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Abstract—Multispectral object detection has garnered signif-
icant attention due to its enhanced accuracy and robustness in
challenging scenarios, such as low-light environments and severe
weather conditions. However, a critical challenge persists: achiev-
ing effective fusion of visible (RGB) and infrared (IR) features
is difficult when there are substantial discrepancies between the
two modalities. For instance, visible features may be obstructed
by various factors (e.g., smoke, fog or occlusions), while infrared
features may lack distinguishable temperature differences from
the background, so both scenarios hinder reliable feature utiliza-
tion. To address these limitations, we propose a self-controllable
adaptive block (SCAB). This block is designed to preserve the
efficient feature representation of the original modality during
model fine-tuning, while simultaneously integrating as much valid
feature information as possible from the other modality through
gradual iterative optimization. Experimental results on multiple
RGB-IR datasets verify that our method achieves state-of-the-art
performance.

Index Terms—Multispectral object detection, Visible-infrared,
Multimodal fusion

I. INTRODUCTION

Multispectral object detection is an important task in com-
puter vision, and in recent years, more and more scholars
have devoted themselves to research in this direction. By
integrating information from multiple modalities, detection
accuracy and environmental adaptability can be improved,
which has great potential for applications in multiple fields
[1]–[3]. Visible cameras have shown notable limitations in
delivering reliable imaging, and this is attributed to their
narrow spectral bandwidth. This limitation becomes especially
troublesome under low-illumination conditions and in adverse
weather situations. For this reason, infrared (IR) modality
boasting excellent adaptability to low-light environments has
been increasingly used as supplementary information to boost
the performance of the visible (RGB) modality. Subsequently,
the combined application of RGB and IR images has been
adopted in a growing number of semantic analysis tasks
[4]–[7]. However, with the increasing application of multi-
spectral object detection, the scenarios to be processed have
become increasingly complex. Due to the influence of factors
such as lighting, temperature, and weather, the characteristic
information of visible modality and infrared modality will
exhibit significantly different feature expressions, as shown in
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Fig. 1. The above group of images shows that small targets at night are
extremely difficult to detect in the visible modality. The black borders in the
images result from aligning cameras with different receptive fields. The group
of images below demonstrates that in scenarios with smoke interference, the
features extracted from the visible modality are completely ineffective.

Fig. 1. In certain special scenarios, the model typically only
benefits from the feature representation of a single modality to
correctly recognize the target object—whereas the target in the
other modality may be barely recognizable even to humans. A
case in point is the visible modality, which struggles in low-
light, smoky, or heavy fog environments; similarly, the infrared
modality faces challenges in high-temperature scenarios. In
this case, performing simple feature fusion is equivalent to
introducing additional redundant feature information.

To address these challenges, extensive research efforts
have been devoted to developing diverse multispectral fusion
approaches, which can be broadly categorized into three
main types: pixel-level fusion [8], feature-level fusion [9]
and decision-level fusion [10]. At the pixel level, fusion
techniques first integrate multi-modal input images into a
single composite image, which is then fed into a unified
detection model. The core focus of such methods [11]–[13]
lies in synthesizing a fused image that encapsulates com-
prehensive information from all input modalities, followed
by leveraging this composite image to perform target de-



Fig. 2. Structural diagrams of five multispectral fusion approaches.

tection tasks. Feature-level fusion has emerged as the pre-
ferred choice among the majority of researchers [14]–[17];
this paradigm embeds fusion mechanisms directly into the
detection framework, forming an integrated end-to-end system
based on either convolutional neural networks (CNNs) [18],
[19] or Transformer-based architectures [20]–[22]. In contrast,
decision-level fusion methodologies [23] employ probabilistic
distribution-based techniques to combine the outputs of mul-
tiple independent detection models, where the final detection
result is derived by aggregating the predictions generated by
each individual detector. These methods primarily enhance the
network’s performance on multispectral datasets by increasing
the number and complexity of network parameters, though
they have not yet explored specific measures to mitigate
the issue of inconsistent feature expressions across different
channels within the same feature space. As illustrated in Fig.
2, the structural differences of five typical multispectral fusion
approaches are systematically presented, covering the three
traditional types mentioned above and two RGB-IR specific
fusion strategies.

