for 4.06%, and Truck for 3.04%. Additionally, following the 
methodology of the NightDrone dataset Xi et al. (2024), we conducted 

statistical analyses of the lighting conditions, categorizing them into 
Strong light, weak light, and extreme dark. The results are presented in
Fig. 5(b). The majority of images (11,335) fall under low-light condi-
tions, while bright conditions comprise 2285 images, and extremely 
dark scenes account for 1524 images.

To ensure consistency and usability, we standardized the annotations 
from both datasets into a unified COCO format, facilitating seamless 
model training and evaluation. The image resolutions in NightDrone-
Mix vary, with the majority measuring approximately 1, 360 × 750, 960 ×
540, or 1, 080 × 540 pixels. By consolidating and refining nighttime UAV 
imagery, NightDrone-Mix serves as a crucial benchmark dataset, en-
abling the development and evaluation of robust object detection mod-
els tailored for UAV-based nighttime scenarios.

DroneVehicle (Night): DroneVehicle is a multimodal aerial dataset 
featuring paired RGB and infrared images captured from drone perspec-
tives, including substantial nighttime scenes annotated with five vehi-
cle categories: Car, Bus, Truck, Van, and Freight Car. To validate our 
method’s cross-dataset performance, we constructed the DroneVehicle 
(Night) subset by selecting nighttime RGB images from the original col-
lection based on luminance thresholds and dark pixel ratios. This spe-
cialized subset maintains the native 840 × 712 pixel resolution and con-
tains 9562 training images, 4956 testing images, and 729 validation im-
ages. We performed comprehensive label standardization to rectify an-
notation inconsistencies, including mapping truvk to Truck and consoli-
dating variants like feright car and feright_car into standardized Freight 
Car. The category analysis is shown in Fig. 6. We convert all annota-
tions into both COCO and YOLO formats to facilitate model training 
pipelines. The category taxonomy remains consistent with the original 
DroneVehicle benchmark as established in prior work.

ExDark. To validate the generalization capability of our methods, we 
conducted experiments on the nighttime dataset ExDark (Loh & Chan, 
2019), a benchmark specifically designed for low-light image enhance-
ment and object detection. ExDark consists of 7363 images captured 
under ten different low-light conditions, ranging from extremely dark 
environments to twilight scenarios. The dataset provides meticulously 
annotated images with twelve object categories, including both image-
level class labels and localized bounding boxes. Additionally, ExDark 

Fig. 6. The category analysis of DroneVehicle(Night), including train, validation and test datasets.

Expert Systems With Applications 297 (2026) 129476 

9 

鲸英1661188974
高亮

鲸英1661188974
高亮



L. Chen et al.

Table 5 
Parameters for model training.
    Training Parameters  Setting  
  Loss Function  Focal, Distribution Focal and CIoU loss 
  Loss weight  0.5 cls, 1.5 dfl, 7.5 box  
  Image resolution 640 × 640  
  Number of epochs  500  
  Batch size  8  
  Optimizer  SGD  
  initial learning rate  0.01  
  Learning rate decay  0.0005  
  Momentum  0.937  
  Data Preprocessing  Mosaic & Mixup  

features images of varying resolutions, further increasing the complex-
ity of the detection task. For our experiments, we split the dataset into 
training, validation, and testing sets using an 8:1:1 ratio, ensuring a bal-
anced evaluation of model performance across different lighting condi-
tions.

4.2.  Experimental setting

Experimental details. Our ReDT-Det is implemented using Ultra-
lytics (Jocher et al., 2023), with all comparable methods retrained on 
NightDrone-Mixusing either Ultralytics or MMDetection (Chen et al., 
2019) for a fair comparison. All experiments are conducted on a sin-
gle RTX 3090 GPU. The details of experimental setting are shown on
Table 5. By default, the input image resolution is set to 640 × 640 during 
both training and testing. The classification loss is computed using Fo-
cal Loss, while box regression loss incorporates Distribution Focal Loss 
(DFL) and Complete IoU (CIoU) Loss for more precise localization. For 
training, we set the batch size to 8 and use Stochastic Gradient Descent 
(SGD) as the optimizer. The initial learning rate is configured to 0.01, 
with a weight decay of 0.0005. Additionally, the IoU threshold for Non-
Maximum Suppression (NMS) is set to 0.7, ensuring optimal filtering of 
redundant detections.

Evaluation metrics. To validate the performance of UAV-based 
nighttime object detection, we employ several metrics similar to those 
in the COCO dataset (Lin et al., 2014). The overall detection accuracy is 
assessed using mean average precision (𝑚𝐴𝑃 ), 𝐴𝑃50, and 𝐴𝑃75. The pre-
cision for detecting small, medium, and large-scale objects is measured 
by 𝐴𝑃𝑠, 𝐴𝑃𝑚 , and 𝐴𝑃𝑙, respectively. To evaluate the model’s lightness 

