W46 % W2 2/ M Fx % W Vol. 46 No. 2
2025 4F2 H Chinese Journal of Scientific Instrument Feb. 2025

DOLI: 10. 19650/j. cnki. cjsi. J2412992

BT ELAT B T i R A ST A A 9

Z P kmFR  FRE AR GEE
(LABFEASGE R Wik TASERE M8 330013; 2. LHJFHORY: M§E 330046,
3. b HUACHE KFHUR S B T3 TSP Jbat 100044)

 OE T B T W e S MR A PG R A T, B — R T B A4 3 11 1 M S S A
o BT, MGE B MR P A ML AT AT BRI T — FR AN T S LB A 3R i T S T R R O S8 T A BRI,
UGB G T AR B AR B AR RN IO . R B X% S8 MR A A T 80 A o (00 T A 04 4 T 65 3 M 75 52 i
R AT, 15 5880 FUAFE -5 IRBEAFE A S & W T SETFALA8 2% ) 00 T 1% 50 300 e 75 A AR 20 i vy 1 3 i T M s A4 1 % 1
Yo BT, AT IR T T8 B o 3 N e e el AR AR B0 2 O RUBE R AR P R AE B IR TR B 10 488 R T — S 2l T 1 o i M s S f
T 28 BT T 3T T8 PR FS A T A SE R M . SCBGAE SR, 4R R 19 3L T SR SE 19 288 A B R U VR R N E B
RN B 8 R AV BB A B T 1) $1 IO I T 5 53 e 75 A DGR B, 5 ST S 7 0% T S B A 3 M 7R A A R A LUAL S M A
RRRA B e (74 S o M AR AR T A B T HLAS 2 S MR TR G T 5 IR AR R 50 6 6 SR R A Al 145 3 38 T 38
T I P ol T A A T R SR B T IR RUEE A 3 0 10 min BRSO ik B SEBR R FHAME .

SFEHEIR : THE ML ; 3SR FRAESREC M Al 1 AL 2=

RE4S S, TP391.41 TH702 MEERIRE, A ERREZRSEKRE . 510.40

Real-time estimation of urban road noise based on computer vision
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Abstract:To achieve rapid and accurate estimation of traffic noise in urban road video surveillance scenarios, a real-time noise
estimation method based on computer vision is proposed. First, starting with an analysis of the mechanisms behind road traffic noise, a
series of computer vision-based methods for extracting traffic flow information related to urban road noise are introduced, improving the
convenience of traditional methods for extracting traffic flow data. Secondly, to address the low accuracy of traditional noise estimation
algorithms, an analysis of the factors influencing urban road traffic noise is conducted. By combining traffic flow features with
environmental factors, a machine learning-based model for traffic noise estimation is developed, enhancing the accuracy of urban road
noise estimation. Finally, the short-term variation patterns of urban road traffic noise are analyzed, and a variable-scale feature extraction
time window is determined. A complete real-time noise estimation solution is proposed, improving the real-time performance of noise
estimation. Experimental results show that the proposed computer vision-based traffic flow information extraction method outperforms
commonly used object detection and tracking algorithms in accurately extracting traffic noise-related information. The developed model for
traffic noise estimation offers better real-time performance and accuracy compared to traditional models and provides more accurate
estimates in various scenarios compared to existing machine learning-based noise estimation methods. The noise estimation methods with
time scales of 3 and 10 minutes are validated, demonstrating practical application value.
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Table 2 Urban road traffic noise prediction dataset
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Table 4 Comparative analysis of vehicle type extraction

model results
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HOG+SVM 78.56 74.36 79.95 0. 473
Faster-RCNN 95.13 95.32 9. 14 0. 159
YOLOv7 96.25 95. 06 96. 52 0. 030
YOLOv8 95.78 95.43 95.81 0. 027
YOLOv9 97.38 96. 21 98.33 0. 034

FEAEAR AR LAY H AR AL 55 T, YOLOO A5 A
gratERe e, WERI R N 97.38% , A [l R K 96.21% ,
mAP {H°4 98. 33% o IZBILAE A5 T FA IR i T B
[T, REAZHERA 19 $2 B0 AS WA A T &2 25 50 b 19 42 4
FEAVE L R R R G T R B R B U R

R RE R LSRR nE S o, kA
YOLOv9+StrongSORT A9 ZE it fe $2 A 1A 19 3 T8 An Al i
f,IDS “H 113, MOTA 4 91.3% ,IDF1 K 87. 7% , H 4%
R A AR 25 2548 (A TN I S % 25 F DeepSORT, 45
B 2Yabr w2 A SNALZ S5 8 RE A
A GRS | 22 4R A S B G B TR 4 4 A
FUCHC A5 A O, PR RE eI T 42 I8 2 4 A S s A
R,

®5 ERERINEZZERILSN
Table 5 Comparative analysis of traffic flow extraction

model Results

iRy IDS  MOTA/% IDF1/% T5illesfiE)/s
YOLOv9+DeepSORT 165 87.2 82.5 0. 049
YOLOv9+StrongSORT 113 91.3 87.7 0. 055

M AR AR A AR 1 R AH AR I LR M BE B, 455 4
2 AR A A 2 Y A ST A A S
T 0SSR ) ST 36 285 SR A 3R 6 s, 45 A4 DX T) g )
(-5 FSAH AR AR 3 30T, 2905 R 221 <3 km/h, F-
YR ZENGEY <3% , UL W3 i 155 WAL FE RE R i 11 55
T

