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The vehicle type and speed recognition based on acoustic signal characteristics

ZHAO Jiamei HU Wencheng JIANG Congshuang ZENG Yu YAO Kun

(Beijing Municipal Institute of Labour Protection, Beijing 100054, China)

Abstract: The existed research is mainly related to the vehicle type recognition, the recognition of speed-range
of vehicles is proposed in this paper. The paper integrates principal component analysis (PCA) with BP to
analyze the recognition of speed-range of vehicles, also compares PCA to BP in differences of recognition-speed.
The results demonstrate that PCA-BP method is good, and it boosts speed of recognition by 50%—70%. Thus
transmission efficiency of both hardware and software can be improved prominently by this method and also
saving recognition time based on good quality of vehicle recognition in the future.
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Fig. 1 BP neural network training process
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B TR ANTE CJJ 37-2012) M fi (o ik TR
FAFRHE JTGB01-2014) 19 sl g, T 1 i 4%
T8 NN 40 ~ 60 km/h, 28O B BT B
460~ 80 km/ho HASCHE L 60 km /h /N4
TR AR AT 25, BT 60 km/h BI4T 4
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Table 1 Results of principal component analysis

B KR TETIRE/%  BHOTETRE/% || M AR BETURE/% B ETRE/%
1 21.479 46.693 46.693 11 0.596 1.295 93.856

2 8.698 18.909 65.602 12 0.550 1.195 95.051

3 2.780 6.042 71.645 13 0.508 1.104 96.155

4 2.142 4.656 76.301 14 0.415 0.901 97.056

5 1.728 3.756 80.057 15 0.354 0.769 97.825

6 1.650 3.587 83.644 16 0.317 0.690 98.515

7 1.420 3.086 86.730 17 0.145 0.316 98.831

8 1.120 2.435 89.165 18 0.107 0.232 99.063

9 0.826 1.796 90.961 19 0.086 0.187 99.250
10 0.736 1.600 92.561 20 0.075 0.163 99.413

| P T TR S
| R | | —> o R .
e T FEES | A A '}
| ‘ | AERE o L o < 60 ki |
! 1/ 3EIHFE304E | ::>E 84 E o &2: = > 60 km/hi i :ﬂi
| JN : B >
Mol 1 24 :> ' |
I | ! ! I |
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Fig. 2

| FR%2: &> 55 km/h !
I

T PCA-BP 5 4 id 7y R AL ]

Diagram of vehicle type and speed recognition algorithm based on BP neural network
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Table 2 Vehicle type recognition results

LR F PCA-BPif%] PCA-BPi&H iH5E
Byt 5 EWIR /% B A /s /%
4 91.81 704.791 57.26
32 96.54 709.067 56.88
78 98.80 714.533 56.77
AN AR
19 86.83 726.356 55.83
67 80.54 736.256 55.31
75 83.01 744.660 54.77
11 94.03 709.667 57.16
NS
13 92.01 711.173 57.16

IR 2 FIER 3T LAE 2, M T BP #4245
BRI K, B PCA-BP J5 iR 28 &
BRI ATE T 50% ~ 70% 2247, 1R 538 75 B 4
Tt R PCA-BP J7k )5, 2800 B IE# R 359 7E
80% PA_Eo 5N 32 F1 78 I W 9 4 4 AR ) IE
R, ST (55 5 ARG 5 Xt
T, G5 BRI IX IR AE R S 5 AR P AT AR
FAESRPEBNME . BT R 5047 B 2 AR R BRI, 2
A7 B o e A R I R AT XU AR X AN, R AL K
HEAS 75 DTk AR O, PRI A B ATL IR 75 ) i R
MG S REAR IR .. Pk 2 S8R

e BEHES M P 9 A, H % B VR AR A TR AR 0, e
PALE R G 755 5 IR A, LTEYDE 5 5 4
AR S CAHERR 55 o S e 1A A R 65 LR 5 )
ZEAHAT S Y L A N 22 FRRE AR SR 4
WA S, & A2 IR H 5 2 5 R LR ) &5 SR
KAPTR.

*3 M EMHERIRANEGR

Table 3 Vehicle speed recognition results

M ¥/ PCA-BP RS PCA-BP 5 i500E
FM 5 (kmhl)  EHE/% I} 18] /s WE /%
4 29.5 92.13 382.582 70.10
32 51.3 52.32 383.945 68.88
78  49.9 52.48 386.707 68.82
NI
19 681 92.94 384.515 70.40
67  107.3 98.04 385.116 69.90
75 104.2 99.40 386.003 69.70
111 506 100.0 381.114 69.64
A
13 50.6 99.80 386.912 69.13

IR AT LUE H, N PCA-BP J7 0 %
BRSO RISE B . i I SRR LR R R oy
SR 60+£3 km /h i [ A, 8RR 5 2 ATIA R 70% LA
b E R 5 AR 6045 km /h Y Ak, 3 R
Hu[IAH) 80% LA bo &4, H2 A1 H66 4 4 17 1
MRS R AR R, RERES 5 T
TAEIPABINE o« WOZ AR AT ATE — 2 3805 Vi [ py ]
DA A R4 P 3P A 56 R Sl 4 SR, HLASIE FH T 44
AR T S 5 GG R

T4 SR ERERIAANGER

Table 4 Speed recognition of increased test vehicles

FE bR% WA/ (anh 1)

WU IERI# /%

RS bR WIRAE (kmh-l)  WAIERE/%

X79 1 21.21 98.56
X8 1 38.03 98.62
X58 1 43.74 92.29
H99 1 45.92 91.70
X56 1 47.29 95.24
H98 1 49.02 88.01
H35 1 52.02 84.90
X29 1 53.02 75.45
X14 1 56.44 76.13
H2 1 58.59 56.75
X11 1 59.31 72.23

H66 2 60.69 61.12
X37 2 62.49 95.98
H46 2 63.72 81.52
X65 2 66.02 83.59
X61 2 68.61 96.30
H53 2 74.96 89.29
S73 2 80.50 86.85
S92 2 82.40 92.36
S97 2 88.60 99.59
S84 2 95.70 99.51
S11 2 98.40 98.84
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