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Abstract: Traditional driving behavior recognition methods have limitations such as relying on external sensor data,

being vulnerable to environmental interference, and being difficult to reflect the internal cognitive state of drivers. To this
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end, this paper constructs a multimodal physiological signal deep learning framework that integrates Transformer and con-
volutional neural network (CNN) to achieve high-precision recognition and interpretability analysis of driving behavior.
The research is based on a multimodal physiological data for behavior recognition (MPDB) containing electroencephalo-
gram (EEG), electrocardiogram (ECG), electromyography (EMG), and galvanic skin response (GSR), and systematically
plans a complete process from signal preprocessing, feature extraction to spatio-temporal fusion. After filtering, artifact cor-
rection, feature standardization and time-frequency transformation, the signals of each mode are synchronously aligned to
construct a spatio-temporal feature tensor to achieve a unified representation among different physiological modes. At the
model architecture level, the CNN branch is responsible for capturing local spatiotemporal patterns and extracting short-
term response features, while the Transformer branch models the long-term dependence of physiological signals and cross-
modal interaction relationships through its self-attention mechanism, taking into account both local sensitivity and global
temporal modeling capabilities. The fusion network adopts a two-stream structure, combines multi-head attention with
multi-scale convolution, and introduces a dynamic weight distribution mechanism to achieve feature adaptive fusion. The
optimization process employs the AdamW algorithm and Dropout regularization to further enhance the generalization per-
formance and convergence stability of the model. The experimental results show that in the binary classification (smooth
driving/dynamic driving) tasks, the accuracy rates of this model reach 94.9% and 98.75% respectively. Among the five
types of driving behavior recognition (smooth driving, acceleration, deceleration, lane changing, and turning), the average
accuracy rate of the model was 85.39%, significantly higher than that of recurrent neural network (RNN), long short-term
memory (LSTM) network, support vector machine (SVM), single CNN, and single Transformer. Moreover, it achieved a
good balance in F, and recall rate. It has verified its comprehensive advantages in multimodal signal characterization and
timing dependency modeling. The model training curve also indicates that this framework has a fast convergence speed and
a low convergence loss value, suggesting that it has strong robustness and is not prone to overfitting. On this basis, in order
to enhance the interpretability of the model, this paper introduces the deep SHapley additive explanations (DeepSHAP)
method to conduct feature attribution analysis on the decision-making process of the established model. The analysis results
show that high-frequency electroencephalographic signals (8 waves, vy waves) and upper limb electromyographic signals
have a significant impact on accelerated driving operations, while the activity and reaction delay of the tibialis anterior mus-
cle have a significant impact on lane-changing driving operations. The method proposed in this paper reveals the physiologi-
cal response laws behind different driving operations, providing a new perspective for exploring the neuro-behavioral hierar-
chical relationship of drivers. In conclusion, this paper proposes that the Transformer-CNN fusion framework can extract
the spatiotemporal information features of multimodal physiological signals quite well. It has achieved good performance in
performance indicators such as recognition accuracy, stability, and interpretability, and at the same time provides applicable
technical support for the constructed intelligent driving monitoring system. It also provides a technical direction for the
application of multi-source signal modeling and explainable artificial intelligence in driving safety research. In the next step
of work, the research on the proposed method under natural driving conditions will be considered, so as to better apply it in
real-time monitoring of driving conditions and continuous risk prediction.
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TEUC 28 ZRRE AL I AR SCIRE T R 5 H
HKWRATSS, DA AT S uE Pr 3 AT 20 . — 81 E
% BTEIX 05 58 5 RS WO S 5 3 B AR,
AT 35 G A2 75 X6 S AR 25 iR 2 i UM RE 07, I R s 2
BAE 2 ) Z2 U BE e SRl . L R AR S 20 A
BT Ry W R 3 Sy P AR Bk s e A8 TE N
45 525 il 1T Transformer-CNN 5 I 265 52 BKS 41 £k
HO .

