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Abstract

Compared to images, videos better reflect real-world acqui-
sition and possess valuable temporal cues. However, exist-
ing multi-sensor fusion research predominantly integrates
complementary context from multiple images rather than
videos due to the scarcity of large-scale multi-sensor video
datasets, limiting research in video fusion and the inherent
difficulty of jointly modeling spatial and temporal depen-
dencies in a unified framework. To this end, we construct
M3SVD, a benchmark dataset with 220 temporally synchro-
nized and spatially registered infrared-visible videos com-
prising 153, 797 frames, bridging the data gap. Secondly,
we propose VideoFusion, a multi-modal video fusion model
that exploits cross-modal complementarity and temporal
dynamics to generate spatio-temporally coherent videos
from multi-modal inputs. Specifically, 1) a differential re-
inforcement module is developed for cross-modal informa-
tion interaction and enhancement, 2) a complete modality-
guided fusion strategy is employed to adaptively integrate
multi-modal features, and 3) a bi-temporal co-attention
mechanism is devised to dynamically aggregate forward-
backward temporal contexts to reinforce cross-frame fea-
ture representations. Experiments reveal that VideoFu-
sion outperforms existing image-oriented fusion paradigms
in sequences, effectively mitigating temporal inconsis-
tency and interference. Project and M3SVD: https:
//github.com/Linfeng-Tang/VideoFusion.

1. Introduction
Single-type sensors capture information from a limited per-
spective, making it challenging to comprehensively charac-
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Figure 1. Image-oriented fusion vs. video fusion.

terize imaging scenarios [49]. For instance, visible sensors
rely on reflected light to capture detailed textures but are
vulnerable to environmental factors. In contrast, infrared
sensors leverage thermal radiation to highlight salient tar-
gets effectively, yet they lack fine-grained texture represen-
tation. Consequently, multi-sensor fusion, which integrates
complementary information from diverse sensors to over-
come the limitations of single-type sensors, has garnered
considerable attention [9]. Among these, infrared and vis-
ible sensor fusion has emerged as a prominent research fo-
cus, demonstrating great potential in military detection [24],
security surveillance [53], assisted driving [1].

Earlier multi-sensor fusion studies primarily focused
on image fusion, introducing various sophisticated net-
works, such as auto-encoders [11], convolutional neural
networks [18], generative adversarial networks [21], Trans-
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formers [23], and diffusion models [57], in pursuit of su-
perior visual perception. Moreover, some semantic-driven
methods [32], considering semantic demands of down-
stream tasks, are proposed to reinforce the bond between
image fusion and high-level vision tasks[16, 55]. Be-
sides, some joint registration and fusion proposals [43],
and degradation-robust solutions [34] are also designed to
cope with interference factors encountered in the imaging
process. Particularly, degradation-robust methods leverage
cross-modal complementary context to suppress degrada-
tion and directly generate high-quality fusion results [50],
expanding the application scope of image fusion.

Although these methods achieve satisfactory perfor-
mance, they neglect a crucial aspect that in practical appli-
cations, multi-modal sensors typically capture continuous
video sequences rather than independent static frames, as
illustrated in Fig. 1 (a). However, existing multi-sensor fu-
sion methods are tailored for static images, primarily due to
the lack of large-scale multi-modal video datasets. Con-
sequently, they exploit cross-modal complementary fea-
tures while overlooking inherent temporal dependencies
in videos. It is worth noting that naively extending im-
age fusion to frame-wise video fusion (Fig. 1 (b)) ignores
inter-frame complementarity and introduces temporal in-
coherence, leading to inter-frame flickering artifacts, as
shown in Fig. 1 (d). Furthermore, recent advances in video
restoration have demonstrated that temporal cues play a cru-
cial role in mitigating visual degradations such as deblur-
ring [27], deraining [14], and low-light enhancement [20].

