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day I walk myself into a state of well-being and 

walk away from every illness. I have walked 

myself into my best thoughts, and I know of no 

thought so burdensome that one cannot walk 

away from it.” 

 

Søren Aabye Kierkegaard  

Danish philosopher  
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RESUMO 

Ao avaliar o nível de serviço de pedestres nas travessias sinalizadas, uma importante medida 

de desempenho é o atraso, influenciado por vários fatores, tanto humanos (como idade e sexo) 

ou locais (como fluxo veicular e tempo do sinal). A violação do vermelho para pedestres afeta 

significativamente o atraso, dado que os pedestres aceitam brechas no tráfego para reduzir seu 

atraso. Um oportunista é um pedestre que procura brechas durante o vermelho; modelar esse 

comportamento com precisão é imprescindível à modelagem do atraso. Um parâmetro essencial 

em relação aos pedestres oportunistas que precisa ser estimado é a brecha crítica. Ao usar 

ferramentas de microssimulação, como o Vissim e seus modelos de Força Social e priority 

rules, é essencial estimar satisfatoriamente os parâmetros comportamentais utilizados. Dada a 

escassez de trabalhos científicos quanto à modelagem do atraso de pedestres utilizando 

microssimulação, esta Dissertação tem como objetivo geral propor um método para modelagem 

microscópica do atraso de pedestres em travessias semaforizadas. Foram analisadas quatro 

travessias de pedestres com características diferentes, como número de faixas cruzadas e fluxo 

veicular. As taxas de violação observadas foram: 59% para o cruzamento 1, 10% para o 

cruzamento 2, 37% para o cruzamento 3 e 47% para o cruzamento 4. As diferenças entre taxas 

são provavelmente devidas à disponibilidade de brechas (o cruzamento 2 tem um fluxo mais 

intenso e, consequentemente, menos brechas maiores, por exemplo). Todos os pedestres foram 

considerados oportunistas na simulação, devido à dificuldade de estimar a proporção de 

oportunistas em situações reais ou hipotéticas. A chegada de veículos foi replicada 

satisfatoriamente, a partir de ajustes na rede, como nos parâmetros de car-following. Foram 

aplicados três métodos para estimar brecha crítica: HCM, Chandra e Raff. Um quarto método, 

utilizando microssimulação, foi proposto; os alvos foram os atrasos médios por tipo de pedestre 

(homem, mulher, jovem, idoso). O quarto método produziu os melhores resultados em termos 

da estimativa do atraso a cada 15 minutos. Foram obtidos erros percentuais absolutos médios 

de 19%, 10%, 22% e 54% para os cruzamentos 1, 2, 3 e 4, respectivamente, quando 

considerados pedestres que chegaram no vermelho. As piores estimativas ocorreram nos 

cruzamentos 3 e 4 devido aos picos de atraso observados em dois dos intervalos; os picos foram 

associados a altos fluxos veiculares e baixas taxas de violação. Por fim, uma análise de 

sensibilidade revelou que nenhum dos parâmetros do modelo de Força Social teve impacto 

significativo na estimativa do atraso de pedestres nos cruzamentos semaforizados. 

 

Palavras-chave: atraso de pedestres, travessias semaforizadas, microssimulação, modelo de 

Força Social, brecha crítica. 



ABSTRACT 

When assessing the pedestrian level-of-service at signalized crossings, an important measure 

of effectiveness (MOE) is delay, which may be affected by several factors, both human (e.g. 

age and gender) or local (e.g. vehicular flow and signal timing). The violation of the don’t walk 

indication affects significantly delay, as pedestrians accept gaps on traffic flow to reduce their 

delay. An opportunist is a pedestrian who searches for gaps during red, and modeling the 

opportunist behavior with precision is very important for modeling delay. One essential 

parameter regarding opportunistic pedestrians that needs to be estimated is the critical gap. 

When using microsimulation tools, such as Vissim and its Social Force and priority rules 

models, it is essential to satisfactorily estimate the behavioral parameters used. Since there is 

still a scarcity of scientific works towards the use of microsimulation to model pedestrian delay, 

this M.S. thesis has as main objective the proposal of a method for microscopic modeling 

pedestrian delay at signalized crossings using Vissim. Four pedestrian crossings with different 

characteristics, such as number of lanes to cross and vehicular flow, were analyzed. The 

violation rates observed were: 59% for Crossing 1, 10% for Crossing 2, 37% for Crossing 3 and 

47% for Crossing 4. The different violation rates are probably due to the availability of gaps 

(Crossing 2 has a higher vehicular flow and, consequently, less adequate gaps, for example).  

All pedestrians were treated as opportunists in the simulation, due to the difficulty of estimating 

the proportion of opportunists for both real and hypothetical situations. Vehicle arrival patterns 

were satisfactorily matched by making some adjustments to the network, such as modifications 

on car-following parameters. Three methods for estimating critical gap were applied: the 

HCM’s, Chandra’s and Raff’s. A fourth method using microsimulation for estimating critical 

gap was proposed; the targets were the average delays per pedestrian type (man, woman, young, 

senior). The fourth method yielded the best results when comparing the methods in terms of the 

estimation of delay every 15 minutes. Mean absolute percentage errors of 19%, 10%, 22% and 

54% were obtained for Crossings 1, 2, 3 and 4, respectively when considering pedestrians who 

arrived on red. The worst estimations happened for Crossings 3 and 4 due to delay peaks 

observed in two of the intervals; the peaks were associated with high vehicular flows and low 

violation rates. Finally, a sensitivity analysis revealed that none of the Social Force model’s 

parameters had a significant impact on the estimation of pedestrian delay at signalized 

crossings. 

 

Keywords: pedestrian delay, signalized crossings, microsimulation, social force model, 

critical gap. 
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1 INTRODUCTION 

 

1.1 Contextualization 

 

Over the last decades, the urban environment of big cities across the globe has 

acquired a more multimodal aspect. It is happening because, historically, a greater share of those 

cities’ population would prefer to use individual motorized transportation modes for their daily 

trips, causing a saturation of the urban road networks which, in turn, stimulated the search for 

alternative transportation modes. 

As a response to this paradigm change, the scientific community has also turned 

eyes to the study of alternative modes’ operation, such as the pedestrian mode. Pedestrians’ 

movements and interactions with each other and with other road users in different urban 

contexts have been the central subject of more and more studies. 

As stated by Friss and Svenson (2013), most trips start and end by foot regardless 

of the main mode used, showing the relevance of  pedestrians in a traffic network. 

Understanding pedestrian behavior is important for public agencies to create and implement 

policies and projects that embrace the urban environment diversity. 

The pedestrian mode is the most vulnerable transportation mode, as pedestrians are 

constantly facing conflicts with motorized vehicles on their daily trips, specially at crossings. 

In order to address those conflicts and protect the most vulnerable, one of the most common 

solutions is the implementation of pedestrian crossing signals; although efficient, crossing 

signals, if poorly designed, could end up increasing pedestrian delay and/or stimulating the 

violation of the signal indication, incurring again in risks for the pedestrians. Despite the 

importance of evaluating pedestrian operation in these cases, there are still relatively few studies 

aimed at the pedestrian level-of-service (LOS). 

Quite recently some methods for the evaluation of pedestrian flow in multimodal 

urban streets have been developed, as the one proposed by the Highway Capacity Manual – 

HCM2010 (TRB, 2010). That methodology constitutes a significant modeling effort towards 

the estimation of the pedestrian LOS as its models aim to incorporate the interactions amongst 

different road users as well as the pedestrian’s perception of the quality of his/her experience. 

One downside of empirical methods, such as the ones proposed in HCM2010, is 

that it was thought, planned and built for very specific urban configurations that may not apply 

to all realities, as it has been shown  in some recent studies (MARTÍN et al., 2018). Some 



16 

 

authors have tried to develop models better fitted to their realities in order to study pedestrian 

behavior (BROSSEAU et al., 2013; DOMMES et al., 2015; KADALI; VEDAGIRI, 2015; 

MACEDO FILHO, 2018; PAWAR; PATIL, 2015; REN et al., 2011; ROSENBLOOM, 2009; 

VEDAGIRI; NAGRAJ, 2013) ; however, those models based on observational studies require 

a large amount of data and may demand excessive time and resources. 

An alternative to HCM’s macroscopic approach and to the need for time- and cost-

demanding observational studies is the microscopic modeling using computational simulation 

tools, such as Vissim, one of the most used traffic microsimulation software packages. Through 

behavioral models, the software simulates urban traffic by representing motorized vehicles, 

such as cars and buses, and also non-motorized modes, such as bicycles and pedestrians (PTV, 

2016).  

In this context, this research aims to provide a method for modeling pedestrians at 

signalized crossing using microsimulation tools, more specifically Vissim. 

 

1.2 Motivating problems and research questions 

 

On urban streets there are several factors (e.g. pedestrian demand) and   measures 

of effectiveness (MOEs) (e.g. delay) that may be considered in the evaluation of pedestrian 

facilities. Pedestrian delay is an important MOE to analyze signalized pedestrian crossings as 

it reflects the level of discomfort experienced by crossing pedestrians.  

The HCM2010 (TRB, 2010) defines pedestrian delay as the time a person awaits 

before he/she starts crossing the street. This delay may be influenced by a series of factors, such 

as age and gender (GUO et al., 2011) or the vehicular flow (MARISAMYNATHAN; 

VEDAGIRI, 2017).  

Pedestrian violation of the signal indication reduces delay since pedestrians accept 

gaps on the traffic flow to cross the street and avoid longer waiting times. TRB (2010) points 

out that pedestrians that are subjected to delays greater than 30 seconds start to get impatient 

and are, therefore, more inclined to violating the signal indication; analogously, pedestrians that 

wait less than 10 seconds to cross are more likely to obey the red signal. 

The violation rates have been studied around the globe, reaching values up to 90%, 

as is the case of a signalized crosswalk located in an university campus in USA (SUH et al., 

2013); but it also may reach as low as 10% as it was revealed by another study conducted in 

Beijing, China by Guo et al. (2011); Dommes et al. (2015) observed an intermediate rate of 

32% of violators in seven intersections analyzed in Lille, France. 
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A so-called opportunistic pedestrian is the one who searches for gaps to cross 

regardless of the signal indication. The decision whether to search for adequate gaps is affected 

by several aspects, such as age and gender (CHANDRA et al., 2014) and the size of the group 

that is crossing (DOMMES et al., 2015). Besides, this decision is not necessarily inherent to 

the pedestrian, i.e., the same person may change his/her behavior while waiting to cross 

depending on external (e.g. very long gaps available, other people crossing on red) and internal 

(e.g. if the pedestrian is in a hurry) factors. Therefore, it becomes clear that it is hard to estimate 

and to represent satisfactorily pedestrian opportunism. So, the first question that motivated this 

M.S. thesis was: how to represent opportunistic pedestrians in signalized crossings using 

microsimulation? 

An opportunistic pedestrian becomes a violator when he/she accepts a gap and 

crosses the street on red. The gap-acceptance process is ruled mainly by the pedestrian’s critical 

gap, or minimum gap time, which is the smallest gap a pedestrian would accept. Similar to 

opportunism, the critical gap may not be inherent to a pedestrian and, therefore, the obtention 

of this parameter for opportunistic pedestrians is not an easy task. 

Some methods for the estimation of pedestrian critical gap were developed, such as 

the one proposed on the HCM2010, according to which critical gap can be estimated using the 

size of the crosswalk, walking speed and start up and end clearance time (TRB, 2010); another 

example is the method proposed by Chandra et al. (2014), who used crossing times and 

accepted gaps distributions to estimate critical gap. In this context, the second research question 

is: How to estimate pedestrian critical gap? 

Pedestrian behavior can be represented using microsimulation tools. PTV (2018) 

states that pedestrian behavior can be simulated in Vissim according to two different models: 

the Wiedemann 74 model or the Social Force model, based on the original model created by 

Helbing and Molnar (1995). The pedestrians modeled using Wiedemann 74 can only move 

unilaterally through determined links, similar to the simulation of vehicles; in turn, the Social 

Force model allows the simulated pedestrians to move freely in two spatial dimensions within 

the link, what makes the analysis of their performance much more flexible, detailed and 

realistic.  

Given the complexity of the Social Force model as it is implemented in Vissim, 

with 20 parameters in total, the second research question that motivated this work was: which 

of Vissim’s Social Force model’s parameters affect significantly pedestrian delay at 

signalized crossings? 

Based on the exposed, the main research problem that motivated this research was 
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the scarcity of studies that provide a method for the microscopic modeling of pedestrian delay 

at signalized crossings. 

 

1.3 Objectives 

 

The main objective of this M.S. thesis is to propose a method for the microscopic 

modeling of pedestrian delay at signalized crossings using Vissim. 

In order to achieve that goal, the following specific objectives are necessary: 

1) Select Vissim’s main parameters that affect pedestrian delay; 

2) Propose a method for estimating pedestrian critical gap using microsimulation; 

3) Propose a method for modeling pedestrian’s opportunism; 

4) Propose a method for modeling pedestrian delay in Vissim. 

 

1.4 Work structure 

 

This MS thesis is structured in six topics. This first topic brought a contextualization 

of the problems that motivated this research, the central research problem and the research 

questions, from which the main and specific objectives were defined. 

The next two topics present the literature review. In Topic 2, previous papers, and 

guides on pedestrian delay at signalized crossings are explored in order to identify the main 

factors related to pedestrian delay. Topic 3 shows the literature review about the methods and 

microsimulation models of pedestrians at signalized crossings, focusing on Vissim’s behavioral 

models, as it is the microsimulation tool used in this work. 

Topic 4 presents the method proposed in this research. Topic 5 brings the discussion 

on the results obtained from the application of the proposed method. The last topic, Topic 6, 

summarizes the main findings and limitations, and recommendations for future work.  
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2 PEDESTRIAN DELAY AT SIGNALIZED CROSSINGS 

 

The HCM2010 provides  a method for estimating pedestrian LOS that attempts to 

incorporate the interactions between different road users as well as the pedestrian’s perception 

about the quality of the trip (TRB, 2010). On the manual’s method, the estimation of the 

pedestrian average delay is fundamental to determine the LOS of pedestrians crossing a 

signalized intersection. The use of delay as the main MOE is widely considered amongst the 

scientific community given its ability to represent the level of discomfort experienced by those 

users. 

As aforementioned, TRB (2010) defines the delay of pedestrians in crossings as the 

time spent waiting before crossing. This delay is estimated on HCM2010 by Equation 1, 

originally proposed by Rouphail et al. (1998), which required the following assumptions: the 

delay does not depend on pedestrian volume; pedestrians arrive uniformly over time; all 

pedestrians in a group waiting for the green signal start crossing at the same time; all pedestrians 

obey the signal indication; and the pedestrians who arrive during the green cross as they arrive.  

Some pedestrians start crossing the street during the flashing don’t walk, which 

increases the effective walk time available. The HCM2010 considers this behavior by adding 4 

seconds to the green/walk time, in the case of signals operating at a fixed time, as shown in 

Equation 2; the manual itself recommends this value to be altered according to the frequency 

of pedestrians crossing during the flashing don’t walk indication. 

