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Highlights
What are the main findings?

e An early-fusion multimodal small-object detection framework, TAF-YOLO, is proposed for
UAV aerial imagery. It effectively integrates complementary visible and infrared information at
the pixel level, thereby improving small-object detection accuracy while reducing missed
detections and false alarms.

e TAF-YOLO removes the PANet from the baseline model, reduces redundant information and
introduces lightweight DSAB into a multimodal detection framework, achieving efficient and
accurate detection of small objects.

What are the implications of the main findings?

e  The proposed framework shows that early-fusion of visible and infrared modalities improves
robustness and precision in UAV-based small-object detection, suggesting a promising direction
for multimodal sensing in complex environments.

e  The integration of lightweight modules and removal of redundant network structures provide
evidence that high detection accuracy can be achieved with reduced computational cost,
supporting broader deployment in real-time and resource-constrained scenarios.

Abstract

Detecting small objects from UAV-captured aerial imagery is a critical yet challenging task, hindered
by factors such as small object size, complex backgrounds, and subtle inter-class differences. Single-
modal methods lack the robustness for all-weather operation, while existing multimodal solutions
are often too computationally expensive for deployment on resource-constrained UAVs. To this end,
we propose TAF-YOLO, a lightweight and efficient multimodal detection framework designed to
balance accuracy and efficiency. First, an early fusion module, the Two-branch Adaptive Fusion
Network (TAFNet), which adaptively integrates visible and infrared information at both pixel and
channel levels before the feature extractor, maximizing complementary data while minimizing
redundancy. Second, a Large Adaptive Selective Kernel (LASK) module that dynamically expands
the receptive field using multi-scale convolutions and spatial attention, preserving crucial details of
small objects during downsampling. Finally, an optimized feature neck architecture that replaces
PANet's bidirectional path with a more efficient top-down pathway. This is enhanced by a Dual-
Stream Attention Bridge (DSAB) that injects high-level semantics into low-level features, improving
localization without significant computational overhead. On the VEDAI benchmark, TAF-YOLO
achieves 67.2% mAPs, outperforming the CFT model by 2.7% and demonstrating superior
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performance against seven other YOLO variants. Our work presents a practical and powerful
solution that enables real-time, all-weather object detection on resource-constrained UAVs.

Keywords: small-object detection; multimodal; feature fusion; UAV aerial images; visible and
infrared; YOLO

1. Introduction

With the rapid development of unmanned aerial vehicle (UAV) technology [1] and the
miniaturization of onboard sensors [2], UAV-based visual perception has become a key tool in
applications such as disaster monitoring [3], agricultural management [4], and urban surveillance [5].
Compared with satellite or ground-based observation, UAV imagery offers flexible viewpoints and
high temporal resolution but also presents unique challenges for object detection: targets are typically
small, densely distributed, and surrounded by complex backgrounds [6]. Furthermore, variations in
flight altitude and environmental conditions result in diverse object scales and appearances,
significantly increasing detection difficulty.

Although recent advances in deep learning, particularly in Convolutional Neural Networks
(CNNs) and Transformer-based architectures, have led to remarkable progress in UAV remote
sensing detection [7-10], methods relying solely on visible images are sensitive to challenging
conditions such as low light, heavy fog, or rain, where their performance degrades sharply. In
contrast, infrared (IR) imaging, which captures thermal radiation from objects, is robust to lighting
variations and capable of all-weather operation, effectively highlighting targets obscured by poor
illumination or occlusion. However, IR imagery inherently suffers from low spatial resolution and a
lack of color and texture details. Therefore, visible and infrared modalities are naturally
complementary: the former provides high-frequency texture and color information, while the latter
contributes stable, illumination-invariant thermal cues.

Modern UAVs are often equipped with dual-sensor gimbals integrating both visible and
infrared cameras, providing an ideal foundation for multimodal fusion (MF). Effectively fusing these
two modalities can significantly enhance the robustness and reliability of UAV perception systems,
which is crucial for improving the detection of small objects in complex environments. Consequently,
building an efficient end-to-end visible-infrared fusion detection network that fully leverages inter-
modality complementarity is an inevitable requirement for the advancement of intelligent visual
perception technology.

Currently, deep learning-based visible-infrared fusion (VIF) methods [11] are primarily
categorized into early (pixel-level), intermediate (feature-level), and late (decision-level) fusion. Early
fusion [12], though computationally efficient, often relies on simple operations like addition or
concatenation, failing to adequately model the deeper relationships between modalities. Intermediate
[13] and late fusion [14] strategies (e.g., those using Transformer-based cross-attention [15,16]) better
capture cross-modal interactions but still face challenges such as feature space misalignment,
information loss, and insufficient adaptation to UAV-specific scenarios. Existing fusion frameworks
generally suffer from three key limitations: overly simplistic early fusion strategies, information loss
in later fusion stages, and inadequate adaptation to UAV small-object scenarios, where feature
degradation is particularly severe.

To address these issues, this paper proposes TAF-YOLO, a multimodal small-object detection
network designed specifically for UAV aerial imagery. Before feature extraction, TAFNet adaptively
fuses visible and infrared information at both the pixel and channel levels. This early fusion strategy
effectively integrates complementary information while suppressing redundant features, providing
a high-quality input for subsequent detection. To mitigate feature degradation during downsampling,
the LASK module dynamically adjusts its receptive field using multi-scale depthwise convolutions
and spatial attention. Combined with an anti-aliasing filtering strategy, it preserves edge information
and enhances the feature representation of small objects. In the network's neck, we introduce the
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lightweight DSAB module for the first time. It injects high-level semantics into shallow features via
semantic-guided foreground-background routing and multi-scale context aggregation, significantly
improving localization precision for small objects while maintaining semantic integrity.

Through these designs, TAF-YOLO achieves an excellent balance between detection accuracy
and computational efficiency. The main contributions of this paper are summarized as follows:

1. We propose TAF-YOLO, a novel end-to-end multimodal fusion framework specifically
engineered for robust small-object detection in complex UAV scenarios. By integrating a series of
targeted optimizations, the framework establishes a SOTA balance between high detection accuracy
and UAV-friendly computational efficiency.

2. To overcome key bottlenecks in multimodal feature fusion and propagation, we introduce a
set of innovative modules. An efficient early fusion network, TAFNet, to maximize modal
complementarity while preserving critical details at the input stage. The LASK module in the
backbone to mitigate feature degradation of small objects via adaptive receptive fields and an anti-
aliasing strategy. The DSAB module in the neck to enhance localization precision through targeted
cross-layer semantic injection.

