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Uncertainty-Guided Spatiotemporal Consistency
Fusion Network for Infrared-Visible
Video Fusion Under Extremely
Low-Light Conditions

Cheng Zhao , Tianyun Song, Zhiliang Wu , Member, IEEE, Tianfu Wang , Moncef Gabbouj , Fellow, IEEE,
Guanghui Yue , Senior Member, IEEE, Baiying Lei , Senior Member, IEEE,
and Wei Zhou , Senior Member, IEEE

Abstract—Infrared-visible video fusion under extremely low-
light conditions is critically important yet remains underexplored,
largely due to the scarcity of high-quality datasets and chal-
lenges posed by spatiotemporal uncertainty and modality bias.
To address the dataset shortage, we built a dataset of 4,739
infrared and visible registration video pairs captured under
extremely low-light conditions, spanning 5 scene types and
17 subcategories. Further, we proposed an Uncertainty-guided
Spatiotemporal Consistency Fusion Network, termed USCFNet,
for the infrared-visible video fusion. At each layer of the
encoder, an Entropy-Gated SpatioTemporal Attention (EGSTA)
module is introduced to capture temporal instability and spatial
reliability variations through entropy-aware attention modu-
lation, thereby enhancing feature spatiotemporal consistency.
The refined infrared and visible features are then fused via
a Difference-Guided Fusion (DGF) module, which adaptively
exploits their content and edge differences to improve structural
integrity and detail clarity. By progressively connecting DGF
modules from shallow to deep layers, the network achieves
the synergistic fusion of shallow textures and deep semantics.
Subsequently, the output of the last DGF module is fused with
the modality features of the last layer through a hierarchical
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mixture-of-experts fusion module. This module enables the bal-
anced integration of modality information while preserving fine
local details. Finally, the fusion feature is fed into the decoder
to produce the final fused video. Extensive experiments on our
dataset and two public datasets show that USCFNet outperforms
competing methods, achieving lower distortion and stronger
spatiotemporal consistency. The source code and dataset are
available at https://github.com/Zhaochengl/ELVID

Index Terms—Infrared-visible video fusion, extremely low-light
conditions, spatiotemporal consistency, uncertainty, mixture-of-
experts.

I. INTRODUCTION

N A dual-spectrum imaging system, infrared and visible

sensors observe the same scene based on distinct phys-
ical imaging mechanisms. The former shows the scene’s
energy distribution by capturing thermal radiation, while
the latter captures the scene’s texture and color details
through the reflection of visible-band light [1]. Data cap-
tured by two sensors are complementary, and their effective
fusion can provide reliable visual information for down-
stream tasks such as detection [2], [3], tracking [4],
[5], and segmentation [6], [7]. Therefore, it is essen-
tial to propose effective methods for infrared and visible
fusion.

Current research on infrared-visible fusion primarily focuses
on normal lighting conditions [8], [9], with limited attention
paid to extremely low-lighting conditions, such as nighttime
video surveillance and search-and-rescue missions. One major
obstacle to progress in this field is the scarcity of large-
scale public datasets, which limits researchers’ understanding
of the challenges of such fusion tasks. Compared to normal
illumination, visible data captured under extremely low-light
conditions often suffers from severe degradation issues, such
as insufficient brightness and loss of detail. While infrared
data exhibits greater robustness in extremely low-light con-
ditions, its inherent structural blurring and lack of detail are
more pronounced [10]. These limitations result in a limited
amount of information available for fusion tasks. For example,
the first frame V| of the visible video exhibits extremely
low brightness and less information in the dark areas. The
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Fig. 1. Illustration of the infrared and visible inter-frame difference heatmaps
under extremely low-light conditions. (a) The inter-frame difference heatmaps
{I-1~:}5 and the average inter-frame difference heatmap I, of the infrared
video; (b) the infrared video frames {I;}"; (c) the visible video frames {V/,};
(d) the inter-frame difference heatmaps {V;-1.}; and the average inter-frame
difference heatmap V,, of the visible video.

infrared video {I;}] shows noticeable blurring, as shown in
Figs. 1(b-c). On the other hand, there are also noticeable inter-
frame brightness fluctuations in extremely low-light videos,
which significantly reduce the temporal stability. The inter-
frame difference heatmaps of the infrared and visible videos
in Figs. 1(a) and 1(d) show that adjacent frames exhibit
significant differences in regions such as vehicles and utility
poles. Further, the averaged difference heatmaps, obtained by
accumulating and averaging all inter-frame difference maps,
show that these variations are mainly concentrated in salient
structural regions and areas with evident brightness changes,
whereas responses in low-light background regions are rel-
atively weak. This indicates that both infrared and visible
video sequences exhibit varying degrees of temporal instability
under extremely low-light conditions. Overall, infrared and
visible videos captured under extremely low-light conditions
exhibit both spatial degradation (weak illumination, missing
details, and blurred structures) and temporal instability (signifi-
cant inter-frame brightness fluctuations). This makes effective
infrared and visible video fusion under extremely low-light
conditions considerably more challenging than those under
normal-light conditions.

Existing fusion methods for low-light conditions can be
broadly divided into two categories. The first category com-
prises methods that sequentially apply the visible enhancement
network and the fusion network to improve the brightness
or contrast of visible and alleviate poor fusion performance
caused by visible degradation [11], [12]. In the other cate-
gories, those methods embed a brightness enhancement unit
within the fusion framework to improve the learning ability
of visible features [1], [10], [13]. However, because dark
regions suffer from low information utilization and reduced
structural reliability, whereas normally illuminated regions
retain higher structural reliability, differences in spatial feature
reliability provide useful cues for estimating the confidence
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distribution across regions. After that, the confidence-guided
feature extraction strategy can be used to adaptively adjust
regional feature contributions for recovering key structures and
enhancing overall fusion quality.

In addition to spatial degradation, video fusion also suffers
from temporal instability. If the static-image fusion model is
applied frame by frame to video sequences, the model cannot
explicitly capture cross-frame dependencies. As a result, the
fused video often exhibits temporal inconsistencies, such as
brightness flickering and loss of frame-to-frame detail. Exist-
ing video fusion studies typically use only cross-attention
mechanisms [14], [15], [16], [17] between adjacent frames
(e.g., frame ¢ and frame ¢—1 or r+4 1) to model very
limited spatiotemporal relationships [4], [18]. Furthermore,
these methods typically assume that all frames contribute
equally and ignore temporal instability. This inevitably leads
to poor fusion results and misleads subsequent spatiotempo-
ral feature modeling due to the unexpected high weight of
low-quality frames. Previous studies found that uncertainty
estimation in visual tasks can reflect the model’s confidence
in different regions and adaptively emphasize high-confidence
regions while suppressing low-confidence regions [19], [20].
Introducing this mechanism into video fusion tasks can be
considered an effective way to achieve more robust feature
selection in both temporal and spatial dimensions, thereby
effectively improving the spatiotemporal consistency of the
fusion results.

Furthermore, infrared and visible features differ significantly
in semantic representation and detail expression, which can
easily lead to modality learning imbalance during the fusion
process. This imbalance makes it challenging to simultane-
ously ensure energy consistency and detail fidelity during
the fusion process. The Mixture-of-Experts (MoE) model
introduces multiple expert networks with complementary capa-
bilities and dynamically selects the most suitable expert based
on input features via a gating mechanism [21], [22], [23].
It enables differentiated modeling and dynamic fusion of
modality-specific information, which has been proven to be
an effective image fusion processing scheme [24], [25].

