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Highlights 

What are the main findings? 

• A visible-light and infrared target detection method based on multi-directional 
Mamba cross-attention feature fusion is proposed. On the self-built OPVM-VIRD da-
taset, the model yields an mAP50 of 95.7% while notably reducing the parameter 
count. 

• Three core modules are introduced: a Mixed Scanning Fusion Module (MSFM), a 
Separate Spectrum Enhancement Module (SSEM), and a Multi-Scale Enhanced Con-
volutional Module (MSEC). Their combination exhibits strong synergistic effects, ef-
fectively balancing parameter efficiency and detection accuracy. 

What are the implications of the main findings? 

• The proposed method demonstrates robust detection performance under various 
challenging conditions, including low illumination, severe occlusion, small targets, 
and dense scenes. In UAV-based security patrols over urban and industrial areas, it 
effectively addresses detection difficulties caused by complex lighting, such as low 
light, fog, and strong backlight. 

• This algorithm not only provides a high-precision solution for visible-light and infra-
red dual-modal object detection but also introduces a new research direction for the 
application of the Mamba architecture to cross-modal fusion tasks. 

Abstract 

Unmanned aerial vehicles (UAVs) frequently operate under complex illumination condi-
tions during urban and industrial security patrols, including low light, fog, and strong 
backlighting. These conditions severely degrade the performance of existing dual-modal 
object detection methods. To overcome this limitation, we introduce a lightweight dual-
modal object detection algorithm called M2CA-FFM, built upon multi-directional Mamba 
cross-attention feature fusion. First, a multi-directional Mamba enhancement module is 
developed to model spatial feature sequences via four-directional scanning. Second, a 
dedicated spectral enhancement module is designed to process spectral components in a 

Academic Editor: Haipeng Wang 

Received: 8 May 2026 

Revised: 18 June 2026 

Accepted: 10 July 2026 

Published: 12 July 2026 

Copyright: © 2026 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license. 



Remote Sens. 2026, 18, 2329 2 of 34 
 

https://doi.org/10.3390/rs18142329 

differentiated manner. Together, these two modules enhance single-modal features from 
both the spatial and frequency domains, leading to improved feature robustness. For 
dual-modal object detection, we propose a Mixed Scanning Fusion Module that dynami-
cally generates scanning paths focused on the target regions. This dynamic mechanism 
complements the fixed four-direction scanning and strengthens global modeling, enabling 
efficient fusion and deep complementarity between visible light and infrared features. Ex-
tensive experiments are conducted on a self-built dataset (OPVM-VIRD) and three public 
benchmarks (FLIR, M3FD, and VEDAI). Our method consistently outperforms current 
mainstream dual-modal detection algorithms across all datasets. On the OPVM-VIRD da-
taset, it achieves an mAP50 of 95.7%, which is 2.2% higher than the best result obtained 
with other fusion methods. Preliminary verification on the edge computing platform Atlas 
200I DK A2 shows that the algorithm has significant lightweight advantages, with a pa-
rameter volume of only 72.07 M and a computational complexity of 134.41 GFLOPs, 
demonstrating the reasoning potential to meet real-time processing requirements. Over-
all, the proposed M2CA-FFM method offers a real-time detection strategy with strong gen-
eralization capabilities, holding significant practical value for around-the-clock security 
patrols in urban and industrial parks. 

Keywords: dual-modal object detection; urban security patrol; cross-attention; feature  
fusion; Mamba; Fourier transform 
 

1. Introduction 
Multispectral imaging, combined with the maneuverability, wide coverage, and low 

cost advantages of UAV platforms, has been widely adopted in security patrols in urban 
areas and industrial parks. By integrating cross-spectral information, multimodal fusion 
overcomes the inherent deficiencies of single-spectrum approaches, leading to marked 
improvements in both the reliability and precision of target detection under complex con-
ditions. It has unique advantages, especially in UAV application scenarios with stringent 
requirements for detection efficiency and reliability, such as high-precision inspections 
and rapid emergency responses. 

In multispectral fusion target detection tasks, Convolutional Neural Networks 
(CNNs) [1] and Transformers [2] are the current mainstream feature extraction and fusion 
methods dominating the development direction of the technology in this field. CNNs rely 
on local receptive fields and hierarchical architecture to efficiently mine the local textures, 
edges, and other detailed features of each modality. The computational cost of the fusion 
process is controllable. It has strong robustness to interference such as slight blurring and 
local occlusion caused by UAV flight [3–5] and is suitable for the real-time processing 
requirements of low-altitude scenes. The self-attention mechanism in a Transformer ena-
bles global modeling [6–8], overcoming the local perception constraint of CNNs to effec-
tively capture global correlations across cross-modal features. This capability significantly 
enhances the semantic consistency of fused features, making Transformers a growing re-
search focus in cross-modal fusion [9–11]. Meanwhile, effectively exploiting cross-modal 
spectral complementary information remains a critical challenge. The Cross-Modal Spec-
tral Complementary and Memory Prompt Network proposed by Jiang et al. [12] offers 
valuable insights for dynamic feature modeling through its memory prompting mecha-
nism. 

Despite these advances, fusion methods based on CNNs and Transformers still face 
several unresolved challenges: (1) CNNs remain constrained by their inherently local re-
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ceptive fields, which limits their capacity for global context extraction. (2) The computa-
tional complexity of Transformer self-attention is quadratic with regard to feature map 
resolution, making it difficult to meet the real-time detection demands of high-resolution 
visible–infrared images. (3) The processing and fusion design capabilities of frequency 
domain features are insufficient, making it difficult to fully utilize the insensitivity of fre-
quency domain features to sudden changes in illumination and background interference, 
thus failing to effectively supplement spatial domain features. 

With its global perception capability of linear complexity, Mamba significantly re-
duces computational resource consumption while maintaining excellent performance 
[13,14], making it a potential alternative to a Transformer. Therefore, in this paper, we 
propose a visible light and infrared fusion target detection method based on a multi-di-
rectional Mamba cross-attention feature fusion module (M2CA-FFM). The attention mech-
anism based on multi-directional Mamba is used to enable the long-distance feature in-
teraction of multispectral images. First, we extend the single-input Mamba module to sup-
port dual inputs and create a Mixed Scanning Fusion Module (MSFM). Within the single-
modal feature enhancement stage, we designed a Separable Spectral Enhancement Mod-
ule (SSEM) based on Fast Fourier Transform to improve the information processing capa-
bility of the algorithm in the frequency domain. Inspired by advancements in hyperspec-
tral image processing, DFBSNet [15] was used to construct a dual-branch fusion and se-
lection mechanism in the frequency domain. This approach has demonstrated strong ro-
bustness against abrupt illumination changes and background interference, further vali-
dating the rationale for introducing a frequency-domain enhancement module in our pro-
posed method. In addition, a dual-stream feature fusion network framework was de-
signed based on YOLOv8 and incorporated into the MSFM and SSEM. This method not 
only integrates global contextual information efficiently but also captures complementary 
cross-modal features more effectively. As a result, it enhances both the accuracy and ro-
bustness of multispectral target detection while keeping the parameter count low. 

The main contributions of this work are as follows: 
1. A multi-directional Mamba cross-attention feature fusion framework is introduced 

for the first time, which comprises the following: 
(a) A Mixed Scanning Fusion Module (MSFM) that enables efficient global context 

learning and feature fusion through a complementary scheme combining fixed four-di-
rectional scanning with dynamic focus scanning. 

(b) A method is proposed for a Separable Spectral Enhancement Module (SSEM) 
based on Fast Fourier Transform, which differentiates the amplitude spectrum and phase 
spectrum, effectively suppressing frequency-domain redundancy and improving fre-
quency-domain processing capabilities. 

2. The system was validated on OPVM-VIRD (a self-built urban/industrial area UAV 
inspection dataset) and general datasets such as FLIR, M3FD and VEDAI. The proposed 
method achieves an mAP50 value of 95.7% on OPVM-VIRD, which is 2.2% better than the 
best value obtained using other fusion methods. The results on general datasets are also 
the best by comparison. 

3. The edge computing performance was evaluated. Tests were conducted on the 
Huawei Atlas 200I DK A2 development kit, revealing that M2CA-FFM achieves low com-
putational complexity (72.07 M parameters/134.41 GFLOPs) and a preliminary inference 
speed of 48.3 FPS, laying the groundwork for future deployment on UAV platforms. 

2. Related Work 
In CNN fusion research, the main issue depends on the choice of fusion level and 

strategy [16]: early fusion is easily affected by modal differences; late fusion may lose the 



Remote Sens. 2026, 18, 2329 4 of 34 
 

https://doi.org/10.3390/rs18142329 

complementary information of the bottom layer, and mid-level fusion achieves local se-
mantic information synergy through the interaction of intermediate layer features and 
improves fusion effectiveness, for example, when using the Fusion R-CNN method [17]. 
Chen et al. proposed DEYOLO [18], which employs a bi-directional decoupling attention 
module to enlarge the backbone network’s receptive field and enhance detection perfor-
mance under low-light conditions, thus facilitating mutual enhancement and fusion of 
infrared and visible modalities. Li et al. introduced FD2-Net [19], a CNN-based method 
that innovatively applies a discrete cosine Transform to decompose visible and infrared 
images into high- and low-frequency components. Feature enhancement and fusion are 
performed prior to detection to improve input image quality. Li et al. also presented MFY-
OLO [20], built on the YOLOv8 framework, which directly boosts the detection capability 
for small and multi-scale targets in UAV aerial imagery through multi-scale feature fusion 
and an improved loss function. However, despite the strong performance of CNNs in lo-
cal feature extraction and fusion, they are inherently constrained by their local receptive 
fields. This limitation leads to a notable deficiency in capturing global context and long-
range feature dependencies, which becomes especially critical in large-scene and multi-
object overlap scenarios [21,22]. To mitigate the inherent limitations of local perception in 
CNNs, OCSCNet-Tracker [23] integrates octave convolutions with spatial–spectral cap-
sule networks. This approach not only reduces computational complexity but also en-
hances the modeling capability for target deformation, providing valuable insights for the 
optimization of lightweight CNN-based fusion frameworks. 

Transformers can solve the problem of long-distance dependency in visible–infrared 
fusion detection. The ICAFusion proposed by Shen et al. is based on the dual cross-atten-
tion Transformer framework [24], which models global feature interaction through an it-
erative interaction mechanism to capture cross-modal complementary information. Dur-
ing feature extraction, the CFT algorithm [25] employs the Transformer’s self-attention 
mechanism to simultaneously conduct intra- and inter-modal fusion, thereby capturing 
long-distance dependencies and potential interactions between the visible and infrared 
domains. C2F-Trans further enhances target detection performance in complex scenes by 
integrating the CNN’s strength in local feature extraction with the Transformer’s global 
modeling capability [26]. Nevertheless, when processing high-resolution images, Trans-
formers suffer from high computational complexity and substantial memory consump-
tion. Moreover, conventional downsampling strategies may also result in the loss of spa-
tial information . To address the challenges of template updating and state awareness, 
SiamSTU [27] employs a state-aware template update mechanism. This approach effec-
tively suppresses feature drift while maintaining tracking stability, offering valuable in-
sights for dynamic feature maintenance in multispectral fusion. 

