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Abstract

Origin-Destination demand estimation has predominantly depended on observed link counts from loop detectors. Although they
are convenient to use and cost-efficient, relying on limited known variables (i.e. traffic counts) to estimate a far greater number of
OD variables leads to the problem of under-determinacy in OD estimation. Due to this, the quality of OD estimates cannot be much
improved unless there is some prior knowledge of structural information. Target OD matrices have been previously used as a source
of structural information in the past but they are generally based on outdated surveys. However, with the advent of emerging
technologies such as Bluetooth, it is possible to get both loop counts and prior structural information from the same time period.
In this light, the study proposes a methodological approach to incorporate prior structural knowledge from observed trajectories as
an additional goal function within traditional link-counts based estimation. The study demonstrates a framework to exploit
Bluetooth trajectories from synthetic Brisbane network in Aimsun controlled environment. Since the penetration rates of Bluetooth
observations is random and unknown, the analysis is performed for different penetration rates and the results highlight some
interesting findings on the minimum penetration required for significant improvement in the quality of OD estimates.
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1. Introduction

Origin-Destination (OD) matrix estimation has always been the topic of research in transport modelling. OD
matrices for large network can’t be measured with limited sensors on the network. A panorama of research techniques
have been developed in the last three decades to estimate OD matrices (Van Zuylen and Willumsen 1980; Cascetta
1984; Yang et al. 1992; Antoniou, Ben-Akiva and Koutsopoulos 2004; Michau, Pustelnik, et al. 2017). Traditionally,
OD estimation is based on observed traffic counts, a prior OD matrix and user equilibrium assignment (derived from
analytical or simulation model). Since, the number of OD pairs to be estimated is far greater than the number of
observed traffic counts, it leads to a problem of under-determinacy. Thus, there is a possibility of developing poor
quality OD estimates if the objective function focusses only on the deviation of observed traffic counts (Antoniou et
al. 2016).
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The structure of travel demand for any region is defined as the distribution pattern of travel demand along different
paths between different OD pairs. OD matrices have similar structure if the travel pattern distribution, represented
either by OD matrices or trajectories of trips, is similar. In OD estimation, the quality of OD estimates depends on
how efficiently the structural consistency is maintained within the OD matrices that are updated iteratively (Bierlaire
and Toint 1995).

In the initial days, the problem of under-determinacy is minimized by introducing target OD matrix within the
objective function (Yang 1995; Cascetta and Nguyen 1988). It was assumed that an a priori (target) matrix contains
important structural information in terms of distribution of travel demand across the region. Since actual OD matrix
is unobserved, the structural consistency is traditionally compared between target and estimated matrices. However,
by doing so, the solution search space is biased around target OD matrix and it might not improve the quality of OD
estimate because target matrix is often constructed from outdated surveys.

With the advent of emerging data sources such as Mobile phones, Bluetooth MAC scanners (BMS) etc. it is possible
to get partial but seamless traffic data at a larger spatio-temporal scales. Exploiting this rich data from pervasive data
sources could relax the only dependence on conventional techniques of OD estimation. Brisbane City Council (BCC)
region is equipped with almost 1200 Bluetooth Mac Scanners (BMS) that are installed for area-wide measuring and
monitoring traffic state situations. They are primarily meant to estimate travel times and travel speeds in the congested
network conditions. However, they also provide rich source of vehicle trajectories that can further be used to estimate
good quality OD estimates. Fig. 1 shows the overlay of BMS on BCC region extracted from Google Earth (2018).

