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Abstract 

This study investigates the neural mechanisms underlying the inhibitory control of speed when drivers encounter 
varying levels of risk posed by pedestrians and motor vehicles. Two variables (risk level and risk type) were controlled 
in this study. The experimental materials included traffic images depicting pedestrians or motor vehicles, each associ-
ated with different risk levels. Drivers were presented with these images and tasked with adjusting their vehicle speed 
according to the traffic scenario. Specifically, they were instructed to either maintain their current speed or decelerate 
as needed. Electroencephalograms (EEGs) responses were simultaneously recorded. Results showed that in low-risk 
scenarios, the deceleration score was significantly higher for pedestrian risks than for motor vehicle risks. Under condi-
tions of elevated risk, various risk types did not result in significant variations in deceleration scores. EEG data revealed 
that high-risk scenarios elicited a larger amplitude in the P3 component compared to low-risk scenarios. Addition-
ally, the average amplitude of the N2 component was greater for pedestrian risks than for motor vehicle risks. These 
findings suggest that risk level and type do not act as independent factors influencing speed control. Specifically, 
when the risk originates from pedestrians, drivers tend to reduce their speed even when the risk level is low, in order 
to mitigate potential hazards and prioritize safety. Furthermore, high-risk situations elicit a more pronounced brain 
response and demand greater attentional resources compared to low-risk situations. This study provides valuable 
insights for establishing speed limits based on different sources of risk in driving scenarios.
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Introduction
Traffic accidents result in a significant number of fatali-
ties annually and are projected to become the fifth lead-
ing cause of death globally by 2030 [1]. Research has 
demonstrated a strong link between poor driving behav-
ior and involvement in fatal crashes [2]. Driving behavior 
is goal-oriented and relies on cognitive processes such 
as risk perception, reaction time, and inhibitory control 
[3, 4]. Among these, inhibitory control enables drivers 

to reduce impulsive behavior, suppress inappropriate 
responses, and significantly impacts traffic safety [5]. 
Studies have shown that drivers’ poor behavioral inhibi-
tion can predict traffic violations and driving errors, par-
ticularly deficiencies in speed control [4, 6].

Drivers’ speed control is influenced by factors includ-
ing driver characteristics, vehicle performance, and 
road conditions [7–9]. Notably, road conditions con-
tribute to approximately 7.7% of the variability in 
drivers’ likelihood of speeding, significantly impact-
ing speed control [10]. The level of risk in road condi-
tions affects drivers’ behavioral inhibition. For instance, 
in urban areas, high traffic volume and variable road 
conditions require drivers to inhibit excessive speeds 
to avoid conflicts with other vehicles or pedestrians. 
However, at the same time, complex road environments 
may increase drivers’ cognitive load and impair their 
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inhibitory control, thus posing challenges to safe driv-
ing [10, 11]. Conversely, rural roads, with lighter traffic 
and better visibility, impose fewer demands on speed 
control,  allowing drivers to travel at faster speeds. 
Additionally, compared to daytime, there are fewer 
vehicles on the road at night, with reduced noise and 
disturbances. This may lower drivers’ speed control 
requirements, increasing the likelihood of speeding [10, 
12].

Furthermore, the type of road risk also affects driv-
ers’ speed control [13]. Road risks are mainly posed by 
pedestrians, motor vehicles, and nonmotor vehicles 
such as electric vehicles and bicycles [14]. Surveys from 
emergency departments indicate that traffic accidents 
primarily involve vehicle-to-vehicle and vehicle-to-
pedestrian collisions [1], with motor vehicle accidents 
being the most common cause of injury [15]. There-
fore, understanding the impact of pedestrian and motor 
vehicle risks on driving speed control is crucial for 
improving traffic safety. Pedestrians, often emerging 
from the sides of the road, present a challenge due to 
their smaller size, which may not immediately capture 
the driver’s attention. Studies have shown that drivers 
miss pedestrian risks up to 65% of the time [16], which 
can negatively impact their speed control and lead to 
speeding or failure to decelerate in time. In contrast, 
motor vehicles, typically positioned in the center of 
the roadway, are more conspicuous due to their size 
[17], making it easier for drivers to adjust their speed. 
However, previous studies have not examined pedes-
trian and motor vehicle risks at different risk levels. 
For instance, when pedestrians are in the middle of 
the road and motor vehicles are on the roadside, the 
speed control characteristics of drivers require further 
exploration.