 

𝑑𝑝 = (𝐶 − 𝑔𝑤𝑎𝑙𝑘)2 2𝐶⁄                                                        (1) 

𝑔𝑤𝑎𝑙𝑘 = 𝑔 + 4,0                                                        (2) 

where: 

dp = pedestrian delay (s/p); 

C = cycle length (s); 

g = green/walk time (s); and 

gwalk = effective walking time (s). 

 

However, in many cases the assumptions required by Equations (1) and (2) are not 

met. For instance, Vedagiri and Nagraj (2013) found in studies conducted in Mumbai, India that 

approximately 90% of the pedestrians observed violated the signal indication to cross the street, 

in disagreement with HCM’s premise that pedestrians always obey the signal indication. 

Another example was found in the work of Chilukuri and Virkler (2005), who observed that 
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pedestrians arrived in platoons in 15 out of the 16 data sets obtained in St Louis, USA, thus 

contrary to another of the HCM’s premises – that pedestrian arrival is uniform over time. 

According to Equations (1) and (2) the HCM2010 models pedestrian delay as a 

function of the total cycle length and the effective walk time only, failing to consider, thus, other 

factors that may affect this measure, such as age and gender (DOMMES et al., 2015; REN et 

al., 2011); walking speed (ISHAQUE; NOLAND, 2008); pedestrian density (BROSSEAU et 

al., 2013; ROSENBLOOM, 2009); signal indication obedience rates (KOH; WONG, 2014; 

SUH et al., 2013); vehicular flow (MARISAMYNATHAN;  VEDAGIRI, 2017); trip purpose 

(GUO et al., 2011); pedestrian phase duration (TRB, 2010); among others. 

In this context, some authors have attempted to develop methods to  estimate 

pedestrian delay that consider other factors. Kruszyna et al. (2006), for example, proposed 

models  based solely on pedestrian arrival pattern. Chen et al. (2010) considered in their model 

the conflicts between pedestrians and unyielding vehicles in unsignalized intersections. 

Marisamynathan and Vedagiri (2013) proposed an adaptation to HCM’s model by 

adding two correction factors to Equation 1: one to correct the pedestrian arrival pattern during 

the red indication and another factor related to the proportion of violators applied to the 

calculation of the effective walking time. By doing so, the authors reached a delay 8% greater 

than the one obtained in the field. Similarly, Vedagiri and Nagraj (2013) have also proposed 

adaptations to Equation 1 by applying correction factors related to the arrival pattern and the 

obedience rate, achieving results about 6%, in average, closer to the field delay. Both studies 

were conducted in Indian cities and proposed the addition of very similar correction factors but 

yet achieved different results, showing evidence on how sensitive delay is to specific 

conditions.  

Zhao and Liu (2017), on the other hand, conceived a method for the estimation of 

pedestrian delay at signalized intersections as a function of the crossing’s direction and the 

pedestrian trajectories. According to the authors, those trajectories were not chosen randomly 

but under the influence of a series of factors. With their method, the authors reached an increase 

of 20% in the model’s ability to estimate delay when compared to HCM2010’s model. 

These efforts towards the consolidation of new methods for estimating pedestrian 

delay show that delay is affected by several factors related both to the pedestrian and to the 

environment. The remaining of this topic presents the main factors that affect pedestrian delay 

in signalized crossings. 
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2.1 Factors affecting pedestrian delay at signalized crossings 

 

The main factors that affect pedestrian delay may be categorized into two groups: 

human factors and local factors. 

 

2.1.1 Human factors 

 

Demographic characteristics such as age and gender are factors that might influence 

pedestrian delay. It is important to note that most studies evaluated the effects of age and gender 

on walking speed, but not many authors have studied these factors’ effects on delay – except 

the ones that studied the effect of disobedience of the signal indication. 

Guo et al. (2011) investigated the impacts of human factors on pedestrian delay in 

Beijing and observed that women waited longer than men, associating it to the higher 

probability of a man violating the red indication (approximately 1.4 times greater than the 

probability of women doing it). They also concluded that older pedestrians tend to experience 

longer delays due to a greater concern with safety during their crossings; a similar conclusion 

was reached by Dommes et al. (2015), even though no relation between gender and violation 

was found. 

Ren et al. (2011) found contradictory results regarding the gender of the pedestrian: 

according to them, men were more prone to obeying the signal indication while women showed 

a greater hurry to cross the street accepting gaps on traffic stream. 

At the time of crossing, a pedestrian’s ability to walk at higher speeds is a limiting 

factor to how long that pedestrian is willing to wait before crossing, given that pedestrians are 

constantly trying to balance their time spent waiting with the speed to be applied when crossing 

in order to minimize their travel time (ISHAQUE; NOLAND, 2008b).  

Some authors like Marisamynathan and Vedagiri (2013) found that walking speed 

varies with age and gender significantly, such that older pedestrians tend to walk slower while 

young ones are usually faster; analogously, men are usually faster than women when crossing 

a street. Therefore, linking these results with those found by Ishaque and Noland (2008), it can 

be concluded that age and gender do affect pedestrian delay. 

Another human factor that influences pedestrian delay is pedestrian  density. 

Rosenbloom (2009), Brosseau et al. (2013) and Dommes et al. (2015)  concluded that the higher 

the density of pedestrians waiting on the sidewalk, the lower the number of people who violate 

the signal indication. However, Ren et al. (2011) reached different conclusions: pedestrians in 
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groups lean more towards disobeying the signal indication than a pedestrian traveling solo. 

Similar results were found by Guo et al. (2011) who observed that vehicles are more likely to 

reduce their speeds and yield to pedestrians if they are in a group, giving pedestrians a greater 

sense of safety. According to Onelcin and Alver (2015), most pedestrians, when crossing alone, 

cross the street when the vehicle is 25 to 50 meters distant from their crossing point; when in 

groups, about 27% of the pedestrians will only cross the street when no vehicle is within 75 

meters from them. 

As aforementioned, pedestrian signal violation reduces delay at signalized 

crossings and therefore it is very important that this non-conforming behavior is taken into 

account in any analysis of pedestrian delay in realities where it is common – as in most of the 

Brazilian urban spaces.  

In recent years, many authors have focused their attention on the study of pedestrian 

violation rates. In Beijing, China, Guo et al. (2011) observed that 10% of the pedestrians 

assessed in seven different intersections violated the signal indication at risky situations and 

that half of them violated the don’t walk indication after waiting more than 50 seconds. Suh et 

al. (2013) conducted a research at an university campus in Atlanta, USA, and found a violation  

rate of 90%. Koh and Wong (2014) analyzed signalized intersections in Singapore, observing a 

35% violation rate; 22% of those violators started crossing before vehicles were completely out 

of the conflict area. In Lille, France, Dommes et al. (2015) identified a 32% violation rate at 

the seven intersections they studied. In Mumbai, India, the work of Marisamynathan and 

Vedagiri (2017) revealed that 1170 people disobeyed the signal indication – the equivalent to 

55% of the pedestrians observed in eight intersections. And finally, Onelcin e Alver (2017) 

analyzed six intersections in Izmir, Turkey and found that 75% of the pedestrians were violators. 

At this point it is important to state the core difference between opportunistic and 

violator pedestrians: an opportunist is a pedestrian that  searches for gaps to cross the street 

regardless of the signal indication; if an opportunist finds and accepts a gap for him/she to cross 

the street during the don’t walk indication, he/she becomes a violator. Thus, although all 

violators are necessarily opportunistic, an opportunist will not necessarily become a violator – 

it is possible that the signal changes to a walk indication before the opportunistic pedestrian 

finds an adequate gap.  

Whereas the violation is easily observed on the field, the proportion of opportunists 

is hard to be observed precisely, as it is not always easy to know whether a pedestrian is 

searching for a gap. Usually the decision to search for gaps to cross the street is not something 

inherent to the pedestrian, but is rather subjected to the action of external factors, such as 
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vehicular flow (GUO et al., 2011; DOMMES et al., 2015; MARISAMYNATHAN; 

VEDAGIRI, 2017), the presence of groups of pedestrians at the sidewalk (ROSENBLOOM, 

2009; BROSSEAU et al., 2013; DOMMES et al., 2015)  and during crossing (GUO et al., 2011; 

REN et al., 2011) and the delay (TRB, 2010; GUO et al., 2011; YE et al., 2015). Some authors, 

such as Suh et al. (2013), used microsimulation as a tool to estimate the proportion of 

opportunistic pedestrians at a given crossing as discussed in Topic 3. 

Another factor that may influence pedestrian delay is the trip purpose. Guo et al. 

(2011) identified that pedestrians going to work or to school/university are more inclined to 

hurrying and to not tolerate high delays. Therefore, during peak hours it is more likely that 

pedestrians become impatient and disobey the red signal to reach their destination faster. 

However, in areas where the land use is predominantly educational, obedience rates were more 

reasonable than the ones observed at commercial or residential areas, where pedestrians are 

more prone to violating the signal indication even for short waiting times. 

 

2.1.2 Local factors 

 

Besides human factors, there are those factors associated to the geometry of the 

intersection, such as the waiting area width on the sidewalk, and those related to the operation 

at the intersection, such as the signal programming and the vehicle demand. The longer the 

pedestrian red time, the longer the delay. However, as delay increases so does the pedestrian’s 

impatience, which tends to increase violation thus reducing delay. According to TRB (2010), 

when delay is longer than 30 seconds the probability of a pedestrian violating the red signal 

increases; if it is less than 10 seconds the pedestrians are more likely to obey the signal 

indication. 

The effect of delay on violations may be softened in intersections where pedestrians 

may cross in two stages with the aid of a pedestrian island. Guo et al. (2011) stated that by 

dividing the crossing into two or more stages, the pedestrian island gives pedestrians a feeling 

that the red time is smaller than it actually is, even if their effective delay remains unaltered. It 

was also observed that as the red time increases, so does the risk for pedestrians, since they 

become more prone to the violation; in one-stage crossings they observed a violation probability 

1.2 times greater than at intersections with a pedestrian island. 

Guo et al. (2011) also noted that delay decreased with an increase on pedestrian 

demand; on the other hand, it was also noted that high vehicular flows may increase pedestrian 

delay by making it harder for pedestrians to cross safely during red due to the scarcity of 
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acceptable gaps. Yet, pedestrians may accept shorter gaps if they wait excessively long periods. 

Therefore, in line with Dommes et al. (2015),  a high vehicular flow may cause two 

conflicting effects on pedestrian crossings: it may inhibit violation due to the decrease in the 

number of acceptable gaps but also stimulate it as pedestrians experience longer waiting times. 

In turn, a low vehicular flow gives pedestrians more chances to cross during the don’t walk 

indication (MARISAMYNATHAN; VEDAGIRI, 2017).  

The pedestrian gap-acceptance process is governed mainly by the pedestrian’s 

minimum gap time, i.e. the minimum gap on the traffic flow a pedestrian would accept in order 

to cross the street at a certain desired speed. Just like the decision whether to violate the red 

signal, the minimum gap time might not be a constant value for each person, being actually a 

function of some factors such as: age, gender, walking speed and delay (SITI NAQUIYAH et 

al., 2017); the duration of the gaps on the traffic flow (GUO et al., 2011); the number of lanes 

to be crossed (KADALI et al., 2015); and the number of pedestrians crossing the street (SITI 

NAQUIYAH et al., 2017). Methods for estimating a pedestrian’s minimum gap time will be 

discussed later on this document. 

When the vehicle type is considered, pedestrians are less likely to cross when there 

is a heavy vehicle approaching within 25 meters of the crosswalk; women are less likely to 

cross than men if the heavy vehicle is 25 to 50 meters distant from the crosswalk (ONELCIN; 

ALVER, 2015). 

Dommes et al. (2015) observed that vehicles parked next to the crosswalk stimulate 

the violation and also discourage pedestrians to pay attention to the floor, to traffic, to other 

pedestrians and to the signal; once they begin their crossing, violators pay more attention to 

traffic as if to confirm that their decision to violate was the right one.  

 

2.2 Topic’s final consideration 

 

In this topic the methods for modeling pedestrian delay at signalized crossings were 

explored, initially. Then the main human and local factors that influence delay and that must be 

considered were investigated. It was identified that pedestrian delay is mainly affected by age, 

gender, the size of the pedestrian group, the vehicular flow, the signal programming, and the 

violation of the signal indication. The factors identified are summarized on Table 1. 
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Table 1- Main factors analyzed. 

Category Factors 

Human factors 

Age; gender; walking speed; pedestrian 

density at the sidewalk; pedestrian density 

during crossing; violation of the red signal.  

Local factors  

Signal programming; presence of waiting 

facilities; pedestrian demand; vehicular 

flow; vehicle distance; approaching vehicle 

type; presence of parked vehicles. 

Source: made by the author (2019). 

 

Throughout the topic it became clear that the violation is strongly related to 

pedestrian delay. Therefore, it is of the utmost importance for this behavior to be well 

represented when modeling such delay. On the next topic, methods for the microscopic 

modeling of pedestrians at signalized crossings using computational tools will be discussed, as 

well as the estimation of pedestrian minimum gap time – the main parameter that rule the 

behavior of opportunistic pedestrians. 
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3 MICROSCOPIC MODELING OF PEDESTRIANS  

 

In addition to the empirical methods for modeling pedestrian delay at signalized 

crossings briefly described on Topic 2, there are microscopic modeling tools as an alternative 

to the analysis of the operation and fluidity of pedestrians one by one. The use of computational 

resources for microsimulation allows for more flexibility when modeling different scenarios.   

A widely used microsimulation software is Vissim. Although most studies 

conducted with Vissim have focused on automobiles, the addition of the Viswalk module 

offered the possibility to simulate the behavior of pedestrians more realistically (PTV, 2018). 

Vissim allows its users to model pedestrians in two different ways: through the Wiedemann 

model, according to which pedestrians move unidirectionally on a link governed by the same 

rules and behaviors attributed to cars; or through the Social Force model, which allows the 

modeled pedestrians to move in more than one direction within the defined link. (PTV, 2018) 

indicates that modeling pedestrians via the Social Force model provides more realistic results 

and, therefore, it is the recommended model for the representation of pedestrians in urban 

facilities. 

The Social Force model, which was originally proposed by Helbing and Molnar 

(1995), dictates that pedestrian movement is a result of attraction and repulsion forces. As it is 

adapted into Vissim, it rules pedestrians’ movements by using 20 parameters – 12 from the 

original model and 8 global simulation parameters (PTV, 2016). It is important thus to 

understand the effects of those parameters on the MOE of interest and how the important 

parameters may be estimated. 

The conflicts between pedestrians and other road users in crossings can be modeled 

in Vissim using the conflict area or priority rules models (FRIIS; SVENSSON, 2013). The 

adequate representation of these conflicts is extremely important to pedestrian delay modeling 

at signalized crossings due to the high impact of violation rate on delay. 

This topic briefly presents the principles of the Social Force model and how they 

are implemented on Vissim. The use of the conflict areas and priority rules models applied to 

pedestrian crossings will also be discussed, as well as some methods to estimate a pedestrian’s 

minimum gap time. At the end of the topic, some of the works that used microsimulation tools 

to model pedestrian delay are explored. 
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3.1 The Social Force Model 

 

As previously stated, the Social Force Model originally proposed by Helbing and  

Molnar (1995) is based on the concept that pedestrian movement is a result of the sum of 

attraction forces, derived from a pedestrian’s desire to reach a destination, and repulsion forces, 

related to obstacles in their route, both static and moving (e.g. other pedestrians).  

