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Background and Motivation

Driven by rapid advances in high-level ADAS and automated driving, intelligent vehicles are moving from
pilot deployment toward large-scale commercialization across major automotive markets worldwide.

Industry Development Market Size and Growth Trends
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Source:. arketsandMarkets, Advanced Driver Assistance Systems (ADAS) Market, 2026, MarkLines, PwC Research and Analysis, 2026, MarketsandMarkets, Advanced Driver Assistance Systems (ADAS) Market, 2026..
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Background and Motivation

GAP: Purely machine-centric driving behaviors lack similarity to competent and careful human drivers,
which could lead to unsafe, uncomfortable and inefficient performance in complex traffic environments.

Typical Machine-centric Driving Negative Impacts

Increased
Interaction
Risks

Reduced
Traffic
Efficiency

Reduced User
Trust and
Acceptance
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Background and Motivation

TREND: Human-like driving has become an important trend in the development of intelligent vehicles

Risk perception and decision-making process Increased Attention

ﬁ Human Benchmark

[ Human driving data are used as
benchmarks for ADS behavioral
competence evaluation.

Growing (@) Behavior Requirement

International

What is human-like driving? Attention ADS should behave comparably t‘o a
competent and careful human driver.

Human-like driving behavior refers
— * to driving behavior that emerges

G from models reproducing human GB MeEraETE N e e
e N R 6 B E R AR

@ 00—
a7 am-me

risk perception and decision-making
characteristics.

Human-like driving assessment has
become a national strategic needs.

Source: Kolekar S, De Winter J, Abbink D. Human-like driving behaviour emerges from a risk-based driver model[J]. Nature communications, 2020, 11(1): 4850.
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Background and Motivation

INITIATIVE: China’s Ministry of Industry and Information Technology stress the need to evaluate Intelligent
Vehicles against human-like driving benchmarks.
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Existing proposals provide the general concept without concrete, usable rules for benchmark, scenario
design, performance metrics, and assessment methods.
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Methods and Experiments

KEY CONCEPTS OF HUMAN-LIKENESS

Human-likeness Dimension Criterion

How smoothly the ego vehicle's longitudinal and lateral control actions start,
Driving Rhythm evolve, and settle, evaluated independently of when they are triggered and of
(DR) how other vehicles behave.

{ , Ya

How early the ego vehicle initiates a maneuver relative to the evolving traffic
event, captured by timing measures.

(AR) { . min _ }

Anticipatory Response

How the ego vehicle and its interaction partner mutually adjust their motions,
Reciprocal Interaction captured by relative measures such as who reacts first and how closely their
(RI) adjustments mirror each other.

{ , D , }




%Zt%*\‘\%

SOUTHEAST UNIVERSITY

Methods and Experiments

HUMAN-LIKENESS ASSESSMENT : A hierarchical assessment architecture links measurable driving
metrics to core human-likeness dimensions and, ultimately, to human-likeness benchmarking and rating.

Measurable driving metrics definitions

Scena"ﬁ"(based Human-Likeness Assessment Definition Value
LSSl How can behavioral differences between human and intelligent vehicle

nchmarkin ifi
be&csco?in 9 be quantified MO Ego resultant acceleration RMS Mean (1)
g ()
. . . . MO02 Ego yaw-rate RMS (Ya ) Mean (!)
Scenario-conditioned Matching & Comparison
MO03 Longitudinal jerk rate ( ) Max (1)
Core human- Driving Rhythm Anticipatory Reciprocal Interaction
likeness How actions Response How both parties M04  Ego Lateral Off set ( _ ) Max (1)
dimensions unfold When to respond respond
Two-dimensional time to collision .
Mapping & Aggregation MO6 Response delay ( ) — (1)
\/ Interacting-vehicle TTC-based
MO7 aggregated conflict risk index Max (1)
Measurable Conflicts & Opportunities Motion & Trajectory ( )
driving metrics - -
d MOS-MO8, M3 MOT=Mo4 MO8 Travel Time Loss ( ) — ()

10
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Methods and Experiments

HUMAN-LIKENESS ASSESSMENT : Derive scenario-based human benchmark from naturalistic driving
trajectory data, then assess intelligent vehicle performance by comparing it with human benchmark.

