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Abstract

Object detection in real-world scenarios is often challenged by adverse visual conditions,
such as low illumination, strong glare, and dense fog, which severely degrade visible-
spectrum features and lead to missed detections, inaccurate localization, and reduced de-
tection accuracy. To address these issues, this paper proposes AQFS-Net, a dual-modal
fusion detection network for visible-infrared object detection. Built upon YOLOvV13,
AQFS-Net adopts a symmetric dual-branch backbone by incorporating infrared images,
thereby exploiting the complementary information between the visible and infrared mo-
dalities. To alleviate the negative transfer caused by conventional static fusion strategies,
an Adaptive Quality-Aware Fusion Module (AQFM) is designed to dynamically enhance
informative features and suppress degraded information according to the modality-spe-
cific reliability of different regions. In addition, a Foreground-Aware Saliency Guidance
(FASG) branch is introduced to guide the network to focus on target regions through fore-
ground supervision, reducing interference from complex backgrounds. Experimental re-
sults on the public LLVIP and M3FD datasets show that the proposed method improves
mAP@0.5 by 6.8 and 3.1 percentage points, respectively, compared with the baseline using
only visible images. These results demonstrate the effectiveness of AQFS-Net in improv-
ing dual-modal fusion quality and detection performance under challenging visual con-
ditions, providing a practical reference for visible-infrared object detection in complex il-
lumination scenarios.

Keywords: optical degradation; multimodal fusion; visual sensing; YOLOv13; object
detection; challenging illumination

1. Introduction

Object detection is a fundamental task in computer vision and has been widely ap-
plied in practical scenarios such as autonomous driving, industrial inspection, and intel-
ligent surveillance [1-3]. Since the pioneering works of YOLO [4] and Fast R-CNN [5] in
2015, the performance of object detection has been continuously improved. In 2020, Car-
ion et al. [6] introduced the Transformer architecture into object detection and proposed
the end-to-end DETR framework. Subsequent studies, such as RT-DETR [7], further
demonstrated the potential of Transformer-based detectors. However, most existing ad-
vanced detectors still rely heavily on favorable illumination conditions, and their perfor-
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mance can degrade significantly under adverse imaging conditions such as low light,
nighttime scenes, and backlighting [8-11]. In these environments, images often suffer from
insufficient brightness, reduced contrast, and severe noise, which blur object features and
lead to missed detections and inaccurate localization. These limitations restrict the practi-
cal deployment of detection systems in complex real-world scenarios.

To address these challenges, researchers have mainly explored several technical
routes. The first route is image enhancement. For example, Zero-DCE [12] adjusts illumi-
nation through pixel-level curve mapping, but it may amplify noise or introduce color
distortion under extremely dark conditions. Methods such as IA-YOLO [13] attempt to
jointly optimize differentiable image processing modules and detection losses. However,
it remains difficult to balance enhancement intensity with the semantic requirements of
object detection, especially in scenes with complex dynamic ranges, where local over-en-
hancement or under-enhancement may occur. The second route is physics-based image
restoration, such as reconstructing clear images from RAW-domain data to preserve more
visual information. Nevertheless, these restore-then-detect pipelines usually incur high
computational overhead [14,15]. Moreover, most restoration models are designed for spe-
cific degradation types, which limits their generalization ability and practicality under
diverse real-world illumination conditions.

The third route is visible-infrared multimodal fusion, which has become an im-
portant direction for improving detection performance in complex illumination environ-
ments [16-18]. Compared with visible images, infrared images are less sensitive to illumi-
nation changes and can provide complementary information in dark or visually degraded
scenes. However, existing fusion methods still face several key challenges, including
cross-modal feature misalignment, heuristic fusion strategies, and insufficient computa-
tional efficiency [17,19-21]. These issues limit the performance gains that can be achieved
through cross-modal complementary fusion.

Based on the above observations, this paper adopts YOLOv13 [22] as the baseline
model and proposes a visible-infrared dual-modal fusion detection framework for com-
plex illumination scenarios. The proposed framework aims to address the limitations of
static fusion, cross-modal negative transfer, and computational redundancy in existing
feature fusion methods. By reducing the common computational redundancy of dual-
modal networks, the proposed method achieves a better balance among detection accu-
racy, environmental robustness, and computational cost.

In summary, our core contributions are as follows:

1. End-to-end dual-modal object detection framework: Based on the YOLOv13 archi-
tecture, a single-point fusion strategy is used to integrate alignment and enhance-
ment mechanisms, reducing the computational redundancy of traditional multi-
modal fusion while achieving effective multimodal feature fusion with controllable
computational cost.

2. Adaptive Quality-Aware Fusion Module (AQFM): By dynamically modeling cross-
modal feature dependencies and introducing a quality evaluation mechanism,
AQEFM achieves fine-grained spatial alignment and adaptive fusion, alleviating the
negative transfer caused by low-quality modalities.

3. Foreground-Aware Saliency Guidance (FASG) branch: An auxiliary task in the train-
ing stage is used to strengthen the discriminative feature representation of targets.
This branch can be completely removed during inference, improving detection per-
formance with no additional inference cost.

4.  Experimental validation of the proposed method: Results on the LLVIP and M3FD
datasets show that the proposed method exhibits good robustness and generalization
ability under complex illumination conditions and complex scenarios, quantitatively
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validating the feasibility of the proposed adaptive fusion and explicit supervision
mechanisms for all-weather visual perception tasks.

2. Related Work
2.1. Single-Modality Object Detection

Driven by the development of convolutional neural networks (CNNs), object detec-
tion, as a fundamental task in computer vision, has made considerable progress. Early
two-stage detectors, such as R-CNN [23], Fast R-CNN [5], and Faster R-CNN [24], estab-
lished the paradigm of first extracting region proposals and then performing fine-grained
classification, achieving relatively high detection accuracy. Subsequently, the YOLO series
[4,25] reformulated object detection as a regression problem, enabling efficient real-time
inference in industrial applications.

In recent years, Transformer-based architectures have become an alternative ap-
proach for object detection. DETR [6] removed non-maximum suppression (NMS) and
anchor generation, introducing a fully end-to-end detection paradigm. Building on this,
RT-DETR [7] further optimized the encoder capability and query selection strategy,
demonstrating the potential of Transformers in real-time scenarios. Despite these ad-
vances, standard single-modality detectors still rely heavily on visible-light information.
As a result, their detection performance may degrade under adverse conditions such as
low illumination, dense fog, or complex backgrounds [26].

2.2. Object Detection Robustness Enhancement in Adverse Environments

To alleviate the decline in detection performance caused by image degradation, re-
searchers have mainly explored two technical routes: image enhancement and joint opti-
mization.

The first type of method focuses on restoring image quality before detection. Zero-
DCE [12] models low-light enhancement as an image-specific curve estimation task, ad-
justing the dynamic range at the pixel level without requiring paired training data. Simi-
larly, generative adversarial networks (GANs) have also been used to synthesize clear
images from noisy inputs [27]. However, such enhancement-then-detection serial strate-
gies are usually independent of downstream detection tasks. This separation may lead to
suboptimal results, because visual artifacts introduced during enhancement, such as am-
plified noise, may mislead the detector [14], thereby reducing detection accuracy.

The second type of method directly integrates signal processing into the detection
pipeline. IA-YOLO [13] proposes a differentiable image processing (DIP) module that is
jointly optimized with the detector, allowing the network to learn enhancement parame-
ters beneficial to detection. However, visible-light-based methods have inherent physical
limitations and cannot effectively recover lost information when illumination is com-
pletely absent. This limitation indicates the need to introduce the infrared modality to
provide complementary information and improve environmental robustness.