In this research, we first take up the challenge of data
scarcity and construct a dataset for infrared-visible video
fusion, named ELVID, comprising 4739 video pairs cap-
tured under extremely low-light conditions. We then propose
an Uncertainty-guided Spatiotemporal Consistency Fusion
Network (USCFNet) for infrared-visible video fusion under
extremely low-light conditions. It follows an encoder-decoder
framework and embeds an Entropy-Gated SpatioTemporal
Attention (EGSTA) module in each encoder layer. It adaptively
suppresses low-quality frames and low-confidence spatial
regions to enhance the spatiotemporal consistency of modality-
specific features. Then, the refined features from the two
imaging modalities are fed into a Difference-Guided Fusion
(DGF) module. The DGF module adjusts the contribution of
each modality by leveraging content and edge differences to
ensure effective feature fusion. Subsequently, the output of
the DGF module at the last layer and the modality-specific
features are fed into a hierarchical Mixture-of-Experts fusion
(HMoE _Fusion) block to generate the fusion feature. Finally,
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the fusion feature is passed through the decoder to generate
a high-quality fused video. Experimental results demonstrate
that USCFNet outperforms comparison methods on both our
curated dataset and public datasets, and shows potential for
downstream object detection tasks. The main contributions of
this paper are summarized as follows:

e We constructed the ELVID dataset, the (first
infrared—visible video fusion dataset tailored to extremely
low-light conditions, covering five scene types and
17 subcategories. It serves as a new benchmark for
low-light video fusion.

o Considering the spatiotemporal uncertainties in extremely
low-light infrared and visible video data, we propose an
EGSTA unit to enhance the spatiotemporal consistency of
modality-specific features. It suppresses the propagation
of low-quality frames to enhance temporal consistency,
while mitigating the influence of low-confidence regions
to improve spatial consistency.

o To address the challenge of modality bias during learning
and local detail degradation, we propose a HMoE Fusion
module that synchronously models global modality com-
plementary fusion and local fine-grained feature fusion.

II. RELATED WORKS
A. Infrared-Visible Fusion Method

With the continuous advancement of deep learning tech-
niques, infrared-visible image fusion methods have achieved
remarkable breakthroughs [26]. Early approaches extracted
modality-specific features using CNN and combined them with
traditional fusion rules to accomplish the fusion task [27],
[28]. Subsequent studies introduced GANSs to achieve end-
to-end fusion [29], [30], [31]. At the same time, more recent
works have incorporated Transformer [32], [33], [34], [35]
and diffusion models [36], [37], [38], marking a transition
from local feature fusion toward global semantic modeling.
This trend has significantly improved the generative quality
and perceptual naturalness of the fused image. However, most
methods still rely on datasets collected under normal lighting
conditions (e.g., TNO [39] and RoadScene [40]). With the
emergence of low-light datasets such as LLVIP [41] and
MSRS [42], research has begun to focus on infrared-visible
image fusion under low-light conditions.

Considering the severe degradation of visible images in
low-light environments, existing methods mostly employ two
strategies: enhancement followed by fusion, or embedding a
brightness enhancement module within the fusion network. For
example, Chen et al. [43] jointly design a brightness enhance-
ment network, a fusion network, and a brightness feedback
network to improve fusion quality. Lv et al. [10] introduced
a structure-aware mechanism to enhance the contributions of
visible features. Hua et al. [13] improved low-light fusion
performance with an illumination-aware module. Although
these methods alleviate the degradation of visible images,
they generally lack explicit modeling of spatial uncertainty,
making it challenging to adaptively adjust feature contributions
in critical structural regions.

Meanwhile, with the release of video fusion datasets such
as M3SVD [18] and HDO [44], researchers have begun to
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explore infrared-visible fusion at the video level. For exam-
ple, Tang et al. [18] proposed a bidirectional cross—attention
based temporal fusion framework that effectively captures
inter-frame dependencies. Zhu et al. [4] extracted frame-wise
features using CNNs and progressively fused adjacent frame
features through a progressive fusion module. Although these
methods alleviate the flickering problem in video fusion to
some extent, their temporal modeling range remains limited.
They generally assume equal contribution from all frames
and lack explicit modeling of temporal uncertainty, making
the fusion process vulnerable to low-quality frames. Recently,
Han et al. [45] proposed the Seq-IF network, which enhances
temporal consistency and structural fidelity in infrared and
visible video fusion under complex illumination conditions by
decoupling static and dynamic features and refining luminance
consistency, further highlighting the importance of temporal
modeling in video fusion. Based on the above analysis, we
first construct an infrared and visible video fusion dataset
for extremely low-light scenes to alleviate the problem of
insufficient data. In terms of method design, this paper intro-
duces the EGSTA module to encode multimodal video features
under extremely low-light conditions. Specifically, the module
enhances temporal consistency by suppressing the propaga-
tion of low-quality frame information, and improves spatial
consistency by reducing interference from low-confidence
regions in feature representations, thereby strengthening the
spatiotemporal consistency of multimodal features.

B. Uncertainty Estimation

Uncertainty in visual tasks includes aleatoric uncertainty
and epistemic uncertainty [46]. Epistemic uncertainty reflects
the model’s judgment of the credibility of different regions. It
can be used to adaptively focus attention on high-contribution
regions during feature learning, thereby enabling more refined
region-selective processing [19]. In recent years, uncertainty
modeling has been increasingly incorporated into visual tasks
to enhance model robustness and reliability. For instance,
Zheng et al. [19] employed an uncertainty-aware convolution
to fuse high-resolution panchromatic images with low-
resolution multi-spectral images. Guo et al. [20] proposed a
hybrid network that combines CNN and Transformer architec-
tures and employs uncertainty estimation to identify unreliable
features in medical images. The network dynamically allo-
cates feature learning to minimize functional redundancy and
improve representation efficiency. Hou et al. [47] developed
a confidence-guided self-prediction optimization network to
assess uncertainty in video action recognition, thereby improv-
ing the stability of action prediction in untrimmed videos.
These studies suggest that uncertainty-based regulatory mech-
anisms can enhance information reliability. Motivated by this
insight, we propose leveraging spatiotemporal uncertainty esti-
mation to guide feature extraction and consistency modeling
in low-light video fusion, thereby enabling the model to
better handle spatial degradation and temporal instability under
extremely low-light conditions. Here, uncertainty mainly refers
to an entropy-based confidence measure for characterizing
low-confidence or unstable feature states, rather than uncer-
tainty in the strict probabilistic or bayesian sense.
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C. Mixture-of-Experts (MoE) Model

The MoE framework aims to achieve efficient feature
processing and dynamic modeling through multi-expert col-
laboration and a gating-based selection mechanism [48].
It typically consists of multiple functionally complemen-
tary expert networks and a gating network. The gating
module adaptively assigns weights to experts according to
the input feature representations, enabling input-dependent
conditional computation. Compared with conventional deep
networks, the MoE framework enhances the model’s represen-
tational capacity through a sparse expert selection mechanism
while maintaining low computational cost. In recent years,
MoE has demonstrated remarkable adaptability across var-
ious computer vision tasks. For example, Yang et al. [49]
proposed a point-set metric-gated MoE model that automat-
ically integrates complementary information from multiple
source domains via MoE gating, thereby improving fault-
diagnosis performance. Zhu et al. [50] constructed a cognitive
perception—collaborative MoE network, where expert mod-
els simulate the collaboration among brain regions during
cognitive tasks, thereby revealing the underlying pathologi-
cal changes. Sun et al. [51] introduced an adaptive hybrid
expert mechanism that dynamically integrates multimodal
features for person re-identification. Liu et al. [52] proposed
a weather-aware dynamic specificity and commonality col-
laborative mechanism based on an MoE framework, which
adaptively allocates the optimal sub-network for specific
weather types, enabling nighttime image restoration across
multiple weather conditions. These studies indicate that MoE
exhibits strong advantages in multi-source information fusion
and heterogeneous feature modeling, enabling efficient infor-
mation integration and cross-modal collaboration. However,
existing MoE methods often employ the same expert network
structure to uniformly model features from different modal-
ities, which rarely incorporate specific designs to account
for differences in information representation and structural
details across modalities. Inspired by this, Xing et al. [53]
proposed a semantic-guided multi-feature mixture-of-experts
network that enhances learning of frequency- and spatial-
domain features by assigning dedicated expert networks to
different feature types, thereby achieving infrared and visible
image fusion. This method focuses more on modeling distinct
feature categories, whereas the representational differences and
complementary characteristics across modalities have not been
fully considered. Therefore, this paper proposes an HMoE
module that introduces an expert routing mechanism at both
the modality and token levels to dynamically select and com-
bine different expert models. At the modality level, it enables
complementary information fusion across multimodal features,
while at the token level, it enhances local fine-grained feature
modeling, thereby improving the accuracy of multimodal fused
features.

