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Abstract —In advanced industrial applications, computational 

visual attention models (CVAMs) could predict visual attention 
very similarly to actual human attention allocation. This has been 

used as a very important component of technology in advanced 

driver assistance systems (ADAS). Given that the biological 

inspiration of the driving-related CVAMs could be obtained from 

skilled drivers in complex driving conditions, in which the driver’s 
attention is constantly directed at various salient and informative 

visual stimuli by alternating the eye fixations via saccades to drive 

safely, this paper proposes a saccade recommendation strategy to 

enhance the driving safety under urban road environment, 

particularly when the driver’s vision is often impaired by the 
visual crowding.  The altered and directed saccades are collected  

and optimized by extracting four innate features from human 

dynamic vision. A neural network isdesigned to classify preferable 

saccades to reduce perceptual blindness due to visual crowding 

under urban scenes. A state-of-the-art CVAM is firstly adopted to 
localize the predicted eye fixation locations (EFLs) in driving 

video clips. Besides, human subjects’ gaze at the recommended 

EFLs is measured via an eye-tracker. The time delays between the 

predicted EFLs and drivers’ EFLs are analyzed under different 

driving conditions, followed by the time delays between the 
predicted EFLs and the driver’s hand control. The visually safe 

margin is then measured by mediating the driving speed and the 

total delay. Experimental results demonstrate that the 

recommended saccades can effectively reduce the amount of 

perceptual blindness, which is known to be of help to further 
improve road driving safety [1]. 

 
Index Terms—Saccades Recommendation, Urban Driving Tasks, 

Visually Safe Margin, Human Factors in Driving 

 

I. INTRODUCTION 

Eye movement can reflect the mode of selecting visual 

information in our natural surroundings, which is of great 

significance for revealing mechanisms underlying various 

cognitive processing. According to a recently published 

research report [1], the frequently measured eye movement 

parameters in psychological research include fixation location, 

fixation duration, order of sequential fixations (scanpath), 

saccade latency, saccade speed, saccade distance, saccade 

direction, pupil size (area or diameter), and eye blink rates. 

These spatiotemporal characteristics of eye movements 

indicate physiological and behavioral performance in the 

process of visual information extraction. It retains a direct or 

indirect relationship with people's cognitive functioning, which 

is the reason why many psychologists devote themselves to the 

study of eye movement. Biologically, human vision handles 

complex dynamic scenes without much difficulty. This is 

because the attention system can effectively select and process 

the relevant cues, particularly in dynamic scenes such as 

driving scenes. However, human vision is often suffering from 

perceptual blindness caused by visual crowding, which is the 

inability to detect a target stimulus distinctly when presented in 

a clutter. In driving, perceptual blindness has been reported to 

beone of the primary causes of road accidents [2]. To overcome 

this limitation of human vision in complex driving conditions, 

a CVAM could be developed by recommending expert driver-

level eye fixation locations (EFLs) to assist novice drivers. 

To elaborate, because of the rapid progress of the 

computational modeling of human visual attention [3], it may 

be advantageous to introduce a state-of-the-art CVAM to 

predict EFLs under different driving conditions. Given that 

drivers’ visual attention is affected by multiple factors, such as 

spatiotemporal regularity in natural scenes, central fixation bias 

in viewing behavior, individual differences in visual 

functioning, driving fatigue, and other human factors ([4]-[5]), 

it is desirable to utilize CVAMs that can properly reflect these 

human visual attention factors. Recently, a biologically 

inspired visual attention model was proposed in [6]. This model 

contains several representative characteristics of driving-

related visual attention in humans and seems to be effective in 

an indoor testing environment, such as assisting novice drivers 

by directing their attention to the traffic-relevant features. In 

essence, these CVAMs mainly mimic bottom-up process in 

human visual attention by extracting task-independent 

physically-salient visual features from environment and are 

normally sensitive to abrupt situations/events, such as motion 

patterns ([6]-[7]).  

However, human attention allocation in driving task is also 

subject to top-down influence, such as personal preference and 

driving experience. To our best knowledge, several types of eye 

movement (attentional) behavior, such as saccades, smooth 

pursuit, and fixations, are not thoroughly reflected in these 

CVAMs and optimized for the naturalistic driving tasks, 

particularly for the urban driving which is a relatively hard task 

for a novice driver. Previous research ([8]-[10]) have examined 

the correlation between these types of eye movement and 

hazard perception visual behaviors, but few of them attempted 

to optimize these behaviors for ADAS. Motivated by this 

deficiency, these improper visual behaviors are collected and 

further analyzed, and a recommendation strategy based on 

expert drivers’ attention allocation (i.e. incorporating top-down 

influence into CVAM) is proposed to overcome these potential 

driving hazards.  

Among various eye movement parameters, saccade is an 
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ideal way to monitor what drivers have seen or overlooked  

because people tend to fixate on what they inquire 

about information from. Peripheral vision could be sufficient 

for lane-keeping [11] and hazard detection [12]. Conversely, we 

may fail to perceive things we fixate on [13], but it is yet 

unknown how frequently drivers miss other road users despite 

fixating upon them or how to infer this from gaze behavior. 

Indeed, saccadic eye movement is one of the most frequent and 

complex interaction modes in driving behavior. In [14], the 

authors observed saccade localization on pedestrians was 

impacted by the visual crowding, which is the key factor to 

hinder the recognition of driving-related visual information. 

Specifically, the following two significant characteristics of the 

saccade are summarized as follows: 

(1) Mean saccade speed is the proportion of every saccade 

distance (visual angle) to the saccade duration, with 

‘degrees/sec’ as its unit. Mean saccade duration can explain the 

information processing speed in the previous fixation and the 

searching speed to detect the next fixation target. 

(2) Mean saccade amplitude is the range of a glance from 

the beginning to the end, with ‘visual angle’ as its unit. The 

average number of saccades indicates the driver’s searching 

frequency for information. 

