This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

MagicFuse: Single Image Fusion for Visual and Semantic Reinforcement

Hao Zhang * Yanping Zha *

Zizhuo Li

Meiqi Gong  Jiayi Ma

Wuhan University, China

{zhpersonalbox, yanpingchat66, jyma2010}@gmail.com,

Abstract

This paper focuses on a highly practical scenario: how
to continue benefiting from the advantages of multi-modal
image fusion under harsh conditions when only visible
imaging sensors are available. To achieve this goal, we
propose a novel concept of single image fusion, which
extends conventional data-level fusion to the knowledge
level. Specifically, we develop MagicFuse, a novel sin-
gle image fusion framework capable of deriving a com-
prehensive cross-spectral scene representation from a sin-
gle low-quality visible image. MagicFuse first introduces
an intra-spectral knowledge reinforcement branch and a
cross-spectral knowledge generation branch based on the
diffusion models. They mine scene information obscured
in the visible spectrum and learn thermal radiation dis-
tribution patterns transferred to the infrared spectrum, re-
spectively. Building on them, we design a multi-domain
knowledge fusion branch that integrates the probabilistic
noise from the diffusion streams of these two branches,
from which a cross-spectral scene representation can be
obtained through successive sampling. Then, we impose
both visual and semantic constraints to ensure that this
scene representation can satisfy human observation while
supporting downstream semantic decision-making. Exten-
sive experiments show that our MagicFuse achieves visual
and semantic representation performance comparable to or
even better than state-of-the-art fusion methods with multi-
modal inputs, despite relying solely on a single degraded
visible image. The code is publicly available at ht tps :
//github.com/zhayanping/MagicFuse.

1. Introduction

Visible imaging sensors struggle to comprehensively cap-
ture scene content under harsh conditions, often yielding
degraded appearances, e.g., low-light, hazy, or noised. In
this context, the infrared and visible image fusion (IVIF)
technique has emerged. It leverages the complementary in-
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Figure 1. Under limited sensing conditions, existing image fusion
methods fail completely, whereas our MagicFuse still achieves
promising cross-spectral scene representation.

formation from infrared modality to compensate for visi-
ble ones, enhancing the completeness of scene representa-
tion for human observation and machine perception [15, 19,
21, 24]. Owing to its excellent characteristics, this tech-
nique has been widely applied in various human-/machine-
centered perception systems, e.g., individual reconnais-
sance, intelligent transportation, and assisted driving.

In recent years, deep learning has greatly advanced IVIF
technology, continuously pushing its adaptability to com-
plex real-world environments to new heights. Typically,
TarDAL [8] employs a detection-driven dual adversarial
learning architecture to produce salient target-aware fused
images, which are particularly effective in enhancing the
accuracy of semantic decision tasks under complex envi-
ronments. OmniFuse [23] employs the diffusion model to
perform degradation removal and information fusion in the
latent space, enabling visually clear results even under chal-
lenging environments with composite degradations. Clev-
erly, Text-DiFuse [22] introduces a text-modulated robust
image fusion model. Guided by user instructions, it en-
hances both the visual quality and semantic expressiveness
of fused images under harsh imaging conditions.
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Admittedly, these IVIF methods offer attractive advan-
tages. They generally rely on a strict prerequisite: paired
visible and infrared images must be simultaneously avail-
able [7, 14, 18]. However, a noteworthy reality is that in
most real-world scenarios, only visible imaging sensors are
available, while thermal infrared sensors are absent due to
their high cost, as shown in Fig. 1 (a). Such a data-level ab-
sence fundamentally invalidates all existing IVIF methods,
as shown in Fig. 1 (b). Although image restoration tech-
niques [1, 10] can be employed to recover as much scene
information as possible from the visible spectrum, the prior
knowledge within a single spectrum remains limited. When
degradation types are diverse and coupled, existing restora-
tion methods often fail to achieve satisfactory results.

It is natural to pose the following bold idea: could we
continue to enjoy the benefits of IVIF in harsh environments
with only visible imaging sensors? This is highly attractive,
as it allows for a comprehensive cross-modal scene rep-
resentation from a single low-quality visible image alone.
This motivates our investigation into a previously unexam-
ined research direction: Single Image Fusion (SIF). Be-
fore proceeding, we must raise two fundamental questions
of SIF. (1) To overcome the representational limits of visible
images, where does the new knowledge beyond the visible
spectrum originate? (2) Since data-level fusion is infeasible
due to the absence of infrared data, how can we achieve a
leap from data-level to knowledge-level fusion?