Table 6 
The detection precision (%) of various detectors on NightDrone-Mix testing dataset.
    Method 𝑚𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠 𝐴𝑃𝑚 𝐴𝑃𝑙 𝑃𝑎𝑟𝑎𝑚𝑠(𝑀) 𝐹𝐿𝑂𝑃𝑠(𝐺) 
  Faster R-CNN (Ren et al., 2016)  47.8  65.0  56.2  41.7  55.8  33.3  41.358  90.908  
  ATSS (Zhang et al., 2020)  57.1  71.1  64.1  52.3  63.3  41.8  32.118  80.515  
  GFL (Li et al., 2020)  23.2  56.9  12.8  13.6  31.1  23.6  32.263  81.752  
  RetinaNet (Lin, 2017)  42.3  61.1  47.9  32.9  51.3  22.1  36.275  81.095  
  DETR (Carion et al., 2020)  30.8  65.2  22.7  19.5  37.0  48.6  41.555  38.815  
  DiNO (Zhang et al., 2022b)  40.1  75.3  37.6  28.2  49.0  55.2  47.544  121.856  
  RT-DETR-l (Zhao et al., 2024)  42.7  69.3  47.8  28.3  51.6  55.8  31.989  103.402  
  AlignDETR (Cai et al., 2023b)  44.5 84.1  36.3  36.8  48.1 76.3  47.492  121.884  
  GoldYOLO (Wang et al., 2024b)  62.6  80.3  72.0  50.0  69.0  73.0  29.973  62.716  
  YOLOv5 (Jocher et al., 2022)  61.7  80.0  71.1  49.9  67.9  70.1  9.112  23.813  
  YOLOv6 (Li et al., 2022b)  57.9  78.0  68.7  47.9  66.2  68.9  16.312  44.051  
  YOLOv8 (Jocher et al., 2023)  62.2  80.2  72.0  50.6  68.6  70.4  11.132  28.612  
  YOLOv9 (Wang et al., 2024c)  61.3  78.6  70.0  48.6  67.6  70.9 6.191 22.103  
  YOLOv10 (Wang et al., 2024a)  61.7  79.6  71.1  50.5  67.9  69.2 8.041  24.511  
  YOLOv11 (Jocher et al., 2023)  62.3  80.4  71.6  50.5  68.6  70.5  9.412 21.306  
  CEASC (Du et al., 2023)  26.8  49.4  26.7  15.4  35.8  36.1  41.341  57.67  
  UM-YOLO (Zhu et al., 2024)  62.6  79.8  71.5  52.5  68.7  69.8  8.079  19.801  
  PDPA-PAN (Ying et al., 2024)  39.2  75.2  36.5  30.5  25.8  48.4  31.941  223.352  
  HiCAL (Zhang et al., 2025)  63.2  81.5  72.4  49.4  68.9  73.6  51.004  238.883  
  CFIA (Bi et al., 2025)  63.4  80.7  73.1 53.5  68.9  68.4  15.814  110.052  
  NightDrone-YOLO 63.8  81.1 72.6  53.2 70.1  73.4  21.398  24.065  
  ReDT-Det 65.2 83.4 74.8 54.1 71.6 75.2  21.453  32.706  

from multiple perspectives, we utilize parameter size 𝑃𝑎𝑟𝑎𝑚𝑠(𝑀) and 
𝐹𝐿𝑂𝑃𝑠(𝐺) to estimate computational complexity, while inference time 
measured in milliseconds 𝑚𝑠 indicates the speed and efficiency in real-
time applications.

4.3.  Comparison experiments

4.3.1.  Comparison experiments with start-of-the-art object detector
We conducted a comprehensive evaluation of state-of-the-art ob-

ject detection methods on the NightDrone-Mix dataset and DroneVe-
hicle(Night). Tables 6 and 7 present the performance of various ap-
proaches on the test set, including two-stage detectors such as Faster 
R-CNN (Ren et al., 2016) and one-stage methods like ATSS (Zhang et al., 
2020), GFL (Li et al., 2020), and RetinaNet (Lin, 2017). Additionally, we 
assessed DETR-like architectures, including DiNO (Zhang et al., 2022b), 
RT-DETR (Zhao et al., 2024), and AlignDETR (Cai et al., 2023b). Mean-
while, All these methods were implemented using MMDetection, while 
YOLO-series models were retrained on NightDrone-YOLO using Ultra-
lytics. Concurrently, we benchmarked recent drone-based object detec-
tion methods, including CEASC (Du et al., 2023), UM-YOLO (Zhu et al., 
2024), PDPA-PAN (Ying et al., 2024), HiCAL (Zhang et al., 2025), and 
CFIA (Bi et al., 2025). Among these, CEASC and HiCAL were trained us-
ing officially released source code. The other three methods were reim-
plemented based on their respective publications or provided core code 
repositories. The best and second-best results are indicated by single 
underline and double underlines, respectively.

