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A Study of Destination Selection Model
Based on Link Flows

Peijun Ye and Ding Wen, Senior Member, IEEE

Abstract—Generating travel behavior based on artificial pop-
ulation and an activity plan is a conventional method for traffic
simulation. As a complicated and important constituent of travel
behavior, destination selection is a decision-making process for
space transfer and has been studied extensively in the disaggregate
model. However, existing selection models only focus on the psy-
chology or custom of individuals from a microscopic perspective
and rarely take account of the actual traffic state. This causes
a large deviation in simulation results and thus results in some
obstacles for application. In this paper, a new destination selection
model based on link flows is proposed. Further, a searching algo-
rithm for an observed link set is given, and compressed sensing
is used in the model solution. Experiments demonstrate that this
model can predict the actual traffic state in rush hours quite well.
Therefore, it contributes to the credible simulation and computa-
tional experiments.

Index Terms—Destination selection, link flow, traffic
simulation.

I. INTRODUCTION

COMPUTER simulation has become an indispensable ap-
proach to transportation research. With much lower ex-

penditure, it facilitates traffic policy evaluation and control
algorithm testing. A variety of classical simulation software
has been developed, such as TSIS-CORSIM, Paramics, and
DynaMIT. TSIS-CORSIM, which is a product of the Center
for Microcomputers in Transportation (McTrans) in the U.S.,
was built for comprehensive microscopic traffic simulation,
applicable to surface streets, freeways, and integrated networks
with a complete selection of control devices (i.e., stop/yield
sign, traffic signals, and ramp metering). It simulates traffic and
traffic control systems using commonly accepted vehicle and
driver behavior models [1]. Paramics is another leading mi-
croscopic simulation system that was originally developed by
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Quadstone Paramics in U.K. in the early 1990s. It is designed
to handle scenarios as wide ranging as a single intersection
through to a congested freeway or the modeling of an entire
city’s traffic system. It also added the pedestrian simulation
that was deemed a highlight [2]. DynaMIT is a state-of-the-
art real-time computer system designed to effectively support
the operation of Advanced Traveler Information Systems and
Advanced Traffic Management Systems at a traffic manage-
ment center. Sponsored by the Federal Highway Administration
(FHWA), with Oak Ridge National Laboratories as the program
manager, DynaMIT was the result of several years of intense
research and development by the Intelligent Transportation
Systems Program of the Massachusetts Institute of Technol-
ogy. It can show detailed network representation, i.e., coupled
with models of traveler behavior [3]. In addition to the three
aforementioned programs, most classical simulation software
uses origin–destination (OD) matrix as its traffic demand in-
put. Their main limitation, however, lies in the difficulty in
OD-matrix acquisition. Although many scholars have con-
tributed to its generation and calibration, the effects are not
very satisfactory for our requirements. A particular reason is
that, due to the openness and complexity of the transportation
system, we can barely analyze travel demand from a separated
perspective. In addition, the OD matrix uses survey data to
represent travel demand, which cannot dynamically reflect the
changes in reality and makes the simulation less credible.
Thus, researchers have proposed a travel behavior modeling
method based on personal activity analysis [4]–[6]. Generally,
this method can be summarized as: 1) generating artificial or
synthetic population via the census data and an artificial society
approach; 2) integrating a specific individual travel model;
and 3) accomplishing the travel behavior [7]. Transportation
Analysis Simulation System (TRANSIMS), an integrated set
of tools developed to conduct regional transportation system
analysis, is a representative system in this field [8]. However,
this type of model tends to focus on human behavior in a micro-
scope and rarely considers the actual transportation system. In
addition, the demographic census is conducted every few years
and cannot dynamically indicate the travel demand due to the
frequent migration of people. In addition, the data are usually
classified as the state confidential data. Only a few statistical
results can be obtained by researchers. There is no doubt that
the population synthesis taking these results as its input will
not be accurate enough. All of this brings a huge deviation to
simulation.