Driven by these two fundamental questions, we propose
MagicFuse, a single image fusion framework that infers
a joint visible—infrared scene representation from a single
low-quality visible image, enhancing both visual quality
and semantic decision accuracy, as shown in Fig. 1 (c).
First, powerful generative models may help us address the
first question, as they are capable of producing new knowl-
edge through learning from large-scale data. Accordingly,
we design an intra-spectral knowledge reinforcement (IKR)
branch and a cross-spectral knowledge generation (CKG)
branch based on the diffusion model. IKR is dedicated to
enhancing scene information from low-quality visible im-
ages, with the goal of maximizing knowledge mining within
the visible spectrum. In contrast, CKG aims to learn ther-
mal radiation distribution patterns from large-scale paired
multi-modal images, thereby generating new knowledge in
the infrared spectrum from the visible one. Second, to an-
swer the second question, we consider that the estimated
noise at each timestep in the diffusion sampling process
inherently encodes valuable knowledge, which can be ex-
ploited as a medium for knowledge fusion. Therefore, we
develop a multi-domain knowledge fusion (MKF) branch to
integrate the probabilistic noise from diffusion streams of
IKR and CKG branches. By performing continuous sam-
pling from a shared starting point (i.e., standard Gaussian
noise), the MKF branch finally generates a visual image

with cross-spectral representation capability, called Magic

Image (Maglmg). To further enhance the compatibility of

Maglmg for downstream semantic decision tasks, we in-

troduce an auxiliary segmentation head embedded into the

MKEF branch. It aligns the fused features with semantic

labels, enriching Maglmg with refined structural seman-

tics. Therefore, our MagicFuse constructs enhanced cross-
spectral scene representations from a single low-quality
visible image by mining new knowledge and performing
knowledge fusion, improving both visual and semantic per-
ception of degraded scenarios.

In summary, our contributions are as follows:

* We propose MagicFuse, a novel single image fusion
framework capable of deriving a comprehensive cross-
spectral scene representation from a single low-quality
visible image. To our knowledge, this is the first pro-
posal of SIF, offering significant potential to broaden the
practical scope of image fusion.

* We leverage IKR and CKG for intra-spectral knowledge
reinforcement and cross-spectral knowledge generation,
and integrate them with MKF to bridge data-level to
knowledge-level fusion, thereby addressing two funda-
mental questions of SIF.

* We construct visually and semantically coupled scene
representation constraints, enabling our MagicFuse to si-
multaneously preserve both visual and semantic percep-
tion capabilities for degraded scenarios.

» Extensive experiments confirm our MagicFuse’s reliabil-
ity and practicality, achieving highly competitive perfor-
mance in both visual and semantic perception.

2. Methodology

2.1. Problem Formulation

Our MagicFuse aims to obtain a cross-spectral scene rep-
resentation through knowledge fusion using only single de-
graded visible images. The overall framework is presented
in Fig. 2. Two types of knowledge are considered. Intra-
spectral knowledge captures color, texture, and other de-
tails obscured by degradations, reflecting inherent visible-
spectrum characteristics. We adopt image restoration as its
task carrier, leveraging a diffusion model to recover weak-
ened or lost information, thereby reinforcing the visible-
spectral knowledge. Cross-spectral knowledge learns ther-
mal radiation patterns from the visible spectrum, inferring
object-level radiation intensity and energy distribution. This
is achieved via visible-to-infrared translation, where a dif-
fusion model progressively infers latent infrared representa-
tions, generating new cross-spectral knowledge. Thus, the
SIF problem can be formulated as a knowledge fusion task:

mianszN(O,I) [ﬂf (f(kw,k!qﬁ;wf))} ,
« (L
st. kY € U(T, zr;w?), k® € (T, zr; w?).
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Figure 2. Overall framework of our proposed MagicFuse.

where £* denotes the fusion loss, and F(-; w®) represents
the knowledge fusion network in the MKF branch parame-
terized by wf. Z € REXW*3 denotes the input degraded
visible image. ¥(-;w¥) and ®(-; w?) indicate two diffusion
streams for visible image restoration and visible-to-infrared
image translation, with learnable parameters w? and w?,
respectively. k¥ and k? correspond to the above two types
of knowledge produced by ¥ and ¢ at different timesteps.
For a total of T timesteps, k¥ € {kV,kY,...,k%} and
k® € {kY kY,...,kD}. zp is the noise sampled from a
standard Gaussian distribution, serving as the shared start-
ing point of the sampling process in ¥ and ®.