Fig. 1: Bluetooth spatial coverage for Brisbane City Council region

The trajectories of vehicles, observed at larger spatio-temporal scale, provide rich structural information of travel
demand (Michau, Nantes, et al. 2017). To preserve structural consistency in OD estimation for improving quality of
estimation, either they can be used as a constraint in solution algorithm or as an additional goal within the traditional
link-counts based formulation. Since the penetration rate of Bluetooth is quite random (varies with time-of-the day,
locations, distance and other factors) and unknown, it is not tangible to scale observed Bluetooth path flows to match
with that of estimated ones. Recently, Michau et al. (2015) have shown that the ratio of Bluetooth to loop counts in
Brisbane varies between 22 and 30%. Michau et al. (2017) assumed a penetration rate drawn from a Gaussian
distribution of mean 30% and standard deviation of 10% for scaling up observed Bluetooth link OD demands.
However, it is to be noted that, penetration rate of Bluetooth with respect to traffic counts is different from that with
respect to OD demand and high penetration rate of the former might not guarantee high penetration of the latter. Thus,
instead of assuming some random penetration rates and applying to observed path flows individually, we consider a
macro-level approach by considering all path flows simultaneously. Here, we propose to include structural comparison
of observed and estimated path flows for different Bluetooth penetration rates. It is assumed that the structure of
observed trajectories represents the structure of actual unobserved trajectories and our hypothesis is that “the quality
of OD estimates improve with higher penetration rates of Bluetooth observations”.
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In light of the above-mentioned points, the objectives of this study are:

1. Todevelop an objective function that can incorporate additional structural information of observed trajectories
in OD estimation formulation. Here, the prior structural information is obtained from partial observed
Bluetooth path flows, thus ensuring less dependence on target OD matrix.

2. Totest the hypothesis that with increase in Bluetooth penetration rate the quality of OD estimates using vehicle
trajectories from BMS improve. Since Bluetooth penetration is unknown in reality, the study investigates the
optimum penetration rate of trajectories required to improve quality of OD estimation.

2. Literature review

This section mainly focusses on two areas: Firstly, it discusses a few studies that emphasized on the importance of
prior structural information of travel demand in OD estimation. Secondly, it reviews some interesting attempts in the
past that introduced trajectories information in OD estimation framework.

2.1 Prior structural knowledge of travel demand
In literature, very few studies have tried to incorporate the knowledge of prior structural information for improving

the quality of OD estimates. Bierlaire and Toint (1995) pointed out that, the structural information of parking surveys
can be used to improve the structure of estimated OD matrices. Since OD matrix is unobserved, structural variation
within OD flows are analyzed from the variations observed in link flows. For instance, Willumsen (1984) introduced
scale factor (8) as a method to analyze structural variation of OD flows. Here, 6 is computed as total sum of ratios of
observed and estimated link counts averaged over all observed links. Yang et al. (1992) used correlation coefficient
(p) between observed and estimated link flows in addition to scale factor (8) to explain the structural degradation of
OD flows. If X1 and X2 are two OD matrices to be compared, then four different cases are possible from the
combinations of 8 and p as follows:

e (Case-1:If 8 - 1 and p — 1, the both X1 and X2 are structurally similar to each other.

o Case-2: If 8 — 1 and p is small, then X1 and X2 are structurally different with random variations.

e Case-3:If6d>10r6 < 1andp — 1, then X1 and X2 have the same structure but total demand in X1 is

greater or lower as compared to X2.

e Case-4:If 8 > 1 and p is small, then there are structurally different at a larger random scale.
The limitation of this approach is that, the statistical indicators (6 and p) are comparing link flows to interpret the
structural variation in OD matrices that is generally not true because of many to one relationship between them. Kim
et al. (2001) defined OD Matrix Structure (ODMS) as the ratio of OD flows to origin flows and used it as a constraint
to preserve the structure of OD demand while updating iteratively. Recently, Behara et al. (2017) and Behara et al.
(2018) have developed geographical window based SSIM technique for comparing structural similarity of OD
matrices, that can further be used in OD estimation techniques for preserving structural consistency of OD matrices.