3. We conducted extensive experiments on public UAV visible-infrared datasets. The results
demonstrate that, compared to current state-of-the-art methods, TAF-YOLO achieves superior
performance in both accuracy and efficiency.

The rest of this article is arranged as follows. The related works are briefly reviewed in Section
2. The details of the proposed method are described in Section 3. Experiments and evaluations are
provided in Section 4. A conclusion about this article is given in Section 5.

2. Related Work

2.1. Deep Learning Based Object Detection

Object detection aims to automatically identify and locate specific objects in spatial images. With
the development of deep neural networks, deep learning based object detection technology has been
widely applied on intelligent platforms such as UAVs. Currently, the predominant deep learning
detection algorithms can be categorized into the CNN-based two-stage detectors, CNN-based one-
stage detectors, and the more recent Transformer-based detectors.

Two-stage detectors, represented by R-CNN [17], Fast R-CNN [18], Faster R-CNN [19], and
Cascade R-CNN [20], first generate region proposals and then perform classification and regression
in separate steps to complete detection. These approaches offer high accuracy but are less suitable for
embedded or UAV platforms due to the high computational demands. In contrast, one-stage
detectors such as SSD [21] and RetinaNet [22] leverage dense anchor priors or focal loss to achieve a
significant speed boost while maintaining accuracy. Meanwhile, Transformer-based detectors, such
as the DETR family [23,24], reformulate object detection as a set prediction problem, relying on global
self-attention mechanisms and a Hungarian algorithm-based matching strategy to realize an end-to-
end framework that obviates the need for non-maximum suppression (NMS). Furthermore, models
such as Swin Transformer [25] and ViT [26] have been extensively employed as backbones or
detection heads, integrating long-range dependency modeling with hierarchical feature
representation to enhance both accuracy and scalability.

In one-stage detection methods, many studies have adopted the YOLO series as the foundational
framework for UAV-based small-object detection owing to its efficient detection capability. From the
original YOLO [27] to the widely deployed YOLOVS5 [28] and YOLOVS [29] models in both academia
and industry, the series has undergone continuous evolution. Recent variants—such as YOLOv10
[30], which emphasizes NMS-free operation and high accuracy, as well as the lightweight YOLOv11
[31] and the attention-based YOLOvV12 [32]—further refine the architecture and extend its
applicability across diverse real-world scenarios.

Small objects in UAV aerial imagery are densely distributed and complex in background,
causing the traditional detection algorithms to be prone to false and missed. Wu et al. [33] proposed
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MV-YOLO which leverages the Mamba Self-Attention Vision Module (MSAVM) to enhance long-
range interactions, combined with the Context Clue Guided Module (CCGM) to refine the
representation of small objects, thereby achieving efficient and accurate detection of small objects.
Liu et al. [34] proposed MFAE-YOLO, which introduces a Global Feature Fusion Processing (GFFP)
module to enhance global feature extraction and an Accurate Intersection over Union (AloU) loss
function to improve the precision of bounding box regression, thereby improving the detection
accuracy of small objects in densely packed scenarios. Cao et al. [35] proposed GCL-YOLO, a
lightweight YOLO network based on GhostConv, which introduces a new prediction head special
for UAV small objects and uses the Focal-Efficient Intersection over Union (Focal-EIOU) loss as the
localization loss function, improving detection accuracy while being lightweight. Detecting small
objects in infrared images, especially in low-contrast and complex backgrounds, remains challenging.
Tang et al. [36] proposed IRSTD-YOLO, an infrared small target detection network, which introduces
the infrared small target enhancement (IRSTE) module and the edge and feature extraction (EFE)
module, enhancing small target representation and detection robustness. Hao et al. [37] proposed
YOLO-SR, which combines image super-resolution technology with YOLQO, leveraging the structure-
preserving super-resolution (SPSR) to preprocess the input infrared images before they enter the
detection network, which enhances the accuracy of the network.

Although the above methods have achieved significant improvements in detection accuracy and
speed, single-modal detectors remain vulnerable to external factors such as lighting, weather
variations, and occlusion. The limited representational capacity of a single modality makes it difficult
to maintain consistent and reliable detection performance under complex environmental conditions.
In contrast, multimodal detection techniques provide an effective solution by integrating
complementary information from multiple sources.

2.2. Multimodal Fusion Object Detection

With the development of sensor technology, multimodal data has been widely applied in fields
such as autonomous driving [38] and remote sensing [39]. Multimodal object detection addresses the
detection failure problem caused by light change, occlusion or noise in a single mode by jointly
optimizing the datas from different physical sensors such as optical and infrared sensors. It fully
leverages the complementary characteristics of different modal datas to effectively improve the
robustness and accuracy of detection. Different sensors in multimodal object detection each have their
own advantages but also exhibit inherent limitations. Visible-light and infrared cameras are
particularly suitable for UAV platforms due to their compact size, low weight, low power
consumption, and real-time imaging capabilities. Moreover, these two modalities are highly
complementary in terms of information: visible-light images provide rich texture and structural
details, while infrared images offer strong robustness under low-light and complex background
conditions.Therefore, the VIF has become the mainstream approach in current research on
multimodal small-object detection for UAVs.

In object detection tasks, features at different levels play complementary roles in determining
the final detection performance. Low-level features typically contain rich local texture, edge, and
spatial location information, while high-level features encode more global contextual and semantic
information. The ability to effectively integrate these features at appropriate stages directly impacts
the perception and detection capabilities of detector. Currently, there are three fusion paradigms:
early fusion, intermediate fusion, and late fusion.

Intermediate fusion generally refers to the process of extracting features separately from the
original data of different modalities and integrating them by leveraging the complementary
advantages of distinct feature maps. This approach aims to achieve a balance between fine-grained
local details and broader semantic context, thereby enhancing the overall representation capability
of the model. Wang et al. [40] proposed a cross-scale dynamic convolution-driven YOLO fusion
network, which introduces a novel cross-scale dynamic convolution fusion module to adaptively
extract and fuse bimodal features concerning on data distribution. Shen et al. [41] proposed a novel
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feature fusion framework of dual cross-attention transformers, which utilizes an iterative interaction
mechanism to share parameters among block-wise multimodal transformers, reducing model
complexity and computational cost. Zeng et al. [42] proposed MMI-Det, a multi-modal fusion method
for visible and infrared object detection, which introduces the fusion focus module and the
information guided module, thereby enhancing the ability to perceive and combine visible-infrared
modal information. Intermediate fusion effectively combines complementary features of different
modalities during the later stage of feature extraction, effectively utilizing local and global
information. Intermediate fusion integrates multimodal information at the feature level, effectively
capturing complementary representations and balancing local detail with global semantics. However,
since features are extracted independently before integration, this strategy often leads to the loss of
modality-specific information and incomplete preservation of intrinsic feature relationships.

