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Safety evaluation of driver cognitive failures and driving errors 1 

on right-turn filtering movement at signalized road intersections 2 

based on Fuzzy Cellular Automata (FCA) model 3 

 4 

Abstract: This paper proposes a simulation-based approach to estimate safety impact of 5 

driver cognitive failures and driving errors. Fuzzy Logic, which involves linguistic terms 6 

and uncertainty, is incorporated with Cellular Automata model to simulate 7 

decision-making process of right-turn filtering movement at signalized intersections. 8 

Simulation experiments are conducted to estimate the relationships between cognitive 9 

failures and driving errors with safety performance. Simulation results show positive 10 

relationships between cognitive failures and driving errors, and negative relationships 11 

between driving errors and safety performance. For right-turn filtering movement, 12 

cognitive failures are more likely to result in driving errors with denser conflicting traffic 13 

stream. Moreover, different driving errors are found to have different safety impacts. The 14 

study serves to provide a novel approach to model decision-making process of drivers as 15 

related to cognitive failures and driving errors.  16 

 17 

Key words:  18 
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  21 



2 
 

1. Introduction 1 

Signalized road intersections are locations where complicated decision-making is 2 

prevalent. They are also the most dangerous spots of the road system. In 2011, about 3 

one in four (23.4%) road traffic accidents in Singapore occurred at the signalized 4 

intersections (Chai and Wong, 2015). Over the three years from 2009 to 2011, 112 fatal 5 

accidents in Singapore occurred at signalized intersections. Over 71% of fatal and 86% 6 

of injury accidents at signalized intersections are between vehicles and do not involve 7 

pedestrians. Signalized intersections are inherently high-risk locations for motorized 8 

vehicles as resulting from the interactions of different movements. Therein, failures in 9 

the driving process such as driver cognitive failures and driving errors are more 10 

prevalent at signalized intersections. 11 

This study focuses on the relationship between driver cognitive failures and driving 12 

errors as predictors of conflicts between vehicles. Among different movements at 13 

signalized intersections, right-turn filtering maneuver is chosen for modeling drivers’ 14 

decision-making process. Section 2 introduces right-turn signal control strategies in 15 

Singapore and reviews previous studies on driver cognitive failures and driving errors. 16 

In Section 3, a Fuzzy Cellular Automata (FCA) model that combines Fuzzy Logic and 17 

Cellular Automata is developed to model cognition and decision-making associated with 18 

right-turn filtering movement. Section 4 evaluates and discusses simulation results of 19 

various simulated cognitive failures and driving errors. The last concluding section 20 

summarizes key findings and discussions of the proposed simulation-based approach.  21 

2. Literature Review 22 

2.1 Right-turn filtering movement at signalized intersections 23 

In Singapore, where driving is on left-side of road, the most common signal phases are 24 

straight-through green phase (green lantern) with permissive right-turn followed by a 25 

protected right-turn green phase (red lantern and green arrow), or alternatively a 26 
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straight-through green phase (green lantern and red arrow) followed by a protected 1 

right-turn phase under the so called Red-Amber-Green (RAG) Arrow control. Under 2 

permissive right-turn arrangement, right-turn vehicles are permitted to make a turn 3 

during straight-through green phase (Qi et al., 2010). Vehicles making permissive 4 

right-turn movements experience shorter delay, but at the risk of conflicts with opposing 5 

straight-through vehicle movements (Chen et al., 2012). 6 

During green lantern with permissive right-turn, the right-turn vehicle needs to wait for 7 

appropriate gaps in the opposing straight-through traffic stream to make a right-turn 8 

(Wang and Abdel-Aty, 2007). There is a risk of collision if the right-turn vehicle moved 9 

without sufficient gap or when the opposing straight-through vehicle travelled very fast 10 

in closing the gap. It is found that conflicts involving right-turn and opposing 11 

straight-through vehicles can lead to a grid-lock of the whole intersection, and such 12 

collisions have constituted over 40% of accidents at signalized intersections (Chai and 13 

Wong, 2014; Ng et al., 1997; Wee, 2004). 14 

2.2 Occurring mechanism of driving errors 15 

Several studies have examined driving errors at signalized intersections based on crash 16 

record analysis (Lee et al., 2004; Schepers et al., 2011). A Driving Reliability and Error 17 