In this work, we first construct M3SVD, a multi-modal
multi-scene video dataset with 220 temporally synchro-
nized and spatially aligned infrared-visible videos totaling
153, 797 frames. Moreover, we propose a spatio-temporal
collaborative video fusion network (VideoFusion), as pre-
sented in Fig. 1(c), to exploit temporal cues and cross-
modal complementarity for robust representation. On the
one hand, existing studies indicate that different modalities
are typically complementary but also contain redundant in-
formation [45]. Thus, we design a cross-modal differen-
tial reinforcement module that exploits the complementary
yet non-redundant information across modalities to achieve
cross-modal information interaction and enhancement. Ad-
ditionally, we develop a complete modality-guided fusion
module to integrate enhanced features, which employs the
sum of comprehensive infrared and visible features as a
query to aggregate cross-modal complementarity. On the
other hand, recognizing that cross-frame features offer dy-
namic cues to enrich scene representation, we devise a bidi-
rectional temporal co-attention mechanism to integrate in-
formative features from neighboring frames in both forward
and backward directions into the current frame. By combin-
ing forward and backward attention, it effectively leverages
temporal cues. To this end, the proposed method leverages

complementary information across modalities and exploits
temporal cues across frames to produce high-quality fused
videos from degraded inputs, as illustrated in Fig. 1(d). In
summary, our main contributions are as follows:
- A multi-modal multi-scene video dataset (M3SVD), com-

prising 220 temporally synchronized and spatially regis-
tered infrared-visible videos with 153, 797 frames, is con-
structed as the large-scale benchmark for video fusion,
restoration, registration, and related areas.

- We propose a spatio-temporal collaborative network for
infrared and visible video fusion, pioneering the joint
modeling of cross-modal complementarity and across-
frame temporal cues, advancing video fusion tasks.

- We devise a bi-temporal co-attention mechanism with a
variational consistency loss to exploit forward and back-
ward temporal cues, coupled with a differential reinforce-
ment module to harness cross-modal complementary con-
text for information restoration and integration.

2. Related Work

2.1. Image Fusion
At an early stage, image fusion methods primarily focus
on aggregating cross-modal complementary information to
enhance visual perception. Elaborate network architec-
tures, including CNN [42, 59], AE [11, 12], GAN [15, 50],
Transformer [23, 56], and diffusion models [35, 57], along
with loss functions, such as intensity [22], gradient [48],
SSIM [23] and perceptual [54] losses, are employed to pre-
serve source-consistent meaningful information, effectively
enhancing human visual perception. In particular, consider-
ing semantic requirements of downstream tasks, researchers
proposed semantic-driven algorithms that leverage semantic
segmentation [16, 32, 51] or object detection [15, 55] to en-
hance semantic preservation in fusion networks. Moreover,
integrated registration and fusion frameworks [13, 31, 43]
are introduced to simultaneously achieve alignment and fu-
sion, mitigating parallax and distortion in real-world imag-
ing and reducing artifacts in fusion results. Furthermore,
degradation-robust paradigms [34, 36, 46, 52] are proposed
to counteract degradation interference in the imaging pro-
cess. However, these algorithms only leverage limited in-
formation available in static images to enrich scene repre-
sentation, thereby failing to fully harness the potential of
temporal cues inherent in video sequences.

2.2. Video Fusion
A few studies have recently focused on video fusion, such
as RCVS [41], saPIDFuse [37], and DFTP [7]. Specifically,
Xie et al. developed a unified registration and fusion frame-
work for video streams [41]. However, these methods either
adopt frame-by-frame strategies or rely on handcrafted fea-
tures for temporal modeling, thus limiting the exploitation

2



Table 1. Comparison of aligned multi-modal datasets.

Datasets Temporal Video nums Image pairs Resolution Challenging scenarios

Low-light Over-exp. Disguise Occlusion

RoadScene No – 221 768×576 ✓ ✓ ✗ ✗
MSRS No – 1,444 640×480 ✓ ✓ ✗ ✗
M3FD No – 4,200 1024×768 ✓ ✓ ✗ ✓
FMB No – 1,500 800×600 ✓ ✓ ✗ ✓
LLVIP No – 15,488 1280×1024 ✓ ✓ ✗ ✗
TNO Yes 3 114 768×576 ✓ ✗ ✗ ✓
INO Yes 15 12,695 328×254 ✗ ✓ ✗ ✗
HDO Yes 24 7,500 640×480 ✓ ✓ ✗ ✗
M3SVD Yes 220 153,797 640×480 ✓ ✓ ✓ ✓

Multi-frame distorted images Multi-frame calibrated images

Calibration

(a) Radial Distortion Calibration

Registration

(b) Image Registration

Aligned visible sequences

Aligned infrared sequences

𝑑𝑑 = (𝑘𝑘1,𝑘𝑘2, 𝑝𝑝1, 𝑝𝑝2,𝑘𝑘3)
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Figure 2. Schematic of image calibration and registration.

of temporal cues and harming temporal consistency. Our
concurrent works, including TemCoCo [6] and UniVF [58],
attempt to directly aggregate video sequences to alleviate
inter-frame jitter. However, they depend on DCN or optical
flow for inter-frame information compensation. DCN es-
timates frame-to-frame offsets in an unsupervised manner,
which may lead to instability, while optical flow networks,
typically trained on visible images, struggle to generalize
across multi-modal datasets. This work explores the poten-
tial of attention mechanisms to adaptively aggregate cross-
modal and temporal complementary information, providing
a more comprehensive and robust scene representation.

