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RESEARCH ON DRIVER BEHAVIOR RECOGNITION
METHOD BASED ON VIDEO IMAGES

ABSTRACT

Driver behavior is one of the key factors of road traffic safety.
Accurate recognition of dangerous driver behavior and timely
corresponding prompts can greatly ensure drivers' personal safety and road
safety. In recent years, the research of computer vision technology in the
field of driver behavior recognition has received increasing attention from
scholars, and a variety of algorithms and models continue to emerge,
aiming at realizing automatic, accurate and efficient recognition of driver
behavior, which has become a research focus in the field of artificial
intelligence. However, existing research efforts face an important
bottleneck problem, i.e., how to balance recognition accuracy and
computational efficiency. Generally speaking, high-precision models
consume too much computational resources and are not suitable for
embedded devices; conversely, streamlined models are difficult to achieve
relatively high recognition accuracy. Aiming at the above problems, this
paper proposes a lightweight driver behavior recognition model for
embedded devices with limited arithmetic power, which achieves a balance
between real-time and accuracy. The main research content and
conclusions of this paper are as follows:

(1) For the common non-Euclidean spatial data structure in driver
posture estimation, a new method of driver behavior recognition based on
graph convolution technique is proposed. By deeply analyzing the

distribution characteristics of the driver's skeleton map in the spatial and
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temporal dimensions, accurate recognition of driver behavior is achieved.
In view of the special characteristics of the cab environment and the fact
that the driver behavior mainly focuses on the upper body, the driver
behavior pose estimation map is optimized and transformed into a driver
behavior pose spatio-temporal map dataset to better adapt to the actual
driving scene. Aiming at the demand of real-time recognition of driver
behavior, the lightweight method of MobileNet with dilated convolution is
further investigated on this basis to optimize the complexity and number
of parameters of the model. The proposed method can achieve 90%
recognition accuracy on the AHPU-SET dataset, and the recognition speed
Is 26FPS on Jetson TX2, which improves the accuracy by 5.32% compared
with that of ST-GCN, which fully verifies the effectiveness of the proposed
method.

(2) Since the skeleton information only focuses on the behavioral
features of the human body and cannot distinguish the action categories
interacting with static objects, a multi-branch fusion recognition method
for driver behavior based on compressed video is further proposed. Video
frames, motion vectors and residual errors are obtained from compressed
video, and a multi-branch spatio-temporal convolutional neural network
model is designed to encode appearance and motion information using a
lightweight feature extraction network structure. Meanwhile, a cross-layer
connection module and a spatio-temporal feature pooling module are
designed for fusing appearance and motion information to achieve spatio-
temporal characterization for driver behavior recognition. To compensate
for the possible accuracy degradation due to the lightweight network, a
knowledge distillation learning strategy is used to learn supplementary
knowledge from the teacher model with strong generalization ability to
guide the student model and improve the performance of the student model.

The proposed method achieves an accuracy of 96.5% on the AHPU-SET

v
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dataset and a recognition speed of 25 clips/s on Jetson TX2, which is a
3.5% improvement in accuracy and an increase in computing speed
compared to the Coviar network.

In summary, this paper proposes a driver behavior recognition method
that can be deployed in embedded devices, and experiments are conducted
on the AHPU-SET dataset, and the results demonstrate that the proposed
method has high accuracy, low complexity, and good real-time
performance, which provides effective technical support for real-time and

accurate recognition of driver behavior.

KEY WORDS: driver behavior recognition, graph convolutional neural

networks, compressed video, embedded devices, model compression
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Fig 1-1 Technology roadmap for this paper
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£ 25 HXEBILRHEXIE
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AEE A 1T A RS R AR SR B R A, RLAEG ARA
2% AR I3 I BEAS A DA S — LA P R0 B RN 2% S5 740, X 1 I I 28 AR ) PP

PR EE SR AT T T A AN A

o

2.1 EFMEZ ML

BRI M4 (Convolutional Neural Network, CNND & —Ffij5 i 27 > f 7,
HozoU BURTE TR B ERE, A 2 B S5 2 A B0 b S DGR AT, 3
117 S A (RS A 2 25 5100 . ONN (B AR LB 2-1 FoR, B f STl
I — RIVERUZ GBI XN AT J SR AR SR, 4 B G b 407515
WAk 2 G I R R A, gl DB B AR TR RST RIS OR B G BRRRAIE 18G5 X 4%
(I HR T s T AT He 2 ) 87 SR AT T 2 SR B R AR AT B, T LR 28 ¥ 73 R B

PUEE R

A

ik
H FRAE B TR pppE

Bl 2-1 BRIPZM 8 E5H
Fig 2-1 Structure of convolutional neural network
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PREAANEERT CNN X &P # B A S . Joit BHE i H AsP i in
323}, CNN ARREE T HARAIEAL B SR U A R RFIE R, AT S IR
F AR BRI o IXSURFPEAE S0 25 P R RO R R I, STl 1 S 5 1S

7, AT oV PR 5 28 R (N M LA F O R (N o BRAINIE SRS T A% G ik A
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W7e Efagtas, DS KRB MEER, BRI, SRS AL
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B N\ H A

sy
o © O
0 © | 10
mfp;lll
0 -, | - | |
| | / |
O, it L »
0 22111 | o G!}U ot : %
2 ‘ ‘ I
0 O ,1' y | O] o2 “; o
oL r///
l |
MAKAER wRG | !
l :
|
|
L
i PO

B 2-2 AR B
Fig 2-2 Example diagram of 2D convolutional computation

HRUZ R A S E R E, © PR TS BTSSR BAT R
ZRAERILSRT, AT 3G 5 A R R 22 0 25 b B A2 R B IR 7 o T T 28 =i DL PR I8
ESEAE
(1) Sigmoid &%

Sigmoid BRHH) ¥ AR @ AL 0 B 1 28], BFUHEAE— & o i
RO NIRRT, ST 05 T S5 A AR IR, )
i T 1. itEARW .
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(2-1

Sigmoid(x) = i
+e

Sigmoid eRFh 22— S A2k, sREEIR AT & 2-3. Sigmoid KA RAE
FHRR B2 ) N2, (B B R 5 S B0 R R SR R T N A

Sigmoid Function

1.0 + — sigmoid Function

-10.0 -75 -5.0 -25 0.0 25 5.0 7.5 10.0
X

P 2-3 Sigmoid pF %L HH 26 K]
Fig 2-3 Plot of sigmoid function
(2) Tanh K%

Tanh K% 5 Sigmoid BEENE EA#EZMIIZAL, tHEAXIT:

—X

e —e
g4+

(2-2)

Tanh(x) =

Tanh R8I EIRE DY 1, JFLL O Jyils, XA EARLET LT Sigmoid
PRAL PREE BRI 240 2810, A A EIE K BGE /N, Tanh B8 ALIBE B
SARFRAN, AFI T B TR

Tanh Function
1.00 1 — Tanh Function
0.75
1
0.50 :
|
0.25 4

=100 =75 =50 =25 0.0 25 5.0 7.5 10.0
X

2-4 Tanh pR 2 HH 25 K]
Fig 2-4 Plot of Tanh function

(3) ReLU K%
ReLU BRECK A B KMEEHE R, HEART:
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Re LU(x) ={g Zﬁ’:g (2-3)

H1 T ReLU pREREME A0 fi e et oy 0, AT SEBLM & Mgk, b2
HUE AR AR, A7 B2 A AL ek AU R A R 1A 2-5. MHECT Sigmoid
A1 Tanh pR%, ReLU pRELATHRAEEE PR, HAEAT RO RAH P T 2R 56 1)
I, TEREGBIRMEMEH, ReLU M E AR AT JyH .

