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Highlights

What are the main findings?

• We propose a parallel network framework that consists of a Zero-DCE illumination
enhancement network and the backbone of a YOLOv11n-based object detection network.

• The DPSA module is introduced to enhance feature representation and multi-scale
adaptability through dynamic channel and spatial attention, while the HLSAFM mod-
ule refines high- and low-frequency features to enable richer feature extraction and
improved discriminative capability.

What are the implications of the main findings?

• This parallel architecture establishes a dual-branch framework that enables collaborative
feature training and real-time updates, effectively enhancing the feature adaptability
and accuracy of object.

• Ablation studies confirm that the synergistic effect of the proposed modules yields more
robust and discriminative feature representations, significantly enhancing detection
performance in UAV scenarios in low-illumination environments.

Abstract

To resolve the issue of degraded detection accuracy for unmanned aerial vehicle object
detection under low-illumination environments, this paper introduces a parallel object
detection model. First, a dual-branch architecture is established by parallelly integrating a
Zero-Reference Deep Curve Estimation (Zero-DCE) illumination enhancement network
with a You Only Look Once (YOLOv11n)-based object detection network, enabling col-
laborative feature training and real-time updates. Through a feature-sharing mechanism,
the two branches are jointly optimized during training, thus enhancing the model’s gener-
alization capability in low-illumination environments. Furthermore, to further improve
detection accuracy, a Dynamic Pooling Synergy Attention (DPSA) module is introduced
into the backbone of YOLOv11n. By integrating dynamic pooling-based channel attention
with spatial attention, this module improves feature representation, improves performance
under complex environments, and increases adaptability to multi-scale targets. In addition,
a High and Low Frequency Spatially-adaptive Feature Modulation (HLSAFM) module
is added to the detection network’s Neck. Through high- and low-frequency feature re-
finement, segmented feature processing, and dynamic modulation, the network is able
to capture richer feature information, thereby strengthening feature representation and
discriminative capability. Extensive experiments on the VisDrone (Night) and DroneVehicle
(Night) datasets demonstrate superior performance over multiple existing methods under
low-illumination object detection tasks. Compared with the original YOLOv11n model, the

Drones 2026, 10, 169 https://doi.org/10.3390/drones10030169

https://crossmark.crossref.org/dialog?doi=10.3390/drones10030169&domain=pdf&date_stamp=2026-02-28
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/drones
https://www.mdpi.com
https://orcid.org/0000-0001-5328-8229
https://doi.org/10.3390/drones10030169


Drones 2026, 10, 169 2 of 22

proposed model mAP50 increases by 6.0% and 1.0% and mAP50 : 95 increases by 3.1% and
0.8%, respectively. These results confirm the enhanced detection capability achieved by our
method in challenging low-illumination unmanned aerial vehicle (UAV) scenarios.

Keywords: unmanned aerial vehicle; parallel network; low-Illumination object detection;
Yolov11; image enhancement

1. Introduction
Over recent years, advances in unmanned aerial vehicle (UAV) platforms have sig-

nificantly expanded their applicability in a wide range of vision-based tasks, including
intelligent transportation, nighttime monitoring, emergency response, and public security.
Compared with conventional ground-based vision systems, UAV platforms provide a
broader field of view and flexible deployment capabilities. However, object detection under
low-illumination conditions remains a particularly challenging scenario. In nighttime
or dim-light environments, insufficient illumination causes the captured images to have
low contrast, severe noise interference, and significant degradation of visual information
quality. These factors substantially weaken the discriminative capability of deep neural
networks, leading to frequent missed detections and false alarms, especially for small-
scale and long-distance targets, thereby limiting the stability and reliability of detection
systems [1–3].

In practical UAV missions, such detection failures are not merely numerical degra-
dations but may directly influence operational effectiveness. For example, in nighttime
surveillance and urban traffic monitoring, missed detections of pedestrians or vehicles may
delay the response or compromise situational awareness. In emergency search-and-rescue
scenarios, the inability to reliably detect small or distant targets under poor illumination
may significantly reduce the rescue efficiency and increase operational risk. Recent surveys
on UAV-based human detection for search-and-rescue missions emphasize that missed
detections in low-light, cluttered, or high-altitude conditions can directly delay victim local-
ization and compromise mission success, highlighting the critical role of robust detection
performance in real deployments [4]. Therefore, improving quantitative detection metrics
such as mAP and recall in low-light conditions is closely related to enhancing the reliability,
safety, and responsiveness of UAV-based perception systems in real-world deployments.

Although infrared (IR) imagery has been explored for low-illumination UAV object
detection, this work focuses on visible-light imagery for three main reasons. First, visible-
light cameras provide rich color, texture, and shape information, which are crucial for
fine-grained object recognition and localization in UAV scenarios. Second, visible-light
sensors are significantly more affordable and widely available, making them more suitable
for practical and large-scale deployment. In contrast, high-resolution infrared cameras
are considerably more expensive. Third, visible–infrared fusion involves heterogeneous
feature alignment and additional model complexity, which constitutes a separate research
direction beyond the scope of this study. Therefore, our work aims to enhance detection
robustness under low illumination using visible-light imagery alone.

To address low-illumination UAV object detection, traditional methods typically adopt
a two-stage processing pipeline. In this paradigm, illumination enhancement is first ap-
plied to the input images to improve the visual quality, followed by object detection using
conventional detection networks. Representative image enhancement techniques include
Retinex-based models, illumination correction networks, and generative adversarial net-
works (GANs). Typical works include detection frameworks based on EnlightenGAN [1],
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Zero-DCE [5], URetinex [5], SCI [5], and RUAS [5]. These methods can enhance the image
brightness and contrast to a certain extent, thereby improving the detection performance.

Nevertheless, two-stage methods still suffer from inherent limitations. First, image
enhancement and object detection are usually optimized independently, neglecting the
intrinsic coupling between illumination restoration and task-oriented feature learning.
Second, improved visual quality does not necessarily guarantee better detection perfor-
mance, as some enhancement methods may amplify the background noise or suppress
critical target features while increasing the brightness [6,7]. Moreover, the serial process-
ing structure introduces additional computational overhead and inference latency, which
is unfavorable for real-time application on UAV platforms with limited computational
resources [8].