Physiological indicators collected by event-related 
potentials (ERPs) contribute to understanding the neural 
mechanisms underlying cognitive processing in drivers. 
Studies have indicated that the P3 amplitude decreases 
significantly when drivers are distracted and need to 
respond to visual stimuli while driving [18]. The P3 ampli-
tude is positively correlated with the allocation of atten-
tional resources [19, 20], a reduction in P3 amplitude 
signifies a decrease in the driver’s focus on the driving 
task. Previous studies have found that traffic images with 
different risk levels induce variations in the P300 ampli-
tude in both pedestrians and drivers [21, 22]. The P300 
amplitude was significantly larger in drivers exposed to 
overt hazard images compared to those exposed to cov-
ert hazard or no-hazard images [23]. Moreover, images 
of natural scenes, with or without pedestrians, induced 
different P300 latency periods in college students [24]. In 
summary, the P300 amplitude is a sensitive indicator of 

road risk, reflecting the driver’s allocation of attentional 
resources [25].

In addition, previous studies have shown that various 
types of traffic risks can elicit different N2 amplitudes 
in drivers. For instance, warning signs trigger larger N2 
amplitudes compared to prohibition and mandatory signs 
[26]. When exposed to blurred traffic signals (yellow 
lights), the N2 amplitude in college students increases 
[27]. The N2 component reflects the level of cognitive 
resources engaged in conflict resolution and is associ-
ated with heightened alertness [28, 29]. In  situations 
where traffic signals are unclear, the driving scenario at 
the intersection becomes more complex, prompting the 
driver to increase alertness and focus on adapting to the 
evolving traffic conditions. Based on the findings of these 
studies, this research selects the N2 and P300 compo-
nents as indices.

In this study, we selected young drivers who are prone 
to speeding behaviors as participants to explore the neu-
ral mechanisms underlying the impact of risk level and 
risk type on driving speed control [30]. Building on previ-
ous research paradigms [31], this study utilized authentic 
traffic images depicting varying risk levels (high and low) 
and risk types (pedestrian and motor vehicle) to assess 
driver responses. Participants were tasked with decid-
ing whether to decelerate or maintain speed while their 
Event-Related Potential (ERP) was monitored for fluctua-
tions. Pedestrians, as indicated by previous studies [32], 
are considered vulnerable road users, and walking paths 
are characterized by their flexibility and increased risk 
[33]. Therefore, the study’s initial hypothesis posited that, 
in comparison to motor vehicle risk scenarios, drivers are 
more likely to adjust their speed when confronted with 
pedestrian risk scenarios. It is expected that this differ-
ence in cognitive response will be reflected in the N2 
component, which is linked to attention processing. The 
second hypothesis suggests that, when exposed to high-
risk situations, drivers are more likely to control their 
speed compared to low-risk situations. High-risk condi-
tions require a greater allocation of cognitive resources 
than low-risk ones, and it is anticipated that this differ-
ence in neural activity will be observed in the P3 com-
ponent. The findings of this study may offer valuable 
insights into the formulation of speed limits for various 
types of roads, thereby contributing to traffic safety.

Methods
Participants
G-power 3.1.9.7 software was used to determine the sam-
ple size, setting a significance level of α = 0.05 and power 
of 1 – β = 0.80. The effect size was set at f = 0.80, result-
ing in a minimum calculated sample size of N = 32 [34]. 
Participants were required to meet the criteria of being 
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of legal age and possessing a valid driver’s license. A total 
of 35 participants, including 14 males, were enrolled. The 
age range was 18-30 years, with an average age of 21.49 
years (SD = 2.59 years). 31.4% of participants owned a 
car. The average driving experience was 18.06 months, 
with an average mileage of 3462.86 kilometers. Over the 
past year, 19 participants drove on average once a month, 
13 once a week, and 3 once a day. All participants were 
right-handed, with normal or corrected vision and no 
color blindness. Color blindness test materials are shown 
in Figure  1 (Yu Ziping’s color blindness test chart, 6th 
edition). All participants provided informed consent. 
This research was approved by the Ethics Committee of 
the College of Psychology at Liaoning Normal University, 
ensuring the protection of participants’ rights, health, 
and dignity in accordance with the Declaration of Hel-
sinki (1964).

