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Abstract: Objective Image stitching, a cornerstone in the field of computer vision, is dedicated to assembling a compre-

hensive field-of-view image by merging visible data captured from multiple vantage points within a specific scene. This
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fusion enhances scene perception and facilitates advanced processing. The current state-of-the-art in image stitching pri-
marily hinges on the detection of feature points within the scene, necessitating their dense and uniform distribution through-
out the image. However, these approaches encounter significant challenges in outdoor environments or when applied to
military equipment, where adverse weather conditions such as rain, haze, and low light can severely degrade the quality of
visible images. This degradation impedes the extraction of feature points, a critical step in the stitching process. Further-
more, factors such as camouflage and occlusion can lead to data loss, disrupting the distribution of feature points and thus
compromising the quality of the stitched image. These limitations often manifest as ghosting effects, undermining the effec-
tiveness of the stitching and its robusiness in practical applications. In this challenging context, infrared sensors, which
detect thermal radiation to image scenes, emerge as a robust alternative. They excel in highlighting targets even under unfa-
vorable conditions, mitigating the impact of environmental and human factors. This capability makes them highly valuable
in military surveillance applications. However, a significant drawback of thermal imaging is its inability to capture the rich
texture details that are abundant in visible images. These details are crucial for an accurate and comprehensive perception
of the scene. Method This paper proposes a groundbreaking image stitching algorithm to overcome the limitations inherent
in conventional visible image stitching and to extend the applicability of stitching technology across various environments.
This algorithm is based on the fusion of features from multi-modality images, specifically, infrared and visible images. By
exploiting the complementary characteristics of infrared and visible data, our approach integrates the precise structural fea-
tures of infrared images with the rich, detailed attributes of visible images. This integration is crucial for achieving accurate
homography matrix estimation for scenes viewed from multiple angles. A distinctive aspect of our method is the incorpora-
tion of a learnable feature pyramid structure. This structure is instrumental in estimating sparse offsets in a gradual, coarse-
to-fine manner, thus deriving the deformation matrix through a non-parametric direct linear transformation. An innovative
aspect of our approach is the fusion of stitched infrared and visible data to enrich the perceptual information of the generated
scene. This fusion process entails mining deep features of the scene for contextual semantic information while also utilizing
shallow features to address the deficiencies in upsampled data. This strategy aims to produce more accurate and reliable
fused results. Result We selected a real-world dataset comprising 530 pairs of stitchable multi-modal images and a syn-
thetic dataset containing 200 pairs of data as test datasets. It compared the qualitative and quantitative performance of 21
fusion stitching strategies, incorporating three of the latest fusion methods — namely, residual fusion network, recurrent
correction network , and dual-attention transformer (DATFuse) — and seven stitching methods — namely, as projective as
possible, single-perspective warps, wide parallax image stitching, seam-guided local alignment and stitching, view-free
image stitching, reconstructing stitched features to images, and unsupervised deep image stitching (UDIS++). In terms of
stitching performance, our method achieved accurate cross-view scene alignment, with an average corner error reduced by
53%, preventing ghosting and abnormal distortion, even outperforming existing feature-point-based stitching algorithms in
challenging large-baseline scenarios. With regard to the integration of multi-modal complementary information, our method
adaptively balanced the robust imaging capability of infrared images to highlight structural information and the rich texture
details of visible images, resulting in an information entropy increase of 24. 6% compared with the DATFuse-UDIS++ strat-
egy, demonstrating significant advantages. Conclusion The proposed infrared and visible-based image stitching method
marks a significant advancement in the field of computer vision. It effectively addresses the limitations of traditional image
stitching methods, particularly under adverse environmental conditions. Moreover, it broadens the scope of stitching tech-
nology, making it more versatile and applicable in diverse settings. The combination of infrared and visible imagery in this
algorithm could revolutionize scene perception and processing, especially in military and outdoor applications where accu-
racy, detail, and robustness are of utmost importance. Furthermore, the algorithm’s ability to fuse different types of data
opens up new avenues for research and application. It suggests potential uses in other fields such as environmental monitor-
ing, search-and-rescue operations, and even in artistic and creative domains where novel visual representations are sought.
The fusion technique employed in our algorithm not only enhances the visual quality of the stitched images but also adds a
layer of information that could be vital in critical applications such as surveillance and reconnaissance. It effectively
addresses the key challenges of traditional image stitching, particularly under adverse environmental conditions, and dem-

onstrates superior performance over existing methods. This advancement not only enhances our ability to perceive and pro-
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cess scenes more effectively but also paves the way for future innovations in image processing and analysis.