NightDrone-Mix. From Table 6, several key observations can be 
made: DETR-like methods demonstrate strong performance in detect-
ing large objects but struggle significantly with small object detection. 
Their reliance on global attention mechanisms makes them less effec-
tive in capturing fine-grained details of small targets, leading to over-
all subpar performance on NightDrone-Mix. Traditional one-stage and 
two-stage detectors fail to match the efficiency of YOLO-based meth-
ods in UAV-based nighttime detection. The two-stage Faster R-CNN 
suffers from slower inference speeds and limited adaptability to UAV-
acquired images with varying resolutions and illumination conditions. 
When comparing specialized UAV detection methods, CEASC has the 
lowest accuracy (26.8% mAP) and high computational demands (41.3M 
Params/57.7G FLOPs). In contrast, UM-YOLO offers competitive ac-
curacy (62.6% mAP) with efficient computation (8.1M Params/19.8G 
FLOPs). YOLOv11 shows stronger performance, especially in detec-
tion accuracy and small object recognition, making it suitable for
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Table 7 
The detection precision (%) of various detectors on DroneVehicle(Night) testing dataset.
    Method 𝑚𝐴𝑃 𝐴𝑃50 𝑚𝐴𝑃@𝑐𝑎𝑟 𝑚𝐴𝑃@𝑏𝑢𝑠 𝑚𝐴𝑃@𝑡𝑟𝑢𝑐𝑘 𝑚𝐴𝑃@𝑣𝑎𝑛 𝑚𝐴𝑃@𝐹𝑟𝑒𝑖𝑔ℎ𝑡𝑐𝑎𝑟 
  Faster R-CNN (Ren et al., 2016)  33.9  60.1  47.4  54.3  22.6  23.3  22.0  
  ATSS (Zhang et al., 2020)  33.2  58.5  48.5  53.4  19.8  22.1  21.9  
  GFL (Li et al., 2020)  39.0  66.4  50.9  58.7  28.8  30.0  27.2  
  RetinaNet (Lin, 2017)  26.3  50.1  48.1  45.2  13.0  15.8  10.2  
  DETR (Carion et al., 2020)  31.0  57.4  40.2  53.4  20.7  20.6  20.4  
  DiNO (Zhang et al., 2022b)  42.9  70.4  53.3  62.0  34.6  34.1  31.1  
  RT-DETR-l (Zhao et al., 2024)  39.1  62.6  46.5  54.1  24.8  25.4  24.1  
  AlignDETR (Cai et al., 2023b)  44.6 70.7  54.7  64.3 40.2 42.1  30.2  
  YOLOv5 (Jocher et al., 2022)  44.4  69.6  57.5 65.0  34.8  33.4  31.1  
  YOLOv8 (Jocher et al., 2023) 45.2  70.2  58.0  65.6  37.3  33.3 31.8  
  YOLOv11 (Jocher et al., 2023)  43.5  69.2  56.8  63.7  33.0  32.8  30.9  
  CEASC (Du et al., 2023)  39.8  59.1  52.4  50.3  29.1  30.5  28.4  
  UM-YOLO (Zhu et al., 2024)  44.0  69.2  57.7  64.4  34.6  32.3  31.1  
  PDPA-PAN (Ying et al., 2024)  37.0  62.9  50.6  57.1  25.9  28.0  24.1  
  HiCAL (Zhang et al., 2025)  44.2  69.8  57.8  62.1  39.8  38.1  29.6  
  CFIA (Bi et al., 2025)  43.9  68.0 58.3  64.4  34.6  33.5  28.7  
  ReDT-Det 46.8 72.1 59.8 64.7 41.5 41.9 32.3  

real-world UAV applications. Our ReDT-Det approach surpasses all com-
peting methods by combining NightDrone-YOLO with IFDT-Enhancer, 
a low-light image enhancement model.

Compared to YOLOv11 (62.3% mAP, 9.4M Params, 21.3G FLOPs), 
NightDrone-YOLO achieves higher accuracy (63.8% mAP) with a mod-
erate parameter increase (21.4M) and efficient computation (24.1G 
FLOPs). ReDT-Det delivers the highest detection performance (65.2% 
mAP) with only a 0.7% parameter increase over NightDrone-YOLO. By 
integrating IFDT-Enhancer, ReDT-Det improves nighttime detection re-
sults, achieving a 2.9% increase in mAP and a 3.6% improvement in 
small object detection precision, while maintaining computational effi-
ciency (32.7G FLOPs), which is much lower than specialized UAV detec-
tors like HiCAL (238.9G FLOPs) and CFIA (110.1G FLOPs). This high-
lights the importance of low-light image enhancement in improving ob-
ject visibility and detection accuracy in UAV-based nighttime scenarios.

By effectively fusing low-light enhancement, progressive feature ex-
traction, and multi-scale information interaction, ReDT-Det significantly 
outperforms all existing methods. Its superior results in both overall de-
tection and small object recognition validate its robustness and practical 
applicability for UAV-based nighttime surveillance and monitoring.

DroneVehicle(Night). Table 7 presents experimental results on 
the DroneVehicle(Night) test dataset. The analysis on the DroneVehi-
cle(Night) test dataset echoes the observations from NightDrone-Mix. 
ReDT-Det leads in six of seven key metrics, achieving an 𝑚𝐴𝑃  of 46.8% 
and 𝐴𝑃50 of 72.1%, and excels in category-specific precision for Car, 
Truck, and Freight car, while ranking second in Bus and Van detec-
tion. When matched against specialized UAV detectors, ReDT-Det out-
performs CEASC by 7.0% in 𝑚𝐴𝑃 , UM-YOLO by 2.8%, PDPA-PAN 
by 9.8%, HiCAL by 2.6%, and CFIA by 2.9%, showing ReDT-Det is 
more suitable for UAV-based object detection during nighttime. Tra-
ditional detectors fall short-AlignDETR, the best conventional method 
with 44.6% 𝑚𝐴𝑃 , lags behind ReDT-Det by 2.2%, and YOLO vari-
ants like YOLOv11 (43.5% 𝑚𝐴𝑃 ) show limited improvement. Notably, 
ReDT-Det adeptly handles challenging nighttime categories, outper-
forming YOLOv8 in Freight car detection by 0.5% and AlignDETR in 
Truck detection by 1.3%. These results confirm ReDT-Det’s special-
ized low-light UAV scenario optimizations, especially its superior resis-
tance to artificial illumination-induced metallic reflections on vehicle 
surfaces.

4.3.2.  Comparison experiments on advanced image enhancer with YOLO 
detection

Our proposed ReDT-Det framework integrates IFDT-Enhancer for 
low-light image enhancement and NightDrone-YOLO for object de-
tection. To assess the impact of IFDT-Enhancer on nighttime UAV-

based vehicle detection, we conducted experiments on the NightDrone-
Mixdataset, comparing our approach with several state-of-the-art low-
light enhancement methods, including SCINet (Ma et al., 2022a), 
RetinexFormer (Cai et al., 2023a), IAT (Cui et al., 2024), LYTNet 
Brateanu et al. (2024), DENet (Qin et al., 2022), PENet (Yin et al., 
2023), CPAEnhancer (Zhang et al., 2024), and AirNet (Li et al., 2022a). 
YOLOv11 was used as the object detector across all experiments. Ad-
ditionally, to verify the generalization capability of IFDT-Enhancer, we 
conducted experiments on the ExDark dataset, which contains diverse 
low-light conditions, including indoor and outdoor scenes.