Stimuli
A high-definition vehicle recorder was installed in a vehi-
cle operating in urban areas under favorable weather 
conditions to capture video footage from the driver’s per-
spective. An experienced driver reviewed the footage and 
selected images depicting potential traffic hazards. The 
selection criteria were based on road risks commonly 
reported in Chinese accident reports, alongside recom-
mendations from three experts in traffic psychology. 
These experts, professors and associate professors with 
extensive experience in traffic safety research, also serve 
as safety consultants for the local traffic police depart-
ment [23]. The hazards involved either pedestrians or 
motor vehicles. Fifteen graduate psychology students, all 
with valid driver’s licenses, evaluated the perceived risk 
level of the images on a scale from 1 to 7. 1 represented 
minimal risk, 4 represented moderate risk, and 7 repre-
sented substantial risk. Image assessment was conducted 
using E-Prime 2.0, with the mean score given by the 15 
students serving as the final image rating.

Images were categorized based on risk score, result-
ing in 20 high-risk pedestrian images, 20 high-risk 
vehicle images, 20 low-risk pedestrian images, and 20 
low-risk vehicle images. To prevent participant fatigue, 
an additional set of 20 non-challenging images depicting 
clear road conditions was included as experimental fill-
ers. A total of 100 images were selected. No-risk images 
depicted clear roads without obstacles. High-risk images 
(Figure 2) featured obvious obstacles, such as motor vehi-
cles or pedestrians, which required drivers to adjust their 
speed to avoid potential traffic risks [35, 36]. Low-risk 
images showed hidden obstacles, such as early-stage traf-
fic risks from pedestrians or motor vehicles. Whether to 
control speed to avoid traffic risks depends on the driv-
er’s choice [37, 38].

The mean score of high-risk pedestrian images (M = 
5.73, SD = 0.87) was significantly higher than for low-risk 
pedestrian images (M = 2.76, SD = 0.73), t (38) = -11.73, 
p < 0.001. Similarly, the mean score for high-risk vehicle 
images (M = 5.45, SD = 0.85) was significantly greater 
than for low-risk vehicle images (M = 2.38, SD = 0.90), 
t (38) = -11.10, p < 0.001. There was no significant differ-
ence in the image scores between high-risk vehicles (M = 
5.45, SD = 0.85) and high-risk pedestrians (M = 5.73, SD 
= 0.87), t (38) = -1.05, p = 0.303. Similarly, no significant 
difference was found between low-risk vehicles (M = 
2.38, SD = 0.90) and low-risk pedestrians (M = 2.76, SD 
= 0.73), t (38) = -1.47, p = 0.151. Table 1 provides details 
on the types of risks in the images, their locations, and 
corresponding actions.

Design and procedure
The experiment used a within-participants design, incor-
porating a 2 (risk type: pedestrian and vehicle) × 2 (traf-
fic risk level: high-risk and low-risk) factorial design. The 
dependent variables included the deceleration score and 
the average amplitude of the ERP component.

Fig. 1  Colour blindness test material.
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This study employed ERPs to capture participants’ 
decision-making processes while driving. The proce-
dure involved presenting a random fixation point "+" for 
800 to 1200 ms at the center of the screen, followed by 
a 1000 ms image (high-risk with pedestrians, high-risk 
with vehicles, low-risk with pedestrians, low-risk with 
vehicles, or no-risk), shown in a random order. Partici-
pants were instructed to mentally simulate driving on a 
road and decide whether to reduce speed based on the 
depicted road conditions. After 1000 ms, the image dis-
appeared. Participants were instructed to press the "F" 
key if they decided to decelerate, and the "J" key if they 
did not. A decision was required promptly. Then, a blank 
screen appeared for 20 to 50 ms. The experiment included 
a practice phase with 10 trials, followed by a formal phase 
with three blocks. Each block contained 100 trials, total-
ing 300 trials. A short break separated the three phases. 
The experimental procedure is shown in Figure 2. In the 
high-risk pedestrian images, the pedestrian is relatively 

close to the moving vehicle that is capturing the road sit-
uation; in the high-risk vehicle images, the vehicle on the 
left is about to overtake the moving vehicle; in the low-
risk pedestrian images, the pedestrian is far ahead of the 
moving vehicle; in the low-risk vehicle images, the vehi-
cle is far ahead of the moving vehicle.

Electroencephalogram (EEG) recordings and analysis
EEG data were recorded using the Brain Products work-
station (Germany) with a 64-electrode cap, following the 
International 10-20 system. EEG signals were recorded 
using Brain Vision Recorder 2.0 software, and data pro-
cessing was performed with Analyzer 2.0 software. The 
binaural mastoid process served as the reference elec-
trode. Electrode impedances were maintained below 
5 kΩ, and data were recorded at a sampling rate of 500 
Hz. ERP analysis covered a duration from 200 ms before 
stimulus presentation to 1000 ms after stimulus presen-
tation. After removing ocular artifacts, the signals were 

Fig. 2  The experimental procedure flowchart.