Nowadays, numerous studies have explored low-illumination object detection for
UAV applications, with particular emphasis on addressing the challenges posed by severe
illumination degradation. Different from the traditional two-stage paradigm that sequen-
tially performs illumination enhancement and then object detection, most recent methods
tend to adopt a one-stage (end-to-end) detection framework, where illumination-robust
representation learning is integrated into the detector. By embedding illumination-aware
feature enhancement, attention mechanisms, or multi-scale feature fusion modules into
YOLO-style networks, these methods jointly optimize low-light feature enhancement and
detection objectives, thereby alleviating the mismatch between perceptual enhancement
and task performance, while also reducing additional computational overhead and infer-
ence latency compared with serial enhancement–detection pipelines. Notable methods
include the integration of illumination-aware feature enhancement and attention mech-
anisms into YOLO variants. For example, Reference [2] introduced illumination-aware
feature enhancement and attention mechanisms into YOLOv7, achieving improved de-
tection accuracy in dim environments. Reference [7] proposed a fusion-based feature
enhancement strategy built on YOLOv5, effectively improving the detection performance
in dim environments. Reference [9] developed 3L-YOLO with a lightweight design tai-
lored for low-illumination environments, while Reference [10] proposed LLE-YOLO by
modifying the YOLOv5 architecture to improve low-illumination detection and reduce
noise interference.

Meanwhile, attention mechanisms and multi-scale feature modeling have been widely
adopted in low-illumination object detection. Reference [11] dntroduced GAME-YOLO,
which bolsters UAV detection by incorporating global attention and multi-scale feature
enhancement. Reference [6] introduced En-YOLO, utilizing dual attention mechanisms in
conjunction with implicit feature learning to strengthen low-illumination feature represen-
tations. Edge information at multiple scales along with illumination-aware features were
introduced into the YOLOv8 framework in [12], while Reference [13] proposed LLD-YOLO,
which employs dynamic weighting of shallow and deep features. Additionally, methods
combining Transformer architectures with dynamic feature fusion have demonstrated
promising results in low-illumination detection tasks [14,15].

Beyond YOLO-based frameworks, methods such as A-RetinaNet [16], DBLDNet [17],
and FCMA-Det [18] have further validated the effectiveness of structured feature en-
hancement through dual-branch architectures, feature complementarity, and multi-content
aggregation strategies for object detection under low-illumination conditions.

Despite these advances, several obstacles continue to be unaddressed. Most existing
methods focus primarily on feature enhancement or attention modeling, while lacking a
systematic mechanism for collaborative learning between illumination enhancement and
object detection. Moreover, UAV-captured targets often exhibit significant scale variations,
complex backgrounds, and frequent occlusions, which are further exacerbated under low-
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illumination conditions [19–22]. In addition, UAV platforms impose strict constraints
on model complexity and inference efficiency, whereas some existing methods remain
computationally expensive and less suitable for real-time deployment [23–28].

Our breakthroughs in this paper are outlined as follows:

(1) This work presents a parallel detection architecture, where illumination enhancement
network and object detection network are jointly incorporated to achieve synchronized
feature learning. This parallel architecture allows the two networks to adapt to each
other during training while sharing feature representations, thereby improving feature
adaptability and detection accuracy under low-illumination environments.

(2) A High and Low Frequency Spatial-Adaptive Feature Modulation (HLSAFM) module
is designed to enhance model robustness in extremely low-illumination scenarios
by decomposing features into high and low frequency and modulating spatially
adaptive modulation.

(3) A Dynamic Pooling Synergistic Attention (DPSA) module is introduced, which inte-
grates dynamic pooling, channel attention, spatial attention, and multi-scale convolu-
tion to improve discriminative capability for objects at different scales.

2. Materials and Methods
2.1. Dataset

The VisDrone2019 dataset [29] is a large-scale publicly available dataset captured by
UAV released by Tianjin University and other research teams. The dataset is made up of
6471 training images, 548 validation images, and 1610 test images, with varying spatial
resolutions including 1360 × 765, 1400 × 1050, and 2000 × 1500 pixels. Inspired by Refer-
ence [15], a comprehensive analysis of the VisDrone dataset was conducted, from which
nighttime images along with their corresponding annotation files were carefully selected to
construct the VisDrone (Night) subset used in this study. The constructed VisDrone (Night)
dataset contains 2023 images for training and 56 images for testing. All samples undergo
consistent preprocessing and are scaled to a fixed size of 640 × 640 pixels.

The DroneVehicle dataset [30] includes 56,878 images captured by UAVs, consisting
of paired RGB and infrared images covering five vehicle categories: bus, SUV, truck, car,
and freight car. During dataset construction, nighttime image pairs were first selected,
followed by further filtering to retain only those RGB images with ground-truth annotations.
This process yielded the DroneVehicle (Night) subset, which includes 11,406 training
images and 880 test images. All images in this subset have a fixed spatial resolution of
640 × 640 pixels.

2.2. DBM-YOLO
2.2.1. Architecture

To address the performance degradation caused by low illumination, small object scale,
dense distribution, and background interference in UAV night scenes, we propose a parallel
low-illumination UAV detection framework built upon YOLOv11n. The proposed architec-
ture integrates an illumination enhancement network and an object detection network in a
parallel manner, enabling synchronized feature updates and mutual optimization during
training. In addition, two plug-and-play modules, namely the Dynamic Pooling Synergistic
Attention (DPSA) module and the High and Low Frequency Spatial-Adaptive Feature
Modulation (HLSAFM) module, are incorporated to strengthen multi-scale representation
and improve robustness to small and densely distributed targets. The overall architecture
of the proposed framework is illustrated in Figure 1.
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DPSA

HLSAFM

Figure 1. Architecture of the proposed DBM-YOLO.

2.2.2. Parallel Network Framework

The overarching architecture of the introduced parallel network is shown in Figure 1.
This framework has been meticulously engineered to tackle the distinctive challenges
associated with enhancing illumination and detecting targets in dimly illuminated scenarios,
employing a concurrent processing paradigm to substantially elevate the overall efficacy.
Images are simultaneously fed into the Zero-DCE illumination enhancement network and
the backbone of the YOLOv11n detector, leveraging parallel processing for autonomous
illumination adaptation.