Analysis Method (DREAM) has been developed to analyze contribution factors of crashes 18 

at 26 intersections (Ljung, 2002). Causation charts were aggregated for six defined risk 19 

situations based on the most common errors and violations occurring at intersections 20 

(such as failure to yield, or running a traffic light or sign). It is found that misjudgment 21 

and distraction play very important roles in driving errors and crashes.  22 

 23 

However, studies based on crash analysis have several limitations. Firstly, in most studies 24 

of driving errors, accident databases are not sufficiently detailed to identify driving 25 

errors and accident contributory factors. Another limitation is that the data are often 26 

focused on the driver and thus it is difficult to identify the system-wide factors that may 27 
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also have contributed to the driving error (Salmon et al., 2010) 1 

System approaches have been applied to understand driving errors that considered the 2 

road system including traffic control and neighboring road users (Larsson et al., 2010; 3 

Wegman et al., 2008). However, such studies are not focused on driving errors 4 

themselves, but more on the interactions of other parts of the system. Considering that 5 

driving behavior primarily governs the successful operation of a traffic system, it is 6 

pivotal that ever more efficient methods are applied to analyze driving errors and 7 

vehicle interactions. 8 

2.3 Cognitive failures as predictors of driving errors 9 

Researchers have advanced cognitive antecedents to explain differences in the driving 10 

behavior (Ajzen, 1988; Parker et al., 1998; Rosenstock, 1974; Hu et al., 2013). There has 11 

been a range of variables associated with driver behavior, including demographic 12 

variables such as age, gender, and experience (Wiesenthal and Singhal, 2006), cognitive 13 

variables such as distractibility and disregard for negative consequences 14 

(Taubman-Ben-Ari et al., 2004), and motivational or affective variables such as driver 15 

vengeance and aggression (Neighbors et al., 2002). 16 

Driver inattention has an influence on driving safety. Previous studies have shown that 17 

inattention impairs driver performance and is a significant risk factor for crash 18 

involvement (Farmer et al., 2010; Lemercier et al., 2014). According to one study, 19 

inattention is involved in between 10% and 33% of all accidents in the United States 20 

(Ranney, 2008). Distraction while driving is found to have impact on driving errors as 21 

well. Harbluk et al. (2002) investigated the impact of cognitive distraction on driver 22 

behavior in an on-road experiment. Drivers drove an 8 km city route while performing 23 

three different secondary tasks as distractors. The experiment found that inattentive 24 

drivers checked their mirrors less often, had reduced eye-scanning behavior, and tended 25 

to brake more abruptly and more strongly. Another study asked drivers to report their 26 

inattention while completing a driving.  27 
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On research of driving errors, cognitive failures, such as misperception and distraction 1 

are identified as explanations (Wiesenthal and Singhal, 2006; Strayer and Johnston, 2 

2001). It is found that cognitive failures are significantly associated with driving 3 

behavior and understanding of cognitive failures can serve as an important first step in 4 

understanding the occurrences of driving errors (Wickens et al., 2008).  5 

2.4 Surrogate safety assessment based on simulation 6 

In estimating vehicle interactions and conflicts, surrogate safety assessment based on 7 

micro-simulation is found to have more advantages than traditional quantitative models, 8 

given that micro-simulation models are more flexible in modelling intersection layout 9 

and being more responsive in estimating dynamic traffic demand (Nagel and 10 

Schreckenberg, 1992). For example, PTV VISSIM has applied Genetic Algorithm in 11 

micro-simulation model to estimate safety performance (Cunto and Saccomanno, 2008; 12 

Huang et al., 2013). An application software package called Surrogate Safety Assessment 13 

Model (SSAM) has been developed by Federal Highway Administration (FHWA) to 14 

estimate conflicts by identifying critical safety indicators, such as Time to Collision (TTC), 15 

in the trajectory files from simulation packages such as VISSIM (Huang et al., 2013). 16 

