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1. More MMVIP Datasets

The detailed category distribution of the MMVIP dataset
is illustrated in Fig. 1, encompassing a wide variety of
scenarios, viewpoints, and weather conditions. Given the
significant disparities in data acquisition difficulty under
varying meteorological conditions, the number of avail-
able samples for certain extreme weather events (e.g., ty-
phoons) remains relatively limited. Regarding data acqui-
sition methods, sea scenarios primarily rely on unmanned
aerial vehicles (UAVs) and shipborne electro-optical pods,
whereas coastal and port scenarios predominantly utilize
fixed electro-optical pods. Notably, our dataset was col-
lected across various seasons, times of day, and geographic
locations to minimize incidental bias.

To provide a more intuitive visualization of the dataset’s
characteristics, Fig. 2 presents additional examples of
visible-infrared image pairs captured in diverse, real-world
maritime environments. Acquired using various types of
electro-optical equipment, these image pairs cover a broad
spectrum of illumination conditions, complex and fluctu-
ating weather states, and diverse target scales. These rich
qualitative samples not only highlight the visual breadth of
the MMVIP dataset but also fully validate its comprehen-
sive coverage and representational capability for authentic,
complex marine environments.

2. Supplementary Experiment of Image Fusion

2.1. Additional Fusion Results

To further demonstrate the advantage of multimodal data,
we present image fusion results from various methods.
These results illustrate the performance gains in different
scenes and help evaluate the applicability and challenges of
the MMVIP dataset for fusion tasks.

As shown in Fig. 3a, Fig. 3b, and Fig. 3c, the visual com-
parisons of different fusion methods under night, foggy, and
low-light scenarios are presented. In night scenes, visible
images typically suffer from low brightness and significant
noise, while infrared images highlight target structures but
lack detailed textures. Under such conditions, different fu-
sion methods exhibit notable differences in brightness en-
hancement, target highlighting, and noise suppression. In
foggy scenes, visible images generally exhibit low contrast
and struggle to present the complete contours of distant
targets, whereas fusion methods can leverage the infrared
modality to preserve clearer edge structures. In low-light
scenarios, some methods tend to suffer from issues such
as over-enhancement or loss of details, whereas more sta-

ble fusion models achieve a better balance among texture
preservation, brightness restoration, and target visibility.

Collectively, the proposed MMVIP dataset establishes a
critical benchmark for maritime fusion research. Further-
more, our results expose the core challenges inherent to
these complex environments.

2.2. Quantitative Analysis of Fusion Results

This section employs six quantitative metrics to evaluate ten
representative fusion methods. The evaluated methods in-
clude CAF [11], EMMA [32], Text-IF [28], LUT-Fuse [29],
RFfusion [24], TG-ECNet [21], DCEvo [12], GIFNet [3],
SAGE [25], and TDFusion [1].

We employ the following metrics for fusion quality as-
sessment: EN [18] (information content), MI [16] (mu-
tual information with source images), SD [17] (image con-
trast), VIF [7] (visual fidelity), Qabf [26] (salient informa-
tion preservation), and SSIM [23] (structural similarity).
Higher values indicate better performance for all metrics.

As shown in Tab. 1, the quantitative evaluation results of
different image fusion methods on the MMVIP dataset are
presented. It can be observed that RFfusion [24] achieves
the highest values on the EN and SD metrics, indicating that
its fused images contain richer detail information. DCEvo
[12] performs best in terms of MI, suggesting that it pre-
serves complementary information from the source images
more effectively. For the VIF metric, TDFusion [1] attains
the highest score, demonstrating strong capability in main-
taining visual clarity. In addition, TDFusion also performs
well on SSIM, indicating that its fused results are most simi-
lar to the source images in terms of structural and perceptual
characteristics. In contrast, Text-IF [28] obtains the highest
value on Qabf, showing superior performance in balancing
edge and contrast information during fusion.

In summary, although existing fusion algorithms have
achieved promising results, there remains substantial room
for further improvement.

2.3. Comparison of Image Enhancement and Image
Fusion

To comprehensively demonstrate the benchmark value and
challenges of the MMVIP dataset, we evaluate state-of-the-
art models across diverse visual tasks, including low-light
enhancement and image dehazing, along with the corre-
sponding fusion results. Specifically, we provide both quali-
tative visual comparisons and quantitative evaluations using
no-reference image quality assessment metrics. This com-
bination of subjective and objective analysis allows for a
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Figure 1. Distribution of scene, viewpoint, and weather conditions in the MMVIP dataset.
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Figure 2. Additional scene examples from the MMVIP dataset.

thorough assessment of model performance under complex
maritime scenarios.