The Zero-DCE network employs a zero-reference deep curve estimation approach,
overcoming limitations of traditional methods reliant on paired data or external references.
It learns directly from image-specific illumination via a non-reference loss, enhancing
generalization without paired training data.

In this study, YOLOv11n is deliberately selected as the baseline detection network,
Compared with heavier detection models, YOLOv11n provides a lightweight architecture
with reduced parameter size and computational complexity while maintaining competitive
detection performance. Its compact structure makes it more suitable for edge deployment
on embedded UAV systems, where real-time processing (e.g., >30 FPS) is often required to
ensure stable flight control and timely decision-making. By adopting YOLOv11n as the
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backbone detector, the proposed parallel framework maintains computational feasibility,
while allowing additional enhancement modules (DPSA and HLSAFM) to be integrated
without causing prohibitive increases in GFLOPs or latency.

More generally, the architectural design of the proposed method follows a lightweight
and modular principle. All additional modules are designed as plug-and-play components
with controlled computational overhead, ensuring that performance gains do not come at
the expense of deployability. This design philosophy enhances the practical applicability of
the proposed framework for real-time low-light UAV detection scenarios.

In the detection branch, features from the enhancement and backbone paths are fused
using Feature Pyramid Network (FPN) and additional fusion techniques across multiple
scales. The proposed DPSA and HLSAFM modules are embedded into the backbone and
neck, respectively, to boost accuracy.

A pretrained YOLOv11n network provides auxiliary fixed-parameter features, fused
to augment the final detection performance.

2.2.3. HLSAFM

Low-illumination conditions introduce noise and brightness deficiencies, complicating
target feature extraction. The HLSAFM module addresses this by refining high- and low-
frequency features, separating processing paths, and applying dynamic modulation for
improved discriminability and robustness.

High-frequency components capture edges and details critical for small targets, while
low-frequency components provide global structure and illumination invariance. Inspired
by image sharpening and contrast enhancement, HLSAFM extracts low-frequency informa-
tion via downsampling and smoothing, with high-frequency details obtained as residuals.

Input features X̃ undergo depthwise convolution to acquire a downsampled feature
map P. In the field of image processing, high-frequency details are commonly extracted
by computing the difference between an image and its blurred counterpart. Inspired by
this principle, the present work adopts a similar approach. By upsampling feature P to
capture the spatial resolution of X̃, the resulting feature is denoted as Q. Subsequently,
element-wise multiplication between X̃ and Q is performed to effectively emphasize fine
details, resulting in the high-frequency component S. In the parallel branch, element-
wise subtraction is applied between X̃ and Q to capture the low-frequency component
R. The low-frequency feature R and high-frequency feature S are then processed through
depthwise convolution, aggregated, and further refined via a 1 × 1 convolution to obtain
an enhanced fused feature X. The fused feature map X, which has undergone high-low
frequency processing, is then split channel-wise in a 1:3 ratio into two parts, X0 and X1,
as follows:

[X0, X1] = Split(X), (1)

where Split() denotes the channel-wise splitting function.
Single-scale feature modulation is performed on X0 through adaptive pooling, depth-

wise convolution, and upsampling operations to generate a richer feature representation
that promotes non-local feature interactions. The process is formulated as follows:

X̂ =↑p ((DW − Conv3×3(↓ p
8
(X0))), X0) (2)

where DW denotes depthwise convolution, ↑ represents upsampling, and ↓ p
8

indicates
adaptive pooling.

The feature X̂0 is element-wise multiplied with X0 to perform spatial-adaptive feature
modulation. The resulting modulated feature X̂ is then integrated with the initial input
feature X̃, further enhancing the representation of salient features:

X = Concat(X̂, X̃), (3)

https://doi.org/10.3390/drones10030169

https://doi.org/10.3390/drones10030169


Drones 2026, 10, 169 7 of 22

where Concat() denotes the concatenation function.
The feature fusion is formulated as follows:

XFus = Concat(Xori, XLow), (4)

where Xori denotes an original feature, and XLow denotes a low-level feature.
In summary, the HLSAFM module dynamically modulates the representation of input

features while maintaining computational efficiency, thus enhancing the performance of
object recognition in low-illumination settings. The integration of high and low frequency
components, allows the model to fully exploit both local and global contextual information,
which demonstrates notable benefits for precise object identification.

2.2.4. DPSA

Deep neural networks typically face difficulties in effectively identifying useful infor-
mation across diverse channels or spatial locations. Furthermore, conventional convolu-
tional operations lack the ability to directly capture feature representations from different
image regions or at multiple scales. To address these problems, we propose the Dynamic
Pooling Synergistic Attention (DPSA) module, which integrates dynamic pooling-based
channel attention with spatial attention mechanisms. The primary goal of DPSA is to
strengthen the representation capability of input features, improve the performance of the
network in complex scenarios, and increase its adaptability to features of varying scales.

The DPSA dynamically selects salient feature channels and spatial regions through
adaptive weighting in both the channel and spatial dimensions. Channel-wise adaptivity
assigns differentiated weights to individual channels, thereby reducing the feature redun-
dancy and semantic interference, emphasizing edge-related information, and suppressing
less informative features such as background and texture noise. Spatial adaptivity addresses
multi-scale object localization conflicts and background interference by generating a spatial
weight map through dynamic fusion. This enhances the response within object-related
areas while simultaneously reducing the influence of background noise. The synergistic
integration of channel and spatial attention enables DPSA to substantially enhance the
model’s generalization capability, resulting in higher stability and reliability across diverse
real-world scenarios.

The DPSA module begins by performing global average pooling and global maximum
pooling to the input feature map X to extract global information for each channel:

X = Convk=1(RELU(Convk=1(avg_pool(X)))), (5)

where avg_pool() denotes global average pooling, RELU() denotes RELU activation func-
tions, Convk=1 denotes 1 × 1 convolution and Xavg is the resulting feature descriptor
obtained from average pooling.

Xmax = Convk=1(RELU(Convk=1(max_pool(X)))) (6)

In the above equations, max_pool() denotes maximum pooling, and Xmax represents
the resulting feature descriptor obtained from maximum pooling.

