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Visible-polarized image fusion for nighttime dispersal of mines
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Abstract: To address the challenge of weak spectral intensity differences between dispersed mine targets
and the surrounding ground in low light conditions at night, an end-to-end unsupervised visible-polarized
image fusion enhancement algorithm is explored. This algorithm uses the polarization characteristics of
scattered mines to enhance nighttime mine targets while preserving scene texture details. The fusion algo-
rithm network consists of a feature extraction module, a feature fusion module, and an image reconstruc-
tion module. A hybrid attention mechanism is incorporated to improve the network's ability to extract sig-
nificant information from the feature tensor. Additionally, a loss function based on pixel content distribu-
tion is designed to ensure the fused image retains prominent pixel features from the source image, enabling
end-to-end network output. For the nighttime landmine scattering dataset, evaluations using seven main-

stream image fusion methods showed superior performance across eight metrics, including SSIM and VIF.
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The fusion-enhanced image in the YOLOvS model surpassed the intensity image in landmine detection

tasks. This model is state-of-the-art and positively impacts subsequent mine detection missions.
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Fig.1 Network model of visible-polarized image fusion algorithm
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Tab.1 Objective evaluation results of fused images by different methods

Methods SSIM  MS-SSIM PSNR MSE EN SD AG  SCD VIF Q. MI SF
Our method 0.7585 0.7813 27.84 53.21 5.707 19.68 3.819 1.597 0.8373 0.6065 2.689 10.69
CVT 0.7374 0.7793 25.97 68.19 5.205 13.44 3.803 1.536 0.7096 0.5458 1.444 10.46
NSCT 0.7424 0.7807 26.01 67.73 5.203 13.54 3.719 1.571 0.7789 0.5846 1.549 10.50
SR 0.7237 0.7392 28.92 46.26 5.556 19.56 3.337 1.360 0.7109 0.4730 2.801 10.05
NSCT-ST 0.7312 0.7426 28.96 46.21 5.605 19.57 3.593 1.411 0.7392 0.5126 2.811 10.49
FusionGAN 0.6080 0.7023 24.51 91.86 5.544 17.92 2.327 1.175 0.5006 0.2053 1.375 5.499
DenseFusion 0.6772 0.7463 24.98 86.82 5.703 21.95 3.804 1.461 0.8193 0.4852 2.623 11.14
PFNet 0.7468 0.7705 27.38 57.55 5.381 19.49 3.711 1.501 0.7465 0.5653 2.544 14.55
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I

H1 3R 2 W 7R, 2 B BE 4 R Loss,. 19 °F- 1 22 5L
a=11}, @il & E% 5 i PSNR,MES,EN J& SF
fe b fetE , MS-SSIM, SD, AG, VIF $5#5 A, #
RUGG BRI 25 G R T et . 4 =100 1T,
S BE 5K Loss,,, [ 6 B2 45 2K 149 17 18T By [ 280 25 35 5]
KL &M bR EB s T ik, B TIRA 5IA
SSIM #51 2% o B0 il & ER 1 SSIM 45 b5 #E 47 24
HNEE L BEE B BRI E LT (a2
K),SSIM LI Ke MS-SSIM 48 b 52 1% i T 1 #4
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x2 TEHREHIEHASEGRENZ N
Tab.2 Effect of balancing coefficient @ on quality of fused images

a SSIM  MS-SSIM PSNR MSE EN SD AG SCD VIF Q. MI SF

0 0.7556 0.7840 27.18 52.67 5.317 18.44 3.346 1.573 0.7998 0.5457 3.082 9.868
0.5 0.7466 0.7752 27.86 48.62 5.503 19.61 3.854 1.610 0.9101 0.6450 3.004 10.71

1 0.7451 0.7754 27.99 47.50 5.512 19.49 3.858 1.640 0.9104 0.6457 2.948 10.72

5 0.7439 0.7753 27.60 50.59 5.495 19.04 3.838 1.668 0.9138 0.6466 3.061 10.71
10 0.7397 0.7745 26.78 57.95 5.465 19.03 3.829 1.660 0.9095 0.6467 3.003 10.68
100 0.0839 0.4776 23.61 109.3 1.810 2.470 0.812 0.4104 0.0301 0.0663 0.4932 2.579
1000 0.6082 0.6445 24.01 101.9 5.334 17.44 3.956 0.5327 0.7582 0.6318 2.712 11.48

R T WS e X T A R A R
10 4 A [ S5 R e F RS ER . Y4 a=0,
0.5,1, 10 B, @l & P58 PR 45 L3 B2 {5 B o &
T3 a=100 W}, 5 & {5 B OR1BS B2 {5 804 £ P

[7) 20 i 1% B fme K, Bl PRLAR B T A BB AR D4 A5
B BRI B Bl B OR B2 5 2 a=1 000
I, Rl AR R R R R RO £,
PR K 30858 19 1 IR A il BB R Bl
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Fig. 10 Fused images with different equilibrium coefficients «