2.2 Knowledge of observed trajectories in OD demand estimation

Many other studies have focused on improving the quality of OD estimates using observed vehicle trajectories
from GPS, Mobile phones, e-tags and Bluetooth etc. For instance, Zipp (1997) proposed to use partial observations of
vehicle trajectories in traditional traffic counts-based OD estimation. Here, license plate readers are used for automatic
vehicle identification on a motorway corridor and not applicable for networks involving route-choice. Kwon and
Varaiya (2005) used sample trajectories from electronic tags and developed statistical methods for better OD estimates
but limited to application on freeway networks. Zhang et al.(2010) used cellular probe trajectories to identify the trip-
ends and then converted cell-based trips to vehicle trips. Michau et al. (2017) proposed link-dependent OD (LOD)
estimation using Bluetooth trajectories and traffic counts. The trajectories are represented in the objective function
through LOD formulation. While the new data sources discussed above provide direct travel information in a
convenient way, they may not provide detailed contextual and demographic information. Nevertheless they provide
seamless data for longer time periods and can be the future of transport modelling if efficient data cleansing and
correction mechanisms are implemented.
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3. Methodology

The methodology section is further divided into six sub-sections. Firstly, the study site and data description are
explained. Next, the proposed approach is explained through conceptual framework, design of experiments,
development of objective function, formulation of optimization and finally an approach to check the quality of prior
OD and estimated OD matrices from all experiments as compared to true OD is described.

3.1 Study site and data

The analysis in this study is performed in a controlled environment. A synthetic Brisbane city network is built from
open street map imported into Aimsun (Fig. 2) that comprises of 15 centroids, 24 loop detectors (red squares in Fig.
2a) and 51 Bluetooth scanners (blue circles in Fig. 2a). The OD matrix is designed at a zonal level equivalent to
Statistical Area 2 (SA2) (ASGS 2017) and is of size 15 x 15. Refer Fig. 2b for the spatial structure of the core of
Brisbane city with neighborhood suburbs and primary transport network.
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Fig. 2: (a) Study site installed with Bluetooth scanners and loop detectors (b) Spatial structure of Brisbane city core network
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3.2 Conceptual framework
The notations used in this study are as follows:

Nomenclature

X OD vector that needs to be estimated (N*N)

Y Observed link counts (L*1)

Y Estimated link counts (obtained as output of assigning X on the network in Aimsun) (L*1)
T Partially observed Bluetooth path flows (M *1)

P Total actual path flows (K*1)

P Total estimated path flows (K*1)

P Estimated path flows of those paths that have Bluetooth trajectories information (M*1)

A Link-proportion matrix that are extracted from Aimsun (L*N)

B Path-proportion matrix that are extracted from Aimsun (M*N)

Str (T, P) Structural comparison of observed (T) and estimated path flows (P) is a value between -1 and 1

The flowchart in Fig. 3 illustrates the difference between traditional and proposed approaches for OD matrix
estimation. In the traditional approach, upper level minimizes the deviation between observed and estimated link flows
and user equilibrium traffic assignment runs in the lower level of bi-level formulation. Similar framework is suggested
in the proposed approach but with additional structural information in the upper-level formulation. Here, the structural
comparison of partially observed Bluetooth path flows (T) and estimated path flows (P) is used in addition to link
counts deviation.
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Fig. 3: (a) Traditional vs (b) Proposed approach

3.3 Experiments

Prior OD matrix (Xprior) is often obtained from outdated surveys. To represent this situation, we have designed it
by randomly perturbing true OD as shown in equation (1). Here, rand () function ensures that prior OD varies randomly
between 0.7 to 1.0 times true OD demand (Xtrue).

Xprior = [0.7 + 0.3* rand ()] * Xtrue (D)

Proposed approach is tested for different penetration rates of observed Bluetooth trajectories. The penetration rates
(n) chosen for this study are 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9 and 1 respectively. The most likely paths per OD




6 Behara et al./ Transportation Research Procedia 00 (2018) 000-000

pair is also a design parameter and is chosen as maximum “1” per OD pair in this study. Randomness in Bluetooth
observations is accounted by randomly choosing the corresponding “# ” proportion of total trajectories obtained from
the assignment of true OD matrix onto Brisbane network. For instance, the total number of actual trajectories for the
study network are 5273 and “y” of 0.1 implies that 527 trajectories are chosen randomly from the total actual
trajectories.

3.4 Objective function formulation

The optimization formulation comprises of two sub-functions: The deviation of link flows and structural
comparison of trajectories. The structural comparison between partially observed Bluetooth (T) and estimated path
flows (P) is performed by using Pearson correlation coefficient (referred as Str (T, P)) as shown in equations (2a and
2b).

