CRTECIE BF et A TR Vol.34 No. 10
2026 4£ 5 A Optics and Precision Engineering May 2026

XEHES 1004-924X(2026)10-1612-12

H F KLRK-Stab B9 #1 28 A\ K #&
ESRES R R R T A

wkET, BrEL BEELE OE°
(1. ZEET Az flb TRFRE, 24 #E 232001;
2. ATV ARF BHFR ,ZH AP 230002)

FEE b T A 558 S A OR R MR 58 TR S I B T4, 58 R AL 28 A TE M S 45 1 1h 25 [R] P il A &y 7 26 &
Nl G B R L R AR BIL R A 0 RGO AR e 25 B AR = 2k S R OORS J8  BTX LA ) B, A SO T — R
] 52 2% 100 1) AR 38 i ) O vk 1 Sk R R AT A B 9855 O R AR A R 2 35 (9 5% 5 B S # 4E KL T (Kanade Lucas To-
masi) $51F B 5 5 4 F 38 LK Y69 (Pyramidal Lucas Kanade) X4y 32328 sl TFHESE . KLT 43 3¢ 4 ] Fifi LR B — B0k Bk
(Random Sample Consensus, RANSAC) 5l [ 5 4 VG e 5, 3K 79 55 B FR1E 32 s Al 31 s LK OB I 43 32 F K Y98 R 28 (K-
means) i & iz sk i, AR EGOCH S S 1T, JRR L B IS EAE LG SR |, i 2 3 AR 43 I A AR 42 R is B Ak
IR G AR AT o A A5 B AR 1 ESUT 51 o 9556 45 R 50 F KLRK-Stab (KLT and LK-based Robust Stabiliza-
tion) J7 32 7F W {E {5 W& [k (Peak Signal-to-Noise Ratio, PSNR) 4% ¥4 #H 1) 1 48 % (Structural Similarity Index Measure,
SSIM) FE g pn 3 P T HA T . 7E = E )R b, Az B FHTEY 0. 111~0. 163 m Y8 2 0. 058~0. 084 m, %
B o T R B ARAS TR AR T A AR R T A T A T AR

* 8B WAL NERHAHERE AR S EFESE

FESES:TP391 XERARIZED : A

doi:10. 37188/OPE. 20263410. 1612 CSTR:32169. 14. OPE. 20263410. 1612

KLRK-Stab-based image enhancement and
stabilization method for robot inspection

YANG Hongtao'", LIANG Guanglei', PANG Haonan', WANG Xin’

(1. College of Mechanical and Electrical Engineering, Anhui University of Science and Technology,
Huainan 232001, China;
2. College of Mlanagement, Hefei University of Technology, Hefei 230002, China)
#* Corresponding author, E-mail: [loid@163. com

Abstract: Underground roadways and utility tunnels are commonly affected by adverse environmental con-
ditions such as insufficient illumination and severe dust or haze interference. During inspection in such un-
structured spaces, wheeled-legged robots are prone to high-frequency jitter, which degrades the stability of
image sequences captured by onboard depth cameras and, consequently, reduces the accuracy of three-di-

mensional reconstruction. To address this issue, this study proposed an image enhancement and stabiliza-
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tion method for complex operating conditions. Firstly, the acquired images were processed to suppress the
effects of illumination variation as well as dust and haze disturbance. Subsequently, a dual-branch motion
estimation framework based on KL T (Kanade - Lucas - Tomasi) feature tracking and pyramidal LK (Lu-
cas - Kanade) optical flow was constructed. In the KL T branch, the Random Sample Consensus
(RANSAC) algorithm was used to remove abnormal matched points and obtain sparse feature-based mo-
tion estimates. In the LK optical-flow branch, K-means clustering was used to select dominant motion vec-
tors and obtain continuous optical-flow-based motion estimates. An adaptive-confidence fusion strategy
was further proposed to obtain global motion estimates through dynamic weight allocation. The original
image was then quantitatively compensated to generate stable image sequences. Experimental results dem-
onstrate that the proposed KLRK-Stab (KLT and LK-based Robust Stabilization) method outperforms
other algorithms in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure
(SSIM). At the level of three-dimensional reconstruction, the point-cloud thickness is reduced from
0.111-0. 163 m before stabilization to 0. 058-0. 084 m after stabilization, indicating an improvement in re-
construction accuracy and effectively enhancing the reliability of three-dimensional reconstruction.

Key words: complex operating conditions; image enhancement and stabilization; feature tracking; optical

flow; 3D reconstruction accuracy
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Fig.2 Process of frame-level adaptive enhancement
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Fig. 3 RANSAC-based outlier matching rejection process
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Fig. 11 Feature tracking results before and after image

processing
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Tab.2 Ablation results of different modules

o T AT Widb B - RANSAC LK K-means PSNR/AB  SSIM ety

J¥-%1) FEAE B R i 1] /s
1 455z 3 i1 X N N N, 28.15 0.8410  79.3
2 KLT $#1F N N X X X 29.45 0.8924  81.4
3 KLT-+RANSAC N N N X X 35. 20 0.9054  80.6
4 LK G N X X N X 32.18 0.9256  82.3
5 LK+ K-means N, X X N/ N 40.76 0.9471 81.1
6 AT N, N/ N/ N/ N, 45.42 0.9688  80.8
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£3 AEAEZELERGEHERLL
Tab.3 Comparison of image processing results of differ-

ent algorithms

(873 PSNR/dB  SSIM BATIA] /s
StabNet 27.61 0.854 1 77.4
DIFRINT 33.45 0.887 6 88.5
DUT 36.12 0.9105 79.2
ZNS RS 45.42 0.968 8 80. 8

4.3 BEGEHRIZRSH

e 5¢ B G 3G 30 0 Bk BES R & 40 P4 &
B} B0 = 2 TR S, AR 343 1R A TE
FHAb R 0 EURT N 30T 8 s A, A R
K12 fros o

AR 3C kB BE 5 ) H1~H3 fil 58 B 7 1)
W L~W 3AE hy A Rt o 07 B, 49 o0 48 3

e

% Max-H:2.495
3 Min-H:2.203

Max-W:3.419
Min-W:3.098

i

1

oy

F13 St i RF

Fig. 13 Dimensional measurement of the point cloud slice
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Fig. 12 Point clouds before and after stabilization e,
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Tab.4 Point cloud slice thickness measurement before and after stabilization (m)
HERT R =0 HEE R =Y
331 H - -

Min Max FHE J5E Min Max FHIE JR 1
H1 2.203 2.495 2.349 0.146 2.202 2.344 2.273 0.071
H2 2.233 2.455 2.344 0.111 2.245 2.369 2.307 0.062
H3 2.198 2.450 2.324 0.126 2.206 2.327 2.267 0.061
W1 3.098 3.419 3.259 0. 160 3.102 3.218 3.160 0.058
w2 3.081 3.407 3.244 0.163 3.101 3.269 3.185 0.084
W3 3.109 3.435 3.272 0.162 3.107 3. 267 3.187 0. 080
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