Late fusion improves detection accuracy by integrating the predictions of separate modality
networks. This preserves the distinctive features of each modality and reduces cross-modal
interference. Tang et al. [43] proposed a novel decision fusion module (DFM) for making an
intermediate decision based on the features in the current layer and then fuse its results with the
original features before passing them to the next layers to avoid information loss during feature
abstraction and fully utilize lower layer features.

In contrast, early fusion combines visible and infrared images at the input level, preserving
complementary texture, color, and thermal information. This approach enables more complete
feature extraction and reduces information loss, while maintaining a simpler and more efficient
network structure. Zhang et al. [44] proposed SuperYOLO, which utilizes a symmetric compact MF
to extract supplementary information from various data and the assisted super resolution (SR)
learning, showing a favorable accuracy—speed tradeoff. Chen et al. [45] proposed a MF framework —
Fused Modality Enhancement Network, which consists of two fusion modules: the Common Feature
Enhancement Module and the Difference Feature Enhancement Module. This method achieves
accurate detection of low light objects at night while reducing the computational complexity of the
model.

Considering the above factors, this study adopts an early fusion strategy. On resource-
constrained UAV platforms, early fusion offers a lightweight and efficient solution by requiring only
a single feature extraction pathway, thus reducing computational and memory overhead. Meanwhile,
by integrating visible and infrared data at the input level, this approach fully exploits their
complementary characteristics.

3. Methodology

3.1. Overview of Our Method

The comprehensive framework of our propose TAF-YOLO network, designed for multimodal
small-object detection in UAV aerial imagery, is illustrated in Figure 1.

First, we explore different MF methods and propose a TAFNet. By adaptively fusing visible and
infrared modality images at both the pixel and channel levels before the backbone network, we
achieved full integration of complementary features while preserving fine-grained spatial details that
are crucial for small objects. Secondly, the proposed LASK module replaces the standard
convolutional layers at the P3 and P4 stages in the YOLOvI12 backbone to alleviate feature
degradation during downsampling. By employing multi-scale depthwise convolutions and adaptive
spatial attention, it selectively emphasizes informative regions and integrates an anti-aliasing filter to
preserve edge and texture information, thereby enhancing the representation of small objects. Finally,
the feature path simplification strategy retains a pure top-down feature fusion pathway. On this basis,
the DSAB introduces a lightweight semantic guidance strategy that injects high-level semantics into
low-level features and performs multi-scale context aggregation. The top-down feature fusion
pathway combined with the lightweight semantic guidance strategy improves the semantic
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completeness of small object features, thereby boosting detection accuracy and maintaining
computational efficiency.

Two-branch Adaptive Fusion
Network (TAFNet)

IR Input 7

|

| Dual-Stream

| Attention Bridge
: (DSAB)
\

it e e e S S i e e e Output

Figure 1. Overvall framework of the TAF-YOLO.

3.2. Two-branch Adaptive Fusion Network

The diversity of multimodal data can effectively enhance informational complementarity,
thereby significantly improving the accuracy and perceptual capability of object detection models. In
UAV object detection tasks, the method of feature fusion among different modalities greatly
influences detection performance. If intermediate fusion is conducted during the feature extraction
stage, it may lead to information loss or distortion, which is particularly detrimental to small-object
detection in UAV imagery, as even the slightest detail loss can cause a marked decline in recognition
accuracy. Similarly, although late fusion can integrate multimodal information at the output level, it
only operates at the final stage, failing to fully exploit the complementary nature of low-level features
across modalities, while also increasing computational complexity and processing time.

However, directly concatenating or summing these features often causes redundant information
propagation and suboptimal modality weighting, as different regions may rely on different
modalities. To address this issue, we propose a Two-branch Adaptive Fusion Network(TAFNet),
which dynamically adjusts the contribution of each modality in a pixel-level and channel-level
adaptive mechanism. The TAFNet enables the network to emphasize the most informative modality
at each spatial location while suppressing redundant features, thereby achieving high-quality fusion
with minimal computational cost. As shown in Figure 2, the input modalities of RGB and infrared
are denoted as I,,, € R“™" 1, e R  respectively. To align both modalities into a common
feature space, each branch is processed by a 3x3 convolution, batch normalization, and SiLU
activation:

M o5 = 9(B(Convl(lys5))), My = $(B(Conv2(1 ) )

where Convl and Conv2 represent the 3x3 convolution, B represents batch normalization and
#(-) denotes the SiLU function.
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Figure 2. The Schematic of TAFNet.

After alignment, both features share the same intermediate dimensionality d , ensuring the two
features have a consistent expression space before subsequent fusion. Then, The two aligned features
are concatenated along the channel dimension and passed through a 1x1 convolution to generate
gating logits:

A = Conv3(Concat(M My))e R2HI 2

RGB>

Here, A =[A;;.Ar] represents the unnormalized modality scores at each spatial location, Conv3

denotes the 1x1 convolution operations, and Concat represents the concatenation operation.
A modality-wise softmax is then applied along the modality dimension (channel axis) to obtain
normalized pixel-wise weight maps Wy, , W, € R

A A
e ke e iR

W =
eARGB +eAIR ’ IR eARGB +eAIR

Wies = ®)

which ensures W, +W,, =1 for every pixel. The softmax operation compares modal scores at each

spatial location and converts them into a probability-like allocation of attention between modalities,
thus realizing pixel level mode selection. The fused feature is obtained as:

F, gate — Wiis © Frgp + Wi © Fi 4)

where © denotes element-wise multiplication with broadcasting.This soft gating strategy allows
the network to adaptively select the most reliable modality based on spatial context, achieving
dynamic weighted fusion.

To further enhance inter-channel dependencies and suppress noisy responses, we introduce a
lightweight Squeeze-and-Excitation (SE) calibration after fusion. The final fused feature refined as:

F’ = ¢(B(Conv4(F,,))) ®)

o

Sfusion

= Conv5 ( F’ ® (6(W,ReLU(W,GAP(F"))))) (6)

where ® represents the element-wise multiplication between the original feature map and the
excitation weights, GAP(:) represents the global average pooling operation, o(-) represents the
Sigmoid function, W, and W, denote two fully connected layers forming a bottleneck structure,
Conv4 and Conv5 representthe 3x3 and IXx1 convolution operations, respectively.

