L7 F.ATAREGLUNet#) 26987 2B

a

Image Stitching of Rock Thin Sections Microscopic Images Based on Improved
GLU-Net
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Abstract: Rock thin-section microscopic images frequently exhibit complex local textures, blurriness, and
high noise levels, posing significant challenges for traditional feature extraction and matching algorithms.
These methods often fail to identify effective feature points in high-resolution rock thin-section images,
hindering the realization of panoramic stitching while also resulting in slow processing speeds. To address
the aforementioned issues, a rock thin- section microscopic image stitching method based on an improved
GLU-Net has been proposed. This method integrates an enhanced correlation computation module to
improve global and local correspondence, employs a feature pyramid network for multi-scale feature
fusion, incorporates a designed adaptive convolutional attention mechanism to optimize attention to key
regions, utilizes global and local decoders to obtain optical flow, and applies homography transformation
for image stitching, thereby constructing a novel image stitching network model. Experimental results
demonstrate that, compared to traditional image stitching algorithms and other classical image stitching
network models, the proposed network achieves superior stitching performance. In stitching tests on a self-
constructed dataset, a stitching accuracy of 86.75% has been attained with an average registration time of
0.394 s per pair, effectively balancing enhanced accuracy with processing efficiency.

Highlights:

1. A fusion module, feature pyramid network for multi-scale feature fusion, and an improved correlation
module, globally-optimized correspondence volume, are introduced to enhance cross-scale representation
and global-local correspondence modeling for weak and repetitive textures.

2. A multi-scale convolutional attention mechanism module is designed and embedded to adaptively
modulate spatial and channel attention, suppress noise-dominated responses, and highlight discriminative
structures.

3. A coarse-to-fine optical-flow estimation and stitching framework is built with a global mapping decoder
and local optical-flow decoders. Alignment is completed via homography-based warping, and an average-
displacement compensation strategy handles locally mismatched tiles to ensure continuity and completeness
of full thin-section mosaicking.

4. Experiments show the proposed method improves stitching accuracy and efficiency on a self-built dataset
and under complex geometric transformations and cross-dataset evaluations, outperforming traditional
stitching algorithms and representative deep learning stitching models.
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i7—9700CPU@3.00 GHz X 8, ¥ 4£ 4 32 GB; GPU i NVIDIA GeForce RTX 2080 Ti, 474 11 GB.
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3.2 FEMIER

h YA RO AG AN [ 5 1 FASE L N ER RUR B DF S RCR R DU PF 46 45

(1) F 3 4. 15% 22 (Average end-point error, AEPE)

AEPE J& PPAG 6 30 A8 1 35 % %68 R 56 28 5 ik (9 — A48 b5, 36/ U 0 A B 15 2050 5 07 B = ) Bk
JUBRAHFE B V-2 M8 . A2 B AR VC I ADE AL THE 55 b, AEPE Sz 1 B R 15000 i 22 R /), A 80 Ol
T AT R E R, R WISk (BT ) X MR 0 PRHERCR BT s R 2 IR8K . AEPE € LR

1Y
AEPE = — > IX/— X, (14)
N k=1

KPP NERRZSH5HAENARBEE. X, = (2, y) R B EBR DS e MR EAE X = (2, y,) &
7 A T B9 2% 5 3R AE VR PG v B 0 A - |, s TR RO B BE B A L2 Y58

(2) 1EHf 8 5 H /9 He (Percentage of correct keypoints, PCK)

PR DA U 5 5% ik A 46 45 L e/ A T B0 57 5 BL S 0 8 22 1) A IR L B A B /N T 3
— B E 0 T 43 b o PCK R — AN 15 22 Y0 Bl ARG B8 98 b, JH T4 425 T80 00 O B i 1 E A 5, BB
AU TE A A OC B R 22 | R B AR (REAL) X MR ) B eSO B s R Z TR AR . HoE SR

1Y
PCK(a):NZeb(ng—X,Jbg&) (15)
k=1

K : @ (o) IAE /R BREL, BT R 1, AN BT 050 IR ZEAR A BE , thin 1. 3R 518 % .

(3) EHH# (Accuracy)

VT RO PR R B TR 5 2 R B TR A R L, LR v 2 W o 10 TR 44
2 B (RERY ) F RIS B BF 45 AOR BRI 5 IO 2 IR AR o 4 I TR A% 2 75 D 402 1 0 2 3 &85 6 2% L 5 BT
Ak 00 = SO U 0 Ay B4 O R A Y e 0 R U BT A A PG D S X B9 % R P 3R BCDC B 5 I
FeBR AP A5, 27 G VT FE T 1 DC C A5 B0 R A 1 4 DR A7 A5 B 0 1 A2 46 R B 42 5 S 22 UK O i [ A DT
e o 1 R W o Sy kB 15 DG C A 100, % % 08 2 BOPT A4k J 100 0 4 245 R PRI R A7 32 U008 00, D3 5k R i 08 4%
PhEz L, G SR B O R D4 D0 7 O PR R 5 B A Sy B R