Driven by these early researches, the features from drivers’ 

saccadic eye movements (i.e., altered saccades and directed 

saccades) are extracted under the urban scenes for both field 

and virtual driving tasks. In essence, the saccades with 

circuitous and iterated trajectories within a concentrated cluster 

are classified into the altered saccades. In contrast, the directed 

saccades indicate the unidirectional trajectory observed from 

the eye-tracking data. Previous studies have implied that these 

saccades in the crowded visual environment (e.g., visual 

crowding) could be used to guide driving safety ([15]-[16]). 

The contribution of the proposed recommendation strategy 

can be summarized as follows. 

1. The visually safe margin induced by both the visual and 

control delays is modeled by the real-time driving speed in 

both naturalistic and virtual urban driving environments. 

2. An alert system is proposed by recommending altered and 

directed saccades with a specification of driving-related 

stimuli under both naturalistic and virtual urban driving tasks. 

3. By extracting the bio-inspired features from drivers’ 

saccades, the accuracy of choosing either altered or directed 

saccades by referring to the expert ground truth can reach 

approximately 92.9% and alleviate the visual crowding-

induced perceptual blindness under urban scenes by 51.7%. 

This paves a logical foundation for further implementation 

on advanced driver assistance system (ADAS). 

This paper is organized as follows. In section II, existing 

related research is briefly summarized. The proposed strategy 

is explained in section III. The experimental results are 

explained in Section IV. A suitability analysis on saccade 

recommendation under visual is detailed in section V. Finally, 

the conclusion is summed in section VI. 

 

II. RELATED RESEARCH 

This section briefly reviews previous studies on 

computational visual attention models, and summarizes the 

merits and demerits of human visual attention, particularly for 

the driving tasks. 

 

A. Computational Modeling on Visual Attention under 

Driving Tasks 

Computational modeling of huma n visual attention has been 

developed extensively from the earliest feature integration 

theory [17], the self-information measurement [18], and the 

spatio-temporal computation [19] to the latest deep learning 

framework [20]. However, while these approaches have 

considerably improved the predicted EFLs accuracy in the 

tested image and video databases, few of them have adequately 

addressed human vision in real-world visual tasks. For 

example, individual differences in visual behavior between 

novice and experienced drivers are the typical features of 

human visual attention observed in driving but are not 

adequately reflected in current CVAMs. Furthermore, as an 

inherent property of dynamic natural scenes, spatiotemporal 

regularity is routinely exploited by the human visual system to 

effectively process visual inputs.  

Consequently, humans can easily pay attention to the 

expected object and/or location to perform visual tracking or 

target analysis with increased perceptual sensitivity [14], and 

ignore objects that have high physical saliency but are not part 

of spatio-temporal regularity in dynamic scenes.  

Motivated by these advantages and its close similarity to  the 

human baseline, a  spatio-temporal attention model guided by 

motion perception [6] was adopted in the present study to 

obtain the predicted EFLs and saccades under both real and 

virtual driving tests. A rigorous analysis is provided in the next 

section. 

 

B. Road Driving Safety Inspired by Human Vision 

Technology that improves on-road driving safety with the 

help of imitating the driver’s gaze has recently received a lot of 

attention. However, few of them have addressed the perceptual 

blindness caused by visual crowding, which is one of the key 

factors to impair driving performance. In [21], an inverse 

suboptimal control to alert visual distraction behavior to predict 

lane keeping was proposed. These methods have demonstrated 

their effectiveness on several specific driving tasks.A safe 

driving strategy has been proposed by analyzing the EFLs 

under real-life driving conditions [22]. The difference between 

human actual EFLs and CVAM-predicted EFLs has been 

recommended for the purpose of safe driving. However, there 

are two significant drawbacks to this strategy. To begin with, 

the driver’s saccade, which is one of the key eye movement 

characteristics, is not fully digested. The driver’s scan path may 

cover the driving-related information but is not always correct. 

Consequently, this information may have been seen, but they 

are unrecognized or are not fully understood. For instance, the 

visual features may not be comprehensively integrated or 

processed due to factors such as visual complexity, 

unfamiliarity, individual and gender differences, etc.  Secondly, 
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the delay between EFLs and hand control should be considered 

in the safe driving strategy.  It is evident that the driver needs a 

safe distance between the car and objects in front of the car in 

order to prevent accidents in the driving tasks. The appropriate 

time delay between the EFLs and the hand operation would 

allow the driver to operate a car safely in response to the fixated 

hazards. This should be fully discussed under different driving 

conditions. As reported in [22], the safe visual distance is 

modeled by fusing the visual delay between actual EFLs and 

predicted EFLs and the control delay between EFLs and hand 

operation. This safe distance is affected by multiple elements, 

such as driving speed and visual angle. Moreover, perceptual 

blindness is one of the key reasons that reduce driving safety. 

The potential driving-related salient objects include 

pedestrians, obstacles, hazards, and other key information. 

Based on this, extensive experiments have been conducted 

under both field test and virtual reality (VR) environment. In 

[22], the authors analyzed the suitability of two types of EFLs 

using 10 typical categories of natural driving video clips. In the 

suitability analysis, the authors compared the recommended 

EFLs by referring to three experienced drivers as the reference 

EFLs. Based upon the natural driving conditions, the authors 

recommended the best EFLs to overcome the potential hazards. 

In [23], the authors compared several higher-order cognitive 

abilities involving manipulation and storage of visuospatial 

information under speeded conditions, and proposed a training 

intervention to improve driving skills and maintain safe 

driving. In [24], the neuromorphic vision sensor by mimicking 

human vision sensitivity to brightness changes is embedded in 

intelligent vehicles for the improvement of driving safety.  