The unique advantage of the TAFNet lies in its ability to combine the spatial adaptivity of
attention mechanisms with the efficiency of channel recalibration. Traditional fusion approaches
often fail to adapt to local modality variations, leading to loss of fine-grained details crucial for small-
object detection. In contrast, TAFNet dynamically generates pixel-wise modality weights through
spatial Softmax gating, achieving adaptive feature fusion without redundant computation.
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Furthermore, the embedded SE structure enhances inter-channel dependency modeling, allowing
subtle features from different modalities to be selectively amplified.

3.3. Large Adaptive Selective Kernel Module

As shown in Figure 3, the proposed backbone network is designed to extract both fine-grained
texture features and high-level semantic information from UAV aerial images fused by TAFNet. It
consists of three main types of modules: the C3k2 block, the LASK (Large Adaptive Selective Kernel)
module, and the A2C2f structure. The C3k2 blocks in the shallow layers are responsible for capturing
detailed spatial textures and low-level features, which are crucial for detecting small objects with
weak visual cues.

To address the feature degradation caused by conventional downsampling, we replace the
standard convolutional layers at the P3 and P4 stages with the proposed LASK module. This module
dynamically adjusts its receptive field through multi-scale depth-wise convolutions and an adaptive
spatial attention mechanism, enabling the network to selectively focus on informative regions while
suppressing background noise. Moreover, the LASK module integrates an anti-aliasing filter that
preserves structural details and reduces information loss during stride =2 downsampling, which is
particularly beneficial for small and densely distributed objects in UAV aerial images. In deeper
stages, the A2C2f modules employ area attention and multi-branch feature fusion to enhance global
contextual perception and semantic consistency, helping the model distinguish small objects from
cluttered backgrounds.

Backbone

=False
=False

C3k:
C3k:

.

.
(C3k2 ) (Conv

Conv2d

BatchNorm2d

SiLU

C3k=False C3k=Ture

\

\.

(ABlock

Area attention
) 4
>
A 4
Conv

I

Bottleneck C3k
n
(Bottleneck C3k )
v v

Concat ) ( Concat
Conv
5.
G AN J\ L J

Figure 3. Backbone structure of TAF-YOLO.

The proposed LASK is illustrated in Figure 4, aiming to introduce a multi-scale selective
convolution mechanism coupled with an anti-aliasing downsampling strategy. Unlike standard
convolutional blocks, which use a single receptive field and straightforward stride =2
downsampling, LASK performs multi-scale feature extraction, adaptive spatial weighting, and low-
pass filtering before subsampling.
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Figure 4. The illustration of the LASK module.

To capture both local and global spatial context, LASK employs multiple depth-wise
convolutional branches with different receptive fields.Specifically, three depth-wise convolutions are
applied to the same input feature map X e R“"™" :

U, = Foy (X), U, = Fo (X), Uy = i 7 (X) )

where F(-) represents a depth-wise convolution with kernel size & and dilation rate d .

The three branches respectively emphasize local texture(U, ), mid-range context(U, ), and long-
range semantic structure( U, ). And U,,U,,U,e R | each maintaining the same number of
channels C as the input. Because these branches are depth-wise and channel-aligned, each channel
in U, corresponds to the same semantic component across different receptive fields. In this setting,
element-wise summation is the most natural and semantically consistent fusion strategy. The multi-
scale feature maps are first aggregated through element-wise summation to form U =U, +U, +U,.
Unlike channel concatenation, which would artificially expand the dimensionality and require
additional projection to realign the channels, element-wise addition preserves a one-to-one
correspondence between feature channels across scales. This design ensures that each channel of U,
integrates multi-scale spatial responses that describe the same semantic entity under different
receptive contexts. Then, channel-wise average pooling and max pooling are applied to capture
spatial descriptors that reflect different types of activation statistics. These two pooled feature maps
are concatenated and passed through a pair of large 7x7 convolutional layers to form a spatial
attention tensor:

S =o(F"(Concat(P,,(U).P,, (0)))) (8)

avg max

where o(-) represents the Sigmoid function, F”'(-) denotesa two-layer transformation composed

of a 7x7 convolution, a SiLU nonlinearity, and another 7x7 convolution, P, () and P, ()

represent channel-wise average pooling and max pooling operation, respectively.

The resulting attention map S§=[S,S5,,S,]e R*" generates three spatial attention
coefficients, each corresponding to one of the convolution branches.This mechanism adaptively
assigns higher importance to the most informative regions at each receptive field scale. Each feature
branch is then modulated by its corresponding attention mask, and all branches are fused to form the
final aggregated feature:

F=3(5,80) ©)

where ® denotes element-wise multiplication.This selective fusion process effectively allows the
model to emphasize spatially salient features across multiple scales while suppressing redundant or
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noisy background activations.As a result, the fused feature map F carries richer semantic cues with
enhanced discriminative power for object localization and recognition.

In conventional CNNs, stride=2 convolutions can introduce aliasing artifacts that blur object
boundaries and degrade high-frequency textures. To address this issue, LASK introduces an anti-
aliasing filter £(-) before downsampling.This filter is implemented as a depth-wise convolution

using a fixed Gaussian-like kernel. The filtered feature F is obtained as F =L(F)=F *K, . The

low-pass filter smooths high-frequency components while retaining important edge information.

1 4 6 4 1
141624164
K,.=—|6 24 36 24 6 (10)
256
4 16 24 16 4
1 4 6 4 1

This anti-aliasing operation reduces spatial distortion during sub-sampling, leading to more
stable feature representations in deeper layers. After anti-aliasing, a point-wise convolution (1x1) is
applied to mix channel information and restore the desired output dimensionality. Subsequently,
Batch Normalization and the SiLU activation function are employed to stabilize training and
introduce non-linearity. The entire computation pipeline of LASK can be summarized as:

Y = g(B(Fo (L(QS,0 Fy (X)) (11)

i=l
where ¢(-) denotes the SiLU function, B represents batch normalization, F,y () represents 1x1

point-wise convolution.