However, existing models are calibrated for limited traffic conditions, and a more flexible 17 

and generalized simulation tool is desired. 18 

 19 

With increasing computation technology, Cellular Automata (CA) models that require 20 

massive computations are becoming popular for modeling and simulating complex 21 

scenarios. Based on flexible transition rules, it is becoming easier to use CA models to 22 

simulate microscopic traffic behavior reliably while leveraging on parallel CA 23 

computation to handle the large computations (Clarridge and Salomaa, 2010; Chai and 24 

Wong, 2014a). The developments of CA model have increased the flexibility of modeling 25 

road traffic with high computational efficiency. In recent years, CA models are applied in 26 

surrogate safety assessment, with conflict frequency and conflict severity analyzed using 27 
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simulation outputs (Chai et al., 2014; Chai and Wong, 2015; Young et al., 2014).  1 

However, in determinate simulation models, decision-making process of road users that 2 

involves cognition and judgment are not modeled. Here in, a novel approach based on 3 

Fuzzy Logic and Cellular Automata is developed to examine the relationship between 4 

drivers’ misjudgment and driving errors. Compared to traditional simulation models 5 

with exact and fixed solution, the proposed FCA model allows for uncertainty and 6 

approximation which are well suited to representing complex decision-making process 7 

of drivers (Chiou and Huang, 2013; Jahani et al., 2014). Moreover, unlike other 8 

simulation models, linguistic terms are used to describe the environment and responses. 9 

These linguistic terms can be used to describe driver cognitions, such as perception, 10 

intention and attitude. In this way, decision-making procedure of individual drivers can 11 

be modeled in a clear and straight-forward way. 12 

3 Methodology 13 

3.1 Fuzzy Cellular Automata (FCA) model for right-turn filtering 14 

A Fuzzy Cellular Automata (FCA) model is proposed to apply fuzzy sets of linguistic 15 

terms on simulating right-turn filtering behavior, as shown in Figure 1. The right-turn 16 

filtering fuzzy set (F) is developed to decide whether to filter through opposing 17 

straight-through vehicles. Firstly, input factors that affect a driver’s filtering movement 18 

decision are identified as Current velocity (𝑣𝑛); Velocity of the opposing straight-through 19 

vehicle (𝑣𝑛
𝑜 ); Gap provided by opposing straight-through flow (𝑔𝑛

𝑜 ). Decision of 20 

right-turn vehicle is whether to filter through (Y/N). Different factors and linguistic 21 

terms used are shown in Table 1.  22 
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 1 

Figure 1 Right-turn filtering movement 2 

Table 1 Linguistic terms in the right-turn filtering fuzzy set (F1) 3 

No. Input/output factor Linguistic terms 
Inputs Current velocity (vn) Fast; Normal; Slow 

Velocity of the opposing 
straight-through vehicle (vn

o) 
Fast; Normal; Slow 

Gap provided by opposing 
straight-through flow (gn

o) 
Large; Medium; Small 

Outputs Filtering decision Yes (Y); No (N) 
 4 

Therefore, the right-turn filtering fuzzy set (F) is developed for right-turn vehicles to 5 

decide whether to stop or move according to the velocity and position of the subject and 6 

opposing straight-through vehicles. Input factors are current velocity of the subject 7 

vehicle (vn), velocity of the opposing straight-through vehicle (vn
o), and the gap provided 8 

by opposing straight-through flow (gn
o). Fuzzy rules are created as right-turn filtering 9 

drivers will decide to filter through when enough gap is provided or when the velocity of 10 

opposing vehicle is slow, as shown in Table 2 and Figure 2.  11 

In the proposed FCA model, fuzzy sets are embedded into CA model by using the Fuzzy 12 

Logic Toolbox of Matlab.  13 

One time step represents 1s in this simulation for computational efficiency. Response of 14 

each vehicle at each time step will be computed according to traffic and signal conditions 15 
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at each time step by using the ‘Evalfis’ function in Matlab. The right-turner active its 1 

right-turn filtering decision-making process once it reaches the stop-line. After the 2 

decision-making process is active, for each time step, the right-turner will check relative 3 

positions and velocities and make a right-turn decision (Yes or No). However, if the 4 

right-turner has decided to filter through and has entered the conflict area, the 5 

right-turn filtering decision-making process will be ended. The vehicle will then 6 

continue its right-turn movement. Output response is used to provide the vehicle’s 7 

velocity and position at the next time-step. If the vehicle decided to filter, acceleration 8 