NightDrone-Mix. Table 8 presents the detection performance of var-
ious image enhancement methods on the NightDrone-Mixdataset along 
with an analysis of their computational efficiency. The experimental 
results indicate that although SCINet and DENet achieve low FLOPs 
and fast inference speeds, their detection performance is not optimal. 
This suggests that relying solely on lightweight models does not guar-
antee high accuracy. In contrast, AirNet and CPAEnhancer are designed 
to restore images affected by unknown degradations and they demon-
strate superior enhancement quality. However, their contribution to im-
proving the precision of UAV-based vehicle detection is limited. In ad-
dition, many existing methods incur high FLOPs, which makes them
unsuitable for real-time deployment on UAV platforms. In comparison 
with the baseline RetinexFormer, our IFDT-Enhancer achieves a notable 
improvement of over 1% in both detection 𝑚𝐴𝑃  and 𝐴𝑃𝑠. At the same 
time, it reduces model complexity by 4.8 GFLOPs and decreases infer-
ence time by 1.2 𝑚𝑠. These results demonstrate that the Retinex-guided 
illumination strategy used in IFDT-Enhancer, together with the intro-
duction of a multi-head differential attention mechanism, effectively 
balances detection accuracy with computational efficiency. This balance 
makes IFDT-Enhancer a practical choice for nighttime vehicle detection 
from UAV imagery.

ExDark. To further assess the robustness of IFDT-Enhancer, we eval-
uated its performance on the ExDark dataset, which features a wide 
range of indoor and outdoor nighttime scenes with varying illumination 
levels. All methods were retrained and evaluated using the YOLOv11 
detector. Table 9 presents the experimental results, which include per-
class 𝐴𝑃  scores and the overall mAP calculated at an IoU threshold of 
0.5. Our IFDT-Enhancer achieved an overall 𝑚𝐴𝑃  of 73.6%, outper-
forming the previous best Retinex-based method, RetinexFormer (Cai 
et al., 2023a), by 1.5% and surpassing the chain-of-thought enhance-
ment model, CPAEnhancer (Zhang et al., 2024), by 1.4%. These re-
sults confirm that IFDT-Enhancer not only enhances visibility in low-
light conditions but also significantly improves object detection accu-
racy across different domains. Moreover, IFDT-Enhancer demonstrated 
the best performance on five object categories, namely bottle, bus, chair, 
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Table 8 
The detection and lightweight performance of various methods on NightDrone-Mix testing dataset.
    Method 𝑚𝐴𝑃 𝐴𝑃𝑠 𝐴𝑃𝑚 𝐴𝑃𝑙 𝐹𝐿𝑂𝑃𝑠(𝐺) 𝑃𝑎𝑟𝑎𝑚𝑠(𝑀) 𝑚𝑠  
  SCINet (Ma et al., 2022a)  61.6 51.5 68.8  70.5 22.4 9.42 2.7  
  IAT (Cui et al., 2024)  61.1  49.8  67.6  68.8  39.2  9.51  15.2 
  CPAEnhancer (Zhang et al., 2024)  61.9  49.8  67.6  68.8  34.1  9.93  11.9 
  PENet (Yin et al., 2023)  61.2  50.0  67.3  69.3  43.7  9.51  18.2 
  DENet (Qin et al., 2022)  61.8  50.4  68.1 70.8 25.3 9.47 6.1  
  LYTNet (Brateanu et al., 2024)  61.5  50.4  67.1  70.3  42.6  9.46  17.1 
  AirNet (Li et al., 2022a)  62.1  51.3  68.1  70.2  349.7  12.39  23.6 
  RetinexFormer (Cai et al., 2023a) 62.7 51.5 68.8  70.5  31.5  9.49  13.8 
  IFDT-Enhancer 63.9 52.6 70.4 71.6  26.7 9.47  12.6 

Table 9 
The performance of various methods for object detection on the ExDark testing dataset.
    Methods  Bicycle  Boat  Bottle  Bus  Car  Cat  Chair  Cup  Dog  Motor  People  Table  Total 
  SCINet (Ma et al., 2022a)  87.9  63.6  62.4  93.1  79.5  69.4  58.4  61.4  70.3  71.0  75.4  61.6  71.2  
  IAT (Cui et al., 2024)  85.0 69.3  64.2  93.4  80.7 73.9  60.2  61.7  70.3  68.5  74.9  57.1  71.6  
  CPAEnhancer Zhang et al. (2024)  85.4  65.8 68.0 94.3  79.2 74.2  58.1 63.2  66.8 74.2 78.3  59.2 72.2  
  PENet (Yin et al., 2023)  86.1  64.5  67.6  93.5  78.6  71.5  60.1  61.3  70.1  69.5  76.8  60.1  71.5  
  DENet (Qin et al., 2022)  85.3  64.1  67.4  93.1  78.1  71.8 60.7  61.6  69.1  69.8 77.3  60.7  71.3  
  LYTNET (Brateanu et al., 2024)  83.8  63.5  64.6  93.4  78.3  71.6  56.6  56.9 72.0  70.1  72.5  59.4  70.2  
  AirNet (Li et al., 2022a)  84.4  64.2  63.9  93.6  78.5  71.1  56.2  56.1  71.2  69.2  71.8  60.1  70.9  
  RetinexFormer (Cai et al., 2023a) 89.1  64.2  67.5  93.9 81.2  72.6  59.5 63.2  71.1  70.8  76.2 69.4  72.1  
  IFDT-Enhancer 88.8 66.4 69.5 95.2 81.1  73.1 62.3 64.1 71.9 71.7  76.3 70.1 73.6  