2.3. Object Detection Based on Visible-Infrared Fusion

Visible-infrared image fusion is an important strategy for improving detection per-
formance in complex illumination environments. Visible images provide texture details,
while infrared images capture thermal radiation information. The complementary char-
acteristics of the two modalities are important for object detection under adverse condi-
tions.

Early multimodal object detection methods mainly relied on simple feature concate-
nation strategies. For example, the two-stream network proposed by Liu et al. [28] directly
fused aligned features to achieve basic multimodal detection capability. Based on this,
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related studies [29] further improved feature representation by jointly optimizing detec-
tion and segmentation tasks. To address the imbalance in the contributions of different
modalities, Li et al. [30] introduced an illumination-aware mechanism to dynamically ad-
just the weight allocation between visible and infrared modalities according to environ-
mental brightness.

However, such methods usually rely on heuristic designs or fixed strategies. In com-
plex illumination environments, the lack of dynamic discrimination of modality-specific
feature quality may introduce background noise and cause negative transfer effects. In
recent years, Transformer-based fusion methods have been increasingly explored. Fang et
al. [16] used a global attention mechanism to achieve cross-modal feature interaction and
improve information modeling. In addition, Zhou et al. [31] further improved detection
performance through an inter-modal mutual promotion mechanism. Nevertheless, these
methods usually have relatively high computational complexity and still have limitations
in fine-grained modality alignment. Therefore, it remains difficult to suppress multimodal
negative transfer while controlling computational redundancy, which limits their appli-
cation in practical scenarios.

3. Methods

3.1. Overall Framework

The proposed dual-modal single-point supervised fusion detection network, termed
AQFS-Net, is built upon the YOLOv13 baseline. As shown in Figure 1, the overall archi-
tecture consists of three main components: a symmetric dual-branch backbone network,
an Adaptive Quality-Aware Fusion Module (AQFM), and a Foreground-Aware Saliency
Guidance (FASG) branch. To provide a clearer understanding of the foundational archi-
tecture used in this study, the standard network topology of the single-stream YOLOv13
baseline is presented in Appendix A.

Visible Infrared FullPAD Tunnel FullPAD Tunnel FullPAD Tunnel

Detect

Detect

Training Only
FASG
<&
<
Saliency
Map
o £ 15

HyperACE s eAuE—A ,

Figure 1. Overall topology of the AQFS-Net dual-modal object detection architecture. B3, By, and
Bs denote the multi-scale output feature layers of the backbone network. AQFM performs interme-

diate-stage single-point adaptive feature fusion. The corresponding multi-scale aggregation levels
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of the neck network are denoted as Hj, H,, and Hs, which correspond in spatial scale to the stand-
ard P;, Py, and Ps levels commonly used in detection networks. The FASG branch is attached only

during training for auxiliary supervision and is removed during inference.

The framework adopts a two-stream input strategy and receives aligned visible and
infrared images separately. In the backbone stage, the two branches extract their respec-
tive shallow features (P,—P;) in parallel. At the P; feature-map scale, AQFM performs
modality alignment and adaptive interaction on the dual-stream features to generate a
fused P; feature stream. Unlike traditional multi-scale or progressive fusion schemes, the
proposed framework feeds the fused P; features into a shared backbone to further extract
higher-level P, and Ps semantic features. Finally, the P; features fused by AQFM and
the P, and P; features extracted by the shared backbone are fed into the neck network
for multi-scale aggregation. During training, the FASG branch is attached to the P; and
P, feature levels, where an auxiliary task is used to guide the model to focus on target
regions. This branch can be completely removed during inference, so it does not introduce
additional inference cost.

3.2. Dual-Stream Backbone Feature Extraction

To preserve the original discriminative information of each modality before feature
fusion, we construct a symmetric and parameter-independent dual-stream feature extrac-
tion pathway. Different from a traditional single-modality architecture, this stage focuses
on dual-modal data access, modality decoupling, and modality-specific feature extraction.

3.2.1. Input Processing and Modality Decoupling

In the data input stage, we reconstruct the underlying data loading mechanism of
YOLOV13. The aligned 3-channel visible image and 3-channel infrared image are concat-
enated along the channel dimension to form a 6-channel composite tensor
Xn €REXEXHXW) \which serves as the unified input of the network. As shown in Figure 2,
to adapt to this input format, the framework introduces IN and ST modules at the begin-
ning of the backbone network.

As the first layer of the entire network, the IN module receives the 6-channel compo-
site input. In the current implementation, it acts as an identity mapping layer and passes
the raw concatenated data to the subsequent stream-splitting module, providing a unified
access point for the system. The ST module uses tensor slicing operations to separate the
6-channel features along the channel dimension into the visible stream corresponding to
the first 3 channels and the infrared stream corresponding to the last 3 channels according
to preset indices:

Xois = Xinl:,:3,0,:1 1 Xir = Xin[:,30,1, 1]

3 channels
[H,W]

3 channels
[H,W]

: : ST X[:,:3,:,:—]>’ Xvis
Y o
Channel b . . |
Concatenation Identllty !
X ‘ Mapping | | | Y
i i X[:,3:,::]
: : ST ; Xir
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Figure 2. Topology of the input data processing and modality decoupling workflow. “Channel Con-
catenation” denotes the channel concatenation operation; IN represents the Identity Mapping mod-
ule; ST represents the tensor slicing and stream-splitting module; X,;; and X;, correspond to the

independent visible and infrared streams generated after decoupling, respectively.

3.2.2. Modality-Specific Shallow Feature Extraction

After modality decoupling, the visible and infrared feature streams enter two sym-
metric parallel pathways for feature extraction from the P1 to P3 levels. To avoid semantic
confusion between heterogeneous modalities during the shallow feature extraction stage,
the two branches do not share any parameters before entering the fusion module. The
visible pathway focuses on capturing high-resolution texture details, while the infrared
pathway focuses on perceiving the thermal radiation contours of targets. Each branch is
composed of alternating standard convolutional (Conv) layers and DSC3k2 modules spe-
cific to the YOLOvV13 backbone. This independent feature extraction design enables
AQFM to directly obtain modality-specific features at the P3 layer.

3.3. Key Module Design

To alleviate negative transfer in multimodal feature fusion and feature degradation
under complex illumination conditions, we design two related modules. AQFM is de-
signed to achieve adaptive cross-modal quality awareness and feature fusion, while the
FASG branch introduces foreground-aware saliency supervision during training to guide
the backbone network to extract more discriminative feature representations. The two
modules work from the perspectives of forward feature interaction and backward gradi-
ent constraints, respectively, jointly enhancing cross-modal feature fusion.

3.3.1. Adaptive Quality-Aware Fusion Module (AQFM)

After entering the module, the modality-specific P; features from the two streams,
X532 and X[3, are first fed into two sets of shallow residual blocks with independent pa-
rameters and without batch normalization layers so as to explicitly preserve the original
discriminative features of each modality during nonlinear mapping:

res _ P3 res _ P3
Xvis - Tesl(Xvis Xir _Tresz(Xir

where X/ and X/? denote the input visible and infrared modality-specific feature ten-

sors at the P; layer, respectively. F,.s; and F,.s; represent two residual block opera-
tions with non-shared parameters. Since visible and infrared sensors capture fundamen-
tally different optical properties, such as detailed textures and thermal radiation profiles,
respectively, employing independent parameters allows each parallel branch to exclu-
sively optimize its modality-specific features without cross-modal interference. Each re-
sidual block consists of two cascaded standard convolutional layers with 3 x 3 kernels
and ReLU activation functions. X,y and X/*° denote the shallow residual feature ten-
sors generated after the mapping, respectively.