The latest breakthroughs in state-space models (SSMs) have provided a new direc-
tion for resolving the contradiction between global modeling and computational complex-
ity [28]. Vision Mamba, proposed by Zhu et al., improves the model’s sensitivity to visual 
details by optimizing the visual feature extraction mechanism, and the inference latency 
is significantly lower than that of similar Transformer models [29]. FusionMamba, pro-
posed by Dong et al., is a dynamic feature enhancement framework that enhances local 
feature expression while retaining global modeling capabilities, and a cross-modal fusion 
Mamba module was designed to strengthen intermodal correlation and suppress redun-
dant information [30]. WaveMamba, proposed by Zou et al., decomposes visible light and 
infrared images into different frequency components using a discrete wavelet Transform 
and then employs the Mamba architecture for feature integration, thus incorporating com-
plementary data from both modalities [31]. In addition, Ma et al. first applied the visual 
Mamba auxiliary branch to the semantic segmentation of remote sensing images. He et al. 
used Mamba for panchromatic sharpening tasks, verifying its potential in cross-modal 
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spatial information learning. In addition to the outstanding aforementioned Mamba var-
iants, excellent spatial-domain optimization algorithms, such as Succulent-YOLO (2025) 
[32] and EPRepSADet (2025) [33], have also emerged in the field of UAV detection. These 
methods focus on optimizing spatial-domain features and network architectures, demon-
strating superior performance in scenarios that require rapid adaptation and morpholog-
ical feature extraction under resource-constrained conditions. In contrast, our proposed 
method emphasizes the exploitation of cross-modal complementarity and frequency-do-
main robustness. With the MSFM, we achieve deep fusion between visible and infrared 
modalities. Furthermore, combined with the SSEM and Mamba architecture, our algo-
rithm effectively suppresses noise and captures long-range dependencies in environments 
with severe illumination interference. In summary, the above studies collectively demon-
strate the effectiveness of employing Mamba for feature enhancement and cross-modal 
fusion. Additionally, from the perspective of feature matching efficiency, methods based 
on spectral difference matching reduction [34] achieve more efficient target perception by 
decreasing redundant matching computations, which also provides valuable insights for 
designing lightweight Mamba fusion modules. Due to its global perception capability 
with linear computational complexity, Mamba serves as a potential alternative to Trans-
formers, significantly reducing computational resource consumption while maintaining 
superior performance [35,36]. 

3. Method 
3.1. Architecture of a Dual-Mode Object Detection Algorithm Based on Multi-Directional 
Mamba Cross-Attention Feature Fusion 

For visible–infrared dual-modal target detection scenarios, we propose a cross-atten-
tion feature fusion approach leveraging multi-directional Mamba. This approach not only 
strengthens the model’s capacity to deeply extract single-modal features and model long-
range global dependencies but also keeps the parameter count under control while pre-
serving detection accuracy. As a result, it strikes a balance between detection performance 
and inference efficiency. Figure 1 illustrates the overall architecture of the proposed dual-
stream feature extraction network. 

 

Figure 1. Overall architecture of the proposed dual-stream feature extraction network. 

This two-stream network operates in three core stages: extracting and enhancing sin-
gle-modal features, fusing cross-attention features via multi-directional Mamba, and fi-
nally aggregating multi-scale features at the neck network and detection head. The core 
component of the entire algorithm network involves feature interaction and cross-modal 
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fusion, which is achieved through the multi-directional Mamba cross-attention feature fu-
sion module designed in this study. The overall process is as follows: 

First, single-modal feature extraction and enhancement are performed on input I. The 
extracted features are 𝐹௜ = 𝜑௕௔௖௞௕௢௡௘ሺ𝐼ሻ (1)

Here, 𝐹௜ ∈ ℝௐ×ு×஼ denotes the feature map of the i-th layer (i = 1, 2, 3) from either the 
visible light or infrared branch, referred to as 𝐹ோ௜  and 𝐹ூ௜, respectively. Symbols 𝐻, 𝑊, 
and 𝐶 represent the height, width, and channel number of the feature map. The backbone 
network responsible for single-modal feature extraction is denoted as 𝜑௕௔௖௞௕௢௡௘. 

Then, the enhanced feature map is aggregated with visible and infrared single-modal 
deep features through the multi-directional Mamba cross-attention feature fusion module 
M2CA-FFM. The detailed computation is as follows: 𝐹௙௨௦௜ = 𝜆௙௨௦൫𝐹ோ௜ ,𝐹ூ௜൯ (2)

Here, 𝐹௙௨௦௜ ∈ ℝௐ×ு×஼ denotes the fused feature of the layer, and 𝜆௙௨௦ represents the pro-
posed multi-directional Mamba cross-attention feature fusion module, called M2CA-FFM. 

Finally, the resulting aggregated feature 𝐹௙௨௦௜   is passed to the neck network for 
multi-scale feature fusion, after which the downstream detection head performs dual-
modal target detection. The detailed computation is as follows: ሼሺ𝑏௞, 𝑐௞, 𝑠௞ሻሽ௞ୀଵே = ℱఏ(𝐹௙௨௦௜ୀଵ,ଶ,ଷ) (3)

Here, ℱఏ represents the YOLOv8 detection head with parameter 𝜃, which integrates the 
regression, classification, and objectness branch outputs to generate the detection result; 𝑏௞,  𝑐௞, and 𝑠௞ are the coordinates, class probabilities, and detection box confidence infor-
mation after decoding the predicted bounding boxes, respectively; N represents the total 
number of valid detected targets output by the detection head; and ሼ ሽ௞ୀଵே  indicates trav-
ersing from k = 1 to N. 

3.2. Multi-Scale Enhanced Convolutional Module Design 

Before feature fusion, we inserted a Multi-Scale Enhanced Convolutional Module 
(MSEC) into the feature extraction network to separately enhance the visible light and 
infrared features. As illustrated in Figure 2, MSEC comprises three main components: a 
depth-wise convolution that aggregates local information, a multi-branch depth-wise 
strip convolution that captures the multi-scale context, and a 1 × 1 convolution that 
models cross-channel relationships. 
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Figure 2. The architecture of the Multi-Scale Enhanced Convolutional Module (MSEC). 

MSEC first extracts basic features from the input feature map using a 5 × 5 depth-
wise separable convolution, thus obtaining intermediate features. These intermediate fea-
tures are then input into three convolutional branches of different scales to capture local 
features at multiple spatial scales. Next, the resulting multi-scale branch features are re-
sidually connected to the basic features. The connected features are then integrated into 
channel features through a 1 × 1 convolution, while simultaneously compressing the 
channel dimensions to obtain the final attention weights. Finally, the attention weights 
interact with the original input features through residual branches, multiplying them 
channel-by-channel and pixel-by-pixel to enhance the expression of key semantic features 
while mitigating interference from invalid background features. The specific calculation 
is shown below: 𝐴𝑡𝑡 = 𝐶𝑜𝑛𝑣ଵ×ଵ൫∑ 𝑆𝑐𝑎𝑙𝑒௜൫𝐷𝑊𝐶𝑜𝑛𝑣(𝐹)൯ଷ௜ୀ଴ ൯  (4)𝐹௕௔௖௞௕௢௡௘ = 𝐴𝑡𝑡 ⊙ 𝐹 (5)

where 𝐹  represents the visible light or infrared single-modal input feature; 𝑆𝑐𝑎𝑙𝑒௜ (I = 
0,1,2,3) represents branches with different convolution scales; and 𝐷𝑊𝐶𝑜𝑛𝑣 represents 
depth-wise separable convolution. 

3.3. Multi-Directional Mamba Cross-Attention Feature Fusion Module 

Compared with previous work, M2CA-FFM not only enables long-range cross-modal 
modeling and captures complementary features between visible and infrared modalities 
but also reduces computational complexity—striking a balance between computational 
efficiency and cost. The operation of M2CA-FFM consists of three steps: feature prepro-
cessing, single-modal feature enhancement, and fused feature output. The detailed work-
flow is as follows. 

(1) Feature Preprocessing 

Although Mamba’s cross-attention mechanism already has the advantage of linear 
computation compared to a Transformer, the spatial dimension compression is performed 
on the feature maps to be fused to further reduce computational cost. As illustrated in 
Figure 3, hybrid pooling is employed to compress the feature maps. This approach pre-
serves strong local responses and global context information to the greatest extent without 
introducing significant additional parameters, thereby avoiding local feature loss. Hybrid 
pooling computes a linear weighted combination of max and average pooling outputs. 
The detailed computation is as follows: 𝐹ெ௜௫ = 𝛼 × 𝐴𝑣𝑔(𝐹௕௔௖௞௕௢௡௘ , 𝑆) + (1 − 𝛼) × 𝑀𝑎𝑥(𝐹௕௔௖௞௕௢௡௘ , 𝑆) (6)

where 𝐴𝑣𝑔  represents the average pooling layer operation; 𝑀𝑎𝑥  represents the max 
pooling layer operation; 𝛼 represents the learnable weight parameter between 0 and 1; 
and 𝐹௕௔௖௞௕௢௡௘  and 𝑆  represent the input feature map and scaling factor, respectively. 
The original input feature dimensions are H × W × C, and the compressed feature map 
dimensions are reduced to (H × W)/S × C. 
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Figure 3. Feature preprocessing module. 

(2) Single-modal feature enhancement 

The Feature Enhancement Module (FEM) consists of a four-way Mamba module and 
a Separable Spectral Enhancement Module (SSEM), which is responsible for realizing the 
feature enhancement of single-modal features in the spatial domain and frequency do-
main. First, the features of the single mode are enhanced through the four-way Mamba 
module to provide a better feature benchmark for subsequent operations. The specific 
process is shown in Figure 4. 

 

Figure 4. Four-way Mamba module. 

For the input feature map 𝐹ெ௜௫ ∈ ℝு∗ௐ∗஼, the original input features are first mapped 
to the internal high-dimensional space through the linear embedding layer, allowing the 
model to process higher-dimensional feature spaces to capture more detailed and com-
plex feature information, and the number of channels is expanded to four times the orig-
inal. Then, 𝐹ெ௜௫ is segmented along the channel level to generate two different feature 
maps: 𝑋 ∈ ℝு∗ௐ∗ଶ஼ and 𝑍 ∈ ℝு∗ௐ∗ଶ஼. The process is expressed as follows: 𝑋, 𝑍 = 𝑆𝑝𝑙𝑖𝑡൫𝑁𝑜𝑟𝑚(𝐹ெ௜௫)൯ (7)

After the linear embedding layer completes the feature space mapping and channel 
expansion, the feature maps 𝑋 and 𝑍 are dimensionally replaced, and the original di-
mension order (B, H, W, 2C) is converted into (B, 2C, H, W). Then, the feature map 𝑋 is 
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flattened into 1D sequences 𝑋௔ ∈ ℝ஻×ଶ஼×௅ , 𝑋௕ ∈ ℝ஻×ଶ஼×௅ , and 𝐿 = 𝐻 × 𝑊 . The specific 
calculation formula is as follows: 𝑋௔ = 𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝑋,𝑑𝑖𝑚 = −2) (8)𝑋௕ = 𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(𝑋;−2,−1),𝑑𝑖𝑚 = −2) (9)

As shown in Figure 5, the expanded 1D sequence is along four directions: upper left 
to lower right, lower right to upper left, upper right to lower left, and lower left to upper 
right. Each sequence is processed through the SSM in Mamba to capture the long-distance 
dependency information of the direction-containing sequence so that each pixel in the im-
age can integrate information from other surrounding elements in different directions to 
model the global receptive field. 