(or deceleration) rate will be computed based on its own velocity and the front 9 

right-turn vehicle according to following movement rules in traditional Cellular 10 

Automata model (Chai and Wong, 2015). If the vehicle decided not to filter, deceleration 11 

rate will be computed according to the right-turner’s current velocity (extracted from 12 

field observation). Velocity at the next time step will then be decided by acceleration (or 13 

deceleration) rate, and the position of vehicle will also be updated accordingly. Structure 14 

of the proposed FCA model is shown in Figure 3. 15 

Table 2 Right-turn filtering fuzzy rules 16 

 Current velocity  Opposing velocity Gap Driver response 
1 Slow Slow Large Y 
2 Slow Slow Medium Y 
3 Slow Slow Small N 
4 Slow Normal Large Y 
… … … … … 
25 Fast Fast Large Y 
26 Fast Fast Medium N 
27 Fast Fast Small N 

 17 

To model vehicle movements, model space constituted of small cells each of size 0.9 m 18 

by 0.9 m square is chosen to simulate traffic flow in the proposed CA model. Lane width 19 

is taken as 3.6 m therefore a lane is constituted by 4 rows of cells across. According to 20 

physical sizes of different vehicle types, a car occupies 5×2 cells. A Leading Cell is 21 

defined for each vehicle to represent its exact position.  22 
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 1 

 2 

Figure 3 Structure of the proposed FCA model for right-turn filtering 3 

3.2 Model calibration and validation 4 

Membership functions of filtering drivers are derived according to observed vehicle 5 

movements and drivers’ responses. As described later in Section 3.1, fuzzy rules and sets 6 

are defined to describe driving behavior. Moreover, relationship between input factors 7 

(velocities and gap) and drivers’ responses can be obtained from field observations. The 8 

observations were made at 3 intersections during 4 weekdays (MON, TUE, WED, and 9 

THU) at 6:00-7:00 pm for a peak hour. A total number of 1,019 right-turn filtering cars 10 

were collected using automatic vehicle detection and tracking algorithm (Chai, 2015). 11 

Position, velocity, neighboring traffic conditions, as well as signal phases of each vehicle 12 

were tracked and recorded. 13 
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Average perception-response time (PRT) at signalized intersections is set as 1s as found 1 

in previous study (Koh and Wong, 2009). The driver’s response at each time stamp shall 2 

be determined by traffic and signal conditions 1s earlier. Using back-stepping technique, 3 

membership functions of input factors are derived according to the driver’s decision 4 

after 1s. As an example, the calibration processes of the membership function for 5 

velocity of the opposing vehicle (vn
o) are as follows: 6 

Step 1: Classify decisions of filtering vehicles into groups 7 

Driver responses are classified into two groups (Y/N). According to designed fuzzy rules 8 

as shown in Table 2, for gap provided by opposing straight flow (gn
o), being medium, and 9 

velocity of the opposing vehicle (vn
o) is slow, driver’s decision is Y, when vn

o is fast, 10 

driver’s decision is N. 11 

Step 2: Classify input values for each decision group and record the frequencies 12 

For each decision group, frequencies of velocity of the opposing vehicle (vn
o) from field 13 

observations are then profiled as in Figures 4a and 4b. 14 

 15 

Figure 4 Frequencies of input values classified under each decision group 16 

Step 3: Estimate membership functions for each decision group 17 

To improve computation efficiency, it is assumed that membership functions in this 18 

study are in triangular and trapezoidal shapes. Membership functions of ‘vn
o is slow’ and 19 

‘vn
o is fast’ are then derived according to shape of frequency histograms, as shown in 20 

Figure 5a. Finally, the membership function of ‘vn
o is medium’ is determined as the 21 
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summation of membership value (µ) of the three functions being 1 at each input value, 1 

as shown in Figure 5b. 2 

 3 

Figure 5 Calibrated membership functions 4 

To further validate the proposed FCA model, distributions of several movement 5 

characteristics are compared from simulation and field observations, as shown in Figure 6 