To quantify the reliability of each modality-specific feature in the current scene, the
module introduces a cross-modal dynamic quality evaluation mechanism. Specifically,
this mechanism receives the visible and infrared feature tensors X/’ and X;* processed
by the preceding residual blocks, both with dimensions of [B,C, Hps, Wp3], where B de-
notes the training batch size, C = 64 denotes the number of feature channels, and Hp; and
Wp3 denote the height and width of the feature maps, respectively. The two feature ten-
sors are first concatenated along the channel dimension to form a composite tensor with
dimensions of [B,2C, Hps, Wp3]. Then, a global average pooling operation GAP(-) is used
to compress the spatial dimensions of the features, generating a global statistical de-
scriptor with dimensions of [B,2C,1 x 1]. To establish a modality confidence mapping
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P3 (vis) —

P3 (ir) —»

from this descriptor, the module feeds it into a lightweight quality evaluation head, de-
noted as QualityHead, which consists of two 1 X 1 convolutional layers. The descriptor
is first processed by the first evaluation convolution with the weight tensor W1 €
RAam*2Cx1x1 = reducing the channel dimension to the hidden dimension Hgy;, =
max(C/4,16) = 16. After a nonlinear mapping introduced by the Gaussian Error Linear
Unit (GELU) activation function, it is further processed by the second evaluation convo-
lution with the weight tensor W2 € R¥*Haim*1x1 tg gutput the quality evaluation scores
of the two modalities. Finally, the Sigmoid activation function ¢(-) constrains the output
scores to the interval [0,1], and the channel-splitting operation Split(-) separates them
along the channel axis into two independent adaptive spatially broadcast scalar weights,

€ RBX1><1><1 and Qir € RBX]'Xle.

Quis @ = Split (7 (W, » GELU(W, » GAP(IEs, X32°D)) )

Quis

After quality weighting, the module uses a spatial broadcasting mechanism to mul-
tiply the predicted scalar quality weights element-wise with the shallow feature-enhanced
visible feature tensor X]7’ and infrared feature tensor X/, respectively. This step aims
to adaptively suppress ineffective information in degraded modalities, such as visible-
light background noise under extremely dark conditions, and outputs the reweighted fea-
ture streams X'¢9"e? and xverohted
lated as follows:

. The adaptive quality weighting process is formu-

X;;gighted = Qs - 17;1'855 Xiv:eighted = q - Xirres

Subsequently, the two weighted feature streams are fused along the channel dimen-
sion and mapped nonlinearly by a joint representation generator, producing the modality-
shared feature (X; € RB*¢*HPs*Wr3) where B denotes the training batch size, C = 64 de-
notes the number of feature channels, and Hp; and Wp; denote the height and width of
the feature maps, respectively. As shown in Figure 3, the overall topology of AQFM is
divided into two parallel streams. The upper stream contains a series of spatial-domain
modality-specific operations, including modality-specific feature enhancement, cross-at-
tention computation, and bidirectional cross-gating. The lower stream uses the CMCA
shared feature refinement branch to reconstruct and refine the feature distribution of X.

A Xinjec[

X7 vis
enhanced_ir
Residual Quality Head L
Blocks il vis Gate Xxe f v
ir
<2 P— »D—
Quis Attention
res
Xiy

Residual
Blocks
x2

A4

< 4
15 ’
X i
q ir Gate " ;f Concat Prlj)‘;::t)i‘:)n
ir | Conv
[ a— T X

<
<

X' nject enhanced_vis
ir

1eOU0D)
< <€
N\

Fou

X
).
1x1 Conv+BN+SiLU ..’ii CMCA 4
11

Figure 3. Internal topology of the Adaptive Quality-Aware Fusion Module (AQFM). The overall

architecture is divided into upper and lower parallel streams: the upper stream performs modality-

specific spatial attention computation and bidirectional heterogeneous feature injection; the lower
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e Share feature refinement

stream represents the refinement of the shared feature X;; “Fusion Projection” denotes the feature

projection layer used for channel normalization.

To overcome the limitation of insufficient latent feature representation in traditional
methods, the latent feature X, is then fed into the lower CMCA refinement branch, as
shown in Figure 4. Specifically, this mechanism is driven by the local concatenation of the
shared feature X; and independent modality-specific features. Through parameter-inde-
pendent clustering convolutions and projections, it separately computes latent class-cen-
ter features that represent the common semantics of the two modalities in the channel
space. The latent feature X; is concatenated with the infrared feature X;. and projected
by a clustering convolution to generate the first cross-modal shared class-center matrix
Csharear € RE**N, where N = Hp; X Wp3 denotes the number of flattened spatial pixels.
Symmetrically, the latent feature X is concatenated with the visible feature X,;; to gen-
erate the second cross-modal shared class-center matrix Cgpgreqz € REX¢*N. The two class-
center features containing multimodal clustering commonalities are concatenated and fed
into the inverse clustering reconstruction operation Unclustering(-). A 1x 1 convolu-
tional projection is then used to map the features back to the original latent space. At the
output end, the reconstructed feature is added to the original latent feature X; through a
skip connection without additional transformation, finally producing the refined cross-
modal shared feature X; € REX¢*HPs*Wp3  The mathematical expression of the lower
shared feature refinement and reconstruction process is as follows:

X3 = Unclustering(Concat(Csnarear, Cshareaz)) + Xs

: X"
[Xs,Xir] Convy Clustering |

Unclustering

(1x1Conv)

[ Concat

[Xs,Xvis] H Convp j—)@—f E
/

Figure 4. Detailed architecture of the shared feature refinement (CMCA) branch. This branch shows
the internal implementation of the lower CMCA module in Figure 3. “Clustering” and “Uncluster-
ing” represent the clustering projection and inverse clustering reconstruction mapping of latent
common semantics in the feature space, respectively. A skip connection is used at the end to main-

tain stable deep gradient propagation.

While the lower branch computes the class centers, the latent class-center matrices
Csharear and Cspgreqz derived from the lower refinement branch are passed upward as
guiding information to drive the cross-modal clustering attention interaction in the upper
stream. This mechanism models the semantic dependencies between heterogeneous chan-
nels through a cross-modal correlation matrix. Taking the visible branch as an example,
batch matrix multiplication is performed between the infrared-to-shared class-center ma-
trix Cgpgreqr delivered from the lower branch and the transposed visible feature matrix
Vs € REXNXC obtained through value projection convolution. A scaling factor vd is in-
troduced, where d = 64 is the feature channel dimension, to prevent the matrix multipli-
cation results from falling into the saturation region of the Softmax function when the
channel dimension is large. Finally, the channel-level cross-correlation attention matrix
Ayis € RBXCXC is generated through the Softmax function. This matrix is then multiplied

with the value-projected features to output the visible attention feature tensor X2 €
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REXCxHp3XWps required by the upper enhancement stream. The infrared attention stream
X3 is computed in a symmetric manner. The mathematical expression of the upper
cross-modal correlation attention interaction process is as follows:

Csharedl : VVTLS>
Vd

After obtaining the attention-enhanced streams X2 and X2, the module adds

att __
les - Avis ) Vvis

Ayis = Softmax(

them element-wise to the modality-specific shallow residual features X;;¥ and X,
which are directly mapped by the preceding convolutional layers and both have dimen-
sions of [B, C, Hps, Wp3]. The resulting visible and infrared self-enhanced feature tensors

are denoted as Xjfslf and X; *elf, respectively:

Xsf'lf xatt 4 yres XSElf Xg,tt + Xl_v;es

vis vis vis

To further refine the multimodal feature flow, the module introduces a bidirectional
cross-gating mechanism. The relatively stable spatial distribution of the infrared modality
is used to generate the spatial mask gate g,;s;, which suppresses background noise in the
visible branch. Meanwhile, the rich texture and edge information of the visible modality
is used to generate the structural guidance gate g;,, which enriches the local boundary
representation of the infrared branch. In this process, the concatenated features are fed
into the gating branches and processed by standard 3 X3 convolutional kernels
Wgatel, Wgate2 € R™2¢*3*3  producing the final single-channel spatial gating masks