The output ¥ maintains the same spatial resolution and channel configuration as the standard
convolutional layer, allowing LASK to seamless integration into existing YOLO architectures. In this
work, the proposed LASK module is selectively integrated into the P3 and P4 stages of the YOLOv12
backbone. Because P5 primarily captures high-level semantic information with low spatial resolution,
it contributes little to fine-grained localization, whereas P1 and P2 mainly contain noisy low-level
textures with insufficient representational depth; therefore, applying LASK in these stages yields
limited improvement for small-object feature extraction and is computationally inefficient.

3.4. Dual-Stream Attention Bridge

To enhance small-object detection on UAV platforms with limited computational budgets, the
neck design in this work follows a progressive strategy combining feature path simplification
strategy and the proposed Dual-Stream Attention Bridge (DSAB). First, as shown in Figure 1, the
feature path simplification strategy retains a pure top-down feature fusion pathway, replacing the
bidirectional aggregation in PANet to prevent the over-propagation and dilution of fine-grained
details during feature transmission while significantly reducing computational overhead. Then, the
proposed DSAB injects high-level semantic guidance from P5 into the low-level feature map P3.
Through semantic-guided foreground and background routing and lightweight multi-scale context
aggregation, the DSAB selectively enhances informative regions and suppresses irrelevant
background noise, enabling the network to focus on fine structural boundaries and small-object
regions. In this way, the feature path simplification strategy guarantees efficient and undistorted
information flow, while DSAB complements it by reintroducing rich semantics in a targeted and
controllable manner. Together, these two components form a balanced neck architecture that
maintains computational efficiency and substantially improves detection accuracy for small objects.

As shown in Figure 5, given the high-level semantic feature map P, and the low-level feature
map P;, our DSAB aims to generate an enhanced representation E,. We first align the high-level

feature and generate a semantic attention map via sigmoid activation. Then the attention map is then
used to derive the foreground stream A" and background stream A”:
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{ A" = o(U(Conv(P,))) (12)

A =E-A"

where Conv(:) represents the convolution operation, U/ (-) denotes the upsample operation and

O is the sigmoid function producing a spatial attention prior.
Low-level features P; are modulated into two semantic streams. Then each stream is processed

through a Lite-ASPP module—comprising three depthwise separable convolutions with different
dilation rates—to extract multi-scale contextual information., which is crucial for small-object
recognition:

E,=o(J D, (,0ANJ D (P,0A")) (13)

where O denotes elements-wise multiplication, U; D, () represents concatenation the all results

of {D, ()}, operation. {D, ()}, denotesa depthwise separable convolution with dilation rate of 1,

3, and 5. And They all have 3x3 kernels with 128 channels followed by a SiLU layer. The operator
[-,-] denotes channel-wise concatenation. @®(-) denotes the final fusion operator , where the

concatenation feature are passed through a 3x3 convolution followed by a SiLU activation.

DFAB
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Figure 5. The object concealment failure results.
4. Experiment

4.1. Settings

e  Hardware/Software Environment. The following experiments were performed on a computer
with NVIDIA RTX 3090 GPU, 24 GB of memory, and Python code running on Ubuntu 24.04.
With CUDA 11.6, PyTorch 1.12 and other commonly used deep learning and image processing
libraries;

e  Dataset. The VEDALI [46] dataset contains a total of 1,246 pairs of RGB and IR images, covering
nine object categories such as cars, trucks, vans, tractors, pick-ups, and other road vehicles. The
images were captured by UAV and aircraft platforms over semi-urban and rural areas, featuring
complex backgrounds such as roads, buildings, vegetation, and shadowed regions. Each image
has a resolution of 1024x1024 pixels, and the objects of interest are generally small in scale, often
occupying less than 1% of the total image area. These characteristics make the dataset
particularly challenging for small-object detection, as the vehicles exhibit significant variations
in size, shape, and orientation, and are often affected by background clutter, illumination
variations, and low inter-class contrast;

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0375.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 November 2025 d0i:10.20944/preprints202511.0375.v1

12 of 21

¢ Implementation Details. We trained the network using the stochastic gradient descent (SGD)
optimizer with the following hyperparameters. The initial learning rate is set to 0.01, the weight
decay to 0.0005, and the momentum to 0.937. The model is trained for 300 iterations with a batch
size of 8, and the input image size is set to 1024;

e  Evaluation Metrics. In this work, we use Precision, Recall, and mean Average Precision (mAP)
and Parameters as evaluation metrics to assess the performance of the detector as defined below:

Precision = _r (14)
TP+ FP
Recall = _r (15)
TP+ FN
1
AP, = [ P(r)dr (16)
0
1 N
mAP =—> AP, (17)

c=1

where TP, FP,and FN denote true positive, false positive, and false negative, respectively. AP,
represents average precision for class ¢. P(r) is the precision at the recall » and N is the

number of classes.

4.2. Ablation Study

To assess the performance of the proposed method, we conducted ablation experiments on the
VEDAI dataset, comparing multiple models across various metrics and marking the best results in
bold.

4.2.1. Comparisons of Different Fusion Stages and Approaches

To evaluate the effectiveness of the proposed fusion method, we compared feature
concatenation (Concat) with our TAFNet across six different detectors. Additionally, the various
intermediate fusion strategies and the late fusion strategy were compared, with the network
architecture illustrated in Figure 6. The experimental results of different fusion methods are
presented in Table 1.
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Figure 6. The network architecture of different fusion strategies. (a) Intermediate fusion strategies. (b) Late fusion

strategy.
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Model size and inference performance were assessed using parameter counts (Params) and
GFLOPs. Experimental results indicate that, compared with the early fusion method based on simple
feature concatenation, our proposed approach achieves a noticeable improvement in detection
accuracy with only a marginal increase in the number of parameters and GFLOPs. By evaluating
multiple YOLO-based baseline models, we observe that the proposed TAFNet on the vast majority
of baseline models consistently outperforms the simple concatenation-based early fusion strategy in
both mAPs0 and mAPse9s metrics, achieving the best detection performance. Specifically, Ours +
TAFNet improves precision, recall, mArso, and mAPso95 by 4.5%, 4.2%, 3.1%, and 2.1%, respectively,
compared with Our + Concat, indicating a significant performance improvement.