To further enhance the adaptivity of the pooling operation, a balanced pooling module
is introduced. By controlling a learnable balancing parameter α, the module adaptively
combines global average and max pooling during the pooling process, thereby making the
pooling operation more flexible.

Xα = α ∗ avg_pool(X) + (1 − α) ∗ max_pool(X) (7)

In the above equation, α represents the balancing parameter, and Xα denotes the result
of balanced pooling.
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Xmin = Convk=1(RELU(Convk=1(Xα))) (8)

In the above equation, Xmin represents the result of the balanced pooling operation.
The pooled features are aggregated and subsequently normalized using a Sigmoid

function to produce the channel attention output feature:

Xc = σ(Xavg + Xmax + Xmin) (9)

Here, the Sigmoid activation is denoted by σ, and XC corresponds to the feature output
of the channel attention network.

X̂ = X ∗ XC (10)

In the above equation, XC represents the feature attained by combining the channel
attention map with the initial feature map.

To handle the scale variation of objection in UAV imagery, the DPSA module adopts a
multi-scale feature fusion strategy. This is achieved by deploying parallel convolutional
kernels with receptive fields of 1 × 1, 3 × 3, 5 × 5, and 7 × 7, whose outputs are subsequently
aggregated, thereby enhancing the model’s capability to handle objects of varying sizes.

Xi = Convk=β(X̂i), i ∈ (1, 2, 3, 4), β ∈ (1, 3, 5, 7) (11)

In the above equation, Convk=β signifies the kernel size of the convolution of β × β,
while Xi denotes the output feature produced by the corresponding convolution branch.

O = Concat(Xi), i ∈ (1, 2, 3, 4) (12)

In the above equation, O represents the fused feature map obtained by concatenating
the outputs from convolutions of different kernel sizes.

In the spatial attention branch, the feature map is initially processed using average
and max pooling across channels to obtain global information at each spatial location.
Subsequently, these pooled representations are combined, followed by the application
of a convolutional layer to generate the spatial attention map. Spatial attention weights
each pixel location adaptively, enabling the model to emphasize important spatial regions
while suppressing irrelevant areas, thereby enhancing the representational capability of the
spatial features.

Xs = σ(Convk=7(avg_pool(O); max_pool(O))), (13)

where Xs represents the spatial attention output feature.
The DPSA module simultaneously refines channel-wise and spatial representations

of the feature map by allocating adaptive weights according to the relative significance of
each channel and spatial position. Additionally, by employing convolutions with multiple
kernel sizes, it captures features at different scales, thus strengthening the network’s ability
to extract both local and global information.

2.3. Experimental Settings
2.3.1. Experimental Environment

All experiments were conducted on a workstation running the Windows operating
system (Microsoft Corporation, Redmond, WA, USA). The hardware configuration included
an Intel Core i5-10400 processor (Intel Corporation, Santa Clara, CA, USA) and an NVIDIA
GeForce RTX 4080 GPU with 24 GB memory (NVIDIA Corporation, Santa Clara, CA, USA).
The software environment consisted of Python (v3.10.19, Python Software Foundation,
Wilmington, DE, USA), PyTorch (v2.9.1, Meta AI, Menlo Park, CA, USA), and CUDA
(v13.0, NVIDIA Corporation, Santa Clara, CA, USA). A batch size of 8 was adopted, and
the model was trained for 300 epochs. The learning rate was set to 0.01, and stochastic
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gradient descent (SGD) was used as the optimizer due to its stable convergence behavior
and strong generalization performance in large-scale object detection tasks, particularly for
YOLO-based architectures. The input image size was set to 640 × 640 pixels.

2.3.2. Evaluation Metrics

To objectively evaluate the detection performance of the proposed model on the
VisDrone and DroneVehicle datasets, several widely used evaluation metrics are adopted
in this study, including Average Precision (AP) for a single class, Mean Average Precision
(mAP) across all classes, Recall (R), and Precision (P). The specific formulations are defined
as follows:

AP =
TP + TN

TP + TN + FP
(14)

APR =
TP

TP + FN
(15)

P =
TP

TP + FP
(16)

mAP =
1
n

n

∑
i=1

APi (17)

In the above equations, TP (True Positive) denotes the number of correctly identified
positive samples, FP (False Positive) represents the number of negative samples incorrectly
classified as positive samples, FN (False Negative) refers to the number of positive samples
that fail to be detected, and TN (True Negative) denotes the number of correctly identified
negative samples. Let n denote the total number of object categories in the training dataset,
and let Pi represent the Average Precision corresponding to the i-th category.

The Mean Average Precision (mAP) serves as a comprehensive evaluation metric for
assessing the overall performance of the detection network in terms of both classification
accuracy and localization capability across all object categories. Mathematically, the mAP
can be interpreted as the mean value of the Average Precision over all categories and is
equivalently represented by the area under the Precision–Recall (PR) curve. A higher mAP
value indicates superior detection performance and stronger generalization ability of the
network. Furthermore, the detection speed, measured in Frames Per Second (FPS), is
adopted as an additional critical performance indicator. FPS quantifies the number of
image frames processed by the model per second. A higher FPS value implies enhanced
real-time inference capability, which is particularly essential for time-sensitive UAV-based
object detection applications.

3. Experimental Results and Analysis
3.1. Comparison Experiments
3.1.1. Comparison of Low-Light Detection Methods on the VisDrone (Night) Dataset

In this paper, object detection methods are categorized into three groups: Category
A: Original standalone object detection networks without low-illumination adaptation;
Category B: Two-stage serial methods that first apply illumination enhancement followed
by object detection; Category C: End-to-end parallel methods that jointly optimize enhance-
ment and detection.

As clearly shown in Table 1, the proposed enhanced algorithm demonstrates superior
detection performance on the VisDrone (Night) dataset. Faster R-CNN [31], a classical
two-stage detection method, indeed delivers solid performance but is outperformed by the
method presented in this section.