RelU Function

10 7 — ReLU Function

-100 -7.5 -5.0 -25 00 2.5 5.0 7.5 10.0
X

B 2-5 ReLU #R % il 28
Fig 2-5 Plot of ReLU function
FEIR 7 > HOHEZR A, WAk R 28 (R AN FT Bt o 308 5 A A0k A i A\ 2048 1)
YERE, AR AR o8, DTSR, IO RERS W E R TR ) B
MZALRE ). fE CNN o, VALK AR F T AL BEAEAR ZE B0 %, 78 DR B R B AIE
R, BIBRTUARE S, USRI AR H . & AT a2
Nl R A2k, X7 SRS AT ROt R THR AL I RE, 2T B 2-6 P

4 5 2 2 4 5 2 2
6 1 3 1 6 3 6 1 3 1 4 2
2 3 9 7 7 9 2 3 9 7 3 5
0 7 3 1 0 7 3 1

(1) Atk (2) PRtk

2-6 Fe N () AIPPiAl () #REREI
Fig 2-6 Example diagram of maximum pooling (left) and average pooling (right) operations
B ORI E T O B I IR 25 8 30 DX 3 P PR e KB, o7 St P RE PR DU 21 P s S A
fiE, [RIE 2B AR AR DGR AR, HEMIR D ME S TP, 32+ TR I Ae vk . ot
FEAN 75 V8 SRR A ROT AP K BEIX AN S8, 0 7% HoAh 2 H08 i A I 2545
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H, DI SRR BN o P I R AR PR AR 57 P i (1 DXy T 5
AAERPFEIE,  FIREAE R SIS B rh A AR

GERRAE CNN i —p28as”, WK 2-7 fos. BRE. iz
LI it oA 2R S5 A it W 28 BRI 23 [) , 43 12 2 a5 AR P A E AT
T B2 5 R AL RFOE P R e A O BRI e tH S0 o X — T RE m DAL
—FRFIE R EE A S R, R R R R 2 1) R A AT SRR R R s 1 — 2D SR AT 3l
G, AW B SRS RIARC T A @ XA T, AR E A R AR
RURFRIKRE ST, SCAE AR RE A% S Y A b SR AR Rl i N 50908 PR A SRR AL, 3R T
S v Rg L (1 7 R BRI 55

LR

K 2-7 iR R e A

Fig 2-7 Schematic diagram of the full connectivity layer
22 BENHEZRLE

BREAIHZ ML (Lightweight Neural Networks) J& B I 4g 454y . YD
SRR RS TF B, (AR AR ORI — e PERE A RIS, R 2% T /N IR AR AR AN
TARHITF S A, W SEIE RN S B @G 8 5. Jnfek, BE
AN 22 X 25 L2 RS By i AR 23 & IR B8 R0« T8 5 R B B SRS 5 A 2 A5 4
R Tz M SR
(1) ShuffleNet &%)

ShuffleNet {F )y —Fif S 0L 2R, & 7ESCI i A VT B e 5 T
TG R, A RCE TR R AR N M S TR T 2R . HAZ O
HE T NBEEH S 2 HEGRE, e B2 I E R RS
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H Megvii T 2017 415 kK $2 i ShuffleNet LK, ShuffleNet F 51 AW H B A,
4 ShuffleNetV2PUo W RRASFEORFFEA D0 R IO ERL b, B 5IN T <2 REF:
fE IR G B R, AN A RBE AR AE B AT R, 19O T BRI 2 B, 42
T+ T B R INEE ST

WIEEA: G, BERERI A2 ABUNER BEE, TEIX LN 53
M ANEE 5EREHIT BRRE: B, BSAREREREIT, BERAm
o R RS, JEIE HE AR A K B HOEE R RO TR R, SRR E
) FEH HE H X Ll R R R IR, PR R X FE, AR BT AN RDEE
(RIRFE A3 DA 0R A, MR 1 2 1RSSR B IR 1), 4T T HRRAEI 2 R,
TIHG55 7 B A FRIIKE R . N 2-9 VESRE R 1 IE EHE IR AL

(a) (b (c)

b mi ‘’ s ‘I s
TN

S

GConvl

AL
”ﬁiﬁi

e

GConv2

it
Kl 2-8 diE
Fig 2-8 Channel rearrangement

e BT, GConv AR A GARERAE, Hrh ] 2-8 F1(a)Ros i) 2 A S I
G, BAMAAEL, AXMEIET, 505 EE A5 N iR g W iE A
K, AN FZH 22 [A] 388 AR B AN . SR1, 24 GConv2 #£ GConvl Z JG M
ANTF R 2 R SR R I, ] 2-8 Hh(b), Fan AR HH B TE 2 (R A S8 A O . 1A 2-
8 ()@ 1l IE E A an ] SEL A A B AR P s A TE (S BRI, BRI S, Al
— R HIRHIE B e o B s A, BIRE T — =, BRI T A FRY
T, TR R NN I 18] ) AT ORI . AR S, ERT— 24 U RE
EE 2 b G, 23R ST 4. BEJE, EREMERET, Xk
TH AT EFT A G5 B0, LA DR N -5 4 H I8 T8 2 TR 7 e A TR R G &R
A —ME TR HEBE, JF HIX EOZH 00 B 46 H i 1E 2502 A1
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N T RHATIEIE AR, AR S e B TE R YR BT AT, AN
R HIRAR, I8 e B AT, DR @B N, EHERN T — R
HIRIANZR, RIGGEETARE, B8 —NESENT —EMARBIEE, A
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2-9 pHGIR
Fig 2-9 Group convolution
BB ANRHE B R/ANAW x H xC 5 43 A SRR B 06 e EE £, 5
MBI N kxk=xC, 7330 MAGRRLE) B8 s AEE L, oyt AR B R
SFRW X H i R R S RS KA O, o EE SO TR . W
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HEBAR, MR T B HZ BIE BAEE, AT s HAER PG BILH i &, 425
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(2) MobileNet F 41

MobileNet32 2 —Fl G137 1) 45 & BRI E 28 4L, RO AE T ER BE 7T 43
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FER PR R RIS, Re 88 /b 75 22 o5 F A7 fif 2 ) DASRE e i SRR B2, AT B 3
TRIEZ RIS Fk, RE 5B ERIERE SN B, MEMEEME -
(R AEAN I T AT AL A AR AR o X P R A b B 07 AR A B A T2
AL BRAS IR 23 B R, E— B R T TR RIS R XA B 7 MR
TR, A B TR B Lt A EUR 00 R R AE o R AR A HE B SR O T
VAN AT 5% BOCE S, Flan BAskeill, R #15 . Bk, IREW 78
B R A B T IX ST 55 (PR RE

PA—MB 7R Ui B, 1 S (BB AN AFAE B KN Cinx H xW 5 S5 2% K/
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PAE TR E SR EUE Y Cinx Cout x H xW o TR 2-11 iR, H SRR
HT =M KA A64x64 18K ZHERCE AR, —ANH 4 M EER AR
B IE, Ak 4 D SN RS R AL R, fTROHE SR RS
KB 3x4x3%x3=108

I B

FHEAE

&
T

[L ¥ 1
[ VT 1

A 4 VJ

Bl 2-10 & RBERHEAE
Fig 2-10 Operation of conventional convolution
WIE A BGOSR EEPZ S BN AEER, R E 2-11 Fis. i
REEGRIEP AR KN H Cinxk xk 5 18 s AR IR 28 K/ A Cinxdx1, W&
LS HUSEE N Cinxkxk +CinxCout « W1 FEl 2-11 Fiw, ERE R 4> B 51
BAE R AWy — RBEGI, S MmN EE ST, —RE N
B, ok AR B EAT I TE ) 15 B Rt . R, RS SR S Z i
EHAHE . 25, =il EGREREER AR 3 MHER, BARHEER
SRR N 3x3%x3=27, BJGilIT Ix1BERFIR, XS gt — B4,
FCHTH AR o R BR T, BRI EI RS 1AM, My b — R Rl E .
HAH NDMERZ, WA RN AN HRE R, P RS HE N 1x1x3x4 =12 . P
SHEM, BN 39, @ TH AR 108 NS XA, RERT 7
ERaew RO SHE, OVEIGIRINA 1/3.

19



TR R A2 18

K5 E B3 S 58 4 K5 E R4
TR A3 HFAE ] *3

= iE A
//<\\ o — ~
- TN ;

K 2-11 B A PINIZ
Fig 2-11 Depth-by-depth and point-by-point convolution

MobileNet R 1%, 1EA—MRFRREUPEMLE T, BERME R EE
SR H AR . ZRFIH Google K, & T B2 R IEA PRI
15, PR AT AT 5. MobileNet %7138 15 5 TR F& 7T 43 B8 25 AR
FREEBSHA, HRED T WS HATH . MobileNetV1 {E4 RFIHIIT 1L
ZAE, PR 3 B ERRRTH EE RIS HEE, MRS B iy
R RSF BB . B MobileNet 2 51 (10 AR R BRI AL, JeiaiEd T
MobileNetV2I3IH1 MobileNetV3PHEERRA,  #E— B0 7 Ls S5 AT RE . X Le
FRARTE R B PR PRI F I, 8 51 NHT ARG SR AR, S T A28
BRI . MobileNetV2 SRl T {51 8 5k 72 45 W A2 i 202 S5 vt 1E— 2D
T SHEAMUE R MobileNetV3 UZEE T H 3 GIE BB AR BARIRAL,
SEPL T P BE A AR A AER . MobileNet 5 5E7E AIGIRA] . BE 25
H AR S 4TIR A &) 72 N . 752 MobileNetV2 7E Imagenet 147 2AT 5%
H1, IKF] 75 ResNet-50 AHZH HER 2, (HZE @AM H &N ResNet-50 H£)
1/14 F1 1/34, A3 H SO 515 52 BREF G s i B AL AT S I 2 T A

