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Abstract—Visible-infrared imagery provides complementary
benefits that reduce the limitations of single-modality object
detection, particularly under challenging illumination condi-
tions. However, effectively exploiting cross-modal information
while maintaining computational efficiency remains difficult for
detector-oriented architectures. In this paper, we propose IDC-
YOLO, a dual-stream visible-infrared object detection frame-
work built upon a YOLO-style architecture. The framework pro-
cesses visible and infrared inputs in parallel and introduces two
modules to enhance cross-modal interaction. An Illumination-
Guided Modulation (IGM) module implicitly estimates global
scene illumination and adaptively regulates modality responses,
improving robustness across varying lighting conditions. Mean-
while, a Difference-Aware Interaction Module (DAIM) explicitly
models cross-modal structural discrepancies and enhances com-
plementary texture and shape cues via residual difference-based
interaction. To facilitate efficient feature fusion, a lightweight
Channel Switching and Spatial Attention (CSSA) module is incor-
porated at the detector feature level with limited computational
overhead. Experiments on the M3FD and FLIR benchmarks
demonstrate that IDC-YOLO achieves a 5% improvement in
mAP5, on the M3FD dataset and a 3.8% improvement on the
FLIR dataset, compared to the baseline, while maintaining a
favorable accuracy-efficiency trade-off. Further evaluations on an
embedded platform verify its real-time inference capability. Fur-
thermore, consistent performance gains across different YOLO
backbones indicate good generalization capability of the proposed
framework.

Index Terms—Visible-infrared object detection, Illumination-
guided modulation, Difference-aware interaction, Dual-stream
architecture, Lightweight detection

I. INTRODUCTION

Deep learning has significantly advanced object detec-
tion and enabled its deployment in applications such as
autonomous driving and intelligent surveillance. However,
most existing detectors rely on single-modality visible images,
making their performance highly sensitive to image quality and
illumination conditions. In real-world scenarios—including
low-light environments, backlit scenes, adverse weather, and
complex background occlusions—visible images often suffer
from texture degradation, insufficient brightness, and amplified
noise, which severely degrade detection accuracy [1].

As illustrated in Fig. 1, visible images provide rich texture
details in well-lit regions, whereas infrared images preserve
stable target perception in dark or occluded areas, motivating

Fig. 1. Visible and infrared image examples highlight their complementary
characteristics.

multimodal object detection under challenging illumination
conditions.

Visible and infrared images exhibit distinct imaging char-
acteristics: visible images capture detailed appearance infor-
mation, while infrared images encode thermal radiation and
remain reliable under low illumination [2]-[4]. Although their
integration can substantially improve detection performance,
effective multimodal fusion remains challenging. Simple fea-
ture concatenation often introduces redundancy due to modal-
ity discrepancies in texture, edge structure, and noise distri-
bution [5]. Moreover, fixed fusion strategies lack adaptability
to illumination variations, while attention-based or cross-layer
interaction mechanisms frequently incur considerable compu-
tational overhead, limiting real-time applicability [6].

To address these issues, we propose a lightweight and
robust visible-infrared object detection framework specifically
designed for detector-oriented architectures.

The main contributions of this paper are summarized as
follows:

1) An Illumination-Guided Modulation (IGM) module is
proposed to implicitly estimate scene illumination and
adaptively regulate visible and infrared modality re-
sponses under varying lighting conditions.

2) A Difference-Aware Interaction Module (DAIM) is de-
signed to explicitly capture structural discrepancies be-
tween modalities, enabling complementary enhancement
while suppressing redundant responses.

3) A lightweight dual-stream visible-infrared detection
framework is presented, enabling efficient cross-modal
interaction with low computational overhead and real-
time embedded inference capability.



II. RELATED WORK

Visible-infrared multimodal object detection improves ro-
bustness under challenging conditions such as low illumi-
nation, occlusion, and complex backgrounds by exploiting
complementary information from heterogeneous modalities.
Existing methods can be organized from two perspectives:
fusion stage and technical design.

From the fusion-stage perspective, existing methods can
be broadly categorized into pixel-level, feature-level, and
decision-level approaches. Pixel-level fusion combines visible
and infrared images directly in the image domain [7], but
is sensitive to registration errors and may introduce arti-
facts. Decision-level fusion integrates detection results from
independently processed modalities [8], preserving modality-
specific representations at the cost of higher complexity. By
contrast, feature-level fusion performs cross-modal interaction
in the intermediate feature space [9], providing a better balance
between accuracy and efficiency, and has therefore become
the dominant paradigm in detector-oriented multimodal detec-
tion [10].

