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Although extensive research has been conducted on driver fatigue detection, few studies have explored how fatigue affects drivers’
car-following behaviors and, in turn, how to detect fatigue based on car-following features. In an on-road experiment, we collected
multimodal physiological data and eye-tracking data from 5 long-haul truck drivers, along with vehicle motion and surrounding traffic
data. Drivers’ fatigue states were labeled based on the percentage of eyelid closure over the pupil (PERCLOS). Comparative analyses of
car-following behavioral parameters and physiological indicators under different fatigue states were performed. Furthermore, we
explored the feasibility of estimating drivers’ fatigue levels using car-following behavioral parameters and compared its performance
with models based on physiological features. The results show that the models based on car-following features showed better
performance than models based on physiological indicators in this preliminary endeavor. These findings provide theoretical evidence
for the feasibility of detecting surrounding human-driven vehicles’ fatigue states based on their driving characteristics using lightweight,

interpretable, and practically deployable models.
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1 Introduction

Driver fatigue can impair traffic safety [3], leading to slower reaction times, reduced vigilance, and an increased risk
of traffic collisions [28]. This negative effect can be exacerbated in relatively monotonous scenarios [27], such as
car-following. This is especially alarming given that car-following is one of the most common scenarios on the road.
However, existing studies have largely treated fatigue detection and car-following behavior analysis as separate topics,
with relatively limited attention to how fatigue influences car-following behavior in real-world driving scenarios. In

particular, datasets containing synchronized fatigue state labels and car-following behavioral data remain scarce.
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At the same time, fatigue was reported to be especially prevalent among commercial drivers [19], such as long-haul
truck drivers, who needed to drive an extended period each day, often following lead vehicles on highways. However,
existing studies on long-haul truck drivers’ fatigue car-following behaviors are even rarer. Existing studies mostly
focused on general fatigue-related crash outcomes [7] and were mostly based on simulator or field studies [28], without
dedicated attention to car-following behaviors.

Constructing the linkage between fatigue and car-following behaviors has practical value. Although physiological
signal-based fatigue monitoring methods have a strong theoretical foundation, they still face practical limitations in real-
world applications, such as the inconvenience of wearing physiological devices and the susceptibility to data acquisition
and transmission interference [23]. Thus, if a stable relationship between car-following behavioral parameters, such as
mean time headway, and driver fatigue can be identified, car-following-behavior-based fatigue monitoring models can
be built, offering a more non-intrusive and practical technical pathway for monitoring drivers’ fatigue state.

Thus, we conducted an on-road study using an intelligent JAC K7 heavy-duty truck, enabling the acquisition of vehicle
operation data and motion states of surrounding vehicles. At the same time, drivers in the study were equipped with
physiological monitoring equipment throughout the experiment to continuously record their multimodal physiological
signals, including electrocardiogram (ECG), electrodermal activity (EDA), and respiration (RESP). Their visual data
were also collected using Smarteyes. Based on these synchronized measurements, an on-road multimodal joint dataset
integrating fatigue states, physiological responses, and road-environment information was constructed.

Car-following segments were extracted from this on-road multimodal joint dataset, with percentage of eyelid closure
over the pupil over time (PERCLOS) adopted as the criterion for labeling driver fatigue state [4]. The car-following
samples were then categorized into two conditions: fatigued and non-fatigued. On this basis, difference analysis and
significance testing were conducted on both car-following behavioral parameters and physiological parameters to
systematically investigate the effects of fatigue-state changes on driving behavior regulation and physiological response
characteristics. Finally, machine learning (ML) models were built on different combinations of car-following behavior

and physiological features to identify drivers’ fatigue states.

2 Literature Review

Fatigue driving can threaten traffic safety, and existing studies have widely investigated driver fatigue identification
from the perspective of physiological signals. A substantial body of work has focused on ECG signals, where heart
rate (HR) and Root Mean Square of Successive Differences (RMSSD) were commonly used to characterize changes in
autonomic nervous system activity during fatigue [22, 25]. In addition, some studies have extracted EDA features, such
as skin conductance level (SCL) and skin conductance response (SCR), to reflect variations in driver fatigue level [10, 21].
Note that although SCR-related indices are valuable for fatigue or arousal analysis, they generally require relatively
long data windows to ensure stable event detection and statistical estimation [11]. In the car-following tasks, however,
the effective continuous duration available for analysis is often insufficient for this purpose. Therefore, SCR-related
parameters were not included in the subsequent analysis in this study. Finally, some studies have also investigated how
RESP features, including respiration rate (RESPrate) and respiration amplitude (RESPamp) [13], are associated with
fatigue.