Relative to the YOLOv11n algorithm, our approach delivers notable performance
gains, leading to gains of 6.0% in mAP@50 and 3.1% in mAP@50 : 95.
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Against representative two-stage serial methods, URetinex [32] + YOLOv11n; SCI [33]
+ YOLOv11n; Zero-DCE [34] + YOLOv11n; ENGAN [35] + YOLOv11n; and RUAS [36]
+ YOLOv11n, the proposed algorithm yields the following gains: mAP50 : 95 increases by
4.25%, 4.06%, 4.29%, 3.64%, and 4.85%, respectively; mAP50 improves by 6.0%, 5.9%, 5.7%,
4.3%, and 7.6%, respectively.

Even against stronger baselines that integrate advanced enhancement techniques
(RUAS or ENGAN) with more recent detectors (YOLOv8n and YOLOv11n), the proposed
method still demonstrates clear superiority, with improvements in the mAP50 : 95 of 2.51%,
2.9%, 4.1%, and 2.5%, and in the mAP50 of 6.2%, 4.4%, 7.1%, and 4.1%, respectively.

Furthermore, compared with four representative end-to-end low-illumination ob-
ject detection models—RetinaNet [37], PG-YOLO [38], GBS-YOLOv11n [39], and Drone-
YOLO [40]—the proposed algorithm outperforms them by 8.9%, 5.6%, 6.5%, and 3.8% in
the mAP50, respectively.

These comprehensive quantitative results strongly confirm that the improved algo-
rithm proposed in this paper surpasses existing low-illumination object detection methods
in both overall performance and key evaluation metrics.

Table 1. Experimental results of various methods on the DroneVehicle (Night) dataset.

Model mAP50 : 95% mAP50% Precision Recall F1-Score

A

RT-DETR [41] 13.3 23.2 45.2 20.1 27.8
YOLOv5n 8.37 17.5 40.8 18.3 25.3
YOLOv8n 10.1 17.9 42.3 18.2 25.4

YOLOv11n 10.2 18.1 38.8 19.6 26.0

B

URetinex+YOLOv11n 9.05 18.1 41.9 19.8 26.9
SCI+YOLOv11n 9.24 18.2 42.0 18.6 25.8

Zero_DCE+YOLOv11n 9.01 18.4 43.2 18.5 25.9
ENGAN+YOLOv11n 9.66 19.8 48.3 21.1 29.4

RUAS+YOLOv11n 8.45 16.5 39.7 20.3 26.9
ENGAN+YOLOv8n 10.4 19.7 45.9 19.3 27.2

RUAS+YOLOv8n 9.79 17.9 44.1 17.8 25.0
RUAS+YOLOv11n 9.2 17.0 44.9 18.4 25.7

ENGAN+YOLOv11n 10.8 20.0 39.5 22.9 29.0

C

RetinaNet 8.1 15.2 42.3 14.5 21.6
PG-YOLO 9.36 18.5 38.0 19.6 25.9

GBS-YOLOv11n 10.0 17.6 41.4 17.7 24.8
Drone-YOLO 10.5 20.3 40.2 21.3 27.9
Our Method 13.3 24.1 45.0 25.0 32.1

In addition, to subjectively analyze the feature extraction capability of different models
in complex nighttime traffic scenarios, the feature response distributions of each model
were visualized, as shown in Figure 2. This visualization intuitively illustrates the key
regions attended by the networks during the detection process. Different colors indicate
varying degrees of contribution to the detection results, where colors closer to red represent
stronger feature responses and higher attention levels.

As shown in the first column of Figure 2, in elevated road scenes with significant
variations in vehicle scale, YOLOv8 and YOLOv11 exhibit relatively dispersed attention
distributions. Some high-response regions extend into background areas, such as road
edges and building structures, indicating insufficient focus on distant small-scale vehicles.
In contrast, DBM-YOLO presents more concentrated and continuous high-response feature
distributions along the main lanes and vehicle-dense regions, effectively suppressing irrele-
vant background interference and significantly enhancing multi-scale target perception.
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In the second column, which represents scenarios with complex illumination and
dense traffic flow, background lights and road reflections tend to cause false activations.
YOLOv8 suffers from pronounced background over-response, while YOLOv11 shows par-
tial improvement but still exhibits discontinuous responses in distant small-object regions.
By comparison, DBM-YOLO focuses its activation more accurately on real vehicle targets,
with a more balanced and structurally coherent heatmap distribution. This demonstrates
its superior background suppression and feature discrimination capabilities, mainly at-
tributed to the multi-scale feature fusion mechanism of the DPSA module and the adaptive
modulation of high- and low-frequency information by the HLSAFM module, enabling
stable target responses under complex lighting conditions.

In the third column, which depicts intersection scenes with local occlusion and densely
distributed targets, occlusion and scale variation often lead to missed detections or feature
response shifts. YOLOv8 and YOLOv11 show weakened responses or attention drift in
partially occluded regions, whereas DBM-YOLO maintains strong responses in overlapping
vehicle areas, demonstrating more stable and robust feature representations under complex
occlusion conditions.
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Figure 2. Comparison of heatmaps from different detection methods. Red regions indicate areas
with higher attention or stronger responses from the model, whereas blue regions represent lower
response intensity.

Overall, benefiting from the parallel enhancement framework and the collaborative
optimization of the DPSA and HLSAFM modules, DBM-YOLO exhibits more concentrated,
continuous, and discriminative response characteristics under challenging conditions such
as low illumination, multi-scale distributions, background interference, and local occlusion.
While maintaining high computational efficiency, it further improves the detection accuracy
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and localization stability, validating the effectiveness and generalization capability of
DBM-YOLO for multi-scale object detection tasks in complex nighttime traffic scenarios.

3.1.2. Comparison of Heatmaps from Different Backbone Networks

As evident from Table 2, the improved algorithm designed in the paper achieves the
best detection performance on the DroneVehicle (Night) dataset.When compared with the
YOLOv11n baseline, the proposed approach yields improvements of 0.5% in mAP50 and
0.8% in mAP50 : 95.

When evaluated against representative two-stage serial pipelines, URetinex [32] +
YOLOv11n; SCI [33] + YOLOv11n; Zero-DCE [34] + YOLOv11n; ENGAN [35] + YOLOv11n;
and RUAS [36] + YOLOv11n, the proposed approach delivers consistent gains: the mAP50 :
95 increases by 3.15%, 2.96%, 1.5%, 2.54%, and 3.75%, respectively, and the mAP50 improves
by 5.7%, 5.6%, 1.8%, 3.0%, and 7.6%, respectively.

