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Soft Histogram of Gradients Loss: A loss Function for Optimization of the
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Chengdu 611731, Sichuan, China

Abstract Image fusion methods based on deep learning have achieved excellent image fusion performance and have been
widely used in biometric recognition, automatic driving and target tracking. However, it is still challenging to extract important
texture details and preserve information of images. Therefore, a loss function for infrared and visible image fusion networks is
presented. We employ the histogram of oriented gradient (HOG) to calculate the loss function. HOG feature can reflect the
direction and magnitude of local gradient in the image, and using HOG feature as the loss function can improve the ability of the
network to extract image details. We combine HOG loss with multi-scale structural similarity loss, and train NestFuse,
Res2Fusion and UNFusion infrared and visible image fusion networks with the designed loss function. On the TNO dataset,
our model increases the standard deviation (SD) of fused images by 2.1476%, 1.2273% and 1.4444% respectively, and
increases the visual information fiedity (VIF) of fused images by 1.6529%, 1.4936% and 1.2902% respectively. On the
RoadScene dataset, our model increases the SD of the fused images by 1.0083% , 1.1669% and 0. 7214 % respectively, and
increases the VIF of the fused images by 1.8093%, 1.8063% and 1.0406% respectively. The experimental results show that
the proposed loss function can extract more effective information from the source image.

Key words image fusion; infrared image; visible light image; histogram of oriented gradient; loss function; deep learning
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Table 1 Original loss function of the network

Network Image intensity loss ~ Structural similarity loss
NestFuse MSE MS-SSIM
Res2Fusion MSE MS-SSIM
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SCD . VIF I Q¢ JLAS VAl 48 #5 ¥ A & 7+, 76 SD A0
VIF I 48 JF % & B3 &, NestFuse'” 3 ¥ 48 I+ T
2.1476% 1 1.6529% , Res2Fusion'” F ¥ 4 #+ T
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WH /N BRI 28 2 ok B0+ i it 1y 3 4~
W 28 B TAk T8 B 2 A 4 .

K2 75 TNO BHE S F A AR R 2% & RAZ T H . (a) (b) PR E% 5 (¢) NestFuse; (d) NestFuse-HOG ;(e) Res2Fusion;
(f) Res2Fusion-HOG ;(g) UNFusion; (h) UNFusion-HOG
Fig. 2 Image comparison fused by different networks on the TNO dataset. (a) (b) Source images; (¢c) NestFuse; (d) NestFuse-HOG;
(e) Res2F usion; (f) Res2Fusion-HOG; (g) UNFusion; (h) UNFusion-HOG
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Table 2 Quantitative comparison on the TNO dataset

Network EN SD MI SCD MS-SSIM ~ FMI _dct FMI_w Q. VIF
NestFuse 6.9198 82.7523 13. 8397 1.7335 0.8625 0. 3580 0.4371 0. 4870 0.7865
NestFuse-HOG 6. 9435 84. 5295 13. 8870 1. 7491 0.8684 0. 3426 0.4323 0. 4892 0.7995
Res2Fusion 6.7963 77.6068 13.5927 1.7365 0. 8681 0. 3745 0.4373 0.4760 0.7164
Res2Fusion-HOG 6. 8087 78. 5593 13. 6173 1.7398 0. 8682 0.3721 0.4362 0. 4760 0.7271
UNFusion 6.9070 83. 6454 13. 8139 1.7097 0. 8505 0. 3506 0. 4380 0.4940 0.8061
UNFusion-HOG 6.9210 84. 8536 13. 8419 1.7131 0. 8500 0. 3486 0. 4412 0. 4964 0. 8165

&3 ¥F RoadScene $u s 45 [ o FAS [\] [0 &% b & RIS % L . (a) (b) TR % 5 (¢) NestFuse; (d) NestFuse-HOG; (e) Res2Fusion;
(f) Res2Fusion-HOG ;(g) UNFusion;(h) UNFusion-HOG
Fig. 3 Image comparison fused by different networks on the RoadScene dataset. (a) (b) Source images; (c) NestFuse; (d) NestFuse-
HOG; (e) Res2Fusion; () Res2Fusion-HOG; (g) UNFusion; (h) UNFusion-HOG

f [ s [ - |
RoSTEoReRN . = S05-E9%-9820
-, - s |

4 UK RO FTTT S NestFuse P28 Rl G FE L o (a) (b) JRIEMR 15 () PR IEE 148 NestFuse R 28l 4 )5 19 4 (DR R 14
NestFuse-HOG W £5 il & 5 1 5145 ; (e) (D IR R 25 (g) P8 8145 2 & NestFuse 9 %5 fill & f5 /19 18145 ; (h) I &4 2 £ NestFuse-
HOG W 2% Rl 15 J 1 4R
Fig. 4 Fusion image comparison before and after loss function applied in NestFuse network. (a) (b) Source image 1; (¢) image of source
image 1 fused by NestFuse network; (d) image of source image 1 fused by NestFuse-HOG network; (e) (f) source image 2;

(g) image of source image 2 fused by NestFuse network; (h) image of source image 2 fused by NestFuse-HOG network