4.2 HEMBEMUMEHREEREIR

MO R B a=1 W], @l B % 7F PSNR,
MSE % 48 31 074 48 4 19 1 BB 8 T 548, (R 78
48 b AR AR 7 1T (SSIM Al MS-SSIM) 15 47 78 A
BT DL TE RS B AR R WA TR Loss,, 1HT 12
LA gl A £ R £ B S5k A L Bk
L0588, » K6 T — 25 4 55 Rl 45 LG TR) U5 S A 52
JE G BB DL R 25 R T A DL BB L P R A
A43 4 0,0.1,0.5,1,10,100,1 000 i}, 4 %1
ARG BRI B IEN 5 R AR 3R . T IR
UE S0 () — BCHE AT et B Uk S 56 A U1 kAR
JE R 100 %8, IF LA 100 48 1 I 2 AL 2 804
J Rl A S . d T, LA TR % LI 55T S B AN i

BRAE S % Rl R R AT VR4 S5 SR ORBE 402
A BT

F3WR,HEE VB RBAAWIE K, 2 R
JE 22 AL 45 A6 AH BV 450 % PR L 0ss,an JIT R
P 2% oR BN T B il B 1Y SSIM R )
HEBR AT, (H B % SSIM S48 70 A i il A 16144
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Tab. 3 Effect of different balance coefficients A on quality of fused images
A SSIM MS-SSIM PSNR MSE EN SD AG SCD VIF Q. MI SF
0 0.7451 0.7752 27.99 47.50 5.512 19.49 3.858 1.640 0.9104 0.6447 2.948 10.71
0.1 0.7585 0.7799 27.82 53.55 5.448 19.67 3.812 1.592 0.8444 0.6003 2.689 10.72
0.5 0.7595 0.7813 27.60 56.74 5.375 19.19 3.770 1.611 0.8190 0.5851 2.561 10.63
1 0.7591 0.7791 27.75 56.14 5.389 19.66 3.758 1.554 0.8131 0.5767 2.515 10.64
10 0.7604 0.7815 27.70 57.41 5.329 18.87 3.712 1.574 0.7931 0.5687 2.440 10.56
100 0.7616 0.7831 27.54 58.34 5.302 18.67 3.695 1.586 0.7884 0.5659 2.431 10.51
1000 0.7611 0.7815 27.73 57.32 5.335 19.09 3.707 1.574 0.7919 0.5664 2.444 10.54
4.3 FEANEHMIZE i A R M 32 T Al S R B . o, SR A E

T UEE T T L B8R AR SCHE S [
R JIHU 3 8 R L AT R T L 3 A
00T R AT T I ZR . BRI ZR ik
AR JE 1 R 100 %8, LSS 100 58 1 Il 2 A 2 450k
R LS, LLAS 302 I F 45 B A3 | DA
il 5 PG A O R R A TR R AL (Gl
I 23 ) )RR 25 SRR AT X L, BAR S RNk 4 i
N AR B A A R

T AR, NE WSO Lo b RN TEE T
B 0 A8 70 A 2% 0415 B L 22 L TG i T 0 ML Y
Y 5L BT g ) BOMEL , R T BT TE B T AL fE

x4
Tab. 4

T 1 7 AL B4R AE SSIM, PSNR %5 11 3 2
B 1B v T A ) R ML D v
T3 B X AR A Y ) A RO AR T R O B, X
b 55 R A 4 BURE B b it R H G SGDB 45 44 AH
5, R G S [ 5 AE {5 U8 A T T A R UE AT
P, 38 38 T HLEH A 5] R GRS [ S
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AL B A A B A R 11 BT R
25 R WK, SR M O RNE G & 7 L
A5 80 AR R S TR R OB T R ME B R

TEGEE AL T A R A B RN R

Objective evaluation of model-generated fused images under different attention mechanisms

Fusion module SSIM PSNR MSE EN

SD AG SCD VIF Qabf MI SF

Lack of attention 0.5162 0.738 6
Spatial attention 0.7524 0.798 6
Channel attention 0.7544 0.776 6

Mixed attention 0.7585 0.7799

24.43
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27.25
27.82

95.
70.37
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53.55

86

3.104
4.863
5.408
5.448

4.154 0.6624 0.9652 0.1810 0.
11.47 2.7360 1.3870 0.507 1 O.
18.83 3.8190 1.5530 0.8428 0.
19.67 3.8120 1.5920 0.8443 0.

0251 1.392 2.067
3780 1.978 8.059
5978 2.608 10.66
6003 2.689 10.71
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(a) No attention (b) Channel attention
11
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(c) Spatial attention

(d) BATERT]
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I [ 7 ML T R A ) il P R

Fig. 11 Fused images generated by models with different attention mechanisms
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Fig. 12 Effect of visible intensity images and fused images on target detection performance
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Fig. 13 Detection effect of visible intensity images and fused images in part of the test set
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