From the technical-design perspective, more expressive fu-
sion strategies mainly include attention-based, Transformer-
based, and efficiency-oriented detector-friendly approaches.
Spatial attention has been introduced to emphasize salient re-
gions across modalities, while Transformer-based frameworks
perform deeper cross-modal interaction at multiple feature
levels [11]. However, these approaches often incur substantial
computational overhead. Several works therefore focus on
improving efficiency through partial interaction or detector-
friendly designs, though fusion granularity and adaptability
remain limited [12].

Despite these advances, existing methods still face three
limitations: insufficient modeling of cross-modal structural
discrepancies, limited adaptability to illumination variation,
and high overhead in attention- or Transformer-based designs.
These issues motivate the development of lightweight visible-
infrared detection frameworks that explicitly model modality
differences and adaptively regulate modality contributions.

III. METHOD

This paper proposes an illumination-guided and difference-
aware cross-modal object detection framework, termed IDC-
YOLO, to improve detection robustness under complex illu-
mination conditions. The framework adopts a dual-stream ar-
chitecture that processes visible and infrared inputs in parallel,
enabling modality-specific feature extraction within a unified
YOLO-style detector.

IDC-YOLO incorporates three key components. An
Illumination-Guided Modulation (IGM) module is embedded
into the backbone to implicitly estimate global scene illumina-
tion and adaptively regulate modality responses. A Difference-
Aware Interaction Module (DAIM) is further introduced to
explicitly model structural discrepancies between visible and
infrared features, enhancing complementary information while
suppressing redundant responses. In addition, a lightweight
Channel Switching and Spatial Attention (CSSA) module [13]

is integrated at the P3 feature level to facilitate efficient
cross-modal feature fusion within a detector-oriented feature
hierarchy. The overall architecture of IDC-YOLO and its key
components are illustrated in Fig. 2.

A. llumination-Guided Modulation Module

Visible image quality is highly sensitive to illumination
variations, while existing fusion strategies often rely on coarse
assumptions that lack adaptability. To address this issue, we
propose a lightweight Illumination-Guided Modulation (IGM)
module that estimates global scene illumination and adaptively
regulates modality responses.

Specifically, IGM extracts a global scene-level illumination
descriptor from the visible image and generates modality-wise
modulation factors as bounded gain coefficients, rather than
performing direct feature replacement or spatial reweighting.
The overall structure of the IGM module is illustrated in
Fig. 2(b).

A pixel-wise illumination intensity map I . € REXW is
constructed as:

max
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and fed into a lightweight convolutional regressor followed
by Global Average Pooling to obtain a global illumination
descriptor. The regressor adopts three 3 x 3 convolutions
to progressively capture local illumination patterns with an
enlarged receptive field, followed by a 1 x 1 convolution for
compact feature projection with low computational overhead:

L= folImax), 1€10,1]. )

The regressor is optimized implicitly through the end-to-end
detection objective without additional supervision. Based on
l, modality-wise modulation factors are defined as:

Wyis =1, w;, = max(a, 1 —1), 3)

where « denotes a minimum preservation factor for the
infrared modality. These factors enable smooth illumination-
aware adaptation while preventing excessive suppression of
infrared cues. In our implementation, « is set to 0.3.

B. Difference-Aware Interaction Module

The Difference-Aware Interaction Module (DAIM) is de-
signed to enhance complementary structural information be-
tween infrared and visible features by explicitly modeling
cross-modal differences. Instead of direct feature fusion or
attention-based reweighting, DAIM adopts a residual enhance-
ment strategy that preserves modality-specific representations
while selectively amplifying complementary cues. The overall
architecture of DAIM is illustrated in Fig. 2(c).

Given infrared and visible feature maps F;, and F,;s, DAIM
first extracts modality-specific structural representations using
fixed Sobel operators. The horizontal and vertical gradient
kernels are defined as:
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Fig. 2. Overall architecture of IDC-YOLO. The framework employs a dual-stream backbone to extract visible and infrared features and integrates illumination-
guided modulation and difference-aware interaction for adaptive cross-modal representation learning. A lightweight CSSA module is applied at the P3 feature
level for efficient feature fusion, followed by a standard YOLO11 neck and detection heads for multi-scale object detection.

and applied to each modality to obtain first-order gradient
responses:

Ey = |Fo x K| + |F Ky, (5)

m € {ir,vis},
where F,, denotes the edge response of modality m.