3. Multi-Modal Multi-Scene Video Dataset
As shown in Tab. 1, although multiple multi-modal datasets
have been developed for image fusion tasks, most existing
datasets (e.g., RoadScene [42], MSRS [33], M3FD [15],
and FMB [17]) focus on static image pairs, lacking tem-
poral coherence and limiting their applicability to dynamic
scenarios. Only a small subset (e.g., TNO [38], INO,
and HDO [41]) incorporate temporal information, yet these
video datasets remain scarce and critically underdeveloped.
For instance, TNO has limited data, INO suffers from low
resolution, and HDO exhibits poor imaging quality, with
all covering only a narrow range of scenarios. Additional
dataset comparisons are included in the Suppl. Material.

Therefore, we construct a multi-modal multi-scene video
dataset (M3SVD) with a synchronized dual-spectral imag-
ing system1, to support standardized training and evalua-
tion of multi-modal video fusion. The acquisition setup
comprises: 1) an uncooled infrared sensor (7.5 ∼ 14µm
spectral response, 640 × 480 resolution, @30FPS), and 2)
a visible CMOS sensor (1920×1080 resolution, @30FPS).
As shown in Fig. 2, we first employ the Matlab Camera

1https://www.magnity.com.cn/product/id/76.html
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Figure 3. Visualization of various scenarios in M3SVD dataset.

Calibrator with the checkerboard calibration plate to cor-
rect the radial distortion in both sensors. Second, due to
the non-coincident optical centers and scale variations be-
tween two sensors, image registration is necessary. Given
the 3.5cm inter-optical-axis distance between the sensors,
the transformation between infrared and visible frames can
be effectively approximated by a homography matrix H. To
enhance the stability of the registered videos, we estimate
a single H for one video pair. We uniformly sample image
pairs from multi-modal videos to establish precise corre-
spondences using ReDFeat [5], XCP-Match [44], and MIN-
IMA [29], followed by MAGSAC++ [2] to estimate H. Fi-
nally, we register each infrared frame to the corresponding
downsampled visible frame using H, resulting in infrared
and visible videos with a resolution of 640×480 at 30 FPS.

As shown in Fig. 3, M3SVD encompasses daytime,
nighttime, and challenging scenarios, covering diverse lo-
cations such as parks, lakes, sports fields, food streets, and
crossroads. The challenging scenes involve typical multi-
modal application surroundings such as disguise, occlusion,
low light, and overexposure. In total, we collect 220 time-
synchronized and spatially aligned multi-modal videos with
153, 797 frames, spanning 100 distinct scenes.

4. Methodology
4.1. Overview
Our workflow is illustrated in Fig. 4 (a). Given low-quality
source videos {Ṽ i

ir}Ti=1 (Ṽ i
ir ∈ R1×H×W ) and {Ṽ i

vi}Ti=1

(Ṽ i
vi ∈ R3×H×W ), we propose a spatio-temporal collabora-

tive network to generate a high-quality fused video {V i
f }Ti=1

(V i
f ∈ R3×H×W ), along with degradation-free infrared and

visible videos {V̂ i
ir}Ti=1 and {V̂ i

vi}Ti=1. In the encoding
stage, we first apply 3D convolution (Conv3D) to extract
shallow temporal features F1

x ∈ RT×C1×H×W , where x ∈
{ir, vi}. Then, a sequential architecture composed of down-
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Figure 4. The overall framework of our spatio-temporal collaborative video fusion network.

sampling layers, Conv3D, ResBlock, and a cross-modal dif-
ferential reinforcement module (CmDRM) is utilized to ex-
tract multi-scale temporal features Fn

x ∈ RT×Cn×Hn×Wn

for n ∈ {2, 3}. In particular, CmDRM enhances unimodal
representations by integrating cross-modal differential in-
formation. Subsequently, complete modality-guided fusion
modules are employed at multiple scales (n ∈ {1, 2, 3})
to aggregate cross-modal context and generate informative
fusion features Fn

f . To further enrich the feature repre-
sentation, transformer-based enhancement blocks are intro-
duced, followed by a bi-temporal co-attention module (Bi-
CAM) in the decoding stage. BiCAM establishes dynamic
temporal dependencies that go beyond Conv3D operations.
Finally, a fusion decoder reconstructs the high-quality fu-
sion video {V i

f }Ti=1, and a modality unmixing module with
dedicated infrared and visible decoders yields {V̂ i

ir}Ti=1 and
{V̂ i

vi}Ti=1. This design promotes degradation-invariant fu-
sion while preserving cross-modal information.