Moreover, our experimental results reveal a clear performance gap between the two early fusion
strategies and the intermediate and late fusion strategies in terms of both detection accuracy and
computational efficiency. These findings indicate that early fusion strategies are more effective in
preserving low-level features, such as edges and textures, which are crucial for small object detection
in UAV aerial imagery. In contrast, intermediate fusion tends to introduce redundant information
and feature loss, potentially obscuring the representation of small objects. Late fusion fails to
sufficiently exploit the complementary information between modalities while incurring additional
computational overhead. Overall, these results demonstrate that the proposed TAFNet early fusion
strategy achieves an excellent trade-off between detection accuracy and computational cost, making
it particularly suitable for multimodal UAV-based small object detection tasks

Table 1. Comparison results of different fusion stages and approaches on the VEDIA datasets.

Method Pre Rec mAPs0 mAPs9 | Params  GFLOPs

YOLOv5n+Concat 60.6 58.2 63.6 37.2 2.189M 6.0
YOLOvV5n+TAFNet | 62.9 56.0 63.4 39.9 2.307M 6.4

YOLOv6n+Concat 57.0 56.3 56.9 35.9 4.160M 11.7
YOLOv6n+TAFNet | 59.1 61.0 60.6 39.1 4.235M 11.9
YOLOv8n+Concat 654 52.3 60.9 38.5 2.691M 7.0
YOLOv8n+TAFNet | 66.0 54.8 61.9 40.6 3.007M 7.4
Early YOLOv10n+Concat | 68.6 50.4 60.2 38.3 2.710M 8.3
Fusion YOLOv10n+TAFNet | 71.6 52.3 62.0 39.3 2.698M 8.7
YOLOv1ln+Concat | 62.0 59.6 61.6 40.6 2.412M 6.0
YOLOv1In+TAFNet | 626 60.4 62.8 41.2 2.728M 6.4
YOLOv12n+Concat | 54.6 59.3 60.2 37.3 2.509M 5.9
YOLOvV1I2n+TAFNet | 575 62.6 62.4 41.2 2.810M 6.3
Ours+Concat 64.3 59.5 64.1 42.2 4.231M 8.0
Ours+TAFNet 68.8  63.7 67.2 44.3 4.518M 8.4

Fusionl 60.2 59.3 62.1 39.8 4.639M 39.0

Intermediate Fusion2 62.6 59.6 62.7 40.7 4.654M 13.0
Fusion Fusion3 61.7 614 63.1 41.2 4.827M 13.8
Fusion4 67.3 60.8 63.6 41.5 5.297M 14.6

Late Fusion 60.2 543 59.8 37.2 11.709M 16.8

Note:Bold values indicate the best results.

4.2.2. Ablation Study of Each Component

Table 2 presents a comprehensive ablation study evaluating the individual and combined
contributions of the proposed LASK, DSAB, and the effect of removing the PANet on the TAF-YOLO
model's performance. The metrics considered include model Params, GFLOPs, Precision (Pre), Recall
(Rec), mAP@0.5 (mAPs0), and mAP@0.5:0.95 (mAPs0:5).

As shown in Table 2, Adding LASK to the baseline leads to a notable improvement in Precision
(from 57.5% to 61.8%). While mAPso and mAPs095 show a slight increase (0.4% and 0.2% respectively),
surprisingly, the GFLOPs slightly reduce from 6.3 to 6.1, despite a minor increase in parameters (from
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2.810M to 3.024M). This suggests LASK enhances the model's ability to dynamically select
informative receptive fields while maintaining edge and texture integrity. Removing PANet from the
baseline significantly reduces model complexity, decreasing parameters from 2.810M to 1.831M (a
34.8% reduction) and GFLOPs from 6.3 to 4.9 (a 22.3% reduction). Crucially, removing PANet also
leads to a slight improvement in mAPso (from 62.4% to 63.3%) and mAPso9s (from 41.2% to 41.9%).
This indicates that the original PANet architecture is inefficient and introduces redundant features
that are not suitable for small-object detection tasks. Removing it can improve efficiency and slightly
enhance performance. When PANet is removed, adding LASK further improves Precision (from
58.8% to 62.1%), and also yields a marginal increase in mAPs0 (0.4%) and mAPs095 (0.5%). The GFLOPs
again show a slight reduction (from 4.9 to 4.7), reinforcing LASK's efficiency benefits. Adding DSAB
while removing PANet significantly boosts mAPso (from 62.4% to 66.9%) and mAPsess (from 41.2% to
43.6%). This indicates that DSAB can effectively utilize high-level semantics to guide low-level
features enabling the network to better perceive fine structural boundaries and small object regions.
However, this requires acceptable computational increase : parameters increase to 4.305M and
GFLOPs to 8.6. The best performing configuration, which incorporates both LASK and DSAB while
removing PANet, achieves the highest scores across all accuracy metrics: Precision (64.8%), Recall
(62.7%), mAPso (67.2%), and mAPs0.5 (44.3%).

Table 2. The ablation experiment TAF-YOLO.

LASK DSAB Remove Params GFLOPs Pre Rec mAPso mAPs0.05
PANet
1 2.810M 6.3 575  62.6 62.4 41.2
2 S 3.024M 6.1 61.8 622 62.8 414
3 y v 4.305M 8.6 627 625 66.9 43.6
4 \ 1.831M 4.9 58.8  62.0 63.3 41.9
5 y S 2.044M 4.7 621  60.8 63.7 42.4
6 y 3 v 4.518M 8.4 648  62.7 67.2 443

Note:Bold values indicate the best results.

4.3. Comparison Experiment With Previous Methods

We compared the performance of state-of-the-art methods, including YOLOvS5 [28], YOLOv6
[47], YOLOVS [29], YOLOv10 [30], YOLOv11 [31], YOLOv12 [32], CFT [16], DEYOLO [48], and our
proposed TAF-YOLO method on the VEDAI dataset across various scenarios. Figure 7 presents some
visual comparison, where the red circles indicate missed detection, the yellow circles represent false
detection, and the blue circles highlight false alarm. It can be observed that under scenarios with
complex backgrounds or occlusions, other methods tend to produce a considerable number of missed
and false detections. In UAV aerial imagery, vehicles usually occupy small regions, and their
appearances across different categories often exhibit high similarity. Although classes such as car,
pickup, camping, and truck are relatively abundant in the dataset and achieve better detection
precision overall, large variations in object scale and inter-class resemblance still make accurate
classification challenging. Most existing algorithms can accurately locate vehicles, but they have
difficulty distinguishing fine-grained differences, which leads to frequent misclassifications,
especially between cars and pickups.