Table 1.  Risk description of experimental materials

Risk level Risk type Risk description Number

Low -risk vehicle Vehicles ahead turn or brake 13

Vehicles on the left or right side turn or merge 7

pedestrian Pedestrians ahead 11

Pedestrians on the left or right side 9

High-risk vehicle Vehicles ahead turn or brake 11

Vehicles on the left or right side turn or merge 9

pedestrian Pedestrians ahead 14

Pedestrians on the left or right side 6
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band-pass filtered between 0.1 Hz and 30 Hz. The data 
were then segmented, with baseline correction applied 
using a 200 ms window before stimulus onset. Any arti-
facts exceeding ±80 μV in amplitude were removed. The 
averages for different conditions were superimposed.

The selection of electrode sites for N2 and P3 analysis 
was based on ERP waveform. Frontal electrodes (F3, Fz, 
F4), frontal-central electrodes (FC3, FCz, FC4), central 
electrodes (C3, Cz, C4), central-parietal electrodes (CP3, 
CPz, CP4), and parietal electrodes (P3, Pz, P4) were cho-
sen for N2 analysis. Based on previous studies [29, 39] 
and the waveform diagram of this study, a 280-330 ms 
window was selected for the N2 component. Addition-
ally, parietal electrodes (P3, Pz, P4) were selected for P3 
analysis. According to previous studies [19, 25, 40] and 
the waveform diagram from this study, a 300-500ms win-
dow was chosen for the P3 component.

Data statistics
Behavioral and EEG data were processed using SPSS 22.0. 
To address the random effects structure and improve 
model fitting and parameter estimation, we employed 
Generalized Linear Mixed Models (GLMM) for statisti-
cal analysis. Given the linking functions and distribu-
tional assumptions of the data, we used the Linear Mixed 
Models (LMM) framework within the GLMM. The fixed 
factors included risk level (high-risk and low-risk), risk 
type (pedestrian and vehicle), and their interaction. The 
random factor was the subject.

Results
Behavioral results
The deceleration score was calculated as the proportion 
of decelerations across all trials within the same con-
dition, assigning a score of 1 for selecting "F" and 0 for 
selecting "J". For example, under the high-risk pedestrian 
condition, there were 60 trials. The participant received 1 
point for decelerating and 0 points for not decelerating. 
The score was then divided by 60 to obtain the partici-
pant’s deceleration score for that condition.

A GLMM was used to analyze the effect of risk level 
(high-risk and low-risk) and risk type (pedestrian and 
vehicle) on the deceleration score. The deceleration score 
followed a normal distribution. The results showed: Fixed 
effects, there were significant differences in the impact 
of high and low risks on deceleration scores, F (1, 136) 
= 342.021, p < 0.001, risk level (high-low), B = 0.428, SE 
= 0.023, t = 18.494, p < 0.001. There were significant dif-
ferences in the impact of vehicle risk and pedestrian risk 
on deceleration scores, F (1, 136) = 72.093, p < 0.001, 
risk type (vehicle-pedestrian), B = -0.170, SE = 0.020, t = 
-8.491, p < 0.001. The interaction between risk level and 
risk type was significant, F (1, 136) = 51.855, p < 0.001. 

At the high-risk level, there was no significant difference 
in the predictive power of vehicle risk and pedestrian risk 
on deceleration scores, risk type (vehicle-pedestrian), B = 
-0.016, SE = 0.029, t = -0.537, p = 0.592. At the low-risk 
level, pedestrian risk was a stronger predictor of decel-
eration scores than vehicle risk, risk type (vehicle-pedes-
trian), B = -0.323, SE = 0.029, t = -11.059, p < 0.001. 
Random effects, Z = 2.241, p = 0.025, which was statisti-
cally significant.

ERP results
According to the ERP waveform (Figure 3), GLMM was 
used to analyze the predictive effect of risk level (high-
risk and low-risk) and risk type (pedestrian and vehicle) 
on the average amplitude of N2 (280-330 ms) in 5 brain 
regions (frontal, frontal-central, central, central-parietal, 
and parietal). Additionally, GLMM was used to analyze 
the predictive effect of risk level (high-risk and low-risk) 
and risk type (pedestrian and vehicle) on the average 
amplitude of P3 (300-500 ms) in the parietal region.