In practice, RGB-IR object detectors [24], [25] adopt RGB-
based models as strong baselines and fine-tune them to extract
features from both RGB and IR modalities. To a certain
extent, this full fine-tuning strategy can effectively integrate
key feature information of the two modalities; however, it
suffers from two major drawbacks: the impairment of prior
knowledge encoded in the baseline model and the excessive
storage overhead caused by redundant parameters. Inspired by
the Adapter framework [26], we propose a self-controllable
adaptive block (SCAB), which can preserve the efficient
feature representation capability of the original modality dur-
ing model fine-tuning, while maximizing the integration of
effective feature information from the other modality through
gradual iterative learning. Specifically, we first train a high-
performance pre-trained model on a single modality using any
mainstream object detector. Subsequently, a self-controllable
adaptive block (SCAB) is deployed across two branches that
share the same network architecture as the pre-trained model,
and the SCAB separately shares the weights of the pre-trained

network with these two branches. The design of the control
mechanism is critical to the performance of the proposed
block; therefore, we adopt zero-convolution as the control gate.
For a specific layer in the network, the weights of the main
branch are first frozen, followed by the application of a zero-
convolution operation on the features of the secondary branch.
The output of this operation is then fused with the features
of the main branch, which is further fed as the input to the
next layer of the main branch. If the modality differences
are significant, ordinary fine-tuning methods may lead to
overfitting, modality collapse, and catastrophic forgetting. So
we draw on the experience of the zero convolution used in the
text-to-image field. Overall, our contributions are summarized
as follows:

• The self-controllable adaptive block (SCAB) is very
simple and can be added to various neural network
layers, such as resnet block, conv-bn-relu block, multi-
head attention block, transformer block, etc.

• This architecture ensures that harmful noise is not added
to the deep features of the large backbone model at the
beginning of training.

• Zero convolution layers can help control parameters in a
network and generate control signals to adjust network
behavior. They do not involve highly variable weights
typically associated with convolution, so there is no need
for complex feature extraction for the task. This makes
zero convolution layers advantageous in control tasks
and typically more effective than traditional convolution
layers in control applications.

• We validated the effectiveness of SCAB through ablation
study and achieved state-of-the-arts results on mainstream
multispectral datasets.

II. RELATED WORK

A. Universal Object Detection Algorithm

Object detection models play a vital role in multispectral
detection, facilitating the automatic identification and local-
ization of objects within multispectral images. In recent years,



deep learning—especially models based on convolutional neu-
ral networks (CNNs)—has brought about significant advance-
ments in detection efficiency and accuracy by leveraging
specialized network architectures and loss functions. These
models fall into two main categories: single-stage models
(such as the YOLO [27] series, SSD [28], and RetinaNet
[29]) and two-stage models (including Faster R-CNN [30] and
Cascade R-CNN [31]). Single-stage models are celebrated for
their speed, making them well-suited for real-time applica-
tions, while two-stage models are distinguished by their high
precision, rendering them ideal for scenarios where accurate
object localization is critical.

B. RGB-IR Object Detection Algorithm

Researchers have proposed numerous multispectral detec-
tion algorithms based on excellent object detection algorithms.
Zhang et al. [32] investigate a two-stream SSD framework
to extract contextually enhanced features for RGB-IR object
detection. Additionally, AR-CNN [33] is developed based on
Faster R-CNN to align RGB and IR features. With the rise of
transformers, Yuan et al. put forward a complementary fusion
transformer (CFT) [34] module to attain superior detection
outcomes. Moreover, C2Former [35] is a new transformer
block that can be integrated into existing pre-trained models
to enhance intra-modality and inter-modality feature represen-
tations.

The aforementioned approaches strive to develop task-
specific structures with the aim of enhancing performance
in relevant downstream tasks. They either train the designed
models entirely from the ground up or employ a full finetuning
strategy on pre-trained models. Unlike these methods, we have
designed a self-controllable adaptive block (SCAB) that can
gradually learn control signals through training, and can reduce
the introduction of noise while increasing modal interaction.

III. METHOD

A. Overall Architecture

By adding self-controllable adaptive block (SCAB) to the
base network, we obtain a new finetune network called self-
controllable adaptive network (SCAN). The overall architec-
ture of SCAN is illustrated in Fig. 3. Firstly, we select any
mainstream object detection network for pre-training on a
single modality, and choose the single modality with better
performance based on different multispectral datasets. Then
we use mainstream object detection networks with the same
structure and divide them into two branches. Choose the
one with better performence on single modality as the main
branch. Then share the pre-trained network weights to the
corresponding positions in the two branches, and freeze the
weights of the main branch. Finally, we add SCABs on each
layer corresponding to the two branches, which can provide
excellent support to the main branch by gradually integrating
the effective features of the other branch.