6. The simulation and observation profiles are in close agreement. 7 

   8 

           (b)                     (c)                     (d) 9 

Figure 6 Comparison of between FCA model and field observation 10 

 11 

3.2 Simulation of cognitive failures and driving errors 12 

The decision-making process of right-turn filtering drivers can be summarized on two 13 

different levels, namely cognition and behavior. Cognitive failures, including 14 

misjudgment and failure in observation, occur on cognition level. According to input 15 

factors (defined in Section 3.1) cognitive failures of right-turn filtering vehicle can be 16 

classified as misjudge current velocity (CF1), misjudge available gap (CF2), and failed to 17 

observe upcoming vehicle (CF3). Driving errors, including wrong action, failed to act, 18 

and action mistimed, occur on behavioral level. For right-turn vehicles, possible driving 19 
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errors include unsafe gap in filtering (DE1), driving too fast (DE2), and braking late 1 

(DE3), as shown in Figure 7.  2 

 3 

Figure 7 Cognitive failures and driving errors on right-turn filtering 4 

As introduced in Section 3.1, the proposed FCA model is able to is able to assess 5 

linguistic cognitions and decision-making process of individual right-turn filtering driver. 6 

This is similar to realistic decision-making in driving. For example, if the velocity of 7 

opposing vehicle is 50km/h. Without cognitive failure, the driver may consider the 8 

velocity to be high or medium. If there is cognitive failure, suppose the driver perceived 9 

opposing velocity as 40km/h, the driver may consider the velocity to be high or medium. 10 

The only difference is, once there is cognitive failure, the driver would be more likely to 11 

consider opposing velocity to be medium . Therefore, by using the proposed FCA model, 12 

cognitive failures are simulated in a more realistic and uncertainty way. 13 

On safety level, conflict severity is estimated by computing time to collision (TCC). TCC is 14 

defined as the gap distance between a right-turn subject vehicle and opposing 15 

straight-through vehicle divided by their velocity difference (Lee, 1976). A lower TCC 16 

value means it has a very short time for vehicles to avoid collision. TTC is calculated as: 17 
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tTTC = dn
t /(vn

t+1 − vn+1
t ) 1 

where  dn
t  represents the distance between right-turn vehicle and opposing 2 

straight-through vehicle at time t; vn
t+1 and vn+1

t  represent the velocity of the two 3 

vehicles. In this study, simulated conflicts are classified in three levels, as shown in 4 

Figure 8. Most severe conflicts (C1) have TTC smaller than 0.5s, severe conflicts (C2) are 5 

those with TTC smaller than 1.5s, and weak conflicts (C3) are those with TTC larger than 6 

1.5s and smaller than 3.0s.  7 

4. Simulation experiments 8 

4.1 Proposed hypothesis tests and simulation scenarios 9 

In this study, cognitive failures are simulated to estimate the occurrences of driving 10 

errors and vehicle conflicts. Therefore, three hypothesis tests are conducted to estimate 11 

whether cognition failures have significant effect on occurrences of driving errors and 12 

safety performance, and whether driving errors have significant impact on safety 13 

performance. As the impact of cognition failures and driving errors are mostly negative, 14 

1-sided are proposed at 5% significance level.  15 

Test 1: Cognitive failures as predictors of driving errors 16 

The alternative hypothesis (H1
1) is occurrences of driving errors in simulation with 17 

cognitive failures is higher than scenarios without cognitive failures.  18 

Test 2: Cognitive failures as predictors of safety performance 19 

The alternative hypothesis (H1
2) is occurrences of conflicts in simulation with cognitive 20 

failures is higher than scenarios without cognitive failures.  21 

Test 3: Driving errors as predictors of safety performance 22 

The alternative hypothesis (H1
3) is occurrences of conflicts in simulation with driving 23 

errors is higher than scenarios without driving errors. 24 

Two simulation experiments are conducted, with different cognitive failures. In 25 