(T ) * (P - 1))

YT -y) (2 - )

Where, P = B* X (2b)

Str(T, P) = (22)

In equation (2a), p and pp are mean of the vectors T and P respectively and equation (2b) shows the relationship
between path flows (P) and OD matrix X using path proportion matrix B. The range of Str(T, P) values lies between
-1 and 1. For instance, if structural similarity of trajectories are exactly the same then it has a maximum value of 1 and
the extreme opposite case results in -1.

The traditional way of expressing link counts deviation within the objective function is shown in Equation (3).
.1 AT o1 ~?
Z:Mln—[Y —Y] :Mln—[A*X—Y] ®)
2 2
The proposed objective function after including the structural comparison of trajectories is shown in Equation (4).

1 A A~ 2 1 A~ A~ 2
Z =Min=[ (v -¥)*(2-Str(T,P)) | = Min=[ (A*X -Y)*(2-5tr(T,P)) |
2 2
@)

Since Str(T, P) is a similarity value, it has to be maximized while link counts deviation is minimised. An alternative
combination of both functions is possible by minimising | (Y -¥ )*(2-Str(T, P))|. The stability of this combined
formulation is explained as follows: when the structure of two trajectories is same, Str(T, P) is equal to “1” and
objective function reduces to traditional link counts deviation i.e. | (Y -¥ )|. On the other hand, when Str reaches its
minimum value of “~1”, objective function becomes | (Y -¥ )*3].

3.5 Optimization algorithm

The optimisation method chosen to minimise the objective function in equation (4) is gradient descent algorithm
(Spiess 1990). Here, gradient of the equation (4) is computed using equations (5a-5d).

[(A* X —Y)*(2 = Str(T, P)I
d_Z_d( A )

dX N dx

(52)
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Where,
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Q
dX Jexq

Convergence criteria is defined as the ratio of difference in Z values of consecutive iterations (i.e. Zi.1- Z;) and the
value in previous iteration (i.e. Zi.1) and its value is chosen as 0.05 in this study. Until convergence, OD matrix (X) is
updated iteratively using equation (6). Here, X; and Xi.1 are the OD matrices in i and (i-1)wn steps of iterative estimation
and the rate of convergence depends on the value of step-length/learning rate (1).

dz dz
Xllel*[l—ﬂ.*—} Voar—<1 (6)
dX dX

To facilitate smooth convergence, we propose to use bold-driver technigue that is commonly used in annealing the
learning rate (Vogl et al. 1988; Battiti 1989). According to this approach, if the value of objective function in the (i-
1) step is less than that of value in the current step, i (i.e. Zii< Zj) then A; = A;_,*1.05. Otherwise, reset the
optimization parameters (i.e. X) to that of (i-1)™ iteration and set A; = 1;_,/2. The value of 2 should always abide by
the condition as shown in equation (6b).

The optimisation algorithm is coded in MATLAB and is run for different penetration rates of Bluetooth
observations. The sequence of steps for any penetration rate (#) is explained as follows:

e Step 1: Load study network with true OD demand (Xtrue), run the simulation and retrieve the observed link
counts (¥) and unique vehicle trajectories with path flows (P)

e Step 2: Choose prior OD demand (X)

e Step 2: Load the study network with demand X in Aimsun environment and run the Dynamic User
Equilibrium (DUE) assignment

e  Step 3: Retrieve the link flows (Y) and trajectories with their corresponding path flows (P)

e Step 4: For the penetration rate of #, let’s say the observed Bluetooth path flows are T and their
corresponding estimated path flows from Aimsun are P

e Step 5: Compute the gradient of proposed objective function using equation (5a-5d)

e Step 6: Update the demand (X) using equation (6)

e Step 7: Check for convergence criteria and if it is not met GOTO Step 2. Else terminate the optimisation
and value of X at convergence is Xest.