By solving Eq. (1), we can obtain a pleasing Maglmg
that enables cross-spectral visual representation of degraded
scenarios. However, recent studies [ 12] generally agree that
image fusion should not only focus on visual quality for
human perception but also ensure semantic attributes for
machine understanding. To achieve this goal, we embed a
segmentation head in the MKF branch to enforce alignment
between the fused features and semantic labels, thereby en-
riching the semantic information in the knowledge fusion
process. Consequently, Eq. (1) can be revised as follows:

) +L2(S(¢w))]

®) represents the segmentation head parame-
¢ denotes the attention features extracted

min [Ef (F(kw, E?: wt

wi ws

2

where S(+;w
terized by w®.

from fusion network F, which serve as inputs to the seg-
mentation head S, ensuring effective coupling of visual and
semantic features. Solving Eq. (2) enables knowledge fu-
sion, obtaining a cross-spectral scene representation that
preserves both visual and semantic performance from a sin-
gle low-quality visible image.

2.2. Knowledge Reinforcement and Generation

In the IKR and CKG branches, we employ the latent dif-
fusion models (LDMs) ¥ and & to reinforce intra-spectral
knowledge and generate cross-spectral knowledge. Note
that U and ® share the same basic LDM design but differ
in parameter capacity. This choice is motivated by the dif-
fering difficulty levels of the image restoration and visible-
to-infrared image translation tasks. Below, we uniformly
describe their architectures.

Autoencoder Mapping. We introduce lightweight autoen-
coders for ¥ and ®, which incorporate InstanceNorm to
guide the network in learning content-centric features, pro-
moting a smooth and continuous manifold structure in the
latent space. This resulting architecture facilitates more sta-
ble and efficient diffusion model training and better suits the
requirements of image restoration and visible-to-infrared
image translation tasks. Uniformly, the encoding and de-
coding processes are formalized as: z = £(Z),Z = D(z).
Diffusion Estimation. We employ a latent diffusion model
built upon a U-Net backbone. The model operates by grad-
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ually corrupting the latent representation zg of the target
image into Gaussian noise over 7' timesteps (forward pro-
cess) and then learning to reverse this process to reconstruct
zo from pure noise zp ~ N(0, I) (reverse process). In-
stead of modeling the complex data distribution directly, the
network is trained to predict the added noise €g(z;,t) via a
simplified variational objective [4].

To adapt this framework for image restoration and
visible-to-infrared translation, we introduce task-specific
conditioning: the degraded visible image serves as the con-
dition ¢, concatenated with the noisy latent z; along the
channel dimension. Consequently, the denoiser predicts
the noise component as €y(z;, ¢,t). During inference, we
adopt the accelerated deterministic sampling strategy from
DDIM [11] to efficiently recover zy from zp. Here, 2z
denotes the latent representation of the clean visible or in-
frared image depending on the task.

Image restoration and visible-to-infrared translation ex-
hibit fundamentally different learning objectives: the for-
mer focuses on recovering intra-spectral details, while the
latter requires modeling cross-spectral semantic correspon-
dence. To explicitly capture these complementary proper-
ties, we instantiate two specialized diffusion branches built
upon the same generative framework. Specifically, the IKR
and CKG branches are designed to learn intra-spectral rein-
forced knowledge (k¥) and cross-spectral generated knowl-
edge (k?), respectively. This is achieved by training two
separate LDMs (¥ and ®) on paired degraded-clean and
visible-infrared datasets. The acquired knowledge is im-
plicitly embedded in the noise predicted during the denois-

ing process: €/’ = €l (2!, ¢, t), €/ = €5 (27, ¢, ).

