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1 Introduction

The focus of this paper is the modeling of speed-density relationship for pedestrian move-

ments using the potential of detailed tracking observations (Alahi et al., 2014). This

relationship is in the literature usually specified under the assumption that the traffic

system is at equilibrium, that is stationary and homogenous (Jabari et al., 2014). The

empirical analysis we have performed rules out the use of a unique equilibrium relation-

ship, due to a high scatter in the data. We attribute the observed scatter to the violation

of the homogeneity assumption, and specify a multi-class model of the speed-density rela-

tionship. We propose the integrated approach and more data-driven sequential approach

to the specification of the model, and evaluate their performance using real data.

2 Modeling framework

Let (vi, ki, Xi) be a triplet representing the speed vi, the density ki and the vector of

observable characteristics Xi (e.g. age, trip purpose, etc.) associated with individual i. We

assume that the population is partitioned into J classes of pedestrians. In this framework,

the individual speeds are random variables. The distribution of vi is characterized by its

probability density function conditional on the density ki experienced by individual i, and

the class j

fj(vi|ki, j; θj(ki)), (1)

where θj(ki) are parameters. We refer to this distribution as a class-specific model (CSM).

To identify the classes of pedestrians we consider two different approaches, detailed below.

The first approach refers to the grouping of similar pedestrian trajectories using ma-

chine learning techniques (e.g. clustering). The similarity is determined using different
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measures, suitable in the context of pedestrian movements:

• feature-based similarity measures (e.g. based on trip purpose, traversed distance,

etc.),

• shape-based similarity measures (e.g. Lp distance, Dynamic Time Warping Distance,

EDIT Distance, Longest Common Subsequence, etc.).

We refer to this approach as the sequential approach, since it involves two stages: the

grouping stage and the model estimation stage. In the second stage a separate speed-

density model (1) is to be estimated for each discovered group.

In the second approach we assume that the heterogeneity may come from multiple fac-

tors, and that the class of each individual is unknown a priori. Based on this assumptions

we propose a class membership model (CMM) (Walker and Li, 2007). The CMM provides

the probability that a pedestrian i, characterized by her socio-economic characteristics Xi,

belongs to class j

Pr(j|Xi;βj), (2)

where βj are parameters. The specification of the CMM is based on a fitness function,

that is a continuous variable measuring how much individual i fits into class j

Ui,j = Vi,j + εi,j = CSCj + βjXi + εi,j , (3)

where CSCj and βj are unknown parameters to be estimated from data, and εi,j is a ran-

dom term. A specific distribution assumption for εi,j leads to a specific probability model.

The exact specification of Vi,j , and in particular the exact list of characteristics involved

in Xi, is application dependent. In this approach the segmentation of the population and

the movement behavior are modeled simultaneously by combining the CSM and the CMM

as follows

f(vi|ki, Xi; θj(ki), βj) =

J∑
j=1

fj(vi|ki, j; θj(ki))︸ ︷︷ ︸
CSM

Pr(j|Xi;βj)︸ ︷︷ ︸
CMM

. (4)

Therefore, we term it the integrated approach. For more details on the approach, we refer

to Nikolić et al. (2017).

3 Applying the framework

The performance of the approaches presented in Section 2 is evaluated based on the

data collected in the train station in Lausanne. The data set contains (i) individual

pedestrian trajectories collected using a large-scale network of smart sensors during five

days in February, 2013 (Alahi et al., 2014), (ii) infrastructure data, that is detailed plans

containing the locations and dimensions of all relevant parts of the monitored system, and
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(iii) the train timetable for the period under study. Based on available data we extract

traffic condition measurements, that is individual speed and density values, as well as the

characteristics of pedestrians, such as the pedestrian type (arriving, departing, transferring

and non-passenger), the traversed origin-destination (OD) distance, the period when a

pedestrian is observed (peak and off-peak), and the time to departure. Traffic condition

data are measured using Voronoi-based method (Nikolić et al., 2016).

We assume the existence of two classes, denoted as C1 and C2, in order to keep the

model parsimonious and to avoid potential over-fitting. We assume that the speed (1)

follows Rayleigh distribution in each class in both approaches. The choice of this distribu-

tion is motivated by its properties (continuous distribution that is defined on the positive

support) that are in accordance with the physical properties of the speed. The mean of

the class-specific distributions is modeled as linear speed-density relationship.