 

C. Perceptual Blindness Caused by Visual Crowding 

  As reported in [26], visual crowding may occur in driving 

because hazards, obstacles, and pedestrians frequently appear 

in the clutter in the driver’s periphery vision. Driving is a 

potentially fatal real-life situation where visual crowding is a 

critical factor for causing accidents. The authors have shown 

that visual crowding does occur in realistic driving scenes and 

has behavioral consequences, particularly under the urban 

driving tasks [27]. To sum up, visual crowding has three major 

negative impacts (especially) on novice drivers. In contrast, 

both the saccades and EFLs in novice drivers demonstrates a 

lower similarity when comparing with the experienced drivers, 

which potentially leads to the potential occurrence of 

perceptual blindness. Secondly, novice drivers’ saccades and 

EFLs tend to select non-salient rather than salient objects, 

which indicate a limited accuracy when comparing with 

experienced drivers, which is another reason for the appearance 

of perceptual blindness. Thirdly, novice drivers often show a 

higher number of saccades in specific driving tasks when 

comparing with experienced drivers. This unnecessary visual 

behavior will result in the higher complexity of visual burden 

and driving fatigue, which increases the possibility of 

perceptual blindness.  

 

III. THE PROPOSED SACCADE RECOMMENDATION 

Figure 1 illustrates the alleviation of the perceptual blindness 

by recommending the optimal saccades recommendation under 

urban driving scenes for the final purpose of road safe driving. 

A state-of-the-art CVAM [6] is firstly adopted to localize the 

predicted EFLs. Secondly, human participants shift their EFLs 

to the recommended EFLs. The time delays between the 

CVAM-predicted EFLs and drivers’ EFLs are analyzed under 

different driving conditions as depicted in earlier research [1]. 

Thereafter, the time delays between CVAM-predicted EFLs 

and driver’s hand control are calculated. Next, the altered and 

directed saccades are optimized by extracting four innate 

features from human dynamic vision. A neural network is then 

designed to classify the optimized saccades under different 

urban driving conditions. The visually safe margin is further 

modeled by mediating the driving speed and the total delay.  

 

Naturalistic and Virtual 
Driving

Evaluation using Recommended Saccades by Measuring 
Perceptual Blindness

Visually Safe Margin

Saccades Collection and Classification 
(Directed, altered and mixed types)

Bio-inspired Visual Features 
from Saccades

 Recommendation on Saccades 

Recommendation by Predicted EFL 
from CVAM [6] and Driver EFL

Recommended EFL [1] 
and hand control

Figure 1. The flowchart of the alleviation of perceptual blindness 

 

A. The Recommendation of Saccades  

As discussed in Section II, there still exist the potential 

hazards caused by different types of saccades, particularly by 

the perceptual blindness caused by the visual crowding under 

urban scenes. Motivated by this, a  recommendation guided by 

the different saccade types is proposed as detailed below. After 

removing outliers from the saccades, most directed saccades 

are recommended for the relatively static visual cues, such as 

the traffic lights and traffic signs, whereas most ego-motion 

objects are recommended for the altered saccades. This agrees 

with previous observation [14] that the directed saccades are 

mostly driven by top-down cues whilst the altered saccades are 

mediated by the combination of both top-down and bottom-up 

cues. Considering the predicted EFLs can provide top-down 

cues for the driving tasks, the static objects are thus preferred 

by the guidance of directed saccades. Moreover, the altered 

saccades are suitable for the ego-motion objects, as the spatio-
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temporal visual information can enhance the perception and 

cognition of driving-related moving stimuli.  

For the remaining driving-related objects, the classification 

on the recommendation for either directed or altered saccades 

can be achieved by a neural network toolbox [28] explained as 

follows. To avoid the perceptual blindness impaired by the 

visual crowding, the recommendation of the preferred saccades 

is listed in Table I. 

 
Table I 

Recommendation on Saccades 

Type Driving-related Visual stimuli 

Directed Saccades Traffic sign, traffic lights or other static 
visual stimuli without self-motion 

Altered Saccades Moving Vehicles, walking pedestrians or 

other dynamic visual stimuli with self-motion 

Interchangeable Saccades Other visual stimuli under mixed driving 
conditions 

 

To validate this recommendation, the following 4 innate 

features are extracted by considering the human saccades in 

real driving tasks, and are then used for the feature inputs to the 

neural network (NN) training module. Let  𝑒𝑛  and 𝑒𝑛
𝑟  be the 

eccentricities of the EFLs predicted by CVAM at the n-th 

frame with normal and reversed video clip, respectively. 

The normal video sequence indicates that the clip was 

presented in its original, predictable sequence. The reversed 

video sequence refers to the same clip was presented in reverse 

motion or time-reversed sequence.  

1. For a given video clip consisting of 𝑁  frames, 

let 𝑛𝑖
𝑑𝑠and 𝑛𝑖−1

𝑑𝑠 be the number of directed saccades in the 𝑛-th 

frame and the (𝑛 − 1)-th frame. The difference of the number 

of directed saccades between these two frames is denoted as 

𝑑𝑖
𝑑𝑠 = 𝑛𝑖

𝑑𝑠 − 𝑛𝑖−1
𝑑𝑠  and 𝑑𝑖

𝑑𝑠 used as an input feature.  

2. Similar to  𝑛𝑖−1
𝑑𝑠 , let 𝑛𝑖

𝑎𝑠 and 𝑛𝑖−1
𝑎𝑠 be the number of 

altered saccades in the 𝑛-th frame and the (𝑛 − 1)-th frame. 