2.3. Knowledge Fusion

To fuse knowledge kY and k¢, we construct an MKF branch
aligned with the diffusion streams of the IKR and CKG
branches. As shown in Fig. 2 (b), a knowledge fusion net-
work F is designed to generate the weighting coefficients,
combining the noise estimated by denoisers in ¥ and ®:

€ = we? + (1 —w)e?. 3)

The rationality of the weighting coefficient is crucial, as it
determines whether the knowledge k¥ and k¢ are balanced
in the probabilistic space. We consider the generation of
w from two perspectives. First, the knowledge quality of
the diffusion streams in the IKR and CKG branches needs
to be evaluated, which can be achieved by comparing their
respective estimated representations 52/’ 0 and Ef) 0~ Sec-
ond, multi-domain noise eg’ and ef should be analyzed,
since they are the objects of weight aggregation. Besides,
to satisfy the iterative nature of the diffusion stream, the
current-step sampled representation z{ in the MKF branch
also needs to participate in the weighting estimation. There-

fore, the computation of w in Eq. (3) can be formalized as:

w=F(2 0,200, 25, €0 €l 1), )

where both Zt‘l’ _o and Zf _,o are calculated according to
zZi—V/1—ay €4

Zis0 = et Notably, z;_,q is not the result of
full sampling from the diffusion model, but rather a single-

step deterministic estimate of the initial representation.

2.4. Visual-Semantic Reinforcement

Visual-Semantic Coupling. We expect the guidance of
knowledge fusion to encompass not only the visual aspect
but also the semantic one. Therefore, a segmentation head
S is embedded in the MKF branch. As illustrated in Fig. 2
(b), in addition to the implicit representation z; from the
previous step for segmentation, S primarily takes the atten-
tion features ¢ from the knowledge fusion network as input:

I' = argmax( S(z{,(1,Ca,---,) ), 5)

z;_, for next step

where I is the predicted segmentation map, and (; denotes
the attention map from the [-th layer of F. Such an oper-
ation is designed to enhance the semantic quality of visual
features under the guidance of segmentation optimization.
Its rationality can be evidenced from [6], as sufficiently gen-
eral visual features are capable of supporting semantic de-
cisions. In turn, a radiation category map M derived from
T is used to further refine the weighting coefficients:

w' = Mmin(w, 7) + (1 — M) w, (6)

where M indicates typical thermal categories (e.g., pedes-
trians, cars), used to enhance the preservation of thermal
objects during the fusion process. T serves as a hyperpa-
rameter to regulate the impact of the radiation category map.
Notably, the above enforced modulation not only incor-
porates segmentation into the knowledge fusion process to
foster visual-semantic coupling but also resolves a key op-
timization challenge in knowledge fusion. More concretely,
since the estimated noise ef’ and ef are derived from the
same input {Z, 2z}, an inherent correlation exists between
them: €? = Ae¥, where A is a transformation matrix.
Eq. (3) can be reformulated as ef = (w+ (1 —w)A)e?. At
this time, given that the input conditions in both ¥ and ® are
the visible images, the optimization tends to be completely
biased towards ef’, which is manifested in w — 1, leading
to training collapse. The enforced modulation based on M
in Eq. (0) effectively mitigates this problem, facilitating ra-
tional knowledge fusion. Therefore, Eq. (3) can be rewrite
as: €f = wTe! + (1 — wW)e?.
Visual and Semantic Derivation. In the MKF branch, for
any t € {T,---,1}, we first perform continuous iterative
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sampling from timestep 7" to ¢:

f = >t ~ £
zZr_1 =Var-12r,0+ 1 —ar_ier

_ ot e
Zy = VaiZiy 0+ V1 — i€y

Then, we can perform a single-step deterministic estimate
of the initial representation from z7:

s, = AVt ®)
— NG .