III. CURATED DATASET

Infrared—visible fusion algorithms have predominantly been
evaluated over static image datasets (e.g., RoadScene, LLVIP).
However, these datasets lack temporal continuity, thereby
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failing to capture motion dynamics and temporal consistency
in real-world scenarios. In recent years, several researchers
have begun constructing infrared—visible video fusion datasets,
such as HDO and M3SVD, which have promoted the research
and evaluation of fusion methods in video scenes to some
extent. However, existing video fusion datasets primarily
cover regular illumination conditions (daytime or nighttime),
and the nighttime scenes rarely contain large-scale extremely
low-light regions, making them insufficient for research on
infrared—visible video fusion under extremely low-light condi-
tions. For example, in the publicly available HDO test dataset,
which contains 24 scenes, only six scenes can be classified
as low-light scenes. In the publicly available M3SVD test
dataset, which comprises 30 scenes, only three are classified
as low-light scenes. Given the severe scarcity of video data
for extremely low-light scenes, we constructed an infrared-
visible video fusion dataset specifically for such scenarios.
By analyzing the spatiotemporal uncertainty and modality
learning imbalance faced by infrared-visible video fusion tasks
under extremely low-light conditions, we provide a more
representative experimental benchmark for researching and
evaluating video fusion tasks.

The ELVID dataset was captured using the IRS-PT4 dual-
spectrum imaging system, with recording sessions conducted
between 8:00 p.m. and 11:00 p.m. Due to differences in the
field of view between the infrared and visible sensors in the
IRS-PT4 system, the original video pairs exhibit slight spatial
misalignment. To ensure precise cross-modal alignment, a geo-
metric correction and temporal registration procedure based on
LightGlue [54] was applied to all collected videos. To further
improve the reliability of the registration results, we conducted
manual verification after the automatic registration to minimize
potential misregistration, thereby ensuring the accuracy of the
dataset construction. The ELVID dataset contains 4739 paired
infrared—visible video sequences, totaling 78,299 frames after
frame-level conversion. As illustrated in Fig. 2, ELVID covers
five representative scene categories, including campus sport
scenes, traffic scenes, building scenes, pedestrian scenes, and
campus environment scenes. Specifically, the campus sport
scenes are divided into three subcategories: basketball courts,
football fields, and tennis courts. The traffic scenes include
four types: roads, parking lots, traffic signs, and temporarily
parked vehicles. The building scenes are categorized into two
groups based on the focal length: long focus (distant view) and
short focus (close view). The pedestrian scenes comprise three
patterns: single-person, multiple-person walking, and crowd
gathering. The campus environment scenes include campus
roads, vegetation, stairways, signboards, and other campus
surroundings. The number of videos and their corresponding
frame counts for each category are summarized in Fig. 2.
Overall, the scene diversity and extremely low-light conditions
of ELVID provide strong support for evaluating infrared-
visible video fusion methods.

IV. METHODOLOGY

A. Architecture Overview

As shown in Fig. 3, given the infrared video sequence
I = {I,}} and visible video sequence V = {V,}], USCFNet
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Fig. 2. Typical examples in our ELVID dataset. For the scene category distribution, the numbers on the periphery indicate the total number of frames across
different categories, and the numbers in the fan-shaped area indicate the number of videos across different categories.
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Fig. 3. The framework of USCFNet. USCFNet employs three parallel U-shaped encoder-decoder branches: the purple feature stream is the visible branch, the
orange stream is the infrared branch, and the green stream is the feature fusion branch. EGSTA comprises two complementary units: EGTF and EGSA. EGTF
represents the entropy-gated temporal fusion. EGSA represents the entropy-gated spatial attention. HMoE-Fusion represents the hierarchical Mixture-of-Experts
fusion block. Ly, is the load-balance 10ss, Lsparse is the sparsity loss. I,  and V,  represent the initial infrared and visible multi-scale features, respectively.

Iy and Vy  represent the spatio-temporal features of infrared and visible, respectively. M represents the multi-scale fusion feature. £/,

the reconstruction loss of infrared and visible, respectively.

employs three parallel U-shaped encoder—decoder branches
(infrared branch, visible branch, and fusion branch) to generate
the enhanced infrared video sequence I, = {I,}], the enhanced
visible video sequence V., = {V,}], and the final fused video
sequence F = {F,}/.

In the infrared branch, a ResNet encoder is applied to
each frame of the infrared video sequence I to extract the
corresponding multi-scale features I, ; = {Ir,st}?:’f s is the
number of scales with s € (1,4), and ¢ denotes the frame
index with ¢ € (1,n). Subsequently, to mitigate unreliable
cross-frame information introduced by low-quality frames, we
introduce an EGSTA unit to enhance the spatio-temporal con-
sistency of the multi-scale features I, , yielding the refined
spatio-temporal modeling representations Iy , = {Iy s,}
Finally, the refined infrared features I, , are fed into the
infrared-branch decoder to produce the enhanced infrared
video sequence I,. Notably, the visible and infrared branches
share an identical architectural design.

For the fusion branch, we first develop a DGF module to
fuse the refined infrared features Iy , visible features Vf 5
and the fusion features M,_; = {M,_ 1,}1 | from the previous

- and LY represent

scale, to obtain the cross-modal fusion feature M, = {Ms,,}?:'ll
for each scale. Subsequently, Iy 4, V 4 and My are jointly
fed into the HMoE _ Fusion module to obtain the refined fusion
feature My = {M.,}}. The HMoE_Fusion module employs
a dynamic expert selection mechanism to ensure that the
fused features maintain balanced modality information while
effectively preserving local details. Finally, the features My
are fed into a decoder to obtain the fused video sequence
F. The EGSTA, DGF, and HMoE Fusion modules are the
core components of USCFNet, and the details are provided
below.

B. Entropy-Gated SpatioTemporal Attention

Under extremely low-light conditions, visible video often
suffers from insufficient brightness, reduced contrast, and the
loss of information in small-object or weak-texture regions.
In contrast, infrared video provides relatively stable contour
and energy information but lacks fine-grained texture. Low-
quality video frames often mislead feature learning between
adjacent frames, thereby introducing erroneous or invalid
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information into the fusion process and generating artifacts. To
mitigate the influence of low-quality frames or low-confidence
regions, we propose the EGSTA module to ensure spa-
tiotemporal consistency in modality-specific features. EGSTA
comprises two complementary units: the Entropy-Gated Tem-
poral Fusion (EGTF) unit and the Entropy-Gated Spatial
Attention (EGSA) unit. EGTF divides video modeling from a
temporal perspective into intra-frame enhancement and inter-
frame reasoning, enhancing single-frame representation while
maintaining temporal consistency across frames. EGSA mod-
els the spatial consistency of video sequences and introduces
attention entropy as an uncertainty measure to suppress unre-
liable information. Taking the infrared branch as an example,
I, ; is used as the input of EGSTA, and the EGTF and EGSA
units are executed at the same time to obtain the corresponding
temporal consistency and spatial consistency features. The two
are added together to obtain the final spatiotemporal modeling
feature Iy .

