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A Detailed derivation of formulas1

In this section, we provide a detailed proof regarding posterior sampling in diffusion-based image2

fusion methods. The noise predicted by the diffusion model at time step t is often related to the score3

at the current time step. According to [4], the specific formulation can be expressed as:4

ϵϕ(xt, t) = −
√
1− αt∇xt log p(xt), (1)

In posterior sampling, we also need to take into account the guidance from image fusion, denoted5

as i, v. Therefore, what we need to solve is ∇ft log p(ft|i, v), which can be expressed using Bayes’6

theorem as:7

pt(ft | i, v) =
pt(i, v | ft) · pt(ft)

pt(i, v)
,

⇒ log pt(ft | i, v) = log pt(i, v | ft) + log pt(ft)− log pt(i, v),

⇒ ∇ft log pt(ft | i, v) = ∇ft log pt(ft) +∇ft log pt(i, v | ft). (2)

Among them, ∇ft log p(ft | i, v) and ∇ft log p(ft) can be expressed by Equation 1 as follows:8

ϵϕ(ft, t) = −
√
1− αt∇ft log pt(ft),

ϵ′ϕ(ft, t | i, v) = −
√
1− αt∇ft log pt(ft | i, v). (3)

Therefore, the final equation can be expressed as:9

ϵ′ϕ = ϵϕ(ft, t)−
√
1− αt∇ft log pt(i, v | ft),

≈ ϵϕ(ft, t)−
√
1− αt∇ft log pt(i, v | f̃0|t),

≈ ϵϕ(ft, t)− ρ
√
1− αt∇ft∥i, v −M(f̂0(ft))∥22. (4)

Therefore, we inject the image fusion prior by correcting the predicted noise during the sampling10

process, thereby achieving high-quality image fusion based on the diffusion model.11

B Details about the training loss12

In the main text, the loss Lfusion used in the training stage II is defined as follows:13

Lfusion = λintLint + λSSIMLSSIM + λgradLgrad + λcolorLcolor + λmaskLmask. (5)

Followed by [6], we use the Intensity Loss to encourage the model to focus on salient features in the14

fused image, which is specifically defined as:15

Lint =
1

HW
∥If −max(Igvis, I

g
ir)∥1 . (6)

Here, Igvis and Igir are the ground truth corresponding to the fused image. We also use LSSIM to train16

the model so that the fused image is structurally as similar as possible to the two input images. It is17

defined as:18

LSSIM = (1− SSIM(If , I
g
vis)) + µ(1− SSIM(If , I

g
ir)). (7)
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We also compute the gradient loss Lgrad to ensure the similarity between the fused image and the19

input images in terms of edge features:20

Lgrad =
1

HW
∥∇If −max(∇Igvis,∇Igir)∥1 , (8)

and use Lcolor to keep consistent color with input images:21

Lcolor =
1

HW
∥FCbCr(If )−FCbCr(I

g
vis)∥1 . (9)

As mentioned in the main text, we use Lmask for saliency-guided regional fusion, which can be22

represented as:23

Lmask = ∥Wv · Iv +Wir · Iir − If∥1 . (10)

Here, Wv and Wir denote the saliency-based weight maps computed from the corresponding input24

images. Wv and Wir are computed based on pixel-level visual saliency maps. Specifically, they are25

estimated by measuring the sparsity of the image pixel histograms: the sparser the pixel distribution,26

the higher the corresponding saliency. The computation can be formulated as:27

Saliency(i) =
255∑
j=0

|i− j| · Hist(j). (11)

Here, i represents the grayscale value of the current pixel, and j denotes the grayscale value of the28

traversed pixels. By computing the saliency values Sir(i, j) and Sv(i, j) for each pixel, we can obtain29

the corresponding Wv and Wir. The specific formulas are given as:30

Wv(i, j) = µv + Sv(i, j)− µv · Sir(i, j) (12)
31

Wir(i, j) = 1−Wv(i, j) (13)

C Additional experiments of our method32

Table 1: Quantitative comparison on Lytro, MFFW and MFI-WHU datasets. The best and second
best results are highlighted in bold and underline.

Dataset Lytro MFFW MFI-WHU
Method MI CC Qcb PSNR MI CC Qcb PSNR MI CC Qcb PSNR

DeFusion [2] 6.27 0.97 0.59 77.2 5.59 0.97 0.55 74.4 6.01 0.97 0.69 77.2
TC-MoA [9] 7.45 0.97 0.76 74.8 5.34 0.96 0.63 72.8 6.76 0.97 0.75 75.6
Text-IF [6] 5.63 0.97 0.65 71.9 5.26 0.96 0.61 70.2 5.31 0.97 0.62 72.3
DDFM [8] 3.53 0.85 0.41 67.2 3.33 0.73 0.38 64.5 2.99 0.74 0.43 66.4
CCF [1] 5.15 0.96 0.49 66.8 4.47 0.95 0.47 66.6 4.95 0.96 0.47 67.1
Ours 6.58 0.98 0.61 76.1 5.80 0.97 0.55 71.7 6.38 0.98 0.71 75.7

More Quantitative Comparison of Multi-Focus Fusion As shown in Table 1, we conducted33

comparisons on three datasets in MFIF: Lytro [3], MFFW [5], and MFI-WHU [7]. Our method34

outperforms other approaches on most metrics. Specifically, it achieves either the first or second best35

performance1on 9 different metrics, surpassing other comparison methods and demonstrating the36

superiority of our approach in the Multi-Focus Fusion task.37
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