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Fig.2  On-line recognition
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Experimental results and analysis

N T BUESCH I AR HRHE T H e i A
B A %0577 BEFE 4 r9 R PR RE K STk b R
FHIE SRS 5 A SO i AR SR O 5255 SVM
Ir2& A BN A ST % N RPUN R g b Sob 3t
Wk T 7 218 AYNZRAEAS, b 1150 MEEFE %
FEAR,6 068 NAERESCAEAEAR ;4 819 D INIAREAS, He
HALEE 1 349 ANEEFLAAEAR,3 470 GRAREESTREA.
3 o BEFE A AR BEFE TN SRR A A 1.

F-Measure (iCh F,,) REBCUF HLE- A 50 28 26 T
AFBEAEASE B TFUN PR BE , 2470 2 & X BEFE 42 3R
PERBHCZZ M AL F (AR, SEB R F LR DE
P ANTR] B3 1) JEE R 42 R P i, G L (4)
7.

b. ARFEFEREA

B3 BEFCA AR BT A DN ZRAE AR 1
Fig.3 Examples of motorcycle and

non-motorcycle training samples

2P XR, 4
m = Pr +Re . ( )
Horp P, FORAER R, FR A 25 8 SCANF
Pr: NTP ; .= NTP . (5)
NTP+NFP NTP+NFN

(S) Y Nop N LA Ny 73531 278 IR AEAS Hh 53
VA IERR AN B BEFE A2 K H OB AR BEHE AR U S JBE
FE4 A BOLL R BE 4B A2 B U0 O AR BEFE % 19 A4
B AR SCEHL TLIT 4 S5

SEHG 1. BT IR AR I 2R A B B U1 25 SVM Ok
FEAT N AR SR AN 1 B,

S 2. F Under-Sampling[w] AR DR EE
FEAINZRAEA R h BEATL U I — SEAEAS 5 BEHE A
ABAE RN S , e rp e BOR A BE AT 4o e A B
HEEFE A REA R A A5, ARG I 25 SVM R #EAT R
AL VPG S5 RN 2 F.

25 3. M Hybrid-Sampling 7735 B I 25 4E
BN SMOTE " (R i LU J 25 ( Over-
Sampling ) , B8 2 78 /)N 28 1 [7) 28 10w 408 8] 46 1A= 1L



SO A — PR T AP RE AR SR I BEFE AR U B 15

122 WEN Xuezhi, et al. An algorithm based on imbalanced data sets for motorcycle recognition.

NTHEAR BT 2 KANR) Tr b s BE L R FEA S
BT 1A%, SR 5 F Under-Sampling 7 % % B 5 4T
TEREABR AN A (AR EE T A, fie e fF T A 110 R
FEAREAS TN U AR BEFE DR AS L BB I 2R AV
Y SVM SR EAT I, PAG A5 R L3R 3.

SE 4. N SCH B B AR AN A 5 i1 2
A T IINZR 5 SR VI ZRAH LAY SVM 7328 48 R #E 470
B, PEAE SR 4 PR

F 1~ 4 R B IEAl R AR Y foc e 245

x1 HE—SVM HSERBNTHER

Table 1  Results of single SVM imbalanced set
FRESR U P, R, K,
PCA!2] 0. 883 0. 401 0.551
Gabor® 0.925 0.731 0. 817
Wavelet!”] 0.879 0. 491 0. 630
Wavelet + Gabor”! 0.934 0.732 0. 820
AR SRR R T 0. 938 0. 677 0.786

%2 Under-Sampling 15, T8 — SVM 5 K[ R
Table 2 Results of single SVM by under-sampling method

LSRR 12 P, R, F,
PCA!2] 0.726 0. 694 0.710
Gabor!® 0. 800 0. 860 0. 829
Wavelet 0.708 0. 749 0.728

Wavelet + Gabor!”) 0. 806 0.903 0.852
SRR BB 0. 831 0.915 0.871

% 3 Hybrid-Sampling {EF T8 — SVM 5K B{iFHER
Tab.3 Results of single SVM by hybrid-sampling method

FROESRIUR 1% P, R, F.
PCA!2] 0. 803 0.597 0. 685
Gabor®! 0. 841 0. 830 0. 835

Wavelet!”] 0.783 0. 638 0. 703
Wavelet + Gaborl"? 0. 869 0.854 0. 861
SCHFFAE R U 0. 906 0. 846 0.875

x4 HFZSVM HEBHITFHER
Tab.4 Results of SVM ensembles

FRESR U b, R, F,
PCA!2] 0. 749 0. 683 0.714
Gabor®! 0. 808 0. 898 0. 851
Wavelet[®! 0.735 0.763 0.749

Wavelet + Gabor! 7! 0.824 0.901 0. 861
AR SCRHAE BB 0. 857 0.916 0. 886
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Fig.4 Examples of successful detection by the proposed method

( white bounding-boxes referring to the detected motorcycles)
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Abstract

proposed to solve the poor performance of motorcycle recognition generated by imbalanced data. At first, a feature

A motorcycle recognition algorithm based on Haar wavelet features of HSV space and SVM ensembles is

extraction algorithm based on unsigned wavelet coefficients of HSV space is presented. Then a reconstruction ap-
proach is applied to training data so as to generate several subsets,and several SVM classifiers are trained based on
all subsets respectively ;the final recognition result is obtained by aggregating the outputs of all SVM classifiers. Ex-
perimental results demonstrate that the proposed recognition approach has better performance and robustness than
the current methods and shows promising value and prospect for popularization especially on occasions where classi-
fication performance is badly affected by imbalanced data in practical application.
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motorcycle recognition ;feature extraction ;imbalanced data; SVM ( Support Vector Machine )