 

Figure 5. Mamba scan direction. 

Row-forward: The flattened 1D sequence 𝑋௔ ∈ ℝ஻×ଶ஼×௅ is directly fed into the row-
forward FDSSM, which models long-range dependencies along the forward row-wise di-
rection. The computation is formulated as 𝑂ଵ = 𝐹𝐷𝑆𝑆𝑀(𝑋௔;𝜃ଵ) (10)

Row-backward: To capture reverse dependencies along the row direction, 𝑋௔ ∈ℝ஻×ଶ஼×௅ is first reversed along the sequence dimension before being fed into the row-
backward FDSSM. Since the reversed output 𝑂ଶ′ suffers from temporal misalignment, it 
is flipped back to preserve spatial semantic consistency: 𝑂ଶ′ = 𝐹𝐷𝑆𝑆𝑀(𝑓𝑙𝑖𝑝(𝑋௔;𝑑𝑖𝑚 = −1);𝜃ଶ) (11)𝑂ଶ = 𝑓𝑙𝑖𝑝(𝑂ଶ′;𝑑𝑖𝑚 = −1) (12)

Column-forward: The pre-constructed column-wise 1D sequence 𝑋௕ ∈ ℝ஻×ଶ஼×௅  is 
directly processed by the column-forward FDSSM to model forward column-wise de-
pendencies. Meanwhile, the output sequence 𝑂ଷ′ needs to be restored to the 2D feature 
map before it is transposed and flattened into a 1D sequence for fusion with the row se-
quence. The calculation formula is as follows: 𝑂ଷ′ = 𝐹𝐷𝑆𝑆𝑀(𝑋௕;𝜃ଷ) (13)

𝑂∼ଷ′ = 𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝑂ଷ′,𝑑𝑖𝑚 = − 1) (14)

𝑂ଷ = 𝑓𝑙𝑎𝑡𝑡𝑒𝑛 ቀ𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 ቀ𝑂∼ଷ′;  −2, −1ቁ ,𝑑𝑖𝑚 = −2ቁ (15)
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Column-backward: To model backward column-wise dependencies, 𝑋௕ ∈ ℝ஻×ଶ஼×௅ 
is first reversed along the sequence dimension before being fed into the column-backward 
FDSSM. The output 𝑂ସ′ is then aligned through reversal and transposition: 𝑂ସ′ = 𝐹𝐷𝑆𝑆𝑀(𝑓𝑙𝑖𝑝(𝑋௕;𝑑𝑖𝑚 = − 1);𝜃ସ) (16)𝑂ସ′′ = 𝑓𝑙𝑖𝑝(𝑂ସ′;𝑑𝑖𝑚 = − 1) (17)

𝑂∼ସ′′ = 𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝑂ସ′′,𝑑𝑖𝑚 = − 1) (18)

𝑂ସ = 𝑓𝑙𝑎𝑡𝑡𝑒𝑛 ቀ𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 ቀ𝑂∼ସ′′;−2,−1ቁ ,𝑑𝑖𝑚 = − 2ቁ (19)

where 𝜃 represents parameters in, for example, the convolution, projection, and attenu-
ation matrices in the FDSSM calculation. Subsequently, an inverse flattening operation is 
performed on the output of the FDSSM, and the outputs are added element-wise to obtain 
the four-direction Mamba enhanced feature map 𝑌, denoted as 𝑌 ∈ ℝு∗ௐ∗ଶ஼. 𝑌 = ෍ 𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛௜(𝑂௜,𝑑𝑖𝑚 = − 1)ସ௜ୀଵ  (20)

After gate processing, another feature map sequence 𝑍 is fused through 1 × 1 con-
volution to integrate the channel dimension information and then connected residually 
with the input feature map 𝐹ெ௜௫, resulting in the output 𝐹ி஽ௌௌெ ∈ ℝு×ௐ×஼: 𝐹FDSSM = 𝐶𝑜𝑛𝑣ଵ×ଵ൫𝑌 • 𝑆𝑖𝐿𝑈(𝑍)൯ + 𝐹ெ௜௫ (21)

Building on this, given that spatial-domain information is mainly embedded in low-
frequency components, and that both global (low-frequency) and local detail (high-fre-
quency) information are valuable for representation, we introduce an FFT-based Spatial–
Spectral Enhancement Module (SSEM) to enhance frequency-domain feature processing 
across diverse spectral bands. Figure 6 illustrates the module structure. 

 

Figure 6. The architecture of the Separable Spectrum Enhancement Module (SSEM). 

First, given an input feature map 𝐹FDSSM ∈ ℝ஼×ு×ௐ, we first apply the Fast Fourier 
Transform (FFT) to obtain its spectral representation: 𝑌 = ℱ(𝐹FDSSM) (22)

where 𝑌 ∈ ℂ஼×ு×(ௐ/ଶାଵ) is a complex-valued frequency-domain tensor. Each frequency 
component can be expressed in terms of its real and imaginary parts: 𝑌(𝑢, 𝑣) = 𝑅(𝑢, 𝑣) + 𝑗𝐼(𝑢, 𝑣) (23)

where 𝑅(𝑢, 𝑣) and 𝐼(𝑢, 𝑣) denote the real and imaginary parts, respectively, and j is the 
imaginary unit. Subsequently, the frequency-domain features are decomposed into am-
plitude and phase spectra using the polar coordinate representation: 
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𝐹௔ = |𝑌| = ඥ𝑅ଶ + 𝐼ଶ (24)

𝐹௣ = ∠𝑌 = 𝑎𝑟𝑐𝑡𝑎𝑛 ൬𝐼𝑅൰ (25)

Here, 𝐹௔ denotes the amplitude spectrum, which reflects the energy distribution across 
different frequency components and encapsulates high-frequency detail information; and 𝐹௣ denotes the phase spectrum, which characterizes the spatial arrangement among fre-
quency components and carries local spatial structural information. Given the distinct in-
formation properties of the amplitude and phase spectra, the SSEM adopts a parallel ar-
chitecture to model these two spectral components separately. 

In the amplitude spectrum processing branch, the amplitude spectrum primarily re-
flects the energy distribution of image features across different frequency bands. Its low-
frequency components are typically associated with global luminance, contrast, holistic 
contours, and background distributions, while its high-frequency components corre-
spond to edge variations, texture intensity, and local detail responses. Considering the 
global distribution characteristics of the amplitude spectrum, the module adopts two cas-
caded 1 × 1 convolutions to achieve global information interaction and adaptive feature 
enhancement between channels without destroying the frequency domain spatial struc-
ture. Each convolution is followed by an LReLU activation function to introduce nonlinear 
mapping. The calculation is as follows: 𝐹௔ି௢௨௧௣௨௧ = 𝐿𝑅𝑒𝐿𝑈 ൬𝐶𝑜𝑛𝑣ଵ×ଵଶ ቀ𝐿𝑅𝑒𝐿𝑈൫𝐶𝑜𝑛𝑣ଵ×ଵଵ (𝐹௔)൯ቁ൰ (26)

In the formula, Convଵ×ଵଵ  and Convଵ×ଵଶ  are two-stage 1 × 1 convolutions, and 𝐹௔ି௢௨௧௣௨௧ 
is the enhanced amplitude spectrum feature. 

The phase spectrum primarily describes the relative positional relationships among 
different frequency components and exerts significant influence on the spatial structure, 
edge localization, contour shape, and geometric relations between targets and back-
grounds in an image. Unlike the amplitude spectrum, which emphasizes the energy in-
tensity of frequency components, the phase spectrum places greater emphasis on the or-
ganizational manner and structural consistency of these components within the spatial 
domain. Therefore, it is insufficient to regard the phase spectrum as merely carrying local 
spatial information; rather, it not only contains the positional information of local edges 
and details but also plays a critical role in preserving global structural layout and semantic 
contours. The phase spectrum encapsulates core information including spatial position, 
edges, texture, and fine structural details, which are essential determinants of image con-
tent integrity. To completely preserve and enhance the structural information of an image, 
it is necessary to capture multi-scale spatial contextual associations. To address the multi-
scale spatial information embedded in the phase spectrum, the module employs a multi-
scale depth-wise separable convolutional architecture, utilizing three decomposed convo-
lutional kernels with distinct receptive fields to extract local features at different scales. 
This design substantially reduces the computational cost while effectively capturing long-
range spatial dependencies. The computational procedure of this branch is presented as 
follows: 

⎩⎪⎨
⎪⎧ 𝐹௣଻ = 𝐶𝑜𝑛𝑣ଵ×଻ ቀ𝐶𝑜𝑛𝑣଻×ଵ൫𝐹௣൯ቁ𝐹௣ଵଵ = 𝐶𝑜𝑛𝑣ଵ×ଵଵ ቀ𝐶𝑜𝑛𝑣ଵଵ×ଵ൫𝐹௣൯ቁ𝐹௣ଵହ = 𝐶𝑜𝑛𝑣ଵ×ଵହ ቀ𝐶𝑜𝑛𝑣ଵହ×ଵ൫𝐹௣൯ቁ (27)

𝐹௣ି௢௨௧௣௨௧ = 𝐶𝑜𝑛𝑐𝑎𝑡൫𝐹௣଻,𝐹௣ଵଵ,𝐹௣ଵହ൯ (28)
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In the equation, Concat denotes channel-wise feature concatenation, while 𝐹௣ି௢௨௧௣௨௧ rep-
resents the enhanced phase-spectrum feature. Through a cross-fusion mechanism, this 
structure thoroughly extracts multi-scale feature information from the phase spectrum. 