N2 component (280‑330 ms)
Using the average amplitude of the N2 component as the 
dependent variable, GLMM analysis was performed to 
examine the predictive effects of risk level and risk type 
on the amplitude across different brain regions. The aver-
age amplitude of the N2 component in 5 brain regions 
followed a normal distribution. The results (Table  2) 
revealed: At the low-risk level, in the central and central-
parietal regions, the N2 amplitude evoked by pedestrian 
risk was significantly larger than that evoked by vehicle 
risk. For random effects in the central and central-pari-
etal regions, Z = 4.014, p < 0.001; Z = 3.953, p < 0.001, 
both of which were statistically significant. In the fron-
tal, frontal-central, and parietal regions, the N2 ampli-
tude evoked by pedestrian risk was marginally larger 
than that evoked by vehicle risk. At the high-risk level, in 
the frontal-central region, the N2 amplitude evoked by 
pedestrian risk was marginally significantly larger than 
that evoked by vehicle risk. Random effects in the frontal, 
frontal-central, and parietal regions, Z = 4.006, p < 0.001; 
Z = 3.996, p < 0.001; Z = 3.970, p < 0.001, all of which 
were statistically significant.

P3 component (300‑500 ms)
Using the average amplitude of the P3 component as 
the dependent variable, GLMM analysis was conducted 
to examine the predictive effects of risk level and risk 
type on the amplitude in the parietal region. The average 
amplitude of the P3 component in the parietal region fol-
lowed a normal distribution. The results indicated: Fixed 
effects, there were significant differences in the impact of 
high-risk and low-risk on the P3 amplitude, F (1, 136) = 
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10.665, p = 0.001, with the P3 amplitude evoked by high-
risk (1.553) significantly larger than that evoked by low-
risk (0.793), risk level (high-low), B = 0.760, t = 3.266, p = 
0.001. There were significant differences in the impact of 
vehicle risk and pedestrian risk on the P3 amplitude, F (1, 
136) = 13.927, p < 0.001, with the P3 amplitude evoked by 
vehicle risk (1.594) significantly larger than that evoked 
by pedestrian risk (0.751), risk type (vehicle-pedestrian), 
B = 0.843, t = 3.732, p < 0.001. The interaction between 
risk level and risk type was not significant, F (1, 136) = 
2.189, p = 0.141. Random effects: Z = 3.912, p < 0.001, 
which was statistically significant.

Discussion
This study employed ERP technology to investigate the 
neural mechanisms involved in speed control for pedes-
trians and motor vehicles under varying risk levels. Driv-
ers decided whether to adjust their speed based on the 
perceived risk level in the traffic scenario, while their 
ERPs were concurrently recorded. The results indi-
cate that, at the low-risk level, drivers tended to prior-
itize slowing down in response to pedestrian risk rather 
than motor vehicle risk. Compared to the risk posed by 
motor vehicles, pedestrian risk evoked a larger N2 ampli-
tude in the driver’s frontal, central-frontal, central, and 

Fig. 3  Grand-average ERP waveforms elicited by different traffic scenarios.

Table 2.  The predictive effect of risk level and risk type on N2 in 5 brain regions

Variable Statistical indicators

Brain region Risk level Risk type B t p M

Frontal high vehicle–pedestrian 0.161 0.512 0.609 −6.673, −8.922

low vehicle–pedestrian −0.578 −1.884 0.067 −6.834, −8.344

Frontal-central high vehicle–pedestrian −0.610 −1.926 0.056 −6.052, −7.486

low vehicle–pedestrian −0.600 −1.894 0.060 −5.442, −6.886

Central high vehicle–pedestrian 0.209 0.747 0.456 −4.707, −6.956

low vehicle–pedestrian −0.599 −2.137 0.034 −4.916, −6.357

Central-parietal high vehicle–pedestrian 0.372 1.309 0.193 −2.055, −4.115

low vehicle–pedestrian −0.699 −2.457 0.015 −2.428, −3.415

Parietal high vehicle–pedestrian 0.529 1.643 0.103 1.298, −0.283

low vehicle–pedestrian −0.620 −1.924 0.056 0.769, −0.337
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central-parietal areas. The high-risk scenario evoked a 
larger P3 amplitude in the driver’s parietal region com-
pared to the low-risk scenario.

