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Abstract: The purpose of infrared and visible image fusion in the all-weather road
scenes is to generate fusion images that contain rich textures and significant goals.
However, due to the influence of light conditions and harsh weather factors, the
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existing infrared and visible image fusion algorithm is difficult to achieve the ideal
effect. In response to this issue, an infrared and visible image fusion network suitable
for all -weather road scenes was proposed. First of all, we designed a illumination loss
function that can guide the intensity distribution of the background texture and the
intensity of significant goals in the adaptive network. In addition, the introduction
of the Scharr gradient to improve the calculation accuracy of the gradient of texture
loss, and restrict the fusion image to retain more delicate texture details. Finally, we
designed the second order residual block based on the Resblock structure to enhance
the ability to integrate network extraction of strong and weak texture features of
images. Comparison and generalization experiments on MFNet, RoadScene, and
TNO data show that the algorithm is better than other advanced algorithms in
subjective visual effects and objective indicators.

Keywords: all-weather road scenes; infrared and visible image; image fusion;
illumination loss
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Fig.1 The framework of the image fusion network
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Fig.2 Visualized results of ablation studies
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Tab.1 Quantitative comparison of ablation studies on various modules on the MFNet dataset
(RED indicates the best result and BLUE represents the second best result)

it Illum Loss Scharr SGRB  MI SD Qubr VIF
SeAFusion 3.8874 41.2680 0.6657 0.9402
B A v 4.1454 422784 0.7001 0.9973
1Y B J 4.5507 422156 0.6781 0.9746
A C Vv 4.8943 423887 0.6820 1.0289
B D v v 5.0089 423174 0.6830 1.00603
KITTVE N J v 51210 422435 0.6854 1.0153
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Fig.3 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the MFNet dataset in
day
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Fig.4 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the MFNet dataset in
night
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Fig.5 Quantitative comparisons of MI,SD,VIF,Qabf of different fusion methods on 361 image pairs from the

MFNet dataset
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Fig.6 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the Roadscene

dataset in day
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Fig.7 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the Roadscene
dataset in strong light scene
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Fig.8 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the TNO dataset in
night
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Fig.9 Qualitative comparison of the proposed method with 9 state-of-the-art methods on the TNO dataset in



thick fog scene
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Fig.10 Quantitative comparisons of MI,SD,VIF,Qabf of different fusion methods on the Roadscene dataset
and the TNO dataset
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Tab.2 Mean of the running times of all methods on all datasets (unit: second, RED indicates the best result
and BLUE represents the second best result)

Rt MFNet Roadscene TNO
MDLatLRR 153.7452 53.3292 103.1227
GTF 5.6339 1.7974 3.0739
SEDRFuse 10.1583 5.6843 9.7324
CSF 2.8760 2.5481 3.1670
FusionGAN 0.0863 0.4735 0.3175
GANMcC 0.1499 0.3175 0.5165
SDNet 0.0242 0.2042 1.2235
U2Fusion 0.8802 0.4309 0.7424
SeAFusion 0.2083 0.1414 0.1729
KXTTHE 0.1959 0.1329 0.1635

3 &g

B0 4 RABTE % 5 5 T DG BRAS — AR 5 R A R i U MBS B AT 22 S R4 ik
I, A SCAEE SUBIRR & M4 SeAFusion FFERY F, it T ZBBREEAR POk
RIE DX 25 %o MG i 55 SUERARRAIE R EIAE 75 51 N BECHI T30 453 398 i ik 5 D9 245 AR D' R 2%
P B 3E R AR B RE BB RE JTs TESCHRAR R FP R B Scharr B 55 57 =y I 4B B 1T 5
FEIE o TCIRIR . 5 363 SR RN SUHR 453 SR AL R ) PN 25 4 2 BE 6 A5 2 20 SR Rl A I 28 A A
2 SR LN AE B EUE . SEIR R, A SCRbS 7% ARSFusion 753
ORI T T TR, Sk EAE MIL SD. Qabf F1 VIF IUIi5E & e ks Bl T H
A AR AR, R R A MFNet Bod 45 b B9 DU FE bR T+ 2 Ee 2 N
31.73%- 2.36%. 2.96%H1 7.98%, H.1E=FhEdfse b gt BRI~ flG 8 5 55 0
0.1959 #b. 0.1329 #>H1 0.1635 #b, BEGEEIE B4 KAk 5 N PR A R Az 5 2 WAL o R
Uf . AR BRI R L AR B] IRl A B

e
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