The visualization results clearly demonstrate the superior performance of our proposed TAEF-
YOLO. It effectively addresses the critical challenges of small object detection, significant scale
variation, and high inter-class similarity in UAV aerial imagery. Unlike other methods that struggle
with missed detections, frequent misclassifications (especially between car and pickup), and false
alarms in complex or cluttered backgrounds, TAF-YOLO consistently delivers more accurate and
robust detection outcomes. This indicates that our method's architecture and fusion strategy are
particularly well-suited for extracting discriminative features necessary for precise localization and
fine-grained classification in these demanding scenarios.
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Table 3 summarizes the performance of the above methods. The MF model achieved
significantly better AP values than the single modal (RGB or IR) model in most categories, indicating
that the proposed TAFNet can effectively utilize early feature fusion strategies. However, it is worth
noting that for the "car" category, the detection performance of the fusion model is actually lower
than using only RGB modes. This phenomenon may be related to the information differences
between different modalities and the performance of specific categories (such as cars) under different
lighting conditions. In some cases, infrared information may not provide sufficient details or have
significant differences from visible light images, thereby affecting the detection accuracy after fusion.
However, overall, the improvement in mAPs and mAPsos still indicates that TAFNet exhibits
superior performance in most categories. Meanwhile, the increase in parameter count and
computational complexity is very limited, indicating that the method has achieved an ideal balance
between accuracy and efficiency.

Table 3. The quantitative comparison of different methods on VEDAL

Method Car Pickup Camping Truck Others Tractor Boat Van mAPso mAPso9s Params GFLOPs
RGB 88.3 69.4 60.6 59.2 34.6 49.7 65.1 529 60.0 374 2.189M 59
YOLOv5n IR 85.7 64.9 67.5 60.3 222 53.6 355 65.7 56.9 34.5 2.189M 5.9
Multi 88.1 72.0 65.2 65.4 47.2 53.8 63.3 51.8 63.4 39.9 2.307M 6.4
RGB 87.1 72.0 60.1 59.2 442 55.2 35.1 55.3 58.5 36.1 4.160M 11.6
YOLOv6n IR 86.7 65.6 52.8 65.6 222 55.1 145 52.2 51.8 31.7 4.160M 11.6
Multi 84.5 68.7 60.9 59.4 53.7 60.0 27.8 67.9 60.6 39.1 4.335M 119
RGB 87.8 76.1 55.0 54.7 38.6 62.1 515 453 58.9 35.5 2.691M 6.9
YOLOv8n IR 85.2 66.6 63.6 63.3 30.5 414 35.7 52.5 54.8 33.4 2.691M 6.9
Multi 83.1 73.6 61.8 64.3 41.6 68.1 44.9 39.0 61.9 40.6 3.007M 7.4
RGB 84.9 69.9 61.3 59.9 17.6 49.4 489 50.5 55.3 33.9 2.710M 8.2
YOLOv10n IR 81.5 68.5 55.1 53.8 23.8 36.9 30.9 51.9 50.3 31.2 2.710M 8.2
Multi 81.2 66.9 61.6 63.8 37.9 48.5 57.6 78.4 62.0 39.3 2.842M 8.7
RGB 88.8 71.7 75.9 57.3 31.4 59.4 40.7 49.3 59.3 35.4 2.412M 5.9
YOLOv1in IR 84.7 69.1 64.9 73.6 30.4 37.3 39.8 47.7 55.9 33.9 2.412M 5.9
Multi 84.9 74.1 67.3 72.0 44.8 72.1 62.2 48.8 62.8 41.2 2.728M 6.6
RGB 87.0 71.6 63.5 61.1 428 56.9 46.7 421 59.0 352 2.509M 5.8
YOLOv12n IR 80.8 64.7 57.0 66.0 224 34.6 29.1 37.1 49.0 29.9 2.509M 5.8
Multi 83.3 73.4 75.7 58.0 45.6 60.4 54.2 59.9 62.4 412 2.810M 6.3
CFT Multi 85.6 73.2 65.2 65.6 44.3 64.2 54.2 60.8 64.5 42.1 47.06M 117.2
DEYOLOn Multi 85.2 70.5 70.0 68.3 50.3 67.0 60.2 61.5 65.7 43.2 6.09M -
RGB 88.5 70.4 63.4 62.1 43.2 57.2 522 45.6 62.2 40.4 4.231M 7.9
TAF-YOLO
IR 84.5 68.7 60.9 59.4 30.2 39.6 27.8 39.6 60.3 38.3 4.231M 7.9
(Ours)
Multi 87.0 72.3 75.7 71.3 47.6 65.4 67.9 62.9 67.2 44.3 4.518M 8.4

Note:Bold values indicate the best results, and “-” indicates the results is not reported.

The visualization results of several failed detections presented in Figure 8 reveal the limitations
of TAF-YOLO in highly complex scenarios. Missed detections typically occur when objects are
extremely small or blend seamlessly with the background. A representative example is the "tractors"
in Figure 8(a), located at the top-left corner of the image along a dirt path, which remains undetected
due to its minute size and similar texture to the surrounding ground. And as shown in Figure 8(d), a
"car" is erroneously identified as a "pickup," clearly demonstrating the model's difficulty in fine-
grained classification, particularly between visually similar vehicles like cars and pickups, where
subtle structural differences are flattened and obscured from an overhead view. In summary, the
failure cases indicate the extreme complexity and inherent challenges of object detection in UAV
aerial imagery, encompassing the diminutive size of objects, the intrinsic high visual similarity
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among different vehicle classes, and the strong interference from diverse and complex backgrounds
(e.g., farmland, urban structures, shadows, road textures).

Figure 7. The visual comparison of different inpainting methods. Left to right: RGB Ground Truth, IR Ground
Truth, YOLOvV5, YOLOv6, YOLOvVS, YOLOv10, YOLOv11, YOLOv12, CFT, DEYOLQO, and Ours. The red circles
indicate missed detection, the yellow circles represent false detection, and the blue circles highlight false alarm.

(a) &

(®)

©

()

Ground Truth YOLOvI2n CFT DEYOLOn TAF-YOLO

Figure 8. The failure cases of MF detection methods. The red circles indicate missed detection, the yellow circles

represent false detection, and the blue circles highlight false alarm.