Table 10 
The overall ablation study on NightDrone-Mixtesting dataset.
    Model  Image Enhancer  Detection  Metrics
 𝑚𝐴𝑃 𝐴𝑃𝑠 𝐹𝐿𝑂𝑃𝑠(𝐺) 𝑚𝑠  
 𝑀𝑜𝑑𝑒𝑙1  -  YOLOv11  62.3  50.5  21.3  2.1  
 𝑀𝑜𝑑𝑒𝑙2  RetinexFormer  YOLOv11  62.7  51.5  31.5  13.8 
 𝑀𝑜𝑑𝑒𝑙3  IFDT-Enhancer  YOLOv11  63.9  52.6  26.7  12.6 
 𝑀𝑜𝑑𝑒𝑙4  -  NightDrone-YOLO  63.8  53.2  22.9  2.9  
 𝑀𝑜𝑑𝑒𝑙5  RetinexFormer  NightDrone-YOLO  64.1  53.4  32.2  14.6 
 𝑀𝑜𝑑𝑒𝑙6  IFDT-Enhancer  NightDrone-YOLO  65.2  54.1  27.1  13.5 

cup, and table, while it obtained the second-best results on five other cat-
egories, including bicycle, boat, car, dog, and motor. This performance 
underscores its capability to preserve fine details and improve feature 
extraction for small and complex objects in nighttime environments.

Extensive evaluations on both the NightDrone-Mixand ExDark 
datasets demonstrate that our IFDT-Enhancer is highly effective for 
UAV-based nighttime object detection. It significantly improves detec-
tion precision compared to existing enhancement models while main-
taining balanced computational efficiency, making it well suited for de-
ployment on UAV platforms. In addition, IFDT-Enhancer exhibits strong 
generalization capabilities across a wide range of nighttime scenes. 
By integrating IFDT-Enhancer with the NightDrone-YOLO detector, our 
ReDT-Det framework achieves state-of-the-art performance and sets a 
new benchmark for nighttime UAV vehicle detection.

4.4.  Ablation experiments

We first validated the efficiency of our IFDT-Enhancer and the object 
detection model NightDrone-YOLO. Next, we performed ablation exper-
iments on the DR-CSP, CFAA, and SOAF modules to assess the contribu-
tion of each module to the overall detection 𝑚𝐴𝑃 . The results of these 
ablation studies are summarized in Tables 10 and 11. In addition, we 
also discuss the initial value of lambda 𝜆𝑖𝑛𝑖𝑡 in the multi-head differential 
self-attention module of IFDTB. The results are shown in Fig. 7.

Analysis of IFDT-Enhancer and NightDrone-YOLO. To validate 
the impact of the IFDT-Enhancer module on UAV-based nighttime ve-

Table 11 
The object detection ablation study on NightDrone-Mixtesting 
dataset.
    DR-CSP  CFAA  SOAF 𝑚𝐴𝑃 𝐴𝑃𝑠 𝐴𝑃𝑚 𝐴𝑃𝑙  
  62.3  50.5  67.9  70.5 
 ✓  62.9  51.2  68.1  72.3 
 ✓ ✓  63.2  52.3  69.6  72.5 
 ✓ ✓ ✓  63.8  53.2  70.5  72.8 

hicle detection, we employed a combination of RetinexFormer and 
YOLOv11 as the baseline. The experimental results are presented in
Table 10. From the comparisons between 𝑀𝑜𝑑𝑒𝑙2 and 𝑀𝑜𝑑𝑒𝑙3, it is ev-
ident that using IFDT-Enhancer as the image enhancement module re-
sults in a detection 𝑚𝐴𝑃  that is 1.2% higher than that of RetinexFormer. 
At the same time, the model complexity is reduced by 15.24%, and the
inference time is decreased by 1.2 𝑚𝑠. In addition, the comparison be-
tween 𝑀𝑜𝑑𝑒𝑙1 and 𝑀𝑜𝑑𝑒𝑙4 shows that NightDrone-YOLO enhances de-
tection precision by 1.5%. Similar conclusions can be drawn from com-
paring 𝑀𝑜𝑑𝑒𝑙2 with 𝑀𝑜𝑑𝑒𝑙5 and 𝑀𝑜𝑑𝑒𝑙3 with 𝑀𝑜𝑑𝑒𝑙6, further demon-
strating that NightDrone-YOLO outperforms YOLOv11 in both detection 
𝑚𝐴𝑃  and 𝐴𝑃𝑠. Moreover, an analysis of GFLOPs and inference time in 
milliseconds confirms that our IFDT-Enhancer has lower model com-
plexity and reduced inference time compared to RetinexFormer. Taken 
together, these results indicate that the overall performance of ReDT-Det 
is superior to the baseline.
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Fig. 7. Analysis of 𝜆𝑖𝑛𝑖𝑡 on the NightDrone-Mixdataset.

Analysis of DR-CSP. In the ablation experiments for object de-
tection, we used YOLOv11 as the baseline. To expand the model’s
receptive field, we enhanced the original C3K2 module by incorporating 
DR-CSP for improved object feature extraction. The experimental results 
indicate that the application of DR-CSP not only boosts the detection 
𝑚𝐴𝑃  but also improves precision across different object scales, with a
particularly notable 1.8% increase in large-scale object detection ac-
curacy. These findings confirm that DR-CSP facilitates more accurate 
feature representation, thereby enhancing overall object detection per-
formance.