To characterize modality-specific discrepancies, DAIM

computes signed difference maps between edge responses:
D,, =E,, — E,, (m,n)e {(ir,vis), (vis,ir)}.  (6)

The signed formulation preserves relative dominance be-
tween modalities, enabling asymmetric enhancement for each
branch. The enhanced feature map is obtained through a
residual difference-based formulation:

F, = F,, ® E,, ®tanh(GAP(D,,)) ® w,, @)
where GAP(-) denotes global average pooling and tanh(-)
bounds the modulation magnitude. The scalar term
tanh(GAP(D,,)) reflects the overall structural discrepancy
between modalities, while w,,, denotes an optional modality-
wise modulation factor provided by the illumination-guided
module.

The residual formulation preserves the original feature
representation via identity connections and allows DAIM to
operate independently or in combination with illumination-
guided modulation.

C. Cross-Modal Feature Fusion via CSSA

The Channel Switching and Spatial Attention (CSSA) mod-
ule is adopted as a lightweight cross-modal fusion component
at the P3 feature level of the dual-stream YOLO framework
to enable efficient feature interaction under a detector-oriented
hierarchy.
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Fig. 3. Structure of Channel Switching and Spatial Attention Module.

As shown in Fig. 3, CSSA employs channel switching
and spatial attention. Specifically, Efficient Channel Attention
(ECA) [14] is used to estimate channel-wise importance,
and channels with low contribution are replaced by their
counterparts from the other modality to enhance cross-modal
complementarity while preserving modality-specific character-
istics. The channel switching operation is defined as:

’ _ Xm,ca Wm,c > ka (8)
Xm’,cv Wm,c < ka

m,c



TABLE I
PERFORMANCE COMPARISON ON M3FD DATASET

Methods Backbone mAP5p mAP Car Bus Lamp People Truck Motorcycle
YOLOvV11-RGBT (Baseline) [10]  YOLOI11 84.7 585 929 919 83.6 84.6 80.5 74.4
MMEN [15] YOLOVS 86.2 574 932 921 87.6 83.0 87.4 73.7
KCDNet [16] YOLOvV5 83.2 563 909 883 80.3 83.3 72.1 84.1
EI2Det [17] YOLOv5 86.2 555 914 916 84.7 82.8 89.3 77.2
RI-YOLO [18] YOLOv8 83.6 566 91.6 885 75.7 84.1 87.8 73.5
UniFusOD [19] YOLOvV8 86.9 594  95.0 941 88.6 83.4 82.4 77.8
Ours (YOLOVS) YOLOv5 88.5 60.5 944 96.1 90.6 89.6 82.3 78.1
Ours (YOLOVS) YOLOv8 89.1 62.1 942 951 91.0 89.8 85.3 79.4
Ours YOLO11 89.7 629 947 953 91.6 90.6 86.1 79.8

where X, denotes the feature map of modality m € {ir, vis},
wy, represents the channel-wise importance weights produced
by ECA, m’ denotes the counterpart modality, and % is a
channel-switching threshold set to the mean channel impor-
tance within each feature map.

After channel switching, features from both modalities are
concatenated and passed through a spatial attention module to
refine spatially salient responses with minimal computational
overhead. CSSA replaces the original P3-level concatenation-
based fusion operation in the dual-stream network, avoiding
channel expansion and reducing redundant computation.

IV. EXPERIMENTS
A. Experimental Environment and Datasets

Experimental Setup. All experiments are conducted using
PyTorch on a workstation with a single NVIDIA Quadro RTX
5000 GPU and an input resolution of 640 x 640. Unless
otherwise specified, all models are trained for 300 epochs
with a batch size of 16 and an initial learning rate of 0.01.
The implementation is based on Python 3.10 and CUDA
11.6. For fair comparison and efficiency considerations, small-
scale YOLO variants are adopted throughout the experiments,
including YOLOvVSs, YOLOVS8s, and YOLOI1s, as YOLO-
style detectors provide a strong accuracy-efficiency trade-off
for real-time detection.

For embedded deployment evaluation, inference efficiency
is further measured on an NVIDIA Jetson Xavier NX platform
with 21 TOPS of Al computing capability, running JetPack
5.1.1 and TensorRT 8.5.2, with batch size set to 1 under both
FP32 and FP16 precision.