4.2. Network Architectures
4.2.1. Cross-modal Differential Reinforcement Module
Given that features from various modalities introduce
both complementary contexts and redundant informa-

tion [33, 45], the cross-modal differential reinforcement
module (CmDRM) first employs a cross-modal attention
mechanism to aggregate differential information from com-
plementary modalities, as illustrated in Fig. 4 (b). For
conciseness, we omit scale indices (n), hence F t

x ∈
RC×H×W (x ∈ {ir, vi}) denote infrared or visible features
of t-th frame. For instance, designating the visible modality
as primary and the infrared as auxiliary, the complementary
differential features for the primary modality are computed
as F t

d = F t
ir − F t

vi, which captures unique information in
the auxiliary modality. A 1× 1 convolution is then applied
to project F t

d into keys (kd) and values vd, while mapping
F t

vi as queries (qvi). The differentially reinforced features
can be formulated as:

F̃ t
vi = qvi ⊕ FFN

(
softmax

(qvikTd√
dk

)
vd

)
, (1)

where
√
dk is a scaling factor and FFN(·) denotes the feed-

forward network. Furthermore, given the distinct contribu-
tions of primary features and differentially reinforced fea-
tures to scene characterization, we devise a learnable con-
tribution measurement to integrate both components while
adaptively balancing their contributions. As shown in
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Fig. 4 (b), F t
x and F̃ t

x are first concatenated along the chan-
nel dimension. The result is then processed through convo-
lutional layers followed by average pooling to derive con-
tribution metric scores (w, w̃). The weighted features are
further refined through channel and spatial attention. The
final cross-modal reinforced features are formulated as:

F̃ t
xc

= (w̃ ∗ F̃ t
x) ∗ CA(w̃ ∗ F̃ t

x),

F̃ t
xs

= F̃ t
xc

∗ SA(F̃ t
xc
), F̂ t

x = w ∗ F t
x ⊕ F̃ t

xs
,

(2)

CA(·) and SA(·) here denote channel and spatial attention.

4.2.2. Complete Modality-guided Fusion Module
Although CmDRM enhances unimodal feature representa-
tions via cross-modal differential information, it remains
insufficient for comprehensive scene characterization. To
address this, we propose a complete modality-guided fu-
sion (CMGF) module to aggregate complementary con-
texts, as shown in Fig. 4 (c). We hypothesize that simply
summing features across modalities yields generic compre-
hensive features but lacks modality-specific expressiveness.
Thus, we project comprehensive features F t

c = F̂ t
ir + F̂ t

vi

as public queries qc to distill modality-specific information.
The modality-specific features are mapped to corresponding
keys (kir, kvi) and values (vir, vvi). The feature aggregation
process can be formulated as:

F t
f = qc ⊕ FFN

(
softmax

(qckTir√
dk

)
vir

)
⊕ FFN

(
softmax

(qckTvi√
dk

)
vvi

)
.

(3)

4.2.3. Bi-temporal Co-attention Module
Compared to frame-wise image fusion, video fusion better
exploit inter-frame dependencies to suppress disturbances
and maintain temporal coherence. However, solely relying
on Conv3d inadequately unleashes the inherent potential of
temporal cues. To this end, we propose a bi-temporal co-
attention module (BiCAM) to establish dense cross-frame
interactions via mutual attention, as shown in Fig. 4 (d).
Given the current frame feature F t

f , we first establish inter-
actions with neighboring frames through a standard multi-
head cross-attention mechanism:

At−1=softmax
(qtkt−1T

√
dk

)
,At+1=softmax

(qtkt+1T

√
dk

)
,

(4)
where qt is the shared query derived from the current frame
feature F t. The forward key/value kt−1/vt−1 and back-
ward key/value kt+1/vt+1 are projected from the previous
frame feature (F t−1

f ) and subsequent frame feature (F t+1
f ).