Even when compared with stronger baselines that incorporate advanced enhance-
ment techniques (RUAS or ENGAN) into more recent detectors such as YOLOv8n and
YOLOv11n, our methodology consistently exhibits pronounced superiority in both the
mAP50 : 95 and mAP50.

Table 2. Experimental results of various methods on the DroneVehicle (Night) dataset.

Model mAP50 : 95% mAP50% Precision Recall F1-Score

A

RT-DETR [41] 41.8 73.1 78.2 64.5 70.7
YOLOv5n 43.2 72.4 79.0 63.0 70.1
YOLOv8n 44.0 70.0 75.0 64.0 69.1

YOLOv11n 46.6 72.4 75.5 68.1 71.6

B

URetinex+YOLOv11n 43.2 71.5 75.4 64.8 69.4
SCI+YOLOv11n 42.6 71.2 74.3 64.6 69.1

Zero_DCE+YOLOv11n 43.2 72.5 77.9 65.5 71.2
ENGAN+YOLOv11n 42.9 71.8 76.5 64.0 69.7

RUAS+YOLOv11n 41.6 70.2 76.9 62.2 68.8
ENGAN+YOLOv8n 45.7 72.3 76.4 66.6 71.2

RUAS+YOLOv8n 41.9 67.5 73.2 61.5 66.9
RUAS+YOLOv11n 46.3 72.4 73.9 67.5 70.6

ENGAN+YOLOv11n 45.4 71.8 75.3 65.2 69.9

C

RetinaNet 36.4 61.5 61.5 43.8 51.2
PG-YOLO 38.2 70.3 75.1 63.8 69.0

GBS-YOLOv11n 42.3 66.9 74.5 65.3 69.6
Drone-YOLO 42.5 72.1 72.4 62.6 67.1
Our Method 47.4 73.4 78.6 67 72.3

3.2. Ablation Study
3.2.1. Ablation Study of the Improved Modules for Object Detection

The previous experiment confirmed the utility of the proposed parallel structure.
To further investigate the impact of the two proposed enhancement modules, namely
HLSAFM and DPSA, we assess their stepwise integration into configuration (d) in the
ablation study.

Ablation studies conducted on the VisDrone (Night) benchmark as presented in Table 3
reveal that integrating the HLSAFM component leads to mAP50 and mAP50 : 95 improve-
ments of 0.4% and 1.0%, respectively, over the baseline parallel architecture. Independently
incorporating the DPSA component results in enhancements of 1.4% in mAP50 and 0.7%
in mAP50 : 95. Notably, the simultaneous deployment of both HLSAFM and DPSA com-
ponents produces markedly superior outcomes, with substantial relative improvements
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of 2.2% in mAP50 and 1.1% in mAP50 : 95. These empirical findings robustly underscore
the individual merits of the introduced components, while highlighting their synergistic
complementarity when jointly applied in low-illumination UAV imagery.

Table 3. Ablation study on the VisDrone (Night) dataset.

Model P R mAP50% mAP50 : 95% F1-Score FPS GFLOPS

d 43.0 23.6 22.1 12.2 30.5 75.2 84.3
d+HLSAFM 43.5 25.6 22.5 13.2 32.2 59.2 102.6

d+DPSA 34.4 24.9 23.5 12.9 28.8 61.6 101.7
d+HLSAFM+DPSA 45.0 25.0 24.1 13.3 32.1 63.3 119.9

Figure 3 presents the normalized confusion matrices of YOLOv11n and DDJK-YOLO11
on the VisDrone dataset. Compared with the baseline model, the improved model exhibits
stronger diagonal responses in key categories such as car, bus, motor, and pedestrian, while
confusion between foreground targets and background is significantly reduced, leading to
lower false detection rates. In scenarios involving small and densely distributed objects,
inter-class confusion is further alleviated, indicating that the proposed feature enhancement
strategy improves the representation of distant and small-scale targets. Overall, the im-
proved model demonstrates higher detection reliability and lower misclassification risk in
complex UAV-view scenarios.

(a) (b)

Figure 3. Comparison of confusion matrices for different detection networks on VisDrone dataset.
(a) YOLOv11n. (b) Ours.

On the DroneVehicle (Night) dataset (Table 4), the HLSAFM module alone contributes
improvements of 1.1% in mAP50 and 0.9% in mAP50 : 95. When applied alone, the DPSA
module alone provides gains of 0.7% in mAP50 and provides gains of 0.7% in mAP50 : 95.
When both modules are used together, the performance further leads to mAP50 and
mAP50 : 95 improvements of 1.0% and 0.6%, respectively.

The normalized confusion matrices of YOLOv11n and DBM-YOLO11 on the Dron-
eVehicle dataset are as shown in Figure 4. Overall, both models exhibit strong diagonal
responses, indicating that the dataset has relatively concentrated category distributions
and that the baseline already achieves high performance. Compared with YOLOv11n,
the improved model shows more concentrated diagonal responses in major categories such
as car and van, while confusion between foreground targets and background is further
reduced, suggesting enhanced discriminative capability and robustness to interference.
However, since the DroneVehicle dataset is relatively vehicle-centric with clearer inter-
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class distinctions, the baseline model already performs strongly, leaving limited room for
improvement and resulting in comparatively modest overall gains.

Table 4. Ablation study on the DroneVehicle (Night) dataset.

Model P R mAP50% mAP50 : 95% F1-Score FPS GFLOPS

d 74.8 67.9 72.4 46.8 73.1 118.72 84.3
d+HLSAFM 75.7 68.3 73.5 47.7 71.8 125.49 102.6

d+DPSA 75.9 67.8 73.1 47.5 71.6 148.76 101.7
d+HLSAFM+DPSA 78.6 67 73.4 47.4 72.3 162.31 119.9

(a) (b)

Figure 4. Comparison of confusion matrices for different detection networks on DroneVehicle dataset.
(a) YOLOv11n. (b) Ours.