BUILD THE HUMAN BENCHMARK QUANTIFY HUMAN-LIKENESS
Empirical human driving reference Behavioral Deviation Quantification
- - Human AD Human AD Human AD
Example of one dimension: RO PO PV BB
— 0.20 H i i i Human reference
¢ , Ya , , ~ ) | i i i AD driving
| ! ! |
P10 P50 P90 e : i |
10th percentile Human median 90th percentile i i ;
I I | 0.10 i i i
0.20 :‘ Human reference range (P10-P90) ’: ] : !
I ! central 80% of observations ! 0.05 = i i i
| | | | : |
015 =1 E i i 0.00 T : ]: - T T lI : T T
| | [
[ | [ AD o
| : : \PiP—Pi|
0.10 - I l | L. APL: 1=1,... N
i | | Driving Rhythm * max(Ps — Pig, 6)’ T
I | [ N
| | | . . . 1
005 - | : | Similarity Score () g, —exp (— = APq), 0<Spr=1
I | I N = ’
I I !
| | |
0.00 . T . '. p— ' . .

T I ] ] L 3
Human driving parameters: be = (P, Pso, Psy) Score for full dimensions Scene = \/SDR X Sar X Sgs
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Methods and Experiments

EXPERIMENTAL DESIGN: A unified scenario-based testing framework integrates human- and automated-
driving data collection, human-driving benchmark construction, non-human-like event annotation, and
human-likeness assessment and validation.

Human-driving v 5
data collection X Data Collection Pipeline [> urg:tr;bar;‘;'"g

Testing Scenario

Test A Test B

repeated tests

> Data Collection ':::::' Non-human-like Automated-
Automated-driving Pipeline events Annotation Driving Database
data collection

12
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Methods and Experiments

COMPOSITE ROAD TEST SCENARIO DESIGN:
Design scenario-based tests which embed key driving tasks in a complex traffic environment and targets

specific human-likeness dimensions.

Vs e N

Scenario: Weaving area; stop-and-go traffic

Test Tasks: Ramp merging & Cut-in / Cut-off &
Weaving interaction

o Representative test

Scenarios Scenario: Highway continuous S-curve;

Define the continuous test
scenario; Cover main
capabilities

-

Key Assessment Points

Test Tasks: Curve lane-keeping & Ramp

curvature transitions

Assessment Focus: Driving Rhythm Assessment  Focus:  Driving  Rhythm,

Anticipatory Response, Reciprocal Interaction
Extract key tasks;
© Evaluate driving
behavior

Trwchowy Cooory

Benchmarking
: Compare with human
= driving benchmark

—_—_—————— e ————

— — — —— —— — —— —— —— — — — —
1

— — — — — — — — — — — — — — — —



Methods and Experiments
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DATA COLLECTION: Hardware and Software Platform (i-DAF from CAERI)

GPS trajectory data

() : 2020

4} ERERAFY
JEERRTH

Equipment Deployment Example

Multi-modal / Multi-view Data Collection

14



Methods and Experiments
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DATA COLLECTION: Collect and annotate driving behaviors of intelligent vehicles deviating from those of

competent and careful human drivers in scenario-based road tests

How:

One-month data collection
3 vehicle models, 8 participants

Manually document and cross-check
intelligent vehicle responses and
driver takeover events

Timestamp and annotate observable
non-human-like driving events

Output:

More than 10 TB multi-source data

Representative non-human-like driving
events and structured taxonomy

Annotated database of deviation and
driver takeover events

___________________________________________________________________________

Standardized documentation forms for recording non-
human-like driving behaviors and takeover events

15



Methods and Experiments

DATA COLLECTION: Document Non-Human-Like Driving events for analysis and validation

Key Question Characterization Dimension Typical Labels

Where/
When

What

Why

Identify the road environment
and driving task in which the
non-human-like

behavior/takeover occurred.

Describe the observable
behavior that deviated from

skilled human driving.

Attribute the observed
behavior to the primary
automated-driving capability

involved.

® O ®6606

®

S-curve,
Roundabout,
On-ramp/Off-ramp,

Urban multilane road, etc.