1) Entropy-Gated Temporal Fusion: In low-light video
sequences, temporal continuity can supplement the missing
information in a single frame. However, it also faces the
challenge of low-quality video frames misleading the learn-
ing of other frames. To address this challenge, we propose
the EGTF unit, which decomposes temporal modeling into
intra-frame enhancement and inter-frame inference to improve
feature temporal consistency learning, as shown in Fig. 4.
Specifically, the former feeds I, ; into a Gated Time-aware
SE (GTSE) block to produce the enhanced intra-frame feature
I = {1 Sl}t’f. The latter inputs I, ; into an Entropy-
Gated Attention (EGA) unit, which characterizes inter-frame
dependencies through multi-scale local masked attention. The
attention entropy is then mapped to frame-level confidence
scores to adjust video sequence information adaptively, thereby

obtaining the enhanced inter-frame feature 17 | = {I? S,}‘t’l’.
Finally, the intra-frame enhanced features I' | and inter-

frame enhanced features I? | are added to obtain the temporal
consistency features I | = {I° S,}?;’f.
a) Gated time-aware SE block: Pronounced brightness

fluctuations and frame quality inconsistencies are common in
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low-light video sequences. To evaluate the reliability of each
frame in the video, the proposed GTSE block first applies
global average pooling to the input features I,  to extract
frame-wise channel features. The positional vector for each
frame is then added to its corresponding channel features,
enabling the model to capture semantic information across
time positions. Subsequently, a squeeze-and-excitation (SE)
[55] operation (FC-ReLU-FC) is performed on each frame
to recalibrate the channel responses, thereby producing the
corresponding weights I)) , = {I s,}?:'f. Finally, the input
features I, , are multiplied with the weights I}’ | to obtain
the enhanced features IZ | = {IZ _}}". To further ensure that
the model can selectively emphasize fligh-quality frames while
suppressing invalid ones, a linear operation is applied to the
channel token features to obtain the corresponding frame-level
gate g. Then multiply the enhanced features IX | with the
frame-level gating g to get the enhanced intra-frame feature
Ii > as shown in Fig. 4 (a).

"~ b) Entropy-gated attention unit: EGA is used to charac-
terize the dependencies between frames in a video sequence
and suppress unreliable cross-frame information injection, as
shown in Fig. 4 (b). Given the input feature sequence I, §,
global average pooling is first applied to each frame of I,
to extract its channel features, yielding the temporal token
Z;. Subsequently, a multi-scale sliding window centered at
the current frame index ¢ is constructed with window radii

hell,2,4).

w@®) ={k|lk—tl<h}, he{l, 2,4}, (1)

where k is the index of the neighboring frames within the
window. This design enables frame ¢ to focus on short-term
dynamic features within its local neighborhood, specifically
the +1, £2, and +4 adjacent frames.

Meanwhile, we define a local mask with L} = 0 if [k—#| < /

and Lf’}z = —oo otherwise. Subsequently, for each sliding
window, the attention distribution {Ag,’)}t’f is computed from
the current frame ¢ to its neighboring frames k € w;(f). And
then {Ai'}zl)}i’?:m are multiplied with the value term of z, to
generate the local features corresponding to each window
scale. The local features across all window scales are then
averaged to obtain the locally enhanced feature Z;, which

incorporates information from neighboring frames.

W, W)
{A.(v}zl)}j::lzl’l = Softmaxk (% + Lg’/’;{)) , (2)
2= mean({Ag}t’)};‘:tn:l’1 . (Zth)> , 3)

where z; denotes the temporal token, W,, W, and W, are
the learnable projection matrices for query, key, and value,
respectively. d is the feature dimension used for normalization.
After obtaining the cross-frame attention map, we further
evaluate the uncertainty estimation of the video sequence.
Specifically, the attention distributions across different window
scales are averaged to obtain P = mean({AE},’)}Tz’l'), and the
temporal attention entropy H, is subsequently computed from
P and normalized via min-max scaling to obtain the H,.
When the attention entropy is low, it indicates that the
current frame’s dependence on a few neighboring frames is
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Fig. 5. Schematic diagram of the EGSA. CS is the spatial confidence score.
I,_ is the original input feature. s is the sigmoid activation. m represents
the operator for calculating the average value. 1,  is the spatial consistency
feature. 1 », denotes the spatial consistency feature. G represents the attention
map with ¢ € {1,2,...,n}. ¥y denotes the spatial confidence score. MLP is
the multi-layer perceptron.

more stable; when the attention entropy increases, it suggests
the presence of motion blur or interference from low-quality
frames. Based on this, we map the attention entropy to a frame-
level confidence score B, = 1 — fI,, which is used to gate
the injection of cross-frame information. Finally, the locally
enhanced feature Z; is processed by layer normalization and
added to the original feature I, ; to obtain the temporally
enhanced representation. Multiply the frame-level confidence
B, with the temporally enhanced representation to obtain the
enhanced inter-frame feature I? _, as shown in Fig. 4 (b).

2) Entropy-Gated Spatial Attention(EGSA): Due to the
severe degradation present in extremely low-light video data,
overly dark regions often suffer from insufficient bright-
ness, missing textures, and blurred structures, resulting in
pronounced spatial uncertainty. To address this, the EGSA
unit estimates regional confidence based on attention entropy,
which reflects the importance of different spatial areas and
guides feature extraction accordingly, as shown in Fig. 5.
Specifically, for each frame feature I,  in the input feature
sequence I, 5, we apply convolution operations with kernel
sizes of 3 x 3,5 x5, and 7 x 7 to generate multi-scale spatial
attention maps. These maps are then averaged and passed
through a sigmoid activation to obtain the spatial attention
matrix {By,}}".

Subsequently, the attention weights of boundary frames are
kept unchanged. For non-boundary frames, a sliding window
mechanism is introduced to average the attention maps of
the current frame with those of its adjacent frames, thereby
obtaining a cross-frame consistent attention map ES,,.

1

A _(Bs,t—l +Bs,t+Bs,I+l)s 1 StSn—2,

B, =13 “)
Bs,t, E{O,f’l—l},

Then, the spatial attention entropy is computed based on
the attention map IAJSJ and normalized to obtain Gg. The
spatial confidence score y,, = 1 — G, is derived as a gate
of spatial reliability, which guides the network to suppress
unreliable regions while emphasizing high-confidence spatial
features during training.

Finally, a multi-layer perceptron (MLP) is applied to y,, to
obtain an adaptive fusion coefficient a; € [0, 1], which serves
as a modulation factor to assist the model in determining

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

AP(1*1) 0.7 1 32w 4
‘ O»AP2%2)| .40. = 1513 M.,
8
AP(4%4) - sz{n 6 I[.n 9 o 90
OOl v oo pseaafslo e
’s DY, 3
L0 0.8[0e0.7] |2
[[Sobdl Q) ',4 m ones % Dy.s C;is *
Vis Vi

Fig. 6. Schematic diagram of the DGF. C is the concatenated operator. S is the
sigmoid activation. The purple area represents the learnable contrast stretching
and edge compensation operations on the visible features. The orange area
represents the fusion of features at the content difference level. The gray
area represents the fusion of features at the edge difference level. Ty  is
the attention weight map. Vf , is the visible enhanced features. Dy g is
the edge consistency mask. ct s 1s the content-guided features. Dl T s is the
edge-guided features. M is the fused feature.

whether to trust the confidence score y,. Subsequently, a is
used to weight the original feature I, , yielding the refined
feature I, ;. By concatenating all frame-level features, we

obtain the video representation I, s {I, 5,} with the spatial
consistency, as shown in Fig. 5.
irﬁxt = Irist © (astG‘vt + (1 - a’st) . E)’ (5)

where E denotes an all-ones identity tensor having the same
dimension as I, , and O represents element-wise multipli-
cation. Based on the original frame feature I, , the adaptive
coeflicient @y controls the influence strength of the confidence
factor y,. In this way, unreliable features can be suppressed
while salient regions and key structures are highlighted under
extremely low-light conditions.

C. Difference Guided Fusion Module

The DGF module designs the feature fusion process around
the content and edge differences between infrared and visible
features, thereby preserving the fused feature structure and
detailed information. As shown in the purple area in Fig. 6,
DGF first performs the contrast enhancement operation o(:)
on visible feature V; ; to enhance the contrast of dark
areas. And then, an edge compensation operation S obel(.) is

performed on the contrast enhancement feature V¢ | to obtain
the V§ | B
1
oe = , (6)
1 +exp(=6(Vy s — 1))
V§ = V§ 4 Sobel(V5 ), (7)

where Vj, s = V5 sO0, (Vfis), and O represents element-wise
multiplication. 6 and A are learnable parameters controlling
contrast stretching. In this study, we set 6 =4, 4 = 0.5. € is
balance coefficient, € = 0.1.