The difference of the number of directed saccades between 

these two frames is denoted as 𝑑𝑖
𝑎𝑠 = 𝑛𝑖

𝑎𝑠 − 𝑛𝑖 −1
𝑎𝑠  and 𝑑𝑖

𝑎𝑠 is 

used as an input feature. 
3. For a given video clip consisting of F frames, let 

𝝓𝑛 and 𝑒𝑛  be the EFL predicted by CVAM at the 𝑛-th frame 

and its eccentricity, respectively. When 𝑒𝑛 > 𝑒𝑛−1, the car is 

approaching a static visual target without self-motion, such as 

traffic signs, traffic lights, or other driving-related visual 

stimuli.  
In this case, the directed saccade is preferred. Otherwise, the 

altered saccade is selected. The horizontal eccentricity 

difference between two consecutive frames, which is defined 

as  Δ𝑒𝑛 = 𝑒𝑛 − 𝑒𝑛 −1, is used as an input feature. 
4. Considering that the perception of driving-related  

stimuli is impaired by the visual crowding, thus the altered 

saccades are preferred to improve the recognition in urban 

driving scenes. When a square of length 𝑤 contains 

𝑛𝑠  predicted EFLs with different centroid inside, the altered 

saccades are preferred as a relatively higher number of driving-

related visual stimuli is clustered in this region, otherwise, the 

directed saccade is selected due to its biological simplicity and 

 
1https://docs.unrealengine.com/en-US/index.html 

the lower computational consumption. The number of EFLs 

with different centroid in a square of length 𝑤 is the input 

feature for the neural. Here, let (𝝓𝑖 = (𝜙𝑥𝑖 , 𝜙𝑦𝑖))
𝑖=𝑛−𝑛𝑠+1 

𝑛
be 

the subsequence of predicted EFLs in the 𝑛𝑠  consecutive image 

frames, where (𝜙𝑥𝑖 , 𝜙𝑦𝑖)is the coordinate of the predicted EFL 

in the 𝑖 -th frame. If the following two inequalities hold 

simultaneously, the altered saccade is recommended, otherwise, 

the directed saccade is recommended: max
𝑛 −𝑛𝑠+1≤𝑖≤𝑛

𝜙𝑥𝑖 −

min
𝑛−𝑛𝑠+1≤𝑖≤𝑛

𝜙𝑥𝑖 < 𝑤, and max
𝑛−𝑛𝑠+1≤𝑖≤𝑛

𝜙𝑦𝑖 − min
𝑛 −𝑛𝑠+1≤𝑖≤𝑛

𝜙𝑦𝑖 <

𝑤, where 𝑤 is set to be 11 as explained in the experiments. 
The proposed neural network takes the above 4 features as 

feature inputs were constructed to recommend either the altered 

and predicted saccades under 3 urban driving conditions, i.e., 

naturalistic, VR test using UE4 [29] (Unreal Engine 41) and 

other mixed driving task. Each driving condition included 12 

driving video clips with 180 frames length in each clip using 2 

types of manipulation (normal and reversed temporal order). 

The input layer contained 4 input nodes, and 2 hidden layers 

were constructed with 8 nodes by equally setting 4 nodes for 

each hidden layer. There was also 1 output node that indicated 

either the directed or altered saccades as the optimal choice. 

The total dataset was equally segmented for 10-fold cross-

validation. The training dataset contained the first 120 frames 

of each driving video, and each driving condition had six 

typical video clips, resulting in 8640 frames of the training 

dataset under urban driving conditions. The testing dataset 

contained the remaining 4320 frames for each driving 

condition. The learning rate was 0.01, the momentum constant 

was set as 0.45, the number of epochs was 40000, and other 

parameters were set as the default values. The training and 

testing process were conducted in the TensorFlow toolbox [28] 

by using ReLU activation function using default bias due to its 

similar performance by attempting other activation functions, 

such as Sigmoid or Softmax, while the computational 

efficiency is the lowest comparing with other activation 

functions. The performance of the proposed recommendation 

is discussed in the experimental section.  

 

B. The Visually Safe Margin 

This subsection describes the procedure to measure the time 

it takes for drivers to locate the EFLs provided by CVAM and 

then to initiate an action to manipulate the steering and the 

vehicle throttle. From this measured time delay, it is possible 

to infer the minimum safety distance between the vehicle and 

the hazards/objects in front of the vehicle. This safety distance 

(the distance from the EFLs predicted by CVAM to the car-

maneuver) is called a visually safe margin. 

The visually safe margin2 is defined as the distance the car 

has traveled during the time it takes for the driver to start 

manipulating a device after sa ccade recommendation. It is 

necessary to ensure sufficient time for the driver to operate the 

device after the saccade recommendation. Besides, we suppose 

that the driver’s vision is not hampered by severe weather 

2https://hazardperceptiontest.net/safety-margins-theory-test/ 

https://docs.unrealengine.com/en-US/index.html
https://hazardperceptiontest.net/safety-margins-theory-test/
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condition (e.g., rainy, foggy). In other words, the driver has a 

clear vision during the driving tasks. 

Let 𝐼 = {𝑖𝑛}𝑛=0  
𝑁−1 be a sequence of recorded video consisting 

of 𝑁 frames. When the drivers are watching the videos 

projected on the image plane, they keep fixating their eyes on 

an object of interest. The type of the drivers’ eye movement is 

classified into saccade and eye fixation. The eye fixation is 

further divided into two types based on the location of the eye 

fixation. If the driver’s EFL is in the central area of an image 

plane, the eye fixation is classified as a central eye fixation, if 

not as a peripheral eye fixation. Let  𝑒𝑛  be the type of driver’s 

eye movement occurring at the time when  𝑖𝑛 is captured. Then, 

the formula  𝐸 = {𝑒𝑖 }𝑖=1 
𝑁 corresponds to 𝐼.  

We employ the following simple rule to recommend the 

driver a new EFL. 

Let 𝐺𝑘 = (𝑔𝑖
)

𝑖=𝑘−𝐾+1 
𝑘 be a subsequence of 𝐸 that consists of 

𝑒𝑘 and its preceding (𝐾 − 1) eye movement types, and 𝐾 is set 

to be 90 in the experiments. Let 𝑙𝑘
𝑠 ,𝑙𝑘

𝑐 , and 𝑙𝑘 
𝑝

be the number of 

the saccade, central eye fixation, and peripheral eye fixation 

elements in 𝐺𝑘 , respectively. Consider the case where 𝑙𝑘
𝑠 < 𝑇, 

where 𝑇 is a  threshold that is determined by using expert 

drivers’ data. This situation can be interpreted as the driver is 

mainly gazing at the central area. Therefore, supposing there 

exist some salient objects outside of the central area that are 

ignored by the driver, it is necessary to encourage the driver to 

pay attention to them. 