2.3.1. Low-light Image Enhancement

For experimental comparison, we select five representa-
tive low-light enhancement methods: EnlightenGAN [9],
R2RNet [6], DENet [8], DarkIR [4], and CIDNet [27].

As shown in Fig. 4, visual comparisons are presented be-
tween low-light enhancement methods and visible-infrared
fusion methods under the same scenarios. The first row cor-
responds to low-light enhancement models, which primarily
improve visibility by increasing brightness and contrast but
are prone to amplified noise, overexposed details, or tex-
ture loss. The second row shows the fusion methods, which

leverage the structural advantages of the infrared modality
to maintain more stable contours in poorly illuminated re-
gions while reducing common texture artifacts seen in en-
hancement models. By examining the highlighted and dark
regions in the comparison images, it is evident that fusion
models exhibit stronger target discernibility and structural
consistency under night and low-light conditions.

Tab. 2 summarizes the quantitative comparisons of five
low-light enhancement methods and visible-infrared fusion
approaches across four no-reference image quality met-
rics: NIQE [15], BRISQUE [14], CLIP-IQA [22], and
LIQE [30]. The results reveal that low-light enhancement
methods exhibit certain fluctuations in terms of naturalness
and contrast improvement, while several fusion methods
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Figure 3. Comparison of fusion results of three typical marine conditions.

achieve superior or near-optimal performance across mul-
tiple metrics, indicating better structural preservation and
content consistency. Overall, fusion methods provide more
stable image quality in complex low-light environments,
which aligns with the qualitative comparisons.

2.3.2. Image Dehazing Experiment
For image dehazing, we evaluate five representative meth-
ods: DehazeFormer [20], DEA-Net [2], CoA [13], IPC-
Dehaze [5], and SFMN [19].

As shown in Fig. 5, we present visual compar-
isons between single-image dehazing approaches and visi-
ble–infrared fusion methods. Under heavy haze, visible im-
ages typically suffer from severe contrast degradation and
blurred distant targets, and existing dehazing models may
further introduce color shifts or over-sharpening artifacts.
In contrast, fusion methods leverage the stable structural
cues available in the infrared modality, enabling clearer
preservation of distant contours and effectively suppressing
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Figure 4. Visual comparison of low-light enhancement and selected image fusion methods. The first and third rows display the enhancement
results, while the remaining rows show the fusion results.

Table 1. The quantitative indicators of various fusion methods in the MMVIP dataset, with Red indicating the best result, Blue representing
the second-best result, and Green signifying the third-best result.

Methods EN MI SD VIF Qabf SSMI

CAF[11] 6.064 3.060 23.569 1.058 0.455 0.701
EMMA[32] 6.259 4.150 27.602 1.281 0.506 0.677
Text-IF[28] 6.125 3.797 23.839 1.264 0.580 0.824
Lut-Fuse[29] 5.851 4.579 21.620 1.088 0.518 0.775
RFfusion[24] 6.515 3.909 31.601 1.260 0.489 0.826
TG-ECNet[21] 6.471 2.879 28.213 1.041 0.369 0.450
DCEvo[12] 5.876 4.755 21.987 1.190 0.564 0.864
GIFNet[3] 6.238 3.165 26.210 1.181 0.445 0.763
SAGE[25] 5.851 3.059 22.718 1.189 0.536 0.884
TDFusion[1] 6.278 3.149 27.245 1.312 0.567 0.903

artifacts caused by aggressive enhancement. By examin-
ing the behavior of different approaches in dense haze re-
gions and along fine structural boundaries, it is evident that
fusion-based strategies yield more stable, artifact-free, and
visually natural results in challenging foggy scenes.

Tab. 3 reports the performance of various dehazing and
visible–infrared fusion methods on four no-reference im-
age quality metrics: NIQE [15], BRISQUE [14], CLIP-

IQA [22], and LIQE [30]. Dehazing approaches show dif-
fering levels of effectiveness in reducing blur and improv-
ing clarity; for instance, IPC-Dehaze [5] performs well on
BRISQUE, yet its overall perceptual quality remains con-
strained by the limitations of single-modality information.
In contrast, fusion-based methods exhibit greater stabil-
ity and consistency across all metrics. Notably, models
such as LUT-Fuse [29] and TDFusion [1] achieve state-of-
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Figure 5. Visual comparison of image dehazing and selected fusion methods. The first and third rows display dehazing outputs, while the
remaining rows show the results of various fusion methods.

Table 2. Performance comparison of various low-light enhancement and fusion methods on non-reference IQA metrics (NIQE, BRISQUE,
CLIP-IQA, LIQE). Red indicates the best result. Blue indicates the second-best result. Green indicates the third-best result.