Unstable following or lane keeping
Inappropriate lane change/overtaking
Avoidance (obstacles, other vehicles,
pedestrians etc.) anomalies

Start / Stop anomalies, etc.

Perception deficiencies (scenario
understanding)
Planning deficiencies (intent prediction)

Control deficiency (Vehicle response)
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Case A:
Risky Lane-Change Event

Where/when: Urban multilane road
What: Abrupt lane change

Why: Planning deficiency
Intervention: Driver takeover

16
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Methods and Experiments

Scenario-based Human-Likeness Assessment Standard and Certification

lllustrative Rating Results

A—

Model 1 Model 2 Model 3 Vehicle TestA TestB Rating Certification

l . (I Human-Likeness WA
’ Certified Vehicle 1
Select Target Test Scenarios '
l Vehicle 2
Apply the Scenario-Matched Vehicle 3 Certified
Human-Driving Benchmark i A = - - |
| i | venicies | [0 | D | BN | @ cortrea
Not
Human-Likeness Rating N Certified

[ I Excellent n Good Acceptable n Marginal =8 Poor ]
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Results and Findings
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TEST A: Continuous curvature variations and constrained lateral space make it challenging for vehicles

to maintain a smooth driving rhythm during motion planning and lane keeping.

Ciy, u

Local north coordinate / m

120

100 -

80

60 -

40

20

S-curve geometric zones: onset, strong-curve entry and tight zones
(a) Spatial layout of two compound curves

/

—— Upbound
~—— Downbound

Downbound C

Upbound C1 entry

T T T T

0 20 40 60 80
Local east coordinate / m

100

~1

Absolute curvature || / m

Absolute curvature |k| / m™?

0.08 -

0.06 -

0.04 1

(b) Upbound centreline curvature

1
I
i
i
I

0.08 -

0.06 -

0.04 +

0.02

0 50 100 150 200

fCiI: onset 82 m, entry 90 mC2: onset 206 m, entry 214 m
: i-!strong-

irve threshold || = 0.015 m™!
set threshold |k| = 0.005 m™!

250 300 350 400

Route station along travel direction / m

(c) Downbound centreline curvature
IC1: onse? 66 mjentry 108 m

[
[
i
|
i

0.00

f(i2: onget 236 m, entry 241 m
i .

<+

T T T
0 50 100 150 200

T T
250 300 350

Route station along travel direction / m
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Results and Findings
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Total Mileage Non-Human-Like Driving Events

9 O 2 km Non-Human-Like Events by Behavior Non-Human-Like Events by Reason

3 vehicle models, 14

repeated rounds per B Type A .

model B TypeB o
M TypeC i

Non-Human-Like B Type D

:@ Driving Events

| I
2.44 events per kilometer Takeovers
Takeovers by Behavior Takeovers by Reason
1 Trigger
B Type A LI
Takeovers B TypeB —
73 o TypeC Hm
B Type D
0.81 events per kilometer
Abnormal Behavior Types Behavior Reason Annotation
A. Unstable following or lane keeping I Inaccurate Perception

B. Inappropriate lane change/overtaking IL. Improper Planning

C. Avoidance (obstacles, other vehicles, pedestrians etc.) anomalies
) 1I1. Incorrect Response
D. Start / Stop anomalies, etc.




Results and Findings

Case Study (Point ) : Active Takeover

The AD exhibited significant path deviation, entering the oncoming lane and ultimately leading to active takeover.
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Where/when: S-curve

What: Unstable lane keeping
(entering the oncoming lane)

Why: Improper planning and control

Intervention: Driver active takeover

Scurve_021 (G02) | Lower S-curve standardized spatial analysis

s=1306m | elapsed =0.0s

(a) Local trajectory

- Reference runs
—— Analysis corridor edge
Untraveled path
= Traveled path

FGO
widow start

26 Jun 2026 | 10:44:22.30

(b) Speed
40 -
HUMAN BENCHMARK

35 | 1'!'.4kl'h h™t
| Time when the vehicle A=

304 I
. behaves abnormally )

25 - e e

20— ""l ------- -I— ____________

Speed (km h™?)

