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Semantic-preserving multimodal fusion framework for enhanced

infrared-visible image segmentation using pretrained SAM
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Abstract: To address the long-standing challenge of balancing visual fusion quality with semantic task
accuracy in infrared-visible image fusion, this paper proposes a multimodal semantic segmentation enhancement
framework based on a semantic prior. While existing infrared-visible fusion methods can improve the

visual quality of the fused image to some extent, they often weaken the semantic information representation
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within the image, thus affecting the performance of downstream semantic segmentation tasks. To solve
this problem, this paper introduces a pre-trained Segment Anything Model (SAM) as a frozen semantic
prior model to guide multimodal feature learning during the fusion process, maintaining the consistency of
semantic information. In the proposed framework, RGB and infrared images are first partially input into
the SAM encoder to obtain multi-level visual feature representations. Simultaneously, a specially designed
fusion module extracts complementary features between different modalities. At each feature stage, the
features extracted by SAM are further optimized through a semantic preservation branch, and a semantically
aware cross-modal enhancement module is further introduced for feature strengthening. This module
improves the model’ s responsiveness to different target categories by fusing text label embedding information
and effectively enhances the segmentation accuracy of target boundary regions. Experimental results show
that the proposed method has achieved significant improvements in semantic information preservation,
fusion accuracy, and visual reconstruction quality, verifying the effectiveness and stability of the framework
in infrared-visible semantic segmentation tasks.

Key words: multimodal semantic segmentation; infrared-visible fusion; pretrained SAM ; feature modulation;

gated fusion; semantic prior; cross-modal learning
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EAUE Y e g W Y e Tab.3 Fusion performance comparison of different methods

on the MF Net dataset

4.2 KBWHERSXELLSH

N _ Method EN4 SDA SCDA MS-SSIM 4
421 IRSERBEHR DDFM 6.82 43.4 1.52 0.829
A SCHE BT 42 3k 5 11 R B AT AUSR Y il U2Fusion  6.99  44.4  1.59  0.843
AT L, @45 DDFM™ [ U2Fusion™ | TarDAL 7.12 45.5  1.66 0. 852
TarDAL® . SegMiF\xz . FILM® . SHIP™ . IFCNN 7.06 45.1 1.63 0. 850
MRFS™ IFCNN'"  DIDFuse ™, SpTFuse " fl Dibfuse T2 0.0 LOT 0.8
> N ) N ) SegMiF 7.19 46.1 1.71 0.861
SGDFuse ™ . SLH7E 6 4~ FF BG4 P, 4 FILM 7.03  44.9  1.62 0.848
S TNO™  RoadScene™ \MFNet® [ FMB"™' SHIP 6.90 440 1.5 0.840
MSED ™ HI MSRS™, & 1~624 1 712 B (EN) . MRFS 7.07 45.2 1. 64 0.850
SpTFuse 7.26 46.1 1.69 0.865
rifiE 22 (SD) ARG 22 53 ML (SCD) L K 2 B 46 SGDFuse  7.29  46.3  1.72  0.868
Fa A B M (MS-SSIM) 4 T 48 b 19 & B B i 45 Proposed ~ 7.38  46.5  1.78 0.873
®1 AEFEXRETNOHIEE MBS HERELL %4 AEHFEEFMBEIEE FHsA s LE
Tab. 1 Fusion performance comparison of different methods Tab.4 Fusion performance comparison of different methods
on the TNO dataset on the FMB dataset
Method ENA  SD4  SCD* MS-SSIM4 Method ENA  SDA  SCD4 MS-SSIM 4
DDFM 6.88 44. 3 1.56 0.833 DDFM 6.77 42.8 1.50 0.826
UZFusion  7.05 45.4 1.63 0.848 U2Fusion  6.95 43.6 1.57 0. 839
TarDAL  7.18 46.6 1.70 0.857 TarDAL  7.08 44.5 1.63 0.848
IFCNN 7.14 46.5 1.69 0.854 IFCNN 7.02 44. 2 1.61 0.845
DIDFuse  7.20 46.9 1.72 0. 860 DIDFuse  7.07 44.6 1.64 0. 849
SegMiF 7.25 47.2 1.75 0.865 SegMiF 7.15 45.0 1.68 0.856
FILM 7.10 46.0 1.66 0.852 FILM 6.99 44.0 1. 60 0.844
SHIP 6. 96 45.0 1.61 0. 845 SHIP 6.86 43. 92 1.54 0. 837
MRFS 7.13 46. 3 1.68 0. 855 MRFS 7.03 44. 2 1.61 0. 846
SpTFuse  7.32 47.6 1.78 0.872 SpTFuse  7.18  45.2 1.69 0.858
SGDFuse  7.41 48.1 1.84 0.879 SGDFuse  7.25  45.7 1.73 0.864
Proposed  7.46 48. 6 1.89 0.884 Proposed ~ 7.32  46.2 1.78 0. 869
R 2 AEFHIETE RoadScene HIIFEE LIRS HERELLE x5 AEAEFEEMFDHEE FHRBEEREILE
Tab.2 Fusion performance comparison of different methods Tab.5 Fusion performance comparison of different methods
on the RoadScene dataset on the M’FD dataset
Method EN 4 SD 4 SCDA  MS-SSIM 4 Method EN4 SD 4 SCD4A MS-SSIM 4
DDFM 6.69  41.2 1.49 0.824 DDFM 6.74 42.1 1.47 0.821
U2Fusion  6.86  42.0 1.57 0.839 U2Fusion  6.92 43.0 1.55 0.835
TarDAL  6.98  43.1 1.64 0.848 TarDAL  7.04 44.0 1.61 0.844
IFCNN 6.92  42.9 1.62 0.845 IFCNN 6.98 43.6 1.59 0.841
DIDFuse  6.99  43.3 1.65 0.849 DIDFuse  7.03 44.1 1.62 0.846
SegMiF 7.04  43.7 1.69 0.856 SegMiF  7.12 44.7 1.66 0.852
FILM 6.90  42.5 1.60 0.843 FILM 6.96 43.5 1.58 0. 840
SHIP 6.78  41.8 1.54 0.835 SHIP 6.83 42.8 1.52 0.832
MRFS 6.93  42.7 1.62 0.846 MRFS 7.00 43.9 1.60 0.842
SpTFuse  7.08  44.4 1.74 0. 859 SpTFuse  7.12 44.2 1.61 0. 856
SGDFuse  7.11  44.7 1.78 0.863 SGDFuse  7.15 44.6 1.63 0.859
Proposed 7.12 45.4 1.81 0. 868 Proposed 7.21 44.8 1. 64 0. 864
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Tab.6 Fusion performance comparison of different methods