2.3 N ERR R BIRE
2.3.1 iR S%

FEARSCHRR A T Z etk Em R R TR . H e, AR ER R
(Accuracy) X —JRbR AT BRI R MRS B o HEf 3 Fi8 X AR AR AL T 25 2R
TR 5 A s RO B A 200 5 LS BRI — B RE ARSI S SRR LB 31X —
TRPR BV B e TR RAE 73 SRAE S5 EIRIL, A2 PR P RE I R BEFR bR —,

A LR N
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TP+TN

Accuracy = (2-4)

Horh N FRREA B ECR, TP R 1 28R AR IEMA TN A 1E 2R I 80R, TN %
A SRR A TR 00 Ay R I S

A, T ERN T RS R R RS HERE, ASCRAT 2=
(Parameters) V¥ fiEH k3L (Floating Point Operations, FLOPs) iX P ME 7o
SRR SR A AT RSN RAN, E E R M TR (5 2k R R
T3 I8 5 U2 RS Y AE JEAT — UCHT )% 4R B BT AT 177 s R, &
JR T AR (T B AT AR

BJa, AT VPR T RO RS, A SCRA T AP AL B R 4 (Frame Per
Second, FPS) LR ARFD AL ARSI B L Cclips/s) IX P MEFR. FPS SRR
TP REE AL TR I B, 1T clips/s MRS AL RERD A0S A0 BB AN H BB
X AN TR bR R 05 BOW b S R R 7E S o N R 1) A B R, 0F T S PR SR A
IR OO0 R E R . ISR AR L R B 7 A SO R RE (K 2 TN R &R

232 BRRATARANBESE

N R A S B 5 AT AR B A

(1) StateFarm %4l 45

Kaggle ¥ V-G 1E 2016 SEJFJ | StateFarm ¥diE. ZHHREILERE T E
TE RSB WIAEE NP B A y, B 55K, At 12 G f ey
e tH LI 2 Fhd st . IX L ] R 3808 0 R BB Sl 3, B ER T B ¥ B s P AN U
Wtk EERES, WA BRSSO E S 22424 5K, AR ZAR0E T
FEEMEM . FE, REREWNERE R AF 79726 5k, 7 TIPEBA 19214
VEBE . TR I R AIE R T 640%x480 , BEARIE T BGOSR, SOwA T
TR ALY R0t BB ) v oK o AR 2 35 A AT RSV ERRAE, KB ) 70
+AEIA (CO ZaBE,. C1ATITHL. C2 AFHEHIE. C3 ETITHL. C4
FEFHEHEE, CS IRHE G, C6 /K. C7 M {HF. C8 1. C9 5RELK) »
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CO: wAHL Cl: HFIFH

Cs:HiH & C6: MK C7: MJafhF Ccs: T4 C9: 5REAH

] 2-12 StateFarm 4 S F:451
Fig 2-12 Sample of the StateFarm dataset

(2) H¥ase

T EERZFHIE T — 0B AT A AUC #dl e, 78 ERIEH
T StateFarm #HE4E, K T A CO £ CY TR0, He Co REBIEFHE
B, MM CL & CO WA mAR AT &b BaAT A ZBdRESIGR T 11678 5k
HAEG, XEEGATH 31 L EEESHRG], MR T 50 S 2R
Yo EEIRIIRIS B, AUC iS5 BRI 5 A ZREFNNKE A7,
I ZREEI 7 ELE 10555 REMR, HTERIIZRAIIe L Ao a 8 1123
sREMR, HIT R EPRAG . BETK BIR BER R RTIAS] 1 1920x1080, fRAE T Bl
Jo o 1) A A AT B

Eﬂ%ﬁﬁ@

Cl: AFIFH C2: AFHEHIE C3: ’fbcfm C4: ’ﬂftﬁﬁr
Cs: HikMm A : MK C7: MJaHF Cc8: T#H C9: 5IREIK

& 2-13 AUC Bdls k41
Fig 2-13 Sample of the AUC datasets
(3) AHPU-SET #(#i4E

DA b PR B e 38 g B R B, R R R AL 5 285 1O Bk () T T, IV e A 25 i
AT RIBESE RIS, KRS StateFarm R E AT T — NSRRI LUT N
(ISR 2 9 6 %4 9 AHPU-SET, 103% 6 28230 5147 970 B CO IEH 25
I C1 MK C2 Kt C3 By st C4 R, CS5 H2Hi1E . AHPU-SET %¥
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EHA TR LENICEN, BREGARE, MAZi, o0 i EE#ES 5 RE
7 8301 BeAWAN, BEBAWANIWIZ A 30FPS, PN 10 #5.

% 2-1 AHPU-SET ##a SR 5> 25 Bk 5347 2 AL £
Table2-1 Number of videos per driver behavior category in the AHPU-SET dataset

25 yE:3 W
IEW 250 848 560
L3V 963 592
('S 937 623

Pl 15 7 1 £k 633 431
WA 735 456
FTHLTE 902 621
Bt 5018 3283

Co: [EHFZER Cl: MK C2:4btk C3: Jit &)y % C4: TR C5: fTHLE

2-14 AHPU-SET %4 44451
Fig 2-14 Sample of the AHPU-SET dataset

2.4 BRARERE

JARIAHEH I Jetson TX2 & —KmtREMI IR AN RN TR RITENL, £ il
Zork AN TR BRI H it o H s T R IR E A SR, TS e AR
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EE) R E . [N, HEEWEREAES O, (O 85 I, BRI
AL FLRENS R B E S PR . ok, FRIE TR — KRR, 7.5 '
DI FEAEAS Jetson TX2 FEAKIN[AIEAT I Be 8 ORFFASE RIVERE, RIS FEMKRE
JEHFE. FARATE TX2 EWi3E T Linux FFRES, NP RERET —Mag A
BRI TAE 6. FIH JetPack3.l %240, TX2 WECEIREMR] T i — 21k,

Hrp 4 TensorRT. CUDA 2 T HAL, N3 2-2 BIr T Jetson TX2 JF K4,
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2% 2-2 Jetson TX2 RS2

Table2-2 Parameters of Jetson TX2 development board

28 Jetson TX2
KA TR #T NVIDIA Pascal™ 2244, Bif 256 4~ NVIDIA CUDA %0
b g HMP Dual Denver 2/2MB L2+ Quad ARM® A57/2MB L2
N A7 8GB 128 fif LPDDR4 59.7GB/s
R 32GB eMMC. SDIO. SATA
A 4Kx2K 60Hz 4wt (HEVC) . 4Kx2K 60Hz 4t (SFF 12 A1)
NP 2 4~ DP1.2 #111/HDMI 2.0 $:[1/eDP 1.4 #1112 4> DSI #: 1
gk % 6 NMEB Sk CWlIE) CSIS D-PHY 1.2 (2.5Gbps/i#iE)
K] 28 3 4 1 TIELLRM. 802.11acWLAN. 57

2.5 KRB

REE NG T HERMAEMNE R FEIE, RN T4 g E R A
wetb, BENE T ASCE N febr . B4 StateFarm. AUC 1 AHPU-
SET DA RN
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£ 3T ETESRNERGITAIRANGENR

3.1 5|§

R IR ARG, — L PERE A IR ZU IR A5 T RO N T 25 B s g 34
i I 2 A AR 52 IR, B L e SR BT ) S B A
SR EATTFIREAAAE S — LB R IR, U P9 A 23 TRI AR /DN DA K A PR 58 AR S T 452 ik
Bio H AT S AAT NIRRT S8 BAE TR KA A 55 4 5 BRI €, {EF
SR A 2% P v ) e e R ) 1 AR SRR AN R ST I o WO X6 3 2 TR A ST
B HISERR T K, 2538 AT IR B SR L AERE -5 R 1A UG- o LK,
BEEHARMAWHES, NIRRT REREREE 2 T BT, X MEEETE
ZRBIAT VAT 5532 BRI T8 S0 4% o 1 2R DAL A B A R L LA 45
AL SR RIS SR G It =1t 31 DN & S e S A RS S e e o (15 A D
Ya T3 A BORIEBEAR 1 I8 A B BERTHSRC, 303 2 1 RN SR 0t i 2k
LSNP ERTIE P N