(4) P2l Y HE i #E T ( Average registration time per group, ARTG)

ARTG" 378 59k (LAY ) 75 A5 21 V4% T v 0 75 #6049 ik ), 8057 A s, vl T 004, PR 40 20 0 T of EF
] Z Rk AR A G S 5 . s bR g B AR B MR M
3.3 ERERSHM
3.3.1 stkzn

R T IR AR S A A A A R R L 43 i N 12 5K A R SR T A IR AR B S L A PR Ol
1 368X 91248 % , JFBEALIE L 2 000 21 F SRy 42 HE AT PF 2 I, 43 241 PRI AR A0 2 1k Sk ofe RTAGORN 1 5K 15 B
R

F 1RSI0 1~4 /R T AR — LE LA FRFRPE A TR B2 2 o] RMQ BF2 M 28 i PRI W LU
], PDC-Net [ 45 [ 4 55 P GR 48 b5 2 B AT, Horp i R 3A ) T 82.15 %, B P-4 lL i FERS 2 0.407 s,
T IR ML 5~9 R T 54 % A% Gt G B B0k (0 BHEROR , o LU 21, SIFT 805k i R A4
B LIS E] T 80.30%  H AR B K, BALH - Y B HERE R K 0.619 s, AHE T PDC-Net, 4% 3L M 4% 1) AEPE [
iX T 29 24.37% , PCK-1px Fl PCK-5px A 8 PDC-Net 23 542 FF T £ 8.92% 1 5.09% . 7 3¢ [ 2% AH %f
SIFT %9 AEPE &1k T 29 44.06 % , PCK-1px Al PCK-5px 43 B4R T 1 17.75% F110.84 % . 7 3¢ K 4%
WER R A L PDC-Net M 45 $2 T+ 7 4.60% , Ml SIFT S48 T T 6.45% , 541 - S Bl e #E IS 1 0.394 s,
i #E 38 FE L PDC-Net #5 Rt , A Lt STET 55032 e of o B2 75 3] b 35 32 74 5 1) ORB 5507k 14 T o 3 B B AR e i,
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B MER AR . ISR 1 AT LU Y, A SCHR Ay 0 28 450 780 0 42 o i 256 e v, [) s SHE T 1 T o EF ], A 48
T AT AR R B AT AR B PRR BRI ROR
R AT LR S H At B N 4 Bk O M AR HE AR X L

Table1 Comparison of performance metrics between the proposed network and other image stitching
networks and algorithms

S5 2H ) Bk /MY AEPEY PCK-1px/% A PCK-5px/ % A Accuracy/ % A ARTG/s v

1 LoFTR 20.83 49.72 68.53 74.10 0.316
2 PDC-Net 11.08 66.97 82.94 82.15 0.407
3 LightGlue 11.90 64.22 81.68 81.50 0.392
4 XFeat 13.41 61.16 79.76 80.40 0.323
5) SIFT 14.98 58.14 77.19 80.30 0.619
6 SURF 17.29 51.35 75.38 78.25 0.590
7 BRISK 30.36 26.23 58.33 62.70 1.614
8 AKAZE 26.83 31.82 62.21 70.05 0.492
9 ORB 51.04 8.73 32.30 38.45 0.240
10 Ours 8.38 75.89 88.03 86.75 0.394

& 843 Wl 7% T GLU-Net M 2% . PDC-Net W 2% | STFT 54 1 DL K 78 SC W 28 %6 2 20 5 7 i b e i IR 4%
B B 7R 25 SRR PR s SR Ko B G N A A2 B O B HESS R A R PR LS R . T LLE R, A S

i N
ot 3 S i L P

(a) GLU—NetIW?
(a) GLU-Net

i) '
(b) PDC-Net[ 4%
(b) PDC-Net

i
U
(d) A3CRI%%
(d) Ours
P8 AN [) B 3 R ) 2% A5 7 6 35 PTG L B PR 11 TS o4 235 2L R BF 1 285 2R X L
Fig.8 Comparison of registration and stitching results for source and target images using different algorithms and net-

work models
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26 1 TG v 45 SR R LA T 22 0 W 0 DG O 5 2R i HL PR R R B PR A 4, PR AR
A
3.3.2 HmREk

T RS2 I p 45 RN SR 2R . LRI GLU-Net F 3 GOCor, S8 )5 72 ) 5L R/E F 43 31 %8 FPN
I CBAM, [A] B 48 it FPN AT CBAM WIAG J% T A SCIR 4% . FT LA 21, bifi 35 155 780 (19 3% 20 ik, B8R ARTG
TEG N K E R HAB IS AR TE B A0 . M T GLU-Net ZERE W 4% , A SC W 4% () AEPE M 23.95 F &=
8.38, F W i R TF T BT RSB R AL T A v A M AR SR 2% Y PCK-1px Al PCK-5px 23 51 A1 83 19 47.03 %
H67.20% $2 T+ % 75.89 % F188.03 % , 2% WA 45 ML A IE B DU BC s o7 He S 8 42 T o TRTESE AR S IR0 4% 1) o 1 o
TEZ A IR B T 86.75% , 514 GLU-Net 28 A0 L £ % 1 13.45 % , 8580 1) R DF 422 1 Re 15 31 A 2L
T