Ivis) Gir € RBX1XHp3xWp3.
Gvis = U(Wgatel [ stlf’Xres]) g = 0( vate *[ yself X;gs])

The gating masks are applied to the shallow residual features of the opposite modal-
ity through Hadamard products and are combined with the scalar quality evaluation
scores obtained from the quality evaluation stage to generate the cross-modal injection

inject inject
feature streams X/, X,/ € REXCxHpaxWps,

Xid ™ = i Gois O X X" = Quis - gir O X3
The module performs a triple concatenation along the channel dimension by com-
bining the modality-specific representations enhanced by bidirectional injection in the up-
per stream, namely X]ffslf + X:,Tlls]e“ and Xisflf + Xiif Ject \vith the shared refined feature
X{ output by the lower refinement branch. Then, a channel-level fusion projection layer
is used to normalize the number of channels to 2C, producing the projected multimodal
fused feature Fy,5q € RE*2CXHPaXWps,

Frusea = Proj (Concat(Xsel + X7Je°t, X3¢V 4 X[V, 1Y)

vis vis

Finally, to maintain stable deep gradient backpropagation and reduce the semantic
degradation of heterogeneous features after multiple nonlinear projections, the module
directly adds the fused feature stream F,s.q to the shallow independent residual stream
calculated in the first stage without additional transformation. The final output tensor of
AQFM is denoted as F,,, € REX2¢xHpsxWps,

Fout = Fpysea + Concat(Xy57, X5,°°

3.3.2. Foreground-Aware Saliency-Guided (FASG) Auxiliary Branch

To alleviate the limitation that the final detection loss provides sparse constraints on
the intermediate fusion module during training, we introduce a Foreground-Aware Sali-
ency Guidance (FASG) auxiliary branch, as shown in Figure 5. This branch serves as an
intermediate single-point explicit supervision mechanism and is directly attached to the
output end of the fusion module. It is designed to provide direct backward gradient con-
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straints for the fusion module through pixel-level saliency reconstruction of foreground
regions, thereby guiding the fusion of cross-modal heterogeneous features.

RGB
|
\ 4
P3 .
oncat
IR A 4
A
(v —
P4

Lightweight Saliency Decoder

| 3X3Conv+BNSiLU |
GT boxes Foreground
‘ 3 X 3Conv+BN+SiLU ‘ spatial mask
v Normalize
’ 1 X 1Conv ‘ [0, 1]

Figure 5. Flowchart of forward decoding and supervised ground-truth generation in the Fore-

ground-Aware Saliency Guidance (FASG) branch. The left side shows the forward process of multi-
scale feature fusion and the lightweight saliency decoder. The right side illustrates the backward
supervision logic, where a foreground spatial mask is dynamically constructed based on the input
dual-modal images and ground-truth boxes (GT boxes) and then filtered to generate the target
ground-truth map Mg ger-

The FASG branch receives the core fused feature tensor F,,, directly output by the
AQFM and the high-level semantic feature tensor Xf, ., extracted by the shared back-
bone network in parallel, where X5, ., represents the P, level and C, = 128. The
branch first upsamples the high-level feature map X, ., to the P; scale through bilin-
ear interpolation to achieve spatial alignment. It is then concatenated with F,,; along the
channel axis to form a composite tensor with dimensions of [B, C; + C;, Hp3, Wp3], which
is fed into a lightweight saliency decoder. The decoder gradually compresses the feature
channels from high dimensions to 64 and 32 through two 3 X 3 convolutional layers. Fi-
nally, a 1 X 1 convolutional layer outputs a single-channel unactivated saliency predic-
tion map M € REX1*HP3XWrs The mathematical expression of this multi-scale feature de-
coding process is as follows, where Fjocoqer represents the cascaded forward mapping
function of the lightweight saliency decoder, and the output M denotes the feature acti-
vation intensity:

M = Fiocoder (Concat (Fout, Interpolate (X, f,fared)»

To ensure that the auxiliary backward gradient can guide the AQFM to extract effec-
tive complementary foreground information and to avoid interference with the fusion
constraints from infrared background thermal noise, such as heated road surfaces, or sud-
den high-frequency noise in visible images, a foreground-aware spatial mask mechanism
is introduced at the supervision end. This mechanism directly uses the original dual-

modal input images I, I;, € RE*3*HW

as the source, where H and W denote the orig-
inal height and width of the input images. The two images are first averaged along the
channel axis to obtain single-channel grayscale images 17" and 17", and then fused
by a pixel-wise maximum operation to generate the initial grayscale map I, =

https://doi.org/10.3390/photonics13070689
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Max (12", 177*) € RE*1XHXW \Meanwhile, the system uses the ground-truth boxes to dy-

vis
namically generate a binary foreground spatial mask S,,45 € RE¥P*¥HW

, where pixels in-
side the ground-truth boxes are assigned a value of 1.0, and pixels in non-target back-
ground regions are assigned a value of 0.0. After I, and S, are multiplied element-
wise to remove background noise, sample-wise min-max normalization is applied to con-
strain the confidence values to the interval [0,1]. Finally, the normalized map is
downsampled to the P; resolution to generate the final saliency-guided target ground-
truth map Mgy gee € RP*VHP2XWPs | Tts mathematical expression is as follows, where
min(-) and max(-) denote the extremum scalars of the valid foreground region and € =
107° is a predefined small scalar used to prevent division by zero.

(Imax - min) O] Smask

max —min + € )

Miarger = Downsample(

The forward flow of the FASG branch is controlled by the self.training conditional
gate. During training, the prediction map M and the ground-truth map M4, g, are
jointly fed into the binary cross-entropy loss function for optimization. The backward gra-
dient directly acts on the output end of the intermediate fusion module, thereby adjusting
the parameters of AQFM and improving feature fusion. During inference, this branch is
completely bypassed, and the internal upsampling and decoding convolutions are not ex-
ecuted. This mechanism ensures that no additional floating-point operations are intro-
duced during inference, enabling explicit enhancement of multimodal fused features with
no additional inference cost.

3.4. Loss Function

To achieve the joint optimization of object detection accuracy and feature discrimi-
native ability, the proposed framework adopts a multi-task joint loss function for end-to-
end training. The total loss Ly consists of the main object detection loss Lg., and the
foreground-aware saliency guidance loss Lsqs4, With the weighting coefficient Az, set
to 0.02.

Liotar = Lger + }\fasgLfasg

The selection of this value is based on preliminary exploratory experiments and gra-
dient magnitude balance analysis. Experimental results show that if A¢,, is set too low,
the backward gradient constraint provided by the auxiliary branch is insufficient, making
it difficult to guide the backbone network to focus its feature responses on target regions.
Conversely, if Asy4 is set too high, since the foreground guidance loss performs pixel-
level dense supervision over the full image of size H X W, the initial gradient flow may
excessively dominate the update of network parameters, thereby interfering with the con-
vergence process of the main detection task. Setting 4745, = 0.02 achieves a better balance
between feature reshaping and the detection task, as demonstrated in Table 1.

Table 1. Sensitivity Analysis of Atasg on the LLVIP and M3FD Datasets.