Through an experiment, we confirmed that it takes a certain 

amount of time for drivers to recognize the CVAM-predicted 

EFL displayed on the screen, and to manipulate devices by 

hand. This response time delay varies depending on the drivers 

and the road conditions. 

Since the vehicle travels a certain distance during a response 

time delay, it is necessary that predicted EFLs are 

recommended in advance to account for this response time 

delay. Assuming that the vehicle is driving at a  speed of v km/h, 

which can be rewritten as 1000v m/ (3600s) = v/3.6 m/s. If the 

vehicle drives at the speed for t seconds, the distance the 

vehicle drives is 
𝑣

3.6
× 𝑡  =  

𝑣𝑡

3.6
m. Let  𝜏  be the response time 

delay of a driver in seconds. If a  car is driving at a  speed of 

𝑣 km/h, the car travels 
𝑣𝜏

3.6
m during 𝜏  seconds. This indicates 

that even if a  CVAM recommends any salient objects within 
𝑣𝜏

3.6 
m in front of the car, the driver does not have the time to deal 

with them. 

The experiments and a suitability analysis are further 

conducted to evaluate the rationality of the proposed method. 

IV. THE EXPERIMENTS RESULTS 

The experimental setup, including the urban driving 

videos and saccades collection, is explained in the first two 

subsections. The effects on saccades recommendation are 

detailed in the following subsection.  

 

A. The Experimental  Setup 

The criteria to participate in this study were being a staff 

member or student of the department (for insurance reasons), 

possessing a driving license, and having driven an automatic 

transmission at least once before. All participants were 

informed on the purpose of this study prior to participation and 

had a technical understanding of the used technology, but not 

of the recognition task or its implementation. 

School of Psychology at the University of Lincoln, United 

Kingdom approved this study. Three types of videos were 

recorded for three driving conditions: naturalistic urban driving 

(80 minutes), virtual urban driving (80 minutes), and mixed 

driving (20 minutes). It is worth noting that the naturalistic 

driving clips cannot fully cover various urban driving tasks due 

to several shortcomings, such as the right-driving conditions 

due to the left-driving rules in the UK which potentially leads 

to the visual discrepancy when steering in the curves. 

Motivated by the limitations of naturalistic driving scenes, we 

expanded the testing database by building up a virtual 

environment.  

Figure 2 demonstrates the naturalistic driving video tasks by 

mounting the web camera with 30 fps on Mini SUV (Hyundai 

ix25) for the field test, with the left and right snapshot 

representing the urban driving tasks. The driving videos 

generated by UE4 are illustrated in Figure 3 with the urban 

scenes. 

 

  
Figure 2. Sample images of naturalistic driving videos taken with a web 

camera mounted on a Mini SUV (Hyundai ix25) captured in Lincoln city, 
United Kingdom for urban driving testing. 
 

  
Figure 3. Sample of a VR urban driving videostaken from the UE4 (unreal 
engine 4) on the visual studio platform. 

 

100 participants (42 novice drivers with less than 1-year 

driving age, 58 experienced drivers with at least 2-years driving 

age), between18 and 42 years old with a mean age of 33.9 

± 0.41 (mean ± SEM), are volunteered to participate in this 

research. All participants had normal or corrected-to-normal 

visual acuity and normal color vision (verified with Ishihara’s 

Tests for Color Deficiency, 24 Plates Edition).  

Both naturalistic and virtual driving visual stimuli were 

presented on a non-interlaced gamma-corrected color monitor 

(30cd/m2 background luminance, 90 Hz frame rate, Mitsubishi 

Diamond Pro 2070SB) with a resolution of 1,024 × 768 pixels. 

A free viewing task was used to obtain the human EFLs. At a 

viewing distance of 57 cm, the monitor subtended a visual 

angle of 40 × 30°. The background sounds were removed in our 
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eye-tracking study using Tobbi Eye-tracker3 . A 5-point eye 

tracker calibration was achieved when the participant followed 

the fixation point (FP) for one second as demonstrated in Figure 

4. 

After the calibration process, each trial started with four FPs 

presented at the corners of the screen area in which the videos 

were displayed. To minimize initial central fixation bias in 

viewing, the participants were instructed to randomly choose 

one FP to fixate. After the participants had maintained gaze on 

the FP for one second, the FP disappeared, and a testing video 

clip was displayed in the centre of the screen. The participants 

pressed the up, down, left, and right buttons on the keyboard to 

react to the perceived visual stimuli for further operation, such 

as steering, acceleration, and deceleration.  

 

 
Figure 4. To complete the 5-point calibration, the participant was required to 
stare at the center of each of the five dots one at a time. 

 

During the free viewing presentation, the participants were 

instructed to view the video clip as they normally would. All 

participants viewed the driving video clips. Based on the results, 

their eye fixations and saccades were classified as the driver’s 

EFLs, directed and altered saccades as defined in the next 

subsection. 

 

B. The Saccades Collection  

Once EFLs are collected, the saccades are further labelled 

either altered or directed saccades as illustrated in Figure 5. The 

altered saccades present a higher occupy than the directed 

saccades by showing a higher percentage of circuitous and 

iterated trajectories within a concentrated cluster in the left 

subfigure, whilst the unidirectional trajectory is more obvious 

in the directed saccade as demonstrated in the right subfigure. 

In contrast, the CVAM imported from [6] also generates the 

EFLs and saccades. The merits and demerits induced by human 

and CAVM are further compared by the expert drivers. 

Besides, the distance between each two EFLs less than 0.125° 

eccentricity is regarded as an altered saccade, as this kind of 

small distance can be grouped into one focal visual behavior 

([14] and [33]).  

 

  
Figure 5. A graphical comparison between altered and directed saccades 

from eye tracker. 