AT, BT ASEEEEPAE LA 5 BT RN, Bt 7
L AN EA7 N Sl SIPIR B3 E1E S e SN R S e S AT el S S 2 S e )
AR 2 Bk AT ORI, SR T — R EIE AT BB R IR B T i T A%
SO M P A AR 2 X 2 36 25 0t B3 AT O AT BEAT R SR, A ISRt |, JE I
FINETERJZ A S B R BEATRE 20 RS AL AR B, AT SE B SE O AS B 4T
NI F BB PR R H R B AE Jetson TX2 R B LIRS, 455
MobileNet 5T AEF AR Openpose HikiAT TR ST, SLIL T HE
I RS AT AN A S LA . FESRERER 7Y, SRE 2SR RERPE . SCi PR &
PR T B SR EL, RN T AR B ST R AU Y S B R A AL

3.2 ETEHRERHNESRMEMFIREFE

AT TR AR AR AR B A0 T I 3-1 s 5, DARE 2 L AL A B
TRk N Bl , S8 N ) Openpose S0 AL K 25 B 61 S A8 AT VRS i i
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Xt FEH, Openpose S92 BB RS A b A2 HUARE AN WA b 285 3 57 1) 645 A5 8,
X EE B ARG T SN B AR, IR T EEE. T, %R
B DA O R A B, MR A AT O S o 3K — PR TR R B A
ENAAT AR E S E B, e Rk S it 25 3 53 7 25 B B P (1 2 S AR L AT iE
ENNIE . T KR ¥ 2 B AT i 2 B R SR A R IARRAE, BE— DR T B
FR W 2% ( Graph Convolutional Network, GCN) i} %5 4 f1 M 4% ( Temporal
Convolutional Network, TCN) KIS . GCN fECALFARNK )1 HLA3 25 1) 1) 5L
i, REEEAT AR AR 2 B LR AS Z A 2 IRDC R, 10 TCON KA 42 7 97 o
B TR O 3R o 38 1o A8 5 {5 RT3k P o 9 24, Sk 2 1) AT B[R] 48 88 AT AR AR A8 46
PRI W RS B o FERFESRISE UG, 3 — 2D I8 I P35t A B VR X AR R A
BHHATIESR, LARA TORE BRI G BRE . B fa . I A e )2 kAT 25 0 17
A7 R, K SRR B B R AR AT A0 b N T R THE AL I B AR AT
F& 35 SRR AN R 2 I E 7K, SR T MobileNet 524X Openpose ¥
IR AR BEAT R AL AL T . MobileNet DLH B 2 1) I 2% 45 4l i AU 18 4738 FE
POt T FAR MBI AY R T A IS A R TE A I S BB N IR, B R
RS2, B DR MR . B AR DORESE I R R

““““““““ LA (128,128.2) (256.256,2) “F-ERtfk)E
Conv 3x3,128 : /7+ 777777 /Lfffff/ ,,,,, /L ,,\l
| |
Conv 3x3,128 | I N
u e AR
Conv 3x3.,128 ! Loy
H ' - Eip
‘ Conv 1x1,512 | ] Conv 1x1,512 ‘: ‘ |
|
Conv 1x1, Conv Ix1, : : |
PAFs PN - |

N /

3-1 HEmAEE

Fig 3-1 Overview diagram of algorithm

==

321 B RESKHTE

Openpose FiEZ —Ff B N1 BB TH I, HMRZ A AE T 48R
BN T SR s AL B, B I8 I e OGRS R e I AR . IX
FEE RS IR FFSCIS PERE, RIEAE 2 Ao T A Z R ABUE 2 5m . G
7£ T Openpose K] T 4 4 Part Affinity Fields (PAFs) K6 Jji%. PAFs 92f5 I
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e MREY, ERHRIR TR FECHE R R AL B AT R AR, NI A IR
PR SEE  JI5CHF . Openpose 45 45 14 B % [F] i H 5S8R AL LA 2
A5 Z XS L) PAFs {5 /8o XAt S22 b 1R A S R A H S i
EPT AR RE, BT RS TR S RUETE . SR A &
GiJa, SFEN PN IRAT RSP I 45 03 SCHEAT AR B, TN 23 3003 i T
SRR AL ELAS AT AR ) SR A 7 B A o B3, SRR B 00 2% A 7 B o A
FRERE, BL B DRAC I 7 2O St Rl BEAT R AE TS, AT RS A3t i 22t N A

Fr Bl MrE e, (r=2)
= r/ \I
C 1 *m% ! 5\ pr I
A% P 7l 3 A1 |
%f/q St } :
3x3 3x3 3x3 3x3 3x3_4,, | J TxT7 Tx7 Tx7 TxT7 TxT , !
MclclclclcT e | clclclclc A
I 1
\ |
| [.3x3 3x3 3x3 3x3 3x3__ I, ., ! TxT TxT TxT7 Tx7 Tx7 o !
T = c ¢ ¢ ¢ ¢ h'x o 1 ‘(S clclclceclc h'% & —'%; j
T L r |
fagk] gk |
nE2 g /; i 2 4 £l
: |
\

P 3-2 Openpose XU 4) 7 P 4% &5 F4 14
Fig 3-2 Structure diagram of Openpose twin-branch network

PR3 3CH) Openpose P28 & ftn F & 3-2, #8070 SCHNOC T RUE S K,
W 70 SCI NAR R 73 2R AN B IS 70 SCIE[RIF B T Openpose P45 457 ()
FWrBe R B Beh, ARSI ol A R IR BUR R AFAE,
FCRFER B, SR JEVE NN 70 SCHIAN o PIAN 23 300 3l R FH X BE R AR 1R 47 55779
SISEAN L [a) S W TG0, A S 5SS L5 B R AR 70 R A B

& R L BAEEEH I AN TEIHR, R NS =(S,S,,...S,), BEHN
NAREBERTT S AN BT B R IR R E A R AR = A S IR 20 AT
LA P A A AE B — NI, A OGRS L ol BRI — HO AR 5 A7
FEK AN NP, WSS A BELAS B B Aok I kNI o AR AR R O 7Y s
Az X L B A R ] STAE N I B S ST AR RS, Sk SR AR R B B

S! FRN:
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NW)em(i——i&) (3-1)
o

X, € R ZRMATMIH 8 k DN AE JA KT SR RALE, S8 o g
fEAE B A LA BN A Ve L, I RS B o B i LA B A B KA R AT 2R
AR ANEGRE, AXXFRN:

S;(p) =max, S;,(p) (3-2)

E I NARER 73 2R M-, TR SRR NARES > 2 [ AR SR o i B R
A7 1 AR SR XS A A7 HfE 8, e A mEEARKL=(L,L,...L)
SRR, Fh R R B MR B R R 4RSI
Al FEARER AL p RossRAK (PAFs) J9:

(p) = {v T NI 3
a HoAt

bR ER A p BTEE AR TS T BRI B v = (X, = X X, = X U
R p SR B, R p ) PAFs A KRE R — PN RAE. BERAp
FIHETERECI O <v-(p—x, ) <l RV, -(p—x, ) IS0y EITHUITAH AR A
)7 A5 B B TR AT SRR, SRR A

(3-3)

( 0) & L (P) (3-4)

RN, (p) SETEIRE 5 p A EE K NN C EIRROAE R R L O T SR
HEHE A, FTd, 2 BRI Pt A7 B T A 433 B

E= jwa» (3-5)

mdu
EXAF pu)=@-u)d, +ud, Konmi P Rmd,  dj, Z AR E
Openpose 25— BT, W52 W4 T 1) 9635 s B AR FE I St = pt (F) FLAfK
AR FBL L = ¢ (F) BERGEEN BN, Hrpty ¢ REFE MBI
FARTFIZH . B4 Openpose MIZHE Yl t N BLA A, TEREAPIEL, 48 ET 2%
H BB O TT REAE AR ER 73 25 AN B, SR A B A A AR A2 R 4
EUGARFAE ST AN 7 SIS i mm &, i Sty LM ilEomoh:
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S'=pM(F,S" L), vt > 2 (3-6)
L' =g (F, S, L), vt > 2 (3-7)
97 ARAL IR 8 TR0 R HE R, AEREADN BT ERAES ST T PR L, 4 R eR A, X R A
172K BRI H 73 AR PR 73 SCIRINHEAT ALY, 72258 t [ B 20 0l 9

Zg=2 > W(p)lsi(p)-S;(PI; (3-8)

=1 p

Zi =Y S W(p)lILe(p)-Le (o)l (3-9)

c=l p

Hrp STy L R AR I OR T m ELAS A AR EE 0 25 A 7 B BEAh, Xt
HHa AR R NAR LSRR R L, SIS R INBL . 291538 R p KRR
(R, SAEW (p) =0, LU ARbR I SRR T RS B R4
JREEAN IS IR RN R