Although the most significant motivation for a pedestrian to move is the desire to 

reach his/her destination as soon and as comfortable as possible, keeping distance from 

obstacles and from other road users is also an important factor; but so is the possible 

attractiveness to other pedestrians, e.g. seeing a friend along the way, and to certain objects or 

buildings, e.g. a window display at a store, which may cause the pedestrian to alter in some way 

their speed or trajectory (FRIIS; SVENSSON, 2013). The Social Force Model aims to 

incorporate all these factors, as can be seen in Equation 3 below. 

 

 𝐹 = 𝐹𝑑𝑟𝑖𝑣𝑖𝑛𝑔 + 𝐹𝑠𝑜𝑐𝑖𝑎𝑙 + 𝐹𝑤𝑎𝑙𝑙 +  𝐹𝑛𝑜𝑖𝑠𝑒                                     (3) 

where: 

F = the force that causes pedestrians to accelerate or decelerate; 

Fdriving = driving force in the desired direction; 

Fsocial = attraction/repulsion force between pedestrians; 

Fwall = forces from walls and other obstacles; 

Fnoise = random force introduced to avoid the formation of deadlocks at bottlenecks. 

 

Helbing and  Molnar (1995) validated their model using three approaches: the first 

was by using an empirical data set for the macroscopic parameters’ validation; the second was 

by analyzing the queuing and the crossing in zebra crossings for the validation of the 

microscopic parameters; and the third approach was by visual validation. A visual 

representation of the forces in action according to the Social Force Model is seen in Figure 1. 
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Figure 1 - Main attributes of the Social Force Model 

 
Source: Laufer (2008). 

 

Implemented in Vissim through the Viswalk module, the Social Force Model is 

represented by 20 parameters and it allows the user to model pedestrians in urban environments, 

where other transportation modes also exist, with no restriction to the number of individuals 

being simulated at the same time (PTV, 2016). The modelled pedestrians move within 

predetermined links but, unlike vehicles, they are free to move on a bidimensional plane.  

The software’s manual brings a description of all Social Force Model parameters; 

two of those are described here due to an initial hypothesis that those may affect the estimation 

of pedestrian delay. 

The first one is Tau (τ), the parameter that represents a pedestrian’s response time 

and is responsible for the pedestrian acceleration as it compares the difference between desired 

speed and direction with the current speed and direction (PTV, 2016). Its default value is 0.4s 

and higher values result in higher accelerations. 

Another parameter is React to N (N), which refers to the number of closest 

pedestrians that are taken into account for the calculation of the total force for a pedestrian. Its 

default value is 8 and higher values mean that more pedestrians will influence a person’s 

movement (PTV, 2016). 

In Vissim’s simulation of signalized crosswalks, pedestrians are generated from 

areas defined by the analyst and these areas must be connected by pedestrian links in order to 

accommodate pedestrian traffic in two opposing directions. To each area, one must assign a 

pedestrian composition, with one or more pedestrian types by gender (male or female), age (e.g. 
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children, youngsters, adults or seniors) and/or limitations in mobility (e.g. a person in a 

wheelchair or bearing a child). Each pedestrian type has its probability distribution of desired 

speeds, which may be a normal or a user-defined empirical distribution.  

The software also allows the creation of pedestrian classes, which represent 

different categories of pedestrians within types. This is an important functionality when it 

comes to modeling pedestrian behavior in urban crossings as it makes it possible for the analyst 

to choose, for example, which classes will obey signal indications and which will search for 

gaps to cross the street. 

Vissim is capable of representing many different scenarios due to its variety of 

parameters. Which parameters should be calibrated depends on the goals of the analysis and the 

available resources. Depending on the number and the type of parameters that must be 

calibrated, the calibration process can be very complex and time-consuming.  

 

3.2 Modeling pedestrian x other transportation modes 

 

When violating the signal indication, pedestrians are subject to interactions with 

other modes of transportation. As red violation impacts on pedestrian delay, it is essential to 

properly model such interactions. As previously mentioned, these conflicts may be modeled by 

gap-acceptance models, which may be either priority rules or conflict areas in Vissim. 

The conflict areas model identifies the possible areas in the intersection where 

conflicts between pedestrians and vehicles may exist. The analyst may define whether 

pedestrians or vehicles have the right of way. There are mainly six distinct parameters of 

importance, according to PTV (2016): visibility, front gap, rear gap, additional stop distance 

and two other parameters that are used to determine whether (or what proportion of) drivers 

will keep from blocking the conflict area while crossing. Figure 2 illustrates some of these 

parameters. 
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Figure 2 - Conflict area parameters in Vissim 

 
Source: Adapted from Jacobsen and Cybis (2011). 

 

The priority rules model determines the moment a pedestrian will choose to cross 

based on the gaps between vehicles and basically on the minimum gap time parameter. Besides 

the minimum gap time, there are three other important parameters: the minimum headway, the 

maximum speed and the slow down distance. Unlike the conflict areas model, which identifies 

the conflicting areas of the intersection automatically, the priority rules require manual 

configuration of two elements: the stop line, at which the gap-seeking flow must wait for an 

adequate gap to proceed, and the conflict marker, used to mark the links where the gaps must 

be assessed. Figure 3 exemplifies the priority rules parameters when used for pedestrian x 

vehicles conflicts; on the Figure, tv2, the time until the next vehicle arrives at the conflict marker, 

is the value a pedestrian compares to his/her minimum time gap – if it is smaller, the pedestrian 

accepts the gap and starts crossing. 

 

Figure 3 - Priority rules parameters in Vissim 

 
Source: made by the author (2019). 

 

In comparison to the conflict areas model, the priority rules one is simpler, as it 

deals with fewer parameters. Besides, another important advantage in using priority rules is 

that it allows for the analyst to better model opportunistic behaviors: one may create priority 
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rules directed to specific pedestrian classes, each with their own minimum gap time, allowing 

for the representation of different categories of pedestrians (e.g. male, female, young or old 

pedestrians) and thus allowing for a better representation of the reality. Although it is also 

possible to model the opportunistic behavior using conflict areas, as it was done by Suh et al. 

(2013), it does not offer the same level of flexibility since its parameters apply to all types of 

pedestrians at once. 

However, as previously discussed, it is difficult to observe the minimum gap time 

for a pedestrian, given that it is not possible to determine exactly whether a pedestrian is or is 

not searching for available gaps to cross. Since it is not something directly observable, an 

alternative would be to estimate the minimum gap time using mathematical or empirical 

models, or even using microsimulation tools. 

 

3.3 Pedestrian minimum gap time 

 

Whereas there are many studies which propose methods for the estimation of 

vehicular minimum gap time, or critical gap, there are very few studies that do so for pedestrians 

– even for unsignalized crossings, where every pedestrian is gap-seeking.  

One of the most traditionally used methods for the estimation of a vehicle’s critical 

gap  is the one proposed by Raff and Hart (1950). That method defines the critical gap as the 

gap for which the total number of accepted gaps shorter than it is equal to the number of rejected 

gaps longer than it, i.e. the intersection point between accepted and rejected gaps cumulative 

curves (Figure 1). The original method, however, considered only lags, which is defined as the 

first gap faced by a vehicle. Fitzpatrick (1991) proposed an improvement on Raff’s method by 

combining gap and lag data to compute the critical gap.  
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Figure 4 – The intersection between the accepted and rejected lags cumulative 

curves was defined as critical lag in the original Raff's method. 

 
Source: Raff and Hart (1950). 

 

Pawar and Patil (2016) applied Raff’s method to pedestrians at uncontrolled mid-

block crossings in India and found a critical temporal gap of 3.6 seconds and a critical spatial 

gap of 30m; depending on the geometric configuration of the crossing (e.g. number of lanes to 

cross) and other operational characteristics (e.g. vehicular flow), a minimum gap time of 3.6 

seconds could indicate an aggressive crossing behavior. According to Miller (1974), Raff’s 

method’s estimation is sensitive to variations in traffic volume but do not incorporate its exact 

effects on critical gaps. 

The HCM2010 provides a method for estimating the pedestrian critical headway at 

unsignalized crossings using Equation 4: 

 

𝑡𝑐 =
𝐿

𝑆𝑝
+ 𝑡𝑠                                                                     (4) 

where: 

tc = critical headway for a single pedestrian (s); 

L = crosswalk length (m); 

Sp = average pedestrian walking speed (m/s); 

ts = pedestrian star up time and end clearance time (s). 

 

The manual suggests an average walking speed of 3.5 ft/s (1.1 m/s) and a start up 
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and end clearance time of 3 seconds as standard values for general population. 

Based on Equation 4, the HCM2010 assumes that a pedestrian’s minimum gap time 

depends basically on the time he/she needs to cross the street (L/Sp) plus an extra time that 

accounts for a pedestrian’s reaction to signal changes (ts) (TRB, 2010). Pawar and Patil (2015), 

on the other hand, developed a binary logit model for estimating pedestrian minimum gap time 

and found that it was influenced by a series of factors, such as gender, conflicting vehicle speed, 

conflicting vehicle type, and if the pedestrian was in a group. 

Another method for estimating pedestrian minimum gap time was proposed by 

Chandra et al. (2014), according to which the minimum gap time corresponds to the common 

point between the cumulative distribution of accepted gaps and the complimentary of the 

cumulative distribution of crossing times. The authors state that this intersection point would 

represent the point at which the accepted gap is equal to the time the pedestrian needs to cross 

the street. The application of this method by the authors resulted in minimum gap times ranging 

from 3.4 to 9.7 seconds for crossings with vehicular flows between 1600 and 2900 veh/h. They 

also found that men accepted shorter gaps (8.5 to 10.2s) than women did (9.1 to 11.6s). 

Pawar and Patil (2016) estimated pedestrian minimum gap time at an uncontrolled 

mid-block crossing using five different methods: the HCM2010’s; Raff’s; a binary logit model 

proposed by Pawar and Patil (2015); the maximum likelihood procedure; and Ashworth’s 

method (Ashworth, 1968). By doing so, the authors found very similar results, with minimum 

gap times ranging around 4 seconds, except for the one obtained using HCM2010 (8.6 s). This 

indicates that the method proposed on the American manual is more conservative than the others 

and supposes that pedestrians are less aggressive when crossing a street.  

The studies discussed in this topic were all conducted at unsignalized crossings; so, 

no method for estimating an opportunist/violator’s minimum gap time at signalized crossings 

was found until the completion of this M.S. thesis. However, we believe that some of those 

methods could apply to violator pedestrians as well, since they may behave similarly to 

pedestrians at an unsignalized crossing. 

 

3.4 Microsimulation of pedestrian delay 

 

Over recent years, there have been different works that modeled the behavior of 

pedestrians at crossings using microsimulation tools. The most important of such studies are 

explored in this section, especially those that focus on the estimation of pedestrian delay at 

crossings.  
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Some authors have developed their own microsimulation tools designed 

specifically for modeling pedestrians. Miller et al. (2000) created a scaling system to evaluate 

the LOS for pedestrian crossings, calibrating it using computer-aided visualization. By doing 

so, the author affirms that they would be consolidating a pedestrian LOS estimation method 

that would systematically consider the needs of pedestrians in crossings. 

Liu et al. (2000) proposed an enhancement of the microsimulation model 

DRACULA in order to address the issues related to the modeling of pedestrians and their 

interaction with vehicles in signalized intersections with actuated signals. According to the 

authors, the resulting model was flexible and allowed a detailed microscopic modeling of 

pedestrian behaviors within different contexts of signal programming. It is important to 

highlight that this was one of the first studies to consider pedestrians with opportunistic 

behavior. 

The violation of the pedestrian red  light has been  modelled  using Vissim. Suh et 

al. (2013) modeled the violators’ gap-acceptance using priority rules in Vissim in order to 

estimate the average pedestrian delay at a signalized intersection and compare it with the delay 

estimated by the method proposed by the HCM 2010. The authors have also calibrated the 

proportion of opportunistic pedestrians at the intersection by creating different simulation 

scenarios; the application of this method resulted in a proportion of 90% of gap-seeking 

pedestrians. When comparing the methods, it was observed that the delay estimation made by 

Vissim, considering 90% of opportunists in the simulation, was closer to field delay than the 

estimation of the HCM was. 

Boenisch and Kretz (2009) used the conflict areas model to evaluate the relationship 

between vehicle flows and pedestrians’ travel times at a non-signalized intersection. Jacobsen 

and Cybis (2011) proposed a method for obtaining the front and rear gaps in traffic through 

image-analysis techniques in order to calibrate the conflict areas model for non-signalized 

intersections. 

As for the calibration of the Social Force model in Vissim, some studies were 

identified – most of them had walking speed as their main MOE and calibration target (KO; 

KIM; SOHN, 2013; KRETZ; HENGST; VORTISCH, 2008; LAGERVALL; SAMUELSSON, 

2014). Until the completion of this manuscript, no Social Force model calibration studies aimed 

at the estimation of pedestrian delay at signalized crossings were found – the same is true for 

the sensitivity analysis of the Social Force model’s parameters in estimating that delay. This 

could be evidence that perhaps the Social Force model’s parameters have no significant impact 

on pedestrian delay at signalized crossings.  
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3.5 Topic’s final considerations 

 

On this topic, the basis of the Social Force model and its implementation within 

Vissim were discussed. With a total of 20 parameters, this model’s complexity allows for a more 

precise representation of pedestrian behavior at crossings, but it also urges for a better 

understanding of those parameters functioning and their effect on the estimation of pedestrian 

delay. 

Initially, there is a hypothesis that two of those parameters may significantly affect 

pedestrian delay modeling: Tau (τ), pedestrian relaxation time, responsible for the calculation 

of pedestrian acceleration; and React to N (N), the parameter that dictates how many pedestrians 

affect a persons’ movement.  

Besides the Social Force model, the gap-acceptance models were also explored. 

The priority rules model and its minimum gap time parameter are the most adequate to represent 

the opportunistic behavior at a signalized crossing due to the possibility to set a rule and a 

minimum gap time by pedestrian type. 

The priority rules model’s main parameter is the minimum gap time. So, this topic 

also explored the published studies on the estimation of pedestrian minimum gap time and their 

applications. It is worth mentioning that those methods were developed for pedestrians at 

unsignalized crossings, but they also could be applied for signalized intersections since 

opportunistic pedestrians behave as if there is no crossing light. 

Finally, some of the studies towards the modeling of pedestrian delay using 

microsimulation tools were mentioned. It is once again highlighted that, until the finishing of 

this M.S thesis, no study about the calibration of Social Force model’s parameters for the 

modeling pedestrian delay was found. 
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4 PROPOSED METHOD 

 

The method proposed in this research is summarized in Figure 5. It is divided into 

three stages: Representation; Pre-calibration; and Calibration and Validation. 

 

Figure 5 - Proposed method. 

 
Source: made by the author (2019). 

 

4.1 Representation Stage 

 

This stage is composed by three main steps, according to Figure 5: Selection of 

study areas; data collection; and network codification. 