 

To visualize the collected saccades on different driving-

related static (e.g., traffic signs and traffic lights) and dynamic 

 
3 https://www.tobiipro.com/product-listing/nano/ 

visual information (e.g., vehicles and pedestrians), Figures 6 

and 7 present the t-SNE (t-distributed stochastic neighbor 

embedding) [34] for the dimensionality reduction of the 

features for visual stimuli used in this study. Specifically, 

Figure 5 illustrates a 2-D scatter plot of saccade distribution 

map after applying t-SNE from one driving task. The red, green 

and blue dots indicate the saccades located on the traffic lights, 

traffic signs and other static visual cues, respectively. In Figure 

6, however, the red, green and blue dots indicate the saccades 

located on the moving vehicles, walking pedestrians and other 

dynamic visual cues, respectively. 

As demonstrated, the dimensionality reduction of the 

interchangeable mode is clearly visualized. Each cluster 

indicates a typical driving task, and this plot indicates that 

training and testing datasets can be clearly classified for 

saccade recommendation. 

Among these different types of driving-related visual 

information, 893 directed saccades are located on traffic lights 

and 1905 directed saccades are located on traffic signs. On the 

other hand, 2988 altered saccades are attracted by the nearby 

vehicles with ego-motion speed, whilst the walking pedestrian 

induces 1823 altered saccades. In the next subsection, the 

visually safe margins are measured in a quantitative manner by 

considering the drivers’ response delay under urban driving 

conditions, respectively. 

 
Figure 6. 2-D scatter plot of saccades distribution from one driving video 

clipafter applying t-SNE. The red, green and blue dots indicate the saccades 
located on the traffic lights, traffic signs and other static visual cues, 
respectively. 

 

 
Figure 7. 2-D scatter plot of saccades distribution from one driving video clip 
after applying t-SNE. The red, green, and blue dots indicate the saccades 
located on the moving vehicles, walking pedestrians, and other dynamic visual 
cues with ego-motion, respectively. 

 

C. The Visually Safe Margin 

The response delay 𝜏1 between the predicted EFLs from a 

recent CVAM [6] and driver’s EFLs is summarized in Table II. 

https://www.tobiipro.com/product-listing/tobii-pro-glasses3-api/
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Besides, 𝜏2  represents the response delay between driver’s 

EFLs and hand control on the keyboard button.  

A detailed analysis in perceiving different driving-related  

visual information when driving in the real urban condition at 

a  speed of 60 km/h is shown in Table II. The maximum 𝜏1is 

found when perceiving traffic lights at >5° eccentricity, whist 

the maximum  𝜏2 is caused by the pedestrian at >5° eccentricity. 

Similarly, for the virtual urban driving, a detailed analysis in 

perceiving different driving-related visual information is 

shown. The maximum  𝜏1is found when perceiving the vehicles 

at >5° eccentricity, whilst the maximum  𝜏2 is caused by the 

traffic at >5° eccentricity. Based upon these findings, the 

suggested visually safe margin is 24.5m for the experienced 

driver and 27.3m for the novice driver when driving on an 

urban road at a  speed of 60 km/h as detailed in Table II. It is 

apparent that higher eccentricity results in a longer response 

delay. 
 

Table II 

The response delay between predicted EFLs and actual EFLs, and the 
response delay between actual EFLs and hand control on keyboard button 

1. 𝜏1: We found the delay between predicted EFLs and actual EFLs is 
averagely 0.65 sec for experienced and 0.79 sec for novice drivers 

under real urban driving. The standard deviation (SD) is 0.073 and 
0.069, respectively. 

2. Besides, 0.67 sec and 0.81 sec delay are observed for virtual urban 
driving from experienced and novice drivers, with 0.090 and 0.089 

for SD. 
3. 𝜏2 : The delay between actual EFLs and operating controller (from 

EFLs to hand manoeuvre) is averagely 0.78 sec for experienced and 

0.88 sec for novice drivers under the real urban driving, with SD of 
0.058 and 0.055, respectively. 

4. Besides, 0.77 sec and 0.91 sec average delays reported for virtual 
urban driving from experienced and novice drivers, with 0.083 and 
0.094 for SD. 

 

D. The Performance of Saccade Recommendation 

All collected saccades are clustered into ten 10-pixel 

circular regions by using the k-means clustering algorithm. Let 

(𝜙𝑥𝑖
𝑘 , 𝜙𝑦𝑖

𝑘 ) be the EFL of the 𝑘-th participant at the 𝑖-th frame. 

The averaged saccade collected from 100 participants at the 𝑖-

th frame is as follows: 

               (�̅�𝑥𝑖 , �̅�𝑦𝑖) = (
1

𝑝
∑ 𝜙𝑥𝑖

𝑘𝑝
𝑘=1 ,

1

𝑝
∑ 𝜙𝑦𝑖

𝑘𝑝
𝑘=1

),                    (1) 

where 𝑝 indicates the total number of participants, which is set 

as 100 for the involved subjects.  
 

 

    
 

   
Figure 8.  Two raw images of driving video clips are illustrated in the left 
column. In the middle column, the visual attention map after adopting the 

saccades recommendation is visualized. In the right column, the red circle 
indicates the most visually active region among the ten saccades clusters, whilst 
other color regions (green and blue) within this saccade cluster indicate the 

remaining altered and directed saccades. The top row indicates the driving 
scene of a residential complex. The bottom row indicates the driving scene of 

the shopping mall area. 

 

In Figure 8, the left column illustrates two raw images from 

urban driving video clips (the images at top and bottom row 

indicate the driving scene of a residential complex and 

shopping mall area , respectively), the middle column 

represents the visual attention map after adopting the proposed 

saccades recommendation. In the right column, it is worth 

noting that the red circle indicates the most visually active 

region among the ten saccades clusters, which consists of 75% 

altered and directed saccades by pre-setting the parameter in 

the proposed recommendation strategy. Besides, circulars in 

other colors (green and blue) indicate the remaining altered and 

directed saccades within this saccade cluster. The analysis 

reveals that the directed saccades take up 56.1% in the 

residential complex (top row), which indicates a lower 

percentage of dynamic visual information and low ego-velocity, 

whilst the altered saccades occupy 73.3% in the shopping mall 

area (bottom row), which indicates a  rich dynamic visual 

information and higher speed for this driving task. It is apparent 

that the saccades in the attention heat map (middle column) 

span a wider region when driving at the shopping mall area than 

the residential complex. The visualization results coincide with 

the previous psychological observation that the driving tasks 

under urban scenes require a more sophisticated feature binding 

and short-term memory when the visual stimuli are abundant, 

which is harder than driving at the motorway or remote area 

[36]. 