After enhancing the spectral components, to recover the complete frequency-domain 
representation, we first reconstruct the real and imaginary parts of the enhanced fre-
quency-domain tensor based on Euler’s formula, thereby obtaining the reconstructed 
complex-valued frequency-domain tensor: 𝑅′ = 𝐹௔ି௢௨௧௣௨௧ 𝑐𝑜𝑠൫𝐹௣ି௢௨௧௣௨௧൯ (29)𝐼′ = 𝐹௔ି௢௨௧௣௨௧ 𝑠𝑖𝑛൫𝐹௣ି௢௨௧௣௨௧൯ (30)𝑌′ = 𝑅′ + 𝑗𝐼′ (31)

Finally, the reconstructed frequency-domain features are transformed back to the 
spatial domain using the two-dimensional Inverse Fast Fourier Transform (IFFT): 𝐹௜௙௙௧ = ℱ

ିଵ(𝑌′) (32)

Considering that negligible imaginary components may arise from numerical com-
putation, we retain only the real-valued part after IFFT as the recovered result. To further 
enhance numerical stability, we take the absolute value of the recovered features as fol-
lows, where 𝐹௦௣௔௖௘௘௡௛௔௡௖௘ denotes the spatial-domain features recovered after frequency-do-
main enhancement: 𝐹௦௣௔௖௘௘௡௛௔௡௖௘ = ห𝐹௜௙௙௧ห (33)

On this basis, the module incorporates an adaptive gating mechanism and a residual 
connection structure. Specifically, the adaptive weighted selection of the original features 
is achieved through element-wise multiplication, followed by residual fusion via element-
wise addition, yielding the final enhanced output 𝐹SSEM. The introduction of the residual 
connection not only reinforces the feature fusion efficacy but also effectively alleviates the 
vanishing gradient problem during deep network training, thereby ensuring training sta-
bility. The computation process is formulated as follows: 𝐹SSEM = ൫𝐹௦௣௔௖௘௘௡௛௔௡௖௘ ⊙ 𝐹FDSSM൯ ⊕ 𝐹FDSSM (34)

In this equation, ⊙  denotes element-wise multiplication, and ⊕  represents element-
wise summation. 

In summary, the SSEM achieves deep exploration of global and local feature infor-
mation through frequency-domain differential modeling, effectively enhancing the 
model’s expressive power and providing a supplementary frequency-domain dimension 
modeling capability to the Mamba fusion architecture. 

(3) Fusion feature output 

In this study, the architecture of the original SSM is extended by designing a sym-
metrical dual-input structure to ensure the equality and interactivity of the two types of 
modal information during the modeling process. Simultaneously, to overcome the limita-
tions of fixed-direction scanning in modeling irregular targets and complex scene features, 
a combination of fixed four-directional sequence scanning and dynamic adaptive scan-
ning mechanisms is integrated into the module, ultimately constructing the MSFM. This 
module’s core task is to mine information from visible light and infrared modal features 
separately through a symmetrical parallel dual-branch architecture, combined with multi-
branch sequence scanning modeling, dynamic channel adaptive filtering, and multi-level 
residual connection mechanisms, ultimately achieving dual-modal feature fusion. This 
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enhances both the feature representation capability and robustness of the target detection 
network under complex conditions. Figure 7 illustrates the overall module structure. 

 

Figure 7. The architecture of the Mixed Scanning Fusion Module (MSFM). 

This module employs a fully symmetrical dual-branch parallel design, with both 
branches using consistent computational logic and module composition to achieve inde-
pendent enhancement and parallel modeling of dual-modal features. The visible and in-
frared branches adopt entirely independent and non-shared network parameters. Such a 
parameter-decoupled design facilitates the learning of modality-specific deep representa-
tions while preventing cross-modal parameter interference. Moreover, the symmetric 
computational paradigm guarantees equitable bi-modal information exchange and con-
sistent computational overhead. The visible light and infrared inputs originate from the 𝐹SSEM outputs of the SSEM, denoted as 𝐹SSEM-R and 𝐹SSEM-I, respectively. The computa-
tion process is detailed below. 

For the fixed four-directional sequence-scanning portion, a method similar to the 
four-directional Mamba block in single-modal feature enhancement is used to generate 
two sets of feature maps: 𝑋ோ and 𝑍ோ derived from the visible feature map and 𝑋ூ and 𝑍ூ derived from the infrared feature map. 𝑋ோ ,  𝑍ோ = 𝑆𝑝𝑙𝑖𝑡൫𝑁𝑜𝑟𝑚(𝐹ௌௌாெିோ)൯  (35)𝑋ூ ,  𝑍ூ = 𝑆𝑝𝑙𝑖𝑡൫𝑁𝑜𝑟𝑚(𝐹ௌௌாெିூ)൯  (36)

Subsequently, 𝑋ோ and 𝑋ூ are flattened along the four spatial directions, and the re-
sulting one-dimensional sequence is input into the Four-direction Cross-modal Fusion 
Module (FCFM) for cross-modal fusion: 𝑥௜௔, 𝑥௜௕ = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛௜(𝑋ோ), 𝐹𝑙𝑎𝑡𝑡𝑒𝑛௜(𝑋ூ)⋯⋯⋯𝑖 = 1, 2, 3, 4 (37)𝑦௜௔, 𝑦௜௕ = 𝐹𝐶𝐹𝑀௜௔൫𝑥௜௔, 𝑥௜௕൯, 𝐹𝐶𝐹𝑀௜௕൫𝑥௜௕, 𝑥௜௔൯⋯⋯⋯𝑖 = 1, 2, 3, 4 (38)

In the FCFM, the preceding input serves as the core subject to be processed, which 
will be used to transfer core modal features; the following input is specifically used to 
dynamically generate the projection and time scale parameters required for the SSM, 
providing a control basis for modeling the subject sequence. The visible light and infrared 
modes serve as each other’s preceding and following inputs, resulting in a symmetrical 
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fusion structure that ensures the equal interactive status of the two modes while fully 
exploring bi-directional cross-modal correlation information. 

The outputs in the four spatial directions are expanded to restore them as 2D spatial 
feature maps, and 𝑌௔ ∈ 𝑅ு×ௐ×஼  and 𝑌௕ ∈ 𝑅ு×ௐ×஼  are obtained via element-wise 
weighting: 𝑌௔, 𝑌௕ = ∑ 𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛௜(𝑦௜௔)ସ௜ୀଵ , ∑ 𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛௜൫𝑦௜௕൯ସ௜ୀଵ   (39)

To preserve key information from the original input and enhanced feature correla-
tion, the two calibration feature sets, 𝑍ோ and 𝑍ூ, are then element-wise multiplied with 
their respective preceding input feature maps to produce 𝐹௙ௗ௥௚௕ and 𝐹௙ௗ௜௥ . 𝐹௙ௗ௥௚௕ = 𝐶𝑜𝑛𝑣ଵ×ଵ௔ ൫𝑌௔ · 𝑆𝑖𝐿𝑈(𝑍௔)൯ + 𝐹SSEM-R (40)𝐹௙ௗ௜௥ = 𝐶𝑜𝑛𝑣ଵ×ଵ௕ ൫𝑌௕ · 𝑆𝑖𝐿𝑈(𝑍௕)൯ + 𝐹SSEM-I   (41)

where 𝐶𝑜𝑛𝑣ଵ×ଵ௔   and 𝐶𝑜𝑛𝑣ଵ×ଵ௕   represent the 1 × 1 convolutional layers that generate 𝐹௢௨௧௔  and 𝐹௢௨௧௕ . 
To address the shortcomings of fixed four-way scanning paths and insufficient focus 

on salient local features, a new Dynamic Adaptive Scan (DAS) module is introduced, 
forming a hybrid mechanism with fixed scanning. The core of this mechanism is to dy-
namically predict the scanning path, guided by important regions of the feature map, to 
concentrate on modeling key target regions. Details of the Dynamic Adaptive Scan mod-
ule are shown in Figure 8. 

 

Figure 8. Schematic of the Dynamic Adaptive Scanning Architecture. 

The DAS module is built around two components: an Offset Prediction Network 
(OPN) and a Dynamic Adaptive Scan State Space Model (DAS-SSM). The focal region is 
determined using learnable sampling points learned by the OPN, and the DAS position 
can provide a strong relative position offset, improving the SSM modeling performance. 

Taking the left-side visible-light input as the primary modality, the Offset Prediction 
Network (OPN) first performs local feature extraction on the input 𝑋௖ via depth-wise 
convolution, normalization, and activation functions, yielding a local feature activation 
map 𝑋௖෪ . Based on this activation map, the OPN predicts the 2D coordinate offsets 𝛥𝑝 ∈ℝு×ௐ×ଶ of the image patches of interest relative to the original blocks: 𝑋௖෪ = 𝐺𝐸𝐿𝑈(𝐿𝑁(𝐷𝑊𝐶𝑜𝑛𝑣(𝑋௖))) (42)𝛥𝑝 = 𝑂𝑃𝑁([𝑥ଵ, 𝑥ଶ,⋯ , 𝑥ே]) = 𝑊௢௙௙௦௘௧ ∙ 𝑋௖෪ + 𝑏௢௙௙௦௘௧   (43)

where 𝑊௢௙௙௦௘௧  and 𝑏௢௙௙௦௘௧  denote the learnable weights and bias of the linear layer 
within the OPN. The magnitude of the offset 𝛥𝑝 is positively correlated with the local 
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feature activation strength—regions with stronger activation undergo larger coordinate 
shifts, steering the scanning path toward those salient areas. 

Subsequently, the sampling locations are obtained by adding the offsets to the origi-
nal block positions: 𝑝ᇱ[ℎ,𝑤, : ] = 𝑝[ℎ,𝑤, : ] + 𝛥𝑝[ℎ,𝑤, : ] (44)

Finally, the scanning features are sampled at the dynamically adjusted coordinates 𝑝ᇱ via bilinear interpolation. The sampling process is defined as 𝑋ᇱ[ℎ,𝑤] = 𝜙(𝑝ᇱ[ℎ,𝑤],𝑋௖) (45)

where 𝜙 denotes the bilinear interpolation operator, which can be expanded as 𝜙(𝑎, 𝑏) = ∑ 𝑔൫𝑎௫, 𝑟௫ ,𝑎௬, 𝑟௬൯ ∙ 𝑏[𝑟௬ , 𝑟௫, : ]൫௥ೣ ,௥೤൯   (46)

Here, 𝑎௫ = 𝑝ᇱ[ℎ,𝑤, 0] and 𝑎௬ = 𝑝ᇱ[ℎ,𝑤, 1] are the horizontal and vertical coordinates of 
the sampling point, respectively; ൫𝑟௫, 𝑟௬൯ enumerate all integer grid coordinates of the fea-
ture map; and 𝑏[𝑟௬, 𝑟௫ , : ] denotes the original feature vector at the integer grid location. 

The sampling weight function 𝑔(∙)  is activated only for the four nearest integer 
grids around the sampling point, and is formulated as 𝑔(𝑐,𝑑, 𝑒, 𝑓) = 𝑚𝑎𝑥(0,1 − |𝑐 − 𝑑|) × 𝑚𝑎𝑥(0,1 − |𝑒 − 𝑓|) (47)

Finally, the scan features are obtained through bilinear interpolation sampling and 
modeled using DAS-SSM, and their dimensions are restored to complete dynamic en-
hancement. The module employs dual-modal, bi-directional interactive modeling, simi-
larly to the processing logic of the four-way fixed scan method. The preceding input serves 
as the core subject to be processed, which will be used to transfer core modal features; the 
following input is specifically used to dynamically generate the projection and time-scale 
parameters required by the SSM, providing adaptive control for the modeling of the main 
sequence. The visible light and infrared modes are the preceding and following inputs, 
respectively, resulting in a symmetrical fusion structure, ultimately outputting 𝐹ௗ௬௡௥௚௕ and 𝐹ௗ௬௡௜௥ . 

