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Polarization image fusion based on dual-branch feature
extraction and semantic guidance

Chen Guangqiu Dai Yuhang Duan Jin Huang Dandan

(School of Electronic Information Engineering, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: To address the current limitation in polarization image fusion technology—where the focus is predominantly on the visual
quality and statistical metrics of the fused output while neglecting its applicability to subsequent high-level vision tasks—this paper
proposes a dual-branch feature extraction architecture for polarization image fusion, guided by semantic segmentation. The fusion network
comprises an encoder, a fusion layer, and a decoder. In the encoder, a dual-branch feature extractor—composed of GRDB and Swin
Transformers—is constructed to extract local polarization features and global intensity information from the source images. Within the
fusion layer, an INN is employed to model the inter-feature correlations, enabling lossless enhancement and effective fusion of the
polarization characteristics. In the decoder, Restormer serves as the core building block to reconstruct and preserve high-frequency
details and structural scene information from the fused features, thereby enhancing image clarity and generating the final fused result. To
enrich the fused output with task-relevant semantics, the fusion network is cascaded with a segmentation network during training. The
semantic segmentation loss is leveraged to guide the backpropagation of high-level semantic information, thereby optimizing the fusion
network and improving the utility of the fused images for advanced vision tasks. Experimental results demonstrate that the proposed
network achieves superior performance in both subjective visual assessment and downstream semantic segmentation tasks. Moreover, it
outperforms existing fusion methods in objective metrics, with notable improvements of 27% in EN and 16. 8% in SSIM.
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Table 1 Training dataset parameter settings

Ttem Fusion ( Segement ) network
Dataset 70% of Rachel Blin
Image size 640x480
Batch size 1
Epoch 100

0.001(0.01)
0. 000 2(0.000 5)
PyTorchl. 11.0
Server AMD EPYC 7T83 CPU NVIDIA Tesla L40 GPU

Learning rate
Weight decay rate

Environment

FEMIR BT BE B Rachel Blin 048 8 19 30% F140dE 5
ZJU-RGB-P"* A i 4
2.2 BAEERSW

Ry T IR UEAR SCHRE LR (R R X288 1A KT 7E R

(f) PAPIF (2) LRRNet

(c)CVT

(h) PIAFusion (i) PF

FFATN 3 RIG5F B A SRl A 9 2% 5 37 il 28
e ( curvelet transform, CVT) O BRSNS ( gradient
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PIAFusion' ™" \PF""" 7 Fv il £ Jy #3047 5L 90 % 1L, o
CVT H1 GTF g A AL G5 J7 s, LA R IR 27 ) il
G5 . R AR B CEN) M BR ik 22 (standard
deviation, SD )™! 25 B AH & M (sum of correlation
differnece , SCD ) O e B ( visual information
fidelity, VIF) "7 Gl 5 G B E A 7 Qabf | 45 44 AR {81 &
(‘structural similarity index measure , SSIM ) 8] M o 7% I
WIEHR . EFM PR IR B EROR AR Rl B SR BT, il
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JREMG AN RELA S5 R UNE 6~ 8 B, B ULPEA 15 bRkl
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Fig. 6 Vehicle scene comparison experiment results
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Fig. 7 Experimental results of building scene comparison



5 2 3

BT XU IE AR ORI 3L 1 S 0 D i P15 Bl 5 10 45 - 61 -

(f) PAPIF (2) LRRNet

(h) PIAFusion (i) PF

K8 AT ANSstxt e se gy

Fig. 8 Pedestrian scene comparison experiment results
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PGB A4 it B | TG 35 0 B 8 22 4 1) A0 58 40 75 5 LRRNet
Fl A 25 S 4 B JE BB A AE AR BB 5 | TR) SEAS B IE A X
Ay BB L S R 401 PTAFusion Fl PF il 4 45 5 v B
SR IR AR IE AR A 4y, (HR 3R A B i, &
FORR A B v L R, O HAE 2 FhoOp ik Rl A 45
WA 7 XS BT DR AR SRS T A F

PR Rl 5 SR AE AN 5 B 1 8 1 Al B S T DG B
PRAFAE, 5 T i e AR 09 M e 48 19, % L At 7 3k
45 I IR 21 HE A 7 09 223905 X, P LR BIAS SOl A
G5 WL PR B SR SR A R A0 Y B T e R B R gk
HEFR TE Y DX I N, R BB AG “ AE SR 0 RS Fn e 428 287 i
GATTWE Sy AR TE S, BT A Rk 2 o
N ARG RZSTE EN (SD (SCD iX 3 Wig b 4
FHRERZ, 758 4.9% 0. 9% F1 2. 3%, T FHES T
HoAth 97 ¥, A SC 5 B 7E VIF  Qabf 1 SSIM |t ¥ HUfS 1
R fLE .,
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Table 2 Objective evaluation results of fusion results of different fusion methods in vehicle scenario

Method EN SD SCD VIF Qabf SSIM
CVT 7.042 37.437 0.997 0. 506 0. 503 0.397
GTF 6.729 37.902 1.205 0.593 0.416 0. 407