* Time when the driver
! actively takes over

5 |
0 = : \
(c) Lateral offset” :
44 I I
5 . : d=-0.09m

0 5 10 15 2 % 30 %
Elapsed time in the matched spatial window (s)

21



Results and Findings

Case Study (Point ) : Active Takeover

Non-Human-Like Driving Human-Like Driving

s=13061m | elapsed =005

(a) Local trajectory

Speed (kmh™1)
g

Scurve_021 (G02) | Lower S-curve standardized spatial analysis

26 Jun

(b) Speed
40

HUMAN BENCHMARK

2026 | 10:44:22.30

17.4kmh™*

(c) Lateral offset "
d=-0.09m
ot beeeete 0
. Maximum Absolute
i Lateral Offset = 1.63 m
§ 10 15 2 % 30 s

Elapsed time in the matched spatial window (s)

SOUTHEAST UNIVERSITY

Scurve_001 (G01) | Lower S-curve standardized spatial analysis

5=130.0m | elapsed=00s 15Jun 2026 | 11:01:34.34
(b) Speed

404

HUMAN BENCHMARK

(a) Local trajectory 36 o -

208 kmh™?

it Average Speed = 24.76 km/h I

5
0
4
34 d=+0.01m
2
1
o

Maximum Absolute
34 Lateral Offset = 0.89 m

2 4 6 8 10 12
Elapsed time in the matched spatial window (s)

%Zt%*\’\%

Average Speed (km/h)

Maximum Absolute Lateral Offset (m)

Non-Human-Like Driving

Human Benchmark

8.05
20.20 (17.22, 39.53)

1.63
1.34 (0, 1.34)

Non-human-like driving in S-curve: unexpected large lateral offset

22
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Results and Findings

Case Study (Point 2)) : Non-Human-like Process

The AD drove at a lower speed but exhibited significant path deviation, straddling the solid center line.

Camera 7

Camera 8

Scurve_044 (G09) | Upper S-curve matched-window analysis

$=00m | elapsed=00s

08 Jul 2026 | 14:39:45.00

40_(h)3pead
HUMAN BENCHMARK b
- I Time when the vehicle 1e4kmn
Vi - behaves abnormally
(a) Local trajectory T"zsf“_""*-—.___ﬁ”""
—— Reference runs E '-.,_,_7‘_.——‘ ‘--_. _____ —_—— Ees == S - 1)
—— Analysls corridor edge < 204 — R -'"_"""----.__.._____________ e e — T S
o o I e A
. !
) :
(c) Lateral offset I
204 :
: 154 I d=-045m
{ 1.0 =
Where/when: S-curve , '
window start g ==
What: Unstable lane keeping i e
(straddling the solid center line) :
. 154 I
Why: Improper planning :
-2.0 T 1

Intervention: No

Elapsed time in the matched spatial window (s)
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Results and Findings

Case Study (Point 2)) : Non-Human-like Process

Non-Human-Like Driving Human-Like Driving

(a) Local trajectory

Speed (km h™Y)
8

Scurve_044 (G09) | Upper S-curve matched-window analysis

5=00m | elapsed =00's

08 Jul 2026 | 14:39:45.00

(b) Speed
40

354

304

3

0

20

HUMAN BENCHMARK
........................ 184kmht

| Straddling the solid
center line

i I Average Speed = 15.40 km/h I

(c) Lateral offset I

d=-045m

Maximum Absolute
Lateral Offset = 0.58m

4 6 8 B
Elapsed time in the matched spatial window (s)

Scurve_001 (G01) | Upper S-curve matched-window analysis
s=01m | elapsed=0.0s
(b) Speed
40 -
HUMAN BENCHMARK
35 |- Sl
04

(a) Local trajectory

kg

Speed (km h~1)
8

[

)
4
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15 Jun 2026 | 11:01:49 58

29.8kmh~!