After obtaining the fused features output from the fixed four-way and dynamic adap-
tive scans, the global enhancement features output from the fixed four-way scan are fused 
with the local focused enhancement features output from the dynamic adaptive scan 
through element-wise addition, yielding the final sequence enhancement features after 
hybrid scan modeling: 𝐹௢௨௧௥௚௕ = 𝐹௙ௗ௥௚௕ + 𝐹ௗ௬௡௥௚௕ (48)𝐹௢௨௧௜௥ = 𝐹௙ௗ௜௥ + 𝐹ௗ௬௡௜௥  (49)

The obtained visible-light fusion output 𝐹௢௨௧௥௚௕ and infrared fusion output 𝐹௢௨௧௜௥  are 
then subjected to a 1 × 1 convolution operation to obtain the final fusion output 𝐹௢௨௧: 𝐹out = 𝐶𝑜𝑛𝑣ଵ×ଵ൫𝐹௢௨௧௥௚௕ + 𝐹௢௨௧௜௥ ൯ (50)

4. Experiment 
To evaluate the proposed method, we trained and tested our model on three public 

benchmarks—FLIR, M3FD, and VEDAI—along with our self-built dataset OPVM-VIRD, 
and compared its detection performance against other algorithms. Furthermore, to inves-
tigate the actual roles and contributions of each component module in the M2CA-FFM 
algorithm, ablation experiments were designed and implemented to verify the independ-
ent role and synergistic effect of each module. Finally, targeted experimental tests were 
conducted in real-world application scenarios to comprehensively evaluate the practical 
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application value and performance of the proposed algorithm. The publicly available da-
tasets FLIR, M3FD, and VEDAI employed in this study were used in accordance with their 
original licenses. As for the self-constructed OPVM-VIRD dataset, its collection area was 
situated within the Yuelu Mountain National Scenic Area, which encompasses geograph-
ically sensitive regions. Due to applicable security regulations, the original imagery can-
not be publicly released. A desensitized test subset can be made available to qualified 
researchers upon request, subject to a data usage agreement. 

4.1. Datasets 

4.1.1. Public Datasets 

FLIR Dataset: This dataset was open-sourced by Teledyne FLIR, and subsequently, 
image alignment and optimization were completed by Zhang et al. It is a dataset specifi-
cally designed for dual-modal target detection tasks [37]. The dataset includes 4129 train-
ing image pairs and 1013 test image pairs. Each pair contains one infrared and one visible 
light image, strictly aligned in both spatial and temporal dimensions at a uniform resolu-
tion of 640 × 512 pixels. These images were captured with vehicle-mounted cameras, cov-
ering diverse scenes such as road traffic, vehicle flow, and pedestrian movement, exhibit-
ing significant scene diversity. 

M3FD Dataset: This dataset was independently built by the School of Software at 
Dalian University of Technology [38]. It is specifically designed for visible–infrared dual-
modal target detection, aiming to enhance detection accuracy through the fusion of infra-
red and visible images. The dataset comprises 4200 calibrated infrared–visible image pairs, 
covering a wide range of real-world scenes and varying pixel scales. In total, it includes 
8400 images, supporting tasks such as image fusion, object detection, and detection based 
on fusion techniques. 

VEDAI: This dataset was developed by the GREYC laboratory in Grenoble, France, 
and released in 2015. It aims to provide benchmark data for vehicle detection tasks in 
aerial imagery [39]. The dataset contains 1210 aerial images covering nine vehicle catego-
ries (such as cars, trucks, boats, campervans, tractors, etc.) and provides image versions 
in two resolutions: 512 × 512 and 1024 × 1024. The dataset covers a variety of scenes, in-
cluding urban, rural, and industrial areas, and the images were collected from different 
heights and perspectives, exhibiting rich diversity and challenges. 

4.1.2. Self-Built Dataset 

The OPVM-VIRD dataset [40] constructed in this work aims to address the limita-
tions of existing mainstream datasets (e.g., M3FD and FLIR), which suffer from insuffi-
cient scene coverage under unmanned aerial vehicle (UAV) perspectives and limited tar-
get scale variation due to fixed flight altitudes. The data acquisition system is mounted on 
a Z-3N UAV (compatible with industrial-grade flight platforms such as the DJI M350), 
with the core sensing unit employing a dual-modal fusion sensor pod developed by our 
project team, centered around the GDU PDL-1K dual-optical gimbal camera. This camera 
integrates a high-sensitivity visible-light sensor with a resolution of 1920 × 1080 and an 
infrared sensor with a resolution of 640 × 512, both operating at 30 fps. The infrared ther-
mal imaging covers the 8–14 µm spectral band, enabling the synchronous acquisition of 
spatially aligned dual-spectral data. 

To simulate complex low-altitude inspection scenarios, data were collected under all-
day conditions (daytime and nighttime) and all-weather conditions (sunny and rainy). In 
accordance with the operational characteristics of high-altitude UAVs, a hierarchical var-
iable-altitude flight path was designed, with flight altitudes strictly ranging from 30 to 200 
m, to capture target features at varying scales. Additionally, fixed-point hovering strate-
gies were implemented in key areas to acquire multi-angle and multi-temporal data for 
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the same targets. During the data preprocessing stage, to eliminate lens distortion artifacts, 
the infrared images underwent checkerboard calibration and geometric correction. Image 
registration based on feature point matching was employed to achieve pixel-level align-
ment between visible-light and infrared images, with the registration accuracy controlled 
within two pixels, thereby ensuring spatial consistency across the dual-modal data. To 
address inter-frame redundancy caused by hovering acquisitions, frame deduplication 
and similar sample filtering strategies were adopted, with three annotators performing 
cross-validation in rotation to remove duplicate and low-quality samples. As shown in 
Figure 9, the registration results for two representative scenes are presented. The visible-
light and infrared images exhibit highly consistent edge contours after overlay, with target 
features such as vehicles and trees clearly aligned, qualitatively validating that our data 
preprocessing pipeline effectively eliminates geometric distortions and ensures spatial 
consistency of the dual-modal data. 

  

Figure 9. Registration examples of the OPVM-VIRD dataset. 

The dataset focuses on “pedestrian” and “vehicle” as the primary object categories, 
representing the most typical targets in low-altitude UAV surveillance. All images were 
resized to 1241 × 993 pixels and manually annotated using LabelImg following the YOLO 
format, with minimum bounding rectangles tightly fitted to object contours. A rigorous 
multi-round visual inspection and cross-annotation review pipeline was enforced to en-
sure labeling quality. The dataset was partitioned into training, validation, and test sets at 
7:2:1 via stratified sampling to preserve class distribution balance. After meticulous 
screening, the final dataset contains 2023 registered visible–infrared image pairs with 
20,025 valid labels (8584 for pedestrians and 11,441 for vehicles). As shown in Figure 10, 
it exhibits superior scene diversity, scale variability, and environmental adaptability com-
pared to existing public datasets, offering a solid benchmark for evaluating algorithmic 
robustness in challenging scenarios. 
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(a) different scenarios (b) different times and climates 

Figure 10. Visualization of the OPVM-VIRD dataset. 

4.2. Experimental Setup and Configuration 

To systematically and comprehensively evaluate model performance, commonly 
used and representative quantitative evaluation metrics within the computer vision com-
munity were used in this study, including the following: 

Intersection over Union (IoU) is defined as the ratio between the overlapping area 
and the combined area of the predicted box 𝐵௣௥௘௔ and the ground-truth box 𝐵௚௧. Preci-
sion (P) measures the proportion of correctly predicted positive samples among all sam-
ples the model labels as positive. 

Recall and precision complement each other. A high recall value reflects a model’s 
strong capability to capture positive samples, minimizing the risk of false negatives. Recall 
is defined as the fraction of actual positive samples that are correctly identified as positive 
by the model. The corresponding formula is 𝑅 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (51)

In this context, True Positive (TP) denotes positive targets that are correctly detected; False 
Positive (FP) denotes negative samples incorrectly classified as positive; False Negative 
(FN) denotes positive targets that are missed; and True Negative (TN) denotes negative 
samples correctly identified, though TN is typically excluded from target detection eval-
uation metrics. 

Average Precision (AP) serves as a key evaluation metric tailored for object detection 
tasks. Its core function is to measure the model’s precision at different recall thresholds, 
comprehensively reflecting the model’s overall detection capability for a single class of 
objects. The AP value corresponds to the area under the PR curve, where recall (R) is on 
the horizontal axis and precision (P) is on the vertical axis, and its integral expression is 𝐴𝑃 = ׬ 𝑃(𝑅)𝑑𝑅 (52)

mAP is computed by averaging the AP scores across all target classes, reflecting the 
model’s multi-category detection performance as a whole. Its calculation formula is 𝑚𝐴𝑃 = 1𝑁෍𝐴𝑃௜ே

௜ୀ1

 (53)

Here, N denotes the total number of target categories to be detected. In evaluating target 
detection performance, two widely used metrics are mAP50 and mAP. Specifically, mAP50 
refers to the average AP across all categories with a fixed IoU threshold of 0.5. Meanwhile, 
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mAP is calculated by averaging the AP values over all categories under multiple IoU 
thresholds ranging from 0.5 to 0.95 at a step size of 0.05. 

The parameter count of a model serves as a key indicator of its complexity and com-
putational overhead, directly determining the model’s storage requirements and training 
cost. Taking a standard convolutional layer as an example, the equations for computing 
its parameter count and computational cost (FLOPs) are as follows: 𝑃𝑎𝑟𝑎𝑚𝑠 =  (𝐶௜௡ × 𝐶௢௨௧ × 𝐾ு × 𝐾ௐ) + 𝐶௢௨௧ (54)𝐹𝐿𝑂𝑃𝑠 =  𝑃𝑎𝑟𝑎𝑚𝑠 × 𝑊௢௨௧ × 𝐻௢௨௧ (55)

Here, 𝐾ு and 𝐾ௐ denote the kernel dimensions (height and width), while 𝐶௜௡ and 𝐶௢௨௧ 
represent the input and output channel counts, respectively. The spatial size of the output 
feature map is given by 𝑊௢௨௧ (width) and 𝐻௢௨௧ (height). 

Frame rate (FPS) serves as a primary metric for assessing processing speed in image 
and video inference tasks. It quantifies how many frames a model can handle per second, 
directly reflecting its real-time inference performance. Its calculation formula is 𝐹𝑃𝑆 =  ே்  (56)

In the formula, N denotes the total number of frames processed, and T stands for the 
total time taken to process them. 