Overall, the ablation studies confirm the individual contributions of the HLSAFM
and DPSA modules and highlight their synergistic effect. Compared with the original
YOLOv11n model, the proposed model mAP50 increases by 6.0% and 1.0%, and the
mAP50 : 95 increases by 3.1% and 0.8%, respectively. However, the performance gains
differ across datasets mainly due to their distinct characteristics and available room for
improvement. VisDrone contains highly challenging UAV scenes with numerous small
objects, significant scale variation, frequent occlusion, and complex backgrounds (including
more difficult low-illumination conditions in our setting). The proposed design emphasizes
stronger multi-scale representation and improved robustness for small and dense targets,
thus yielding more pronounced improvements on VisDrone. In contrast, DroneVehicle
is more vehicle-centric, with more consistent object appearance and less extreme scale
variation and background complexity. Consequently, the baseline already performs strongly
on DroneVehicle, leaving limited headroom for further improvement and resulting in a
smaller mAP50 gain.

3.2.2. Experimental Analysis

The module of HLSAFM, through its dynamic high and low frequency feature fusion
mechanism, increases the recall by 0.4% compared to the baseline model (from 0.679
to 0.683). This substantial improvement indicates a significantly enhanced capability to
perceive features of blurred or low-contrast targets. In contrast, the DPSA module improves
the detection precision for fine-grained targets by dynamically selecting channel and spatial
features and incorporating multi-scale feature fusion.The Precision–Recall (PR) curves
evaluated on the VisDrone (Night) benchmark are illustrated in Figure 5a.
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As shown in Figure 5, the average precision (AP) for the category “car” reaches 0.584,
while the AP for the category “bike” is 0. This disparity arises because the dataset was
constructed solely based on image brightness levels, without considering category balance
during selection, resulting in severe class imbalance rather than inherent limitations of
the proposed model. As a result, certain categories (e.g., “bicycle”) are severely under-
represented, leading to extreme class imbalance. In such cases, the model has insufficient
training samples to learn discriminative features for minority classes, which directly results
in zero AP for those categories. In real-world UAV surveillance scenarios, object categories
often follow long-tailed distributions, where dominant classes such as cars appear far more
frequently than rare classes such as bicycles. Therefore, the observed performance gap
reflects realistic data conditions to some extent. Despite the severe imbalance, the pro-
posed method achieves strong overall detection performance, demonstrating its robustness
under challenging data distributions. The high AP for major categories (e.g., “car”) and
competitive mean Average Precision (mAP) indicate that the model effectively captures
representative features even when trained on imbalanced data.

(a) (b)

Figure 5. Precision–Recall curves on VisDrone (Night) and DroneVehicle (Night) datasets. (a) The PR
curves evaluated on the VisDrone (Night). (b) The PR curves evaluated on the DroneVehicle (Night).

The complete model integrating both DPSA and HLSAFM achieves an mAP50 of
73.4% on the DroneVehicle (Night) dataset, marking a 1.0% improvement relative to the
original YOLOv11n.

The corresponding Precision–Recall (PR) curves are illustrated in Figure 5b. Notably,
the average precision (mAP50) for the “car” and “bus” categories reaches 91.1% and 92.5%,
respectively, while the remaining categories also exhibit strong detection performance.
These experimental data verify the synergistic enhancement effect of the dual feature
optimization mechanisms (HLSAFM and DPSA) in complex nighttime scenarios, enabling
robust handling of varying vehicle scales and severe illumination degradation.

As the DroneVehicle (Night) subset was constructed solely based on image brightness
levels without explicit consideration of category distribution, certain class imbalances and
performance disparities exist across categories. However, these factors do not compromise
the validity or superiority of the overall detection performance.

3.3. Visualization

This section presents qualitative detection examples on the VisDrone (Night) and
DroneVehicle (Night) datasets to further highlight the performance advantages of our
approach. Figure 6 illustrates that the visualization results from nighttime UAV-captured
images in the VisDrone (Night) test set demonstrate that the proposed algorithm exhibits
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superior object detection performance in diverse scenarios. Baseline YOLO models, when
applied directly to low-illumination conditions, suffer from blurred object contours and
loss of fine details due to insufficient illumination (e.g., indistinct edges of vehicles and
pedestrians), leading to frequent false positives and misdetections (e.g., erroneous detec-
tions in the second row of the YOLOv8 results). The overall image darkness, coupled with
the prominent background noise, results in high missed detection rates (e.g., incomplete
vehicle detections in YOLOv8 and YOLOv11 visualizations).
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Figure 6. Visual Evaluation of detection results on the DroneVehicle (Night) dataset.

In contrast, the proposed method accurately detects the majority of targets even
under complex nighttime constraints, such as strong light interference from street lamps
and vehicle headlights, as well as occlusion by road structures. This robust performance
fully validates the model’s strong environmental adaptability and detection capability.
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Compared with other baseline algorithms, the proposed approach, leveraging the multi-
scene characteristics of the dataset, consistently achieves effective target detection across
various conditions, reflecting its excellent adaptability to complex nighttime environments.

Figure 7 illustrates that YOLOv8 and YOLOv11 exhibit noticeable missed detections
under low-illumination conditions owing to limited feature extraction capabilities; for
example, the “freight car” is not detected in several scenes. Although methods such as FBRT-
YOLO, Gold-YOLO, and ASF-YOLO achieve improved detection accuracy, they still suffer
from partial missed detections and false positives, with a large number of erroneous “truck”
detections evident in the third column. In contrast, the proposed method demonstrates
significantly stronger target capture ability in dark environments. For instance, in the third
column, it accurately identifies “truck” targets even in extremely dark conditions without
missing “freight car” instances. These results fully validate that the proposed algorithm
substantially enhances the detection performance in complex scenarios, including severe
low illumination, noise interference, and varying target scales. Qualitative visualizations
align closely with the quantitative improvements reported earlier, further confirming the
effectiveness of the parallel architecture and the synergistic contributions of the HLSAFM
and DPSA modules in handling the problems of low-illumination UAV vehicle detection.
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Figure 7. Visual evaluation of detection results on the DroneVehicle (Night) dataset. The red bounding
boxes represent detections belonging to the car category.

4. Discussion
4.1. Advantages

The proposed parallel network framework exhibits clear and practical advantages for
low-illumination UAV object detection tasks. Unlike conventional two-stage pipelines that
sequentially perform image enhancement and object detection, the proposed parallel archi-
tecture enables synchronous feature updating and joint optimization between enhancement
and detection branches. This design allows illumination correction and semantic represen-
tation learning to interact during training, thereby reducing information degradation and
feature misalignment that commonly arise in decoupled processing pipelines.