Experiment-1, right-turn drivers with misjudgment of current velocity of opposing 26 

vehicle are simulated. In Experiment-2, right-turn drivers with misjudgment of available 27 
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gap are simulated. To determine velocity and gap provided in the simulation scenarios, 1 

gap acceptance probabilities of right-turn filtering vehicles are calibrated from the field 2 

observations as described in Section 2.4. According to Figure 8, gap acceptance of 3 

right-turn vehicles is the most sensitive when the ratio between opposing gap and 4 

velocity is between 3~5s. This interval is applied when designing simulation 5 

experiments, as shown in Table 3. To test the proposed hypothesis tests, two groups of 6 

inputs are required from simulation with and without cognitive failures. Therefore, for 7 

each simulation scenario, there were 100 pairs of independent simulation runs with and 8 

without each cognition failures. To conduct proposed hypothesis tests, the 100 pairs of 9 

simulation runs are divided as 10 groups of 10 pairs 10 

 11 

Figure 8 Observed gap acceptance of right-turn vehicles 12 

Table 3 Simulation scenarios 13 

Cognitive failure Scenario No. Actual  Misjudgment No. of runs 
CF1 

 (Gap provided = 200m) 
CF1-1-1 50km/h 40km/h  10×10 
CF1-1-2 40km/h 30km/h 10×10 
CF1-1-3 50km/h 30km/h 10×10 

CF1  
 (Gap provided = 150m) 

CF1-2-1 50km/h 40km/h 10×10 
CF1-2-2 40km/h 30km/h 10×10 
CF1-2-1 50km/h 30km/h 10×10 

CF2  
 (Current velocity of 

opposing vehicle = 
40km/h) 

CF2-1-1 100m 150m 10×10 
CF2-1-2 150m 200m 10×10 
CF2-1-3 100m 200m 10×10 

CF2  
 (Current velocity of 

opposing vehicle = 
30km/h) 

CF2-2-1 100m 150m 10×10 
CF2-2-2 150m 200m 10×10 
CF2-2-3 100m 200m 10×10 

 14 
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The following criteria are designed to identify simulated driving errors. 1 

DE1: The driver accepted unsafe gap upon cognition failure 2 

DE2: Average velocity of the turning vehicle is at least 5km higher upon cognition failure 3 

DE3: The braking time is at least 1s later upon cognition failure 4 

4.2 Results  5 

Occurrences of simulated driving errors and conflicts are then recorded and calculated 6 

for each group of 10 independent simulation runs with and without cognition failures. 7 

Critical t-value (n=10) for 1-side test at 95% level is 1.83. Table 4 shows simulated 8 

occurrences of driving errors and conflict occurrences of simulation runs with cognitive 9 

failures. Results of hypothesis tests shows the impacts of cognitive failures on driving 10 

errors and safety performances are significant in most simulation scenarios. 11 

Table 4 Results of proposed hypothesis tests 12 
Scenario Driving errors Conflict occurrences Test 1 Test 2 Test 3 
CF1-1-1 DE1: 9  

DE2: 58 
DE3: 11 

C1: 7  
C2: 19  
C3: 43  

* 
* 
* 

* 
* 
* 

 
* 
* 

CF1-1-2 DE1: 5 
DE2: 51 
DE3: 3 

C1: 3  
C2: 6  
C3: 58  

* 
* 
 

* 
* 
* 

 
* 
 

CF1-1-3 DE1: 9 
DE2: 76 
DE3: 39 

C1: 19  
C2: 12  
C3: 21 

 
* 
* 

* 
* 
* 

 
 
* 

CF1-2-1 DE1: 17  
DE2: 53 
DE3: 18 

C1: 8  
C2: 14  
C3: 19  

* 
* 
* 

* 
* 
* 

 
* 
 

CF1-2-2 DE1: 5 
DE2: 54 
DE3: 9 

C1: 10  
C2: 14  
C3: 56  

 
* 
 

* 
* 
* 

 
* 
 

CF1-2-1 DE1: 20 
DE2: 83 
DE3: 50 

C1: 29  
C2: 28  
C3: 33  

* 
* 
* 

* 
* 
* 

* 
* 
 

CF2-1-1 DE1: 18  
DE2: 24 
DE3: 13 

C1: 8  
C2: 20  
C3: 46  

* 
* 
* 

* 
* 
* 

 
* 
* 

CF2-1-2 DE1: 7 
DE2: 15 
DE3: 8 

C1: 3  
C2: 8  
C3: 30  

 
* 
* 

 
 