Finally, the fused representation is mapped back to the im-
age space via the decoder to yield the Maglmg:

)

IMImg = D(sz/—m)' )

High-quality cross-spectral visual representation of Iy is
ensured by considering its contrast, texture, and color:

Leont = || Rimg — max(D(Z,0)", D(Z{0)")I,
Lot = VIjimg—max(VD(Z},0)" VD (Z{.,0)")Il, (10)
Leolor = ||I§/1bﬂg D(Eﬁ;o)djw”v

where y and cber denote the illuminance and chromi-
nance components, and V is the Sobel gradient operator.
Therefore, the total visual regularization is summarized as
ﬁvisual = /\1£cont + >\2£text + )\3£color, /\1~3 are used to
adjust the contribution weights of these loss components.
According to Eq. (5), the output I' of the segmentation
head can be obtained. We constrain it using a cross-entropy
loss to ensure the rationality of captured semantic attributes:

Loy = ZZF )log (' (r)), (11)

where r and p iterate over all semantic categories and pixel
positions, respectively; fp(r) € {0,1} denotes the ground
truth label, and I',(r) represents the predicted probability
for pixel p belonging to class r. Finally, the joint optimiza-
tion of Lyiga and L drives a dual enhancement of both
visual fidelity and semantic consistency.

2.5. Optimization Scheme

We adopt a two-phase optimization strategy. At the
first phase, the latent diffusion models ¥ and ® in the
IKR and CKG branches are optimized independently for
intra-spectral knowledge reinforcement and cross-spectral
knowledge generation. At the second phase, we freeze the
parameters of ¥ and ®, and proceed to train the knowledge
fusion network F along with the segmentation head S. The
training signals for this phase are derived from the outputs
of the dual diffusion streams of ¥ and ® at each timestep,
as outlined in Algorithm 1.

Algorithm 1 Optimization Scheme of our MagicFuse

Require: Training dataset R; Diffusion steps 7'; Diffusion
model ¥ in IKR; Diffusion model ® in CKG; Autoen-
coder {€, D}; Knowledge fusion network F; Segmen-
tation head S

Ensure: Optimized parameters w?, w*

1: Initialize w¥, w® randomly
2: for epoch = 1to N do

3: for (Z,T') € R do > I is segmentation label

4 Sample zt 9" ~ N(0,1) 2% = 28 = 22
5 SampleszN(O,I) > €RBXNetass X HXW
6: Select 4 from [0, T'] randomly

7 for t = T downto ¢z do 1> Reverse process
8 2V el 2V — (T, 20 0)

9: 20 €0 20— (T, 20 1)

10: Enable gradient for F(-), S(-) whent =1
11: w* %f(tho,zfﬁo,zt,ezp,ef,t)

12: zt,FeS(zt,C) > ¢ from F(+)
13: € — € el wr

14: ztf (—p(zf71|zf,zfﬁo,6§)

15: end for

16: {Iw’I¢’IM1mg} — D({?tpao’gz?ﬁo’gtfeo}) R
17: update w*, w® by LTIy, Iy, Inimg), £3(28,T)
18: end for

19: end for

Table 1. Implementation Details of MagicFuse. Steps(T/I) denotes
the number of time steps for training/inference.

Module Params(M) FLOPs(G) Optimizer LR BS Steps(T/)

v 39.65 50.74 Adam le-4 16 1000/25
P 517.67 773.7 Adam le-5 4 1000/25
F&S 2.74 83.60 SGD le3 1 25/25

3. Experiments

3.1. Configuration

Datasets. ¥ and ¢ in the IKR and CKG branches are
trained on the combined set composed of MFNet [3],
FMB [9], and LLVIP [5]. Specifically, we use 14,190
degraded-clean visible image pairs to train ¥ for intra-
spectral knowledge reinforcement, while 25, 186 degraded
visible-clean infrared image pairs are used to train ® for
cross-spectral knowledge generation. Subsequently, we use
1,177 degraded visible images and their corresponding seg-
mentation labels from the MFNet [3] dataset for training F
and S in the MKF branch. The final testing is performed on
392 degraded visible images from the MFNet [3] dataset.
Implementation Details. ¥, &, 7, and S are all trained on
four NVIDIA GeForce RTX 3090 GPUs with 24GB mem-
ory, and the AMD EPYC 7H12 64-core processor CPU. The
training details are summarized in Table 1.
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Figure 3. Qualitative visual representation comparison.

Table 2. Quantitative visual comparison. All competitors use infrared-visible pairs, while ours uses only single visible images.