LLVIP M3FD
Aag mAP@0.5 mAP@0.5:0.95 mAP@0.5 mAP@0.5:0.95
0.05 0.955 0.613 0.825 0.558
0.02 0.957 0.630 0.846 0.587
0.001 0.952 0.607 0.828 0.560

The detection loss follows the optimization scheme of YOLOvV13 and consists of three
parts: classification loss (L), bounding box regression loss (Lp,y), and distribution focal
loss (Lggi)-
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Laet = AcisLeis + ApoxLpox + AapiLlag

The foreground-aware saliency guidance loss (Lsqsg) is used to impose pixel-level
constraints on the saliency predictionmap M generated by the auxiliary branch. Since the
prediction map M output by the lightweight decoder consists of unactivated logits, the
proposed method adopts binary cross-entropy loss with logits to improve numerical sta-
bility of the gradients

Lyasg = Nz [Mt((ll)rget 111 U(M(l))) +(1- M(flrget) In (1 - a(M(L)))]

where N denotes the total number of pixels in the feature maps of the current input batch,
namely N = B X Hpz X Wp;, MY denotes the predicted logit value at the i-th pixel, and
sorget
ground truth at the corresponding position after foreground spatial mask filtering and
normalization, with a value range of [0,1]. Through the explicit constraint of this loss
function, the backward gradient directly acts on the output end of the intermediate fusion

module, encouraging the backbone network to strengthen its response to real target re-

o(-) denotes the standard Sigmoid activation function; M denotes the saliency

gions during feature extraction while suppressing irrelevant environmental interference
such as infrared thermal noise, thereby improving the fusion quality of cross-modal het-
erogeneous features.

4. Experimental Studies
4.1. Experimental Setup

The proposed network is implemented using the PyTorch (version 2.4.0) deep learn-
ing framework. All training and testing tasks are conducted on a high-performance com-
puting server equipped with an NVIDIA RTX 3090 GPU. To ensure a consistent experi-
mental environment, the software configuration includes Ubuntu 22.04, Python 3.9, and
CUDA 12.0. The main hardware configuration includes an Intel (R) Xeon (R) Silver 4214
CPU @ 2.20GHz and 64 GB of RAM. All input images are uniformly resized to 640 x 640.
During training, the Mosaic data augmentation strategy is adopted to alleviate model
overfitting. The training batch size is set to 32, and a cosine annealing strategy is used for
learning rate adjustment to promote stable convergence.

Considering the differences between the LLVIP and M3FD datasets in terms of scene
distribution, number of categories, and object characteristics, different hyperparameter
configurations, such as training epochs and learning rates, are adopted for the two da-
tasets to promote sufficient convergence, as detailed in Table 2.

Table 2. Hyperparameter Configurations for Different Datasets.

Dataset Batch Initial LR Cosine LR Optimizer Epochs
LLVIP 32 0.0005 Yes AdamW 100
MB3FD 32 0.001 Yes AdamW 300

To ensure the reliability and comparability of the experimental results, ablation stud-
ies and comparative experiments on the same dataset use the same training hyperparam-
eters.

4.2. Datasets and Evaluation Metrics

To evaluate the proposed method under different scenarios and object categories, we
conduct experiments on two multimodal object detection datasets, LLVIP and M3FD.
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LLVIP is a visible-infrared pedestrian detection dataset for low-light environments,
containing more than 15,000 strictly aligned visible and infrared image pairs, most of
which were captured in nighttime scenes. This dataset is widely used to evaluate multi-
modal detection performance under low-illumination conditions. In terms of dataset split-
ting, the official LLVIP dataset provides only training and test sets, without a public vali-
dation set. To ensure a rigorous experimental protocol and effective model training, the
original official test set is used as an independent external test set only for final model
evaluation. Meanwhile, the original training set is randomly split into new training and
validation sets at a ratio of 8:2.

MB3FD is a multimodal dataset for general object detection tasks. It contains multiple
object categories and more complex environmental conditions, making it suitable for eval-
uating the generalization ability of multimodal detection models in complex scenes. Since
MB3ED does not provide an official standard split, all 4200 paired infrared-visible images
are divided into training, validation, and test sets at a ratio of 6:2:2 using stratified random
sampling with a fixed random seed. The detailed dataset statistics and split configurations
are summarized in Table 3.

Table 3. Dataset Statistics and Split Details.

Dataset Description Classes Training Set  Validation Set  Test Set
LLVIP Low-light scene 1 9620 2405 3463
M3ED Complex scenes 6 2520 840 840

For evaluation metrics, mAP@0.5, mAP@0.75, and mAP@0.5:0.95 are adopted as the
main performance indicators. In addition, precision, recall, the number of parameters, and
computational cost are reported to provide a more comprehensive evaluation of model
performance.

5. Results and Analysis
5.1. Comparative Experiments

To evaluate the effectiveness of the proposed method, we conduct systematic com-
parisons with single-modality detectors, image enhancement methods, and representative
multimodal fusion methods on two public multimodal object detection datasets, LLVIP
and M3FD.

The single-modality detectors mainly include YOLOvS [32], a single-stage anchor-
free architecture commonly used in industrial deployment; YOLO11 [33], which intro-
duces multi-scale joint attention to balance detection speed and accuracy; and YOLOv13
[22], the baseline model adopted in this work.

The cascaded image enhancement and object detection schemes include Zero-DCE
[12], a low-light enhancement algorithm based on non-parametric zero-reference curve
mapping, and OneRestore [34], a general image restoration framework based on a multi-
branch network for handling composite scene degradations. The enhanced images pro-
cessed by these two methods are then fed into the YOLOvV13 detector for detection.

The end-to-end multimodal feature fusion networks include RT-DETR-Fusion [35], a
real-time object detector based on an anchor-free Transformer architecture; YOLO-MIF
[36], which introduces a multi-channel information complementarity mechanism to im-
prove edge perception efficiency; DEYOLO [37], a cross-modal object detector using a se-
mantic-spatial bidirectional collaborative enhancement strategy; and YOLOv11-RGBT
[35], which extends the network topology to dual-stream inputs.

As shown by the experimental results on the LLVIP dataset in Table 4, the infrared
single-modality detector achieves higher overall performance than the visible-light
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model. Under the IR modality, YOLOv13 obtains an mAP@0.5 of 0.947 and an
mAP@0.5:0.95 of 0.618, whereas the RGB modality only reaches 0.889 and 0.509, respec-
tively. This indicates that in extremely low-light environments, the texture information in
visible images is severely degraded, while the infrared modality can still preserve target
thermal radiation features because it does not rely on ambient illumination.

However, although the infrared modality has better stability under low-light condi-
tions, it still has certain limitations in representing edge details and target contours. There-
fore, when relying only on a single infrared modality, further improvement in detection
accuracy is often limited. In comparison, the proposed dual-modal fusion framework uses
the texture details of the visible modality and the thermal radiation response of the infra-
red modality to obtain a more complementary feature representation.

Specifically, the proposed method achieves an mAP@0.5 of 0.957 and an
mAP@0.5:0.95 of 0.630 on the LLVIP dataset. Compared with the YOLOv13-IR baseline,
the improvements are 1.0 and 1.2 percentage points, respectively. Compared with
YOLOvV13-RGB, the improvements reach 6.8 and 12.1 percentage points, respectively. In
particular, under a higher IoU threshold, the mAP@0.75 of the proposed method reaches
0.719, which is higher than those of the other compared methods. This suggests that the
proposed model improves not only detection recall but also localization accuracy and
bounding box regression quality.

Furthermore, compared with existing multimodal methods, the proposed method
also achieves better results. Compared with YOLO-MIF, the proposed method improves
mAP@0.5:0.95 by 2.8 percentage points. Compared with DEYOLO and YOLOv11-RGBT,
the improvements are 4.9 and 18.3 percentage points, respectively. It is worth noting that
some multimodal models even perform worse than the single-modality infrared detector.
This suggests that simple feature concatenation or static fusion strategies may be affected
by noise interference. As a result, the fused features may be disturbed by low-quality mo-
dalities, leading to negative transfer and reduced detection accuracy.