R2 HMKMEREIERRTLL

Table 2 Comparison of performance metrics in ablation experiments

2 5 1 5 ERTA T ES AEPE Y PCK-1px/% A PCK-5px/% A Accuracy/% » ARTG/s ¥
1 GLU-Net 23.95 47.03 67.20 73.30 0.301
2 GLU-Net+GOCor 18.46 51.72 71.76 76.15 0.320
3 GLU-Net+GOCor+FPN  13.73 63.04 78.39 79.80 0.372
4 GLU-Net+GOCor+CBAM  11.36 65.13 81.28 80.55 0.387
5 Ours 8.38 75.89 88.03 86.75 0.394

3.3.3 2Lk

TE 2 OB A A0 W AT EBCR ER id FE T, i T LR 3 Ot BRAR AL A5 e P T B2 S ECR R 10
PG BBl B9 e e A RURE AR e o SRy 1 S G AS SC I 465 B2 AR RE 0, i FH AR S 24 R it B 7 A4 R G ) 52
2 LA AR 4 T 0 25 A P S B R R 5 3 S5 Al e A TR R AT D

(1) 2 U AR e N 1 v A A Sl o PR R B 42

A 500 2 BAT e 5% A HCR 15 52 A8 e i) 1 ] K00 52 PO AR ST 46 #E AT BF-e il

FIG N T ARG Z AU A e T Al B RUER P B PEAG 25 2R, T LU B, D v R
I E 81.8004 , 3% WA 3L 45 e % 45 1y Mo il 16 AT AN [R] LA A2 e 0 2 A 7 [RTAR B PFHEAT 55 . I R
A7 AE B R JEE 1) 52 24 T Awg 72 4 LR T B X sk S0 B g B8 AR ARLIRE , A Pl B I B DR R . I 9 FoR T 2 4
A0 R SR P BRI T N PR A 25 R

K3 EFRILMTHTELTHER EREGPHIZLRITMG

Table 3 Evaluation of stitching performance on thin-section microscopic images under complex geometric

transformations
Sz 86 44 B EES AEPE y PCK-1px/% A PCK-5px/% 4 Accuracy/ % 4 ARTG/s v
1 Ours 11.54 65.72 82.62 81.80 0.419

(2) By G Ph

75 K45 4 MegaDepth H B AL 8 B 500 28 P 454 Sy X 42 X6F 7 3C 0 265 0 47 BF 122 000, D7 Al 245 28 4n
K AP, W LUE B, PHEMER AR E] T 80.40 00 , 7 WA SC I 45 % HAT 52 2% JL A A8 8 (4l 4 v 141 4%
PHEAL 55 BAT B RE I RE T o P 10 7R 1 2 41 [R) 37 53 A A i PRG0S IR o A B2 F) 245
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‘

Source image Target image Registration result ) Stitching result
PO AR SCI 26 0 52 e T AR] A8 46T 1) 3 A i A B R 4R ) TG 7 D e 45
Fig.9 Registration and stitching results of rock thin-section microscopic images under complex geometric transforma-
tions by the proposed network
x4 BH=EEHOHHEIRITMG

Table 4 Evaluation of cross-scene image stitching performance

S 2H 5 % £ AEPE v PCK-1px/% 4 PCK-5px/ % A Accuracy/ % 4 ARTG/s v
1 Ours 13.79 59.64 78.03 80.40 0.414

Source image

b

|
h!

Group 2

Source imagej Tar;get iﬁlage 4 Registf;iion result 7 Stitching r;ﬁlt
P10 ARSI 2% 00 15 37 S5t A 2 A0 1 TRTAR O TG A A0 42 25 2R
Fig.10 Registration and stitching results of non-rock thin-section images across different scenes by the proposed network
3.3.4 &% A AgHE
K L1 & 1T 7R 80 A ) PR R SRR AR R 1 ) PR DF 4 DU, i A SC IR 246 %f
RAR B 12 5K 58 8 5 A0 B0 90 IR AT B o P Y 35K R A e A R PR R I A 11 BT R

(2) SEEERWE A DFEI 1 (b) SER AW BREEIA 2 (o) SEEERIWE PHER 3

(a) Complete thin-section stitching image 1~ (b) Complete thin-section stitching image 2 (c) Complete thin-section stitching image 3
K11 se#E A BrE R %

Fig.11 Stitched image of complete rock thin-section



B X% A THRHEGLUNet #2638k BB E 548 171

25 B 432,330,528 5k 7 51 B 4G Bf42 100 5, 20 HE R 4 51l 24 562X 24 620,12 147 <X 10 732 F1 30 324 X
24 25018 % .

4 HRIE
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