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Abstract: Traditional stitching methods perform poorly in complex scenes, and supervised methods face challenges due
to the difficulty of annotating data. Existing unsupervised image stitching methods suffer from large model parameters
and long stitching times. Therefore, a lightweight unsupervised deep learning-based image stitching framework is
proposed, which consists of two stages: an unsupervised image deformation network and an unsupervised image fusion
network. In the image deformation network, MobileNetV2 is used as the backbone, combined with the ECA attention
mechanism module to obtain image deformation information. The image fusion module employs UNeXt as the
backbone network to generate seamless stitching by identifying the seam lines in the overlapping regions of the images.
The accuracy is improved by incorporating the AG module and enhancing the tokenized MLP module. Additionally, due
to the lack of datasets for underwater image stitching, a real-world unsupervised underwater image stitching dataset is
constructed. Comparative experiments are conducted on this dataset and the publicly available UDIS-D dataset.
evaluating SIFT+ Ransac, ORB—+ Ransac, UDIS, and UDIS+ + algorithms. The experimental results demonstrate
that the proposed algorithm reduces the model parameters by 74% and improves stitching speed by 46% while
maintaining stitching accuracy.
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Fig.1 Unsupervised image Mosaic network framework
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Fig. 2 Unsupervised image deformation network framework
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Fig.3 Improved MobileNetV2 network architecture

ARSI B A G683 MobileNetV2 — R 51K
NV A J22 UR G5 4 v A B BRI R E . 15 T A BB
Lo WAL BRS BE 2 — AR UE ) 3 X 3 BRZ HEfT )20
FRIEERI . WS . R IE A 2415 5 5k 25 B, B A B ol i
i 1X1 SBRRY RGEE R SR 5 T ECA AR & 4 4

Sigmoid

Bk BiE R

1x1xC 1x1xC

Bl 4 ECA B iy

Fig. 4 ECA module structure diagram

IR HEAT 308 T8 3 T A U, B A IR B T s L — 2P
PEEBUFAE, JF 38 a3 1 X 1 B AR, W] i R 26 1k 30T R
. TERIESR U B E BB A 1 X1 B BUE LR
MIARE IR . 78 B TR SCHIE 2 (CCL) VT BLARAF 545 21 f £
A,CCL J&—Ff TR B2 2 P A FRAE DE FE B R , Bl it
SEARRAE Pl 22 100 14 4 56 PR 4 32 TR MR TR) 1 8 L6 R LB RE S
WA T A sh 33T ER Z 8 56 R .
SR JEAH FH I 28 M A8 e (DLT) 55 vk 31 2 3 &2 o 7 P 6
H,DLT A= (D (2 iR, H 456 TPS A8, S Hl A
% 2 6] 1 S ¥ 0 P AR TE , R4S A RS B A 15 B R KR
JE B EG ST, TPS 24z0an=t(3) . (b iR .

u; x;
v, | =H« |y, [@D)
1 1

(I, Vi 71)7- ﬂéﬂ(ll; 2 U, 71)T ﬁﬁmﬁ[@l{%ﬁ“}ﬁ%#%?ﬂ:‘ﬁﬁ‘,
H J&—A 33 B 57 U OB 200

hll hlZ h,l_;
H= |hy hy hy (2
h:sl h:sz hss

TPS B R BRI N .
P

Flaoy) =a, ta,x +a,y+ 2w U (x,hy) —
(x,y) 1D (3

Ho 1 3 MR (aysa, o) FRRNAEE 3 Ir A #2545
(xisy) BB 2 (B y") AYLRAETmw, P 286 S A5
w, FARBNER SOEHAE, UCl (2,.y.) — (x,
W D) RBREE, UG) = rilog(r) . $HIHHT Y A A FT R
P, g(x,y) Flh(x,y) 4 HFEm o Fy FiaRHEEE, W

+ 163 -



948 & 2 F o

T # K

i Z J5 X RS AR bR Py o
o, =a —g(x,y) W
yvo =y —h(x,y)
1.2 ZTEEEGMEM%
A SO TC M BB RS R 48 HE SR AN 5 B L 4 T B
#f UNeXt fENE T ML, UNeXt &2 —Ffdk THR L 2K
HEE (MLP) 1 EZ 53 50 B 2%, 9 15 45 5D 25 7k R 4544 ,
i 2% F 2 i 28 70 A0 & 2 FLA Tokenized MLP WA B B, 5
A B 25 Yo A FRAE 4y HE R 2 A o B A A A5 2 He S AR 1E
SRR 2 fE, EHADEE L AT 3 MBS, E WA E
Tokenized MLP e, 7£ f# 5 %% tf . 57 %5 > £t /& Tokenized
MLP,JGT 3 2R, 2Bt % 19 465 TR F A A b o
F1 22X 2 (a5 Rt Ak J2 o T A 0 25 1) 26 AR e 4 ) 0L 4% 1 4
B2 X R AE B AT FoRAE . 0B P 4 {8 1T A R e &
G Ko BB RAEA LR =0 LR, o/ E
L2 S 8. Tokenized MLP B 45 A T 5 B 4
W2 A0 MLP #9405 - T3 Z R L. Tokenized MLP
el i ARic Ak i A2 4 | Shifted MLP 4k Bf L B 3% 22 3% 4%

AR ST X R AR A A AR BRI R B [ B AR R
THEMITREMEMBIRN SR E 2, Bk TERHE
R 3X 3 BB M A RRIE e B i AYERE E. XA
E #2451 (token) (%t . 55 AR IEHE A WA Shifted
MLP # 474 #, Shifted MLP J&—F 28 {4 iy MLP #2%,
BIE A BRAE R G SR A T YRR IR B . 5%
41 MLP A[A], Shifted MLP 7654~ MLP B Z [ iA T
7 B B A , {75455 700 B 0% O 4 Ml 3R EAR TP M RIS B
%5 1 4> Shifted MLP iy & B J5 I £ g F#4IE L X 4~ MLP 3 it
R BUZE (DW Conv) K 1% 3 FR AT, I (8 ] e 7 158 22 4k
T (GEL U 0 iR 8U58 BUMUE #4E . DWConv W FH A
BT 4 65 0 B 5 B, O AR Ee b i 5 B0 FH i S 80 >,
28 TR, GELU ¥0is BR800 B 0y 28 o 51 A B #L M
KL= ML e Az e J) . 5 2 4 Shifted MLP
DOV v B T I A B R AR . BB ALARAE(E AR W — A R
ANTF) token BYMF L. )i i — 4R 22 3% 2, 44 RIS token
R 8% 2% AR RIS — 4 2 R 4 AR AR AL 3 B R —
e,

Mct

P 5 TG M P i R 245 HE S

Fig. 5 Unsupervised image fusion network framework
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