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Image feature extraction based on multi—scale LBP with dynamic thresholds
SHAO Qifeng, ZHAO Wenbin, CHEN Xi

(School of Big Data and Computer Science, Guizhou Normal University, Guiyang 550025, China)

Abstract . Image texture feature extraction plays a crucial role in computer vision, but traditional Local Binary Pattern ( LBP)
methods often suffer from noise interference and lack global information in complex environments. To address these issues, the
paper proposes a Median—Based Dynamic Threshold Enhanced Multi-scale Block Local Binary Pattern (MBDT_EMB_LBP). This
method introduces a median—based dynamic threshold, allowing the algorithm to adaptively adjust to improve noise resistance. It
also enhances the capture ability of multi —level texture variations through multi —scale block processing. Experimental results
demonstrate that the MBDT_EMB_LBP exhibits superior recognition performance across several public datasets, showing significant
noise resistance, particularly under Gaussian and Poisson noise interference.
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Table 1 Average recognition rate of each algorithm on the ORL dataset %
Ak N
4 5 6 7

LBPL?] 88.54(%3.07) 92.05(+2.30) 93.69(+1.00) 94.42(+1.67)
CSLBpL! 80.54(+2.97) 84.80(+2.32) 87.19(+2.09) 89.33(£1.75)
CSLDP!?) 73.04(+3.35) 78.75(+2. 88) 81.44(+3.41) 83.67(+2.05)
ELBP?! 93.33(+2.26) 95.90(+1.60) 97.63(£0.57) 97.33(£0.79)
2DECoLBP[?! 94.51(+3.35) 95.34(+2.10) 96.32(+1.78) 96.98( 4. 12)
EMB 93.75(%2.27) 95.75(+1.80) 96.88(+1.51) 96.92(+1.63)
MBDT 89.33(%2.41) 93.10( %2.07) 94.69(=1.59) 95.08(=1.59)
ARSI 94.96( +2.32) 96.95(+1.80) 98.12(£1.06) 97.92(£1.43)
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Table 2 Average recognition rate of each algorithm on the Extended Yale B face dataset %
Rk a
16 24 32 40 48

LBP[?] 67.31(£3.77) 71.82(£3.85) 76.38(£3.36) 79.00( £3.50) 81.83(%3.79)
CSLBpL%! 50.32(£3.14) 55.85(£3.33) 60.69(£3.71) 63.85(£3.38) 67.40(+4.88)
CSLDP!?] 36.73(£2.47) 41.01(£2.59) 43.90(£3.54) 45.32(£5.28) 47.85(+4.32)
ELBP(2! 86.37(+2.14) 89.38(+2.49) 91.36(+3.32) 92.54(£1.35) 93.56(+3.56)
2DECoLBP 2! 84.56(£1.29) 86.75(4.31) 89.32(x1.24) 90.21(£1.98) 91.23(£2.11)
EMB 86.71(£2.28) 89.57(2.20) 92.97(£1.09) 93.90(£1.73) 94.37(£2.64)
MBDT 68.40(£3.71) 72.72(£3.77) 77.25(£3.24) 79.89(£3.57) 82.68(+3.69)
AT 88.36( +2.33) 91.23(£2.29) 94.79(£1.03) 95.93(£1.73) 96.51(£2.46)
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Table 3 Average recognition rates of various algorithms on the palmprint datasets under different noise conditions %
o , N
MR A2 (=R7S
2 3 4

JoMEFE LBp! %! 95.50(+7.22) 99.90( 0. 16) 99.95(+0. 16)

cSLBpL?! 95.32(%7.07) 99.60( 0. 38) 99. 80( 0. 35)

CSLDP!? 89.07(13.03) 97.57(+1.07) 97.95(+1.42)

ELBP2 98.33(+2.67) 99.87(+0.17) 99.90( +0.21)

2DECoLBP!?! 96.94(+1.14) 97.12(£1.46) 97.23(£1.23)

AR 99.98(£0. 08) 100. 00( +0. 00) 100. 00( +0. 00)

o LBP[?) 14.22(+3.42) 15.90( +2.04) 16. 60( +4. 36)

csLBpt! 42.85(+5.39) 48.83(+2.29) 50. 60( 4. 12)

CSLDP?] 13.45(£4.21) 15.70( £0.78) 16.50( £2.99)

ELBP2! 75.21(+1.32) 78.36(+2.11) 80.30( £2.23)

2DECoLBP!?! 87.89(£1.98) 89.22(=1.20) 90. 12( 0. 56)

ENSE R/ 98.60( +1.85) 99.93(+0. 14) 99.95(£0. 16)

RN LBP[>! 49.83(%6.27) 56.47(£2.12) 59.15( £6.26)

CSLBP!%] 42.85(+5.39) 48.83(£2.29) 50. 60( 4. 12)

CSLDP? 13.45(+4.21) 15.70( 0. 78) 16.50( £2.99)

ELBP?! 32.20(%1.03) 35.74(£3.98) 39.67(£2.35)

2DECoLBP!?! 51.23(0.45) 54.37(+1.01) 56.00( +0.17)

AR SR 99.95( %0. 16) 100. 00( 0. 00) 100. 00( 0. 00)
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