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Abstract: The current focus of intelligent automotive safety development is on actively preventing collisions.
When an accident is unavoidable, intelligent vehicles require a safety prediction system to provide
decision-making references for the adaptive restraint system within the vehicle. To this end, this paper
establishes a driver injury prediction model for rear-end collisions in passenger cars based on the real accident
database CISS. Utilizing a Stacking ensemble learning algorithm, the model employs five types of
classifiers—Random Forest, LightGBM, XGBoost, GBDT, and CatBoost—as base learners, with a Logistic
Regression classifier serving as the meta-learner, thereby constructing a two-layer ensemble learning
prediction model. The model takes vehicle motion characteristics, restraint system features, and driver
characteristics as inputs for the driver injury prediction model, with the maximum injury level of the driver as
the output. Experimental results indicate that the constructed driver injury prediction model achieves an
accuracy of 82.9%, surpassing that of other individual machine learning classifiers. This model can provide
decision-making recommendations for the adaptive restraint system of intelligent vehicles during collision
events.
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Table 1. CISS Accident Information Description
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Table 2. Preliminary Characteristics
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Table 3. Combination Features
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Table 4. Input feature variable
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DVLONG il 43 B 3 YfE: 21.25, trdEz: 1141
CURWTRATIO B BIfE: 097, FRfEZE: 0.27
DVHEADANG Tl 3 P AR X ) £ YIME: 8.87, brifiz: 42.09
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BELTUSE ST AL e Ay AALFH(0):125; % (1):981
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Figure 1. Distribution of missing values in the dataset
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Figure 2. Schematic diagram of interpolation principle
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Figure 3. Distribution chart of data before and after interpolation
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Table 5. Dataset label distribution
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Figure 5. The score situation of each learner's F1 score
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Table 6. confusion matrix

= 6. RIEER

T
T el S
= TP(True Positive) FN(False Negative)
=2 FP(False Positive) TN(True Negative)

BLEE 22 08 IR 7 RAR MR A e 2 RS2 . HIRIZE. F1 2080, 2% TAEFRHE (Receiver Operating
Characteristic, ROC) MIZREE5% . ML 5 2] 70 B VAN T b A HERA R L 50 A X S R,

Bl 210 W 7 R edn A HEm 2 . KGa . HEIE ., Fl 408, 23 TAERHE (Receiver Operating
Characteristic, ROC) M2 5555 . ML 5 > 43 KB (PN PR b Ef 2, i A L R R,

TP+TN
Accuracy =

TPIEPTENTTN 3)
TP+FP+FN+TN

HER R B PPN Y AR IR BE L (E SRR AN, DB AR > B 2B h i, R R AR AL E AR
AR, M AT E AR T DB R T BE, R A STAS DAHER A E B I DA 4R b, T2 I FERG A 2
HIEIZ L F1 B AT TR TP R bR . ST, AR F1 280k E AT
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T E T _E A28 R E R R R, 40 Chen R0V sk 55 74 BF B 2 S0 OB S a1 28 T WS A AR 25 I
I 307 VR & 228 B B A TR AR, AR MR R RS RE N 62.73%, iDL L VR4 RE 224 R G0 w7 A TR R GBS
FEHESR, HIEAERRE bt R0 38 S Wumlf 4 sl A0 &, 3K n] Bt 2 HORE BE R S Rl 2 — o A SO T ZE il ik
JZETHI R AE A 1Y) Stacking £ A0 497 TROMIASE Y 7E 5 I br _F 38383 17 Fik3) T 82.8% LA &, BeWE &I 5 he
LA T AL G 2 B A B U SR R 23K . stacking Y 118 R S T 5 453405 IO Re A AE — e R T FORNIR R e
GERFPIVRRES %, Bl T HEIREER R RN, D SRR (A, 3230 Pl 5 2 4 I TR B %1
T 155, MU BIENL R R AR A T RIEHBERES . Tk, C@8fF a5
%, Bance %5NE I Madymo 5 Lsdyna 583347 A o 55 2 WA 3, @i W vk 2Rt 1 ikt 3fe it
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— P AIS GRS AT 0 RS AG THAESS,  REA8 PR A AT 36 S 4 4 TN, (FUER TR 240 14 1) 0 )7 A Al i 3fe £
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Table 7. Optimal hyperparameters for individual learners

R 7. MEEIBRRBSHLIR

Ho) 8 RS
RF VR 301, MECKIRIE N 10, T i b REAR S 2
Lightgbm B VRS 3, T4 i 4
Xgboost YRR 101, RHEKIREE N 4, 3% 0.7,
GBDT VSRR 343, B KIRIE 9, #3213 0.15
Catboost JEARIKER 39, HE2)E0.18, WEKHIE 12

Table 8. Prediction results of individual learners and ensemble learners

&8 MEEIBRERF IFMUER

Accuracy Precision Recall F1
RF 80.67 80.37 80.66 80.27
Lightgbm 75.71 74.99 75.71 75.21
Xgboost 79.18 78.93 79.18 79.03
GBDT 82.78 82.57 82.78 82.62
Catboost 78.93 78.63 78.93 78.61
Stacking 82.90 82.80 82.90 82.80

4 B&

ARICHET R 08 B H MR S B 7 —FhHE T Stacking A2 > 3 1 4238 R o i 1) 725 ik 5 4 PO AR Y
HSEIEEXT CISS Hudl AT Blaim v PUALEE . Rk TAESE, 159207 LU T BN ZRaii 475 PR A 2 1) 5 B 44
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FEARSK AT DU 2 PR IR S i 48, AR R =S, MBIz e EF . 2) AU
TIBREMP AR AR, R R NZOCTEAE H AR F M S R A T, WuRE . MARESE, i
TR SRR AL . 3) AU FHloh 2 30 NRIREFE, AT S serb AN 53453473 Tl 452 4
PIRIEFE, (R REEI e A, SO MR IR 22 4 TRUIIASE B 2 6, 25 225 T N A P 1) B A7 2 5 AR 40 4% TR0 A K AT N 45245 7l
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