Fig. 3. The overall architecture of SCAN. Share the weights of the pre-trained
model with two branches and freeze the weights of the main branch. Then
design SCAB based on zero convolution for iterative feature fusion between
the two branches. According to the different backbone architectures, the neural
network layer can be any structure. But at the same stage, it is necessary to
maintain complete consistency in all branches.

B. How Self-Controllable Adaptive Block Works

A self-controllable adaptive block injects additional condi-
tions into a neural network layer. Suppose N (·; Θ) is such a
trained neural block, with parameters Θ, that transforms an
input feature map X , into another feature map O as:

O = N (X ,Θ) (1)

The features map of the tunable other branch Xo is connected
to the frozen main branch with zero convolution layer, denoted
Z(·;·). Specifically, Z(·;·) is a 1×1 convolution layer with both
weight and bias initialized to zeros. And F(·) represents a
feature fusion module which can be Concat, Add, weighted
addition, or other complex fusion methods. The complete
output of the SCAB then computes:

Om = F(N (Xm; Θfrozen), Z (N (Xo; Θtunable); Θz)) (2)

In the initial training step, the weight and bias parameters of a
zero convolution layer are both initialized to zero. As a result,
each of the Z(·;·) terms in Equation (2) computes to zero, and

Om = O (3)

In this manner, when training starts, harmful noise of the
other branch is unable to affect the hidden states of the neural
network layers. Furthermore, given that Z (N (Xo); Θz) equals
0 and the other branch also takes in the input image X ,
maintains full functionality and preserves the capabilities of
the pretrained model—enabling it to act as a robust backbone
for subsequent learning. Zero convolutions safeguard this
backbone by removing random noise (which manifests as
gradients) during the initial training stages.

C. Self-Controllable Adaptive Net for Multispectral Detection

The above introduces the principle of how SCAB works.
Other fields that utilize zero convolution often have a sig-
nificant difference in scale between the source and target
domains. But in multispectral object detection, the size of the



source domain and the target domain are the same. Therefore,
training convergence is much easier and less prone to gradient
vanishing problems. So we added SCABs at every layer of the
network to verify the effectiveness of the blocks. Furthermore,
to better verify the efficiency and plug-and-play capability of
SCAB, two dual-branch methods, namely YOLOv11 [36] and
CFT, are selected as the backbones of our detection framework
in the subsequent experiments.

IV. EXPERIMENTS

A. Datasets

To verify the effectiveness, feasibility, and generalization
ability of our detection algorithm in complex scenarios, we uti-
lized three open-source multispectral object detection datasets.
A brief overview of each dataset is presented below:
M3FD [37]: Gathered via dual-optical cameras and infrared
sensors, this dataset comprises 4,200 image pairs, with an-
notations covering six object categories (including humans,
cars, and trucks). It is extensively used in both image fusion
and object detection tasks. For experimental purposes, 3,360
of these images are selected as the training set, while the
remaining 840 serve as the validation set.
LLVIP [38]: Acquired using visible and infrared cameras, this
dataset is composed of 15,488 image pairs, with its annotation
work focusing specifically on the pedestrian category. Each
image—measuring 640×512 pixels in size—has undergone
pre-registration. The dataset is divided into two subsets: 12,025
image pairs for training and 3,463 image pairs for testing. It
is primarily utilized in low-light vision tasks.
FLIR-aligned [39]: Captured via infrared thermographic cam-
eras, this dataset primarily includes annotations for three object
categories: pedestrians, cars, and bicycles. Each image, with a
resolution of 640×512 pixels, has undergone pre-registration.
The dataset consists of 4,129 training image pairs and 1,013
testing image pairs, and it is widely used in object detection
tasks—especially in complex scenarios like nighttime and low-
light environments.