For boundary frames, we replicate the current frame as the
neighbor: F t−1

f = F t when t = 1 and F t+1
f = F t when

t = T (thus (kt−1, vt−1) = (kt, vt) or (kt+1, vt+1) =

(kt, vt)). A co-attention mechanism is then introduced to
enable bidirectional cross-temporal dynamic interactions:

Aco = softmax(At−1 ∗ At+1). (5)

Finally, we formulate cross-temporal aggregation as:

F̂ t
f = qt ⊕ FFN(Acov

t−1)⊕ FFN(Acov
t+1). (6)

Note that we deploy N consecutive BiCAMs that allowing
each frame to assimilate complementary cues from adja-
cent frames and access long-range cross-temporal contexts
using neighboring frames as mediators. This is analogous
to the shifted window mechanism in Swin Transformer [19].

4.2.4. Feature Enhancement and Modality Unmixing
The enhancement block employs the efficient transformer
from Restormer [47] as its core operator. The fusion de-
coder and infrared/visible decoder share a homogeneous
structure with this block to restore image representations.
Moreover, modality unmixing is performed on fusion fea-
tures via joint channel-spatial attention mechanisms [40].

4.3. Loss Functions
Adhering to the typical image fusion paradigm [23], our
framework first constructs intensity loss Lint, gradient
loss Lgrad, and color loss Lcolor to effectively preserve dis-
criminative information from multi-modal inputs. The def-
initions of Lint, Lgrad, Lcolor are as follows:

Lint =
1

HW

∑T
t=1 ∥V t

f −max(V t
vi, V

t
ir)∥1, (7)

Lgrad = 1
HW

∑T
t=1 ∥∇V t

f −max(∇V t
vi,∇V t

ir)∥1, (8)

Lcolor = 1
HW

∑T
t=1 ∥ΦCbCr(V

t
f )− ΦCbCr(V

t
vi)∥1, (9)

where {V t
ir, V

t
vi}Tt=1 denotes high-quality infrared-visible

videos, max(·) selects salient targets and textures, ∥ · ∥1
is the l1-norm, ∇ denotes the Sobel operator, and ΦCbCr(·)
converts RGB to CbCr. In particular, we use the Y channel
of V t

f and V t
vi in Lint and Lgrad. Moreover, we introduce

the scene fidelity loss Lsf to fully exploit the potential of
modality unmixing and infrared/visible decoder, defined as:

Lsf =
1

HW

∑
x∈{vi,ir}

∑T
t=1(∥V̂ t

x−V t
x∥1+∥∇V̂ t

x−∇V t
x |1).
(10)

Besides, we hypothesize that temporal variations of
static backgrounds in consecutive frames exhibit local
smoothness, while those of dynamic objects in fused or re-
stored videos should align with high-quality sources. This
hypothesis can be expressed formally as:{

E
[
∆V t

xbg

]
→ 0, (static backgrounds)

∥∆V t
fob

−∆V t
xob

∥1 → 0, (dynamic objects)
(11)
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(Ⅰ) Visualization results in the park scenario on M3SVD

(a) IR (Deg./En.) (b) VI (Deg./En.)

(d) LRRNet (e) MURF (f) DDFM

(j) RCVS

(h) TIMFusion (i) GIFNet(g) Tc-MoA

(k) TemCoCO (l) VideoFusion

(c) U2Fusion (a) IR (Deg./En.) (b) VI (Deg./En.)

(d) LRRNet (e) MURF (f) DDFM

(j) RCVS

(h) TIMFusion (i) GIFNet(g) Tc-MoA

(k) TemCoCO (l) VideoFusion

(c) U2Fusion

(Ⅱ) Visualization results in the shopping mall scenario on M3SVD

(a) IR (Deg./En.) (b) VI (Deg./En.)

(d) LRRNet (e) MURF (f) DDFM

(j) RCVS

(h) TIMFusion (i) GIFNet(g) Tc-MoA

(k) TemCoCO (l) VideoFusion

(c) U2Fusion

(Ⅲ) Visualization results in the nighttime scenario on HDO  

Figure 5. Qualitative comparison results on M3SVD and HDO datasets under degraded scenarios.

where ∆V t
x = V t+1

x − V t
x and x ∈ {ir, vi}. Thus, we de-

sign a variational consistency loss Lvar to prevent temporal
flickering artifacts in fusion results and restored videos:

Lvar=
1

HW

∑
x

∑T−1
t=1 (∥∆V t

f −∆V t
x∥1︸ ︷︷ ︸

Lfu
var

+∥∆V̂ t
x−∆V t

x∥1︸ ︷︷ ︸
Lx

var

). (12)

Finally, the total loss of VideoFusion is formulated as:

Ltotal =λint · Lint + λgrad · Lgrad +

λcolor · Lcolor + λsf · Lsf + λvar · Lvar,
(13)

where λint, λgrad, λcolor, λsf , and λvar are hyper-
parameters for balancing various losses.