Analysis of CFAA. In the neck section of the object detection model, 
most approaches employ PAFPN to achieve multi-scale feature fusion. 
However, this method only allows for the fusion of features between 
adjacent layers, which limits cross-layer information exchange and 
hampers the effective use of high-resolution features for small object
detection. To address this limitation, we integrated CFAA for cross-layer 
feature fusion to enhance small object feature representation. Experi-
mental results show that incorporating CFAA leads to a 0.9% improve-
ment in detection mAP and a 1.8% increase in detection precision for 
small-scale objects. These findings demonstrate that CFAA plays a sig-
nificant role in improving the detection accuracy of small objects.

Analysis of SOAF. Since more than half of the targets in aerial 
images are small-scale objects, this proportion notably surpasses that 
of images in natural scenes. To enhance the feature representation of 
these small-scale objects, we not only employed CFAA for cross-layer 
feature fusion but also introduced the SOAF module to reinforce the 
high-resolution detection head (𝑃 3). Our approach incrementally ap-
plies multi-layer feature attention, which enables the final detection 
layer to prioritize small object detection. Experimental results show 
that incorporating the SOAF module further enhances the model’s ca-
pability to detect small objects, achieving an additional increase of 
0.9% in detection performance beyond the improvements provided by 
CFAA alone and a total improvement of 2.7% compared to the baseline
YOLOv11.

Analysis of 𝜆𝑖𝑛𝑖𝑡. To mitigate the issue of traditional multi-head self-
attention mechanisms allocating excessive focus to irrelevant regions, 
we propose a differential attention computation strategy. As formalized 
in Eq.  (12), this approach subtracts two distinct softmax attention dis-
tributions to suppress noise. A hyperparameter 𝜆, derived from Eq.  (13), 
balances the contributions of these distributions. We empirically evalu-
ate 𝜆𝑖𝑛𝑖𝑡 ∈ (0, 1) across a range of values [0.2, 0.8] with a stride of 0.2. Ex-
perimental results in Fig. 7 demonstrate that the detection performance 
is robust to variations in 𝜆𝑖𝑛𝑖𝑡, with 𝑚𝐴𝑃  fluctuations remaining below 

0.5%, indicating stable optimization characteristics. This stability sug-
gests that the differential mechanism inherently regularizes attention 
patterns rather than relying heavily on hyperparameter tuning.

4.5.  Qualitative analysis

To qualitatively assess nighttime vehicle detection performance, we 
present visual comparisons of detection outputs from various models 
in Fig. 8. Ground truth bounding boxes are overlaid on the original 
images to serve as reference standards. We compare the baseline de-
tector YOLOv11, along with ATSS, and UAV-based detector including 
CEASC, PDPA-PAN, HiCAL, CFIA. In the visualizations, only detection 
boxes with confidence scores above 0.5 are displayed. Considering the 
prevalence of small objects in UAV-captured images, we omit category 
labels and confidence scores from the visuals to better highlight the de-
tection results for small objects; only bounding boxes are shown on the 
images.

Fig. 8 presents a qualitative comparison between SOTA methods 
and our ReDT-Det on the NightDrone-Mix dataset. Bounding boxes are 
color-coded to represent detection results: blue indicates objects pre-
dicted by the different methods, red signifies missed targets (false neg-
atives), and yellow denotes false alarms (false positives). The first three 
columns present results captured under extreme dark conditions, while 
the last column displays outcomes from low-illumination scenarios. As 
observed, CEASC yields the least satisfactory detection performance, ex-
hibiting significant false positives or target misses across all scenarios. 
Compared to all compared methods, our approach demonstrates mini-
mal missed detections and false alarms, with failures primarily occurring 
on distant small targets in the imagery. The most pronounced detection 
misses emerge in Scenario 3 (third column), where even our ReDT-Det 
method shows limitations, indicating that current methodologies remain 
insufficient for fully addressing object detection under extreme dark-
ness. This represents a critical direction for future research.

Visualization results in Fig. 9 demonstrate significant performance 
gains achieved through our image enhancement module. The compari-
son reveals substantially improved detection precision in illumination-
enhanced subfigures (b) and (d), where ReDT-Det successfully identi-
fies critical targets previously obscured in original low-light imagery (a) 
and (c). Our enhancement approach improves bounding box accuracy 
for low-contrast objects. It also reduces false positives in complex back-
grounds. These improvements indicate partial mitigation of low-light 
challenges in drone detection.
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Fig. 8. Qualitative comparison of SOTA methods and our ReDT-Det on NightDrone-Mix. The BBoxes, distinguished by different colors, represent various detection 
outputs: blue for the prediction results of different methods, red for missed detections, and yellow for false alarms.

4.6.  Discussion

ReDT-Det, which integrates low-light enhancement and detection 
techniques, can effectively identify vehicles in nighttime UAV images. 
However, given the limited hardware resources available on drones, 
there is still potential to further reduce FLOPs and improve infer-
ence speed when compared to lightweight models such as SCINet. 
Due to the challenge of collecting paired images of low-light and nor-
mal lighting conditions from identical scenes for training, the cur-

rent version of ReDT-Det employs the low-light enhancement module 
as a preprocessing step and utilizes detection loss functions to opti-
mize the overall model. As the next step, we plan to simulate low-
light conditions using images captured by drones under normal light-
ing, thereby creating a dataset that includes both normal-light and low-
light images. After obtaining image pairs, low-light image enhancement 
tasks based on UAV images can be performed to further jointly opti-
mize the detection model and improve nighttime vehicle recognition
performance.
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Fig. 9. Visualization of detection results by ReDT-Det on NightDrone-Mix. Subfigures (a) and (c) display original imagery with annotated detection labels, while (b) 
and (d) present the corresponding illumination-enhanced images generated by ReDT-Det, overlaid with predicted bounding boxes.