* 

 
 
* 

CF2-1-3 DE1: 28 
DE2: 38 
DE3: 30 

C1: 26  
C2: 35  
C3: 33  

* 
* 
* 

* 
* 
* 

* 
* 
* 

CF2-2-1 DE1: 15  
DE2: 18 
DE3: 12 

C1: 6  
C2: 11  
C3: 25  

* 
* 
* 

 
* 
* 

 
* 
* 

CF2-2-2 DE1: 5 
DE2: 8 
DE3: 7 

C1: 3  
C2: 8  
C3: 55  

 
* 
* 

 
* 
* 

 
* 
* 

CF2-2-3 DE1: 20 
DE2: 29 
DE3: 18 

C1: 23  
C2: 22  
C3: 49  

* 
* 
* 

* 
* 
* 

 
 
* 

 13 
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4.3 Cognitions as predictors of driving errors 1 

Simulated occurrences of two types of driving errors under each simulation scenario are 2 

analyzed in this section. The impact of traffic conditions and cognitive failures are then 3 

estimated. Firstly, among the 100 pairs of simulation runs with and without cognitive 4 

failures, occurrences of driving errors are detected when cognitive failures are simulated. 5 

The higher number of driving errors from Tables 4 represents stronger relationship 6 

between cognitive failures and driving errors. Figure 9 shows the trends of relationship 7 

between DE1: Unsafe gap when filtering and the two types of cognitive failures (CF1: 8 

Misjudgment of velocity of opposing and CF2: Misjudgment of available gap) affected by 9 

different input factors. It is found that DE1 due to CF1 increases with differences 10 

between actual and misjudgment of opposing velocity but decreases with gap provided. 11 

The impact of DE1 due to CF2 decreases with actual gap provided and opposing velocity 12 

but increases with differences between actual and misjudgment of gap provided.  13 

 14 

Figure 9 Occurrences of driving errors (DE1) affected by cognitions  15 
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 1 

Correlation relationships between all the three types of driving errors and cognitive 2 

failures are summarized in Table 5.  3 

Table 5 Occurrences of driving errors affected by cognitions 4 

  Factor 1 Factor 2 Factor 3 
DE1 CF1 Actual velocity Severity of misjudgment Gap provided 

0.72 0.45  -0.55 
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.86 0.77 0.28 
DE2 CF1 Actual velocity Severity of misjudgment Gap provided 

0.57 0.97 -0.07 (Not obvious) 
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.76 0.83 0.38 
DE3 CF1 Actual velocity Severity of misjudgment Gap provided 

0.65 0.95 -0.23 
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.65 0.85 0.30 

 5 

It is found that the relationships between the two types of cognitive failures and each 6 

driving error are affected by movements of opposing vehicles, including opposing 7 

velocity and gap provided, as well as the severity of misjudgment. Generally, for lesser 8 

time gap or smaller space gap and higher opposing velocity in opposing straight-through 9 

vehicles, cognitive failures are more likely to result in driving errors. Moreover, higher 10 

severity of misjudgment is found to be more likely to result in driving errors. 11 

However, the impact of traffic movements of opposing vehicles and severity of 12 

misjudgment on each type of driving errors varies across each type of driving errors. For 13 

example, according to Tables 4, lower actual opposing velocity reduces 7 out of 9 14 

occurrences of DE1 but does not affect the occurrences of DE2.  15 

4.3 Driving errors as predictors of safety performance 16 

A correlation analysis is conducted between the number of simulated driving errors and 17 

occurrences of each level of vehicle conflicts according to simulation results. 18 

Correlations (r) between driving errors and occurrences of each level of vehicle conflicts 19 

are summarized in Table 6. The overall correlation on safety performance is estimated 20 
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through computing the correlation on total conflict occurrences and average TTC value 1 

for each simulated conflict. Lower average TTC values represent higher severity level 2 

while larger correlation efficiency represents stronger impact on safety performance. 3 