The effect of risk type on drivers’ speed control is mod-
ulated by the risk level. In high-risk scenarios, the reduc-
tion in both pedestrian and motor vehicle risk through 
deceleration is substantial, with no significant difference. 
In these scenarios, the proximity of the risk increases, 
urgency rises, and the potential for traffic accidents is 
heightened. Drivers tend to reduce their speed when 
encountering risks involving pedestrians and motor vehi-
cles. In low-risk scenarios, drivers show a significantly 
stronger tendency to decelerate when confronted with 
pedestrian hazards compared to motor vehicle hazards. 
Pedestrian risks are more unpredictable and variable on 
the road. Research indicates that the sudden appearance 
of pedestrians often triggers fear in drivers, leading to 
more frequent speed adjustments [41, 42]. In contrast, 
motor vehicle risks are relatively stable, especially when 
the speeds of vehicles traveling in the same direction are 
similar, allowing drivers to maintain their initial speed. 
This suggests that different speed limits should be set 
based on specific road risk factors to prevent frequent 
deceleration from causing traffic disruptions.

The risk of pedestrians induces a greater N2 amplitude 
in drivers. N2 is a negative wave, characterized by its 
highest amplitude at the central electrode of the frontal 
lobe, occurring between 200 ms and 400 ms following the 
onset of stimulation. A heightened N2 amplitude indi-
cates increased alertness in individuals [29]. Pedestrians, 
as vulnerable road users [32], elevate drivers’ alertness. 
Research has shown that novel stimuli elicit a more pro-
nounced N2 component compared to standard stimuli 
[42]. In the motor vehicle lane, pedestrians are less com-
mon than motor vehicles on the road. Therefore, pedes-
trians serve as prominent stimuli that capture the driver’s 
attention and enhance vigilance.

The high-risk scenario elicited a larger P3 amplitude. 
The P3 is a positive wave that peaks between 300 ms and 
600 ms following the onset of stimulation, with its high-
est amplitude typically observed in the parietal lobe. The 
P3 amplitude correlates positively with the allocation 
of attention during cognitive processing [19]. A greater 
P3 amplitude indicates that high-risk situations require 
more attention from the driver. Over the course of evo-
lution, humans have developed a heightened response 
to dangerous situations. When individuals encounter a 
threat to their safety, they allocate attentional resources 
to the perceived danger and react quickly to ensure sur-
vival [43]. Unlike low-risk scenarios, high-risk traffic 
situations pose a greater threat to drivers, necessitating 

increased attentional resources to control speed and pre-
vent accidents. Furthermore, the results show that the P3 
amplitude was larger in response to motor vehicle risk 
than to pedestrian risk within the same parietal region. 
This suggests that motor vehicles, being larger and more 
centrally located in the driver’s field of vision, receive 
more attention than pedestrians.

Limitations and future research
Firstly, it is important to note that young drivers are 
more likely to exceed speed limits and are at higher risk 
of traffic accidents [44]. Therefore, young drivers were 
selected as participants in this study. However, this lim-
its the generalizability of the findings. Future research 
should expand the age range and driving experience of 
participants to broaden the results. Second, this study 
used images captured from real traffic videos as experi-
mental stimuli. While this method has been proven fea-
sible in previous research [21, 22, 26, 45], images cannot 
fully convey dynamic road information, such as risk pre-
cursors. Therefore, the findings are based on inferences 
about traffic scenarios, and whether they are directly 
applicable to traffic conditions needs to be tested in prac-
tice. Future research could employ virtual reality technol-
ogy to recreate real driving conditions, thereby improving 
the study’s validity. Lastly, since traffic accidents mainly 
involve vehicle-to-vehicle and vehicle-to-pedestrian col-
lisions [1], this study focused on pedestrians and motor 
vehicles as road risk types. Future research could explore 
the effects of other road risk types on driver speed con-
trol to expand the field of driver inhibitory control.

Conclusion
This study used real traffic video intercept images as 
experimental stimuli to explore the neural mechanisms 
underlying the effects of risk level and risk type on 
speed control. At low risk levels, drivers are more likely 
to adjust their speed in response to pedestrian risk than 
to motor vehicle risk. Compared to motor vehicle risk, 
pedestrian risk elicited a larger N2 amplitude, enhanc-
ing drivers’ alertness. In contrast to low-risk scenarios, 
high-risk situations resulted in a larger P3 amplitude and 
required greater allocation of attentional resources. This 
study contributes to the existing knowledge on speed 
control and offers insights for establishing speed limit 
regulations tailored to various road conditions. However, 
the applicability of laboratory findings to real-world set-
tings needs to be tested in practice. Future research could 
employ virtual reality technology to recreate realistic 
driving environments, thus enhancing the validity of the 
findings.
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