# 3 1f RoadScene B4 I 1) 5E & H K

Table 3 Quantitative comparison on the RoadScene dataset

Network EN SD MI SCD MS-SSIM  FMI_det FMI w (3 VIF
NestFuse 7.4418 79.6857 14.8835 1. 6504 0.8555 0. 3446 0. 4395 0.5077 0.9009
NestFuse-HOG 7.4604 80. 4892 14. 9209 1. 6688 0. 8597 0.3230 0.4332 0.5062 0.9172
Res2Fusion 7.3300 73.6833 14. 6599 1.6476 0.8630 0. 3697 0. 4326 0.5083 0. 7806
Res2Fusion-HOG 7.3469 74. 5431 14. 6938 1. 6526 0. 8616 0. 3665 0.4318 0.5099 0.7947
UNFusion 7.4137 79. 4455 14.8275 1.6355 0. 8442 0.3386 0.4361 0.5102 0.9033
UNFusion-HOG 7.4231 80. 0186 14. 8462 1. 6369 0. 8416 0.3392 0. 4406 0.5119 0. 9127
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VIF, NestFuse ™ F ¥ 42 7+ 17 1. 0083% #1 1. 8093 % ,
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‘lé\ 1ZI§§'€ i}ﬁt tt JE 5'% E"J ﬁ% o }J\ Roadscene ﬁ % % E"J :UI_\IU ‘iit LNestFuse+gra(I - LNt‘siFuse + Lgrad ) ( 18)
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R BB A 3271, Rl R A E 20Kk A TR BRI
(PSS
4.3 XfEEEI

o T UE T B A5 K R BB D0 A B R Y Lo
B e A B2 T 1 MSE Loss (L) WIZR M 25 . L5, 4
P 265 J5 458 % PR (L) 2390 L g FITIE T 2 U1 26

@ (b)

()]

4
L.\IesIFuse-perceplual - L.\'eleuse + z MMSE|: ¢z( O ) ) ¢1( I ):| 1) ( 19)
i=1

K, ¢, i it VGG-19 (4545 21 A9 55 1 J2 B 4R1E

T TNO B 5 b i X He 52 56 45 5 an 51 5 Fr s .
1 TNO Sl 45 Ay T gh 58 an 2 4 pios 76 3K
(O Tl PFAL 15 Bk v, T HRE 48 % pRI RIS T 7 b S B 1 i
RN

B 5 7E TNO B 5 bl S 6] /9 25 @& % 5 o (a) (b) J 1% 5 (¢) NestFuse; (d) NestFuse-grad; (e) NestFuse-+grad;
(f) NestFuse-perceptual; (g) NestFuse-HOG
Fig. 5 Image comparison fused by different networks on the TNO dataset. (a) (b) Source images; (c¢) NestFuse; (d) NestFuse-grad;

(e) NestFuse+grad; (f) NestFuse-perceptual; (g) NestFuse-HOG
F4 AR TNO K 4 LR b A

Table 4 Quantitative comparison on the TNO dataset

Network EN SD MI SCD MS-SSIM  FMI_det  FMI_.w Q. VIF
NestFuse 6.9198 82.7523 13. 8397 1.7335 0.8625 0. 3580 0.4371 0. 4870 0. 7865
NestFuse-grad 6.9091 82.2634 13. 8181 1.7390 0.8652 0.3443 0.4337 0. 4868 0.7781
NestFuse+grad 6.9297 83. 5418 13. 8593 1.7433 0.8665 0. 3489 0.4347 0.4851 0.7928
NestFuse- perceptual 6.8998 81.2038 13.7995 1.7347 0.8630 0. 3500 0.4353 0.4878 0.7684
NestFuse-HOG 6. 9435 84. 5295 13. 8870 1. 7491 0. 8684 0.3426 0.4323 0. 4892 0. 7995

1F RoadScene B 4 b 1 X} Lt 52 46 25 5 0 7 6 o
T 5 Lo VIV ZR 1P X 45 A6 X LU BE | 119 3% IO T Ath 61 2%
PRI 2R ) P 2% o 38 2 A w1 R EE (6 5) , T i 42K PR

AT T 6 B IE AN dE bR A B UL E . SR ok UL TR
RoadScene ﬁ%%i y Luoc !l g}‘ﬁ A9 1% é% 1Y M e 'fj[: T
Tk P Al A5 2 o BS54
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Fig. 6

Image comparison fused by different networks on the RoadScene dataset. (a) (b) Source images; (¢) NestFuse; (d) NestFuse-

grad; (e) NestFuse+grad; (f) NestFuse-perceptual; (g) NestFuse-HOG
#5 FERoadScene £l 5 10 & H A

Table 5 Quantitative comparison on the RoadScene dataset

Network EN SD MI SCD MS-SSIM  FMI_dct FMI.w Q. VIF
NestFuse 7.4418 79. 6857 14. 8835 1. 6504 0. 8555 0. 3446 0. 4395 0.5077 0.9009
NestFuse-grad 7.4475 79.8023 14. 8950 1.6603 0. 8585 0. 3270 0.4353 0. 5061 0.9032
NestFuse+grad 7.4394 79. 3834 14. 8789 1. 6566 0. 8577 0.3345 0.4366 0. 5056 0.8977
NestFuse- perceptual 7.4368 79.3249 14. 8735 1.6522 0. 8559 0. 3346 0.4375 0. 5076 0.8947
NestFuse-HOG 7.4604 80. 4892 14. 9209 1. 6688 0. 8597 0. 3230 0.4332 0.5062 0.9172
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