:
Z=>(Z4+Z)) (3-10)
t=1

FES B S AT TR AR T, BT 2 30 53 B Ak = 1) B R Ak DA S B8 A SR A0 A
BRI, LSRR AR AR BCR AR EME . Rl R A . A A RS T
P O SR, AR B O AR ARWIERY DA KBSk A FE AR R IR R
W, SRS RASER AR T, MM T Openpose ¥ 25 B 5147 N FIHER
AT, ARFREABE T MR T B 12 AN OCHROCTT R S B RS T
XL AR SR SR R AR AR LA T AR AR AL, EATX TR 2
B BB ESSEAEEE S N ERWAE . AE. AR ER. RRAE
IR S A PRGN DU 9 5 B 7200 . Openpose 8 s B {5 B4R A R R

S.=1{S;, €S 1< <12} (3-1D)

FESERRN T, 22 N SRS AH R AR AT BE A AL & 2 3 5%, IE T REH
P BAMIEAT N o XEEZ R N ARPESM IS E TR NG R, X255 54T
IR AE T3 a0 N 3-3, 48 H Openpose X 5 A PR AT AR Sl TF
i, PRk BB G PR AR B NG, PR T 2 RIEASMTHEL W EIA
TURINAEAE B S BORB R

o
puni))]

o
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B 3-3 20 A Ah T
Fig 3-3 Estimation diagram of driver attitude
2 AR — A B A, AT DR R B A5 Sk 11 el 1 AR AE A A0 v ) S
E b, AR A TR T BB B B i m K . BT R R AT
FEAERE, SR T — PP T35 B AS B RTRIE J7 5, ol BAR R TH A Nk
AT BAS R, e BOH o BAS T S I BB S 3 R R Al T
GO R B A LR IR

1
S, = max(—_-ZSrh) (3-12)

5 R A BB S 3 R AR T RUR BB, SRR B S T RA R
REENEIREIE . N T O S BRI A AR, KA B s £
FA5 N LL TSON g ZXUA7 At 72 Bk 53 28 25 3 1] o A = e A 45 it S &L
M 5 T, FF HAETAEAFR G TR A7 5 = s e, 4ot f8
B S MRS B 45 ) & — Wi T 45, R Openpose B35 tHEF X2 Db 0 1) 22 254 11
B, XTI T A AR S R R ) & A E B SE R AR R
T AM A S, B 12 DAL e SRR A S e B S
B(X, ) MTEAE B ace = AN T HIAE S o SUREAL 25 3 53 L A0 T B P AR IR —
AN GL2D AERTKETEA, XFEREIR SR EN X 5 T8 . SR, AR

2500 G2 A T BE A 2 DR — A e BE ) 2 Bl SR 2SS A O T R
Bl B — SR AT LAt 75 S0 B A 2 Bk 3 A Al T BT A — A 3, e
TH BRAS RIS Fr B b ] BEA7AE O R 22 57, (049 SR BE NS SE N AS g R0 25 A 25
B, WA )5, ST WiH) B Lk AT VAU B T AR R N — A
G T,12 DA TKE . ZIKEANWE T HE B RN PS5 ERZERN, @
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=]

RN T T8 RO BAS S $R 0t 1 — A A 2 B R A I 2 ] AR e i R

BRI BEK) TSON SCAFAT H 22 ot AFWUERVEIIC S 1 WU 51 AT 2815 2
HARE BN R 7 A R e R AT NV BRI . (EERRE,

A R ARSIt RS I B, U AEXT AL E B A, A DR A 1Y) 52 2
PEFI L SEE . B RAETE G, @ E it — DRI R ATARETAE. 35—,
LL JSON % A7 it 125 B 53 28 350 25 L K 7 - 3 EL B BE AL 70 S ZR SR A A 42
ZAE AR BEORIIE 1 INZREE R TE A2 1, IR 1 RER A Rk, (A5 5 RENS
FEAE B SE EA R L. 5 00, ST R I ZREEFTNR SR AR 28 S A
gl TAE . BB BOAR B 0 BC 1 ME— (S RA%,  JFRIEALA A Be i A2
NFIIH T ARRL AT ARZE o AL LEXS SO AR 2, AT BUR ARSI A B S 2
XN AT bR REFEAT UL S, AT B DR o S8 A BT 3 A A e Ve . AEAR ZE

PR2E CO—C5 7p Xt IR H 25 B, MoKy Aty MRS s IR AT FAE S5 N
T AN TR (25 3247 o

3.2.2 =1L Openpose 4%

481 Openpose M2 IE R, THAEM WA RIERE, KIS
B H BB A BRI & B ST 06, % Openpose #4758 S ALALFE
L EDER, DLERN A& IZ1T L. £ Openpose H1, W48 %O AE
THETRAESRIGES 4, %0 EEAEE T VGG-19 M AT YA, Jf7E K
JEHIN T AN BT, DISSREHERSRIEE 7). BE)S, 3EN T —DNEESRIANAH
Boab s i, X SR Bea i — IR AL B LA R AN B AR A R B BN
BB T AN S, — AN R T AR RO A BAE K, H e A R
OGBS s 1T 55— A4 SO A BT AR R AR BAS 1, DA DG T
B EHE R R . KR Openpose HIAZOJEARTE TRE IS, KA BEFIAIE
B BL, AR B R O R BRI AR 23 o MR 3R 3-1 BuAs s, EMEACRAH —
LT B, Openpose IVERER I CLREIA | 43.4%MEL IR o SR1, M40 bB B
mE AN, BRVEREA TR, X3 48.6%, (HX—iRTHEEIFARE . B
EMI B RIIG N, i8R 73, XToBE N 7R A R S AR . R,
fE# 84k Openpose (lightweight Openpose) FI#Eit A, {7 B WIUAAL I BRI S —
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ANAACHT B, SEIL T i SR A s SR IR T . WIAR ALY B 5 N N ]
B APIRBUE A ALAL, RS BB S At o 4iAL B B A7 ST AT AR AL
BEATHE D AR R, AR B N HER ARG A0 K A THE R

R 3-1 AR BEAART BO R BENZ 58 1 2

Table 3-1 Impact of different number of refinement stages on accuracy and arithmetic volume

R EBHE REZEE
F 2% n/a 37.8 GFLOPs 37.8 GFLOPs
Conv4 3 n/a 2.5 GFLOPs 40.8 GFLOPs
Conv4 4 n/a 0.6 GFLOPs 40.9 GFLOPs
HIHEACHT B 35.5% 2.2 GFLOPs 43.1 GFLOPs
B B 1 43.4% 18.6 GFLOPs 61.7 GFLOPs
bR 2 46.2% 18.6 GFLOPs 80.3 GFLOPs
BB 3 47.4% 18.6 GFLOPs 98.9 GFLOPs
ALl 4 48.1% 18.6 GFLOPs 117.5 GFLOPs
LB EL 5 48.6% 18.6 GFLOPs 136.1 GFLOPs

N ik — B SEI M % S5 B B2 24k, R MobileNet # X VGG-19 1E 9P 4%
ET, BB MR, SR, MobileNet [ R4 45 HIMINT R, SRUK%
BN o TERSAGUHES T, O 7 R R 8 i, AR O A B I 1) )
BR, BHREMRERVCEREREE, R RZE. 1AL, B8 s i = =R
AR BEAE 2 ) B — 8 (N BRE R A M, D RS2 BT 1) K /N A A T B R M
HATEERM

(a) (b) (e

K 3-4 ZiEM
Fig 3-4 Dilated convolution

N T ERIESZ BN R, AT SN T RS IRIE BRI LY KRR
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PRS2 o 2T AU I AR B AR N B R, A RO AN Y 0 2 B8 = R
FENIER TS, HRTT 7T AR ISR AE ) o 1205 i S 1l AR
AL AR RS DABS RS2 B, H S AR AT e AR 15 B R R . i 4
FARERS DR AR R RN B RIS B ORAE S B 58 B, 30 TR 5 R Hh 47545 R
MMM EREE, SEFMGHMEL, FREHFEN T — NEEIBESH
i 22 R R R e B ARt ou 3 Z IR R (A B A, B e 1 IRS2 B I8 KR
AR AR G RRLA T A FIR RS B RN, 3-4 fos, = AN SR
RN BIAELHAT B, K 3-4 b (2) NhrHERI3x3 BRI, wiH=xR
N1 GEESRIBINEHZ) 5 B340 (b)) SREZETHREERN 2, KZE
T REN T 7x7; B34 (o) BRI BIEIMN 4, BB 29
KE|T 15x15 o XA i i 5 2 Aok RIS 1 RS2 B R/ 7 v, iR 245
BIEASE NGRS EE T, AR K 7 EE RS, Amitm 1
T RS RE S AL RE -

e, KGR +MobileNet [ & AF S B BU N 45 3, DUEREA
1] VGG-19. 7EREAILALER P B, XTH 84k Openpose #EAT T 9 77 THI AL -
— 7 THI R S5 B AN TR 23 S S B — AN G BTN 4y 3 FLARSR B, ] 3-
5 FEM R, B4R Openpose BB FEREANHr BUAR I E 1 P> S5 A AR AL T3 23 52
ACFES H I 7 A AN R B B 45 2R O 1 BR AR 45 s SR, i H S AU 1Y) S
K3 3E IR A3 W 3-5 BTN, & 975 B85 SCHEfi B B
A I Ix LB AR ERAE 73 AN T2 3, 73 e HE SR B e ) LA 20 A AT 2R A

RO XU DR PR BE R [RIIN, A Rb R TR R T S R A .