MMIF CDD 6.982 43. 860 1.274 0.693 0.521 0.437

PAPIF 7.214 48.309 1.679 0. 659 0. 531 0. 426

LRRNet 7.094 49.795 1. 506 0. 699 0. 509 0.418

PIAFusion 7.042 50. 965 1.504 0.729 0.532 0.433
PF 7.157 52. 094 1. 589 0.768 0.529 0.437
Ours 7.410 54. 972 1.701 0. 769 0. 553 0.476

TR i, T 1H)

K7 B A @S N IR R (0 A s 4 Z10-
RGB-P) T & 455, CVT Fili 445 5 rh g 514 5 J 16 B85
X EEBE AN Y, ELS o0 DX 3L I 5 GTF il &5 5 v B 1
UL DI AR, < B 1 2 40 4k B, MMIF CDD Al
PAPIF Rl & 25 R IEMEAE 52 T AR B T DoLP EHZ IS
S RIRAE S (AR ER I R T IR EF R AL T Bk E
1055 B B 0 B, A0 &1 7 v 40 HE A T GO X I
LRRNet M9l & 45 REUG R TR Z MR 5 8,
(A FFAE — S EEAR A0 T R IB AN S5 8, an &l 7 rp 20 AE
PIBETERY “ B 1 L A JE 1Bl PTAFusion fill 725 58,

ERP LA 59 S AN, EROELGEE
Ht R0, PF LGSR B R 29 A e 509 h o
JEE PGS AE R BE A0 WA, AR T 4™ 4 1 0L Jid 41 40 55
BROG AR SCRE S SRR, B 7 SRR LAY o ) D R 1
BAREN T se o 30K, RN L F B RGP e =
R A SE AR AR IR W, AR SCRL & O R RE R A AU &
FHUR PG i 9% T AN S, 76 36 98 5% B 25 T 2LRRAIE 1Y
[ i, 5 A 1 5 S ST A i /N LT A 4
A 3 P, mTLAE AR STk 6 BHR R IS T
oS VRIERS



<62 - e R = I O 55 40 4
R3 EHYBHETARBMEAEMEERNENTMER
Table 3 Objective evaluation results of fusion results of different fusion methods in building scene

Method EN SD SCD VIF Qabf SSIM
CVT 7.014 38.562 0.989 0. 486 0.512 0. 402
GTF 6. 627 38.879 1. 351 0. 569 0.421 0.413
MMIF CDD 6.783 43. 860 1.289 0.702 0.519 0.472
PAPIF 7.251 47.893 1. 682 0. 663 0.529 0.432
LRRNet 7.190 48.905 1. 507 0. 685 0.515 0. 421
PIAFusion 7.139 51.958 1. 506 0.718 0.527 0.419
PF 7.139 52.071 1.590 0.771 0.537 0. 441
Ours 7. 441 52.973 1.811 0.774 0. 531 0. 479

K8 B AT N3 st BRI (A B R

Rachel Blin) FI@l& 450, CVT (a4 25 B8 5= B,
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Table 4 Objective evaluation results of fusion results of different fusion methods in pedestrian scene

Method EN SD SCD VIF Qabf SSIM
CVT 7.142 39.369 1. 089 0.513 0. 509 0.397
GTF 6.615 39. 809 1.459 0. 557 0.439 0.420

MMIF CDD 6. 794 43.995 1.253 0.718 0.528 0.412
PAPIF 7.267 48.997 1. 705 0.613 0. 549 0.424
LRRNet 7.209 50. 006 1.239 0. 694 0.528 0.419
PIAFusion 7.139 51.963 1.579 0.723 0.539 0.420
PF 7.249 53.051 1.574 0.754 0.510 0. 449
Ours 7.251 54. 863 1. 803 0.758 0. 549 0.475
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Table 5 Objective evaluation results of segmentation results by different methods in the Rachel Blin dataset
Background Person Car
Method mAcc mloU
Acc ToU Acc ToU Acc ToU

CVT 71.72 67.77 73.12 45.99 74.56 71.47 72.80 64. 08
GTF 69. 58 67. 82 72.45 49. 47 72.21 72.91 70. 08 66. 07
MMIF CDD 73.45 72.04 71.89 62.34 73.38 74.23 70. 89 72.43
PAPIF 73.31 73. 61 73.77 53.58 71.97 73.56 72.35 69. 25
LRRNet 71. 86 71.23 72.33 65.29 74.72 70.74 71.96 71.44
PIAFusion 72. 14 70.39 74.01 57. 81 72. 67 74. 68 71.98 69. 96
PF 74.67 71.56 74. 56 59. 64 75.13 75.35 72.45 70. 18
Ours 78. 97 75. 07 77. 05 68. 12 79. 92 78. 12 78. 61 75. 54

(b) DoLP

(c) w/o GRDB (d) w/o ST
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Table 6 Objective index of model structure

ablation experiment

Method EN SD SCD VIF Qabf  SSIM
w/0 GRDB 5.194 45.759 0.632 0. 451 0.347 0.228
w/o0 ST 4.935 47.901 0.759 0.419 0.325 0.274
w/o INN 6.464 51.685 1.239 0.529 0.421 0.319
Ours 7.197 54.779 1.795 0. 741 0.547 0.471
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Experimental results of model structure ablation
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