Subsequently, the semantic information of specific modal-
ities is fused based on content differences, as shown in the
orange area in Fig. 6. Concretely, the content difference
between modalities is calculated as Dy ; = |Iy ;- V;’c s|-
Then, multi-scale spatial pyramid pooling is performed (using
convolution kernels of 1 x 1, 2 x 2, and 4 x 4, respectively) on
the D , to obtain the corresponding multi-scale features. The
obtained features are subsequently upsampled, concatenated,
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and activated by Sigmoid to generate the attention weight
map T, , = {Ty ”}?2111' After that, adaptive weighting is
employed to dynamically determine which modality dominates
the selection of fusion features, thereby achieving modality
fusion at the content level. The specific adaptive weighting
method is as follows:

C{ =T 0l +(E-T; oV} |, (8)

where E denotes an all-ones identity tensor having the same
dimension as Ty .

To avoid loss of edge information in fused features, the
DGF module further modulates feature weights based on
edge differences. Given that the Sobel operator is robust to
noise and the Laplacian operator facilitates the extraction of
global structures, we propose to combine them to ensure fused
features with reliable edge information. Specifically, Laplacian
operators with kernel sizes of 3 x 3 and 5 x 5 together
with Sobel operators are employed to extract multi-scale edge
features D' = {Di;,}t'l' and D = {D?;S}?Z'll. Subsequently, edge
consistency mask Dy = Slgmoid(]Disr - D‘S’isb is generated.
Through adaptive weighting, the model is guided to select
more reliable edge information at the structural level, as shown
in the gray area in Fig. 6. The specific adaptive weighting
method is as follows:

D?,X =Dy ;OIy s+ (E - Dfis) O] V?is, 9

where E denotes an all-ones identity tensor having the same
dimension as D, ;. To enhance inter-layer consistency, the
fused features of the previous layer M,_, are aligned and
mapped to the current scale, and then added to the content-
guided features C4 . and the edge-guided features D4 , to
obtain the final fused features M s={M X,,}‘l‘:'l’ on each 1a§er.

D. Hierarchical Mixture-of-Experts Fusion Block

To further enhance the representational power of fused
features and ensure balanced learning of modality-specific
features, we design an HMoE Fusion, as shown in Fig. 7.
This module employs a two-level routing mechanism that
incorporates modality-level and token-level expert routing to
dynamically select and combine experts, thereby achieving
global modality complementarity fusion and local fine-grained
modeling.

In the modal-level routing, the infrared feature Iy 4 =
{I; 4}, visible feature V; 4 ={V 4}, and fused feature
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My = {M,};_, are first processed by global average pooling to
obtain the corresponding global representations. Subsequently,
three independent parameter matrices are employed to gener-
ate expert selection distributions, each perturbed with noise,
and a top-k strategy is used to improve both robustness and
sparsity. Finally, the gating results of the three modalities are
averaged to obtain an integrated expert selection distribution,
thereby avoiding single-modality bias and ensuring stable
expert selection. Correspondingly, the infrared expert is com-
bined with a motion map generated from temporal differences
to highlight dynamic regions. In contrast, the visible expert is
combined with edge map extracted using the Sobel operator to
enhance texture details. The fusion expert directly processes
the fused feature M. The outputs of the three types of experts
are then weighted and fused under the guidance of the gating
weights to produce the modal-level fusion result.

Based on the model-level routing mechanism, we introduce
a token-level expert routing mechanism to perform expert
allocation and aggregation of local fragments of the fused
feature M, on a token-by-token basis. Specifically, a pro-
jection matrix is first employed to generate the token-level
routing distribution, based on which the fused feature M, is
assigned to multiple lightweight MLP experts. Each expert
independently models the assigned tokens, and their outputs
are subsequently aggregated to form the token-level fusion
result. Finally, the outputs of the modal-level and token-
level experts are concatenated along the channel dimension,
followed by a 1 x 1 convolution to compress and reorganize
the feature, thereby generating the final fused representation
M, = {M,}; with global consistency and enhanced local
details.

E. Loss Function

In general, infrared sequences capture thermal radiation
intensity and salient targets but lack structural detail. In
contrast, visible sequences exhibit rich textures and edges,
but degrade severely under low illumination. Given this, we
utilize a modality-aware hybrid loss Ly, to train the network,
which incorporates content-structural constraint L, contrast
constraint L., temporal consistency L., modality-specific
reconstruction L, and regularization constraints L,:

»Ch = Ecs + »Cc + »th + ['mr + £r~ (10)

To simultaneously constrain the content consistency, gradi-
ent fidelity, and structural similarity of the fusion video with
the modality-specific video, this paper combines the content
loss Leon, gradient loss Lgrg, and structural similarity loss
Lim into a unified content-structure loss L:

Les = Leon + Egrad + Lisim- (11)

Considering that visible images often suffer from detail
loss and contrast degradation, while infrared images can
stably provide energy distribution information under low-light
conditions, L., consists of two components, each of which
corresponds to an imaging modality:

Leon = 1'5‘C(i:r0ntent + Lgci)sntem’ (12)
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where LI Iy Nlwy©(F,—1) |l denotes the
infrared content loss and LY . = % Y IF: = V||, denotes
the visible content loss. Notably, for infrared content loss,
an infrared weight map wj; is constructed from saliency and
gradient features to emphasize “thermally salient regions” and
structural edges, thereby strengthening the constraint on the
fusion results in these critical areas.

wir = 1+ 2Hot({L}}) + V({1.}]) , (13)
where Hot({I,};'zl) is obtained by applying an upper quantile
threshold (e.g., top 10% high-response regions) on the infrared
intensity map to extract thermally salient regions. M({I,}i_,)
denotes the normalized edge magnitude derived from gradient
amplitudes. The grad loss Lg,q consists of two components,
each of which corresponds to an imaging modality:

Leraa = 8£§§rad +3 g‘zd’ (14)
where £gmd = % Yo llwie © (VF, = VI || denotes the
infrared grad loss, V denotes the gradient operator. ﬁ;i;d =

% Z:’zl H Wyisy © (VF, = VV)) ||1 denotes the visible grad loss.
For the visible gradient loss, we define a visible weight map
as wyis, = 1+ 1.5V({V,}~,) based on the edge intensity of the
visible modality, which can emphasize the consistency of fine
details and edges to prevent texture blurring under extremely
low-light conditions. In addition to pixel- and gradient-level
constraints, we further introduce a structural similarity (SSIM)
loss Lyim = L5 (F,I) + LY (F,V) to preserve perceptual-
level structural consistency between the fused result and
modalities-specific.

The contrast constraint £, is introduced to align the global
contrast of the fused video with that of the visible video,
thereby mitigating the negative effects of low-light degrada-
tion. Specifically, the horizontal and vertical gradients are
computed using Sobel operators to define the contrast map
C(-). The loss is then formulated as the t.; distance between
the fused and visible sequences, i.e., L. = ||[C(F) - CV)I;,
encouraging the fused images to preserve the local gradients
and contrast of the visible modality.

The temporal consistency loss Ly is designed as £, = L+
/:tZ . Each component consists of a frame-difference term L
and a spatial-gradient term L,:

L 15)

1 n
— D I F=Fe)=(R=Rell
t=2

n

1
£ = — 3" (IVF=V.Fali +IV,F=Y,Fuili). (16)
=2

The former enforces the inter-frame variations of the fused
video F to remain consistent with those of the reference
modality R, R € (I Vv V), thereby avoiding motion artifacts.
The latter enforces smooth gradient transitions between con-
secutive frames, reducing temporal jitter and flickering.