S|

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 3x3,128

Conv 1x1,512

Conv 1x1,512

Conv 1x1,512

Conv 1x1,512

Conv 1x1,
PAFs

Conv 1x1,

Rt

Conv 1x1,
PAFs

Conv 1x1,

R

XTI 73 32

—_——_———e—_ e e T M M L M g

B 3-5 JEUUa T 23 SORES T 73 52

Fig 3-5 Original and combined forecast branches
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I3 J5 A A RGBS AR A BRI, BRKER A
AR E, (Hih SR WA NI S8R IR A NSRRI 45 & 2T
R, AT DU DA A () S 52 B 1) [R) B 42 2 PRI S . Wl 3-6 o, fEfdm— A
3xBMEM PR 2 WG, (XN FIRAEINIRSZE 5 77 (1)
EHZME, HitEEDN TR . RN AR MRS AR ] 722 Beai, L
B DERTH M BT RE -

|
L4

‘ Conv 1x1, 128 ‘

l Conv 3x3, 128 l

| Conv3x3, #i%=2, 128]

q

A
K 3-6 A0 7x7 B

Fig 3-6 Instead of a 7x7 convolution

3.2.3 ET GCN BB RIT ARG E

Sijie Yan % NMINEIBRMZMLE LR, 456 7 M aE 5 2 0] K5
R, HE T S BB L (Spatial Temporal Graph Convolutional Network, ST-
GCNDFEZ [ 4EFE b, O T TG RO SR U 3 UL I G E B, KA T GCN
KA HEAH 41 G Z AV JRy B RFAIE , 78 23 ) FH 8 A8 Fh i 2 (R 25415 5. i 4
FEOCT MU (R ADERE R F, SLIL R SRR 1 AP . TERT [RIZERE |, D T 4
SR (A AR A0 B SR B4 AE, S8 T TON, REMSALFEFE RS, BT R 1Ed
PETET AR A R TR) s RS AR Ak, PR 25 T 53 8 A B I I R B A AR i

FARTI S, 2 0] B AR T2 SR AR T WA A i o (057 s BTy J i 2 1) 1, et
HHAT BB RUS S . X P A 5 50 BR B 1 — 4B AR R AR AR S P AR B2 AR
L, FokzoO BARLE Tl i & A& M BRZ RN, W2 a6 B E ™ RUgEAT =) 0
FHIESR A BRIRBBIZKINA KK, IBATEZS AALE x A SRR E T R IE
AR I8 P T RRFAE B DIBR AN, X — I FE AR A B T AR M R RO R, AT
PREH TN & 1R AR AE, AT RIS
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K

£, 0= 1, (p(x,h,w))-w(h,w) (313)

ht wet

Hor p eRFERE, woARE RS, f, RARNRHER,  f, R RE
K, AL

p(x, h,w) = x+ p (h,w) (3-14)

ER, p RIRLL R x O L 5EFUZ NI A0 A (15 3R A
JFRAKxK o BUE BB BT EEAAE M, RHEFRAERG FR=
R o BT R A G AR T AL B phy — 2R [ Do A 2 R BRI, A5 R 4T
SHCR I AEE o WA AL B X G, T8 SZ AT TE AT 2 (8] b (4R s e A
RGOS T SO E X MR R, X R BRI B R 1R AE X
MR [] L )48 AR AT E SO

B(vy) ={vy [d(vy,v,;) < D} (3-15)

Ford (vy, vy ) AN AR A 5 s vy B v, ERALER A, ORI, RR
FERRE p TR p(vy,vy) = vy o FEARFIIATTCH, U E D =128, RIR
85 v, BEAHARIT A A BT SRS v ST SR A AR R DG R, TR T
7 B AR 48 00 B AR 2 HdE 1 Ab PR e

P BRI R B D 2R RO HE R RS, B MR R A R AL B, TS
JE R R R 1 — AN AW B ARG 2r, 7R ) b BRI H — o ] 2 10 R 470 it
FF, #E CNN HY, AR A 3 (A Fr ) 2R 51 R B A s 3. T e G AR T 4R
H, BUEE R HH E O KR T R E AR, ASFARR TR 3R A s ) Lk
A G SR8 5 AN B BRI B, 1T B 22 M 28 & 1R AR R TR PR 41 5% 2R DA S AE B
it Es e A B BARKITT S, AN B O RS QI OC B 5 20 T B — AR RS
A2 0 s vy BIABIREE S B (v, ) Rl N K AN A BCE hR 2 i) 14 . XA o3 07
AR E B R ARE T AR AR 0 sk E AT B MR 5. HARXEKIERN:

W(vy,Vy) =W (I (V) (3-16)

FEREATIT 25 5 A B R, SN T BB P g A () JBAR, IRk T

SO R A BR BRI A B o MOk AT 1AL, 3R
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1
fou (V) = i (v ) - Wl (v ) (3-17)
o VtiEBZ(Vn)Zti (th) ! e

EHL Z () = g (V) = 1 (v P ARERIS BT BB 1 (vy) = (v V)
RER R TE.

B 2R RIS 2 3 2R 32 AT AE A [R]85 77 e 7 2 8 ot 2 [ PR s (1] 3 a2
b IR R vy A R QB AT I R A X R AR, HRIA U

B(vy) ={vg [d(vy,vy) <3 |a-tI<[T/2[} (3-18)

Horp T AR WiV L q Sy QB ZE —mit,  ph 77 s TR] 35 A0 2 A I

Frtk, DRI s 2 R 3 B 7 AR AR RS ST T A LA T R0«
lsr (V) =1 (vy) +(q—t+ [T/ 2)xK (3-19)

AERH GON B EHR AL
PG If W (3-20)

U, SRR R RN A, TR S TR AN R TR R
Bl BEAN, BEINT BEBSERE A= A+, BLUBIIRE A A SNEE; [
I, DOAERRE, FLAH TR N BT S E R A R, R T T
P RIERE RN ERGEER: &E, WK TGRS EES, XESHE E
IR P IL R R T B AARH 20 N 2% B AZ o LA, AT R 1 A5 28 R A A5 1t Acb 2
IR H Al o IXREAMNRERS 7 70 ) I ) S5 R 15 8., b Reidd I g Hokiiik
BRI PERE,  DASIZ IS A 0 I 2 B A AL 3

H—1k (128.128.2) (256.256.2) “FHJiiLE

P e Ty — e — —_——

(64.64.1)  (128.128,1) (256,256,1)  4=iffi)
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Fig 3-7 Graph convolution based network architecture for driver behavior recognition
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Fig 3-8 Embedded implementation on Jetson TX2
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Table 3-2 Experimental Configuration and Environment
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Table 3-3 Accuracy of driver behavior recognition on a handmade dataset

TR
P 48R
Split1 Split2 Split3 SRR 2
ST-GCN 84.20% 84.49% 85.56% 84.75%
En-GCN 92.12% 89.78% 88.31% 90.07%
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0.000 0.050 0.000 0.068 0.8
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Fig 3-9 ST-GCN experimental results
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Fig 3-10 En-GCN experimental results
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BT 12.9%, 1T AR R WMIRTF T 2.2%. X eI 5 76 /i B 1A 2
B A S AL T AT AT BN 8 R0, R T HR T 4 B AR U 22 B

Y

R 3-4 FLAT IR X HE

Table 3-4 Comparison of algorithm detection speed

P A Y I B
Openpose 18 FPS
Lightweight Openpose 24 FPS
ST-GCN 19 FPS
En-GCN 26 FPS
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Fig 4-1 Flowchart of multi-branch fusion driver behavior recognition network
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Fig 4-2 An overall framework for multi-branch fusion driver behavior recognition network
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Fig 4-3 Motion vectors and residual errors in adjacent frames of compressed videos