Average Speed = 19.26km/h

= l
0 T
(c) Lateral offset

204

154

d=-019m

Maximum Absolute
Lateral Offset = 0.30m

3 i § ¢
Elapsed time in the matched spatial window (s)

Average Speed (km/h)

Maximum Absolute Lateral Offset (m)

Non-Human-Like Driving

Human Benchmark

15.40
21.77 (17.90, 39.53)

0.58
0.40 (0, 0.40)

Non-human-like driving in S-curve: unexpected low speed with large lateral offset
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Results and Findings

Human-Likeness Driving Performance of TEST A

Model Score Rating
Model 1 80.4 B |
Model 2 82.8 B |
Model 3 64.3
® All models show suboptimal performance in

Lateral Offset and Average Speed, with
substantial differences in Driving Rhythm relative
to competent and careful human drivers.

® Model 3 shows less consistent lateral control and
a more unstable Driving Rhythm, with a lower

Lateral Offset score than the other two models.
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Lateral
Offset

Average
Speed

Model 1
Overall: 80.4 | Rating B

Model 2
Overall: 82.8 | Rating B

Model 3
Overall: 64.3 | Rating C

Driving Rhythm, characterized by lateral offset and average speed in S-Curves, effectively captures
behavioral differences between the tested vehicle models and competent and careful human drivers.

25



Results and Findings
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TEST B: a high-density highway interchange featuring multiple merging, diverging, and weaving zones,

creating challenging scenarios for interactive decision making of intelligent vehicles
= __

Reservoir iy, |

Tk . 2 '@I

engRd ~ + Jincheng Rd -

Dusong Rd

Huikejun One-stop
Living Supermarket 0
EEE A EERTH

@! Yusongly Jot

[

YinshanRd -+

hn Rd

Complex Road Topology
Closely spaced ramps, merges, and exits require accurate
understanding of lane connectivity and route intent.

Frequent Vehicle Interaction

Vehicles on the mainline and ramps create dynamic gaps and
negotiation demands during merging and diverging.

Limited Maneuvering Time

Limited distances between merging, lane-changing, and exiting
sections leave little time for gap selection and maneuver execution.

Rapidly Changing Traffic Context

The surrounding traffic configuration changes continuously as
vehicles enter, leave, and switch lanes, requiring repeated replanning.

26



Results and Findings

2 89 km By Behavior

0%

N

2 vehicle models, 37
repeated rounds per
model

@ I ~ Non-Human-Like
| \@i Driving Events
- 318

1.10 events per kilometer

&

By Behavior

1 Trigger """”

/.\ Takeovers
58

//// 0.20 events per kilometer
Abnormal Behavior Types
A. Unstable following or lane keeping
I @ B. Inappropriate lane change/overtaking

C. Avoidance (obstacles, other vehicles, pedestrians etc.) anomalies

D. Start / Stop anomalies, etc.

B Type A
B Type B
M TypeC
B Type D

%t%k‘\%

SOUTHEAST UNIVERSITY

Total Mileage Non-Human-Like Driving Events

By Reason

P .

|
W m

Takeovers

B Type A
B Type B
M TypeC
B Type D

By Reason
2%

{ W

LI
W m

Behavior Reason Annotation
L. Inaccurate Perception

I1. Improper Planning

II1. Incorrect Response

27
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Results and Findings

Case Study (Point @) : Non-Human-like Process

The AD showed a later respond to the target vehicle’s merging intention, resulting in harder braking.

Ramp 001 | Automated Driving Risk-response Evidence

Risk rose rapidly before an intensified deceleration response; one isolated risk-signal dropout was corrected. Rego(t) —; ]_ — I_I [1 - exp(— ] ] C,ZD(t)IZ)]
Synchronized local scene | 2026-07-10 10:25:27.900 | elapsed = 0.0 s Ego Interaction Risk € Negolt)
1.0 - . =
- - - | |
(= . Sustained risk rise| .
1 0.8 - I

! TiAdditionaI deceleration established

Ve

o
o

Risk score
o
=

o
¥

Ego Longitudinal Acceleration
7 1 1

A

EGO
Where/when: Weaving zone .  Ego Speed
What: Avoidance of other vehicles anomalies ) .
(abrupt late braking) £
L] 3 84 H
Why: Improper planning d Respanse dela
Intervention: NO ’ A I EI;psedtlmEéfromscenestart(s) 1‘2 1‘6




Results and Findings

Case Study (Point Q) :

Non-Human-like Process
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Non-Human-Like Driving Human-Like Driving

Ramp 037 | Human Driving Risk- response Evidence

Risk rose rapidly before an intensified deceleration

Synchronized local scene | 2026-07-10 10:25:27.900 | elapsed = 0.0s

A .