This performance difference can be attributed in part to the dynamic quality-aware
mechanism of AQFM. AQFM does not directly fuse the two modalities in a static manner.
Instead, it first evaluates the quality of different modality features and dynamically ad-
justs their contribution weights. When visible images suffer from severe noise or texture
loss in nighttime scenes, the module suppresses the interference of low-quality RGB fea-
tures in the fusion space. In regions with rich texture information, the detailed information
from the visible branch is retained.

In addition, the proposed method introduces a computational cost of 14.5 GFLOPs.
Although this is slightly higher than that of YOLO-MIF and YOLOv11-RGBT, it is still
much lower than the 194.0 GFLOPs of RT-DETR-Fusion, while achieving higher detection
accuracy. This indicates that the proposed method achieves a better balance between de-
tection performance and computational cost.

Table 4. Performance Comparison of Different Methods on the LLVIP Dataset.

Setting Model Modality Precision Recall mAP@0.5 mAP@0.75 mAP@0.5:0.95 Params GFLOPs
YOLOvSn RGB 0.908 0.814 0.891 0.535 0.509 3,005,843 8.1
M IR 0.955 0.897 0.953 0.672 0.603 3,005,843 8.1
. RGB 0.938 0.831 0.899 0.529 0.51 2,582,347 6.3
Single  YOLOlIn — "1p 0944 0907 0956 0.664 0.601 2,582,347 63
RGB 0.918 0.819 0.889 0.531 0.509 2,448,090 6.2
YOLOv13n IR 0.957 0.881 0.947 0.697 0.618 2,448,090 6.2
Zero-DCE +
RGB . . .897 . 497 2,527,51 .
Enhanced  YOLOVI3 G 0.895 0.83 0.89 0.508 0.49 ,527,510  38.6
OneRestore + RGB 0.887 0.81 0.878 0.502 0.491 8,428,090 78.9

https://doi.org/10.3390/photonics13070689



Photonics 2026, 13, 689 15 of 25
YOLOvV13
RT'DS];:E'F " RGB+IR 0867 0804 0873 0.457 0467 66,329,443 194
YOLO-MIF RGB+IR 0.944 0.865 0.938 0.687 0.602 3,011,187 8.9
Multimodal DEYOLO RGB+IR 0.928 0.842 0.926 0.649 0.581 6,008,143 16.8
YOLOv1I- RGB+IR 0.818 0.764 0.824 0.442 0.447 3,784,883 9.3
RGBT
AQFS-Net RGB+IR 0.96 0.897 0.957 0.719 0.63 3,231,375 145

To further evaluate the generalization ability of the model, we conduct experiments
on the more complex M3FD dataset, as shown in Table 5. Unlike LLVIP, which mainly
focuses on single-category pedestrian detection at night, M3FD includes more complex
illumination conditions, such as daytime, nighttime, low light, and strong glare, as well
as multiple object categories. Therefore, it can better reflect the adaptability of the model
in real-world scenarios.

The experimental results show that, under complex scenarios, most fusion models
suffer from more obvious performance degradation. For example, the mAP@0.5:0.95 of
YOLO-MIF decreases to 0.519, and that of YOLOv11-RGBT further decreases to 0.508. This
indicates that cross-modal inconsistencies become more pronounced in complex illumi-
nation environments, making it difficult for traditional fusion methods to stably handle
dynamic illumination and background interference.

In comparison, the proposed method still achieves an mAP@0.5 of 0.846 and an
mAP@0.5:0.95 of 0.587, representing improvements of 3.1 and 4.6 percentage points over
the YOLOvV13-RGB baseline, respectively. Meanwhile, its recall reaches 0.782, which is
higher than those of the compared methods. This indicates that the proposed method can
preserve useful target information more stably and reduce missed detections in complex
illumination environments and multi-category scenarios.

It is worth noting that the proposed method shows larger performance gains on
MB3FD than on LLVIP, especially in terms of mAP@0.75 and mAP@0.5:0.95. This suggests
that AQFM and FASG can not only enhance dual-modal feature fusion but also improve
the localization quality of the model. This improvement is mainly attributed to the fore-
ground saliency supervision imposed by the FASG branch on target regions during train-
ing. Such supervision encourages the model to focus more on real target regions rather
than background thermal noise or local texture interference, thereby improving the dis-
criminative ability of the fused features.

Table 5. Performance Comparison of Different Methods on the M3FD Dataset.
Setting Model = Modality Precision Recall mAP@0.5 mAP@0.75 mAP@0.5:0.95 Params GFLOPs
YOLOVSH RGB 0.836 0.736 0.805 0.561 0.538 3,006,818 8.1
IR 0.879 0.712 0.792 0.55 0.522 3,006,818 8.1
, RGB 0.849 0.733 0.809 0.561 0.54 2,583,322 6.3
Single  YOLOIn  'yp ' 088 0692 0786 0546 0524 2583322 63
RGB 0.858 0.74 0.815 0.569 0.541 2,449,065 6.2
YOLOVIIN = rp o847 o724 0791 0553 0525 2,449,065 62
ZeroDCE*  pop 088 0728 0809 0559 0537 2528485 386
YOLOv13n
Enhanced OncRestore +
n ore
YOLOV13n RGB 0.843 0.752 0.814 0.562 0.541 8,429,065 78.9
, REDEIRTU- pep iR 0757 0720 079 0.508 0492 66,339,718 194
Multimodal sion
YOLO-MIF RGB+IR 0.835 0.715 0.788 0.547 0.519 3,157,344 8.9
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DEYOLO RGB+IR 0.855 0.716 0.799 0.565 0.53 6,000,422 16.6
YOLOvII- RGB+IR 0.825 0.706 0.781 0.532 0.508 3,785,858 9.3
RGBT
AQFS-Net RGB+IR 0.89 0.782 0.846 0.618 0.587 3,232,350 14.5
Based on the experimental results on the two datasets, the proposed method achieves
better detection performance under complex illumination conditions and shows relatively
stable performance in multi-category and multi-scene environments. These results indi-
cate that the proposed method has certain advantages in terms of robustness and gener-
alization ability.
5.2. Ablation Studies
To further evaluate the contribution of each component, we conduct ablation studies
on the LLVIP and M3FD datasets, as detailed in Tables 6 and 7. The experiments use the
single-modality YOLOV13 detector as the baseline and progressively introduce the dual-
modal fusion structure, the AQFM, and the FASG auxiliary supervision branch to analyze
their effects on the overall detection performance.
Table 6. Ablation Results on the LLVIP Dataset.
Model Modality Precision Recall mAP@0.5 mAP@0.75 mAP@0.5:0.95 Params GFLOPs
RGB 0.918  0.819 0.889 0.531 0.509 2,448,090 6.2
YOLOvISn IR 0.957  0.881 0.947 0.697 0.618 2,448,090 6.2
Dual-modal (Concat) RGB+IR 0.946  0.836 0.927 0.636 0.572 2,483,386 7.0
Dual-modal + AQFM  RGB+IR  0.949 0.88 0.947 0.703 0.608 3,065,262  14.5
Dual-modal + AQEM+  pop1n 096 0897  0.957 0.719 0.63 3,231,375 145
FASG
Table 7. Ablation Results on the M3FD Dataset.
Model Modality Precision Recall mAP@0.5 mAP@0.75 mAP@0.5:0.95 Params GFLOPs
RGB 0.858 0.74 0.815 0.569 0.541 2,449,065 6.2
YOLOVISn IR 0847 0724 0791 0.553 0525 2,449,065 6.2
Dual-modal (Concat) RGB+IR 0.891  0.738 0.829 0.575 0.555 2,484,361 7.0
Dual-modal + AQFM  RGB+IR  0.87 0.773 0.838 0.608 0.572 3,066,237  14.5
Pualmodal + AQEM*  pop 1R 089 0782 0.846 0.618 0587 3232350 145

FASG

When only simple feature concatenation is used for dual-modal fusion, the model
already shows a clear improvement over the single-modality baseline using only one mo-
dality. On the LLVIP dataset, mAP@0.5:0.95 increases from 0.509 to 0.572; on the M3FD
dataset, it increases from 0.541 to 0.555. This indicates that complementary information
exists between the visible and infrared modalities. In particular, under complex illumina-
tion conditions, infrared thermal radiation information can help compensate for the infor-
mation loss caused by visible texture degradation.