5.  Conclusion

In this paper, we propose a novel method, ReDT-Det, for vehicle 
detection in UAV imagery captured at nighttime. Our approach be-
gins by applying a Retinex-guided low-light image enhancement mod-
ule to mitigate the challenges posed by poor illumination. Specifically, 
our IFDTB module is designed to compute differential multi-head self-
attention while effectively filtering out irrelevant noise, thereby refin-
ing the enhanced images. Furthermore, to improve detection accuracy, 
particularly for small and medium-scale objects, we employ a progres-
sive feature adaptation strategy that comprises three key modules. The 
DR-CSP module is developed to expand the detector’s receptive field 
and enhance object feature extraction. The CFAA module facilitates 
cross-layer feature fusion to better aggregate multi-scale information. 
Finally, the SOAF module is introduced to strengthen the representa-
tion of small-scale objects at the high-resolution detection head. Al-
though overall detection accuracy still has room for improvement, the 
combination of these modules leads to a notable enhancement in de-
tection performance. We further validate our method on NightDrone-
Mixdataset, a comprehensive benchmark dataset for nighttime UAV-
based vehicle detection. Extensive quantitative and qualitative evalua-
tions on NightDrone-Mixdemonstrate that ReDT-Det outperforms state-
of-the-art methods, establishing it as a promising solution for challeng-
ing nighttime detection scenarios. In future work, we plan to develop a 
unified framework that further integrates the image enhancement and 
detection components, thereby optimizing performance in both low-
light enhancement and detection precision.
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\begin {equation}\begin {array}{l} I = \underbrace {R \otimes L}_{\text {Ideal Component}} + \underbrace {R \otimes \tilde {L}}_{\text {Illumination Error}} + \underbrace {\tilde {R} \otimes L}_{\text {Reflectance Noise}} + \underbrace {\tilde {R} \otimes \tilde {L}}_{\text {Cross Corruption}} \\ \quad = R \otimes L + R \otimes \tilde {L} + \tilde {R} \otimes (L + \tilde {L}) \end {array} \label {Xeqn3-3}\end {equation}


$\tilde {R} \in \mathbb {R}^{H \times W \times 3}$


$\tilde {L} \in \mathbb {R}^{H \times W }$


$\bar {L}$


$L \otimes \bar {L} =1$


\begin {equation}I \otimes \bar {L} = R + R \otimes (\tilde {L} \otimes \bar {L}) + (\tilde {R} \otimes (L + \tilde {L})) \otimes \bar {L}, \label {Xeqn4-4}\end {equation}


$\tilde {R} \otimes (L + \tilde {L})$


$\bar {L}$


$R \otimes (\tilde {L} \otimes \bar {L})$


$I_{\mathrm {lu}}$


\begin {equation}I_{\mathrm {lu}}= I \otimes \bar {L} = R+C, \label {Xeqn5-5}\end {equation}


$I_{\mathrm {lu}} \in \mathbb {R}^{H \times W \times 3}$


$C \in \mathbb {R}^{H \times W \times 3}$


\begin {align}& \left (I_{\mathrm {lu}}, F_{\mathrm {lu}}\right ) = \mathrm {IE}\left (I, L_{\mathrm {p}}\right ) \label {eq:ie} \\ & I_{\mathrm {en}} = \mathrm {DE}\left (I_{\mathrm {lu}}, F_{\mathrm {lu}}\right ) \label {eq:de} \\ &I_{\mathrm {final}} = \mathrm {IE}\left (I_{\mathrm {lu}}, L_{\mathrm {p}}\right ) \oplus \mathrm {DE}\left (I_{\mathrm {lu}}, F_{\mathrm {lu}}\right ) \label {eq:fuse} \\ & L_{\mathrm {p}} = \frac {1}{3} \sum _{c=1}^{3} I^{(c)} \label {eq:lp}\end {align}


$IE$


$DE$


$IE$


$I \in \mathbb {R}^{H \times W \times 3}$


$L_{\mathrm {p}} \in \mathbb {R}^{H \times W}$


$I$


$I_{\mathrm {lu}}$


$F_{\mathrm {lu}}$


$I_{\mathrm {lu}}$


$F_{\mathrm {lu}}$


$DE$


$DE$


$I_{\mathrm {final}}$


$I_{\mathrm {lu}}$


$F_{\mathrm {lu}}$


$DE$


$DE$


$3 \times 3$


$I_{\mathrm {lu}}$


$3 \times 3$


$F_{in}$


$F_{\mathrm {lu}}$


$F_{in}$


$X \in \mathbb {R}^{HW \times C}$


$X$


$Q$


$K$


$V$


$F_{lu}$


$V$


$X$


$F_{lu}$


$X$


$F_{lu}$


$k$


\begin {equation}{X}=\left [X_{1}, X_{2}, \ldots , X_{k}\right ], \quad {F}_{l u}=\left [F_{l u 1}, F_{l u 2}, \ldots , F_{l u k}\right ] \label {Xeqn6-10}\end {equation}


$X_{i} \in \mathbb {R}^{H W \times d_{k}}, d_{k}=\frac {C}{k}$


$i=1,2, \cdots , k$


$k$


$C$


$F_{lu}$


$V$


$X$


$Q_{1}, Q_{2}, K_{1}, K_{2} \in \mathbb {R}^{H W \times d_{k}}$


$F_{lu}$


$V \in \mathbb {R}^{H W \times d_{k}}$


\begin {align}{\left [Q_1 ; Q_2\right ]=X W^Q, \quad \left [K_1 ; K_2\right ]=X W^K, \quad V=F_{lu} W^V}\end {align}


$W^Q$


$W^K$


$W^V$


$\text {DiffAttn}$


\begin {equation}\begin {gathered} {\mathcal {S}_{Diff}} = \mathcal {S}\left (\frac {Q_1 K_1^T}{\alpha }\right )-\lambda \mathcal {S}\left (\frac {Q_2 K_2^T}{\alpha }\right ) \end {gathered} \label {Xeqn7-12}\end {equation}