 

4.1.1 Selection of the study areas 

 

Two signalized crossings were chosen as study areas, in Fortaleza, Brazil, for this 

research: one located at mid-block and one located at an intersection, so that the differences 

between those two types of crossings could be assessed. These crossings were selected 

according to the following criteria: 
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• Signals should have a fixed-time operation, so that the signal programming 

could be perfectly replicated in the simulations; 

• A moderate to intense pedestrian demand, so we could have a pedestrian 

sample that would more likely be representative of the population; 

• A moderate to intense vehicle demand, because it was in our interest to assess 

the interaction between pedestrians and vehicles and its impact on pedestrian 

delay; 

• At least a reasonable level of interaction between pedestrians and other 

conflicting modes, i.e. relevant violation rates, as this is one of the main 

factors that affect delay and we wanted to study it from a microsimulation 

approach; 

• Preferably with the presence of electronic surveillance equipment, as it would 

make data collection less time consuming; the images obtained with this 

equipment allows us to see what type of pedestrian is crossing (men, women, 

seniors, youngsters) and to measure delay, walking speeds, crossing times, 

and other relevant data. 

It is worth mentioning that the availability of surveillance images was an important 

limiting factor. The Fortaleza Traffic Control Center (CTAFOR) had only about ten surveillance 

equipment placed at crossings that met the minimum required conditions; only five of those, 

after a preliminary analysis, presented a relevant level of interaction between pedestrians and 

other modes. 

 

4.1.2 Data collection  

 

 The data were collected from surveillance images recorded during pedestrian peak 

hours on two business days and provided by Autarquia Municipal de Trânsito e Cidadania – 

AMC, and two field data collections were also conducted at the same dates and times of the 

recorded images.  

The collected data and the methods for their obtention are detailed below: 

• Geometric characteristics of the crossing and its surroundings: lane width, 

number of lanes to cross, width of the sidewalks and pedestrian waiting areas, 

width of the pedestrian crossing, obstacles dimensions (if there were any), 

and other relevant measures. Those characteristics were obtained from 
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satellite images; 

• Land-use characteristics: assessed visually on the field and based on the 

researchers’ knowledge of the areas; 

• Signal programming: obtained directly from CTAFOR data base and 

confirmed from field observations; 

• Directional flows every 15 minutes: collected on the field by a team of 22 

observers, over the same two business days and hours of the surveillance 

images, using manual counters and spreadsheets;  

• demographics of pedestrians: pedestrians were classified into one out of four 

possible types – men (18- 60 years old), women (18-60 years old), seniors 

(both men and women of more than 60 years old) or youngsters (both men 

and women of less than 18 years old). This classification was made visually 

by the researchers based on their perception on the recorded images; 

• Pedestrian red violation rates: based on the signal indication at the moment 

a pedestrian arrived at the waiting area and the time he/she started crossing, 

he/she was classified into three categories – violators (pedestrians who 

arrived and crossed the street during the don’t walk or flashing don’t walk 

indications), non-violators (pedestrians who arrived during the don’t walk or 

flashing don’t walk indications but only crossed the street during the walk 

indication), and pedestrians who arrived and crossed the street on the walk 

indication. 

 

4.1.3 Network codification 

 

The network was built on Vissim based on the data collected regarding the 

crossings’ characteristics and pedestrian compositions. Preliminary simulations with default 

parameter values were run in order to identify any possible model inconsistencies and the 

respective corrections were made. 

 

4.2 Pre-calibration Stage 

 

The Pre-calibration Stage is composed by four steps, according to Figure 5: 

Comprehension of parameters; Sensitivity Analysis I; Strategy for modeling opportunists; and 
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Definition of calibration method. 

 

4.2.1 Comprehension of parameters 

 

The objective of this step was to understand how Vissim parameters affect 

pedestrian behavior. This comprehension was obtained essentially from the literature review 

previously presented.  

One important task of this step was to define range values of the parameters to be 

used in the sensitivity analysis step, which is explained ahead. The main parameters analyzed 

were the ones of the Social Force and the priority rules model, especially the minimum gap 

time. 

 

4.2.2 Sensitivity Analysis I 

 

In total, two parameter sensitivity analysis were conducted. This first one was 

realized at hypothetical networks to assess the effects of the parameters discussed on pedestrian 

delay. In order to do so, three scenarios were considered: one with no opportunistic pedestrians; 

one with 50% of opportunistic pedestrians; and another with 100% of opportunistic pedestrians. 

The sensitivity analysis was conducted for all Social Force model’s parameters and 

for the priority rule’s critical gap parameter, one at a time, while keeping the others at their 

default value. The parameters’ impact on delay were measured by statistical confidence 

intervals (CI) with a confidence level of 95%. 

Next, if necessary, the parameters would be classified into one out of four 

categories, based on the classification proposed by Hollander e Liu (2008): 

1. Parameters whose values are relatively easy to observe in the field; 

2. Parameters whose values can be taken from previous studies and that are 

compatible with what is being currently modeled; 

3. Parameters whose influence is not significant and, therefore, do not require a 

calibration; and 

4. Parameters that must be calibrated based on a target measure. 

 

4.2.3 Strategy for modeling opportunistic pedestrians 

 

A method for modeling the opportunistic (or gap-seeking) pedestrians is crucial to 
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the success of the model. Ideally, this method should include the estimation of the proportion 

of opportunists at the crossing, using microsimulation, as did Martín (2018) and Suh et al. 

(2013), who tested simulation scenarios with different opportunist proportions; in both studies, 

the authors used pedestrian delay as target measure for estimating the proportion of 

opportunists. However, such methods are only applicable to real, current situations, i.e. are not 

applicable to future or hypothetic cases, as the proportion of gap-seeking pedestrians depends 

on the scenario. Therefore, in order to achieve a more replicable model, the need to estimate a 

proportion of opportunists for hypothetic cases should be avoided.  

Considering Brazilian reality and the literature review, as well as the fact that it is 

not always possible to know whether a pedestrian is gap-seeking or not, it may be better to 

assume that all pedestrians at signalized crossings are potential violators. By treating all 

pedestrians as opportunists, delay becomes more sensible to the effects of the critical gap, so 

the estimation of this parameter is key to a trustworthy representation of pedestrian delay at 

signalized crossings.  

For hypothetical simulated scenarios, the assumption that the critical gap remains 

the same may be considered. In that case, the violation rates depend mainly on the vehicle 

arrival pattern and, consequently, the gaps distribution. Therefore, the simulated vehicle arrivals 

should replicate the pattern observed on the field. For that reason, the strategy for modeling 

opportunists proposed in this method has two major components: vehicle arrival patterns 

matching and critical gap estimation. 

 

4.2.3.1 Vehicle arrival patterns 

 

In order to match the simulated and observed vehicle arrival patterns, some 

adjustments to the coded network were necessary. After each adjustment, the comparison 

between simulated and observed arrival patterns was made by treating the distribution of gaps 

between simulated vehicles as expected values and the distribution of collected gaps as 

observed values in the chi-square goodness-of-fit test. In other words, chi-square tests were 

applied to check if the observed gaps sample could have come from the distribution of simulated 

gaps, using a 5% significance level. The adjustments made are discussed on Topic 5. 

 

4.2.3.2 Critical gap estimation 

 

Three of the methods for estimating the critical gap discussed on Topic 3 were 
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applied and assessed: the HCM’s (TRB, 2010), Chandra’s (CHANDRA et al., 2014) and Raff’s 

(RAFF; HART, 1950). The results were compared regarding their amplitudes and premises. A 

quantitative comparison using microsimulation was conducted as part of the Calibration, 

discussed ahead. 

 

4.2.4 Definition of the calibration method 

 

The objective of this last step was to determine the calibration method for the 

parameters that would require calibration, based on the analysis previously done.  Based on the 

comprehension of parameters and the objectives of this research, the target measures were 

defined as well as the required sample size and number of replications necessary, the simulation 

resolution, the level of aggregation demanded and the adjustment measures to evaluate the 

calibration errors. 

The calibration technique was also determined: if it would be executed manually or 

automatically. For the sake of simplicity, manual calibration is recommended for parameters 

that will be adjusted individually; automatic calibration is recommended when more than two 

parameters need to be calibrated simultaneously. 

 

4.3 Calibration and Validation Stage 

 

The last stage of this research consists of four steps: Data collection for calibration 

and validation; Calibration; Validation; and a second Sensitivity analysis. This stage 

consolidates the proposition of a method for modeling pedestrian delay at signalized crossings, 

as stated on objective number three. 

 

4.3.1 Data collection for calibration and validation 

 

The data collection in this step refers to the obtention of the data necessary to 

calibrate and validate the parameters of the model. The equipment required for this data 

collection was manual chronometers and Excel worksheets, operated by two researchers who 

collected the following data from the surveillance images: crossing times and walking speeds; 

accepted and rejected gaps (per pedestrian); and pedestrian delay. 
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4.3.2 Calibration 

 

This step consists of the calibration of the parameters, which are adjusted to 

minimize differences between simulated and the field-obtained values of the target variable. 

This step includes a comparison among the four aforementioned methods for the estimation of 

pedestrian minimum gap time – HCM’s, Chandra’s and Raff’s – using the microsimulation to 

assess how good delay was estimated when using each method. This comparison was made 

based on the mean absolute percentage error (MAPE) of average pedestrian delay every 15 

minutes. 

A fourth method for estimating the critical gap was proposed using 

microsimulation; the target measures were the average delays per pedestrian type and MAPE 

was computed considering the four types defined. This fourth method was compared to the 

others under the same comparison grounds previously stated to decide which should be used as 

the priority rules’ minimum gap times. 

 

4.3.3 Validation 

 

The main goal of this step was to validate the supposedly calibrated simulation 

model. The simulation model should be capable to replicate reality satisfactorily using the 

second data set, collected in a day different than the one of the data set used for calibration. 

The validation was based on the estimation errors of pedestrian delay, the main 

MOE of this research. If satisfactory results were achieved, the model was considered validated; 

if not, a new calibration was required, preferably with a revisiting of the calibration method 

adopted.  

It is important to avoid merely recalibrating the model until both calibration and 

validation errors are reduced to a low desirable level, because in this way the validation data 

set would be working as a calibration data set, what is not adequate. The analyst should think 

carefully on what may have caused the poor validation results and address the possible causing 

issues before redoing calibration. 

Similarly to the calibration step, MAPE was computed for the differences between 

average delays simulated and collected every 15 minutes. 
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4.3.4 Sensitivity Analysis II 

 

The last step of this research was to perform a second sensitivity analysis on the 

parameters which seemed to yield significant impacts on delay estimation during the first 

sensitivity analysis. The procedure was similar to the one described for the first sensitivity 

analysis, but this time, instead of performing it on a hypothetical network, it used the calibrated 

and validated network built. 
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5 RESULTS AND DISCUSSIONS 

 

The focus of this topic is to discuss the results obtained from the application of the 

method proposed on Topic 4, as well as the limitations identified. This topic is organized 

according to the stages previously stated. 

 

5.1 Representation Stage 

 

This stage is composed by three main steps, according to Figure 5: Selection of 

study areas; data collection; and network codification. 

 

5.1.1 Selection of the study areas 

 

As previously stated, two study areas were chosen, both located at Avenida Bezerra 

de Menezes in Fortaleza. This avenue, which is one of the main arterial streets in Fortaleza 

(Figure 6), has 3,30 km of extension between Avenida Engenheiro Humberto Monte, to the 

west, and Rua Padre Ibiapina, to the east. 

 

Figure 6 - Location of the multimodal corridor Av. Bezerra de Menezes, in 

Fortaleza. 

 
Source: made by the author (2019). 
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An important stretch of this avenue is the one between streets Armando de Oliveira, 

to the west, and Olavo Bilac, to the east. According to data from Secretaria Municipal de 

Finanças of Fortaleza (SEFIN), there is a predominance of shops and services both in the 

corridor itself and in an influence area of two blocks to each side. 

As a bidirectional arterial with a predominant commercial land use, this street 

serves a large volume of road users daily, including vehicles, motorcycles, buses and minibuses, 

bicycles and pedestrians. As it can be seen in Figure 7, it has two lanes for mixed traffic, two 

exclusive bus lanes and one bidirectional bicycle lane westbound; and two lanes for mixed 

traffic and one exclusive bus lane eastbound. Each exclusive bus lane is 3,0m wide and the 

lanes for mixed traffic have a width of 2,8m; the bicycle lane is 1,10m wide. 

 

Figure 7 - General geometric characteristics of Av. Bezerra de Menezes. 

 
Source: adapted from <www.fortalbus.com>. 

 

The first study area, a signalized, mid-block pedestrian crossing located between 

streets Moreira de Sousa and Raimundo Vitor, is depicted in Figure 8. The crossing directions 

identified as Crossing 1 and Crossing 2 were the ones analyzed in this research; they connect 

the sidewalks on both sides of the corridor to the median, where the bus stops (Area 3) and a 

BRT (Bus Rapid Transit) station (Area 4) are located. Both crossings are located at an area 

where a large volume of pedestrians are observed due to the presence of a shopping mall (Area 

1), a bank (Area 2), and several shops and service buildings around it. The large flow of people 

and road users in this area, due to its heavy commercial and service land use, results in a 

significant level of interaction between pedestrians and other transportation modes. 

 



46 

 

Figure 8 – Mid-block pedestrian crossings on the first study area selected.  

 
Source: made by the author (2019). 

 

As seen in Figure 8, Crossing 1 refers to pedestrians going from Area 1 to the 

median and Crossing 2 to pedestrians going from Area 2 to the median. Those were the chosen 

crossings due to their physical and operational differences, such as the number of lanes to cross 

– three and four lanes, respectively; their pedestrian and vehicular demands; their violation rate; 

and because the visibility of those two crossings and their respective waiting areas and 

pedestrians on the surveillance images recorded were better (Figure 9). 

 

Figure 9 - Surveillance images of crossings 1 and 2, respectively. 

  
Source: made by the author (2019). 

 

The second study area was the signalized crossing located at the intersection of 

Avenida Bezerra de Menezes and Rua Olavo Bilac, shown in Figure 10. Area 5 is the sidewalk, 

where a variety of commercial buildings is found, whereas Area 6 is on a bicycle lane – 
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pedestrians use it as a waiting area due to the low cyclist flow – and it connects pedestrians to 

the bus stops and to the BRT station located in the median. In this study area, two crossing 

movements were analyzed: Crossing 3, which represents pedestrians going from Area 5 to Area 

6, while Crossing 4 corresponds to the opposite direction. Similarly to the first study area, there 

is a considerable pedestrian flow here due to the strong presence of commercial lots and to the 

proximity to the shopping mall. As seen in Figure 10, besides through flow, pedestrians face 

conflicts with southbound, right-turning vehicles. 

 

Figure 10 - The second study area, at the intersection between Av. Bezerra de 

Menezes (major) and Rua Olavo Bilac (minor), in image extracted from the 

surveillance material. 

 

Source: made by the author (2019). 

 

5.1.2 Data collection  

 

The data collections occurred on the 5th (Tuesday) and the 14th (Thursday) of 

September 2017, between 10:30am and 12pm, with the collaboration of 22 field observers. This 

time period was chosen because of the large volume of road users at both study areas during it. 

Data were also collected through video recordings from AMC’s surveillance equipment; from 

the cameras of the BRT station, made available by Empresa de Transporte Urbano de Fortaleza 

(ETUFOR); and from a drone provided by Fortaleza City Hall at those same dates and time 

period. 