on the MSRS dataset
Method EN4 SD 4 SCDA MS-SSIM 4
DDFM 6.81 43.1 1.52 0. 829
UZ2Fusion  6.99 44.2 1.59 0.843
TarDAL 7.13 45.4 1.66 0.852
IFCNN 7.07 45.0 1.63 0. 850
DIDFuse 7.14 45.5 1.67 0. 856
SegMiF 7.20 46.0 1.71 0.861
FILM 7.04 44.9 1.62 0.848
SHIP 6.91 44.0 1.56 0.840
MRFS 7.08 45.1 1.64 0. 850
SpTFuse 7.25 44.8 1.71 0.872
SGDFuse  7.28 45.0 1.73 0.874
Proposed 7.34 45.2 1.75 0.879
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Fig. 6 Fusion performance comparison of different methods on six datasets
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Fig. 7 Qualitative comparison of fusion results of different methods on a representative sample
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Tab.7 Semantic segmentation performance (mloU/% ) using SegFormer-B3 on fused images
Fusion Method TNO 4 RoadScene 4 MFNet A FMB 4 M°’FD 4 MSRS A
DDFM 64.0 58.7 63.2 61.0 62.6 61.9
U2F usion 65.6 60. 3 64.8 62.4 63.8 63.4
TarDAL 66.5 62.0 67.1 64.1 65.3 65.0
IFCNN 66.8 62.8 67.5 64.7 66.0 65.7
DIDFuse 67.0 63.1 67.8 65.0 66.4 66.0
SegMiF 67.2 63.5 68.0 65.2 66.9 66. 2
FILM 66.4 61.2 65.8 63.6 65.5 64.5
SHIP 65.0 59.8 64.2 62.1 63.9 63.0
MRFS 66. 1 61.6 66.8 63.9 65.1 64.7
SpTFuse 68.3 64.3 69.0 65.3 67.5 66.8
SGDFuse 68.6 64.7 69.5 65.6 67.7 67.3
Proposed 69.0 65. 1 70. 4 65.7 68.0 67.6
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Tab.8 Semantic segmentation performance (mloU/ % ) using an X-Decoder-style segmenter on fused images