(a) (b) two adjacent frames in the video clip; (c) (d) motion vectors and residual errors extracted

from P-frames
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Fig 4-4 Overall structure of multi-branch lightweight spatio-temporal convolutional network
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Fig 4-6 Schematic diagram of the spatio-temporal feature pooling module
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AREMRE =N AR LG MBI B, @ =AM |
J6, 3 IIZR RGB Wisr 32 s8R & SR ZE Wiy 32 Hk, AR IERL &
BRA S SIS Ba, SRR AT 2R 5 2] . gz,
fitwm KNG EN 10; = RYIGEMN Se-4; IR FERFEE 200 epoches. HHT1%
T HARARACBIRL Ry, 9 1 SEBUAGE 7338, P IRmIE, HOm22% TSNP
i R R A RO K AN BE(K =3 JR BRI REAT P34 o 78 28 AR B,

AEAEH ffmpegl WEACHSHRE T MPEG-4 Y 45 1 S MEATR, 73X PR
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BN, 1M, B8 m E MR RRZE 2T . TR, B2 EEEIRm N,
LT Sl & W B 0 B E RS Frit BESHSHE W FRIR.
* 4-1 HSHSHEHE

Table 4-1 Reference value of hyperparameter

SH %M
fhE RN 10
RREIR 500
WM ) % Se-4

)RR K 100
PO RIER LR le-1
A B T ik le-4

B E 3
TR 0.6
RIS 5

432 SEWHERG S

(1D 20 XM RE V-G

RESRH L 9 SR SINELE, 43 AL Tl 183 M AR AR IR . 1E
XH, 727K RGB 77 3 (RGB). 183K &7 3 (MV, motion vector) MR 1% 7%
533 (RE, residual error)BEATRAE R A2 5 AN, FERI 4 Hmh & 5
W B P25 0y S S A TR o AR SRS FF) HE B 28 R 23R 0 R 3R 4-2 BT/ - RGB 43 3 F
H ShuffleNet-V2 %I MA R, @8R & MK RIRZE 7 LHMH 3D-
ShuffleNet-V2 0.25x i3RIz a5 5. A3 4-2 FATLLE H, RGB 7 SCHIHER 3T
i TIEsh R B LRRARIR Z 53, BN 1AL & 5 18 UE S, JFH RGB
X B E AR CLBIER . R A, RGB 403, 83K & 3Rk
RRES LM EE AHPU-SET ERMERZRIER] T 93.6%, T 550N
TEVH R AT, AT th 10 2 43 S48 A 2% 2 400 (1.78MD, THE AR (0.239
GFLOPs) , AbHEEH (FF Jetson TX2 b2N 32 clips/s) - AZ [N AFF T 14 FH
MobileNet-V2 1 3D-MobileNet-V2 0.25x RAJERINI I Z 7> L4 (HLE R,
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To1e e N AER R I & THEACE, 'E4#859 T ShuffleNet-V2 F1 3D-ShuffleNet-V2
0.25x HIHA .
42 BRNLR Ay SO0 T I B S R VR B R AN R

Table 4-2 Accuracy and efficiency of driver behavior recognition across network branches

HE
MABRA wHE  SHEE FLOPS \(yipatA  Jetson
2080TI TX2

RGB 79.9% 1.36M  0.049G 358 clips/s 73 clips/s
MV 73.4% 0.25M  0.087G 547 clips/s 92 clips/s
RE 77.3% 0.24M  0.117G 446 clips/s 83 clips/s
RGB + MV 88.5% 1.66M  0.126G 235 clips/s 40 clips/s
RGB + RE 89.8% 1.67M  0.158G 224 clips/s 37 clips/s
MV +RE 82.5% 0.57M  0.198G 264 clips/s 47 clips/s

RGB + MV + RE(ShuffleNet-V2)  93.6%  1.78M  0.239G 152clips/s 32 clips/s
RGB + MV + RE(MobileNet-V2)  92.1%  2.89M  0.246G 109 clips/s 21 clips/s
(2) RHERb G B BE VAL
RENIR T B EEEAR (CLCM) Al 28 =2 itk (STTPM) %t %
P2 53 SCRA AR 2t . CLCM & 4% P RAFAE ], STTPM H T B A4 ERL &
SRJG 3 MERH CLCM A STTPM DUAN [ (¥ il & SRBE SR 2H A X248 50 o o8 B2
R 4-3 FioR.

R 4-3 ANTFI LA SRS TN B G AT IR AR R

Table 4-3 Accuracy and efficiency of driver behavior recognition under different fusion strategies

Rib-& SREmE AHPU-SET
oy ER G 91.0%

I [t Ab+ 73 E R 92.7%
CLCM-+4r $ifb & 92.9%
CLCM-+R A& 91.3%
CLCM+EH:fb & 92.6%

CLCM+STTPM 93.9%
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B, AFEPAET CLCM TERHERE 7 A k. CLCM A F R A5
18 SRR IS R AR PR e i 9 2 TR RFAE B, SRS I8 I Ix A AR =N I 2% 03 SCHR RS
Ko A PR AT AL PRI SR AT ALk — DR . SR, AIZBh RS 3P R R AR R
Z0 AU 4D FHEE B e ROWHT | D e REWHT AT DU R 3D KR
AERRTC R RIS g R UE, BT MR Ay AR5 — i ) e 3
B, WBBNRES LR RZE 7 SCHREUH 1 4D FHEE R e ROHT
FO e R&MHT 0l DUFE T Wi [AIBEAT SR P35 . RS SRR, IR AATE
Hh ) E R AL A BT AR, o, CLCM 7 AHPU-SET LR Eik%] T
92.9%.

Hk, AR T BARHERE AR SRE, Bt T STTPM Bk E & 4
MAEEH LR . MBS RSN, $H—, 28EE: SHENM% ) i
(15> KA BORAT 8, DAL AR S 5 GAERN . 3=, Mmals: HNE

28033 X, Xy FH X FEBARAAE ) AR I, AT 2 E SRl 5 IR RFAE 1) 5]
PARIE R Rion = X, + Xy +Xg o 6=, BEIEMG: BB X X, F X 12
IR T B B2, TR BRI R gon =X X o Xe | o MEFATLUREL, 4%t
A HOER A A NG A S T E R AR . STTPM f# Fl —4E 50 =2k 1
A R A RFAE RS, A R AP =M IE Rl & s R B4 . i B
CLCM+STTPM 7t AHPU-SET _fI#ERfZIEE] T 93.9%.

(3) IR ZE TR SR PR RE VT A

TENZRMT B, FTRZ T T AT 28 M ARA . iR Z8 TRAE AR Y e 4 AT
O RS M A, BT IR AR A RE T D L kD B
THFE, R (AR RN AT R . BRCR L, M 12 Il A ] DL
PR 7R AR, (R IR AT HE 1) 22 43 S B 10 D00 4% SISO B VR 1) 25 s SR S AR 3 o AR
B AR AN R R 2 TS R SR S AN RS2 R XA NN LRCN MIXUA 13D A 4-
4 AT DUE Y, BN CNN B LRCN AE 2 BRI, #ERA 22 35 B 52
X CNN Al LRCN [JRE /785 T BT th i 2 A iy, R 3 9 2 1 AL 1 A
HI, JCESEILE] S22 5] . XA 13D ¥ Inception i) — 4E5 AUk 32 K = 4k
LAE AT, TER RN ARG RRITEE /). R 13D FE NI, 18
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AHPU-SET ##54E ERIiRBIHER 2 =18 96.7%.

SRS AP ZRIIEET MMHHE A « AFRESECR R
YRR T EIFTR . MESHT MAREN S 0.6 B, KB T AHERE. L
WHET =5, A=061FARREKBIZHHE.