4.4. Generalization Experiment

To validate the generalization capability of the proposed TAF-YOLO, we conduct a comparative
evaluation of TAF-YOLO and other detectors on the public DroneVehicle dataset [49]. DroneVehicle
captures complex airborne imaging scenarios, where vehicles exhibit significant variations in size,
orientation, and background clutter due to changes in drone altitude and camera tilt. The dataset provides
paired RGB and IR images, enabling the exploration of MF detector's robustness under diverse
environmental conditions. The dataset encompasses diverse illumination situations (daytime, dusk, and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0375.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 November 2025 d0i:10.20944/preprints202511.0375.v1

17 of 21

nighttime) and viewing angles, simulating real-world drone surveillance tasks. Such complementary
characteristics make DroneVehicle well-suited for evaluating MF detecor and generalization ability across
domains. For our experiments, we follow the common split setting and select 2800 image pairs for
training, 800 for validation, and 400 for testing. The annotations cover five vehicle categories— car, truck,
bus, van, and freight-car—each appearing at varying scales and densities. The presence of occlusions,
dense traffic, and multi-scale objects poses additional challenges for detection algorithms.

Table 4 presents in detail the comparison results of different algorithms on the DroneVehicle dataset,
while Figure 9 highlights on the visualization experimental results of CFT, DEYOLO, and TAF-YOLO in
night scenes, ground texture interference scenes, and low light scenes. Experimental results on the public
dataset DroneVehicle show that our proposed TAF-YOLO achieved mAPs and mAPs0s of 65.8% and
46.7%, respectively. This val-idates the efficacy and superiority of the proposed approach for detecting
small objects in UAV aerial images, further demonstrating its excellent generalization capability. The
visualization results demonstrate that the proposed TAF-YOLO excels in detecting objects under
challenging conditions, such as night scenes, ground texture interference, and low-light environments.
Compared to the state-of-the-art methods, CFT and DEYOLO, TAF-YOLO significantly reduces false
detections and false alarms, while also improving both positional accuracy and confidence levels. In
addition, TAF-YOLO achieves a favorable balance between accuracy and computational efficiency. With
only 4.518M parameters and 8.4 GFLOPs, it delivers performance comparable to larger models such as
CFT and DEYOLO, demonstrating the proposed method’s potential for deployment in real-time UAV
detection tasks with limited computational resources.

Table 4. The quantitative comparison of different methods on DroneVehicle.

Method Cars Trucks Buses Vans Frce;fsht mAPs0 mAPs095 | Params GFLOPs
YOLOv5n | Multi | 91.8 46.3 84.3 45.3 44.6 62.1 414 2.307M 6.4
YOLOv8n | Multi | 92.0 50.4 84.3 46.6 45.2 62.9 42.1 3.007M 74

YOLOv10n | Multi | 91.3 44.8 83.6 40.2 444 60.3 41.1 2.842M 8.9
YOLOv1ln | Multi | 91.3 36.4 80.6 33.7 41.8 57.4 38.3 2.728M 6.6
YOLOvI2n | Multi | 914 45.1 84.5 42.3 45.0 61.8 40.4 2.810M 6.3
CFT Multi | 924 55.5 88.6 44.6 46.3 65.4 45.7 47.06M 117.2
DEYOLOn | Multi | 91.0 51.8 85.2 441 46.9 64.4 43.6 6.09M -
TAF- Multi 4.518M 8.4
YOLO 91.7 58.6 89.2 46.9 44.3 65.8 46.7

Note:Bold values indicate the best results, and “-” indicates the results is not reported.

CFT

DEYOLOn

TAF-YOLO

Ground
Truth

RGB IR

(d

Figure 9. Generalization experiments in different scenarios on DroneVehicle dataset. (a) and (b) are night scenes,
(c) is a ground texture interference scene, and (d) is a low light scene. The red circles indicate missed detection,

the yellow circles represent false detection, and the blue circles highlight false alarm.
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5. Discussion

The proposed TAF-YOLO effectively leverages TAFNet for pixel-level and channel-level
adaptive fusion of visible and infrared inputs, enabling comprehensive integration of complementary
information while minimizing redundancy. It demonstrates strong detection performance in
nighttime, background-interference, and low-light environments, reducing both miss detection and
false alarm rates. However, its performance in extreme scenarios still requires further improvement.
As shown in Figure 10 (a) and (b), in extreme modality imbalance scenarios, the visible light modality
fails to provide effective information, while the infrared modality exhibits strong background noise,
leading to false alarms. In the multimodal information scarcity scenarios shown in Figure 10 (c) and
(d), both modalities fail to provide useful information, resulting in missed detections.

RGB
Ground Truth

IR
Ground Truth

TAF-YOLO
Result

Figure 10. Multimodal fusion under extreme scenarios. (a) and (b) depict a modality imbalance scenario. (c) and

(d) illustrate a multimodal information scarcity scenario.

And the LASK module dynamically adjusts receptive fields through multi-scale depthwise
convolutions and spatial attention, preserving fine edge and texture details during downsampling.
By replacing the traditional convolution operations in P3 and P4 of the original baseline model with
this approach, we achieve promising results. However, we have not yet established that replacing
the baseline convolutional blocks with the LASK module will consistently outperform the original
convolutions across different datasets and architectures. Additional experiments are needed to verify
LASK’s robustness and generalization as a direct replacement for standard convolutional layers.

6. Conclusions

In this paper, we presented TAF-YOLO, an efficient multimodal small-object detection framework
tailored for UAV aerial imagery. By performing early adaptive fusion of visible and infrared modalities
through the proposed TAFNet, the framework effectively integrates complementary texture and thermal
information while suppressing redundancy. The LASK module dynamically enhances receptive field
adaptability and preserves fine-grained edge and texture features, significantly improving the perception
of small objects. Furthermore, the incorporation of DSAB and a simplified feature fusion path strengthens
semantic interaction and localization precision while maintaining lightweight computational costs.
Extensive experiments on the VEDAI dataset demonstrate that TAF-YOLO achieves superior
performance in both detection accuracy and efficiency, confirming its suitability for real-time, all-weather
UAV perception. However, in extreme detection scenarios characterized by strong background
interference and extremely small inter-class differences, the algorithm still requires enhanced feature
extraction and background suppression capabilities. Future research will focus on further enhancing the
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performance of TAF-YOLO in extreme scenarios with significant modal imbalance to improve
generalization across diverse UAV platforms and complex environments, extending the applicability of
TAF-YOLO to broader multimodal UAV remote sensing tasks.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle

CNNs Convolutional Neural Networks
IR Infrared

MF Multimodal Fusion

VIF Visible and Infrared Image Fusion
NMS Non-Maximum Suppression

TAFNet  Two-branch Adaptive Fusion Network
LASK Large Adaptive Selective Kernel
DSAB Dual-Stream Attention Bridge
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