However, the improvement brought by simple concatenation is still limited, because
this strategy cannot distinguish the quality differences in different modalities in different
scenarios. When one modality is severely degraded, direct fusion may introduce redun-
dant noise, thereby limiting further performance improvement.

After introducing the AQFM, the model performance further improves. On the
LLVIP dataset, mAP@0.75 increases from 0.636 to 0.703, and mAP@0.5:0.95 increases to
0.608. On the M3FD dataset, mAP@(0.75 increases from 0.575 to 0.608. These results indi-
cate that AQFM improves the fusion quality of cross-modal features.
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It is worth noting that the improvement brought by AQFM on the high-IoU metric
mAP@0.75 is more evident than that on mAP@0.5. This suggests that the module not only
improves detection performance but also contributes to more accurate bounding box lo-
calization.

After further adding the FASG auxiliary supervision branch, the model performance
is further improved. On the LLVIP dataset, mAP@0.5:0.95 increases from 0.608 to 0.630;
on the M3FD dataset, it increases from 0.572 to 0.587. Meanwhile, the recall values increase
to 0.897 and 0.782, respectively, indicating that FASG improves the model’s perception of
target regions.

Overall, the ablation results show that the modules have a complementary relation-
ship. The dual-modal structure provides the basis for complementary information, AQFM
alleviates the limitations of static fusion and reduces the negative transfer caused by low-
quality modalities, and FASG further improves the target-aware ability of the fused fea-
tures. With these components, the model achieves more stable object detection perfor-
mance under complex illumination conditions.

5.3. Statistical Validation

To assess the stability and reliability of the proposed AQFS-Net, we conducted a sta-
tistical validation comprising repeated training runs.

First, to verify that the performance improvements are not heavily dependent on a
specific random seed, AQFS-Net was trained independently four times using different
random initialization states. As summarized in Table 8, the model exhibits stable training
performance across both datasets. On the LLVIP dataset, the model achieves a mean
mAP@0.5 of 0.953 with a relatively small standard deviation of +0.004. Similarly, on the
MB3FD dataset, the mean mAP@0.5 reaches 0.839 + 0.005. The maximum standard devia-
tion observed across all evaluation metrics is 0.010. This indicates that the proposed
AQEFS-Net is insensitive to initial random states and can maintain stable convergence. It
further confirms that the model performance reported in this paper is reliable and repro-
ducible, rather than stemming from an accidentally favorable parameter initialization.

Table 8. Detection Performance of AQFS-Net under Different Random Seeds on the LLVIP and
MB3FD Datasets.

Random Seed LLVIP LLVIP M3FD M3FD
mAP@0.5 mAP@0.5:0.95 mAP@0.5 mAP@0.5:0.95
Seed 1 0.957 0.630 0.846 0.587
Seed 2 0.955 0.610 0.838 0.567
Seed 3 0.949 0.615 0.838 0.574
Seed 4 0.952 0.624 0.834 0.564
Mean + Std 0.953 + 0.004 0.620 + 0.009 0.839 + 0.005 0.573 £ 0.010

Second, to confirm that the performance gains over existing multimodal models are
supported by statistical tests, we computed the 95% confidence intervals and p-values for
the performance deltas AmAP. To ensure a highly rigorous evaluation, the two top-per-
forming multimodal architectures from the comparative experiments, DEYOLO and
YOLO-MIF, were selected as the representative comparative methods for this significance
testing. As shown in Table 9, AQFS-Net yields reliable positive performance shifts. On
both the LLVIP and M3FD datasets, compared to these two top-performing multimodal
methods, the proposed method achieves relatively higher performance metrics. All p-val-
ues strictly satisfy p < 0.001, which indicates statistical significance and rejects the null
hypothesis. Specifically, on the M3FD dataset, the 95% confidence intervals for AmAP@0.5
against DEYOLO and YOLO-MIF are [0.0339, 0.0591] and [0.0419, 0.0737], respectively,
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both of which strictly do not contain zero. Similarly, on the LLVIP dataset, the model
shows stable positive performance deltas, where the AmAP®@0.5:0.95 metric increases by
+0.049 and +0.028 against the two comparative methods, respectively. These statistical
testing results indicate that the performance improvements of AQFS-Net under complex
illumination conditions are mathematically supported.

Table 9. Statistical Significance Testing of AQFS-Net Against Comparative Methods.

Dataset  Baseline AmAP@0.5 95% CI p-Value AmAP@0.5:0.95 95% CI p-Value

LLVIP DEYOLO +0.031 [0.0263, 0.0366]  <0.001 +0.049 [0.0440, 0.0548]  <0.001
YOLO-MIF +0.019 [0.0141, 0.0244]  <0.001 +0.028 [0.0223,0.0345]  <0.001

M3ED DEYOLO +0.047 [0.0339, 0.0591]  <0.001 +0.057 [0.0470, 0.0661]  <0.001
YOLO-MIF +0.058 [0.0419, 0.0737]  <0.001 +0.068 [0.0575,0.0776]  <0.001

5.4. Qualitative Visual Analysis

To more intuitively demonstrate the practical applicability of the proposed method
under complex illumination conditions, this section provides a qualitative visual analysis
of the experimental results. Since the M3FD dataset covers more complex all-weather con-
ditions, including daytime, nighttime, low light, strong glare, and dense fog, and contains
more diverse object categories with more evident multimodal inconsistencies, all qualita-
tive visualization experiments in this section are conducted on the M3FD test set. The
analysis is conducted from two aspects: qualitative comparison of object detection results
and ablation analysis of intermediate feature activation heatmaps.

As shown by the single-modality detection results in the first two columns of Figure
6, single-stream detectors have certain limitations in detection robustness under degraded
environmental conditions. Under nighttime low illumination and strong oncoming glare,
the visible-only detector (RGB) misses some nearby pedestrians and moving vehicles due
to local overexposure or underexposure in low-light regions. In contrast, in daytime dense
fog or high-background-radiation environments, the infrared-only detector (IR) may con-
fuse distant low-contrast traffic targets with background contours because of the lack of
color and boundary texture details, resulting in localization deviations. When handling
these scenarios, the dual-stream static concatenation scheme (Concat) tends to introduce
redundant modality features in regions with direct strong light and road surface reflec-
tions because it does not distinguish feature quality, leading to more false detections. Even
YOLO-MIF and DEYOLO, which show relatively good performance in the comparative
experiments, still have limitations such as loose bounding boxes, low confidence scores,
and missed or false detections for some multi-category targets when facing small-object
occlusion, dense fog, or complex lighting conditions. In comparison, the proposed method
shows relatively stable target detection under complex illumination conditions. For dis-
tant buses occluded by dense fog, pedestrians under low illumination, and vehicles under
direct glare, the predicted bounding boxes of the proposed method are relatively compact,
with better localization accuracy and classification confidence. This indicates that the pro-
posed method can integrate complementary dual-modal features and reduce information
conflicts between heterogeneous modalities, thereby improving the overall performance
of all-weather multi-object detection.
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RGB

IR Concat DEYOLO YOLO-MIF AQFS-Net

Figure 6. Qualitative comparison of object detection results under typical adverse conditions on the
MB3FD test set. From left to right, the columns correspond to the visible single-modality baseline
(RGB), infrared single-modality baseline (IR), dual-stream static concatenation (Concat), DEYOLO,
YOLO-MIF, and AQFS-Net. The visualized results include bounding box predictions and classifica-
tion confidences in real degraded scenarios, such as nighttime low illumination, strong glare inter-

ference, and dense fog.