3.6 Quality check of estimated OD matrices

The quality of estimated OD matrices from all experiments are compared using the two statistical measures namely
Root Mean Square Error (RMSE) and Strop. The computation of RMSE between Xirue and Xest is shown in equation
(7). The formulation for Strop is also based on Pearson correlation coefficient and it compares the structure of any two
OD matrices. For structural comparison of true OD matrix (Xwue) and estimated OD matrix (Xest), Strop is expressed
as shown in equation (8). Here, uy, . . and uy,, are the mean demand values of true (Xirue) and estimated (Xest) OD

demand vectors.
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2
Z(Xtrue B Xest)

RMSE (X, Xoy) = - (7

(Xest - 'uXest ))

(8)

z((Xtrue T HxXre )*
*

Z(Xtrue _'uxtrue )2) Z(Xest — Hy )2)

est

StrOD(Xtrue' Xest) = \/(

4. Results and discussion

The results of experiments conducted for different penetration rates are illustrated through Fig. 4-Fig. 7. The
discussion of the results is based on the scores of RMSE and Strop averaged over three replications per each

experiment and are explained as follows:

1. Traditional approach can lead to structural degradation of OD estimates: It is important to note that, although
RMSE values (Fig. 4) for traditional approach shows improvement as compared to Prior OD (from 14.02 to
12.42) but the structure of OD matrix i.e. Strop (refer Fig. 5) has degraded from 0.8142 to 0.8091. From Fig. 6,
it is illustrated that the structural degradation is -0.63% as compared to chosen Prior OD. This highlights the
problem of under-determinacy for OD estimated in the traditional methods that is based on deviation of link

counts only.

2. Prior structural knowledge improves quality of OD estimates: By using prior structural knowledge from
Bluetooth trajectories, it is observed that the quality of OD estimates improved significantly as the Bluetooth
penetration rate increase. For instance, RMSE values (Fig. 4) and Strop values (Fig. 5) for #=0.1 to 1.0 are

improved from 11.84 to 10.84 and from 0.8339 to 0.8591 respectively.

3. Marginal improvements after a certain Bluetooth penetration rate: As compared to traditional approach, the
percentage improvement in RMSE is 4.67% and Strop is 3.07% for # = 0.1 and they improve to 12.75% and
6.18% respectively for » = 1 (refer Fig. 7). However, marginal improvements in RMSE are observed for
penetration rates () from 0.4 to 0.6 and from 0.7 to 1.0 (refer RMSE plot in Fig. 7). And the percentage
improvement for Strop is almost stable for # greater than 0.4 (refer Strop plot in Fig. 7). This implies, minimum
penetration rate of # =0.4 is good enough to exploit structural information of trajectories to improve the quality
of OD estimates. This also highlights some potential financial benefits such as: it helps in minimising the
infrastructure cost by identifying the locations and optimum number of BMS that are required to be installed

in order to capture 40% of actual trajectories.

4. Proposed approach works efficiently well with limited trajectories data: It is important to mention here that
Strop formulation is a macroscopic level approach and applying Strop on a small random sample of trajectories
yields almost similar results as that of complete information of trajectories. This is reflected from the marginal

improvement in quality of OD estimates for # > 0.4.
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5. Conclusion

The study proposes an approach to improve the quality of OD estimates by using prior structural knowledge of
trajectories information in addition to observed link counts. It presents a case study on synthetic Brisbane network
with link counts data obtained from loop detectors and trajectories information retrieved from Bluetooth Mac
Scanners. The two major contributions of this study are:

Firstly, it proposes a macro-level structural comparison technique an alternative approach to exploit observed
trajectories of unknown penetration rates for large scale urban networks. It proves that use of prior structural
information from trajectories helps improve the quality of OD estimates as compared to traditional approach.

Secondly, it tests the approach for different penetration rates and suggests the minimum penetration rate of
trajectories information required to achieve better quality of OD estimates. This implies that path flows from a few
but critical paths such as motorways and major arterials is sufficient enough to improve the quality of OD estimates.

The proposed methodology demonstrates exploitation of trajectories information from Bluetooth data sets because
Brisbane City has wide spatial coverage of BMS. However, the approach is generic in nature and can incorporate
trajectories knowledge from any other data sources such as GPS, Mobile phone etc. The study is based on one typical
case of Prior OD and it is a proof of concept. As a part of future work, thorough testing and sensitivity analysis is
needed.
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