Figure 9 visualizes the ten saccade clusters under urban 

driving tasks of a T-junction after importing the visually safe 

margin from the novice drivers (left column) and experienced 

drivers (middle column), and the results after importing the 

proposed recommendation strategy and visually safe margin 

(right column). It is also worth noting that the circle radius is 

linearly increased (from 18-pixel to 25-pixel) due to the density 

and depth of the classified saccades, i.e., a  higher density of the 

saccades indicates a larger circle size, and a closer distance of 

the saccades implies a larger circle size, and vice versa .  

As indicated in the left column, the central bias [25] is 

excessively weighted for the novice drivers, resulting in the 

loss of visual information in the peripheral areas probably due 

to visual crowding or other reasons. In the middle column, the 

visually attended region is enlarged for the experienced drivers, 

as they probably have better capability and anticipation than the 

novice drivers. In the right column, the visually attended region 

covers the most considerable area (visual info) guided by the 

proposed algorithm.  

Alternatively speaking, the saccades are rectified or re-

distributed due to the proposed recommendation which covers 

the essential guide for the driver’s peripheral vision, 

particularly under urban driving tasks.  

To verify the rationality of the proposed saccade 

recommendation, a suitability analysis is necessary and 

conducted in Section V.
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Figure 9. The saccades cluster from the novice driver (left), the saccades cluster from the experienced driver (middle), and the results after adopting the proposed 
saccades recommendation strategy (right) under urban driving tasks on the driving conditions at a T-junction. 

 

V. THE SUITABILITY ANALYSIS 

Driving is a task critically dependent on vision. Drivers not 

only need to carefully perform precise hand control actions but 

also quickly scan their environment to process road scenes. 

With the improvement of vehicle performance and the increase 

of functions, the display of information related to driving is 

increasing day by day. Therefore, it has become a hot research 

topic to appropriately understand the driver's visual scanning 

and obtain effective information about attention distribution. 

The various indicators of eye movement represent  the direct 

reflection of people's cognitive processes. By analyzing gaze 

behavior, we know how to distribute the driver’s attent ion in 

various workload and fatigue states, and how to design the 

layout of automobile instruments to obtain the most efficient 

human-computer interaction and to reduce the driver's burden. 

A quantitative performance test is conducted to verify the 

suitability of the proposed recommendation. An insight into 

human factors under the driving task is then followed in the last 

subsection. 

 

A. The Suitability Analysis for Saccades Recommendation 

Table III compares the response delay 𝜏1 and 𝜏2 for different 

visual stimuli in urban driving at the speed of 60 km/h. It is 

apparent that larger eccentricity results in a longer response 

delay. Tables IV lists the performance of the NN-based classification 

on saccade types. The precision and recall performances as determined 

by counting the number of drivers altered and directed saccades are 

summarized. Further quantitative analysis indicates an accuracy of 
choosing either altered or directed saccades can reach approximately 

92.9% by referring to the ground truth obtained from 4 expert drivers 

with >3 years driving experience and no accident history during this 

period. Besides, the average distance between the directed and altered 

saccades for all misclassified frames (pixel-wise) was equally counted. 
This was undertaken to confirm that a wrong classification would not 

result in decision errors in real-life driving. The average distance 

between the altered and directed saccades was less than 3 pixels as 

demonstrated in this table. Such a small distance is tolerable for safe 

driving according to the earlier research [22]. This deviation does not 
yield the difference for the final selection of each mode and can be 

treated as the repeated occurrence [30] for saccades.  

Importantly, after importing the recommended saccades 

strategy, the amount of perceptual blindness is largely reduced 

by 51.7% as listed in the last column. This refers to the 

proposed recommendation strategy to improve driving safety 

by overcoming the perceptual blindness caused by visual 

crowding under the urban driving tasks. It is worth noting that 

the effectiveness of the visually safe margin alleviates the 

number of drivers’ perceptual blindness and decreases the 

average distance in misclassified frames. 

 
Table III 

The Driving-related Visual Stimuli under Urban Scenes and its Corresponding Delay when driving at 60 km/h 

Target and its Eccentricity 
Traffic Sign Pedestrian Traffic Lights Vehicles 

Other driving-related 
visual stimuli 

Within 5°/Beyond 5° Within 5°/Beyond 5° Within 5°/Beyond 5° Within 5°/Beyond 5° Within 5°/Beyond 5° 

 Response Delay 𝜏1 0.69/0.81 0.67/0.88 0.65/0.89 0.61/0.85 0.63/0.80 

Response Delay 𝜏2 0.71/0.81 0.69/0.94 0.64/0.82 0.68/0.83 0.66/0.83 

 

Table IV 
Performance evaluation using the NN-based interchangeable saccades recommendation Strategy 

Driving condition 
The training dataset Saccades 

Classification 

Accuracy  

The average distance (pixels) between 
altered saccades and directed 

saccades in misclassified frame 

Average amount of 
perceptual blindness during 
driving before/after using 

recommended saccades Directed saccades Altered saccades 

Urban Driving 
(Naturalistic) 

1798 2193 88.4% 2.98 
17.34/6.59 

Urban Driving 
(VR using UE4) 

1433 2270 90.1% 2.89 
18.65/5.38 

Overall Driving Tasks 
(Without safe margin) 

3638 5311 87.7% 2.91 
38.73/21.98 

Overall Driving Tasks 3592 5251 92.9% 2.73 35.77/18.49 

 
TableV 

Performance comparison with driver vision related methods for the improvement of safe driving 

 Human Baseline F. Schmitt [21] J. Xu [22] K. Anstey [23] G. Chen [24] Y. Liu [35] Proposed Method 

Precision 0.82 0.61 0.72 0.68 0.73 0.69 0.80 
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Recall 0.79 0.53 0.70 0.72 0.75 0.71 0.77 
 

Table V further compares several state-of-the-art vision-

guided methods for the purpose of safe driving. The precision 

and recall of the proposed method vary between 0.80 and 0.77 

across different driving tasks which are very close to the human 

baseline. It is also worth mentioning that the performance of 

driving in an urban area has a prominent improvement after 

adopting the saccades recommendation. 