TEARS R e UG, R ARIESE S i B2tk 5T &2
PR, A SR F 43 2 AR SR, i DR 45 28 Bl AT 2 A
X153 Lo DA — 3. BRI % MPDB B 4 Hh )
35 A ZIRF AL IR 5 1: 1R A IR A (25 ) (B EAR
(5 ) A sz R 4E (5 N ). F&F PyTorch fE Z2 4 AR
R DA AR R T AdamW , W) 46 2 2] R B Ol 1x107
PE—2E 30 33 815, 76 CNN 5 Transformer 43 52 #4 {ff ]
Dropout ( [ 1124 0.3) , I 7E 4 1% 4222 51 A L2 AU 98
(RE=1x10") , B AR B RAE B e b i F A A9z

RS B 5 S 2 R B — 4 A BT R iR
FESS AR SCHE B Transformer-CNN il 6 9 26 3 1o
XU 2 T 4244, B Transformer 4332 DL {3 & 1 ML
HEE 5 Fof B A A 5 B 4 Jmy B P A, CININ 43 3 I ) ]
B R JR B IR RN AR P i BB A P 23 [ AR, B 2R 5k 2
FR .

£2 FEABERETNER iz %
BT R ¢
RSk 94.92
A 98.75

AR AT B0 25728 B 7 1R B TR R 3K 98.75%
X TR 2 B 7 5 i TR ) R 3K 94.92%. iR S5 FLENIE
T 2SR SR RS R S S B E R T R
Z A B A A AU PR RE T, BB IE T Transformer-
CNN il 75 X 28 A5 R0 A 725 A Sk TNy T P S mti b R L
JESE LA AT 4 B S
4.2 EHEEH

FLAP B AT R UIT S S AR 3R . H#E3
AT AT S 225 B A7 R iR R B € S X vE A
FIK 85.39%. Horbhin e 7 s U ME A 23 5 3 86.09%
336 T ECG 55 XF [ F2 4l 28 D44 J3E (1R A0 Jgm) 3 5 25
Yy U R R 1K 80.06% , B IE T GSR {5 5 % 7 1) %
PRVE N o (1 F AR BE 7 . R I AE R  (82.75% ) 5%
25(80.06% ) I 2 AHAAT A Y X 43T 55, A5 103 o 2
RS AR A S S B 12.7% 1Y X 5 BE$R T, 784>
UEBH T B HE 20 52 42728 3 7 5% 0 RS AR AL F T

®3 TEBRITHBANER {2 %
BTN iR
PR g 89.84
£V SLEl 82.75
L) 80.06
TR 88.23
Jini 86.09

SHIGIIE Transformer-CNN §l-& W28 78 55 2237 5 N 1Y
PERE R 3 A S0 RNN™Y  LSTM 2 SYM®) NN
J% Transformer 13 5 B AR R HEA 7 X6F e S286: | 4545071
oI 3 A 5 Rl 0 285 DR AR T A — B0, A [ AR Y 1) A
AR AN 4 B, I AR R L 45 1, P g
DA ANTE 4 Fs

FH % 4 7] 1, Transformer-CNN fill & W 2% 1F £ 2517
Sk e ¥ S A T LA AR A ), SRR 2 s o A R Gk
89.84% , 4 18 FH% 25 433 82.75% i1 80.06% , il 34 11
Vol 3 A, 43 5] 35 #1] 86.09% F1 88.23%, 1fif RNN, LSTM
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HETR /%
SR _ \ TF, | AR
” TR B i s Wk | PR !
RNN 58.13 44.42 49.86 51.37 47.22 50.20 0.48 52.18
LSTM 69.35 58.21 62.32 64.74 65.75 64.07 0.63 65.34
SVM 62.15 53.87 57.42 59.28 60.11 58.57 0.57 59.86
CNN 60.02 51.75 55.38 56.61 56.98 56.15 0.55 57.91
Transformer 73.62 68.92 64.68 65.37 65.09 67.54 0.67 69.34
Transformer-CNN 89.84 82.75 80.06 88.23 86.09 85.39 0.84 86.19
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CNN HI SVM %A% 5t J5 1 e Aff 4 3% 3 A% T 70% , Trans-
former BAAS AU 7R PR 2 b 5 T B /=X 73.62%. [A] I, il
B MK H L FAEILF) 0.84 X7 [ 2345 86.19%,
G 15 T H A AR R B 0.48~0.67 (F,) 1 52.18%~69.34%
(F W) X R HAUAE R LRI L 7R3
A 53 2 S A R O A 42 ) 5 T LA R I RS
SRR« R X 45 38 40U A (CNIN 2 53Ry 5 25 ] 4
{iE . Transformer 17 £t 4 J5 B5F )5 M6 88 ) F0 BF 23 7 2 4L
il , 7T LA R T 2 B AR FUE 5 iR R AR R