5. Experiments
5.1. Configurations and Implementation Details
We set T = 7 during training due to GPU memory lim-
itations and T = 25 for testing. Other key parameters
are set as [N1, N2, N3] = [2, 2, 4] and [C1, C2, C3] =
[32, 64, 128]. The hyper-parameters balancing various
losses are empirically set as λgrad = 1, λsf = 10, λint =
15, λcolor = 100, λvar = 100. We train our VideoFusion
for 20 epochs using the AdamW optimizer with β1 = 0.9
and β2 = 0.999, and an initial learning rate of 1 × 10−4

decayed to 1 × 10−5 via cosine annealing. Training is
conducted on our M3SVD dataset with 200 videos, where
visible videos are degraded by Gaussian blur (kernel size
15, standard deviation in [0.9, 2.1]) and infrared videos by
stripe noise generated via a physics-inspired model [3]. Our
method is implemented on PyTorch. All experiments are
conducted on NVIDIA RTX 4090 GPUs and a 2.50 GHz
Intel Xeon Platinum 8180 CPU.

We compare fusion performance with SOTA image fu-
sion methods, including U2Fusion [42], LRRNet [12],

MURF [43], DDFM [57], TC-MoA [59], TIMFusion [18],
and GIFNet [4], as well as video fusion approaches, i.e.
RCVS [41] and TemCoCo [6], under degraded and normal
scenarios. We also employ SOTA video deblurring (i.e.,
DSTNet [25]) and video denoising (i.e., MDIVDNet [3])
algorithms to pre-enhance degraded videos for a fair com-
parison. Both MDIVDNet and DSTNet are retrained on
our dataset with their default configurations. Six metrics
are employed to comprehensively evaluate fusion meth-
ods from two perspectives, i.e., fusion quality and tempo-
ral consistency. Particularly, EN [30], MI [26], SD [28],
SSIM [39], and VIF [8] measure fusion quality, while
flowD [6] assesses temporal coherence between frames.

5.2. Fusion Performance Comparison
Qualitative results under degraded scenarios on M3SVD
and HDO datasets are presented in Fig. 5. As illustrated
in Fig. 5 (I)-(II), U2Fusion, LRRNet, MURF, DDFM, TIM-
Fusion, and GIFNet struggle to preserve prominent targets
in the infrared videos, with MURF and TIMFusion intro-
ducing artifacts. Among video-based schemes, RCVS in-
troduces more artifacts and reduces the overall brightness
distribution of fusion results. TemCoCo, on the other hand,
suffers from significant blur, despite it attempts to leverage
temporal cues to mitigate degradation. This suggests that its
information aggregation and restoration modules still have
inherent limitations. In contrast, our VideoFusion effec-
tively integrates complementary information and temporal
contexts, producing clearer and more comprehensive scene
representations. In nighttime scenes from the HDO dataset,
as shown in Fig. 5 (III), video fusion approaches includ-
ing TemCoCo and VideoFusion not only enhance details but
also highlight significant targets, such as pedestrians.

Quantitative evaluations on 20 videos each from
M3SVD and HDO dataset are shown in Tab. 2. Video-
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Table 2. Quantitative comparison on the M3SVD and HDO datasets under degraded scenarios. Each video in M3SVD and HDO contains
200 and 150 frames, respectively. The best and second-best results are highlighted in Red and Purple, respectively.