Datasets. Experiments are conducted on two multispectral
object detection benchmarks, M3FD [20] and FLIR [21].
M3FD consists of strictly aligned visible-infrared image pairs
covering six object categories and is randomly divided into
training and validation sets with an 8:2 ratio. For FLIR,
the aligned version is used in this work, which contains
5,142 paired samples with a standard train-test split and three
object categories: person, car, and bicycle. Unless otherwise
specified, all references to FLIR in this paper refer to this
aligned version.

Evaluation Metrics. Detection performance is evaluated
using mean Average Precision (mAP). mAP;5, is reported at

an IoU threshold of 0.50, while mAP5q_g5 denotes the average
over IoU thresholds from 0.50 to 0.95. Unless otherwise
specified, mAP refers to mAP5(_g5.

YOLOvVSs, YOLOvV8s, and YOLO11s are evaluated on the
M3FD dataset, while YOLOI11s is adopted for FLIR due to
its dataset scale and evaluation focus.

B. Comparative Experiments

1) Comparison on the M3FD Dataset: Table 1 compares
the proposed method with the YOLOv11-RGBT baseline [10]
and recent visible-infrared object detection approaches on
the M3FD dataset, where methods are grouped by backbone
for fair comparison. The best and second-best results are
highlighted in bold and underlined, respectively.

Across YOLOvS, YOLOvVS, and YOLO11 backbones, the
proposed method consistently outperforms representative mul-
tispectral detectors, achieving the best overall performance
with 62.9% mAP and 89.7% mAP;y under the YOLOI1
backbone. These consistent gains across different backbones
indicate good generalization with respect to network design.
Moreover, notable improvements are observed on illumination-
sensitive categories such as People, Bus, and Lamp, suggesting
that the proposed modules enhance robust cross-modal feature
representation.

TABLE II
PERFORMANCE COMPARISON ON FLIR DATASET

Model mAP5q mAP Bicycle Person Car
Baseline [10] 76.8 40.6 61.4 82.6 86.4
DATFF [22] 80.2 - 68.9 82.9 88.8
MMI-Det [23] 79.8 40.5 - - -

MMEN [15] 80.8 41.7 65.5 85.7 91.2
EI2Det [17] 80.2 - 66.3 84.9 89.4
Ours 80.6 42.1 65.6 86.0 90.3

2) Comparison on the FLIR Dataset: Table II presents the
performance comparison on the FLIR dataset. Compared with
representative multispectral detection methods, the proposed
approach achieves the highest mAP of 42.1%, indicating
improved localization accuracy under stricter IoU thresholds.

While the gain in mAPs5 is relatively moderate, the consis-
tent improvement in mAP suggests more precise bounding box
localization, which is particularly relevant for FLIR scenarios
with large illumination variations. In addition, the proposed



method achieves the best AP on the Person category and com-
petitive performance on Car and Bicycle, indicating effective
cross-modal feature discrimination.

3) Efficiency Analysis: Table III summarizes the accuracy
and inference efficiency of different models on the NVIDIA
Jetson Xavier NX platform. Under both FP32 and FP16
precision, the proposed method consistently outperforms the
baseline in detection accuracy.

TABLE III
ACCURACY AND INFERENCE EFFICIENCY ON JETSON XAVIER NX

Model Precision (TensorRT) mAP  FPS (Inference)
. FP32 58.3 26.4
Baseline [10] FP16 58.2 45.7
Ours FP32 62.6 20.9
FP16 62.4 37.6

TensorRT FP16 inference significantly accelerates both
models compared to FP32 with only negligible accuracy
degradation. Despite the additional computational overhead,
the proposed method maintains real-time performance on
the Jetson Xavier NX platform, demonstrating a favorable
accuracy—efficiency trade-off for embedded deployment.

C. Ablation Experiments

TABLE IV
ABLATION EXPERIMENTS ON M3FD DATASET

DAIM IGM CSSA mAP59 mAP Params (M) GFLOPs
- - - 84.7 58.5 9.84 28.5
v - - 87.9 61.4 9.91 354
- - v 86.1 59.8 9.77 27.6
v v - 88.3 61.9 9.93 359
v - v 88.9 62.1 9.82 35.0
v v v 89.7 62.9 9.85 34.6

1) Component-wise Ablation on M3FD: To evaluate the
contribution of each component, ablation experiments are
conducted on the M3FD dataset under identical training and
evaluation settings. The results are reported in Table IV.

DAIM brings the largest performance gain among all com-
ponents, improving mAPsg from 84.7% to 87.9% and mAP
from 58.5% to 61.4%. This shows that modeling cross-modal
discrepancies helps improve feature complementarity.