Fusion Method TNO* RoadScene 4 MFNet 4 FMB 4 M3FD 4 MSRS 4

DDFM 66. 2 60. 1 65.7 63.3 62.7 63.6
U2F usion 68.0 62.1 67.6 65.0 64.3 65.4
TarDAL 69.0 63.8 69.3 66.6 65.8 66.9
IFCNN 69.6 64.3 69.8 67.1 66. 4 67.4
DIDFuse 69.9 64.7 70.2 67.5 66.8 67.8
SegMiF 70.1 65.0 70.5 67.8 67.1 68.1
FILM 68.7 63.0 68.6 65.9 65.3 66.3
SHIP 67.0 61.5 66.8 64.2 63.5 64.6
MRFS 68.8 63.4 69.0 66. 1 65.7 66.6
SpTFuse 70.4 66.7 70.8 67.6 66.9 69.0
SGDFuse 70.9 67.2 71.4 68. 5 66.1 69.5
Proposed 71.2 68.2 72.4 70.1 67.1 70.0
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Fig. 8 Qualitative semantic segmentation comparisons on fused images. For each sample, the first row starts with the visible

image and the second row starts with the infrared image;

segmentation.
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Tab.9 Ablation study results

Configuration EN A SD A SCD 4 MS-SSIM 4 mloU 4
ull Model (SPB+Gate+TEM) 7.31 46. 8 1. 81 0.871 68. 3
w/0 SPB (remove semantic persistence ) 7.11 45.3 1.70 0.855 65.4
w/o Gate (remove gate fusion) 7.01 44.8 1.61 0. 840 65.0
w/0 TEM (remove text embedding) 7.20 46.1 1.72 0. 864 66.6

TE A 1 b5 o0 54 B 5 A SE I, 43 B RE L SegFormer-B3 BB BEAL 1 22 IF H (mIoU/ %0 ) iR, et 25 5 LA Al

BR o

w/o SPB w/o Gate

w/o TEM Full model

PO AR TH Filh 52 B i S oy 145

Fig. 9 Semantic segmentation results of different ablation experiments
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Tab. 10 Dataset-wise segmentation ablation (mIoU/% ) using SegFormer-B3

Configuration TNO 4 RoadScene 4 MF Net 4 FMB 4 M3FD 4 MSRS 4
Full Model 70.0 66. 2 71.5 67.4 68.3 69.2
w/o SPB 66.0 61.3 67.8 64.2 65.1 65.4
w/o Gate 66.8 62.1 67.7 64.5 64.6 64.6
w/o TEM 68.7 63.9 70.0 66.1 65.3 66.5
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Tab. 11 Computational complexity comparison

Method Params/M v FLOPs/G v FPS 4 Peak Mem/GB v
DDFM 18.6 41.9 33.0 6.3
U2Fusion 21.7 48.3 29.2 6.8
TarDAL 23.9 51.6 26.7 7.2
SegMiF 25.3 54.2 24.9 7.5
FILM 20. 8 47.5 28.4 6.9
SHIP 19.4 44.8 31.1 6.5
MRFS 20. 2 46. 1 30.0 6.7
SpTFuse 24.0 53.8 25.1 7.0
SGDFuse 24.6 54.5 24.6 6.8
Proposed 25.2 54.9 23.4 7.2

1 FLOPs 76 M [H 1 A 20 #E3R Fill & , FPS DAt R/ R 1T aEF5 0 &

A Rl G 7k TR BT W 4 4 S B ] 3 5 b i IFCNN . DIDFuse ,SegMiF .FILM ,SHIP \MRFS)
P B A PE RE | A R H SegFormer-B3 4E b 4t —

ARSCAE LLVIP B flm 5 EXF e 1 prd ik 5 53 E0 0 48 DAl Rl A R R IETE ST EOR B
9 P R4 )7 ¥ (DDFM \U2Fusion , TarDAL | HEERME 12008,

F12 LLVIPEEHEELNBREHESSIBEILR

Tab. 12 Fusion performance and segmentation accuracy on the LLVIP night dataset

Method EN 4 SD 4 SCD 4 MS-SSIM 4 mloU/(SegFormer-B3) A
DDFM 6.42 39.8 1.38 0.801 58.3
U2Fusion 6.61 40.7 1.46 0.817 60. 1
TarDAL 6.78 41.9 1.54 0. 829 62.4
IFCNN 6.74 41.5 1.52 0. 826 61.9
DIDFuse 6.81 42.2 1.56 0.832 63.0
SegMiF 6.88 42.8 1. 60 0. 838 63.8
FILM 6.70 41.2 1.49 0. 822 61.5
SHIP 6. 54 40. 3 1.42 0.813 59.6
MRFS 6.76 41.7 1.53 0. 827 62.2
SpTFuse 7.03 43.8 1.67 0. 852 65.4
SGDFuse 7.01 43.6 1.66 0. 850 65. 1
Proposed 7.09 44.5 1.73 0. 859 66.9
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