Besides the geometric characteristics, measured using Google Earth, the signal 

timings were collected on the field. Total cycle time at both study areas was 160 seconds. At 
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Crossings 1 and 2, there was an exclusive pedestrian interval of 44 seconds for both directions 

and 10 seconds of flashing don’t walk, plus 116 seconds of don’t walk. At Crossings 3 and 4, 

there were only 17 seconds of exclusive walk time and 7 seconds of flashing don’t walk; in 

total, 143 seconds of don’t walk were observed.   

Directional flows for cars, trucks, buses and pedestrians were collected every 15 

minutes. Bicycles, however, were not considered for two reasons: first, little to no conflicts 

between bicycles and pedestrians were observed; and second, the main MOE being studied is 

delay, which is recorded only up to the moment the pedestrian leaves the waiting area, and there 

were no bicycle lanes immediately after the waiting areas – so the presence of cyclists was not 

a limiting factor to whether pedestrians would start crossing. 

 Using the video recording, pedestrian OD-matrices, one for each 15-minute period, 

were collected. The hourly OD-matrixes shown in Table 2 and Table 3 represent the average 

hourly pedestrian flow during the time period analyzed. The largest pedestrian volumes at the 

first study area originated from Areas 1 (the bank) and 2 (the mall), while Area 4 (the BRT 

station) originated the smallest, probably because of the low frequency of buses that serve the 

BRT station. At the second study area, the flows from Area 6 (bicycle lane) to Area 5 (the 

sidewalk) were expressively larger than the opposite direction; that could be associated to the 

presence of the bus stops at the median, where buses arrive at a significant frequency. 

 

Table 2 - OD-matrix for pedestrian flows between Areas 1 to 4 on September 5th 

2017 from 10:30am to 12pm. 

OD-matrix 
Pedestrian hourly volume (ped/h) - 10:30am to 12:00pm 

Area 1 Area 2 Area 3 Area 4 TOTAL 

Area 1 0 324 99 11 435 

Area 2 295 0 258 37 589 

Area 3 40 108 0 7 155 

Area 4 21 44 25 0 89 

Source: made by the author (2019). 

 

Table 3 - OD-matrix for pedestrian flows between Areas 5 and 6 on September 5th 

2017 from 10:30am to 12pm. 

OD-matrix 

Pedestrian hourly volume 

(ped/h) - 10:30am to 12:00pm 

Area 5 Area 6 

Area 5 0 75 

Area 6 375 0 

Source: made by the author (2019). 
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Pedestrian composition was also estimated using surveillance videos, according to 

the four types previously mentioned: man (male pedestrians aged between 18 and 60 years old), 

woman (female pedestrians aged between 18 and 60 years old), young (both male and female 

pedestrians less than 18 years old) and senior (both male and female pedestrian more than 60 

years old). It is worth noting that the classification of the pedestrians was based on the visual 

perception of the analyst, so it is subject to errors. 

Figure 11 shows the 95% confidence intervals for the proportion of pedestrians of 

each type in each area from random samples with 100 or more observations. Although some 

intervals were relatively wide, their central value was the one used in Vissim.  

 

Figure 11 - Pedestrian composition per type per area. 

 
Source: made by the author (2019). 
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It is worth mentioning that the intervals for young and senior pedestrians in Area 5 

contain the zero but it is not evidence enough to say that their real proportions in those areas’ 

populations is equal to 0%, because of the small samples acquired on the field – only 6 

youngsters and 8 seniors were observed during the analysis time period. The confidence 

intervals for young and senior pedestrians in Area 6 also contain zero, however, their inferior 

limit was considered close enough to zero, so it was considered that the populational 

proportions of those two pedestrian types were different from zero.  

For each pedestrian type, the desired walking speed was determined as the speed 

pedestrians had when their path was unobstructed during the crossing. For this, the pedestrians’ 

crossing times were manually registered in surveillance videos from June 13th and 14th 2017, 

from 7am to 10am, due to the low pedestrian flow observed at those days and times. Some 

criteria were considered: pedestrians crossing outside the marked crosswalks were not 

considered as well as those who ran or those who abruptly changed their speed during crossing; 

pedestrians were considered to be at their desired walking speed from the second traffic lane 

until they reached the sidewalk/median. The sample sizes for each pedestrian type was of at 

least 100 pedestrians. Figure 12 shows the frequency distribution of the desired walking speeds 

per pedestrian type, measured in km/h. 

 

Figure 12 - Frequency distribution of desired walking speeds per pedestrian type. 

 
Source: made by the author (2019). 

 

The results were as expected: young pedestrians were, in average, faster than senior 

ones (4,7 and 3,6 km/h respectively); when compared to those two types, men and women 
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showed intermediate mean values of 4.1 and 4.4 km/h respectively. 

To test the normality of those distributions, the chi-square (χ2) test was applied at a 

significance level of 5%. The null hypothesis of normality could not be rejected in any of the 

cases. The cumulative normal probability distributions were then determined, as shown in 

Figure 13. 

 

Figure 13 - Normal cumulative curves of desired walking speed per pedestrian type. 

 
Source: made by the author (2019). 

 

Next, the arrival of pedestrians at the Areas 1, 2, 5 and 6 was also obtained from the 

surveillance videos in order to calculate the headways between arrivals and thus evaluate the 

pedestrian arrival pattern at the waiting areas. As it can be seen in Figure 14, for both Area 1 

and Area 2 the majority of the headways were no larger than 10 seconds and both distributions 

look similar to an exponential distribution; in fact,  the application of  χ2 goodness-of-fit tests 

at  5% significance level to both curves did not reject the null hypothesis that those curves may 

be well represented by an exponential distribution (n=495 and p-value= 0,2 for Area 1; n=565 

and p-value=0,1 for Area 2). 
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Figure 14 - Arrival headways distribution and expected exponential distribution for 

Areas 1 and 2. 

 
Source: made by the author (2019). 

 

The arrival headways distribution for Areas 5 and 6 are show in Figure 15. A visual 

analysis of both arrival headways distribution reveals that neither seems to have come from an 

exponential distribution, what was also confirmed with the application of a χ2 goodness-of-fit 

test at a 5% significance level; for both areas, the test resulted in the rejection of the null 

hypothesis that the curves may be well represented by an exponential distribution (n=111 and 

p-value=8x10-4, for Area 5; n=557 and p-value≈0, for Area 6. 

 

Figure 15 - Arrival headways distribution and expected exponential distribution for 

Areas 5 and 6. 

 
Source: made by the author (2019). 

 

The results were expected for Area 6, since pedestrian arrival there was conditioned 

by the arrival of buses at the bus stops located at the median, the reason why most headways 

observed (65,2%) were less than 5 seconds long. For Area 5, located on the sidewalk, similar 

results to the ones obtained for Areas 1 and 2 were expected, however we note an agglomeration 

of shorter headways observed. Besides, in Area 5, more than half of the observed headways 

were longer than 30 seconds, indicating that pedestrians were arriving too apart from one 
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another. 

Pedestrian violation rates were also estimated from the surveillance videos from 

September 5th and are shown in Figure 16. In total, at Crossing 1 the violation rate was 59% 

(CI95% [55,9-63,8]%) while at Crossing 2 the violation rate was only 10% (CI95% [7,2-

12,4]%). This difference is probably related to the differences between vehicular flows, which 

were higher at Crossing 2 than at Crossing 3 (see Table 4); a higher vehicular flow means that 

there will be fewer acceptable gaps and thus it becomes less likely that a pedestrian violates. 

For Crossings 3 and 4, the violation rates observed were of 37% (CI95% [21,9-

51,4]%) and 47% (CI95% [41,1-53,2]%), respectively. Since both crossings take place at the 

same crosswalk, but in opposite directions, both are subjected to the same traffic flow although 

different violation rates were observed. This difference could be explained by the proximity of 

Area 6, from which Crossing 3 originates, to the exclusive bus lanes; the bus flow at those lanes 

was significantly lower than vehicular flows at the mixed traffic ones, so the longer gaps 

between buses closer to Area 6 might make pedestrians more comfortable to cross the street on 

red. 

 

Figure 16 - Violation rates per area. 

 
Source: made by the author (2019). 

 

Crossings  2 and 3 are consecutive pedestrian crossings at the same street (Figure 

17), i.e. vehicles that enter the network at the Av. Bezerra de Menezes x Rua Olavo Bilac 

intersection – where Crossing 3 is located – arrive at Crossing 2. However, violation rates for 

those crossings are very different. This difference is probably due to the contrast of signal 

programming: pedestrians at Crossing 2 have 44 seconds of walk, whereas those on Crossing 3 

have only 17 seconds – as previously discussed, according to TRB (2010), the longer a 



54 

 

pedestrian awaits to cross the street, the more likely  he/she will disobey the signal indication.  

 

Figure 17 - Crossings 3 and 2 are consecutive. 

 

Source: made by the author (2019). 

 

Figure 18 shows the violation rates per pedestrian type, per crossing. In general, 

women violated more than men at all crossings, being the biggest differences between gender 

found at Crossings 3 (54% women and 34% men) and 4 (55% women and 31% men); the 

smallest difference between men and women (2%) was found at Crossing 2. Those results go 

against the findings of some authors, such as Guo et al. (2011) and Dommes et al. (2015), who 

found that men violated more than women.  

Regarding the age of the pedestrians, Figure 18 shows that younger pedestrians 

violated more than older ones at Crossings 2 and 4, similar to Guo et al. (2011), and that the 

opposite happened at Crossings 1 and 3. However, that the sample sizes of young and senior 

pedestrians were very small at Crossing 3 and may not be representative of the population. 
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Figure 18 - Violation rates per pedestrian type, per crossing. 

 
 Source: made by the author (2019). 

 

To close this section, Table 4 summarizes the data collected in this step and provides 

a simple comparison between crossings.  

 

Table 4 – Operational characteristics of the crossings. 

Crossing 
Pedestrian 

flow (ped/h) 

Violation 

rate (%) 

Number 

of lanes 

Vehicular flow 

(veh/h) 
Bus flow (veh/h) 

1 440 59 4 1052 135 

2 590 10 3 1303 30 

3 96 37 4 1080 (through) 

132 (right-turning) 

172 (through) 

4 (right-turning) 4 436 47 4 

Source: made by the author (2019). 

 

5.1.3 Network codification 

 

First, the study areas were built in Vissim (Figure 19). A warm-up time of 300 

seconds was set as well as time intervals of 900s for the analysis of the performance measures. 

The data entered corresponded to September 5th, 2017 from 10:30am to 12pm. 
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Figure 19 - Network built in Vissim 

 
Source: made by the author (2019). 

 

The Social Force model was chosen to represent pedestrian behavior due to its 

superior ability to provide a pedestrian simulation that is closer to reality. At that stage, the 

Social Force model’s parameters were kept at their default values. The hourly pedestrian flows 

were inserted as OD-matrixes for every 15-minute interval – six in total. 

The four pedestrian types – man, woman, young and senior – were created and the 

respective proportions in each area inserted. For each pedestrian type, the respective desired 

walking speed normal distribution (Figure 13) was used and priority rules were set up at their 

default values at that stage. 

Areas 3 and 4 were represented, as seen in Figure 19, as two general, destination-

only areas that represented the median, as it was not this research’s interest to investigate the 

effects of routing decisions – we were only interested in estimating pedestrian delay up to the 

moment he/she left the waiting area.   

The directional flows per 15-minute interval of vehicles, heavy vehicles and buses 

– both regular and BRT – were also inserted. Vehicles were represented using the Wiedemann74 

model with its parameters kept at their default values at that stage. Routing decisions every 15 

minutes were defined and desired speed distributions of 50 [48-58]km/h for vehicles and of 40 

[40-45] km/h for heavy vehicles and buses were set at that stage. Bus stops were not modeled, 

since it was not this research’s objective, so buses were represented like the other vehicles 

during simulation. 

Once the network was completely set in Vissim, several preliminary simulations 

were run in order to identify any inconsistencies or mistakes so that the respective corrections 
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were made. At the end of this step, the analysis network was considered adequately coded into 

Vissim, ending the Representation Stage. 

 

5.2 Pre-calibration Stage 

 

Pre-calibration Stage consisted of four steps: Comprehension of parameters; 

Sensitivity Analysis I; Strategy for modeling opportunists; and Definition of calibration 

method. 

 

5.2.1 Comprehension of parameters 

 

The comprehension of parameters, as discussed in Topic 4, was obtained essentially 

from the literature review exposed in Topic 3, which focused in the Social Force model’s 

parameters. Another important model discussed was the priority rules model and its advantages 

in representing opportunistic pedestrian when compared to conflict areas. 

A second task of this step was to define range values for the parameters of the Social 

Force model that would be tested during the sensitivity analysis. The parameters considered 

were: Tau, React to N, Lambda, A and B social isotropic, A and B social mean, VD and Noise. 

The description of each parameter is found in PTV (2018). Besides the Social Force model’s 

parameters, the minimum gap time parameter was also considered because of its strong effect 

on the behavior of opportunistic pedestrians.  

In this context, three different levels were defined for each parameter: Default – the 

parameter’s default value, according to Vissim’s User Manual; a minimum value that could be 

used for the parameter; and a maximum value, which is equal to double the default value. The 

ranges defined are shown in Table 5 - Parameter's range values.: 

 

Table 5 - Parameter's range values. 

Parameter Default Minimum Maximum 

Tau 0,4 0,1 0,8 

React to N 8 0 16 

Lambda 0,176 0 0,352 

A_soc_isotropic 2,72 0 5,44 

B_soc_isotropic 0,2 0,01 0,4 
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A_soc_mean 0,4 0 0,8 

B_soc_mean 2,8 0 5,6 

VD 3 0 6 

Noise 1,2 0 2,4 

Minimum gap time 4,5s* 3s* 6s 

*the default value is actually 3s, but it was considered already too 

low for pedestrians, based on the literature review 

Source: made by the author (2019). 

 

5.2.2 Sensitivity Analysis I 

 

In this step, the Social Force model’s parameters’ and minimum gap time’s impact 

on the estimation of pedestrian delay were assessed. To do so, a hypothetical mid-block 

pedestrian crossing at a unidirectional street shown in  Figure 20 was used.  

 

Figure 20 – Hypothetical mid-block pedestrian crossing used for the sensitivity 

analysis. 

 
Source: made by the author (2019). 

 

The signal programming was defined based on the Brazilian Manual of Traffic 

Signals (DENATRAN, 2014), for hypothetical vehicular and pedestrian flows of 1000 veh/h 

and 200 ped/h (for each crossing direction), respectively, and considering the size of the 

crossing (corresponding to two 3m-lanes), and pedestrians’ walking speed (1,2 m/s) and 

reaction time (1s). The resulting signal cycle was 80s, with 7s of walk and 7s of flashing don’t 
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walk, 4s of amber, and the remaining time as green for the vehicles.  

The parameters were tested one at a time, keeping the others at their default values. 

Three simulation scenarios were run for each parameter level, considering 0, 50 and 100% of 

opportunistic pedestrians. In summary, from the combination of 3 levels of opportunist 

proportions and two pairs of parameter levels (Default/Minimum and Default/Maximum), for 

each parameter there were six simulation scenarios. Thirty replications of 15-minute 

simulations, with two minutes of warm up each, were run for each simulation scenario.  