Type Methods NIQE↓ BRISQUE↓ CLIP-IQA↑ LIQE↑
Visible 4.191 43.933 0.145 1.025

Enhance

EnlightGAN[9] 4.372 41.405 0.126 1.005
R2RNet[6] 4.254 49.240 0.324 1.022
DENet[8] 4.645 45.097 0.210 1.014
DarkIR[4] 4.179 48.391 0.308 1.025
CIDNet[27] 4.130 39.280 0.137 1.016

Fusion

CAF[11] 3.643 32.712 0.178 1.082
EMMA[32] 5.079 22.021 0.180 1.062
Text-IF[28] 4.118 38.397 0.208 1.083
LUT-Fuse[29] 2.953 35.018 0.370 1.117
RFfusion[24] 3.564 36.430 0.217 1.036
TG-ECNet[21] 5.977 16.577 0.123 1.029
DCEVo[12] 3.789 37.877 0.198 1.091
GIFNet[3] 4.122 37.030 0.200 1.057
SAGE[25] 3.933 43.023 0.251 1.060
TDFusion[1] 3.910 34.146 0.202 1.061



Table 3. Performance comparison of various dehazing and fusion methods across no-reference image quality assessment metrics (NIQE,
BRISQUE, CLIP-IQA, LIQE). Red indicates the best result. Blue indicates the second-best result. Green indicates the third-best result.

Type Methods NIQE↓ BRISQUE↓ CLIP-IQA↑ LIQE↑
Visible 4.797 63.239 0.245 1.293

Dehaze

DehazeFormer[20] 5.016 40.692 0.161 1.083
DEA-Net[2] 5.206 39.450 0.149 1.091
CoA[13] 5.125 44.267 0.156 1.067
IPC-Dehaze[5] 4.406 33.937 0.119 1.090
SFMN[19] 5.013 63.507 0.301 1.117

Fusion

CAF[11] 4.139 45.588 0.268 1.363
EMMA[32] 7.222 33.290 0.262 1.484
Text-IF[28] 4.459 40.389 0.193 1.301
LUT-Fuse[29] 4.137 56.634 0.373 1.578
RFfusion[24] 4.052 46.089 0.282 1.199
TG-ECNet[21] 8.426 43.537 0.196 1.322
DCEVo[12] 4.379 50.811 0.314 1.591
GIFNet[3] 4.740 44.225 0.323 1.233
SAGE[25] 4.450 48.666 0.324 1.341
TDFusion[1] 4.005 41.996 0.264 1.329

Figure 6. Visualized tracking results of ByteTrack on the test sequences. The rows, from top to bottom, illustrate four different maritime
sequences.



the-art performance on CLIP-IQA and LIQE, underscoring
their strengths in preserving structural details and enhanc-
ing semantic content. These results demonstrate that fusion
strategies offer superior visual fidelity and robustness under
complex weather conditions.

The above experimental results indicate that under com-
plex maritime conditions, such as low light and fog, im-
age fusion methods outperform single-modality enhance-
ment or dehazing approaches in both visual quality and
quantitative metrics. This fully demonstrates the effective-
ness of multi-modal collaboration in improving visual per-
ception performance in challenging marine environments.
These findings also highlight the significance of the pro-
posed MMVIP dataset. It provides a unified benchmark
for related research areas, including maritime low-light en-
hancement and dehazing, playing a positive role in advanc-
ing maritime visual perception studies.

3. Multi-Object Tracking Experiment

For the object tracking task, our MMVIP dataset also serves
as an evaluation benchmark. Specifically, we evaluate Byte-
Track [31] by employing YOLO11 [10] as the baseline de-
tector. Using the original pre-trained weights as a baseline,
we fine-tuned on MMVIP, splitting the video sequences 9:1
for training and testing. The model was trained for 100
epochs with AdamW and a batch size of 32.

Qualitative Comparisons. Fig. 6 illustrates the per-
formance of ByteTrack [31] in complex maritime envi-
ronments. As shown in the figure, ByteTrack exhibits
a clear tendency toward missed detections under low-
visibility conditions, especially for small targets such as
buoys and small vessels. In the presence of occlusions,
its identity association capability further degrades, leading
to frequent and pronounced ID switches. The ByteTrack
model fine-tuned on the MMVIP dataset achieves moder-
ate performance in maritime multi-object tracking. Its re-
identification ability remains limited, particularly in scenar-
ios with frequent occlusions.

The qualitative evaluations indicate that MMVIP serves
as a high-quality, challenging benchmark for the training
and evaluation of maritime multi-object tracking models,
further highlighting its critical role in advancing research
within this domain.
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