The modality-specific reconstruction loss LR (R € (I'V V)
jointly constrains the reconstructed sequences by combining
pixel-level errors and structural similarity, aiming to preserve
modality-specific fidelity. Specifically, the infrared branch
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output I, and the visible branch output V, are required to
approximate their respective input sequences I and V.
Low=2-L8 I,D+1-LY (V,,V). 17)
In the hybrid expert architecture, the regularization term
L; prevents the router from uniformly activating all experts
by combining the load-balance loss Ly, with the sparsity loss
Lyparse, thereby improving sparsity and diversity and stabilizing
the training process [25]. The specific calculation method of
L, is as follows:

L= Ly + Esparse’ (18)
where Ly, is the load-balancing loss, preventing routing imbal-
ance across experts, Loparse €NCOUrages sparse expert activation.

V. EXPERIMENTS

A. Experiment Setup

1) Datasets: The proposed fusion scheme is evaluated on
the ELVID dataset and two publicly available datasets, HDO
and M3SVD. In the ELVID dataset, all original videos were
first divided into 16-frame sub-sequences. Subsequently, the
training and testing sets were randomly split on a per-video
basis within the same scene. To mitigate potential data leakage,
we carefully ensured that temporally adjacent clips or highly
similar sequences were not assigned to both the training and
testing sets. Finally, the ELVID dataset contains 4,180 training
sequence pairs and 559 testing sequence pairs. Similarly, the
HDO and M3SVD datasets are split into sub-sequences for
model evaluation, containing 371 and 1,379 pairs, respectively.

2) Evaluation Metrics: This paper selects Average Gradient
(AG) [56], Spatial Frequency (SF) [57], Enhancement Measure
Evaluation (EME) [58], and Blind/Referenceless Image Spatial
Quality Evaluator (BRISQUE) [59] as evaluation metrics for
the fusion performance of video frames. AG measures the
overall sharpness of the image. SF measures the image’s detail
and texture richness. EME measures the degree of contrast
enhancement in local areas of the image. BRISQUE assesses
the visual perception quality of the image.

3) Compared Methods: For comparative analysis, the pro-
posed method is evaluated against six state-of-the-art fusion
approaches, including CrossFuse [60], DANet [61], ITFuse
[62], TextFusion [63], HAIAFusion [64], and SeAFusion [7].
To ensure fairness, the official pretrained weights released
by the respective authors are employed for testing on three
datasets. Since few existing studies address video-level fusion
and no publicly available code is available [4], [18], the
first frame of each test video is used as the test image for
quantitative evaluation across all methods.

4) Implementation Details: Our method is implemented
in PyTorch and conducted on an NVIDIA GeForce RTX
3090 GPU. During training, the Adam optimizer is employed
to optimize the network parameters, with a learning rate of
1 x 10™*. The batch size is set to 2, and the network is trained
for 50 epochs. Each video sequence comprises 16 frames, and
each frame has a spatial resolution of 256 x 256 pixels.
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Fig. 8. Visualization results of the fused image under different loss configurations.

B. Ablation Experiments

1) Loss Function Analysis: In our research, we employ
a modality-aware hybrid loss to fully train the network, as
formulated in Eq. (11). Here, we conduct a series of ablation
studies to investigate the impact of different loss components.
Fig. 8 presents a visualization of the fusion results under
different loss configurations. (a) denotes the original infrared
image, (b) the original visible image, and (c—j) correspond
to the visualization of the fusion results under different loss
functions. Fig. 8(c) shows the fusion result using only content-
structure constraints loss L. Fig. 8(d) shows the fusion
result using Lo + L. Fig. 8(e) shows the fusion result
using Les + Lo + L. Fig. 8(f) shows the fusion result using
Les + Ly + Lo + L. Fig. 8(j) shows the fusion result using
Les + Lo + Lo + L + L. Fig. 8(g) is used to verify
the effectiveness of the regularization constraint, which is
introduced by the HMoE Fusion module to avoid imbal-
ance in expert assignments during model training. Therefore,
Fig. 8(g) reflects the effectiveness of the HMoE Fusion
module.

When only the content-structural loss is applied
(Fig. 8(c)), the fusion result preserves the basic infrared
energy distribution and visible detail information, but exhibits
over-sharpening in the red box region, leading to slightly
unnatural edge structures. With the additional incorporation
of the temporal consistency constraint (Fig. 8(d)), the fusion
result becomes smoother. However, the texture information
in the low-light region (red box region) remains insufficiently
revealed. After further introducing the visible contrast
constraint (Fig. 8(e)), the local texture and details of the
fused image are enhanced, but the fused image suffers
from severe artifacts. Figs. 8 (c-e) show that temporal
consistency can enable the model to learn cross-frame
dynamic information more fully. When modality-specific
reconstruction loss is added further (Fig. 8(f)), the alignment
of the infrared and visible features becomes more stable,
and the outline of the person and the local details (such as
the front windshield and door windows of vehicles in the
red box regions) are significantly improved. Finally, after
introducing the regularization constraint term (Fig. 8(g)),
the fusion result showed the best performance in terms
of structural detail, brightness, and artifact suppression. In
the red box area, it can be observed that the windows,
headlights, and ceiling are clearer, and local textures
are preserved more accurately. Overall, the fusion result
generated by the modality-aware hybrid loss is the most
outstanding in terms of visual consistency and structural
fidelity.

2) SpatioTemporal Attention Unit Analysis: This paper
proposes an EGSTA module to ensure the spatiotemporal

TABLE I
ABLATION EXPERIMENTAL ANALYSIS OF EGSTA

Methods BRISQUE|, SFt AGt EME}

EGSA 18.24 2040 6.596  7.782

EGTF+EGSA 16.09 2153 6.843  8.394
TABLE I

ABLATION EXPERIMENTAL ANALYSIS OF DGF

Methods BRISQUE/] SF1 AGT EME?T
Content Difference 17.54 13.49 4.102 3.880
Edge Difference 22.47 2222 6.626  6.611
Weighted Fusion 22.38 23.87 6997 7.619
Concatenated Fusion 33.42 21.37 6.365 7.751
DGF Module 16.09 21.53  6.843 8.394

consistency of feature modalities. EGSTA consists of two
units: EGTF and EGSA. Table I shows the changes in the
evaluation metrics of the proposed method after gradually
introducing EGSA and EGTA. Compared with the baseline
model, which employs only EGSA, the enhanced model
with EGTF and EGSA achieves obvious improvements in
terms of all evaluation metrics. Specifically, the BRISQUE
value decreases by 2.15, indicating that incorporating temporal
consistency modeling effectively reduces perceptual distortion
in the fused images. Meanwhile, the SF, AG, and EME
metrics all increase, indicating that the fused results exhibit
higher local contrast and improved spatial sharpness. The
overall results verify that introducing temporal consistency
constraints based on spatial consistency modeling can more
effectively leverage cross-frame correlations and enhance the
detail preservation and visual perception quality of the fused
image.

3) Fusion Unit Analysis: Table II presents the ablation
results of the proposed DGF module. Since the DGF module
consists of a content difference layer and an edge difference
layer, we separately evaluate the fusion performance obtained
by using only content differences and only edge differences.
In addition, we compare the proposed DGF module with
conventional weighted fusion and multi-feature concatenation
strategies to further verify its effectiveness. The experimen-
tal results show that the DGF module achieves the lowest
BRISQUE value, indicating that it can generate fused images
with better perceptual quality and fewer visual distortions.
Meanwhile, the DGF module obtains the best EME value,
demonstrating its effectiveness in enhancing local contrast and
improving the structural clarity and detailed information of the
fused images. Although weighted fusion slightly outperforms
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Fig. 9. Ablation analysis of the HMoE and the EGSTA unit without entropy gating.
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Fig. 10. Fusion performance analysis of different methods. The left side shows the fusion results on the private dataset ELVID. The middle section displays
the fusion results on the public HDO dataset. The right side shows the fusion results on the public dataset M3SVD.

DGEF on the SF and AG metrics, its higher BRISQUE score
suggests that this fusion scheme may introduce more noise
or visual distortion. In contrast, the DGF module can further
enhance image naturalness and local contrast while preserving
detailed information, thereby demonstrating superior fusion
performance.