In detail, the altered saccades on pedestrians take the highest 

percentage than other visual cues for urban driving. The 

proportion of altered saccades (PAS) on pedestrians, vehicles, 

and other dynamic visual information is indicated in Figure 10 

with increasing eccentricity. Clearly, PAS on vehicles is mostly 

clustered in the central area , whilst the peripheral area usually 

attracts PAS on pedestrians.  

The proportion of directed saccades (PDS) with different 

eccentricities is also compared when perceiving different visual 

information as depicted in Figure 11. PDS on traffic lights is 

relatively active at larger eccentricities. In contrast, PDS on 

traffic signs shows a two-pole high activity. This is probably 

driven by the drivers’ prediction for contour perception at a  far 

distance [31] or their near distance observation for a detailed 

understanding to overcome the visual crowding-induced 

negative impact on object recognition [32]. These results 

coincide with the proposed saccade recommendation and assist 

the driving performance under urban driving scenes. 

Importantly, it is worthy to mention that PAS and PDS on the 

vehicles and traffic signs are 35.7% and 39.4%, respectively, 

whilst the remaining proportion of saccades are attracted by 

other driving-related stimuli. 

In earlier research ([1] and [22]), the CVAM-predicted EFLs 

and expert drivers’ EFLs were recommended for the purpose 

of driving safety, but there was no mention of the saccades 

required to ensure visually driving safety, particular for the 

urban driving tasks. Given that the driver’s vision is guided by 

sequences of fixations and saccades to bind visual cues for 

deeper cognitive processing (e.g., understanding the hazards in 

driving tasks), it is apparent that saccades play an important 

role in driving. Thus, the recommendation for reasonable and 

efficient saccades would be beneficial to the ultimate goal of 

driving safety. 
 

 
Figure 10. PAS under urban driving tasks with error bars for standard deviation 
(SD) 

 
Figure 11. PDS under urban driving tasks with error bars for SD. 

 

B. An Insight into Human Factors when Comparing Urban 

Driving with Other Driving Conditions 

The road conditions are relatively busy on urban roads but 

light on motorways or countryside. According to the fatigue-

transfer theory in [35], drivers switching from a complex urban 

road environment to a relatively monotonous rural/motorway 

road environment may present a potential threat. Specifically , 

response time, operation accuracy, and other psychical or 

motoric indexes may be degraded when compared to relatively 

challenging tasks, which is consistent with the results of our 

delay test under urban and motorway driving tasks using the 

virtual platform UE4. To ensure road safety when driving on 

motorway roads, the drivers’ alertness should be 

properly maintained or enhanced by receiving extra visual 

stimuli. There are several ways to satisfy the above 

requirements, such as suitable curves, increasing driving 

difficulty, placing highly visible warnings or lights, and 

providing suitable dynamic images and text information as 

suggested in [35].  

For the urban driving, there is many driving-related visual 

information that typically require the drivers’ attention, the 

visual burden becomes relatively higher. This can be another 

cause of fatigue for drivers. As reported in [35], when a  driving 

task becomes complex (e.g., driving at the urban junction), 

human errors, such as perceptual blindness, inevitably increase, 

which also hinder the driver from completing a proper 

operation.  

During the experiments, the participants are observed to 

experience longer delays when driving in the city center (urban 

driving) than in the suburb and motorway, probably due to the 

perceptual blindness caused by visual crowding. To validate 

this phenomenon, we included extra buildings (e.g., mansions, 

shopping malls) and pedestrians into a cluttered region to 

simulate a virtually urban driving scene by using UE4. 

Nevertheless, 41 out of 50 participants require a more 

prolonged delay ( τ1 increased from 0.75 sec to 0.93 sec 

amongst all subjects) than the initial visual stimuli. From these 

results, we can infer that visual driving fatigue is generally 

caused by rich driving-related visual information, particularly 

for the urban driving tasks.  

 

VI. CONCLUSION 

Visual crowding-induced perceptual blindness is caused by 

the higher visual complexity in an urban area  than in other 

driving conditions and the low-resolution peripheral vision thus 

cannot detect the target due this visual crowding-induced  
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perceptual blindness. One of the key steps to improving road 

driving safety is to properly recommend the saccades under 

urban driving scenes. Motivated by this, we proposed a hybrid 

saccade recommendation by considering the visually safe 

margin to enhance the understanding of driving behavior under 

the naturalistic and virtual urban driving tasks. 

Analysis of saccades in the drivers’ dynamic vision revealed 

that the proposed recommendation helps the drivers to pay 

attention to key information in urban driving scenes. A further 

quantitative comparison between PAS and PDS revealed the 

visual discrepancy under urban driving tasks. The difference 

between PAS and PDS reflects visually safe behavior under the 

field driving tasks and virtual driving tasks. 

The mechanism underlying human vision in driving tasks is 

extremely complicated. It is relatively challenging to fully 

understand the brain structure and the function of individual 

neurons in a short time. We will more considerably strengthen 

the dynamic visual attention system by integrating higher 

cognitive processes, such as the biased competition by 

mimicking the mediation between the long-term and short-term 

memory. It is also expected that the next step is to mimic the 

connection between the brain and the hand maneuver by getting 

the data from EEG (Electroencephalography) or EMG 

(Electromyography), and propose a systematic safe driving 

strategy based upon these multi-modality data . 
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