The samples of each pair were treated as statistically dependent, because 

simulations were run using the same random seeds; this dependency was confirmed by 

correlation tests – the minimum R² obtained was of 0,63 for minimum gap time’s Default x 

Minimum, with 100% of opportunists. Figures Figure 21 and Figure 22 show the 95% 

confidence intervals for the average difference in delay between scenarios. 

The results show that the Social Force model’s parameters had little to no effect on 

the estimated delay, with very narrow confidence intervals that either covered or were close to 

zero, in general, with the exception of Tau. The largest average difference was found for Tau’s 

default/maximum, 0%-opportunists scenario (1,5 seconds); this difference was the equivalent 

to 8% of the delay estimated with tau=0,4. The Second largest average difference was for 

A_soc_mean’s Default vs Maximum, 0%-opportunists scenario (0,55 seconds). 
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Figure 21 - 95% confidence intervals for the Default/Minimum scenarios. 

 
Source: made by the author (2019). 
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Figure 22 - 95% confidence intervals for the Default/Maximum scenarios. 

 
Source: made by the author (2019). 

 

As for the minimum gap time parameter, the differences were not as significant as 

expected. In the 100% of opportunists scenarios, it was expected that its effects on delay with 

would be more significant since all pedestrians are gap-seeking, but the differences found were 

only 0,65s (Default/Minimum) and 0,80s (Default Maximum). Those results could be evidence 

that the minimum gap time alone does not affect delay significantly; however, delay could be 
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more sensitive to combinations of minimum gap time and vehicular flow, since the availability 

of gaps could be the determining factor in a pedestrian’s decision to violate the signal indication. 

Further tests with different traffic demands are required. 

In general, for all parameters tested, the largest differences in the estimation of 

pedestrian delay were found in the scenarios with no opportunistic pedestrians, probably 

because those scenarios resulted in the largest delays since there was no violation. 

Therefore, the conclusion of this sensitivity analysis was that the Social Force 

model’s parameters did not have a significant impact on the estimation of delay in Vissim, so 

no calibration of those parameters was conducted in this research – the model remained with 

its default values. Sensitivity analysis considering different vehicular and pedestrian flows to 

better assess the impact of Social Force model’s parameters on delay estimation, however, is 

recommended. 

Although the sensitivity analysis on the hypothetical intersection showed that 

minimum gap time’s effects on delay were not very significant, it was decided to estimate it at 

the study areas and to replicate the gaps distributions in order to achieve a closer representation 

of reality. 

 

5.2.3 Strategy for modeling opportunists 

 

As discussed on Topic 4, the objective of this step was to develop a strategy for 

representing opportunistic pedestrians using microsimulation, based on the replication of 

vehicle arrivals and on the estimation of the critical gap. The results obtained regarding those 

two components are discussed below. 

 

5.2.3.1 Vehicle arrival patterns 

 

The vehicle arrival patterns were analyzed per lane type – either bus-exclusive or 

mixed-traffic – and per flow direction – either westbound (WB) or eastbound (EB). The gaps 

between vehicles were measured using drone-recorded images from the same date and time 

period previously mentioned.  

In order to satisfactorily match the simulated and observed arrivals, some 

modifications were tested, including the insertion of fictitious elements such as signal heads 

and reduced speed areas, and the adjustment of parameters, such as car-following parameters 

(ax, bx_add and bx_mult) and desired speed distribution. Those adjustments might have resulted 
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in scenarios that do not fully represent the study areas in relation to motorized modes; however, 

in line with this research’s objectives, we were only interested in replicating gap distributions 

available for pedestrians. 

Initially, five replications with simulation resolution of 0,1 s/time step were run on 

the initial network built in Vissim so vehicle arrivals could be compared. Other 5 replications 

were run for each adjustment made. The results and best scenarios achieved are discussed 

below. 

 

Westbound lanes 

Figure 23 shows the gap distribution for the two WB mixed-traffic lanes, along with 

the exponential distribution model. At the mixed-traffic lanes, the sample of 1872 gaps 

measured ranged from 0 to 8 seconds, with an average of 1,2s ± 1s, indicating that gaps on 

those lanes were very short. As seen in Figure 23, approximately 80% of gaps were shorter than 

2 seconds, a fact that can explain the low violation rate observed at Crossing 2 (10%). A reason 

for this is probably the high frequency of stopping vehicles picking up and dropping off people 

on the proximities of the shopping mall, causing long lines (Figure 24). 

Visually, the observed distribution does not stray very far from the expected 

exponential distribution, however a χ2 goodness-of-fit test, using a 5% significance level, 

rejected the null hypothesis that the observed sample came from an exponential distribution (p-

value ≈ 0). The presence of a traffic signal upstream explains why vehicles did not arrive 

randomly.  
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Figure 23 – Observed and expected (exponential) gap distributions for westbound 

mixed-traffic. 

 
Source: made by the author (2019). 

 

Figure 24 - Vehicles that stop for pick-up/drop-off cause teh formation of lines on 

traffic. 

 
Source: made by the author (2019). 

 

The five replications in Vissim resulted in a sample of 9998 gap observations 

ranging between 0 and 24 seconds, with an average of 1,7s ± 2,5s. The comparison between 

observed and simulated (default scenario) distributions are shown in Figure 25. Visually, both 

distributions seem alike, with most gaps shorter than 2 seconds, although 2% of the simulated 

were longer than 9 seconds whereas no gap larger than this was observed in the field, as 

aforementioned. 
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Figure 25 - Simulated and Observed gap distributions on westbound mixed lanes. 

 
Source: made by the author (2019). 

 

A χ2 goodness-of-fit test, using a 5% significance level, showed that there was 

enough evidence to reject the null hypothesis that the observed sample came from the simulated 

distribution, with a p-value = 6,7x10-21. However, those statistical results could have been 

affected by the sample sizes; because of how the χ2 value is calculated, it is sensitive to sample 

size – when the sample size is very large, almost any small difference will yield statistically 

significant. 

Therefore, it was considered that the default scenario, in which no adjustments were 

made to car-following parameters and to the desired speed distributions, presented an adequate 

enough representation of the gap distribution on the WB mixed lanes. It is believed that the 

effects of the stopping cars on the distribution of gaps were compensated by other parameters, 

such as the desired speed distributions, as simulated vehicles probably have desired speeds 

larger than observed vehicles, causing them to move faster and closer to each other, accounting 

for the high frequency of short gaps. 

 Figure 26 shows the distribution of gaps between buses on the westbound exclusive 

bus lane (BRT), and the expected exponential distribution. Sample size here was of only 14 

gaps, due to the low BRT flows – only 30 veh/h, according to Table 4; gaps ranged between 5 

and 81 seconds, with an average of 30,3s ± 22,9s. As seen in the Figure, half of the observed 

gaps were between 30 and 81 seconds long, due to the low bus frequency in the field. 

A χ2 goodness-of-fit test, using a 5% significance level, did not reject the null 

hypothesis that the observed sample came from an exponential distribution (p-value ≈ 0,12), 

however, the results were considered inconclusive because the sample obtained was too small.  
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Figure 26 - Observed and expected (exponential) gap distributions for westbound 

bus-exclusive lanes. 

 

 
Source: made by the author (2019). 

 

Because of that low bus frequency, and since collected bus volumes every 15 

minutes were already input in Vissim, the simulated and observed arrival of buses on the 

westbound exclusive bus lane were considered matched and no further enquiry was deemed 

necessary. Figure 27 shows a comparison between simulated and observed distributions. 

Simulated gaps – 111 in total – ranged from 3 to 90 seconds, with an average of 26,3s ± 23,1s.  

 

Figure 27 - Simulated and Observed gap distributions on westbound bus lane. 

 
Source: made by the author (2019). 
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Eastbound lanes 

Figure 28 depicts the gap distributions observed at the EB mixed-traffic lanes and 

the expected exponential distribution, as done before. A sample of 1304 gaps was obtained, 

with an average of 1,6s ± 1,7s; the shortest gap measured was 0 seconds long whilst the longer 

was 21 seconds long. As seen in Figure 28, around 74% of observed gaps were shorter than 2 

seconds, similar to the WB mixed lanes’ flow; only about 1% of gaps were longer than 10 

seconds.  

Once again, a visual inspection leads to the belief that the sampled distribution 

could have come from an exponential distribution, when in fact vehicular arrivals are probably 

conditioned by an upstream traffic light – periodically, longer gaps between consecutive 

vehicles were observed in the field. A χ2 goodness-of-fit test, using a 5% significance level, 

confirms the theory that arrivals do not follow an exponential distribution by rejecting the null 

hypothesis (p-value ≈ 2,8x10-23).  

  

Figure 28 - Observed and expected (exponential) gap distributions for eastbound 

mixed-traffic lanes. 

 
Source: made by the author (2019). 

 

The simulations of the default scenario resulted in a sample of 8.287 gap 

observations ranging between 0 and 24 seconds, with an average of 2,0s ± 2,4s, very close to 

the simulation results for WB mixed lanes. The comparison between observed and simulated 

distributions are shown in Figure 29. The χ2 test, using a 5% significance level, also rejected the 

null hypothesis (p-value ≈ 2,8x10-17).  
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Figure 29 - Simulated and observed gap distributions on eastbound mixed-traffic 

lanes, on default scenario. 

 
Source: made by the author (2019). 

 

Although, some similarities are observed, especially regarding the frequency of 

gaps shorter than 2s seconds – simulations resulted in a proportion of 72% of gaps between 0 

and 2 seconds –, some discrepancies regarding the representation of longer gaps were also 

identified. Gaps longer than 6 seconds on the field represented only about 5% of total gaps 

measured; on the simulation, however, 13% of the gaps were longer than 6 seconds. The more 

there are longer gaps available, more likely it is that an opportunistic pedestrian would become 

a violator, so it was decided that some adjustments were needed in order to better represent this 

distribution.  

A fictitious signal head around 65m upstream of Crossing 1, so vehicular arrivals 

resembled slightly arrivals in platoons, as observed in the field. A 160s cycle with 99s of green 

time and an offset of 2 seconds, compared to the existing signal lights, was set. In addition to 

this, the best scenario was achieved by altering some of the parameters: car-following 

parameters combination used was ax = 2,00m, bx_add = 2,00m and bx_mult = 4,00 (default 

bx_mult = 3,00); and desired speed distributions were changed to 30 [30-35] km/h for vehicles 

and 20 [20-25] km/h for heavy vehicles. The results obtained from this scenario are shown in 

Figure 30. 
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Figure 30 - Simulated and observed gap distributions on eastbound mixed-traffic 

lanes, on best scenario. 

 
Source: made by the author (2019). 

 

Even though the resulting distributions were closer, the null hypothesis that the 

observed distribution came from the simulated was rejected (p-value ≈ 3,6x10-4). However, the 

calculated χ2 (22,9) was not considered too distant from the critical (11,1). Besides, the premise 

regarding sample size in χ2 tests is once again noticed. Therefore, it was considered that the 

adjustments made provided a gap distribution similar enough to the gap distribution on the EB 

mixed-traffic lanes. 

As for EB exclusive bus lanes, Figure 31 shows the observed gap distributions and 

the expected exponential distribution. Here, the number of observations was of 122, ranging 

from 0 to 67 seconds, with an average of 9,5 ± 13,9s. As seen in Figure 31, approximately 75% 

of observed gaps between buses were shorter than 8 seconds; 44% between 0 and 4 seconds. 

Similar to previous analysis, a χ2 test with a 5% significance level was applied, resulting in the 

rejection of the null hypothesis that the sample could have come from an exponential 

distribution. This result was in line with what was expected: bus arrivals are not random, but 

rather depend on the frequency planned for each line and on the service time for example.  

The sample of gaps between buses  was larger because the frequency of buses on 

EB exclusive lane is higher than the one observed on WB exclusive lane (Table 4), because 

only one line (BRT) runs on WB in the selected stretch of Av. Bezerra de Menezes, whereas 

several different lines operate on the opposite direction lanes. However, despite the higher bus 

frequency, approximately 15% of collected gaps were longer than 8 seconds, up to a maximum 

of 67 seconds. 
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Figure 31 – Observed and expected (exponential) gap distribution for eastbound 

bus-exclusive lanes. 

 
Source: made by the author (2019). 

 

Figure 32 - Simulated and observed gap distributions on eastbound bus-exclusive 

lanes, on default scenario. shows the comparison between simulated and observed gap 

distributions on EB exclusive lanes, considering the default simulation scenario. The simulated 

sample was of 861 gaps, ranging from 0 to 93 seconds, with an average of 14,0 ± 16,6 seconds.  

 

Figure 32 - Simulated and observed gap distributions on eastbound bus-exclusive 

lanes, on default scenario. 

 
Source: made by the author (2019). 

 

Visually, the distributions are very different, especially for gaps between 4 and 8 

seconds, which represented around 30% of observed gaps and only around 12% of simulated 

gaps, and for gaps longer than 8 seconds, which represented around 15% of observed gaps and 
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around 32% of simulated gaps. In summary, simulation was overestimating the frequency of 

longer gaps. The χ2 test with a 5% significance level that rejected the null hypothesis that the 

observed gaps came from the simulated distribution 

A probable cause for this significant difference between the observed and simulated 

distributions is the method chosen to model buses on the network: buses were represented in 

the same way common vehicles were, i.e. no PT lines were defined neither bus stops were 

modeled in Vissim because it would demand a significant amount of  extra calibration efforts.  

To overcome this issue, some adjustments to the network were made. The best 

scenario in this case was achieved by attributing an 80 [75-110] km/h desired speed distribution 

for buses on those lanes. Several scenarios with different combinations of car-following 

parameters were tested; however, because buses were arriving considerably apart from each 

other due to the volumes entered in Vissim, they rarely entered in a state of following, so those 

parameters had no impact on gap distribution. Figure 33 - Simulated and observed gap 

distributions on eastbound bus-exclusive lanes, on best scenario. shows the comparison 

between simulated and observed gap distributions on the best scenario 

 

Figure 33 - Simulated and observed gap distributions on eastbound bus-exclusive 

lanes, on best scenario. 

 
Source: made by the author (2019). 

 

In general, the same issues faced with the default scenario were still present – χ2 

test with a 5% significance level still rejected the null hypothesis that the sample came from the 

simulated distribution –, reinforcing the theory that a correct modeling of PT lines and bus stops 

could achieve better results. Nevertheless, it was decided to follow through with this simulation 

scenario. 
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5.2.3.2 Critical gap estimation 

 

As mentioned on Topic 4, three methods for estimating pedestrian critical gaps were 

applied and assessed, for each pedestrian type in each crossing: the HCM’s (TRB, 2010), 

Chandra’s (CHANDRA et al., 2014) and Raff’s (RAFF; HART, 1950).  

 

The HCM’s method 

The first method applied was the one proposed by the HCM2010. As discussed on 

Topic 3, according to Equation 4, this method depends on the crosswalk length (L), the average 

walking speed (Sp), and the pedestrian start up and end clearance time (ts). Apart from ts, which 

was considered as the default value of 3s suggested by the Manual, the other variables were 

obtained on the field for each pedestrian type. Table 6 summarizes the variables found and 

Figure 34 shows the critical gaps estimated. 

 

Table 6 - Variables collected for the HCM's method. 