Applying CSSA alone leads to consistent performance gains
with negligible complexity. The IGM module, as a mod-
ulation mechanism, is evaluated in combination with other
components, and combining DAIM with IGM further improves
performance.

It should be noted that GFLOPs increased by 21.4%,
primarily due to the added complexity of DAIM and IGM.
Despite this, the computational overhead remains manageable,
and the accuracy-efficiency trade-off is favorable, especially in
complex illumination conditions.

Overall, the best results are achieved when all compo-
nents are integrated, reaching 89.7% mAP5q and 62.9% mAP,
highlighting the synergy among difference-aware interaction,
illumination-guided modulation, and lightweight fusion.

TABLE V
IMPACT OF HYPERPARAMETER a@ ON PERFORMANCE

Hyperparameter o mAPs5o mAP
0.0 87.7 61.8
0.1 87.6 61.5
0.2 88.2 61.7
0.3 88.3 61.9
04 86.9 61.2
0.5 86.3 60.9

2) Effect of the Preservation Factor a: A hyperparameter
ablation study is conducted to examine the influence of the
preservation factor « in the illumination-guided modulation
module. The results are reported in Table V.

When o = 0, infrared features may be overly suppressed
under strong illumination, leading to degraded performance.
Increasing « to small values (e.g., 0.1 or 0.2) partially
preserves infrared cues and yields moderate improvements.
The best performance is achieved at a = 0.3, indicating a
favorable balance between visible information and infrared
structural robustness. Further increasing « results in a slight
performance decline. Accordingly, « is fixed at 0.3 in all
subsequent experiments.

TABLE VI
PERFORMANCE COMPARISON OF DIFFERENT FUSION METHODS

Fusion Method mAP Params (M) GFLOPs
Concat 61.9 9.93 359
ICAFusion [24] 62.6 12.23 49.9
LIFAdd [25] 61.4 10.48 42.7
CSSA 62.9 9.85 34.6

3) Comparison of Fusion Methods: To evaluate different
feature fusion strategies, CSSA is compared with representa-
tive modality-level fusion operators at the same fusion posi-
tion. All methods are inserted at the P3 layer of the dual-stream
YOLOL11s framework, replacing the original fusion operation
under identical training and evaluation settings.

Concat denotes a reference mid-level fusion strategy that
directly concatenates features, whereas ICAFusion and LIFAdd
are plug-and-play fusion modules that perform feature fusion
using attention-based or illumination-guided weighting. These
methods are selected for their functional similarity to CSSA
and compatibility with detector-oriented architectures.

As shown in Table VI, CSSA achieves the most favorable
accuracy—efficiency trade-off, maintaining competitive detec-
tion accuracy with fewer parameters and lower computational
overhead. Therefore, CSSA is adopted as the fusion operator
in our framework.

D. Qualitative Results

Fig. 4 presents qualitative comparisons between the baseline
method and IDC-YOLO on the M3FD dataset under varying
illumination conditions. In the first row, IDC-YOLO produces
more complete detections for distant pedestrians and vehicles
under low illumination. In the second and third rows, it more
reliably localizes small or partially obscured pedestrians in
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Fig. 4. Qualitative results on the M3FD dataset under varying illumination
conditions.

dark or low-contrast regions. In the fourth row, it better
distinguishes densely distributed objects such as cars, buses,
and motorcycles while preserving clearer object boundaries.

V. CONCLUSION

This paper presents IDC-YOLO, a lightweight visible-
infrared object detection framework for robust detection un-
der complex illumination conditions. The dual-stream archi-
tecture preserves modality-specific characteristics while en-
abling cross-modal interaction. An illumination-guided mod-
ulation module regulates modality responses according to
scene lighting, while a difference-aware interaction strategy
models cross-modal structural discrepancies, enhancing fea-
ture complementarity with low computational overhead. Ex-
periments on two multispectral benchmarks demonstrate that
IDC-YOLO achieves a favorable accuracy—efficiency trade-off
and generalizes well across varying conditions, yielding a 5%
improvement in mAP5¢ on M3FD and a 3.8% improvement on
FLIR over the baseline. Evaluations on an embedded platform
further verify real-time inference capability, achieving 37.6
FPS under FP16 precision and highlighting its practicality for
resource-constrained scenarios. Future work will investigate
finer-grained illumination evaluation, modality misalignment,
and further lightweight design.
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