Key words: multi-modality image fusion; image stitching; convolutional neural network (CNN) ; infrared and visible
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Fig. 3 Illustration of seam mask and content mask
((a) transformed I,; (b) M5 (¢) My,;
(d) transformed I,; (e) M,; (f) M,)
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PERE DL 57 1 1R B S 0E IR AT S0 00 bE L ik T L 58
FRAE AR I 1 5 7540 $5 APAP (Zaragoza 55 ,2013) |
SPW (single-perspective warps) (Liao #1 Li, 2020) .
WPIS (wide parallax image stitching) (Jia 55 , 2021 ) Fll
SLAS(seam-guided local alignment and stitching) ( Liao
5,2023) ; 2 T IR 2] 97 L4 VFIS (view-free
image stitching) (Nie %5 , 2020) , RSFI (reconstructing
stitched features to images) (Nie 55, 2021) Fll UDIS++
(unsupervised deep image stitching) (Nie %§,2023) .

FIERIA AL B BET I T 2L A
A LR RS AR, O T S B EE AFROR A
S SEAEIAT H ML MR PR B Bt bt — 2Dl
T LA AT WG PR Rl 5 S B S5 A PEREEA .
TLLANEBAA] WOCEURTE AR N & 2R 8,
N TR 25 B8 A5 380 1 B 7 P 6 A AR AS [, DT
OO LA AR FAT W6 G AT DF Ak B 25
B PHEST AIE R R BIE Ol o W SRR Y D 425
RHATRE RPN S B AME B A R
SMBUTER R T, BRGNS 2B
RWIEAT RS A SRR AL A, R e 5
56 XoF FE IS, A SCAE PRAT A PR 5303 i, TS SRA Y
— KRS T X R T R R AR T T e i)
ERE R E RS SCR I 17, 246 RFN
(residual fusion network) (Li ZF , 2021) . ReCoNet
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Fig. 4 Visual comparison with the conventional stitching methods

((a) IR; (b) VIS; (¢) APAP; (d) SPW; (e) WPIS; (f) SLAS; (g) ours)
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Fig. 5 Visual comparison with the deep learning based stitching methods

((a) IR; (b) VIS; (¢) VFIS; (d) RSFI; (e) UDIS++; (f) ours)
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R1 SHRE HEEEIEEIBEE LNESHERM
Table 1 Quantitative comparison against different

fusion-stitching strategies

ik EN SF AG  BRISQUE

APAP 6.466  9.282 2.672 0.491

SPW 6.476  9.231 2.804 0.482

WPIS 6.452  9.380 2.805 0.486

RFN VFIS 6.786  9.193 3.312 0.493
RSFI 6.704  8.347 2.528 0.487

SLAS 6.702  9.046 3.303 0.492

UDIS++ 6.637 10.009 2.590 0.490

APAP 5.635 10.068 3.217 0.489

SPW 5.846 9916 3.251 0.485

WPIS 5721  9.822 3.372 0.492

ReCoNet VFIS 6.12  10.155 3.358 0.494
RSFI 6.172  9.997 3.279 0.488

SLAS 6.189 10.120 3.362 0.491

UDIS++ 6.059  9.920 3.279 0.488

APAP  5.636 10.108 3.342 0.492
SPW 5.813 11.179 3.553 0.491
WPIS 5.719 10.152 3.332 0.490

DATFuse VFIS 5.894  9.994 3.301 0.492
RSFI 5933  9.653 2.667 0.489

SLAS 5972 10.029 3.359 0.493

UDIS++ 5.609  9.669 3.057 0.491

AL 6.990 11.186 3.373 0.495

T L P RS R 5 B R A4

ACE=16.72

ACE=32.52
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ACE =45.86
(b) W LIGIEE

Ay Sge Xt b, TS SR AN & 6 i SR -2 £ A
i%%(average corner error, ACE)VVENIFALTEHTR, i%{H
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TR J3E 9873 LTI HE 07 B 7 R e A il A
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P 255 T LLAMEES Fnm] ROGRESAE B
B PR B TV SR AE T A SR I R AT A R
ZERIFRBR AT LG TP RIS T e YRR
3.5.2 KT ZHEAERIER B RE R g A
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ARSI T 22 RS 4 - B Y BN PR A S 23 3
X ELAMECE FI T DGR Y S M EA T AN 1. 7EAS
2 TIPS TS e A RS A
WS EAR A CT IV ES O IS NS I ¥ 5
TER AR (5 BB A IRIE R o I, A 3o 3
PR SRR 31 Y B PR SR P A T L1 TE A B K
(EMUBCE SR ATE , OF AR5 BB 4 B AT XS LE .
FE A RN 3 i, TS RN 7 B IR 3%
INELAMEAR , VIS R i) WOGEHE o 3@ ik X AT LA
R, MR R 3R B RS, i 0 DR R 2