Visual TarDAL SegMiF DDFM EMMA TC-MoA Text-IF Text-DiFuse DAFusion ControlFusion Ours
EN 1 5.11 6.40 6.59 6.74 6.63 6.96 7.08 7.26 7.00 7.29
SSIM 1 0.12 0.29 0.36 0.43 0.49 0.52 0.41 0.42 0.43 0.45
MI 1 1.45 2.69 2.68 3.46 2.94 3.31 2.99 3.08 3.38 4.13
Qabf 1 0.21 0.38 0.31 0.45 0.47 0.59 0.40 0.33 0.45 0.50
PSNR 1 57.48 59.45 62.15 61.96 63.03 63.38 62.99 61.71 61.68 63.49

TarDAL

w/ IR

SegMiF
w/ IR

Text-IF Text-DiFuse ~ DAFusion ControlF. Degra.VIS

Ours-F

Ours-§

Figure 4. Qualitative semantic representation comparison.

3.2. Visual Representation Comparison

We first evaluate the effectiveness of knowledge fusion
for cross-spectral visual representation. Nine state-of-
the-art fusion methods are selected to compare with
our MagicFuse, including TarDAL [8], SegMiF [9],
DDFEM [25], EMMA [26], TC-MoA [27], Text-IF [20],
Text-DiFuse [22], DAFusion [16], and ControlFusion [13].
Notably, our MagicFuse produces the Maglmg from a sin-
gle degraded visible image, whereas the competitors rely
on multi-modal inputs. Fig. 3 shows that our MagicFuse ef-
fectively integrates intra-spectral reinforced knowledge and
cross-spectral generated knowledge. This is reflected in its
ability not only to enhance the inherent scene information
contained in degraded visible images, but also to reason-
ably highlight important objects in the scene based on the
learned thermal radiation distribution. Table 2 further con-
firms its highly competitive performance, suggesting that
even with only a single degraded visible image, it can match
or surpass multi-modal image fusion methods.

Table 3. Quantitative semantic comparison. All competitors use
infrared-visible pairs, while ours uses only single visible images.

Semantic Car Person Bike Curve Stop Guar. Cone Bump\mloUT
TarDAL 85.19 69.39 70.49 15.89 45.15 34.83 51.07 32.13 | 55.73
SegMiF 86.75 67.61 72.41 2595 46.88 52.13 56.79 54.32 | 62.28
DDFM 85.80 69.33 67.93 27.40 42.63 17.55 59.12 41.09 | 56.49
EMMA 86.03 70.42 71.41 2473 51.17 50.05 56.60 49.96 | 61.98
TC-MoA  86.99 69.88 72.43 27.22 41.31 3529 5249 46.56 | 58.87
Text-IF 86.25 69.01 72.05 28.03 46.76 43.29 58.79 44.00 | 60.65
Text-DiFu. 83.24 68.84 70.93 25.06 44.13 43.25 56.56 49.91 | 59.93
DAFusion 8594 7041 7248 24.23 40.85 50.46 56.82 37.08 | 59.54
ControlF.  86.99 70.50 71.95 25.66 42.69 29.32 53.77 57.39 | 59.55
Degra. VIS 81.55 56.35 70.89 30.82 40.03 3.89 6147 44.51 | 54.09
Ours-S 7593 59.25 55.83 41.24 4577 59.60 44.34 3533 | 57.11
Ours-F 83.80 61.24 70.62 35.28 54.09 49.42 62.69 45.09 | 62.19

3.3. Semantic Representation Comparison

Next, we evaluate the semantic representation capability of
our method. We retrain SegFormer [17] separately on low-
quality visible images, IKR-enhanced images, fused im-
ages from comparative methods, and Maglmgs from Mag-
icFuse, to measure their contained semantic quality. Be-
sides, we also include the auxiliary segmentation head’s
output for comparison. As shown in Fig. 4, under harsh
conditions, SegFormer fails to detect distant pedestrians in
degraded visible images. In contrast, most fusion meth-
ods enable SegFormer to detect previously missed pedes-
trians by leveraging complementary infrared information.
Remarkably, MagicFuse achieves the same without any in-
frared input, using its knowledge-level understanding that
pedestrians exhibit strong thermal signatures, allowing ef-
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Figure 5. Qualitative visual representation generalization.