®6 FREEEXEBEFENEHEEER

Table 6 Speed detection results for different intervals

MEEXE,  HSHMEY WA HTRIR PR

(km-h™) ff/(km-h™") {/(km-h™") 2/(km-h™") HEE/ %
[0,20] 7.72 7.73 0.23 2.44
(20,40] 30.99 30. 54 1.07 2.51
(40,60] 52.32 52.73 1.42 2.32
(60,80] 70.75 70. 71 1.97 2.37
(80,100] 84.79 84.25 2.58 2.71

2 ) T 3 A R P S P SRABCRE B4

Fe g rs Al R B AT P A 3 Sl H 7 T h
P BE A REARATRLAF OSSR . O T SR B4R i 75 vk
TEAN TR ) RO WA Ak 28R LR il A 3k T 3 B
AT A TSR A ] RURE SR JH MSE 5 R? XS T i
A MR A TR BEBEA T PEAN , PIPRAR 48 b B AR 22 2K
X (6) (T) 7R,

1 e )

MSE=72(%-—3’[)2 (6)
i=1

Zf (yi _5’1')2

i]m - 9)?

R =1 (7)



204 f# £ ¥

a6t

by, g R I I]ROBE R R O {8 ( AR844 7
G SR AR M 7 SR S 7 B )RR SRR 5y h
WP A {5y A ST A S S M 7 ST R4
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Table 7 Noise estimation training sample data at different time scales

B EE NEET mAE BMEE mRE ERE i g \ 40
Rig wi MEE PR PHER, jay CPHER SR PREE. K< el w0
min W (kmeh) B (kmeh) O (kmeh') B (kmeh™) s T fi/aB
0.5 32 80. 7 0 0 1 73.9 1 83.1 0 1 1 0 75.9
3 285 75. 4 1 36. 1 0 2 69.9 0 2 1 0 72.5
3 25 60. 4 2 38. 1 0 0 0 0 0 1 0 8.8
5 61 66. 1 2 40.7 I 52.9 3 65.5 0 I I 0 629
7 78 65.5 3 50.9 1 52.9 5 53.3 0 2 1 1 62.0
10 971 76.5 ! 4.1 0 5 76.6 0 2 0 Lo727
10 143 47.1 2 37.8 0 3 49.2 0 2 0 0 64.2
20 2 140 65.7 0 0 1 48. 1 18 71.5 0 1 0 0 73.5
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Fig. 12 Comparison of estimates and actual means at different time scales
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Table 8 Comparison of noise prediction results using different methods in various scenarios
B e . - \ \
N W AR A ZHL Y5t N i i) R
ik MSE R? MSE R?
J& /min J& /min
L(T)=101 IXPN 60 9.347 0 0.6715 10 11.8175 0.5846
SN » = 0]
R = N B0 - 60 _ _ 10 _ _
EIns1 He e A [100. lLeq(h)k+
k1 R ) HX 60 7.256 3 0.747 9 10 10.7429  0.6232
(3] JEJ%JI: 100'1L611<h)'|‘+
S 4 bt (4 R 60 10.975 0 0.615 1 10 12.8962  0.547 7
10 N eq I .
I FEAR 60 9.3470 0.6715 10 11.8175  0.584 6
PN 10 2.588 6 0.9256 3 2.147 1 0.933 2
AT GBS 10 0.125 4 0.8315 3 0.4038  0.672 8
- 1=0.1,h=3
J¥:2 BPNN'Y ik % 64]32 |16 EPS 10 0.630 4 0.977 0 3 1.634 3 0.938 7
<=
R MR 10 0.207 7 0.948 0 3 1.1257 0.768 6
FT A FEA 10 1.273 0.9515 3 2.3190 0.897 2
PN 10 1. 904 0.944 1 3 5.0027  0.8279
g O min:C=1e=0.0L e 10 0.0673  0.9105 30 0.2841  0.766 4
) =0.1
HiE3 SVRUY HERE E ; ,y =100 EPS 10 1.785 2 0.934 3 3 5.4432  0.8023
. , min; G = s
R £=0.1,y=0.01 g 10 0.202 3 0.940 1 3 0.9829  0.747 4
AR 10 2.2475 0.920 8 3 4.356 6 0.793 1
PN 10 0.5200 0.984 7 3 1.966 1 0.938 8
s L0 min:C=130.74, IES 10 0.0632  0.9160 301767 0.8567
IPSO- T £=0.1402,y=0.187 3 .
Jrik 4 SVR Zi 4 3 min. € 7636 % EPN 10 0.244 9 0.990 9 3 1.429 8 0.946 4
min; = .
KSR ) ’ ;
£=0.692 4,y=0.021 8 R 10 0.110 2 0.967 4 3 0.407 1 0.916 3
FT A REA 10 0.336 8 0.988 1 3 1.518 8 0.932 7
E=S
e o (PN 10 0.160 0 0.995 3 3 1.8009  0.944 0
gy e 0 min:C=1000, S 10 0.053 8 0.928 5 3 0.1686  0.867 4
AL IPSO- | L. ©=0.168 1,y=0.1303
ik SVR KA 3 min. Co 1 000 EPS 10 0.240 1 0.991 0 3 1.3236  0.950 4
1 min: (=
i) X ’ ’
- £=0.6357,y=0.010 0 PR 10 0.091 0 0.973 1 3 0.398 1 0.918 1
= IR N 10 0.2309 0.991 6 3 1.429 6 0.936 6
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4 3 min B, 9k 4 FES A Y NIRRT 5k 2.3, B
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