4) HMoE and EGSTA Without Entropy Gating Analysis:
Fig. 9 presents the ablation analysis of the HMoE and EGSTA
modules, where the EGSTA module consists of EGTF and
EGSA. Figs. 9(a—e) show the fusion results under different
ablation settings, together with the corresponding enlarged
local regions. The red rectangles indicate the selected regions,
while the red horizontal and yellow vertical lines in the
enlarged regions denote the areas used to extract the hori-
zontal and vertical gray-level intensity profiles, respectively.
As shown in Fig. 9(a), removing the HMoE module results
in noticeable horizontal artifacts in local regions. Figs. 9(b—d)
further show that when the EGTF or (EGSA is used without
entropy-gating constraints, the fused images are more likely to
suffer from stripe-like artifacts in both horizontal and vertical
directions. These observations suggest that standard attention
mechanisms may introduce unstable responses when process-
ing low-quality video frames or unreliable spatial regions. In
contrast, Fig. 9(e) shows that when both HMoE and entropy

gating are incorporated, the fused image exhibits a more
natural visual appearance and effectively suppresses artifacts.
Figs. 9(f—g) further present the grayscale intensity distribution
curves of selected regions in both the horizontal and vertical
directions. Compared with the ablated variants, USCFNet
exhibits smoother, more stable intensity variations in both
directions, indicating a stronger ability to suppress streak arti-
facts while preserving local details and structural information.
These results further validate the effectiveness of the HMoE
and EGSTA modules in enhancing detail representation and
suppressing artifacts.

C. Comparison of Frame-Based Fusion Performance

Since there is a lack of publicly available video fusion code,
this paper first selects the first frame of the test video dataset
as the analysis data to analyze the performance of different
fusion methods. The choice of the first frame is motivated
by two considerations. First, it serves as a unified starting
frame across all video sequences, avoiding the subjective
bias introduced by manually selecting the “best frame” and
ensuring fair comparisons between methods. Second, the first
frame is not affected by subsequent temporal propagation
errors or accumulated motion blur, and thus can more stably
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TABLE III

QUANTITATIVE COMPARISON OF DIFFERENT FUSION METHODS ON ELVID, M3SVD, AND HDO DATASETS. THE BEST RESULTS ARE
HIGHLIGHTED IN BOLD AND THE SECOND-BEST RESULTS ARE IN UNDERLINED. LOWER BRISQUE AND HIGHER SF, AG,
AND EME INDICATE BETTER PERFORMANCE

Methods \ ELVID \ M3SVD \ HDO

| BRISQUE, SFt  AGT EMET | BRISQUEL SFt AG? EMET | BRISQUE|, SFf  AG? EMEf
CrossFuse 33.03 1845 5325 7427 40.04 2040 7437 8784 27.77 22.18 6357  7.018
DATFuse 26.37 1279 4199 3.493 21.07 2119 6372 4.908 15.97 1865 6.565 4732
ITFuse 47.34 471 1780 1821 35.83 11.85 2806 2813 43.14 6.800 2758  2.466
TextFusion 3135 1747 5402 6.144 32.43 3168 8015 8559 2460 2214 6690 6412
HAIAFusion 36.05 1298 4231 4491 30.92 30.14 7934 10.45 35.69 19.56  6.882  7.422
SeAFusion 27.54 1109 3.887 3610 26.01 2504 7187  6.993 28.89 1775 6499  5.285
USCFNet (Ours) 1609 2153 6843 8394 2321 3244 9173 14181 6.363 2263 7247 6240
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Fig. 11.
boxes indicate adjacent video frames.

reflect model performance under static input conditions. As
shown in Figs. 10(a) and (b), the original video frame data
are used as representative examples. From the fusion results, it
is evident that methods such as CrossFuse, DATFuse, ITFuse,
and TextFusion exhibit varying degrees of detail loss across
all three datasets. For instance, the wall contours in the
ELVID dataset appear blurred, while the fence structures in
HDO are missing. In addition, the fusion result of ITFuse is
generally over-smoothed, while CrossFuse exhibits noticeable
brightness inconsistencies and locally dark regions. SeAFusion
improves the fusion performance to some extent. However, it
still suffers from edge information loss in the key areas of
interest (highlighted by the red, green, and yellow boxes). In
contrast, both HAIAFusion and the proposed method show
better fusion quality, but the former has lower contrast in
the region of interest. The proposed USCFNet effectively
preserves the energy characteristics of the infrared modality
while retaining the texture details of the visible modality.
Across different datasets, key structural elements such as the
text on the sign in the red box region, the fences in the
green box region, and the trees in the yellow region remain
clearly discernible, and background transitions are natural,
resulting in the best overall visual quality. These observations
fully verify that the proposed model possesses stronger energy
preservation and detail reconstruction capabilities in extremely
low-light.

(h) SeAFusion

(i) Ours (g) HAIAFusion (h) SeAFusion (i) Ours

Fusion performance analysis of different compared methods on low-quality frames. All data are from the curated ELVID dataset. The gray and blue

Table III presents the quantitative results of different fusion
methods on the ELVID, M3SVD, and HDO datasets. On the
ELVID dataset, the proposed USCFNet achieves the best per-
formance across all metrics, indicating that the fused images
generated by our method exhibit the lowest distortion and
the highest perceptual naturalness, while maintaining clearer
detail preservation and better contrast. On the M3SVD dataset,
USCFNet achieves the highest values in SF, AG, and EME,
demonstrating its ability to produce rich texture details and
maintain balanced brightness across diverse scene sequences.
Although DATFuse attains the lowest BRISQUE score, its AG
and EME values are relatively low, indicating that its fused
results exhibit slightly better perceptual naturalness. However,
its fusion result lacks sufficient structural sharpness and con-
trast. On the HDO dataset, USCFNet achieves a significantly
lower BRISQUE score than all other methods, while also
attaining the highest SF and AG values. This further validates
the proposed approach’s effectiveness in detail preservation
and contrast enhancement. Overall, the results demonstrate
that the proposed model not only exhibits outstanding fusion
performance under extremely low light but also maintains
strong generalization and robustness across diverse scenes.

D. Comparison of Video-Based Fusion Performance
Fig. 11 illustrates the fusion performance of different meth-
ods in the low-quality frames. (a) and (b) show the original
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TABLE IV

QUANTITATIVE RESULTS OF THE FUSION PERFORMANCE IN DIFFERENT
METHODS UNDER LOW-LIGHT VIDEO FUSION TASKS. T INDICATES
HIGHER IS BETTER, | INDICATES LOWER IS BETTER

Methods FDE | T-SSIM 1 TE | TGC 1

CrossFuse 1.309+1.457 0.980£0.033 1.775+0.652 0.962=0.061
DATFuse 1.176£1.888 0.981+0.031 1.643+0.634 0.956+0.063
ITFuse 0.875+1.043 0.986+0.021 1.446+0.613 0.936+0.062
TextFusion 1.406:1.677 0.980-£0.033 1.828+0.664 0.961+0.067
HAIAFusion 1.761£2.120 0.975+£0.040 1.707+0.765 0.9580.065
SeAFusion 1.49441.585 0.978+0.036 1.567+0.705 0.960+0.060
USCFNet (Ours) 0.937:£0.998 0.989:+0.020 1.5364+0.571 0.98140.036

low-quality frames, where the regions highlighted by blue
boxes correspond to their adjacent frames. This paper aims
to enhance the fusion performance of low-quality frames
through the information transfer between neighboring frames
using a spatiotemporal consistency network. Figs. 11(c—k)
show the fusion results of different image fusion methods for
various scenes. It can be observed that these methods can fuse
infrared energy information and visible texture details at the
single-frame level. However, due to the lack of spatiotemporal
consistency modeling, these methods cannot effectively utilize
the key features of adjacent frames to improve the fusion
performance of low-quality frames. In contrast, the proposed
USCEFNet effectively leverages infrared energy and visible
texture features from adjacent frames to reconstruct missing-
frame information. This significantly enhances the fusion
performance of low-quality frames and enables high-quality
reutilization of discarded frames. These results further validate
the superiority of the proposed model in spatio-temporal
feature modeling.