Table 4. Quantitative visual generalization. All competitors use infrared-visible pairs, while ours uses only single visible images.

Visual TarDAL SegMiF DDFM EMMA TC-MoA Text-IF Text-DiFuse DAFusion ControlFusion Ours
EN?T 6.44 6.82 6.71 6.80 6.76 6.68 6.93 747 6.72 6.93
SSIM 7T 0.19 0.39 0.46 048 0.46 0.44 0.35 0.45 0.48 0.40
MIT 2.70 3.59 3.68 3.99 3.07 3.71 3.25 4.05 4.23 4.09
Qabf?t 0.34 0.60 0.41 0.66 0.68 0.68 0.47 0.56 0.70 0.57
PSNRT 60.10 61.99 65.37 62.25 62.13 60.37 61.12 60.80 61.47 62.51

Lscerst [N e | s [R5 | enn [ B e [ Table 5. Quantitative semantic generalization. All competitors use

-_F ___ infrared-visible pairs, while ours uses only single visible images.

Harsh Cond.  Reference TarDAL SegMiF DDFM EMMA TC-MoA Segmentation Car Person Truck Lamp Sign Buil. Vege. Road\mIOUT

_ TarDAL 7743 66.22 31.01 39.76 71.17 80.31 84.64 86.54| 53.94
~ b | SegMiF 81.94 70.08 49.89 44.52 72.20 82.64 85.89 88.21| 57.58
Text-IF Text-DiFuse ~ DAFusion ControlFusion Degra. VIS  Ours-En. VIS Ours-F DDFM 78.60 65.81 43.18 36.72 73.53 82.54 85.73 88.07| 56.57
EMMA 80.71 68.31 3529 42.66 72.84 81.29 84.45 86.53| 56.89
Figure 6. Qualitative semantic representation generalization. TC-MoA 7992 66.78 4928 41.83 71.08 81.13 85.70 88.44| 57.72
Text-IF 81.66 66.73 22.63 44.14 71.20 80.37 85.23 88.87| 56.10

Text-DiFu.  81.23 67.29 14.45 42.36 73.60 81.94 84.91 87.87| 56.48
DAFusion 80.96 66.72 22.11 37.38 72.95 80.66 85.88 88.67| 53.61

fective emphasis in the Maglmg. Table 3 shows that our ControlF.  81.49 68.90 3327 4549 74.63 81.95 8549 88.77| 56.62
method’s average segmentation score surpasses most multi- Degra. VIS 80.72 5625 25.89 28.80 71.11 79.00 84.58 89.00| 53.39
modal fusion methods, second only to SegMiF. Ours-En. VIS 80.73 5841 33.68 36.41 7332 79.21 84.4 86.39| 54.42

Ours-F 81.63 58.84 3461 36.71 72.50 80.03 84.67 87.99| 55.41

3.4. Generalization of Knowledge Fusion

During the learning of knowledge fusion, MagicFuse is ex- Semantic Representation Generalization. Fig. 6 shows
posed only to the MFNet [3]. To verify the generalization the qualitative results for semantic representation general-
of knowledge fusion, we directly apply the trained Magic- ization. The segmentation map derived from the Maglmg
Fuse to the FMB dataset [9], containing 280 test images, to generated by our MagicFuse is highly consistent with the
assess its visual and semantic representation performance. reference. We also provide the quantitative results in Ta-
Visual Representation Generalization. Fig. 5 presents ble 5. Although our method does not surpass fusion meth-
qualitative results of the visual generalization. MagicFuse’s ods with multi-modal inputs, it still significantly outper-
output exhibits both the intra-spectral reinforced and the forms both the original degraded and the enhanced visible
cross-spectral generated knowledge. Compared to degraded images. These results indicate that semantic attributes prop-
visible images, MagicFuse enhances scene structures, such agated through the knowledge fusion process remain effec-
as lane markings and building textures, while highlight- tive on unseen data, highlighting MagicFuse’s potential for
ing key objects like pedestrians via learned thermal pat- enhancing machine perception in extreme environments.

terns. Quantitative results in Table 4 show that MagicFuse . .
s. Q o vasiett 3.5. Ablation Studies

achieves the second-best scores on most metrics, indicating

that knowledge fusion enables our method to transfer easily Effects of Hyperparameter 7. The hyperparameter 7 is
to unseen data, providing reliable visual representations. to regulate the influence of the radiation category map on
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Table 6. Quantitative results of visual ablation studies.