ACE =6.99
(o) A SLEER

Kl6 BT RS BB PR A B ) AT R4 74

Fig. 6 Visual analysis on multi-modality homography estimation module( (a) infrared images; (b) visible images; (¢) ours)
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Table 2 Quantitative comparison in average corner error

ik S AR
LLAMEIG ) B P 11.06
A UL P A5 1 7 P 4 9.73
A 4.57

PEAG A B

*3 HNMHEBREREETE Roadscene SR HHEE
EEHERITLE
Table 3 Quantitative comparison of the homography

integration on Roadscene synthetic dataset

FE L PR SR e e 2R

WBLOAE A5 BB IS5 LR 1R FH 1] 01 190 268 445 2] 14
PHESS RS T RAF BT ALRCR o sl PN 4R A5
XF LRI, A SO AL & T RFEEER . Wik, A
SR 1 U5 F Ak L B A Rl A [ A 25 A4 30 ) B

Ik EN SF AG BRISQUE
L1 6.934 17.532 5.751 0.491
Avg 6.950 17.531 5.726 0.49
Max 6.884 17.384 5.662 0.492
£ 6.968 17.770 5.853 0.495

TE IO P SRR 5 8 i 2 2R

(a) IR (b) VIS " () L1

BT s 2R T SR A S Rl 5 SR 4 P AR 23 A
Fig. 7 Visual analysis on multi-modality potential homography integration ((a) IR; (b) VIS; (¢) L1; (d) Avg; (e) Max; (f) ours)
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T BT T OR F 2B EUEE R BB R ER e )
B o A SOR IS A B AT AR MERY 3 TR, £
4% Dense-121 (Huang &5 2017) . ResNet-18 (He %,
2016) L & VGG-11 (Simonyan 1 Zisserman, 2015) ,
W HARR AR ey T R AL B AR IR AR YIRS
HEAT MRS L, 5 g R AN 4 Fos , al LR N
P 8 Fir 7 o 38 0 P AN X & B, >R FH R 3 0 ML)
FRERAE 5 | AN S0 1 10X 2 A et {5
HEAT Rl EAL , PR A SCHR H %) S AR RS E L B 5K
RAZTNAE R Th AT T HRABCR .
3.5.4 QT UER ) AR SCHR K pR B A AL
PEI BT

AR S R R (R T3 G HE Y 45 K bR

(d) Avg

(e) Max

x4 EENZHNESLHERITLE
Table 4 Quantitative comparison of the

reconstruction module

J7 ik EN SF AG BRISQUE
Dense-121 6.843  14.542  4.626 0.483
Res-18 6.883 15008 4915 0.484
VGG-11 6.815  14.352 4756 0.483
A3 6968 17770  5.853 0.495

TE LR FRIR A S R A 2R

o R X PR AE X L1 JE 20 B X
AN EHGGRZ R IR A SN 29 5 L K S5 AR UL (struc-
tural similarity index, SSIM) ZJ 38 . b T 5% 3 4~
R R E N G 2 AR T, 75 OB 4R 123 5
FOA 13X 3 A B 2R R B0 ST BE | 4 R
W3R 5 F 7R, wio 7 AN FHIZ A0 2% pR BCHEA T I 25
A LA B, 3 gt 2 R KR 7 FH A1 0T 19 245 14 1 ke
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(a) IR (b) VIS (¢) Dense-121

(d) Res-18

(e) VGG-11

8 B oxl e o0 2% A A B T AL AT
Fig. 8 Visual analysis of the effectivenesson the reconstruction module

((a) IR; (b) VIS; (¢) Dense-121; (d) Res-18; (e) VGG-11; (f) ours)
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Table 5 Quantitative comparison of the ablation study on

loss function of reconstruction module

J7ik EN SF AG BRISQUE

wlo $EEE 6.916
who JEAI R 6.804
wlo Z5FP R 6.924

AL 6.968 17.770  5.853 0.495

14.811 5.688 0.491
15.057 5412 0.492
16.263 5.438 0.493

TE L PR R 5 B AL 4

FITIEEAE . aTHAEE RIS AN 9 Firs o 4%

RUR 2 A JEAT 29 F) , RS AE DE 42 5% XY i
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FEUR B S5 FRIE EA T 29 BT, MR S0 5 2540 15
BEEMFERE . L6 KE, REE UL T 34
I PRE A R
3.6 HEMFEMERT

R Tk — L B R AR SCRE Iz A e T R i
PE B R E S b K IR 5 B RO PEREDEAT T
i, BD ZASLAA T 1493 5 318 XSmRS/, - HLnT
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(a) IR (b) VIS (ORASEZES (d) wiolBGIARLR (e) w/oZER T (H A3
K9 ik R T RO BT
Fig. 9  Ablation analysis on the loss function
((a) IR; (b) VIS; (¢) w/o seam loss; (d) wlo perception loss; (e) wlo structure loss; (f) ours)
F6 EHREMEHELHNEEER
Table 6 Quantitative results on challenging case

Fik EN AG BRISQUE

AL 5.764 16.023 4.798 0.486
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Fig. 10  Visual results on challenging cases ((a) IR 1; (b) IR 2; (¢) VIS 1; (d) VIS 2; (e) ours)
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