All experiments were carried out on PyTorch 2.0.1 under Ubuntu 20.04 with an Intel 
Xeon Gold 6338 CPU, 1 TB of RAM, and four RTX 4090 GPUs (Table 1). Training was 
conducted for 250 epochs, with a batch size of 16, an input size of 640 × 640, the AdamW 
optimizer (lr = 1e-3, weight decay = 5e-4), and mosaic/random-flip augmentations. The 
loss setup followed that of YOLOv8. A fixed protocol (confidence = 0.001, NMS IoU = 0.7) 
was used for the evaluation to ensure fair recall estimation. To assess statistical signifi-
cance, we performed five independent runs per method and applied a paired t-test (null 
hypothesis: no difference). The experimental results demonstrate that the p-values of the 
proposed method are all below 0.05, with standard deviations across all trials remaining 
under 0.1. This provides statistically sound evidence that the improvements achieved by 
the proposed method in both localization accuracy and robustness are genuine and sig-
nificant. 

Table 1. Experimental environment and training parameters. 

Parameter Items Configuration 
Framework/System PyTorch 2.7.0/Ubuntu 20.04 

Hardware Intel(R) Xeon(R) Gold 6338 + 4 × RTX 4090 24 G 
Epoch/Batch Size 250/16 

Optimizer/Learning Rate AdamW/1.0 × 10−3 
Weight Decay 0.0005 

Input Size (Training/Testing) 640 × 640/640 × 640 

4.3. Ablation Experiments 

To systematically validate the effectiveness of the proposed Mixed Scanning Fusion 
Module (MSFM), Separated Spectrum Enhancement Module (SSEM), Multi-Scale En-
hancement Convolution (MSEC) module, hybrid pooling feature preprocessing mecha-
nism, and frequency-domain amplitude-phase branches, ablation experiments were con-
ducted on both the M3FD and FLIR datasets. All experimental groups strictly adhered to 
identical training strategies, hyperparameter settings, and dataset splits. The optimal re-
sults for each evaluation metric are highlighted in bold. 
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To thoroughly evaluate the contribution of each individual component, a total of 
twelve experimental groups were designed for the M3FD and FLIR datasets: 

(1) Experimental Groups 1 and 2: Single-modality YOLOv8 baseline models using visi-
ble and infrared inputs, respectively. 

(2) Experimental Group 3: A dual-modality fusion model incorporating only the four-
direction Mamba block, denoted as YOLOv8-FD. 

(3) Experimental Group 4: A dual-modality fusion model incorporating only the Dy-
namic Adaptive Scan (DAS) module, denoted as YOLOv8-DAS. 

(4) Experimental Group 5: A dual-modality fusion model incorporating only the MSFM 
(abbreviated as C in the table). 

(5) Experimental Group 6: A dual-modality fusion model incorporating both the MSFM 
and MSEC (abbreviated as M in the table). 

(6) Experimental Group 7: A dual-modality fusion model incorporating both the MSFM 
and SSEM (abbreviated as S in the table). 

(7) Experimental Group 8: A dual-modality fusion model incorporating the MSFM with 
only the amplitude-spectrum enhancement branch, denoted as YOLOv8-C-Amp. 

(8) Experimental Group 9: A dual-modality fusion model incorporating the MSFM with 
only the phase-spectrum enhancement branch, denoted as YOLOv8-C-Phs. 

(9) Experimental Group 10: The complete M2CA-FFM model but with average pooling 
only, denoted as M2CA-FFM(Avg). 

(10) Experimental Group 11: The complete M2CA-FFM model but with max pooling only, 
denoted as M2CA-FFM(Max). 

(11) Experimental Group 12: The full M2CA-FFM model, which serves to evaluate the 
synergistic gains achieved by integrating all proposed modules and mechanisms. 

On the M3FD dataset, which encompasses multi-category complex urban scenarios, 
the single-modality YOLOv8 models in Groups 1 and 2 achieve mAP50 scores of 84.0% 
and 80.1% for visible-light and infrared inputs, respectively, indicating that the visible 
modality generally outperforms its infrared counterpart in overall detection performance. 
Group 3 incorporates only the four-direction Mamba block into the dual-modality fusion 
model (YOLOv8-FD), attaining an mAP50 of 85.4%, which represents a 1.4-percentage-
point improvement over the visible-light baseline, along with an mAP of 56.8%. These 
results verify that the long-range dependency modeling capability of the four-direction 
Mamba architecture can preliminarily exploit the complementarity between modalities, 
yielding modest enhancements even for small targets such as Lamp; however, the overall 
fusion gain remains limited. Group 4, which integrates only the Dynamic Adaptive Scan 
(DAS) module (YOLOv8-DAS), further raises the mAP50 to 86.2%, which is a 0.8-percent-
age-point increase over YOLOv8-FD, and improves recall (R) to 74.1%. This demonstrates 
that the dynamic adaptive scanning mechanism can more precisely align cross-modal fea-
ture spaces and strengthen the discriminability of fused features, with particularly pro-
nounced improvements on targets such as Motorcycle, as shown in Table 2. 

Building upon these components, Group 5 incorporates the complete MSFM (Mixed 
Scanning Fusion Module), which unifies the four-direction Mamba and DAS into 
YOLOv8-C, achieving deep cross-modal fusion. Compared with the visible-light single-
modality baseline, this model yields gains of 4.0 percentage points in mAP50 (reaching 
88.0%), 4.7 percentage points in mAP (reaching 60.1%), and 5.3 percentage points in recall 
(reaching 81.5%). Relative to the standalone four-direction Mamba and DAS configura-
tions, mAP50 improves by 2.6 and 1.8 percentage points, respectively. These results firmly 
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substantiate that the MSFM, by synergistically combining long-range dependency mod-
eling with dynamic feature scanning, attains a “1 + 1 > 2” collaborative gain, thereby vali-
dating the efficacy of its internal design. 

Group 6, which augments the MSFM with the MSEC module, further elevates mAP50 
to 88.6%. Group 7, incorporating the SSEM in addition to the MSFM, raises recall by 0.7 
percentage points to 82.2% relative to Group 5. In contrast, Groups 8 and 9, which employ 
only a single frequency-domain branch—namely, the MSFM with the amplitude-spec-
trum enhancement branch and the MSFM with the phase-spectrum enhancement branch, 
respectively—exhibit performance degradation, achieving mAP50 scores of 87.7% and 
87.4%. Their mAP and recall values also fall below those of the multi-module combination 
schemes, indicating that the standalone use of either the amplitude or phase branch can-
not fully unleash the potential of frequency-domain enhancement. 

To investigate the influence of pooling strategies, Group 10 (employing average pool-
ing only) and Group 11 (employing max pooling only) were evaluated, both exhibiting 
conspicuous performance deficiencies, with mAP50 scores of 87.8% and 87.6%, respec-
tively. Ultimately, the complete M2CA-FFM model incorporating the hybrid pooling fea-
ture preprocessing mechanism (Group 12) achieves the best overall performance across 
all metrics, attaining an mAP50 of 89.4% and a recall of 83.8%. Under nearly identical 
parameter budgets, this model outperforms its average-pooling-only counterpart by 1.6 
percentage points in mAP50, 0.4 percentage points in mAP, and 2.5 percentage points in 
recall; relative to the max-pooling-only scheme, the improvements are 1.8 and 1.3 percent-
age points in mAP50 and mAP, respectively. In terms of per-category detection perfor-
mance, compared with Groups 5, 6, and 7, the proposed model improves the AP50 for 
Motorcycle by 2.3–3.1 percentage points, raising it to 91.1%. More notably, relative to the 
two single-pooling baselines, the AP50 for extremely small targets, such as those under 
the Lamp category, surges from 78.2% and 77.9% to 84.9%, achieving substantial gains of 
6.7–7.0 percentage points, while the AP50 for medium-scale targets, such as those under 
the Motorcycle category, also increases by 3.1–5.3 percentage points. These comprehen-
sive results collectively demonstrate that hybrid pooling can adaptively integrate the ad-
vantages of both average and max pooling; when coupled with the three core modules—
the MSFM, MSEC, and SSEM—the model significantly enhances small-target recognition 
capability and effectively mitigates missed-detection issues. 

Table 2. Performance comparison on the M3FD dataset in terms of mAP50 and mAP. 

Group Modality Model Person Car Bus Motorcycle Lamp Truck mAP50 mAP R Param.(M) 
1 RGB YOLOv8 74.2 93.5 91.8 86.0 73.1 85.1 84.0 55.4 76.2 43.7 
2 IR YOLOv8 70.4 87.6 85.8 80.0 70.1 79.1 80.1 49.5 70.5 43.7 
3 RGB+IR YOLOv8-FD 79.3 91.0 86.4 88.9 82.2 84.5 85.4 56.8 72.6 63.23 
4 RGB+IR YOLOv8-DAS 88.8 94.0 79.9 89.9 80.7 84.0 86.2 57.1 74.1 62.38 
5 RGB+IR YOLOv8-C 88.9 94.4 92.4 88.0 79.3 84.6 88.0 60.1 81.5 67.07 
6 RGB+IR YOLOv8-C-M 88.7 94.7 93.9 88.4 80.3 85.5 88.6 60.1 81.6 68.45 
7 RGB+IR YOLOv8-C-S 88.1 94.5 93.2 88.8 79.8 86.6 88.5 60.2 82.2 70.71 
8 RGB+IR YOLOv8-C-Amp 86.6 94.3 93.0 85.1 81.1 86.2 87.7 58.4 81.6 69.38 
9 RGB+IR YOLOv8-C-Phs 84.7 94.0 92.3 83.9 80.8 88.9 87.4 59.1 81.2 68.35 

10 RGB+IR M2CA-FFM(Avg) 87.1 94.1 93.7 85.8 78.2 87.6 87.8 59.7 81.3 72.07 
11 RGB+IR M2CA-FFM(Max) 88.4 94.6 92.5 88.0 77.9 84.4 87.6 58.8 83.6 72.07 
12 RGB+IR M2CA-FFM(our) 88.9 94.7 92.4 91.1 84.9 84.4 89.4 60.1 83.8 72.07 

On the FLIR dataset, the visible-light single-modality YOLOv8 baseline (Group 1) 
achieves an mAP50 of 75.7% and an mAP of 38.6%, while the infrared single-modality 
counterpart (Group 2) yields 70.5% and 35.0%, respectively. Group 3, which incorporates 
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only the four-direction Mamba block into the dual-modality fusion model (YOLOv8-FD), 
attains an mAP50 of 83.9%, corresponding to an 8.2-percentage-point improvement over 
the visible-light baseline. This result preliminarily demonstrates the benefits of cross-
modal fusion combined with long-range dependency modeling. Group 4, integrating only 
the Dynamic Adaptive Scan (DAS) module (YOLOv8-DAS), further increases the mAP50 
to 86.5%, which is a 2.6-percentage-point gain over YOLOv8-FD, thereby validating the 
reinforcing effect of the dynamic scanning mechanism on infrared–visible feature align-
ment, as shown in Table 3. 