In the first stage of the sequential approach, pedestrian trajectories are clustered based

on the OD distance by using the k-means algorithm (Tan et al., 2005). The average OD

distances of the identified clusters are 58.536 and 22.408 meters in C1, respectively C2. We

thus term C1 the class of “pedestrians associated with longer OD distances” and C2 the

class of “pedestrians associated with shorter OD distances”. In the second stage a separate

speed-density model is estimated for each cluster, using maximum likelihood procedure.

Figure 1a shows that the estimated average movement behavior is not significantly different

across the classes: pedestrians associated with longer OD distances (C1) are characterized

by slightly lower walking speeds, compared to pedestrians with shorter OD distances (C2),

and the sensitivity to congestion is similar in both classes.

In the integrated approach we assume that the error term in (3) is i.i.d. type 1 Ex-

treme Value (EV1(0,1)) across classes and individuals. This assumption yields the binary

logit CMM. The explanatory variables constituting the deterministic parts of the fitness

function are the pedestrian type, the OD distance, the period and the time to departure.

Figure 1b shows that the C1 class pedestrians are characterized with a higher free-flow

walking speed and significantly lower sensitivity to congestion, compared to pedestrians

belonging to C2 class. We thus call C1 the class of “pedestrians less sensitive to conges-

tion” and C2 the class of “pedestrians more sensitive to congestion”. The results of the

integrated model also reveal what are the underlying factors leading to different movement

behavior. For instance, they suggest that departing and transferring passengers are more

likely to be in class C1, compared to arriving passengers. This is expected, given that

departing and transferring passengers are usually associated with higher time pressure

that drives their more “aggressive” behavior. Also, when the time to departure and the

OD distance increase, pedestrians are more likely to belong to C2 class. Note that other

integrated models with higher number of classes are estimated and compared using sta-

tistical tests. The results of this comparison show that the two-class model is superior for
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this case study, in terms of the fit and the behavioral interpretation of the results.

The distributions of the speed observations classified using sequential and integrated

approach are shown in Figure 2, respectively Figure 3. The distributions are shown for

different Level of Service (LoS) (Fruin, 1971). It can be observed that C1 and C2 are

characterized with similar speed distributions for all LoS in the sequential approach. In

the integrated approach, C1 is characterized by a distribution of speed values that is shifted

towards higher values, for all LoS, compared to the observations from C2 class.

We also calculate the statistics related to the cohesion and separation of the identified

classes, as defined in Tan et al. (2005). The cohesion shows how closely related are

observations in a cluster, while the separation measures how distinct a cluster is from

other clusters. Given that the integrated approach represents probabilistic model-based

clustering analysis, the statistics are computed using simulation. The cohesion is similar

in both approaches (around 0.242), while the separation favors the integrated approach

(0.258), over the sequential one (0.243).

The presented analysis suggests that the integrated approach is able to better capture

the underlying population heterogeneity and its impact on pedestrian movement behavior,

than the sequential approach. However, we emphasize that the specifications proposed here

are merely one possibility. The framework described in Section 2 is general and allows for

different specifications to be tested, which is our immediate next step.

4 Conclusion

The aim of this study is to examine and explain the impact of pedestrian heterogeneity on

their walking speed. Motivated by the analysis of real-world data, we propose the multi-

class speed-density relationship derived using the sequential and integrated approach. The

preliminary analysis indicates that the observed pattern can be explained by the segmen-

tation in the population. More satisfactory performance is achieved in the case of the

integrated approach, which might be attributed to the fact that it (i) avoids any measure-

ment error that may exist in the sequential approach, and (ii) directly uses the behavior of

interest to define the segmentation in population, which is not exploited by the sequential

approach. However, the presented analysis is the starting point in modeling and various

specifications will be evaluated in the paper. We will consider other feature-based, and

also shape-based similarity measures in the first stage of the sequential approach. Also, we

will examine the performance of different class-specific formulations and different number

of classes in both approaches. Finally, the evaluation of the approaches based on addi-

tional criteria, and on the comparison between the predicted and empirical distributions

will be performed.
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(a) Sequential approach
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(b) Integrated approach

Figure 1: Class-specific speed-density relationships
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Figure 2: Sequential approach: speed distribution for different classes and different LoS
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Figure 3: Integrated approach: speed distribution for different classes and different LoS
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