Based on time-series data, we evaluate the fusion perfor-
mance of video sequences using several temporal metrics,
including frame difference energy (FDE), temporal SSIM
(T-SSIM), temporal entropy (TE), and temporal gradient con-
sistency (TGC), thereby providing an objective assessment
of different methods. Specifically, FDE measures inter-frame
energy fluctuations; T-SSIM evaluates structural similarity
across frames; TE quantifies temporal uncertainty; and TGC
assesses gradient continuity of the fused sequences. As
shown in Table IV, USCFNet achieves the best perfor-
mance on T-SSIM and TGC, indicating that it maintains the
most stable structural consistency and the smoothest tem-
poral edge changes during video fusion. For FDE and TE
metrics, USCFNet results are slightly lower than ITFuse,
but the gap is small. Notably, although ITFuse is slightly
better in terms of inter-frame energy and entropy fluc-
tuations, its structural consistency and gradient continuity
are inferior to USCFNet. In summary, the spatiotempo-
ral modeling mechanism of USCFNet effectively suppresses
inter-frame fluctuations, achieving higher spatiotemporal con-
sistency while maintaining detail stability.

E. Discussion

1) Spatiotemporal Consistency Heatmap Analysis: Fig. 12
illustrates the spatiotemporal consistency heatmaps of the

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

Input Video

Fig. 12. The heatmaps of spatio-temporal consistency analysis. The left panel
shows the original video sequence, the large image in the center presents the
average inter-frame difference heatmap, and the right panel displays the frame-
wise difference heatmaps.

USCFNet. In the average inter-frame difference heatmap,
the background regions exhibit predominantly low difference
responses (blue), while moderately high responses (yellow)
appear around moving objects. This indicates that the proposed
method maintains stability in static areas while preserv-
ing reasonable temporal variations in dynamic regions. The
frame-wise difference heatmaps further demonstrate that the
structural details remain highly consistent across consecutive
frames, without noticeable flickering or spatial drift. This con-
firms that the proposed spatio-temporal consistency modeling
effectively suppresses inter-frame instability and preserves the
continuity of fine details.

2) Object Detection Task: To further validate USCFNet’s
potential for downstream object detection tasks, we conducted
experiments on the ELVID dataset, as shown in Fig. 13. We
used a pre-trained YOLOVI11 as the object detection network
to detect objects in fused images from different comparison
methods. Figs. 13(c-h) shows that the comparison methods
failed to detect the athletes within the red-marked areas,
exhibiting significant target misses. In contrast, USCFNet
successfully detected all football players in the moving scene,
demonstrating higher detectability. This result indicates that
USCFNet can yield more discriminative features for down-
stream visual tasks, such as object detection, by producing
high-quality fused videos.

3) Extremely Degraded Video Frame Analysis: Fig. 14
illustrates the fusion performance of different methods under
extreme conditions: the original infrared frame (a) appears
heavily blurred, while the visible frame (b) provides almost no
usable structure except for a localized bright region. Although
the fusion results in Figs. 14 (c-h) integrate certain modal
information, they still fail to recover fine details in the key
target area highlighted by the red box. In contrast, the proposed
method not only reconstructs the electronic display in the red
box but also restores the staircase railing in the green box by
leveraging temporal information from adjacent frames. Mean-
while, the network adaptively suppresses unreliable regions in
the infrared modality. These results indicate that USCFNet,
built on spatiotemporal uncertainty modeling, remains robust
and effective even when handling extremely degraded low-
quality video inputs.

Fig. 15 shows the fusion visualization results of different
methods in scenes with severe occlusion and extremely weak
textures. The first row shows the occluded scene, and the
second row shows the scene with extremely weak textures.
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(b) VIS (c) CrossFuse (d) DATFuse

(e) ITFuse

(h) SeAFusion

® HAIAFuswn

(f) TextFusion (i) Ours

Fig. 13. Performance analysis of object detection tasks on the ELVID dataset.

(e) ITFuse

(a) IR (b) VIS (c) CrossFuse (d) DATFuse

(f) TextFusion (g) HAIAFusion (h) SeAFusion

(i) Ours

Fig. 14. Fusion performance analysis of extremely degraded video frames.

(¢) CrossFuse (d) DATFuse

(e) ITFuse

(f) TextFusion (g) HAIAFusion (h) SeAF usion (i) Ours

Fig. 15. Comparison of fusion performance under severe occlusion and extremely weak-texture scenes.

TABLE V

COMPUTATIONAL EFFICIENCY COMPARISON OF DIFFERENT
METHODS. | INDICATES LOWER IS BETTER

Methods Params (M) FLOPs (G)] Time (ms)]
CrossFuse 1.161 5.202 15.04
DATFuse 10.76 1.185 129.8
ITFuse 0.082 5.676 282.735
TextFusion 0.074 4.439 14.384
HATAFusion 0.591 38.68 39.41
SeAFusion 0.167 10.88 4.014
USCFNet (ours) 36.70 17.90 20.27

As the infrared images are relatively blurry, the methods
shown in Figs. 15 (c—e) produce fused results that are overall
blurry as well. Although the methods in Figs. 15 (f-h) can
better fuse infrared and visible image information, but they
struggle to effectively restore the architectural details in the
red-boxed area because they do not fully utilize temporal
information from adjacent frames. In contrast, the proposed
method can combine information from adjacent frames to mit-
igate interference from occlusions and low-texture scenes to
some extent, thereby enabling the recovery of key region fea-
tures. These results suggest that USCFNet maintains favorable
spatiotemporal modeling capabilities under highly challeng-
ing conditions and shows certain advantages in recovering
structures in key regions.

4) Computational Complexity and Efficiency: Table V com-
pares the parameter counts, FLOPs, and average inference
times of different methods. Since USCFNet incorporates
a spatiotemporal relationship modeling mechanism tailored
to video fusion, it has more parameters than the compet-
ing methods. Nevertheless, USCFNet requires fewer FLOPs
than HATFusion and achieves shorter average inference
time than DATFuse, ITFuse, and HAIAFusion. These results
suggest that the proposed method enhances spatiotemporal
feature modeling without introducing excessive computational

overhead. Overall, USCFNet achieves a favorable balance
between fusion performance and computational complexity.
5) Limitations and Future Directions: While the ELVID
dataset provides a new benchmark for infrared-visible video
fusion under extremely low illumination conditions, its
scene diversity remains limited compared to large-scale
normal-illumination datasets. From a methodological per-
spective, the proposed USCFNet has high computational
complexity, which may pose challenges to real-time perfor-
mance and deployment on resource-constrained platforms.
Furthermore, the framework is primarily optimized for the
fusion task itself. Although the fused results show potential
for downstream tasks such as object detection, quantitative
evaluation on these tasks has not yet been conducted due
to the lack of task-specific annotations. These limitations
point to important directions for future research, including
improving model efficiency and developing task-driven fusion
frameworks that jointly optimize with downstream targets.

VI. CONCLUSION

This paper proposes an uncertainty-guided spatio-temporal
consistency fusion network for infrared-visible video fusion
in extremely low-light conditions. Unlike conventional image-
level fusion methods, USCFNet integrates spatio-temporal
uncertainty analysis, a modality-specific difference-guided
mechanism, and a hierarchical expert collaboration strategy
within a unified framework. This design enables the model
to not only extract spatiotemporal consistency features of
modality-specific, but also to ensure balanced learning of
information from different modalities, thereby enhancing the
visual integrity of the fusion result. Furthermore, we curated
a dataset called ELVID. It provides a reliable experimen-
tal benchmark for future research on extremely low-light
video fusion. Experimental results demonstrate that USCFNet
significantly outperforms existing methods on our curated
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dataset and two public datasets. In particular, under extremely
low-light conditions, it produces fused results with higher
spatio-temporal consistency and better detail preservation,
thereby establishing a solid basis for robust infrared—visible
video fusion under extreme illumination conditions. In future
work, we plan to extend the proposed framework to more
diverse real-world scenarios and downstream tasks, such as
object detection and tracking, while further improving model
efficiency for practical deployment.
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