However, to date, only a limited number of studies have examined car-following behavior characteristics under fatigue
conditions. For example, Zhang et al. analyzed field-driving data to investigate the effects of fatigue on drivers’ car-
following behavior and reported significant differences in time headway (THW) across fatigue levels [31]. Mahajan and

Velaga further explored car-following behavior with sleep deprivation in a driving simulator and showed that fatigued
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driving is associated with higher rear-end crash risk [18]. Similarly, Anund et al. found in a sleep-deprivation experiment
that insufficient sleep can increase driver sleepiness and impair responsiveness to traffic events [2]. Nevertheless, most
existing studies remained at the level of correlation or group-difference analysis, without further evaluating whether
these behavioral differences can be used for fatigue prediction. Instead, existing driver fatigue detection algorithms were
mostly based on physiological signals, as summarized in Table 1, and fatigue prediction using car-following behavioral

parameters remains largely unexplored.

Table 1. Typical driver fatigue prediction studies based on physiological signals.

Signal Input parameters Models Classification Performance

ECG HR; RMSSD SVM Binary 56.3% [25]
GBT Binary 66.3% [25]
RF Three-class 44.5% [22]
EDA Skin conductance =~ XGBoost Binary 48%-50% [10]
Skin temperature AUC Binary 50%-55% [21]
RESP  Rate; amplitude XGBoost  Binary 64%-70% [10]
TEDD Binary 75% [13]

Abbreviations: SVM = Support Vector Machine; GBT = Gradient Boosting Tree; RF = Random Forest; XGBoost = eXtreme Gradient Boosting; AUC = Area
Under the Receiver Operating Characteristic Curve; TEDD = Thoracic Effort Drowsiness Detection. The studies included in this table were all based on
across-subjects data partition.

3 Method and Data Acquisition
3.1 Participants

Five male professional long-haul heavy-duty truck drivers (mean age = 42.6 years, SD = 3.9; range: 37-47 years)
participated in this study, all of whom held valid commercial freight licenses and voluntarily completed both outbound
and return experimental trips. To reduce potential confounding effects, drivers with health conditions or treatments that
could substantially affect autonomic measures were excluded. The study was conducted through a university—-industry
partnership, with data use, analysis permissions, and privacy protection regulated by a formal agreement. All drivers

were informed of the study procedures before the experiment and provided written informed consent.

3.2 Route and Driving Context

The route is illustrated in Fig. 1, The average one-way distance was approximately 830 km, with a mean driving duration
of 10.7 h. The itinerary primarily consisted of expressway/motorway sections typical of long-haul freight operations. In
accordance with local regulations, drivers were required to take a 15-min rest break at service areas approximately

every four hours of continuous driving.

3.3 Data Acquisition

During the experiment, data on the vehicle’s motion state, the surrounding traffic environment perception, and the

driver’s physiological signals were simultaneously collected.

3.3.1 Traffic Data. The experimental platform was a JAC K7 heavy-duty truck tractor equipped with the PlusAl pilot-
assisted driving system (which provided only data collection function and the automation was not engaged) and fitted
with a standard cargo container as shown in Figs. 2a and 2b. The vehicle was instrumented with an onboard perception
suite, including cameras and LiDAR sensors, to capture information about the surrounding traffic environment.
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Fig. 1. Driving route overview.

3.3.2  Physiological Data. In this study, ECG, EDA, and RESP signals were acquired using a PhysioLabs physiological
sensing suite in conjunction with the Human Research Tool software. Drivers’ eye-movement data were captured using
a SmartEye system. During each experimental session, a trained researcher remained seated in the front passenger seat
to continuously monitor the acquisition process and to ensure stable signal quality under real-world on-road driving
conditions. All physiological signals were sampled at 200 Hz. Fig. 2c illustrates the sensor placement configuration and

the installation position of the Smart Eye system during the experiment.

(a) Front view. (b) Side view with a standard cargo container. (c) Multimodal physiological sensor setup.

Fig. 2. Experimental vehicle and physiological sensor setup.
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4 Data Cleaning
4.1 Car-following Definition

Car-following segments were extracted using criteria reported in prior studies. The specific car-following segment

extraction criteria are shown below:

o The lead vehicle and the ego-vehicle need to be on the same road throughout the data extraction period to ensure
a continuous CF segment [30].

o The lead vehicle is within 130 m of the ego-vehicle to ensure that the behavior of the ego-vehicle can be affected
by the lead vehicle [24].

o The duration of each car-following segment should be over 30 s to ensure the reliability of the car-following data
and the validity of PERCLOS-based fatigue labeling[29].

o In addition, car-following segments with ego-vehicle speeds lower than 20 m/s were excluded to avoid non-

highway driving conditions [26].

