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A Machine Learning Approach
for Electric Vehicle Detection on Smartphones
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Abstract: As electric vehicles (EVs) and hybrid vehicles (HVs) are becoming more and more popular, pedes-
trians are more at risk of traffic accidents with such quiet vehicles. In this paper, we propose a machine
learning approach for EV/HV detection on smartphones carried by pedestrians. Our approach exploits the
high-frequency signature sound generated by the motor units in the vehicles and does not require any special
equipment on the vehicle side. Our machine learning approach is robust over the ambient noise, vehicle type
and vehicle speed. In our approach, we capture the high-frequency sound with a microphone on smartphones
and extract the energy distribution in the frequency domain. Then, we determine whether an EV or HV is
approaching, the vehicle speed and the vehicle model with a J48 classifier prebuilt with the learning dataset,
which includes the actual sounds collected with four EV models driving at four speeds, in four environments.
In our evaluation experiments, we can detect EVs in 92.8% accuracy and the false-negative rate was 5.2%.
The earliest detection was 16.5 seconds before the vehicle approached the nearest point to the observer.
Moreover, even when plural vehicles are approaching to the observer at the same time, our system can detect
them correctly.

Keywords: electric vehicle, hybrid vehicle, smartphone, sensing, vehicle detection, accident prevention

b ORRRSF R R L R e R @) takagi@akg.t.u-tokyo.ac.jp
Graduate School of Information Science and Technology, b)  kawahara@akg.t.u-tokyo.ac.jp

The University of Tokyo, Bunkyo, Tokyo 113-8656, Japan ©)  asami@akg.t.u-tokyo.ac.jp

© 2017 Information Processing Society of Japan 1617



BHAIEF =R G Vol.58 No.10 1617-1627 (Oct. 2017)

1. FU®IC

NA Ty FRERLBEBRABIE, b EPELOHRICE
W ATl v, HATIE, 2015 SO EH
o A 25 iffio ) £, 19 BTN 7)) v FETLH
SN TEY [1], FLWREERE O R BT DI
TREdBoTETETAREZHELTE. NA T v
FHAZ GO CERABHENIAR L LD 2HEHIE, BN
BERE7ZT ChCmVERTEIC D H 5. FRIZ 15km/h BIY
DEHEIFIZ BT, EXHBEORE L N)IET V) v EH
RT4—ENVHEEEBLTELIEALTWVS 2] (1),
BEN-ERIEE, BEYEO RS RE IS 5 R 2 fF
WLl H—JiC, BRI OH - AREE T &R L.
Thbb, BITERHERE L OBEROMEINTSH L. Kk
FE O FEFERASE 24 (NHTSA) Otk &, g
Ty FEIZZ Y Y VB LT, HBRREHR, &
A C O AT E T DS 2 5% <, xf HindF IO
MmbwE s T2 3. T/, sGBEFROHINZT TR
$, JRIRANOEHGMEE 2o T h, BARIIZIE, N A
7y FEOEWERELZFIH L THEEOR TP LBD

—_ 75

)

S, 65

% 55 --%-- Gasoline Engine Vehicle
> 45

»n —a— . .

g 35 Hybrid Vehicle

25 7 T T T T T T 1
0 5 10 15 20 25 30 35
Vehicle Speed [km/h]
B1 AV rdENA Ty FEOBELNVORE. N T v
FHLE 15 km/h BUT OEIE TR #R I BT w5

Fig. 1 Comparison of the noise level between a gasoline-engine
vehicle and an HV. HV is especially quiet when driving
under 15km/h [2].
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Fig. 2 The concept of the proposed system. An approaching
EV/HV is detected by the application implemented on
the user’s smartphone. The detection scheme employs

the machine learning approach.
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Fig. 3 Snapshot of the measurement environments.
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Fig. 4 Spectrogram of the signature sound from EVs and HVs.

S-shaped curves coming from Doppler effect are ob-

served.
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Fig. 5 Acoustic pressure versus motor speed over the frequency
band [7].
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Fig. 6 Flowchart of our proposal EV detection scheme. The

classifier is trained with the learning dataset in advance.
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Fig. 7 How to pick up the learning dataset from audio data.
We labeled the last 10 meters before the nearest point
as “Vehicle” because of the distinct sound and labeled
the data after the nearest point as “no” excluding the

rapid frequency shift within 1 second.
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Table 1 Confusion matrix for LEAF driving at different speeds

in ideal environment. The detection accuracy regard-
less of vehicle speed was 92.8% and the false positive
rate and false negative rate (red letters) were 12.5%

and 5.2%, respectively.