H—gE AR AT, AR Skt B P, Transformer-
CNN 5 JAE T W 3 2 W P A A, HLAE 2 401
epoch Ji7 O 8 TR2E |, A% e A3 38 7E 50 1> epoch 7
PSFFAERE RSN . A, Rl 0 48 1Y e A S AT
0.4, T HARI R K Z 45 7E 0.6 LL I, BB R 7R &2
Ay PO 7 ) iz AR RE ) B s, o HUA KU i
FREAL . FIRZE AR <58 1 CNN 43 306 ey FF R AR 1)
EURRAR U Transformer 43 3% 42 Jaj sl 7 48 1) A 2800
P, 45 G I 2 1R B AL AT B RS R B S AU
Transformer-CNN fill 75 % 26 760G B Fae M A& e 1 L
K gr G
4.3 ETFSHAPHRBEBBRERR SN

JX % Transformer-CNN Gl 4 X 28 7E 5256 v 8 51

o ETR BE A7 ) B 1 AR ™ RE MR S BORT i R 3
55 45 ] O PR G, AR SCCR 3T 1 2R 8 (19 SHAP
(SHapley Additive exPlanations ){EL#E4 T H#fIE I Rl 3 Hr ok
PR B BRI (R P i A . SHAP J7 VAl a5 A e
TEAE T A A RERA AR 2H 6 P i 3 B o ik, b R AR Y
T 25 S 0 A R 35 T 2 B I R B Y RRAIE S
AT AR T AR TR X 4%, 1% G5 SHAP e 3157
RORFD R I 8 AP A& T EAFAEAN L . i T AS
Transformer-CNN VA5 444 8 T2 4R ML A £ )2
SRR S8 FRE S B2 2% IR R ST DeepSHAP
D7 2T VE R R B I 28 %) 6 B2 A5 B ven &80 (RT3
SHAP B , AL T3 38 BEAS MER SR R i
W 24 A % (0 AR 2 5 2R S5 RRAE 5 A S AT TR
BT AZ B AS00 X ARY F %) 5wl AL )

G, K 4 28 A A2 BEAF 5 (EEG . GSR L ECG |
EMG )38 ief /)N A2 42 5 fifk o I ASURRAE , e BEG 2320
8(1~4 Hz) .0(4~8 Hz) .a(8~13 Hz) 8(13~30 Hz) .y(30~
50 Hz) X 5 /93 B 9 D1 3 3 % 5 GSR 73 SCR I {H
i BE ANV AR 5 ECG 0 AR SRR LE/HF U {E ; EMG
43 9 W& 1 WL (Tibialis Anterior, TA) | 45 /)N & JHE 1 AL
(GAstrocnemius, GA ) Fl1 XU B #¢ JL (BrachioRadialis
muscle of both arms, BR) ) RMS MF. LI & 17k
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MF $8 47 8 SHAP (H 14/ F 0.58) B U8 sk , 87 1774
AT R g A HNE A B AT AR AT 2
Gk
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IF, S T 25 B B3 RS HEAS 18] A OHT. PIRAT 9 (R ReAIE
TR 2E 57 T LA 7 AN ) 25 B R AR (o 2247 D LR
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