Crossing Pedestrian Type L (m) Sp (m/s) 

1 

Man 

12,4 

1,4 

Woman 1,3 

Young 1,3 

Senior 1,0 

2 

Man 

9,5 

1,5 

Woman 1,3 

Young 1,6 

Senior 1,1 

3 

Man 

12,4 

1,5 

Woman 1,6 

Young 1,7 

Senior 1,2 

4 

Man 

12,4 

1,5 

Woman 1,5 

Young 1,6 

Senior 1,2 

Source: made by the author (2019). 
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Figure 34 - Critical gaps per pedestrian type obtained using the HCM's method. 

 
Source: made by the author (2019). 

 

In general, the results were within the expected: senior pedestrians had longer 

critical gaps than the younger ones; and men’s critical gaps were shorter than women’s, 

although the differences observed were not as prominent. Those differences are explained 

mainly by the walking speeds (Table 6). Across pedestrian types, Crossing 1 presented longest 

estimated critical gaps, indicating that pedestrians at that crossing take longer to cross, as shown 

in Table 6. 

 

Chandra’s method 

As discussed on Topic 3, Chandra’s method uses the cumulative distribution of 

accepted gaps and the complimentary of the cumulative distribution of crossing times to 

estimate the critical gap. Both variables were manually measured using the surveillance videos 

from September 5th, 2017.  

. It was not uncommon, since there were multiple lanes to cross, that pedestrians 

would evaluate gaps lane by lane, i.e. pedestrians would be evaluating rolling gaps to cross. 

Despite that, the rolling gap-seeking behavior was not considered and, for data collection, it 

was considered that opportunistic pedestrians were assessing all lanes in search for acceptable 

gaps. Figure 35 shows the mean gaps accepted per pedestrian type per crossing. 
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Figure 35 – Mean accepted gaps per pedestrian type per crossing. 

 
Source: made by the author (2019). 

 

Some important observations regarding Figure 35 must be made. First, the mean 

accepted gaps marked in red indicate that there were too few observations. At Crossing 2 there 

were only three young violators and three senior violators; at Crossing 3, only four senior 

violators were observed; as for youngsters, only one during the time period analyzed violated 

the signal indication, accepting a gap 50 seconds long, so it was not included on the Figure. 

Generally, gaps accepted at Crossing 1 were longer than the ones accepted at 

Crossing 2, in direct relation to the differences between violation rates (59% at Crossing 1 and 

10% at Crossing 2). This probably happened because of the more intense vehicular flow 

observed at Crossing 2.  

On the other study area, Crossing 4 had a mean accepted gap longer than Crossing 

3, even though vehicular flow is the same for both crossings. The reason for this, as previously 

mentioned, might lie on the fact that pedestrians at Crossing 4 start  crossing the exclusive bus 

lanes, where traffic flow is lower.  

When comparing men and women, on average, women usually accepted gaps 

longer than the ones accepted by man – except for Crossing 4, at which the mean accepted gap 

for men and women was practically the same. 

Due to the issues with sample sizes, for the estimation of the critical gaps per 

pedestrian type using Chandra’s method, the pedestrian samples of Crossings 1 and 2 were 

joined; the same was done for pedestrians at Crossings 3 and 4. Next, the crossing times were 

collected per pedestrian type per crossing and it allowed for the estimation of the critical gap 

times of each pedestrian type showed in Figure 36 and Figure 37. 
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Figure 36 - Critical gaps estimated using Chandra's method for Crossings 1 and 2. 

 
Source: made by the author (2019). 

 

Figure 37 - Critical gaps estimated using Chandra's method for Crossings 3 and 4. 

 
Source: made by the author (2019). 
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For both study areas, the shortest critical gaps were for male and younger 

pedestrians, as expected. The differences between men and women were not large.  

A comparison with Figure 34 shows that the critical gaps estimated by Chandra’s 

method were shorter than the ones obtained with the HCM’s. This makes sense because HCM’s 

is more conservative and does not consider the distribution of gaps accepted by pedestrians and 

variations on crossing times of different pedestrians, using only the mean walking speed. 

Joining samples due to the scarcity of data is a limiting factor to the application of 

Chandra’s method in this research because, by doing it, information on the differences among 

crossings are lost. Further data collections on other typical days for Crossings 2 and 3 would be 

ideal. 

 

Raff’s method 

Raff’s method’s application was discussed on Topic 3. This method’s estimation is 

based on the distributions of accepted and rejected gaps. The rejected gaps were manually 

measured using the surveillance videos from September 5th, 2017. Rejected gaps were the ones 

recorded from the moment a pedestrian arrived at the waiting area until the moment he/she 

started crossing the street. Here, similar to what was discussed for the accepted gaps data 

collection, the fact that some pedestrians accepted rolling gaps made it difficult to identify 

precisely which gap was accepted and which were rejected immediately prior to the moment 

the crossing starts. Figure 38 shows the mean rejected gaps collected. 

 

Figure 38 - Mean rejected gaps per pedestrian type per crossing. 

 
Source: made by the author (2019). 
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As seen in Figure 38, pedestrians in general tended to reject very short gaps of less 

than 2 seconds, with very little differences across pedestrian types, which indicates presence of 

platoons. For Crossings 3 and 4, specifically, right after the signal turns red for through traffic 

at Av. Bezerra de Menezes, there are 2 seconds of all red before it turns green for vehicles 

arriving from Rua Olavo Bilac. This time is enough to generate longer gaps between vehicles.  

It is worth mentioning again that only one young violator was observed at Crossing 

3, so the mean rejected gap of 2,4s (marked in red in Figure 38) is a result of the gaps rejected 

by only one pedestrian and is not statistically significant. 

Once both accepted and rejected gaps cumulative distributions were obtained, the 

critical gaps per pedestrian type per crossing seen in Figures Figure 39 and Figure 40 were 

estimated using Raff’s method. Once again, due the limited number of observations on accepted 

gaps at Crossings 2 and 3, those samples were joined with the ones of Crossings 1 and 4, 

respectively, in order to estimate the critical gap. 

 

Figure 39 - Critical gaps estimated using Raff's method for Crossings 1 and 2. 

 
Source: made by the author (2019). 
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Figure 40 - Critical gaps estimated using Raff's method for Crossings 3 and 4. 

 
Source: made by the author (2019). 

 

As seen in Figure 39, with the exception of young pedestrians, similar critical gaps 

of 3,8s were estimated for the four pedestrian types at Crossings 1 and 2; for young pedestrians, 

the estimated critical gap was of 3,5s, not very different from the other types. The same issue 

was observed for Crossings 3 and 4: man, woman and senior pedestrians had critical gaps of 

2,8s, 3,0 and 2,8 seconds, respectively, not indicating any substantial differences among types; 

young pedestrians presented the longest critical gap (6,0s) – longer than the one estimated for 

senior pedestrians, an unexpected result. This could be related to the number of observations 

on young pedestrians at those crossings – even the joined sample contained only 15 young 

pedestrians.  

When comparing those results with the ones obtained from the other two methods, 

Raff’s returned the shortest critical gaps. As aforementioned, pedestrians on all four crossings 

rejected very short gaps that are likely associated with platooning; the effect of this is that the 

distribution of rejected gaps is much more concentrated to the left, causing the critical gaps 

estimated using Raff’s method to be much shorter than those obtained from the other two 

methods.  

An initial hypothesis is that, as this was a method thought for motorized vehicles, 

the short critical gaps found for pedestrians may not be suited for this mode. More conclusions 

on this will be drawn later, when Calibration will be discussed. 
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It is highlighted once again that sample sizes were limiting to this estimation of 

critical gaps as it did not allow us to adequately compare crossings. Further data collections on 

typical days at Crossings 2 and 3 could result in estimations closer to reality. 

  

5.2.4 Definition of the calibration method 

 

The last step of the Pre-Calibration Stage is the definition of the calibration method 

that will be adopted, based on the analysis previously done. As the sensitivity analysis results 

showed that the Social Force model’s parameters had no significant impact on the estimation 

of delay, those parameters were kept in default.  

As previously discussed, for the method proposed in this research, all pedestrians 

were modeled in Vissim as opportunists. The model calibration rested then upon the estimation 

of the priority rules’ minimum gap time parameter.  

Therefore, the calibration method adopted comprised the estimation of a fourth 

critical gap using microsimulation with all pedestrians being opportunistic, in addition to the 

ones obtained using the HCM’s, Chandra’s and Raff’s methods, and a comparison between the 

four methods’ results.  

For the estimation of minimum gap time using microsimulation, 5 replications with 

a resolution of 0,1 s/step time were run for each scenario; the target was the delay observed per 

pedestrian type, based on the calculation of MAPE. Thirty replications with simulation 

resolutions of 0,1 s/step time were then run considering each of the methods for critical gap 

estimation; to determine which values should be used as minimum gap time parameters, the 

results were compared based on the MAPE of average pedestrian delay every 15 minutes. 

 

5.3 Calibration and Validation Stage 

 

The last stage of this research consists of four steps: Data collection for calibration 

and validation; Calibration; Validation; and a second Sensitivity analysis. This stage 

consolidates the proposition of a method for modeling pedestrian delay at signalized crossings, 

as stated on objective number three. 

 

5.3.1 Data collection for calibration and validation 

 

As mentioned on Topic 4, the data collection in this step refers to the obtention of 
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the data necessary to calibrate and validate the parameters of the model using the surveillance 

and drone images recorded on 5th and 14th of September 2017, respectively. Some of the data 

mentioned on Topic 4 as part of this step was already explored, i.e. crossing times and accepted 

and rejected gaps. The delay collected for the calibration sample is discussed below; the data 

related to the 14th were used as validation sample and will be shown when validation is 

discussed.  

Pedestrian delays at the four crossings were manually obtained from the videos of 

September 5th 2017 from 10:30am to 12pm in intervals of 15 minutes. Using chronometers 

delay was measured from the moment the pedestrian arrived at the area to the moment he/she 

began crossing, for both violators and non-violators. The delays observed, per time interval, are 

shown in Figure 41. 

 

Figure 41 - Average delay per 15-minute interval. 

 

Source: made by the author (2019). 

 

It can be seen that delay varied considerably from one interval to the other, 

indicating that it should be analyzed per interval rather than considering the average of the 

whole time period. The longest delays, of almost 50 seconds, were recorded at Crossing 3 on 

intervals 4 and 5; the shortest, of around 9s, was recorded on the last interval at Crossing 4.  

In general, pedestrians on Crossing 4 presented the shortest average delays, what 
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can be explained by the high violation rate observed there (47%), although the shortest delays 

were expected to happen at Crossing 1, in which the violation rate observed was of 59%. The 

explanation for this might rest on the effects of the aforementioned all-red at Crossings 3 and 4 

– pedestrians there might have more opportunities to cross the street and the violation rate was 

then conditioned by pedestrian arrival. Another possible explanation could be the occurrence 

of rolling gap-seeking pedestrians, as previously discussed, i.e. pedestrians accept shorter gaps 

because they are assessing the gaps on lanes as they cross. 

Pedestrians who arrive during the don’t walk and flashing don’t walk are more 

sensible to the negative effects of long delays, since pedestrians who arrive during the walk 

indication do not wait before starting to cross. The collected delays per interval for those 

pedestrians is shown in Figure 42 - Average delay per 15-minute interval, for pedestrians who 

arrived on red. Figure 42.  

 

Figure 42 - Average delay per 15-minute interval, for pedestrians who arrived on 

red.  

 
Source: made by the author (2019). 

 

By isolating the pedestrians who arrived on red, we see that the longest delays, on 

average, were observed at Crossing 2 across time intervals – the mean delay observed was of 

52 seconds. This is explained by the fact that this crossing presented the lowest violation rate  

(10%).  Crossing 4 remained scoring the shortest delays across time intervals, for the same 

reasons previously discussed; the shortest happened on the last interval – only 10,4s.  
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5.3.2 Calibration 

 

As part of the Calibration method, critical gap was estimated using Vissim. To 

achieve this, the minimum gap times set on each priority rule created – one for each pedestrian 

type in each crossing, sixteen in total – were varied and the results on the estimation of average 

delay per pedestrian type were evaluated based on the MAPE. Several scenarios were tested 

with increments of 0,25s on minimum gap times. Table 7 shows the resulting minimum gap 

times of the best scenario.  

 

Table 7 - Minimum gap times calibrated using Vissim. 

Pedestrian Type Crossing 1 Crossing 2 Crossing 3 Crossing 4 

Man 10,4s 19,9s 8,6s 7,2s 

Woman 13,3s 20,9s 16,5s 6,7s 

Young 12,8s 22,2s 13,3s 8,6s 

Senior 15,1s 19,5s 10,5s 8,2s 

Source: made by the author (2019). 

 

As seen in Table 7, for Crossing 2, the calibrated minimum gap times were the 

longest yet, with a maximum of 22,2s for young pedestrians, being practically double the ones 

estimated using the HCM’s method. By considering that 100% of the pedestrians at all areas 

were opportunists in simulations, the chances that a violation occurs are risen as the model is 

not considering the possibility that a pedestrian is indeed not a gap-seeker and will await for 

the walk indication; in order to compensate for that, longer critical gaps were needed so that 

simulated delays per pedestrian could match the observed. On the other hand, the results 

obtained for Crossing 1 were found to be close to the ones obtained using the HCM’s method.  

Crossing 4 presented the shortest calibrated minimum gap times, probably due to 

the effects of pedestrians accepting rolling gaps on the field; pedestrians there accepted shorter 

gaps – because they were actually assessing lanes one at a time –, reducing their delay.  

As for Crossing 3, the critical gaps for young and senior pedestrian are the ones 

estimated by the HCM’s model, because there were not enough observations on those two 

pedestrian types at that crossing to obtain a trustworthy result from the calibration method. 

Figure 43 shows the delays per pedestrian type observed and simulated using the 

calibrated minimum gap times, along with the MAPE obtained. Due to the limitations on the 

sampling of young and senior pedestrians at Crossing 3, MAPE was computed considering the 

results for man and woman only.  
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Figure 43 - Average dealys per pedestrian type, obtained using the calibrated 

minimum gap time. 

 
Source: made by the author (2019). 

 

For each pedestrian type in each crossing, hypothesis tests with a 95% confidence 

level were applied to evaluate the differences between simulated and observed average delays. 

The null hypothesis was that average simulated delays were equal to the average observed ones, 

i.e. that the difference between the population means of those two samples was zero. The tests 

were not applied to the results on young and senior pedestrians at Crossing 3 for reasons 

previously stated. 

None of the tests – except for woman at Crossing 2 (p-value=0,09) – gave enough 

evidence to the rejection of the null hypothesis, so it was considered that those delays were 

representative of reality. For woman at Crossing 2, Figure 43 shows that the difference 

identified was of about 15% of the observed mean delay, the equivalent to approximately 8s, a 

considerable difference. 

In general, as seen in Figure 43, the worst results were obtained for Crossing 2, 

where a MAPE=9% was computed. This could be indeed an indication that considering 100% 

of opportunistic pedestrians at that crossing might not be the most adequate decision; it is 

possible that, for example, since Area 2 is located on the sidewalk of a shopping mall, there are 
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frequent costumers or employees that are used to the intense traffic and will not even consider 

violating.  

Next, the critical gaps estimated using the HCM’s, Chandra’s, Raff’s and the 

microsimulation methods were set as the minimum gap times for each priority rule created. 

