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PURE-LET-based fast denoising algorithm for laser spot imagery
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Mechanics and Electricity Engineering , North China Institute of Science and Technology ,Beijing 101601, China)

Abstract ; Low illumination imaging environment in coal mine will lead to the Poisson noise contaminating the image-
ry ,which will cause the uncertainty of spot’ s intensity and shape, affecting the accuracy of laser triangulation. This pa-
per presented a fast denoising algorithm for imagery of laser spot on the surface of coal level based on PURE-LET
(Poisson Unbiased Risk Estimator-Linear Expansion of Thresholds). Under the Poisson noise,we proposed an unbi-
ased estimator PURE of the Wavelet coefficients estimator MSE ( Mean Squared Error). In order to improve the algo-
rithm speed , the estimator of wavelet coefficients was expanded as a set linear combination of basic threshold func-
tions. Denoising results of simulated images and real-world laser spot images show that the proposed algorithm has bet-
ter performance of computation speed and edge-keeping noise suppression,than three other typical image denoising al-
gorithm ( BayesShrink, Poisson _ NLMeans, PURE-LET ). Additionally this algorithm computes the coefficients of
threshold functions automatically , suitable for applications of automatic monitoring of coal levels.
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Fig. 1 Image denoising scheme on non-canonical Harr DWT
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Fig. 2 Spot image and histogram
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Table 1 Quantization index comparison of four algorithms
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Camerman (256x256) 26.79 0. 44 29. 06 37.02 29. 69 1.28 31.24 2. 44

Pepper(256%256) 28. 30 0.11 30. 52 36.47 30.23 1.23 31.96 1.89

House (256 %256 ) 28. 83 0.11 32.35 36.41 30. 68 1.25 32.68 2.49

Barbara(512x512) 27.38 0.49 30. 64 114. 63 27.25 5.47 32.10 8.45

Boat(512x512) 28.77 0.48 30. 14 145.23 29.90 5.47 32.41 8.85
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Fig. 3 Single spot image denoising results

TR 3 (a) il 2 1 T AE 3 m 1 13.8 m Ab4H
FRATBOCCEE RIS, AT UL 250 5 BE 2 A i, D B R
SRR, B R R RECRE RO TR
JEE 237 ORBROR I R ), T A SCHR Y Poisson M
FAABRE IR EH T kX —m8, BT Bayes-
Shrink A& & T Gaussian M2 5% 7EE 3(b) H
HXFT Poisson M M 28R I AR, B 3 (e)
#1 Poisson_NILMeans Ea%ﬁ%iﬁi%i&%f&%%ﬁ%”%%,@
[F] I SCBER T R, 23 S BOLBEBTLO TR 225
117 HHAzB A7 I [A]T5 9K J2 X Ff' Non—local Means 5541y
R, B 3(d) H PURE-LET XM 75 410 il (1) 2%
SANAE AL P RESE By T AR PRI /N 2R 8800 1 1
AL PREOIEAIE T T3 K05 7 T AR OB EHR %
M A SCHR B PURE —LET —Smooth X 75 5 B A

A BRI OF A R TN A
TR EOLRETUL

EVLRER: S/ IR RS i ML P RTY
BFTE RO SR U B, 4 el T
WOLR R OE R R LR AR AL, W RIR
XSRS 3 PSSR R B,

5 % o
TG 96 B SR K ELO'G BEBH 8145 A9 HOBE

WS SRR HLET S L R 2 B B F Y Pois-
son MEATTG 0t . ARG A Y BE AL IR RS 5 | e B P 5
PR i HE R AR 7 A1 AN 5 8, DA T A A 8 S DG
JRC HE T TS AR I R BE A R TARCINME PRk, AR5
Sl T — MR S OB KR A B sh At %



1714 # 2

#® 2013 4E45 38 %5

JelE

Tt R B WOLHEEA oL A TOBHEH THOGHE B
FATGR TR TR AT FATRM AT
(a) Poisson Mgz ( b)) BayesShrink (¢ ) Poisson_NLMeans (d)PURE-LET (e) PURE—LET—Smooth

4 HFATEOLIR 1 U RO BE R R R R

Fig. 4 Laser image denoising results with back scatter
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