Variants ENT SSIM 1 MIt Qabft PSNR?T
Model I 7.8 043 4.09 0.53 62.14
Model IT 7.33 043 4.10 0.50 62.16
Model 1T 7.17 0.41 324 0.49 61.49
Model IV 7.39 0.44 4.08 0.50 62.11
Full Model 7.29 045 4.13 0.50 63.49

Table 7. Quantitative results of semantic ablation studies.

Figure 7. Quantitative effects of hyperparameter .

Model 1 Model IT Model 1T Model IV Full Model

Reference

Figure 8. Quantitative results of ablations on key components.

knowledge fusion, which is also closely related to the de-
gree of semantic attribute injection. We set 7 to 0, 0.2,
0.4, 0.6, and 0.8, respectively, evaluating both changes of
the Maglmg’s quality and the segmentation head’s perfor-
mance. The metric curves are presented in Fig. 7, where
both Maglmg’s quality and segmentation head’s accuracy
reach their highest scores when 7 = 0.4. This indicates that
while cross-spectral generated knowledge enhances scene
representation, its influence should be regulated to prevent
disruption of the original spectral information.

Ablations on Key Components. Four model variants are
derived for the ablation studies. Model I: remove Ef’ 0
and Zf _,o from Eq. (4) when estimating the fusion weight.
Model II: remove the segmentation head, relying solely on
visual guidance for knowledge fusion. Model III: aggre-
gating the outputs of the IKR and CKG branches after the
diffusion process instead of fusing noise at each timestep.
Model IV: achieve scene representation based on visible im-
ages enhanced by the IKR branch. Qualitative results in
Fig. 8 show that Models I, II, and I'V lack cross-spectral rep-
resentation capability, while Model III provides only lim-
ited capability. With all components enabled, MagicFuse
produces the most accurate pedestrian contours. Quantita-
tive results in Tables 6 and 7 confirm that removing any
component degrades both visual and semantic performance.

3.6. Beyond Fusion Scenarios

Previous experiments are implemented on the infrared-
visible fusion datasets. Since MagicFuse requires only a
single visible image, it can be applied to nearly any natural
image. To demonstrate this, we evaluate it on the Cityscapes
dataset [2]. Specifically, 490 visible images are enhanced

Variants Car Person Bike Curve Car Stop Guar. Cone Bump\mloUT
Model I~ 83.65 5145 70.5 3487 5509 4895 62.62 44.94 | 61.05
Model I 83.54 51.31 70.55 34.87 5482 4778 62.7 44.45| 60.83
Model ITII  79.92 59.81 68.45 3296 50.03 43.01 61.65 44.59 | 59.74
Model IV 8599 69.06 70.79 2549 4298 7.15 56.61 5893 | 57.18
Full Model 83.80 61.24 70.62 3528 54.09 49.42 62.69 45.09 | 62.19

VIS Maglmg VIS
(mloU: 65.80)

Maglmg Reference

(mlIoU: 66.91)

Figure 9. Applying our MagicFuse beyond fusion scenarios.

to generate Maglmgs for retraining SegFormer, and evalu-
ation is conducted on 154 Maglmgs. As shown in Fig. 9,
MagicFuse improves scene visibility and boosts semantic
segmentation mloU from 65.80 to 66.91, demonstrating its
robust capability in enhancing scene representations.

4. Conclusion

This paper proposes MagicFuse, a single image fusion
framework designed for robust scene representation under
harsh conditions using only a degraded visible image. It
uses an IKR branch to recover obscured visible information
and a CKG branch to learn infrared-aligned thermal pat-
terns. Then, an MKF branch is developed to integrate prob-
abilistic noise from both branches into a unified diffusion
stream, combining multi-domain knowledge. Guided by vi-
sual and semantic constraints, MagicFuse produces repre-
sentations suitable for both human perception and semantic
tasks. Experiments show that our method, relying solely on
a single degraded visible image, achieves performance on
par with or surpassing SOTA multi-modal fusion methods.
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