Multi-Modal Multi-Scene Video Dataset (M3SVD) High-quality Dual-Optical Dataset (HDO)
Methods EN ↑ MI ↑ SD ↑ SSIM ↑ VIF ↑ flowD ↓ EN ↑ MI ↑ SD ↑ SSIM ↑ VIF ↑ flowD ↓

U2Fusion [42] 6.904 2.490 35.731 0.600 0.439 6.547 7.015 1.993 48.473 0.560 0.385 8.723
LRRNet [12] 6.889 3.120 38.251 0.609 0.452 6.874 6.787 2.026 42.415 0.523 0.325 8.224
MURF [43] 6.185 1.825 22.731 0.543 0.271 6.840 6.599 1.718 32.640 0.532 0.324 9.410
DDFM [57] 6.750 2.656 32.000 0.609 0.448 6.778 7.019 2.017 42.614 0.566 0.381 7.546
TC-MOA [59] 7.095 2.800 42.412 0.593 0.516 5.102 7.431 2.089 52.766 0.543 0.460 8.846
TIMFusion [18] 7.063 3.015 50.824 0.580 0.409 5.890 6.639 1.998 53.146 0.481 0.339 7.221
GIFNet [4] 7.042 2.548 44.207 0.580 0.389 6.294 7.106 1.901 59.287 0.53 0.349 9.318
RCVS [41] 6.551 1.979 37.468 0.585 0.471 6.443 7.229 1.992 56.277 0.519 0.415 9.677
TemCoCo [6] 7.174 3.548 50.421 0.597 0.490 4.378 7.352 2.402 57.001 0.573 0.473 6.964
VideoFusion 7.167 4.008 52.465 0.632 0.526 3.294 7.288 2.682 57.024 0.582 0.475 6.098

Table 3. Quantitative comparison results on the M3SVD dataset
under normal scenarios, where each video contains 200 frames.

Methods EN ↑ MI ↑ SD ↑ SSIM ↑ VIF ↑ flowD ↓
U2Fusion [42] 6.935 2.659 36.316 0.614 0.505 6.615
LRRNet [12] 6.876 3.219 37.736 0.618 0.488 7.473
MURF [43] 6.209 1.915 22.844 0.546 0.310 7.373
DDFM [57] 6.777 2.642 31.960 0.593 0.462 7.064
TC-MOA [59] 7.109 2.894 42.711 0.602 0.577 5.305
TIMFusion [18] 7.085 3.083 51.637 0.590 0.433 6.295
GIFNet [4] 6.881 2.949 43.829 0.646 0.495 4.082
RCVS [41] 6.592 2.123 37.638 0.606 0.595 5.547
TemCoCo [6] 7.174 3.548 50.423 0.597 0.490 4.379
VideoFusion 7.199 4.191 53.375 0.646 0.605 3.494

Fusion achieves the highest MI and SSIM, indicating that
our method effectively transfers complementary informa-
tion from source videos to fusion results. Meanwhile, the
superior VIF demonstrates that VideoFusion better aligns
with human visual perception. Comparable EN and SD
suggest that our results contain abundant information and
high contrast. Among video-based alternative, TemCoCo
achieves comparable performance, whereas the frame-by-
frame approach RCVS exhibits limited performance on
these metrics, further underscoring the necessity of lever-
aging temporal sequence information. Additional results
on normal M3SVD scenarios are reported in Tab. 3, where
VideoFusion demonstrates superior performance across all
metrics. This further validates its ability to fully exploit
cross-modal complementary cues and temporal context to
counteract interference and enhance scene characterization.

5.3. Temporal Consistency Comparison
As shown in Tabs. 2 and 3, VideoFusion achieves the low-
est flowD on both M3SVD and HDO datasets, indicating its
superior temporal stability and consistency. TemCoCo also
attains relatively low flowD, further highlighting the signif-
icance of temporal modeling. In contrast, frame-by-frame

VI IR LRRNet RCVSDDFM TemCoCoGIFNet Ours
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l
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flicker
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Figure 6. Temporal consistency comparison of source and fused
videos. Following [25], column pixels (dotted line) are visualized
and their average brightness variation is computed.
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Figure 7. Temporal variation of metrics on sequences.

fusion schemes exhibit higher flowD, implying noticeable
temporal jitter in their fused videos. Furthermore, follow-
ing [25], we visualize the temporal variations of different
videos in Fig. 6, where frame-by-frame fusion methods ex-
hibit evident flickering, especially in DDFM and LRRNet.
In contrast, our method achieves temporally stable fusion,
benefiting from BiCAM and variational consistency loss.
The stable mean intensity variation further confirms the su-
perior temporal consistency of our method. Additionally,
Fig. 7 illustrates the temporal trajectories of various metrics
across consecutive sequences, reinforcing this advantage.

5.4. Extension Experiments
Object Tracking. Effective information enhancement and
aggregation not only enhance visual perception, but also
improve machine vision. Fig. 8 provides a qualitative as-
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Table 4. Comparison of computational efficiency. ∗ indicates
methods incurring extra cost from preprocessing algorithms (e.g.,
MDIVDNet and DSTNet) under degraded scenarios.