$\mathcal {S}$


$Softmax$


$T$


$\alpha $


$\otimes $


$\lambda $


\begin {equation}\lambda =\exp \left (\lambda _{\mathbf {q}_1} \cdot \lambda _{\mathbf {k}_1}\right )-\exp \left (\lambda _{\mathbf {q}_2} \cdot \lambda _{\mathbf {k}_2}\right )+\lambda _{\text {init }} \label {Xeqn8-13}\end {equation}


$\lambda _{\mathbf {q}_1}$


$\lambda _{\mathbf {k}_1}$


$\lambda _{\mathbf {q}_2}$


$\lambda _{\mathbf {q}_2}$


$\lambda _{\text {init }} \in (0,1)$


$\lambda $


$\lambda _{\text {init }}$


$0.8 - 0.6 \times \exp ( - 0.3 \cdot (l - 1))$


$l\in [l, L]$


$\lambda _{\text {init }}$


\begin {equation}\begin {aligned} & O_i = \mathcal {S}_{Diff} \times V \\ & O_{final} = Concat (O_i) \end {aligned} \label {Xeqn9-14}\end {equation}


$O_i \in \mathbb {R}^{H W \times d_{k}}$


$O_{final} \in \mathbb {R}^{H W \times C}$


$X$


$F_{lu}$


$F_{lu}$


$X$


$CBS$


$Add$


$d-i,(i=1,3,5)$


$MaxP$


$AvgP$


$DeConv$


$\otimes $


$X \in \mathbb {R}^{H \times W \times C}$


\begin {equation}X_1, X_2 = \text {split}(X) \label {Xeqn10-15}\end {equation}


$X_1, X_2 \in \mathbb {R}^{H \times W \times C/2}$


$X_1$


$X_2$


\begin {equation}Y_k = DWConv_{d_k}(X_2 ) \label {Xeqn11-16}\end {equation}


$k \in \{1,3,5\}$


$DWConv_{d_k}$


$d_k$


$1\times 1$


\begin {equation}Y' = Conv_{1\times 1} \left ( \text {Concat}(Y_1, Y_2, Y_3) \right ) \label {Xeqn12-17}\end {equation}


$Y'$


$X_2$


\begin {equation}Y = \text {BN}\left (\text {GELU}(Y' + X_2)\right ) \label {Xeqn13-18}\end {equation}


$X_1$


$Y$


\begin {equation}Z = \text {Concat} \left ( X_1, Y \right ) \label {Xeqn14-19}\end {equation}


$F_L \in \mathbb {R}^{2H \times 2W \times 0.5C}$


$P3$


$F_M \in \mathbb {R}^{H \times W \times C}$


$P4$


$F_S \in \mathbb {R}^{0.5H \times 0.5W \times 2C}$


$P5$


\begin {equation}F_s^{\prime } = DeConv(CBS(F_s)) \label {Xeqn15-20}\end {equation}


$F_{S}^{\prime } \in \mathbb {R}^{H \times W \times 2C}$


$CBS$


$Convolution + BN + SiLU$


\begin {equation}F_{L}^{\prime } = \text {Add}\left (\text {MaxPool}(CBS(F_{L})), \text {AvgPool}(CBS(F_{L}))\right ) \label {Xeqn16-21}\end {equation}


$F_{L}^{\prime } \in \mathbb {R}^{H \times W \times 0.5C}$


$1\times 1$


$Conv$


\begin {equation}F = Concat(CBS(F_S^{\prime }), CBS(F_M), CBS(F_L^{\prime })) \label {Xeqn17-22}\end {equation}


$P3 \in \mathbb {R}^{H \times W \times C_3}$


$P4 \in \mathbb {R}^{\frac {H}{2} \times \frac {W}{2} \times C_4}$


$P5 \in \mathbb {R}^{\frac {H}{4} \times \frac {W}{4} \times C_5}$


$P5$


$P4$


$P3$


$P4$


$P5$


\begin {equation}\widetilde {P5} = Conv(\text {Up}_{\times 4}(P5)), \widetilde {P4} = Conv(\text {Up}_{\times 2}(P4)), \widetilde {P3} = Conv(P3) \label {Xeqn18-23}\end {equation}


$\text {Up}_{\times k}$


$k\times $


\begin {equation}P' = \widetilde {P5} \odot \widetilde {P4} \odot \widetilde {P3} \label {Xeqn19-24}\end {equation}


$\odot $


$\widetilde {P3}$


\begin {equation}P'' = P3 \odot P' \label {Xeqn20-25}\end {equation}


\begin {equation}P_{SOAF} = Conv(Concat(\widetilde {P5}, \widetilde {P4}, P'')) \label {Xeqn21-26}\end {equation}


$P_{SOAF}$


$\mathbf {P3}$


$1,360 \times 750$


$960 \times 540$


$1,080 \times 540$


$840\times 712$


$640 \times 640$
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$AP_{50}$


$AP_{75}$


$AP_{s}$


$AP_{m}$


$AP_{l}$


$Params(M)$


$FLOPs(G)$


$ms$


$mAP$
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$mAP$


$mAP$
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$ms$


$AP$


$mAP$
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$\lambda _{init}$


$\lambda _{init}$


$Model2$


$Model3$


$mAP$


$ms$


$Model1$


$Model4$


$Model2$


$Model5$


$Model3$


$Model6$


$mAP$


$APs$


$mAP$


$P3$


$\lambda _{init}$


$\lambda $


$\lambda _{init} \in (0,1)$


$[0.2,0.8]$


$\lambda _{init}$


$mAP$