96.25
-96.00

0.2
97.0 ek
~0.4 -97. ~0.
E(ﬂ *gﬂ -95. 50
® 965 &
@ @ -95.25
~0.6- -96.0 ~ 0.
~< < -95.00
-95.5 o4 75
0.8- 96.40 97.00 = 97.40
950 94. 50
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T GRIBIRED) T GRIBBERE)

K 4-8 AN[RIEE Z R RE
Fig 4-8 Recognition performance for different hyperparameters
R 4-4 ASFIEITERL AT 2 30 AT J9 iR ) TR 2

Table 4-4 Accuracy of different teacher models for driver behavior recognition

ZIFRRY AHPU-SET
T 94.7%
X CNN 95.9%
LRCN 95.2%
W 13D 96.7%

(4) 5PARBR LA

f£ AHPU-SET ##a%k il 5IUH 7O t, AT SR 1 il ALY )
HERR BE AR R, LRBC BT DL WSS 88—, BT IR 5 o1 0
ResNet50, MobileNet-V2 1.0x, ShuffleNet-V2 1.0x Il MobileViT; 28—, MRS
BYRFE £ 2] J7i%: TSN, LRCN, R(2+1)D, ¥ I3D, SlowFast, Vivit Al Coviar.
£ Dell TAERSFN Jetson TX2 MR A& L HEE FIRFELBRAGAT L, &R
RANTR 4-5, NAEZ LR AT TR BRI R FE AN 583 2 B 1 LA

55



TR R A2 18

R 4-5 AR AT 2 Bk AT VR ) A HERR AR AT AR R
Table 4-5 Accuracy and computational efficiency of different models for driver behavior

recognition

BE

NVIDAIA 2080TI Jetson TX2

P28 AR HHE ZSHE  FLOPs

ResNet50 89.0% 23.72M  4.124G 140 clips/s 8 clips/s
MobileNetV2 1.0x  85.0%  2.32M 0.341G 248 clips/s 46 clips/s
ShuffleNetV2 1.0x  85.6% 1.41M 0.189G 298 clips/s 58 clips/s

MobileVit 89.1% 5.84M 0.723G 176 clips/s 30 clips/s

TSN 942%  46.88M  3.649G <1 clips/s <1 clips/s
LRCN 86.1% 82.17M 1.063G 22 clips/s <1 clips/s

R(2+1)D 93.5% 33.18M 166.772G 8 clips/s <1 clips/s

X 13D 97.0% 25.82M  215.843G <1 clips/s <1 clips/s

SlowFast 953% 34.49M  36.153G 15 clips/s <1 clips/s

Vivit 96.0%  88.99M 451.637G 3 clips/s <1 clips/s
Coviar 93.0% 86.18M  16.274G 82 clips/s 3 clips/s
AKEETTE 96.5%  232M  0.264G 118 clips/s 25 clips/s

B 72 I 2% R R 0 25 B R AT R A R v B %, (R R B s (R T H R S

. RiEA JetsonTX2 AR T 5. MobileNet-V2 fil ShuffleNet-V2 5 R E K
TP SRR IE Hon g T g e B R, (R PR BRI A AR R . BRI
MobileViTP* 2 3 T transformer IR B, (HAGE@IAA R ER ., BT
RS2 S A FIREARAE — 2 J5 PR % . TSN TREFATHIRMAPITE, 76 Jetson
TX2 EREEIEE/NT 1 clips/se LRCNPOLE DLES& Wi fE] 4h WS oA HbR, #1172
W& 1 i fAlIE 315 R, £ AHPU-SET a4 EHEMZ{UH 86.1%. R(2+1)D, XX
i 13D # SlowFast /& 3D CNN H T 7% 2% 2] ) = Fp A8 & . R(2+1)D £ AHPU-SET
ol B RIHERZN 93.5%. XU 13D 7E AHPU-SET %4 FHUS T 97.0%¢E
W, ERIFTESRENRS, AEHTMARRS. BH Vivitl2 —fhal
transformer (1IN X RAAE SR AN SERY , A5 ISR [F) 4G 1) [R) I .4 o5 RO 22 B 8
Ui Coviar 7&—FhURF I 23 IR FE 5 SIS, LI TH T AL B R 450000, ="

SCHBG R ZE M 48 A RGB il 188Kk AR ZE PSR L, s R
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# W], Coviar f£ NVIDAIA 2080TI _E~F4 1 IR AIKE BERI SRR, BAERRA K
& PR B RN P BER . AEB T, 2% Coviar 12 THTHETE
AERAN) 22 70 3B T ST RN AR, AHE 2T, AT RTHE A AL = AL
(¥ 2D/3D HBRAFATR R F 2T, HAWI 2 [ K /N2 Coviar I—2F, BUTHE R
BB . R, AREHEH CLCM A1 STTPM fft & i) 25 5 A1E B DA K A FH iR 2%
TRACAG 2 AR RRL, DRI 1R 1 B e A 22 TSR (XA 13D) « A F AR AUTE AHPU-
SET _FIHH#ERRIEH] 96.5%, S%& N 2.32M, FLOPs N 0.264G, 7 Jetson TX2
I ARGRIEEE N 25 clips/ss

4.4 KREBING

AN FE [ H bR A S HGEE A B AR AR S T, AMA R RS LI R
ANSI R 25 Bk Gz (IR o DA, ARERYE T DHTBTR R S SRR OR 2 3]
AT BB R B ERS . B 5E, ARRM 7 20 30RrBA MR, Hp—
NS BR R A BN S PP R , A7) SO R B = e
AR L8 73 IS B R BN 22 iR 22 o ST TR 2 o L, AR T 1 5 RIER
BRI 25 = 2R VR AL RS, TR FE 70 F P AP EG 2 A2 Bl 2 2R 2[RI T AE AR AH 5K
Veo )i, KMIMAEZEA TR, WA B R SRR AR ICE AN RIR . SEIR 4 R
RWT, P R A A 2 Bk 53 Sl RV 5 T [ A AL 1 e o Ak S R S I 1
R o AT H AR R Dy B 1 2 300 5 R S 2 3 A s AR RN SR A 17 AT AT (i ok
Ji%, ARt BRI RS, $R sl R KT
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ELE DESRE

5.1 TiERLE

WX 4 AT O O BIARAE 1 vh AN AT BRI — B0, BB 53 AT 9 AN TR SR S
S AW EEE R . N T A ROE AT E F AR, HERIR ) B 5 R AT
R T I RHETE R OCH B BT, AR SO DAEL B A I AT N I I S AR
WHTEX R, AEXZ AU S B AT T IRAIRTT, R T & TIAXT &
A B AT NIRA T, SIS ARIN . ELAR PRI TR R R

(1) VEARERYS 2B AT R QUSRI AR BT TR, A IF S ah 1 2 3T
DR IR T R FIAE DG ER R A, X I 2 AT AR BRI A M s A T
HHEAD -

(2) AR 7 —FdE T BB AR A B mAT v ik, IR 1
1T NEESE AHPU-SET PAIGUEHA 2t . R 46 3EH) Openpose £i A, B ki 4
P B B 535 R B A, DU S dr i e 25 3 53 B AT WAt T4
Bhas YIRS IR, Gl R BRI B2 B G B SRS, Rl e T LR B B
PE, Wt 17— PP M 1) 25 b GRS I 3 IR TR, DLR OB K B E (5
Bo FETRX BN 2, B2 R EIGR A Mg, M 7 —ME R
B GAT IR . T I SER I RE, JE A MobileNet 5 23R AR
Openpose AT T HEAALEE, B2 F TARAR TR . SRIGEE BRI, Z07%
£ Jetson TX2 b Refg SCIL S0, HERAR 27 A Frig 7t

(3) ARSCIRMW 7 —Fh Ik T R4 WA 22 70 SRS B 3 AT N %
T MEARRS s AR BN AIIZ S5 B, Wit T 2 0 R BB N 45 1t
IR ERL . BRI S, — 0 SCRIVBEE I 45 RN 48 R A IR LR ;
TIP3 N 38 i S g = 4B R 45, 73 0l AN T2 5 [ e R 22 Mt 27 =) R I
I R 245 2 045 B o it — B S m PR, et 1 8 2 0 e ORI I 2 i 5 A
F T 25 22 7 S H 45 R o X SE AR B 08 78 0 A AN [R] 70 SRR B RFAE A
B TR AT F I GE 77 TR AL B ] B P SR AR FE G BT T %, K

FH IR 2 VR A R R A X — BRI o 33 AN et 2 B PO IS 2 TR R 2 ST R R i o
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FMNEIFRIR, K FOT A B P H 10 22 20 SCR B AR b, DTt — 2 B TR R JE
2 J7%AE AHPU-SET $da4e BT 1 iHRLSES, R 1 L OumE.

52 T1ERE

PR B ST NIRRT, ASCIIREFCIUAS 1€ EERE, B
e AT, R AT N B

(D) REALCHE T DB AT R ISR, EIHT Mk
IR 5 A i JR) R T/ B U 2 AT D9 IR 3] 32 2R I8 B35 12 SN M T2
oK, R B AT R SR I w Ve TR P YT . FIN, B8R E T
] B AEAE AN F I () B, 3 7 22 [l SR8 R S A 0 Bde &, DURA DR A Y
FEAFDEREE AN IS E PR A HERA 1% -

(2) & Openpose FEAS I ANARZE 505 T B 1 BRI EFETE, (EAEBHE
TP EFRE SN, HAEREV I RE2 B, SEUREN 4. I
bb, T T AEE BUE BB R AT VIR B A AR AE S M RIRTE . 9 T e iR
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