The introduction of the complete MSFM further amplifies the gains from dual-mo-
dality fusion. Group 5, equipped with the full MSFM, achieves a substantial increase of 
12.1 percentage points in mAP50 (reaching 87.8%) and 11.9 percentage points in mAP 
(reaching 51.5%). Relative to the standalone four-direction Mamba and DAS configura-
tions, mAP50 improves by 3.9 and 1.3 percentage points, respectively, once again corrob-
orating the synergistic optimization effect achieved by integrating both components 
within MSFM. Group 6, which augments the MSFM with the MSEC module, raises 
mAP50 to 88.0% while maintaining mAP at 51.5%. Group 7, incorporating the SSEM in 
addition to the MSFM, increases mAP to 51.6% with mAP50 remaining at 87.8%. In con-
trast, Groups 8 and 9, which introduce only the amplitude- and phase-spectrum enhance-
ment branches, respectively, exhibit performance degradation, achieving mAP50 scores 
of 87.8% and 87.2%, indicating that a single frequency-domain branch alone is insufficient 
to yield additional performance gains. 

With respect to the pooling strategy ablations, Group 10 (average pooling only) at-
tains an mAP50 of 87.3%, while Group 11 (max pooling only) achieves only 86.6%, both 
underperforming relative to the hybrid pooling scheme. The complete M2CA-FFM model 
equipped with the hybrid pooling mechanism emerges as the best-performing model on 
this dataset, achieving an mAP50 of 88.4% and a recall of 81.3%, with the AP50 for the 
Bicycle category reaching 83.2%, the highest among all experimental groups. This model 
consistently outperforms all single-component, single-module, dual-module, and single-
frequency-domain-branch configurations, intuitively demonstrating the significant syner-
gistic optimization effects of the three core modules—the MSFM, MSEC, and SSEM. 
Meanwhile, the hybrid pooling mechanism also exhibits favorable effectiveness on this 
dataset: compared with the average-pooling-only scheme, it yields improvements of 1.1 
percentage points in mAP50 and 0.4 percentage points in mAP; relative to the max-pool-
ing-only scheme, the gains are 1.8 and 1.5 percentage points, respectively. For the Bicycle 
category, which is susceptible to noise interference in infrared imaging, the AP50 increases 
from 81.7% and 80.5% to 83.2%, representing improvements of 1.5–2.7 percentage points, 
thereby reflecting the enhanced noise robustness conferred by hybrid pooling. Moreover, 
the AP50 for the Person category rises from 88.0% and 87.4% to 89.5%, with gains of 1.5–
2.1 percentage points, further verifying that hybrid pooling can effectively reinforce target 
contour features and demonstrating the general applicability of this mechanism. 

Meanwhile, despite achieving optimal overall performance across both datasets, 
M2CA-FFM does not attain the highest per-category AP50 for certain classes, specifically 
Bus and Truck on the M3FD dataset and Car on the FLIR dataset. Individual modules 
exhibit specialized enhancement advantages for large-scale rigid objects and contour-
dominated categories. However, since the complete model prioritizes global equilibrium 
and improvements on small and challenging targets as its core optimization direction, the 
focal concentration on local features becomes somewhat distributed under multi-module 
collaboration. 

Table 3. Performance comparison on the FLIR dataset in terms of mAP50 and mAP. 

Group Modality Model Person Car Bicycle mAP50 mAP R 
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1 RGB YOLOv8 71.8 86.1 69.2 75.7 38.6 68.8 
2 IR YOLOv8 68.8 79.1 68.0 70.5 35.0 60.7 
3 RGB+IR YOLOv8-FD 85.5 89.8 76.4 83.9 46.4 75.0 
4 RGB+IR YOLOv8-DAS 88.0 91.5 79.9 86.5 48.9 77.1 
5 RGB+IR YOLOv8-C 89.0 92.6 82.0 87.8 51.5 80.6 
6 RGB+IR YOLOv8-C-M 89.1 92.5 82.6 88.0 51.5 80.8 
7 RGB+IR YOLOv8-C-S 89.9 92.2 81.4 87.8 51.6 80.7 
8 RGB+IR YOLOv8-C-Amp 88.9 92.2 82.3 87.8 51.1 79.8 
9 RGB+IR YOLOv8-C-Phs 87.8 91.0 82.9 87.2 50.5 80.9 

10 RGB+IR M2CA-FFM(Avg) 88.0 92.1 81.7 87.3 51.1 81.0 
11 RGB+IR M2CA-FFM(Max) 87.4 91.8 80.5 86.6 50.0 79.1 
12 RGB+IR M2CA-FFM (ours) 89.5 92.5 83.2 88.4 51.5 81.3 

The convergence process of the learnable weight parameters in the hybrid pooling 
mechanism is analyzed. The results indicate that parameter 𝛼 undergoes rapid adjust-
ment during the early stage of training and gradually converges to a stable interval in the 
later stage, demonstrating that the model can adaptively learn the optimal fusion ratio 
between the two pooling strategies throughout the training process. Based on the M3FD 
dataset, the convergence curves of the learnable weight parameters for the visible and 
infrared modalities are presented in Figure 11, where w1 denotes 𝛼 and w2 denotes 1−𝛼. 

  
(a) Visible-modal learnable weight convergence (b) Infrared-modal learnable weight convergence 

Figure 11. Convergence curves of learnable weight parameters. 

4.4. Visual Interpretation 

To assess the detection performance of M2CA-FFM across varying scenarios, infer-
ence tests were conducted on typical scenes extracted from the FLIR, M3FD, VEDAI, and 
OPVM-VIRD datasets for comparison with the ICAFusion method. The qualitative com-
parison results for the three datasets have the same layout; the three columns present, 
respectively, the ground-truth bounding boxes as the accuracy reference, the detection 
output from ICAFusion, and the results produced using our M2CA-FFM algorithm. 

Figure 12 compares the detection performance of M2CA-FFM and ICAFusion across 
representative scenes from the FLIR dataset. 
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Scene 1 (Visible Light) 

   
Scene 1 (Infrared) 

   
Scene 2 (Visible Light) 

Scene 2 (Infrared) 

   
Ground truth ICAFusion M2CA-FFM 

Figure 12. Visual comparison of detection results based on the FLIR dataset. 

The visualization results clearly show that in Scene 1, the ICAFusion algorithm 
missed detecting a car target in the center of the background, while the M2CA-FFM algo-
rithm fully utilized the thermal radiation features of the infrared mode and the edge in-
formation of the visible light mode to detect all targets in the scene and thereby demon-
strate stronger target detection capabilities. In Scene 2, the ICAFusion algorithm failed to 
detect backlit targets in the visible light background image and mistakenly detected inter-
fering heat sources as vehicles in the infrared background image, resulting in false detec-
tions. In contrast, the M2CA-FFM algorithm successfully detected all targets in the dense 
crowd without any false detections, and the detection bounding box positions were con-
sistent with the height of the ground-truth bounding boxes. 

Based on images from the M3FD dataset, Figure 13 compares the detection results of 
the M2CA-FFM and ICAFusion algorithms on typical scenes. 
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Scene 1 (Visible Light) 

   
Scene 1 (Infrared) 

   
Scene 2 (Visible Light) 

   
Scene 2 (Infrared) 

   
Ground truth ICAFusion M2CA-FFM 

Figure 13. Visual comparison of detection results based on the M3FD dataset. 

The visualization results clearly show that in Scene 1, the ICAFusion algorithm 
missed pedestrian targets under low-light conditions and failed to detect overlapping pe-
destrian targets. In contrast, the M2CA-FFM algorithm detected all targets in the scene, 
overcoming interference from low light by integrating infrared features and demonstrat-
ing stronger target detection capabilities. In Scene 2, the ICAFusion algorithm failed to 
detect smaller traffic light targets. By contrast, M2CA-FFM accurately identified small tar-
gets, with its detection box positions aligning closely with the ground-truth bounding 
boxes. 

Figure 14 compares the detection performance of M2CA-FFM and ICAFusion on rep-
resentative scenes from the VEDAI dataset. 
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Scene 1 (Visible Light) 

   
Scene 1 (Infrared) 

   
Scene 2 (Visible Light) 

   
Scene 2 (Infrared) 

   
Ground truth ICAFusion M2CA-FFM 

Figure 14. Visual comparison of detection results based on the VEDAI dataset. 

The visualization results clearly show that in Scene 1, the ICAFusion algorithm 
missed detecting adjacent vehicle targets and failed to detect the tractor target. In contrast, 
the M2CA-FFM algorithm detected all targets in the scene, demonstrating stronger target 
detection capabilities by integrating infrared features. In Scene 2, the ICAFusion algorithm 
failed to detect vehicle targets under low-light conditions and highly interfering vehicle 
targets. By contrast, M2CA-FFM accurately identified small targets, with its predicted 
bounding box height closely matching the ground-truth box height. 

Figure 15 compares the detection performance of M2CA-FFM and ICAFusion on rep-
resentative scenes from the OPVM-VIRD dataset. 
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Scene 1 (Visible Light) 

   
Scene 1 (Infrared) 

   
Scene 2 (Visible Light) 

  
Scene 2 (Infrared) 

   
Ground truth ICAFusion M2CA-FFM 

Figure 15. Visual comparison of detection results based on the OPVM-VIRD dataset. 

The visualization results clearly show that in Scene 1, tree branches and leaves par-
tially obscure the human target. Simultaneously, the thermal accumulation effect of the 
leaves degrades the infrared thermal features of the target. The ICAFusion algorithm ex-
hibits significant false negatives and missed detections of the person target obscured by 
branches and leaves. In contrast, M2CA-FFM successfully captures all targets in the scene, 
effectively offsetting information loss from degraded single-modal features and exhibiting 
superior detection performance. In Scene 2, the ICAFusion algorithm mistakenly detects 
shadows as vehicle targets, with infrared features acting as interference. In comparison, 
the M2CA-FFM algorithm, based on texture features rich in visible light information, suc-
cessfully detects all targets, and its detection bounding box positions are consistent with 
the height of the ground-truth annotations. 

The visualization results and qualitative analysis across the three datasets corrobo-
rate the experimental findings of the comparative experiments, leading to the following 
main conclusions: The M2CA-FFM algorithm proposed in this paper effectively addresses 
the limitations of traditional dual-modal fusion algorithms, such as sensitivity to single-
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modal imaging quality and susceptibility to false negatives and missed detections in com-
plex scenes. 

Compared to the mainstream ICAFusion algorithm, the M2CA-FFM algorithm 
demonstrates superior target detection capabilities, higher accuracy, and stronger envi-
ronmental robustness in various challenging scenarios, including low-light, long-distance 
scenarios; dense targets; partial occlusion; and strong background interference. This 
method fully exploits the complementary information between visible and infrared mo-
dalities, effectively offsetting the inherent limitations of single-modal imaging. It sustains 
high-precision detection across diverse real-world complex environments, further con-
firming the effectiveness and generalization capability of the proposed approach. 

4.5. Comparative Experiments 

4.5.1. Performance Comparison 

This section compares the performance of the M2CA-FFM model on the general da-
tasets FLIR, M3FD, and VEDAI, as well as the self-built dataset OPVM-VIRD, verifying 
its generalization ability on different datasets and its strong robustness in different envi-
ronments. 