4.2 Eye-closure-based Fatigue Labeling

In this study, eyelid-closure data collected by the Smart Eye eye-tracking system were used to define driver fatigue
states. Following previous studies, an eye-opening level below 30% was regarded as eye closure, and PERCLOS was
calculated as the proportion of eye-closure time within a fixed temporal window [16]. According to Grace and Steward,
PERCLOS values below 0.08 indicate a non-fatigued state, values between 0.08 and 0.14 indicate a moderately fatigued
state, and values above 0.14 indicate a fatigued state [12]. Similar threshold-based strategies have also been adopted in
field evaluations of driver fatigue warning systems [4].

Considering the limited number of car-following segments under moderately fatigued and fatigued conditions, a
binary classification scheme was adopted in our study to reduce class imbalance and improve statistical robustness.
Specifically, PERCLOS was calculated using a 30-s window, and driving states were classified as fatigued or non-fatigued.

The final dataset included 5 drivers, with 175 non-fatigued car-following segments and 77 fatigued segments.

4.3 Data Filtering

Raw vehicle and physiological signals were filtered before feature extraction to reduce noise, abnormal fluctuations,

and signal artifacts. The preprocessing methods are summarized in Table 2.

Table 2. Summary of data preprocessing and filtering methods.

Data type Signals / parameters Processing method Key settings / refs.

Vehicle data Ego- and lead-vehicle speeds ~ Vehicle-speed trend filtering -8 <a(k) <5([32]

ECG HR; RMSSD De-meaning/detrending; zero-phase fourth- HP = 0.5 Hz; order = 4 [6, 15]
order high-pass Butterworth filter

EDA SCL Median filter; zero-phase fourth-order low-pass Median window = 0.25 s; LP = 5
Butterworth filter Hz; order = 4 [20]

RESP Respiration rate and amplitude Hampel filter Window = 0.30 s; threshold = 3x

MAD [17]

Abbreviations: ECG = Electrocardiogram; HR = Heart Rate; RMSSD = Root Mean Square of Successive Differences; EDA = Electrodermal Activity;
SCL = Skin Conductance Level; RESP = Respiration; HP = High-Pass; LP = Low-Pass; MAD = Median Absolute Deviation.
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4.4 Physiological Features and Normalization

Physiological signals show substantial inter-individual variability due to differences in anatomy, health conditions, and
autonomic regulation [5]. Therefore, directly using raw physiological features may introduce subject-specific bias in
cross-subject analysis. To reduce this effect, baseline normalization was applied following prior studies. Specifically, a
5-minute segment recorded between 45 and 50 minutes after the start of the experiment was used as the individual
baseline, when the vehicle had generally reached stable highway driving conditions. All physiological features were

then normalized using ratio-based formulations to emphasize within-subject changes related to fatigue.

4.5 Machine Learning Models for Fatigue Detection

Finally, this study conducted a comparative evaluation using several commonly adopted machine learning models,
including support vector machine (SVM) [8], k-nearest neighbors (KNN) [9], and long short-term memory (LSTM)
[14] models, with a particular focus on the effectiveness of mean THW, RESPrate, and RESPamp for driver fatigue
recognition. For model evaluation, a leave-one-driver-out (LODO) cross-validation strategy was adopted. In each round,
data from one driver were used as the test set, while data from the remaining drivers were used for training, and this

procedure was repeated until all drivers had been tested.

5 Results and Discussions
5.1 Statistical Analysis of Car-Following and Physiological Parameters

Table 3 reports the group-level comparison of car-following features between the fatigued and non-fatigued states
using a linear mixed-effects model with a random intercept for driver, which accounts for between-driver baseline
differences and repeated measurements within each driver. The pattern suggests that non-fatigued drivers may adopt a

more conservative car-following strategy by maintaining longer headways.

Table 3. Comparison of car-following features between alert and non-alert states.

Feature Alert Non-alert Statistics p-value

meanEgoV  23.66 + 1.83 23.33 +£1.72 F(1,252.00) = 2.7668 0.1
stdEgoV 0.57+0.46 0.52+0.51 F(1,252.00) = 0.9042 0.3
stdSpacing  9.27+£7.49 898 +7.15  F(1,252.00) = 0.0558 0.8
meanTHW 283 +1.15 3.38+1.18 F(1,248.51) =10.0140 0.002"
meanVrel —0.44 +1.23 -0.42+1.22 F(1,252.00) = 0.0052 0.9
stdVrel 0.58+0.41 0.50+£0.41 F(1,252.00) =1.6383 0.2

Abbreviations: meanEgoV = mean ego-vehicle speed; stdEgoV = standard deviation of ego-vehicle speed; stdSpacing = standard deviation of inter-vehicle
spacing; meanTHW = mean time headway; meanVrel = mean relative speed; stdVrel = standard deviation of relative speed. *p < 0.05.