Thirty replications, with a simulation resolution of 0,1, were run and the results regarding the 

delays estimated every 15 minutes are exposed in Figure 44.  

 

Figure 44 – Methods’ results comparison. 

 
Source: made by the author (2019). 

 

For Crossing 1, the HCM’s and the calibrated scenarios produced the estimations 

of delay closer to reality, with a MAPE = 18%; the reason why those two methods resulted in 

similar outcomes is that their estimated critical gaps were also close. Those methods were also 

the ones who better represented delays every 15 minutes on Crossing 2, achieving MAPEs of 

13% with the HCM’s minimum gap times and 7% with the calibrated ones.  

For Crossings 3 and 4, however, none of the methods produced delays that matched 

accurately field observations due to the existence of peaks on intervals 4 and 5. During interval 

4, the lowest number of violations occurred (only 1 violation observed at Crossing 3 and 30 at 

Crossing 4), although no substantial change on pedestrian flow was noticed, so the total average 
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delay increased; during interval 5, the highest hourly vehicular flows of both through (1464 

veh/h) and right-turning (644 veh/h) were identified, so opportunists were waiting more before 

crossing. 

Besides the delay peaks identified, both HCM and calibrated scenarios yielded a 

MAPE = 22% for Crossing 3. For Crossing 4 the HCM scenario had a MAPE of 102%, failing 

almost completely in matching the delays observed; the calibrated scenario yielded a very high 

MAPE of 72%. For this Crossing, the best scenario was the one achieved by the critical gaps 

estimated using Raff’s method (MAPE = 50%). As previously discussed, the context of 

Crossing 4 (e.g. proximity of Area 6 from the bus lanes, where traffic flow is lower; pedestrians 

accepting rolling gaps) makes pedestrians accept shorter gaps and thus wait less, therefore, 

since the short critical gaps estimated by Raff’s method resulted in shorter delays. 

Although Raff’s method was the most successful one when applied to Crossing 4, 

in general it was the one who yielded the worst results at the other crossings. The HCM’s and 

calibrated scenarios were considered to be the best ones, despite of the results observed for 

Crossing 4, so a second round of comparisons between those two methods was conducted 

considering only the delays of pedestrians who arrived on red. Figure 45 shows the results.  

 

Figure 45 – Comparison between HCM’s and calibrated scenarios, considering only 

pedestrians who arrived on red. 

 

Source: made by the author (2019). 
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As seen in Figure 45, when considering only those pedestrians who arrived on red, 

the HCM’s and the calibrated minimum gap times represented delays relatively well at Crossing 

1, with equal MAPEs of 19%. At Crossing 2, the calibrated scenario was the best one, with a 

MAPE = 10%.  

The same issues with the occurrence of delay peaks at Crossings 3 and 4 during 

intervals 4 and 5 were repeated here. At Crossing 3, once again both methods yielded a regular 

and similar MAPE = 22%. At Crossing 4, where peaks were more accentuated, HCM’s critical 

gaps yielded a MAPE of 80% whereas the calibrated scenario resulted in a MAPE of 54%. If 

the delay peaks were not considered, the MAPEs calculated would be of 3% for both methods 

at Crossing 3; and of 15% and 14% at Crossing 4 for the HCM’s and the calibrated scenarios, 

respectively. 

In conclusion, it was considered that the use of the minimum gap times estimated 

using microsimulation resulted on the best representation of the delays observed per 15-minute 

interval. HCM’s method, however, could be used depending on the level of precision the analyst 

seeks. One advantage of the method proposed by the HCM for estimating pedestrian critical 

gaps is that it is simpler and less time-demanding; on the other hand, by using microsimulation 

to estimate the minimum gap time parameter achieves results closer to reality. 

For future work, further studies on a combination of this calibration of the minimum 

gap time method with a method for estimating the proportion of opportunistic pedestrians at a 

crossing are expected to yield better estimations of pedestrian delay at signalized crossings – as 

long as the issue of estimating this proportion on hypothetical scenarios is properly addressed. 

 

5.3.3 Validation 

 

Once the calibration was performed, the main goal of this step was to validate it, by 

using a second data set to assess how well it could be replicated. For that purpose, the necessary 

data were collected on September 14th 2017, between 10:30am and 12pm, via images recorded 

by surveillance equipment and using a drone, as well as field observations made by 22 

researchers on the same date and time period. The same procedures discussed for the data 

collection that occurred on September 5th 2017 were applied and the same sets of data were 

obtained. 

For the recorded images on that day, however, due to a bad positioning of 

surveillance cameras, it was not possible to adequately measure pedestrian delay at Crossing 1 

because the waiting area (Area 1) was not fully visible – the time pedestrians arrived there was 



87 

 

unclear. Therefore, for validation, Crossing 1 was not considered. Table 8Table 8 – Operational 

characteristics of the crossings on September 14th data set. shows a summary of the operational 

conditions met on September 14th. 

 

Table 8 – Operational characteristics of the crossings on September 14th data set. 

Crossing 
Pedestrian 

flow (ped/h) 

Violation 

rate (%) 

Vehicular flow 

(veh/h) 
Bus flow (veh/h) 

2 552 3 1303 20 

3 92 38 1342 (through) 

252 (right-turning) 

154 (through) 

8 (right-turning) 4 308 67 

Source: made by the author (2019). 

 

Thirty replications with a simulation resolution of 0,1 were run and the results for 

the delay estimated every 15 minutes are plotted in Figure 46, along with the observed delays.  

 

Figure 46 - Validation results. 

 
Source: made by the author (2019). 

 

As seen in Figure 46, the application of the calibrated model to the validation data 

set yielded positive results on the estimation of delay every 15 minutes at Crossing 2 (MAPE 

of 14%). At Crossing 3, once again, delay peaks were observed during intervals 2 and 4, in 
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which average delays of approximately 50s were measured, and the delay estimated produced 

a MAPE = 28%. During interval 2, the highest vehicular flows were observed (1464 veh/h) and 

no violator was registered, resulting in long delays; during interval 4, the vehicular flow was 

also intense (1152 veh/h) and only 4 pedestrians violated the signal indication.  

As for Crossing 4, the MAPE was 38%. At this crossing, the simulation results 

overestimated observed delays, especially for intervals 2 and 5. 

Based on the analysis conducted to this point, it seems that the method proposed 

for the estimation of pedestrian delay is better suited for areas in which the variation of delay 

in 15-minute intervals is not very large. The delays estimated during analysis failed to 

adequately represent the delay peaks observed at some of the study crossings, but still provided 

a good representation of pedestrian behaviors. 

 

5.3.4 Sensitivity Analysis II 

 

As previously discussed, it was concluded during the first sensitivity analysis that 

the Social Force model’s parameters had no significant impact on the estimation of pedestrian 

delay at signalized crossings. However, the parameter Tau stood out and appeared to affect 

delay estimations, although very little. So, for this second sensitivity analysis, the possible 

effects of Tau on the estimation of pedestrian delay at signalized crossings were assessed using 

the calibrated network built in this research.  In order to do so, 30 replications with a resolution 

of 0,1s/step were run. This time, only two levels of Tau were compared: tau = 0,4s (default) and 

tau = 0,8 (double the default value), because the comparison between those two levels was the 

one which yielded differences in delay furthest from zero. The results obtained are shown in 

Figure 47 in the form of confidence intervals, at a 95% confidence level, on differences on the 

estimation of the delay considering the two parameter levels. 
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Figure 47 - Differences on average delay estimation using default and double the 

default values of tau, per crossing. 

 
Source: made by the author (2019). 

 

The biggest differences were found on the estimations made for Crossing 2 (2,32 ± 

0,16s) whereas the smallest difference (1,26 ± 0,31s) was identified on Crossing 3. Although 

none of the confidence intervals included zero and, consequently, we reject the null hypothesis 

that those differences are equal to zero for the analysis population, the differences found were 

still very small – around 2 seconds.  

Therefore, the same conclusions as the ones drawn from the first sensitivity analysis 

performed were achieved: that the impact of Tau on the estimation of pedestrian delay at 

signalized crossings were practically not significant. Thus, the calibration of this parameter is 

not recommended if the objective is to represent pedestrian delay. 

Further sensitivity analyses considering the impacts of Social Force model’s 

parameters on other important MOEs, such as walking speed or pedestrian density during 

crossings, are suggested. 
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6 CONCLUSIONS AND RECOMMENDATIONS 

 

Although there has been a boost on published studies on pedestrian movements, 

there is still a scarcity of studies that provide a method for the microscopic simulation of 

pedestrian delay at signalized crossings. The research developed was guided by three questions: 

how to represent opportunistic pedestrians at signalized crossings using microsimulation? How 

to estimate pedestrian critical gap? And which of the Social Force model’s parameters affect 

significantly pedestrian delay? 

The main goal of this M.S. thesis was the proposition of a method for the 

microscopic modeling of pedestrian delay at signalized crossings using Vissim. To achieve it, 

four specific objectives were drawn. The first one was the selection of the parameters and 

functionalities that affect delay. The second specific objective was to propose a method for 

estimating pedestrian critical gap; once it was achieved, the third one was a proposition of a 

method for modeling opportunistic pedestrians. The last specific objective, then, was to propose 

a method for modeling pedestrian delay.  

The literature review showed that the Social Force model, originally proposed by 

Helbing and Molnar (1995), and implemented in Vissim, provides a representation of pedestrian 

behavior closer to reality. To represent opportunistic pedestrians i.e. pedestrians who seek gaps 

to cross the street during don’t walk, the priority rules model was selected and its main 

parameter for this study is the minimum gap time. 

Therefore, for the Social Force model’s parameters and the minimum gap time, a 

sensitivity analysis using a hypothetical network in Vissim was performed in order to achieve 

the first specific objective. The results led to the conclusion that none of the Social Force 

parameters had a significant impact on the estimation of pedestrian delay – although for Tau 

differences of up to 1,5s were identified, it was considered very low. Unexpectedly, minimum 

gap time’s influence on delay was also not large when using a hypothetical network, even when 

considering a scenario in which all pedestrians were gap-seeking; those results were, however, 

considered to be an effect of the range tested (3, 4,5 and 6 seconds of minimum gap time were 

tested.  

Two study areas located at an important multimodal street in Fortaleza were 

selected. In total, four different signalized crossings with different operational characteristics 

were analyzed: two located at mid-block, and two located at an intersection. One of the most 

important differences observed among the crossings analyzed was the violation rate. At 

Crossing 1, 59% of the pedestrians were violators whereas at Crossing 2 it was only 10%; at 
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Crossings 3 and 4, 37% and 47% of pedestrians violated the signal indication, respectively.  

Once the study areas were selected, characterized and coded into Vissim, a strategy 

for modeling opportunistic pedestrians, the fourth specific objective, was needed for a closer 

representation of reality. As it is not always possible to know whether a pedestrian is gap-

seeking, and in order to achieve a more replicable model that does not require the estimation of 

the proportion of opportunists in a network, it was decided to consider that all pedestrians at the 

four study crossings were opportunistic. Calibrating the proportion of opportunistic pedestrians 

should be avoided because this variable may vary significantly in hypothetical simulation 

scenarios.  

By treating all pedestrians as potential violators, delay estimations become more 

sensible to the effects of critical gap, so the estimation of this parameter is essential. However, 

for this vehicle arrival patterns should be satisfactorily replicated. This was achieved by making 

some adjustments to car-following parameters and desired speed, and by adding a fictitious 

signal head upstream of the eastbound traffic so the simulated and observed distribution of gaps 

between vehicles could be matched.  

Three methods for estimating pedestrian critical gap were applied: the HCM’s, 

Chandra’s and Raff’s. A fourth method was proposed for estimating critical gap using 

microsimulation, achieving objective number three. The targets of the proposed method were 

the average delays per pedestrian type – man, woman, youngsters and seniors.  

During calibration, a comparison of the four critical gap estimation methods in 

terms of the estimation of pedestrian delay every 15 minutes revealed that the critical gaps 

calibrated using microsimulation produced results closer to reality, although it seemed to be 

more efficient for the mid-block crossings – delay peaks observed at the other two made them 

harder to model.  

The HCM’s method resulted in estimated delays close to the ones estimated when 

using the calibrated critical gaps, except for Crossing 4 due to the delay peaks observed. Raff’s 

method yielded the worst results among the compared estimations, because the estimated 

critical gaps were too short. This happened because this method is sensitive to the distribution 

of rejected gaps, and there were too many short gaps being rejected by pedestrians. At Crossing 

4, however, the smallest MAPE was achieved when using Raff’s method, because delays there, 

in general, were short and the method resulted in the shortest critical gap estimations. Critical 

gaps obtained using Chandra’s method yielded intermediary results that did not represent any 

of the crossings adequately. 

Objective number four was, then, considered achieved. The method proposed for 
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modeling opportunistic pedestrians at signalized crossings consisted, in summary, of: assuming 

100% of opportunistic pedestrians; replicating vehicular arrivals; and estimating pedestrian 

critical gap using microsimulation.   

Next, the calibrated model was applied to a different data set obtained on a different 

day to assess how good delay would be estimated. However, it was not possible to apply it for 

Crossing 1 due to poor visibility of the waiting area on the surveillance images. Satisfactorily 

results were obtained for Crossing 2, but for Crossings 3 and 4, delay peaks were once again 

observed in some of the intervals, making it difficult to estimate delay at those Crossings. 

6.1 Recommendations for future work 

 

An important issue on the replicability of this method is that it evaluated   signalized 

crossings located in a complex, multimodal context. Among the video-surveyed cameras, 

simpler pedestrian crossings were preselected, however not many of them met the criteria 

established. Most of those which did, had complex configurations and/or were inserted in 

multimodal context or the demand levels were not adequate to observe gap acceptance process. 

Therefore, first it is recommended that the proposed method be applied on other signalized 

crossings located at multimodal streets, so its replicability for crossings in similar contexts can 

be assessed. Second, the application of this method for simpler, common signalized crossings 

should also be assessed. 

The sensitivity of the method’s estimation of delay to variations in demand, e.g. 

pedestrian and vehicular flows, and in offer, e.g. signal programming, are also recommended, 

as it would be important in evaluating its efficiency. 

Besides, the proposed method was aimed at the modeling of pedestrian delay at 

signalized crossings; other important pedestrian MOEs, such as walking speeds and density at 

the waiting area or during crossing, were not considered. Thus, the proposition of methods for 

the estimation of those other measures is another recommendation for future work.  

The sensitivity analysis led to the conclusion that the Social Force model’s 

parameters had no significant impact on the estimation of delay. It would be interesting to 

perform sensitivity analyses to assess the effects of Social Force parameters on the estimation 

of those other MOE as well. Another recommendation is to propose more solid ranges for the 

parameters being assessed. 

Regarding the modeling of opportunistic pedestrians, this research considered that 

all pedestrians were gap-seeking during simulations because that variable is expected to be very 
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sensitive to the hypothetical conditions on which the model would be applied. Therefore, it is 

suggested that an efficient method for estimating the proportion of opportunists for hypothetical 

scenarios be developed. 

Finally, this M.S. thesis used Vissim to simulate pedestrian behavior. It is 

recommended that the results here obtained are compared with those obtained using other 

microsimulation tools. 
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