According to Table 6, occurrences of each driving error type increase total conflict 4 

occurrences and severity. However, the safety impact of each type of driving error varies. 5 

DE1: Unsafe gap when filtering and DE3: Braking late may result in more severe conflicts 6 

than DE2. On the other hand, DE2: Driving too fast is more likely to increase conflict 7 

occurrences than DE1 and DE2. 8 

Table 6 Correlations between driving errors and safety indicators 9 

 C1 C2 C3 ∑C Average TTC 

DE1 0.69 0.80 -0.59 0.46 -0.79 
DE2 0.58 0.50 -0.06 0.58 -0.49 
DE3 0.86 0.662 -0.49 0.55 -0.77 

 10 

4.4 Cognitive failure as predictors of safety performance 11 

Furthermore, correlations between cognition failures and safety performance is 12 

summarized in Table 7. According to Table 7, occurrences of cognitive failures increase 13 

total conflict occurrences and severity. However, compared to Table 5, correlations 14 

between cognitive failures and safety performance is less stronger than correlations 15 

between cognitive failures and driving errors. 16 

Table 7 Occurrences of safety performance affected by cognitions 17 
  Factor 1 Factor 2 Factor 3 
C1 CF1 Actual velocity Severity of misjudgment Gap provided 

0.50 0.91  -0.34 
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.61 0.97 -0.07 (Not obvious) 
C2 CF1 Actual velocity Severity of misjudgment Gap provided 

0.57 0.47 -0.47  
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.69 0.82 0.38 
C3 CF1 Actual velocity Severity of misjudgment Gap provided 

-0.86 -0.52 0.15 
CF2 Actual gap Severity of misjudgment Opposing velocity 

0.18 0.09 -0.31 
∑C CF1 Actual velocity Severity of misjudgment Gap provided 

-0.30 0.19 -0.23 
CF2 Actual gap Severity of misjudgment Opposing velocity 

-0.50 0.86 -0.02 (Not obvious) 
Average 
TTC 

CF1 Actual velocity Severity of misjudgment Gap provided 
 -0.81 -0.81 0.30 
CF2 Actual gap Severity of misjudgment Opposing velocity 
 0.79 -0.89 -0.13 
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 1 

5 Conclusions 2 

The study applies a new Fuzzy Cellular Automata (FCA) simulation approach to study 3 

right-turn filtering movements at signalized intersections. Fuzzy sets and calibrated 4 

membership functions from field observations are applied to simulate decision-making 5 

process of each right-turn driver. Compared to conventional CA models, the proposed 6 

FCA model is able to is able to assess linguistic cognitions and decision-making process 7 

of individual right-turn filtering driver. Therefore, by using the proposed FCA model, 8 

cognitive failures are simulated in a more realistic and uncertainty way. 9 

Relationships between cognitive failures, driving errors and safety performance are 10 

evaluated from simulation experiments. Two types of cognitive failures in misjudgment 11 

of velocity and gap provided by opposing vehicles, and three types of driving errors in 12 

unsafe gap when filtering, driving too fast and braking late, are studied. Simulation 13 

results show positive relationships between cognitive failures and driving errors, and 14 

negative relationships between driving errors and safety performances.  15 

Compared to conventional CA models, the proposed FCA model is able to replicate 16 

decision-making procedures of the individual driver. From the findings in the 17 

experiments conducted in this study, the proposed model would be able to help 18 

researchers and authorities estimate the impact of cognitive failures and driving errors 19 

in traffic performance. With validation, the proposed approach can be applied in many 20 

aspects such as estimating effects of traffic control and decision-making of drivers. 21 

Moreover, some improvements can be made to refine and extend the applications of the 22 

proposed FCA model in future work. As driving behavior is affected by individual 23 

characteristics, such as age and gender, such differences can be taken into account while 24 

studying decision-making processes. Furthermore, some drivers are more 25 

risk-averse/affine compared to others. Their attitudes affect their decisions, such as 26 

stop/go decision and reaction of neighboring vehicles. By calibrating membership 27 
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functions and weight factors, the FCA model can thus be further enhanced to simulate 1 

heterogeneous drivers’ behavior. 2 
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