From a practical perspective, the framework is particularly effective under challenging
night-time conditions where targets often suffer from low contrast, blur, and background
interference. The introduction of the HLSAFM module enhances discriminative feature
representation by explicitly separating low-frequency structural information from high-
frequency detail cues. This decomposition enables the network to preserve global object
shapes while refining fine-grained local details, which is critical for reliably detecting
weakly illuminated or partially blurred targets.
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In addition, the DPSA module further strengthens the framework’s robustness in real-
world UAV scenarios by enhancing multi-scale perception and suppressing background
noise. Through dynamic channel-wise and spatial attention combined with pooling and
multi-scale convolutions, the model effectively captures objects of varying sizes caused by
changes in flight altitude and viewing perspective. This capability is especially important
for UAV-based detection, where scale variation and cluttered backgrounds pose significant
challenges to conventional detectors.

Compared with existing low-illumination UAV detection approaches, the proposed
parallel framework significantly improves both precision and recall in low-light UAV sce-
narios, effectively reducing false detections and the risk of target overestimation while
mitigating missed detections and enhancing the completeness and stability of spatial target
distribution modeling. By leveraging its advantages in complex background suppression,
multi-scale representation, and robustness under low-illumination conditions, the frame-
work provides a reliable and scalable technical foundation for the practical deployment of
low-light UAV target detection systems.

4.2. Challenges and Limitations

Despite the promising performance achieved by the proposed framework, several
challenges and limitations should be acknowledged. First, the constructed nighttime subset
was primarily selected based on image brightness without explicitly balancing object
categories, which resulted in a long-tailed class distribution. This imbalance is reflected in
the zero AP observed for certain underrepresented categories (e.g., “bicycle” in VisDrone
(Night)). Although the overall detection performance across major categories remains
competitive, the insufficient representation of minority classes may limit the applicability
of the model in scenarios where rare-object detection is critical, such as emergency response
or abnormal-event monitoring. Future dataset construction strategies could incorporate
class-aware sampling, reweighting mechanisms, or targeted data augmentation to alleviate
this imbalance and enhance robustness at the category level.

Second, under extremely low-illumination conditions, illumination enhancement
operations may inadvertently amplify sensor noise. If noise suppression is insufficient,
the amplified noise may interfere with feature extraction and reduce the detection stability.
In addition, excessive brightening can cause saturation in already well-exposed regions,
leading to the loss of fine texture and edge information. Since object detection models rely
heavily on structural and boundary cues for accurate localization, such degradation may
negatively affect performance in extreme lighting scenarios. Incorporating noise-aware
enhancement strategies or adaptive exposure control mechanisms could help mitigate these
effects in future improvements of the framework.

Third, although the proposed parallel architecture maintains real-time inference capa-
bility, the introduction of additional modules (DPSA and HLSAFM) increases the computa-
tional complexity and GFLOPs compared with the baseline detector. While the trade-off
between accuracy and efficiency remains acceptable for typical edge-device deployment,
further lightweight optimization may be necessary for ultra-low-power UAV platforms with
stricter onboard computational constraints. Model compression techniques, pruning strate-
gies, or hardware-aware optimization could be explored to improve deployment flexibility.

Overall, addressing dataset imbalance, extreme illumination degradation, and compu-
tational efficiency under resource-limited deployment conditions remains an important
direction for future research.
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4.3. Future Perspectives

Future work will focus on enhancing the generalization, robustness, and evaluation
rigor of the proposed framework. This includes extending validation to more diverse
datasets spanning multiple geographic regions, growth stages, and environmental con-
ditions, as well as incorporating repeated-run experiments and statistical variance anal-
ysis for more reliable performance assessment. In addition, class-rebalancing strategies,
noise-aware or exposure-aware enhancement mechanisms, and multimodal RGB–infrared
fusion may be explored to further improve robustness under long-tailed distributions
and extremely low-light conditions. Model compression techniques such as knowledge
distillation, structured pruning, and quantization will also be investigated to improve
computational efficiency without sacrificing detection accuracy.

From a real-world deployment standpoint, the parallel framework provides a balanced
trade-off between detection accuracy and computational cost, making it suitable for UAV
platforms with moderate onboard computing resources. Through further optimization
of lightweight design and enhanced spatial suppression mechanisms, the framework is
expected to maintain stable performance in extreme density or boundary scenarios, thereby
supporting reliable and scalable large-scale monitoring applications under complex and
low-illumination environments.

5. Conclusions
This paper introduces a parallel framework for low-illumination UAV object detection,

which combines illumination enhancement and detection networks to mitigate perfor-
mance degradation under adverse lighting conditions. By deploying the illumination
enhancement network and object detection network in parallel, the proposed framework
achieves synchronized feature updates during training, enabling mutual adaptation and
joint optimization between the two networks. Furthermore, shared feature representations
promote effective information exchange across networks, establishing a strong foundation
for enhanced overall performance.

In terms of feature enhancement, two novel plug-and-play modules are presented:
the Dynamic Pooling Synergistic Attention (DPSA) and the High and Low Frequency
Spatial-Adaptive Feature Modulation (HLSAFM). The DPSA module integrates dynamic
pooling-based channel attention with spatial attention mechanisms, which enhances the
representational capacity of the input feature maps, improves the network’s performance
in complex scenarios, and increases its adaptability to multi-scale features. The HLSAFM
module refines high- and low-frequency features through separated processing paths and
dynamic modulation mechanisms, allowing the network to capture richer representations
and improve feature expressiveness and discriminability.

The experimental results demonstrate substantial improvements over the baseline
YOLOv11n detector, with mAP50 gains of 2.0% on the VisDrone (Night) dataset and
1.0% on the DroneVehicle (Night) dataset. In addition to improvements in academic
performance metrics, these gains translate into tangible operational benefits for real-world
UAV applications. The proposed method is expected to provide valuable support for
safety-critical UAV missions, where enhanced detection robustness can reduce false alarms,
decrease the need for manual intervention, and improve mission success rates in complex
nighttime environments.
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