Nissan LEAF Recognition Result
Parking Lot no LEAF 5 LEAF 10 LEAF 20 LEAF 30
no 87.5% 4.7% 3.7% 2.2% 1.9%
Ground LEAF 5 2.8%| 94.7% 2.3% 0.2% 0.0%
o [LEAF10[  65%|  19% 912%  05%  0.0%
LEAF 20 6.5% 0.0% 56% 852% 2.8%
LEAF 30| 13.9% 0.0% 1.4% 28% 81.9%
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Fig. 8 Cumulative probability of the true positive detection

before the vehicle approaches. Our system can detect

95% of cars 3 seconds before the nearest point.
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Table 2 Confusion matrix for 3 different measurement envi-

ronments. The detection accuracy regardless of vehi-

cle speed was 93.2% and the false positive rate and

false negative rate were 11.9% and 4.9%, respectively.

Nissan LEAF
3 Environment no

Recognition Result
LEAF 5 LEAF 10 LEAF 20 LEAF 30
no 88.1% 4.3% 3.0% 2.1% 2.5%
LEAF 5 3.8%| 94.4% 1.8% 0.0% 0.0%
LEAF 10 5.6% 43% 87.6% 1.5% 1.0%
LEAF 20 6.1% 0.5% 3.0% 86.4% 4.0%
LEAF 30 71% 0.6% 1.2% 3.0% 88.1%

Ground
Truth
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Fig. 9 Cumulative probability of the true positive detection

before the vehicle approaches. Even on the busy street,

our system can detect cars more than 2 seconds before

the nearest point.
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Table 3 Confusion matrix for 4 different vehicle models. The

detection accuracy regardless of vehicle speed was
92.5% and the false positive rate and false negative

rate were 7.6% and 6.7%, respectively.

4 Vehicle Models Recognition Result

Semi-ideal Env. no LEAF  PRIUS BMW i3 i-MiEV
no 92.4% 1.2% 1.5% 2.0% 2.9%
LEAF 58%| 92.3% 1.7% 0.1% 0.1%
GTrfl:‘tEd PRIUS 77%|  1.0% 912%  00%  0.1%
BMW i3 4.8% 0.3% 0.1%  94.8% 0.0%
i-MiEV 8.4% 0.0% 0.0% 0.0% 91.6%
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Fig. 10 Cumulative probability of the true positive detection

before the vehicle approaches. Mixed learning dataset

can correctly detect multiple models of vehicles.
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Fig. 11 Raw detection result for the multiple vehicle scenarios.

The red markers show the time BMW i3 approached,
the green markers for Mitsubishi i-MiEV, and the yel-
low line below the spectrogram shows that our algo-

rithm reported that EV was approaching.
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5. IRFTEIR

51 RE& UEROER
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v, LD, BRBANISRITE DR Y K o TH OF M
ERERR T IUXFE DS, REL LIZKEERORR L %D 9
b, TNDR, BEBRHMELEEICLTTY, AEL LEE
WOTIENIFFEICEETH L. 33HTMNILHIZ,
MR e ByE L LRONT 203 [HEiljz L] o5 &%
&> TR TH 5.

4, WolEFEL 120056 1/100 F THELL X
DHEREZRT. AL LELBBRMTEONT VX Ln
IBUTTIE, [HlHY | & [HliZ L] o7 — % HosFE
25 1/5 ETHDONE. —J, AEL LROYHE %
BRI D45, 556 [HWmEL] OF—42H51{ 2
ENEF L, MFIERE 1/100 1SERET LI LT, B
ELEE 32%F THIR T & 525, MM KT 5.

5.2 1RHEE - BIE - HEENDONT R

ATATA YT IA Y FYMRISBAREE 2 L 38572
DOEBERNTA—FThHb, 48TIE, 7Y 72
£ BBIERE % 1 BRI E Lo DR BR Y m v B i %
BERL 720, BlE% 32,768 % 7))V (=0.683F) &
LTW2As, TOFTIE, AS5AT1 794y RolEx

x4 FET- BB E R L LRSS 2 BB O, H
GlEsd 1/5 ISET 5 &, WiEL LR EBBAESNT v
AT h. HEI&EE 1/100 IS%ET A2 LT, Bl L%z

3.2% F THIK T & 245, BHRAIRD L 25
Table 4 How the number of instances affects the false posi-
tive rate and the false negative rate. Thinning rate
1/5 balances the false positive rate and the false nega-
tive rate. Thinning rate 1/100 can eliminate the false
negative rate down to 3.2% at the cost of the false

positive rate.