The same significance-testing procedure was applied to the physiological parameters, and the results are summarized
in Table 4. Among the included features, only RESPrate and RESPamp showed significant differences between fatigued
and non-fatigued states. PERCLOS primarily reflects ocular manifestations of fatigue, such as eyelid closure, and
is therefore an eye-behavior-based indicator of fatigue level. As a result, it may not be fully synchronized with the
Manuscript submitted to ACM
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autonomic nervous system changes reflected by ECG and EDA derived features [1]. In addition, HRV metrics such as
RMSSD are sensitive to signal quality and window length, and their estimation stability may be limited within short
time windows. For SCL, although normalization was applied in this study, it may still be affected by factors such as
sensor contact, sweating conditions, and short-term environmental variations. In contrast, respiratory features can be

extracted relatively stably within a 30-s window and may more directly reflect short-term reductions in fatigue levels.

Table 4. Comparison of normalized physiological features between alert and non-alert states.

Feature Alert Non-alert Statistics p-value

HR 1.07 £0.06 1.08 +0.07 F(1,247.70) = 2.9699 0.08
RMSSD 1.31+£3.25 0.83+0.93 F(1,249.17) =0.4228 0.5
SCL 2.56 +1.23 3.06 +1.35 F(1,211.45) =0.7728 0.4
RESPrate 1.20 +0.28 1.10 £0.21 F(1,218.37) =8.5437  0.004"
RESPamp 1.18 £0.83 1.57 £1.01 F(1,223.00) = 12.0631 < 0.001"

Abbreviations: HR = heart rate; RMSSD = root mean square of successive differences; SCL = skin conductance level; RESPrate = respiration rate; RESPamp
= respiration amplitude. *p < 0.05.

5.2 Machine Learning Performance

As shown in Table 5, models built on meanTHW achieved a better performance across most evaluation metrics in
our preliminary evaluation, indicating a potentially more stable and better generalizable capability for cross-driver
fatigue recognition compared to models based on more intrusive physiological measures. This finding points to a new
possibility: future autonomous vehicles may be able to detect the states of surrounding human-driven vehicles based
on their motion features. Future research can explore fusing more car-following features to further improve model

performance and explore more complex models to improve detection accuracy.

Table 5. LODO performance comparison across models using different features.

. SVM KNN LSTM
Metric
meanTHW RESPrate RESPamp Gap meanTHW RESPrate RESPamp Gap meanTHW RESPrate RESPamp Gap
Mean Acc 0.68 0.58 0.51 +0.10 0.65 0.55 0.52 +0.10 0.57 0.55 0.52 +0.02
Mean F1 0.54 0.49 0.42 +0.05 0.52 0.45 0.49 +0.07 0.51 0.46 0.41 +0.05
ROC-AUC 0.62 0.57 0.51 +0.05 0.54 0.58 0.57 -0.04 0.62 0.55 0.59 +0.03
PR-AUC 0.38 0.32 0.33 +0.05 0.34 0.24 0.35 -0.01 0.38 0.32 0.34 +0.04

Abbreviations: SVM = Support Vector Machine; KNN = K-Nearest Neighbors; LSTM = Long Short-Term Memory; ROC-AUC = Area Under the Receiver Operating
Characteristic Curve; PR-AUC = Area Under the Precision-Recall Curve. Gap indicates the performance difference between the car-following feature and the best-
performing physiological feature under the same model.

6 Summary
6.1 Limitations

Several limitations of this study should be noted. First, the number of drivers and car-following segments was limited.

Future studies should collect data from more drivers and include more driving segments to improve the reliability
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and generalizability of the findings. More potential influencing factors, such as traffic conditions, time of day, road
conditions, and lead-vehicle behavior, should be considered when modeling the association between fatigue states
and car-following behaviors. In addition, future studies should also consider using Electroencephalography as a more

reliable ground truth of drivers’ fatigue states.

6.2 Conclusions

This study conducted real-world on-road experiments with synchronous collection of vehicle driving data and driver
physiological signals to examine differences in car-following behavior and physiological responses across fatigue states.
Results show that fatigue significantly alters car-following regulation and yields stable differences in key behavioral
and physiological measures. Based on these findings, we proposed a fatigue prediction approach using meanTHW as
the input feature. Experimental results indicated that models based on car-following features outperformed physiology-
based models on most evaluation metrics. Compared with physiological sensing approaches that relied on wearable
devices, meanTHW is easier to obtain and more robust, providing a practical foundation for lightweight, interpretable,

and readily deployable driver fatigue monitoring systems.
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