B. Implementation details

Training was carried out on a single NVIDIA A100 GPU.
The total number of pre-training epochs was set to 300, while
the number of fine-tuning epochs was set to 200. The initial
batch size for training was 16. The Adam optimizer was used
for the training process, with its parameters configured as
follows: an initial learning rate of 1.0×10-3 and a momentum
of 0.937. To ensure the consistency of input data distribution
and computational efficiency, the image size is fixed to 640 ×
640 during both training and inference phases. To comprehen-
sively assess the proposed model, standard evaluation metrics
are adopted, including mAP@[0.5:0.95], model parameters,
and inference time. Specifically, mAP@0.5 evaluates detec-
tion accuracy, which is the mean of category-wise Average
Precision (AP) at an intersection over union (IoU) threshold
of 0.5, while mAP@[0.5:0.95] reflects the model’s robustness
across different IoU thresholds (ranging from 0.5 to 0.95 with
a step of 0.05). Model parameters, measured in millions of

parameters (MParams), indicate the model’s complexity and
storage cost, and inference time (in milliseconds per image)
measures its inference efficiency, with all tests conducted on
a unified hardware platform.

TABLE I
PERFORMANCE COMPARISON ON THE M3FD DATASETS

Method ↑mAP@.5 ↑mAP@[.5:.95] ↓Params(M) ↓Time(ms)

U2Fusion[TPAMI ’20] [11] 79.2 53.8 0.66 43
CDDFuse[CVPR ’23] [12] 80.3 54.9 1.19 96
PIAFusion[IF ’22] [13] 80.6 54.9 - 55
TarDAL[CVPR ’22] [37] 81.0 54.9 0.3 30
MetaFusion[CVPR ’23] [8] - 56.5 - 15

Fusion-Mamba[TMM ’25] [4]† 88.0 61.9 287.6 78

CFT[arXiv ’21] [34]† 81.8 55.4 206 68
SCAN-CFT(ours)† 86.2 60.4 334.7 68.3
SCAN-YOLOv11-nano(ours)† 82.7 56.5 6.97 3.95
SCAN-YOLOv11(ours)† 88.4 62.8 56.4 18.7
† denotes the adoption of the YOLO series as backbone (same for subsequent tables).

TABLE II
PERFORMANCE COMPARISON ON THE LLVIP DATASETS

Method ↑mAP@.5 ↑mAP@[.5:.95] ↓Params(M) ↓Time(ms)

U2Fusion[TPAMI ’20] [11] 87.1 52.6 0.66 43
TarDAL[CVPR ’22] [37] 94.5 63.3 0.3 30
MetaFusion[CVPR ’23] [8] 91.0 56.9 - 15

PoolFuser[AAAI ’23] [1] 80.3 38.4 - 49
ProbEn[ECCV ’22] [10] 93.4 51.5 945.9 846.9
CSSA[CVPR ’23] [14] 94.3 59.2 - 31
TFDet[TNNLS ’25] [2] 95.7 56.1 - 130
UniRGB-IR[MM ’25] [5] 96.1 63.2 147 -
Fusion-Mamba[TMM ’25] [4]† 97.0 64.3 287.6 78

CFT[arXiv ’21] [34]† 96.9 63.6 206 68
SCAN-CFT(ours)† 97.5 65.9 334.7 68.3
SCAN-YOLOv11-nano(ours)† 96.4 65.8 6.97 3.95
SCAN-YOLOv11(ours)† 97.0 68.5 56.4 18.7

TABLE III
PERFORMANCE COMPARISON ON THE FLIR DATASETS

Method ↑mAP@.5 ↑mAP@[.5:.95] ↓Params(M) ↓Time(ms)

TarDAL[CVPR ’22] [37] 42.9 - 0.3 30

GAFF[WACV ’21] [3] 74.6 37.4 31.4 61
CFT[arXiv ’21] [34]† 78.7 40.2 206 68
ProbEn[ECCV ’22] [10] 75.5 37.9 945.9 846.9
CSSA[CVPR ’23] [14] 79.2 41.3 - 31
ICAFusion[PR ’24] [20]† 79.2 41.4 120.21 26
UniRGB-IR[MM ’25] [5] 81.4 44.1 147 -

CFT[arXiv ’21] [34]† 78.7 40.2 206 68
SCAN-CFT(ours)† 81.0 41.9 334.7 68.3
SCAN-YOLOv11-nano(ours)† 77.6 42.5 6.97 3.95
SCAN-YOLOv11(ours)† 79.8 44.2 56.4 18.7

C. Comparison with State-of-the-Arts models

Pixel-level fusion methods form the first category in Table I,
and are tabulated separately in Tables II and III for consistency.
The rationale for this separate tabulation lies in the fact that the
reported computational overhead of these methods is confined
solely to the fusion module, and does not account for the
inference latency of a full detector—a critical component for
real-world detection deployments. SCAN-YOLOv11-nano is
a lightweight variant of our proposed model, which realizes
further parameter reduction and inference speedup with only a
marginal sacrifice in detection accuracy. Leveraging the inher-
ent efficiency of YOLO-series architectures, we additionally