Thinning Rate| Recognition Result Thinning Rate| Recognition Result

=1/2 no EV =1/20 no EV
Ground | no 96.5% 3.5% Ground | no 78.7% 21.3%
Truth | EV 6.9%| 93.1% Truth | EV 4.7%|  95.3%

no:7744 instances, EV:3864 instances no:894 instances, EV:3864 instances

Thinning Rate] Recognition Result Thinning Rate| Recognition Result

=1/5 no EV =1/50 no EV
Ground | no 92.4% 7.6% Ground | no 61.8% 38.2%
Truth | gV 6.7%| 93.3% Truth | EV 4.0%|  96.0%

no:3202 instances, EV:3864 instances no:422 instances, EV:3864 instances

Thinning Rate] Recognition Result Thinning Rate| Recognition Result
=1/10 no EV =1/100 no EV
Ground | no 85.7% 14.3% Ground | no 50.9% 49.1%
Truth | EV 5.4%|  94.6% Truth | EV 3.2%|  96.8%
no:1674 instances, EV:3864 instances no:269 instances, EV:3864 instances
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TGS 5 I REEIC D W THRET 5.

K5ICEDE, BIEDIREOCIEEEHE L 2 2HBDH S
NAHEN, —FT, EEOYF YT ¥ 7 X BIERIEREIE
e B, W, BIEZ 1,024 %> 7V (=0.021 %) £T
JHAE LT D 80%IFDHIEAEE A MEFFC & 5720, With5 7
L—2 (=0.105#) TEHkE LD LT, 95%55DH
EREEZREOND.

HEBIICE L T, BRSS9 T WS KRB E %
179 A TL A, 2 2Tl 30km/h DUF O#EE TR
I o2BEAHBEORMEHNE LTV Lhs, 1/
TEICHMRAM AT AT T THh L. RIZ, BiEt 1,024
FUTNICERELTCHIRS 7L — LA TEHEPE & LIGE,
B Y A7 213 0.1 P CEIEASE T3 57280, 5D 0 0.9
WEIEAY = 7+ D CPU Z A —TIREIZL THE
TMLER L Z EHTES.

5.3 FKHDEEADIIC

4ETHEEL72EBY, ETEOFET-I P50
TEEMOHEREIZOWTIE, F’x OBMAEICL ST T u—
FORFHICHERBATESL., L2LAaNS, BiEo
B D RHMOBEEEGHUFEL T 57201213, BEEMED
EGEEFE T8 L L CGEBNT ALEXH L. £2 T,
6 HETHIMNT A Android 7 77 7 — ¥ 3 L IZEEAERE % A
HLT, 2= RMOBRIEB LR OfE T — 5 %
INEL, 22 THE LT — ¥ 28T RTOEET T —
FEMCTHRERETFHBET L L2E2D. LR
T =¥ % LI E MM B L OREROFERESE, A
Y= M7 ¥ ETIT) LEHTEERICHER S0 B 728, 7
T FETEFTTAIEINTF LW, 72, HHEII/ST

K5 EET— Y OB BANREOMMR. BlEE/NE <35 LB
FEEE ALY BN H B 4%, BIEE 1,024 ¥ ¥ T VIZHE
LTh, itk 7L —LTEHEHRE LD 2 LT, 95%59DHE
WEEzRLOND

Table 5 Relationship between the sliding window size and the

detection accuracy. Although the shorter window size
gets worse accuracy, we can get 95% accuracy with
majority voting of 5 frames even when the window

size is 1,024 samples.

Window Size | Recognition Result Window Size | Recognition Result

= 32768 no EV = 4096 no EV
Ground | no 92.4% 7.6% Ground | no 85.0% 15.0%
Truth | EV 6.7%| 93.3% Truth | EV 152%|  84.8%

Window Size | Recognition Result Window Size | Recognition Result

=16384 no EV =2048 no EV
Ground | no 90.3% 9.7% Ground | no 81.9% 18.1%
Truth | EV 9.0%| 91.0% Truth | EV 16.5%| 83.5%

Window Size | Recognition Result Window Size | Recognition Result
=8192 no EV =1024 no EV
Ground | no 88.3% 11.7% Ground | no 78.7% 21.3%
Truth | gV 11.2%| 88.8% Truth | v 21.0%|  79.0%
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Fig. 12 Snapshot of the demonstration of our detection scheme

-10 seconds

on Android application. The alert shows up when the

white car, Nissan LEAF, approaches [5].
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