On the FLIR dataset, the proposed M2CA-FFM achieves the best performance across 
both mAP50 and mAP metrics, attaining 88.4% and 51.5%, respectively. It outperforms 
the state-of-the-art dual-modal algorithm DEYOLO by 1.9% and 1.1%, FusionMamba by 
3.5% and 4.5%, and ICAFusion by 5.0% and 10.1%, respectively. These results indicate that 
our algorithm not only achieves higher detection accuracy under conventional thresholds 
(as evidenced by the mAP50 advantage) but also maintains stable localization precision 
and classification confidence under stringent IoU thresholds (as reflected by the mAP ad-
vantage). Notably, the mAP improvement of 10.1% over ICAFusion sufficiently demon-
strates the effectiveness of M2CA-FFM’s cross-modal attention mechanism and frequency-
domain feature modulation in fine-grained detection. Furthermore, compared with the 
single-modality RGB YOLOv8 baseline (75.7%/38.6%), M2CA-FFM achieves substantial 
gains of 12.7 percentage points in mAP50 and 12.9 percentage points in mAP, corroborat-
ing the robustness advantages of dual-modality fusion under extreme illumination con-
ditions and adverse weather scenarios, as shown in Table 4. 

Table 4. Comparative experimental results on the FLIR dataset. 

Dataset Modality Detector mAP50 mAP 

FLIR 

RGB YOLOv8 75.7 38.6 
IR YOLOv8 70.5 35.0 

RGB+IR FusionMamba 84.9 47.0 
RGB+IR FD2-Net 82.9 - 
RGB+IR MFYOLO 83.6 - 
RGB+IR DEYOLO 86.5 50.4 
RGB+IR ICAFusion 83.4 41.4 
RGB+IR M2CA-FFM(our) 88.4 51.5 

On the M3FD dataset, the proposed M2CA-FFM also achieves the best detection per-
formance, attaining an mAP50 of 89.4% and an mAP of 60.1%. Compared with the main-
stream dual-modality algorithms DEYOLO and MFYOLO, it yields improvements of 2.9% 
and 1.5% over DEYOLO and 5.2% and 3.5% over MFYOLO, respectively. Relative to ICA-
Fusion, M2CA-FFM achieves a substantial mAP improvement of 12.9%, alongside a 7.2% 
gain in mAP50. The concurrent superiority in both mAP50 and mAP indicates that M2CA-



Remote Sens. 2026, 18, 2329 29 of 34 
 

https://doi.org/10.3390/rs18142329 

FFM not only attains higher detection rates under conventional thresholds but also exhib-
its remarkable advantages in fine-grained localization and confidence-calibrated classifi-
cation. Furthermore, in comparison with the single-modality RGB YOLOv8 baseline 
(84.0%/55.4%), the proposed method outperforms it by 5.4 percentage points in mAP50 
and 4.7 percentage points in mAP. These results further corroborate that the visible and 
infrared modalities achieve effective complementary enhancement through cross-modal 
attention and frequency-domain feature modulation and that this advantage remains con-
sistently valid under the complex multimodal scenarios of the M3FD dataset, as shown in 
Table 5. 

Table 5. Comparative experimental results on the M3FD dataset. 

Dataset Modality Detector mAP50 mAP 

M3FD 

RGB YOLOv8 84.0 55.4 
IR YOLOv8 80.1 49.5 

RGB+IR FD2-Net 83.5 - 
RGB+IR MFYOLO 84.2 56.6 
RGB+IR DEYOLO 86.5 58.6 
RGB+IR ICAFusion 82.2 47.2 
RGB+IR M2CA-FFM(our) 89.4 60.1 

On the VEDAI dataset, the proposed M2CA-FFM also achieves the best performance, 
attaining 73.5% in mAP50 and 46.0% in mAP. It surpasses the mainstream dual-modal 
algorithm DEYOLO by 0.9% and 0.7%, respectively. Although the absolute improvements 
appear marginal, it should be noted that in aerial scenarios such as VEDAI—characterized 
by dense small targets and complex backgrounds—the detection difficulty is substantially 
higher than that of conventional road scenes, where even minor gains signify meaningful 
enhancements in feature discriminability. More notably, compared with ICAFusion, 
M2CA-FFM achieves a 5.7% improvement in mAP50 and a substantial 9.2% improvement 
in mAP, demonstrating concurrent superiority on both metrics with a narrower perfor-
mance gap, which indicates that the cross-modal attention and frequency-domain modu-
lation mechanisms of M2CA-FFM effectively enhance edge details and semantic represen-
tations of small targets. Furthermore, compared with the unimodal RGB YOLOv8 baseline 
(68.9%/43.1%), our method yields improvements of 4.6% in mAP50 and 2.9% in mAP, val-
idating that visible–infrared fusion confers significant gains for small-target detection in 
aerial perspectives and that such gains are stably propagated to high IoU thresholds, un-
derscoring the model’s robust advantage in fine-grained localization, as shown in Table 6. 

Table 6. Comparative experimental results on the VEDAI dataset. 

Dataset Modality Detector mAP50 mAP 

VEDAI 

RGB YOLOv8 68.9 43.1 
IR YOLOv8 65.0 42.1 

RGB+IR DEYOLO 72.6 45.3 
RGB+IR ICAFusion 67.8 36.8 
RGB+IR M2CA-FFM(our) 73.5 46.0 

On the self-constructed UAV-borne OPVM-VIRD dataset, the proposed M2CA-FFM 
achieves outstanding performance, attaining 95.7% in mAP50 and 70.3% in mAP. Com-
pared with DEYOLO—which yields the same mAP of 70.3%—M2CA-FFM outperforms it 
by 2.2% in mAP50, indicating more comprehensive detection under conventional thresh-
olds. Relative to ICAFusion, M2CA-FFM achieves a 10.3% improvement in mAP50 and a 
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substantial 15.5% improvement in mAP. More notably, CFT attains only 82.7% in mAP50 
and 47.6% in mAP, both of which are significantly surpassed by our method by over 13% 
and 22.7%, respectively. These results strongly validate that, in complex low-altitude UAV 
scenarios characterized by mixed pedestrian–vehicle traffic and partial occlusions, M2CA-
FFM not only exhibits superior target recall capability but also maintains excellent locali-
zation accuracy and detection confidence under stringent IoU thresholds, thereby achiev-
ing concurrent superiority in both mAP and mAP50. Furthermore, compared with the 
unimodal RGB YOLOv8 baseline (93.5%/68.0%), our method yields improvements of 2.2% 
in mAP50 and 0.3% in mAP, further demonstrating that visible–infrared fusion consist-
ently delivers stable gains in complex dynamic UAV-borne scenarios, as shown in Table 
7. 

Table 7. Comparative experimental results on the OPVM-VIRD dataset. 

Dataset Modality Detector mAP50 mAP 

OPVM-VIRD 

RGB YOLOv8 93.5 68.0 
IR YOLOv8 85.5 55.2 

RGB+IR CFT 82.7 47.6 
RGB+IR DEYOLO 93.5 70.3 
RGB+IR ICAFusion 85.4 54.8 
RGB+IR M2CA-FFM(our) 95.7 70.3 

4.5.2. Comparison of Computational Complexity and Speed 

To evaluate the deployment potential of the proposed M2CA-FFM method in re-
source-constrained environments, we established an inference validation system based on 
an edge computing platform in a laboratory setting (as illustrated in Figure 15). The hard-
ware core of this system employed the Huawei Atlas 200I DK A2 development kit, 
equipped with the Ascend 310B AI processor (providing 20 TOPS INT8/10 TFLOPS FP16 
computational power) and 4 GB LPDDR4X memory, designed to simulate the computa-
tional constraints of industrial-grade UAV payloads. The perception front-end was 
equipped with a dual-optical camera (PDL-1K) integrating visible-light and infrared mod-
ules for the synchronous acquisition of dual-spectral data (as illustrated in Figure 16). 

At the software level, we trained the model using the PyTorch 2.7.0 framework and 
subsequently performed model conversion and quantization through the Huawei CANN 
toolchain to accommodate the inference acceleration requirements of the on-device NPU. 
Note that this stage of experimentation primarily focused on benchmarking the inference 
performance of the algorithmic model itself, rather than conducting end-to-end full-link 
testing, encompassing data transmission and flight control. During the experiments, the 
input image resolution was uniformly fixed at 640 × 640. 

 

Figure 16. M2CA-FFM algorithm, UAV-based inference, and verification system. 

This experiment compared the computational complexity between the proposed 
M2CA-FFM and mainstream multispectral object detection methods, including CFT and 
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ICAFusion. As shown in Table 8, the results demonstrate that, owing to the efficient fea-
ture fusion design, our method achieves a substantial reduction in resource consumption 
while maintaining high detection performance: it comprises only 72.07 M parameters and 
incurs a computational cost of 134.41 G FLOPs. Compared with CFT and ICAFusion, the 
proposed method exhibits substantial advantages in both the model parameter count and 
computational overhead, demonstrating potential for real-time processing on embedded 
devices. These favorable properties lay a solid foundation for its future deployment and 
practical application in unmanned aerial vehicle (UAV) platforms. 

Table 8. Complexity and speed comparison. 

Method Params.(M) FLOPs (G) 
CFT 206.3 224.40 

ICAFusion 120.23 201.12 
M2CA-FFM 72.07 134.41 

5. Conclusions 
To address the industry challenges of existing visible–infrared dual-modal target de-

tection algorithms, such as the susceptibility of spatial domain fusion to noise interference, 
the limitation of low-frequency redundant information on feature representation, the in-
sufficient global modeling capabilities of CNN models, and the excessive computational 
complexity of Transformer architectures, we introduce a dual-modal target detection al-
gorithm leveraging multi-direction Mamba cross-attention fusion. It integrates the global 
modeling capability and linear complexity of the Mamba architecture with frequency-do-
main feature enhancement. Our approach strengthens single-modal feature extraction 
and long-range dependency modeling while keeping the parameter count low, striking a 
balance between detection accuracy and inference efficiency. To verify the algorithm’s ac-
tual performance and generalization ability, systematic experimental tests were con-
ducted on four datasets: FLIR, M3FD, VEDAI, and OPVM-VIRD. Our M2CA-FFM algo-
rithm attained mAP50 scores of 88.4%, 89.4%, 73.5%, and 95.7% across the four datasets, 
respectively, comprehensively outperforming single-modal baseline algorithms and 
mainstream Transformer dual-modal fusion algorithms such as ICAFusion. Ablation ex-
periments verified the effectiveness of the MSEC module, SSEM, and MSFM, as well as 
the significant synergistic effect among them. Visualization results further confirm the al-
gorithm’s strong detection capability and robustness under challenging conditions such 
as low illumination, heavy occlusion, small objects, and dense scenes. Our work not only 
delivers a high-accuracy solution for visible–infrared dual-modal detection but also intro-
duces a new perspective for applying the Mamba architecture to cross-modal fusion tasks. 
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