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Driving Distraction Recognition Based
on Probability Distribution Evolution
Characteristics of Driving Behaviors
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Abstract: Risky driving behaviors are the main cause of
road traffic accidents, with a third of accidents caused by
distracted driving. Driving distraction recognition is an

efficient approach to improve traffic safety. Current
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methodologies for driving distraction recognition mainly
rely on aggregated multi-sensor data, which limits their
extensive application to existing vehicles. Therefore, a
two-stage method is proposed in this paper based on
inertial measurement unit (IMU) data, a widely available
data, for driving distraction recognition. In the first stage,
a characterization method based on the evolution of
probability density distribution is proposed to represent
distracted driving behaviors that are closely coupled with
operating conditions. In the second stage, the deep forest
algorithm is employed to construct a classification model
capable of recognizing driving distraction in complex
practical scenarios. An empirical experiment is conducted
using IMU data from smartphones in online hailing cars in
Shanghai to validate the proposed recognition method.
The results indicate that: the distraction recognition
method proposed is validated, and the longitudinal
characteristics represent the distracted driving behaviors.
The proposed characteristics, when compared with the
traditional ones, significantly enhance the performance of
the model with an increase of 20.4 % in accuracy and
10.2 % in precision. The deep forest model reduces false
alarms by more than 10 % while maintaining a high recall
rate, compared to support vector machine (SVM) and
extreme gradient boosting (XGBoost).

Key words: driving distraction recognition; inertial
measurement unit data; probability density distribution

evolution; deep forest
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Fig. 1 Schematic diagram of characterization-modeling two-stage distraction recognition method
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Fig. 2 Technical route of driving behavior characterization
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Fig. 6 Importance of driving behavior distribution evolution characterizations

4.2 BHITARIEIEIRXTLL
BT SE IR T IMU Bls 3 HEAS SCHE A 20 A

2R ik

HRAR AR SRS, SO I S, R ASEHN S,
AR L) IROHT O A = 1:1:1

S 6
Bbns 0—3R5r0 CREASRHIREA) 1—400 (G0 5 1)
AR5y YA A = 4:1
F2 HBEPHALR
Tab. 2 Results of recognition model

RERSPPA bR HRR R A INHIIRN 70O w3 B 2SI SN 30 )5 1)

HEWR 0.941 0.953
iR 0.912 0.924
P EES 0. 650 0.731

A D2 BT R B R AE AR

(DARYEFRAAE B ZELR, A B BT R AR
P (7 %) T A iy, AR 20 2 B AT M R 2 2
PR BRI 100 10388 B2 S 722 A 77 T 7 75 ) 3
JE T HE I HIEALERAE9. 8 m-s Ity , NI,
3 BT (0] (Y 5l 4RI B8 B A A1, IF AN e 7302
FREFR.

(2) % TR BAT S 8 A RAAE B9 93 A1 25 5
AR bR 2 (JS U > KL #E > EM g >
TV H > W3 P2 (B > I P 2248 R, oA 22 5
AR RS T 0 AT 5 28 S (H AR SRR S O B BT
ERCR L o IS BOR IRAN T KL SO AR
[F) R, BE A% BT i 08 o 4 A 22 [ 22 S A oA 22
IR AT O o A AL R .

JSHUE  KLEUE EMBEZ TVHER W it £

AT ZE A AL
b M2 S SR T B A L

AR 5 R G2 AT A RAEXT T 70 AR HHRAL
TR B o3 A T A FR AT A S 2. 395 fIrik 5



1906 [ B K 2% 2 (A R RE 2% WD 5552 %

AR AR G B0 A T AR 7 R B i
RN BBV R BCRG R A N 0
AT R (LB AEL A bR s R S R AR
[P B35 ) o

T, T B P B A A R Y M B
o BT SR SRR DR AN O SR
x5 K BRI 1 B0 B S A I A BE AR U %
ZHARE T, S DK R 30 s fiT40 s B, Bl &
95 Vo W B B 5 IR, R 5 el ) B [ i DU 32
T v R 7 1 S B 5 ) 7 B AR T~25 Rl 2
WAL AR, Zoad dERNT FL LG, e e 51 D K
JE10s HEE 75 Vo A3t 024, s R
W 3R,

*3 BIESHBXILLBER
Tab.3 Comparison experiment results of sliding-
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Tab. 4 Comparison of driving behavior evolution
characterizations and conventional charac-

terizations
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Fig. 7 Performance of three different models
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