Methods MDIVDNet U2Fusion∗ LRRNet∗ MURF∗ DDFM∗ TC-MoA∗

Parm. (M) 10.047 0.659 0.049 0.116 552.660 340.354
Flops (G) 240.15 405.2 14.17 31.49 5220.5 3932.09
Time (s) 0.033 0.077 0.011 0.195 34.502 0.183

Methods DSTNet TIMFusion∗ GIFNet∗ RCVS∗ TemCoCo VideoFusion

Parm. (M) 7.448 1.232 3.291 0.670 19.183 6.743
Flops (G) 224.38 215.9 186.59 27.88 491.14 267.78
Time (s) 0.021 0.029 0.043 0.012 0.052 0.067
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Figure 8. Visual comparison of object track on M3SVD dataset.

sessment of various fusion schemes for object tracking on
M3SVD, where a pre-trained YOLO v11 [10] serves as the
baseline tracker. On the one hand, the tracker detects more
objects in our results, as our method effectively integrates
cross-modal complementary information and temporal con-
text, providing a more comprehensive scene representation.
On the other hand, it predicts smoother trajectories on our
results, benefiting from the improved temporal consistency.
Computational Efficiency. As shown in Tab. 4, Vide-
oFusion achieves computational efficiency comparable to
image-level fusion methods. Notably, in degraded scenar-
ios, most algorithms incur additional computational over-
head due to preprocessing steps, further demonstrating the
efficiency advantage of our VideoFusion.
Ablation Studies. As shown in Fig. 9, we conduct a se-
ries of ablation studies to validate our key designs. Remov-
ing BiCAM or Lint weakens salient targets, while omitting
CmDRM reduces information recovery. Besides, replacing
CMGF with a simple summation causes severe distortion.
Similarly, w/o Lcolor induces noticeable color distortion
and artifacts, and w/o Lgrad results in detailed texture loss.
Moreover, as shown in Fig. 9 (j), removing BiCAM or Lvar

Table 5. Quantitative comparison of ablation studies.

Configs EN ↑ MI ↑ SD ↑ SSIM ↑ VIF ↑ flowD ↓
w/o BiCAM 7.250 3.439 52.194 0.601 0.472 4.747
w/o CmDRM 6.953 3.557 48.439 0.612 0.510 3.728
w/o CMGF 7.046 2.099 61.403 0.366 0.233 7.029
w/o Lgrad 7.208 3.702 52.239 0.615 0.5 3.669
w/o Lint 7.106 2.985 47.630 0.630 0.468 3.684
w/o Lvar 7.211 3.432 52.245 0.599 0.480 6.056
w/o Lcolor 6.839 2.102 39.854 0.457 0.240 6.031
VideoFusion 7.167 4.008 52.465 0.632 0.526 3.294

(a) VI/IR (b) w/o BiCAM (c) w/o CMGF

(e) w/o ℒ���� (f) w/o  ℒ��� (g) w/o ℒ��� (h) �/� ℒ����� (i) VideoFusion (Ours) (j) Average Intensity Variation

color 
distortion 

weaken 
targets
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weak 
enhancement

weaken 
targets

weak 
details

Figure 9. Visual comparison of ablation studies.
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Figure 10. Training processes for BiCAM.

disrupts temporal consistency. Particularly, as presented in
Fig. 10, w/o BiCAM affects the convergence of Lvar. Al-
though Tab. 5 shows that the model without CMGF achieves
optimal SD, this comes at the cost of introducing signifi-
cant artifacts and distortions. In contrast, VideoFusion with
these key components achieves more balanced overall per-
formance while preserving temporal coherence.

6. Conclusion

This work has presented M3SVD, a multi-modal multi-
scene video dataset, and VideoFusion, a spatio-temporal
collaborative framework for multi-modal video fusion. On
the one hand, a cross-modal differential reinforcement mod-
ule has been devised for cross-modal information interac-
tion and enhancement, while a complete modality-guided
fusion strategy has been employed to integrate multi-modal
features. On the other hand, a bi-temporal co-attention
mechanism with a variational consistency loss has been
designed to dynamically aggregate forward-backward tem-
poral contexts, reinforcing cross-frame feature representa-
tions. Extensive experiments have demonstrated the superi-
ority of VideoFusion over conventional image-based fusion
paradigms in sequential scenarios, particularly in alleviat-
ing temporal inconsistency and interference.
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