&

Risk score

EGO

o
2

IS

Ramp 001 | Automated Drivmg Risk-response Evidence
esponse; one isolated risk-signal dropout was corrected.

Rego

Ego Interaction Risk
10

Sustained risk rise,

_ Ego Longitudinal Acceleration
5 '

Ego Speed

1
0 2

Ela

Larger response delay

()=1-— [1 - exp(=TTC?P(t)/2)]
IEN go(t)

;Additional deceleration established

12 16

psed time from scene start (s)

A progressive deceleration response followed the risk rise, limiting peak exposur

Synchronized local scene | 2026-07-11 13:26:45.598 | elapsed = 0.0 s

s EGO

m/s?
|

without abrupt braking

Ego Interaction Risk
-

SustLlned risk rlse‘
% 0.6

_ Ego Longitudinal Acceleration
10

Ego Speed

Rego(t)=1— [1—exp(=TTC?(t)/2)]

IEN golt)
!
Additional deceleration established
1

05 —
[
00
o
—05 !
1
“10 (-
5 '

12 16

Elapsed time from scene start (s)

Peak Risk

Max Deceleration (m/s?)

Speed Loss (m/s)

Response Delay (s)

Non-Human-Like Driving

Human-Like Driving

0.667
0.245

2.87
1.25

12.27
3.49

1.5
0.9

Non-human-like driving in weaving zone: larger response delay with greater deceleration
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Results and Findings

Case Study (Point 2)) : Non-Human-like Process

The AD showed a later respond to the target vehicle’s diverging intention, resulting in harder braking.

Ramp 012 | Anticipatory Response Evidence

Path convergence was visible before ego speed adaptation; risk escalation and strong braking followed

Synchronized local scene | 2026-07-10 14:54:52.100 | elapsed = 0.0s Ego Interaction Risk
054 T

§/ ' Path conve;'gence evident
’ i A
/ B 55 L Sustained ego deceleration
;g C h Ego Lonlgitudinal Acceleration
— e
E 0.0 \ 1
i 05 !
E % -10 : :
® Where/when: Merging zone Ego and Red-truck speed
® What: Avoidance of other vehicles anomalies 2
(abrupt Late Braking) P — S :
B MO representative a r—=_9e
® Why: Improper Planning T el i ‘| Response delay
. Intervention: NO EO I ! ' Elapsed tlmeafrom scene start (s) . ”
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Results and Findings

Case Study (Point 2)) : Non-Human-like Process

Non-Human-Like Driving Human-Like Driving

Ramp 012 | Anticipatory Response Evidence Ramp 044 | Human Anticipatory Response Evidence
Path convergence was visible before ego speed adaptation; risk escalation and strong braking followed The human driver established a mild, stable speed adjustment shortly after the first interaction cue; risk remained controlled.
Synchronized local scene | 2026-07-10 14:54:52.100 | elapsed = 0.0 5 . Ego Interaction Risk Synchronized local scene | 2026-07-11 14:08:52.720 | elapsed = 0.0 s - Ego Interaction Risk
4 o T ; z Il = S ] o RO e z
\Path convergence evident il /i = v Initial interaction cue
04 i 1 /\ I/l 04 (]
1 I . g Iyl (1] =
2 ! Sustained ego deceleration N Iy v os ! IStable speed adaptation
@ : b e o3 I
0 H e g )
- | | ~ [ ]
& Iy z e
’ [} LB}
| f | b
I " L
| " [}
[N | [
5 0.0 : . I § 0.0 +
—; 2 Ego Longitudinal Acceleration i t’ ! Lo Ego Longitudinal Acceleration
> 1 1 - I A L]
- LY I H | . 1
< . 1 H HE L)
] 05 ) § i/ e ih
" 1 =0 1
§ oo I £ - 1
§ 05 § e (]
2 ” h H . "
§ a § 2 poo 5
3@ £ o : H 80 & ) i
E ; g 025 s
& I -3 = i
5 - i H ~0.50 L
! 075 L1
5 ! ! [}
1 : ! ~1.00 -
Ego and Red-truck Speed Ego and Conflict-vehicle Speed
o 13 : 3 — Ego  —— Redtruck , i N Vi
12 :
1
1 i 10
1
10 i i
£ i - 2,
’ o—0 =
E me Iateral position (s ‘ne tive) . : 2 *© ? o
A0 TEARIS ORI PIETH L YN B POTe -relative lateral position (m ris itive!
" Larger response\delay oo i o it esponse delay
1 1 1
6 ! T 1 T T L T T T
0 2 8 2 1 o 2 8 12 15
Elapsed time from scene start (s} Elapsed time from scene start (s)