(a) Ground Truth (b) CFT (c) Ours

Fig. 4. Comparison visualization results with CFT.

conduct comparative experiments against YOLO-backbone-
based methods to conduct a more impartial evaluation of
the significant efficiency gains achieved by our approach.
Visual comparative results between our method and CFT—a
representative algorithm within the YOLO-backbone-based
paradigm—are illustrated in Fig. 4. As can be observed from
the visualization, CFT is more prone to generating false
detections compared to our method, and the confidence scores
of its successfully detected bounding boxes are consistently
lower. Through extensive evaluations across multiple diverse
datasets, we observe that several state-of-the-art competing
methods suffer from performance degradation on specific
datasets due to intrinsic disparities in data characteristics. In
stark contrast, our proposed method maintains consistently
high detection accuracy across all evaluated datasets, while
simultaneously delivering drastically enhanced inference speed
and a streamlined parameter footprint.

TABLE IV
PERFORMANCE COMPARISON OF DIFFERENT MODALITIES ON FLIR

DATASET

Method Modality ↑mAP@.5 ↑mAP@[.5:.95]

YOLOv11-nano visible 60.4 29.2
infrared 70.5 37.3

cross-modality 72.1 38.5

SCAN-YOLOv11-nano(ours) cross-modality 78.1 42.4

D. Ablation Studies

Table IV quantifies the performance gains attained by inte-
grating SCAB into the baseline model. The cross-modality im-
plementation of YOLOv11 adopted in this ablation study lever-

(a) RGB Ground Truth (b) IR Ground Truth (c) Our Heatmap

Fig. 5. Visualization of RGB and IR ground truth annotations, and the
corresponding attention heatmap of our method.

ages a fundamental pixel-level fusion strategy, and the experi-
mental results herein validate the effectiveness of the proposed
SCAB module. Table V presents an in-depth component-wise
validation of the internal modules of SCAB, which not only
verifies the efficacy of the Frozen and Zero Conv modules
but also substantiates the proposed self-controllable design
principle of our framework. Furthermore, even when both
the Frozen and Zero Conv modules are ablated, the model
still achieves a significantly higher accuracy than the baseline
in Table IV. This performance retention is attributed to the
fact that the core architecture of SCAB remains a valid
adapter module in the absence of these specific components,
thereby corroborating the inherent adaptive characteristic of
the proposed SCAB design. It should be noted that the
calculation of model weights in Table V incorporates two
components: the pre-trained weights and the adapter weights.
All values reported in the preceding tables have included both
components in their computation, while the inference time is
evaluated by considering only the adapter component.

TABLE V
ABLATION STUDY ON FLIR DATASET

Frozen Zero Conv ↑mAP@.5 ↑mAP@[.5:.95] ↓Params(M) ↓Time(ms)

76.3 40.9 3.53 + 2.51 3.9
X 77.1 41.3 3.54 + 2.51 3.9
X X 78.1 42.4 4.46 + 2.51 3.95

E. Visualization

To further verify the effectiveness of the proposed method,
in addition to the object detection visualization results pre-
sented in Fig. 4, this section conducts an in-depth analysis of
the model’s decision-making process by visualizing attention
heatmaps, as shown in Fig. 5. By comparing the ground
truth annotations of RGB and IR modalities with the attention
distributions generated by the model, the degree of attention
paid by the network to target regions during inference can



be intuitively observed. Experimental results demonstrate that
the proposed method can effectively focus on the key regions
where targets are located, suppress the interference from back-
ground noise and irrelevant regions, thereby achieving accurate
perception and effective fusion of multi-modal information.
This verifies the rationality and superiority of the designed
Self-Controllable Adaptive Block.

V. CONCLUSION

In this paper, we propose a self-controllable adaptive block
(SCAB) designed to preserve the efficient feature represen-
tation of the original modality during model fine-tuning.
Simultaneously, it maximizes the integration of valid feature
information from the other modality through a process of
gradual iteration.The experiment in this article found that
SCAB has a greater improvement on small models, of course,
this is also because we have added SCAB at every layer
of the network, which increases the difficulty of the large
model converging to the global optimum. In the future, we
will explore better ways to add SCAB in network architecture.
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