To further analyze the specific roles of AQFM and FASG from the perspectives of
feature flow and computational mechanism, we use Grad-CAM to visualize and compare
the activation heatmaps of the intermediate fusion-layer features.

As shown by the local details in the third column of Figure 7, since the standard static
concatenation scheme does not filter the feature quality of the input modalities, the acti-
vation regions in the feature maps show a certain degree of scattering. In rainy-night
scenes and areas with mixed strong light, the high-activation regions of the static concat-
enation features are distributed over strong reflection areas on wet road surfaces, sur-
rounding building walls, and vehicle headlight glare. In dense fog scenes, the heatmap
energy is also distributed over non-target fog regions, which weakens the discriminative
ability of target features due to environmental interference. In comparison, the feature
fusion mechanism of the proposed method shows clearer target-oriented activation re-
gions. Across different test scenes, background radiation noise, glare scattering, and fog
interference are suppressed to some extent, resulting in lower activation weights in back-
ground areas. Correspondingly, the feature activation tends to concentrate on the regions
and geometric boundaries of real vehicles, pedestrians, and distant low-contrast targets.
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RGB IR Concat AQFM

Figure 7. Visualization of feature activation heatmaps in the fusion layer. The first two columns
show the paired input visible (RGB) and infrared (IR) images, respectively. The third column shows
the activation heatmaps of the dual-stream static concatenation (Concat) feature layer, and the
fourth column shows the core feature activation heatmaps obtained after applying the proposed

feature fusion mechanism.

This improvement in feature distribution is consistent with the improvements in the
quantitative detection metrics discussed above. After applying AQFM, the high-activation
regions in the feature maps are less affected by non-target rainy-road reflections, glare
scattering, and fog interference. Meanwhile, the FASG auxiliary branch attached during
training introduces supervision constraints through the foreground spatial mask, encour-
aging the network activation to concentrate on the core regions and geometric boundaries
of real vehicles and pedestrians. This improves the discriminative ability of the fused fea-
tures between targets and the background.

6. Discussion
6.1. Physical and Optical Considerations

Although AQFS-Net is evaluated using semantic detection metrics, its architecture is
motivated by the physical differences between visible and infrared sensing. Visible images
mainly encode reflected-light information and provide texture, color, and boundary de-
tails, but their feature reliability can decrease under low illumination, glare, overexposure,
and fog scattering. Infrared images capture thermal radiation responses and are less de-
pendent on ambient illumination, but they may also contain thermal background interfer-
ence, weak boundaries, and sensor-related noise. Therefore, the proposed dual-stream
structure aims to preserve modality-specific optical information before fusion, allowing
the network to exploit the complementary physical properties of the two sensing modali-
ties.

Within AQFM, the QualityHead provides a feature-level mechanism for estimating
the relative reliability of visible and infrared features under different imaging conditions.
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When visible features are degraded by illumination-related noise, glare, or contrast loss,
the module is expected to reduce their negative influence during fusion. When infrared
features are affected by thermal clutter or weak target-background contrast, their contri-
bution can also be adaptively adjusted. In this sense, the QualityHead does not directly
model physical sensor parameters, but it provides a data-driven way to reflect reliability
variations caused by sensor noise and optical degradation in the feature space.

Cross-modal inconsistencies may arise from sensor-view differences, local registra-
tion deviations, lens response variations, or imaging-condition changes, causing spatial
responses from the two modalities to be partially inconsistent. Instead of directly concat-
enating such heterogeneous features, AQFM introduces cross-modal correlation attention
and bidirectional cross-gating to model inter-modal dependencies and selectively ex-
change complementary information. This design allows the fused representation to retain
target-related responses from both modalities while reducing interference from incon-
sistent or redundant modality-specific features. In addition, FASG provides foreground-
aware supervision during training, encouraging the fused features to focus on target-re-
lated optical responses while suppressing non-target responses caused by road-surface
reflections, thermal backgrounds, glare, or fog. From the perspective of photonics and op-
tical engineering, the proposed architecture provides a learning-based feature fusion strat-
egy for exploiting complementary visible and infrared sensing information under de-
graded imaging conditions and may provide a reference for multimodal optical percep-
tion algorithm design.

6.2. Limitations and Failure Cases

While AQFS-Net demonstrates robustness across various illumination and weather
conditions, it exhibits limitations under extreme, compounded environmental degrada-
tions involving simultaneous nighttime darkness, wet road surface reflections, and severe
headlight glare. Figure 8 illustrates two representative failure cases. In Scenario 1, the
model generates a false positive by misclassifying an unknown heat source, which pos-
sesses a misleading thermal signature, as a pedestrian. In Scenario 2, severe visible and
infrared reflections and artifacts corrupt the information, leading to the omission of dis-
tant, small pedestrian targets. These failures suggest that under extreme optical and ther-
mal disturbances, current fusion mechanisms may struggle to disambiguate target fea-
tures from noise artifacts. Future work will focus on developing more fine-grained cross-
modal feature learning and fusion mechanisms to suppress compound degradations. Fur-
thermore, exploring the integration of sensors that are robust to optical and thermal inter-
ference, such as millimeter-wave radar, will be considered to establish a more compre-
hensive multi-modal perception system. In addition, from an architectural perspective,
while recent state-of-the-art multimodal Transformer architectures exhibit strong capabil-
ities in capturing global contextual dependencies, we opted for a CNN-based YOLO ar-
chitecture to maintain a better balance between local feature extraction efficiency and
overall computational cost. Exploring the integration of Transformer-based self-attention
mechanisms into AQFS-Net to further enhance global cross-modal alignment without in-
troducing excessive computational overhead remains a promising direction for future re-
search.
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Figure 8. Representative failure cases of AQFS-Net under extreme conditions. (Top row): False pos-
itive caused by a misleading heat source. (Bottom row): False negative caused by severe optical and

thermal reflections.

7. Conclusions

This paper constructs and implements AQFS-Net, an adaptive quality-aware fusion
and saliency-guided visible-infrared dual-modal object detection network based on the
single-stage detector YOLOv13. The proposed network adopts a dual-branch backbone to
extract visible and infrared modality-specific features, uses AQFM to perform cross-
modal quality-aware fusion, and introduces the FASG auxiliary supervision branch to en-
hance the model’s ability to focus on target regions during training. The FASG branch can
be removed during inference without introducing additional inference cost.

Experimental results on the public LLVIP and M3FD datasets show that the proposed
method achieves further improvements over the better-performing single-modality base-
line while maintaining manageable computational cost. Under complex illumination con-
ditions and multi-scene environments, the proposed method also outperforms the com-
pared multimodal methods, indicating that it can alleviate the negative transfer effect in
conventional dual-modal fusion methods.

Future work will focus on more lightweight cross-modal dynamic fusion mecha-
nisms and adaptive modality selection strategies under uncertain degradation conditions,
aiming to improve the generalization ability and deployment efficiency of the model in
more complex real-world scenarios.
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Appendix A

To provide a clearer understanding of the foundational architecture used in this
study, the standard network topology of the single-stream YOLOv13 baseline is presented
in Figure Al. Additionally, the official implementation and source code of this baseline
can be accessed at https://github.com/iMoonLab/yolov13 (accessed on 2 July 2026).
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Figure A1. Official network architecture of the baseline YOLOv13 model.
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