Peak Risk Max Deceleration (m/s?) Speed Loss (m/s) Response Delay (s)

Non-Human-Like Driving 0.422 2.47 7.69 3.8

Human-Like Driving 0.286 0.52 6.48 0.4

Non-human-like driving in weaving zone: larger response delay with greater deceleration 3
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Results and Findings

Human-Like Driving Performance Assessment of TEST B

Model Score Rating :
—{J— Model1l  —/~— Model 2
Driving Driving
—— Model 1 82.1 B | Rhythm Rhythm
—/= Model 2 65.2

® Both models show substantially poorer
Anticipatory response than competent
and careful human drivers, with delayed
responses when high-risk situations arise. Reclprodal Asficipatory Anficipatory
. . e . Interaction Response Interaction Response

® Model 2 occasionally fails to anticipate
other vehicles’ maneuvers accurately,

leading to overly aggressive responses

- —>
D
that increase collision risk for both 7/
interacting vehicles. a Dynamic Weaving b Mainline Merging

Anticipatory response and reciprocal interaction in high-risk interactions reveal performance gaps
between the tested vehicle models and competent and careful human drivers.
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Future Prospects

Expand the Scope and Scale of Testing Refine Assessment Framework Enable Industry Applications
o & el 0 - &

Qe Q
o e 9 . Identify Analyze & Reduce Ensure Safety Accelerate
¥ Q 2 L : S— b Hl.lman-l.lkeness Issues Optimize Risks & Compliance Progress
Ry & S ‘ Certified
A4 9o @9 Q - R y
@ \

° i F ‘ ) - :
Q ) 47 Vehicle _ m ) ... %‘
o Interactions ’ - e
g S | l‘ ) ; S, ,f

Clear Liability Industry Build Trust &
& Responsibilities Collaboration Public Confidence

® Broaden coverage across road types, traffic ® Refine the hierarchical index ® [dentify issues and optimize with traceable
environments framework solutions
® Develop a large-scale, cross-regional, multi- ® Optimize scenario-based assessment ®  Clarify safety and liability, and align industry
city intelligent driving dataset methods standards
®  [Establish a human-driving benchmark ® [mprove the interpretability of ® Reduce risks, enhance trust, and accelerate
covering real-world traffic conditions assessment results progress
Broader scenario coverage More rigorous framework More unified standards
Larger-scale data More precise methods Clearer accountability
Greater representativeness More interpretable results Greater human credibility
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Future Prospects

A Globally Applicable Protocol for Human-Likeness Driving Assessment

Define

Evaluation Integrate

Framework

Localize &
Collect Data TR |

into IVISTA

Assessment Framework V1 Global ADAS Dataset Protocol for IVISTA
NOW JUL 2026 - 2027 2027+
R i I Sl = ¥ B

Vehicle Exam A Exam B I_—|uman— Certification
likeness
- N Vehicle 1 € certified
" Human-Likeness
Certified vehice2 | [ | N | BN |3 certified
vehicle3 | [ = | [©1 | [©] |4 certifiea
venicies | [0 | 0 | BN | cerec
<>  Not
‘PE( ]
......
®  Compare ADAS with the human baseline ®  Representative scenarios across multiple regions ®  Cross-country and cross-brand intelligent vehicle tests
®  Define indicators and rating ®  Human-driven + ADS trajectories and videos ®  Repeatability validation and protocol refinement
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