With the development of detection technology, it is much
easier to get road traffic indicators, and the detection accuracy
is increasingly high. This provides a basis for real-time traffic

1524-9050/$31.00 © 2012 IEEE



YE AND WEN: STUDY OF DESTINATION SELECTION MODEL BASED ON LINK FLOWS 429

state sensing. Therefore, the adjustment of particular travel
properties of artificial population based on actual detected in-
dicators can calibrate the travel behavior in line with reality and
simulates complex transportation phenomena with higher cred-
ibility for scientific control and management. This paper aims at
establishing a new model for destination selection and working
out its solution. The remainder of this paper is organized as
follows. Section II summarizes the current research briefly.
Section III presents the new mathematical model of destination
selection based on link flows and demonstrates the solving
process by resorting to compressed sensing. A searching al-
gorithm for observed link set is also designed in Section III.
Section IV chooses Artificial Transportation Systems (ATS)
to carry out simulation experiments and analyzes the results.
Finally, we draw conclusions and point out some problems for
further research.

The contributions of this paper can be summarized as fol-
lows: 1) A new destination selection model based on link
flows is proposed to dynamically predict the actual traffic state
in simulation; 2) compressed sensing is introduced into the
solution of this model; and 3) a searching algorithm for an
observed link set is given for accurate OD vector recovery.

II. LITERATURE REVIEW

The travel behavior model established by investigating the
psychology and custom of individuals is called the disaggregate
model. Its basic principle is to study the personal travel mo-
tivation to simulate transportation. Destination selection, also
called destination choice or activity place selection, is regarded
as a selection decision process in the disaggregate model, along
with travel time, travel mode, etc. It involves substantial fields
and theories, such as microeconomics, information entropy,
and random utility [9]. Scholars began to be concerned about
the research in the activity-based travel as early as the 1980s,
and a variety of simulation systems were developed based on
the theoretical foundation [10]–[12]. According to different
classification standards, research on destination selection can
be summarized as follows.

A. Travel Mode

According to different objects of study, research can be
subdivided into the individual travel mode and the group travel
mode. The Comprehensive Econometric Microsimulator for
Daily Activity-Travel Patterns (CEMDAP), developed by the
University of Texas, is a representative system in the individual
travel mode. The personal trip consists of three levels, i.e., the
activity-travel mode, the round trip, and the middle stop, among
which the destination selection occurs in the middle-stop
layer [13]. In contrast, the group travel mode takes residents
as a series of groups with similar travel behavior characteristics
and produces their travel chains to select destination in accor-
dance with socioeconomic attributes. Chow et al. established
the home-based destination selection model and studied the
reliability of the model with different area sizes in three dif-
ferent regions in Florida [14]. Their work can be viewed as re-
search from the perspective of group travel. In addition, Visual

Information System for Engineering Management (VISEM) is
a representative in this field [15].

B. Time Constraint

Existing models can also be classified according to time
constraint. The model without a time constraint is an extension
of the traditional disaggregate model and mainly contains the
travel mode and trip distribution, without regard to arrange-
ments of activities in the time axis (VISEM). It usually adopts
stochastic sampling and stratified sampling to establish the
set of destinations. Ben-Akiva et al. worked on the sampling
method of the destination subset and the calculation of the
spatial selection set [16]. Pozsgay investigated place selection
behavior based on home entertainment by stochastic sampling
nine residential districts [17]. Li et al., who introduced the
concept of importance, discussed filtering a part of places as
the spatial selection set with geographic information system
(GIS) technology [18]. The model with a time constraint splits
the time axis into many intervals and fits the place selection
probability in each interval. CEMDAP has adopted this idea to
predict the travel time of a particular activity under a variety of
constraints. It is much dependent on the data integrity and the
accuracy of the prediction model. The Florida Activity Mobility
Simulator (FAMOS), developed by the Florida Department of
Transportation, divides the activity time into open and closed
hours. Open hours refer to the period between two fixed ac-
tivities in which one can insert some other nonfixed activities.
Closed hours refer to the time span of fixed activities that cannot
be adjusted freely in the time axis, such as work and school
learning. The residential area searching method adopted by
FAMOS does not sufficiently describe the searching process
and judgment conditions and thus may cause some deviation
from reality [19]. Attempting to diminish the defect, Cirillo
and Cornelis analyzed the regional reachability under the round
trip time and place constraints, to exclude some unreasonable
destinations [20]. There is certain rationality in their method
that makes use of a priori knowledge.

C. Core Structure

Up to now, most activity-based traffic simulation systems
have integrated the multinominal logit (MNL) or the nested
logit (NL) model to construct their trip generation parts, such
as VISEM, FAMOS, and TRANSIMS. As the basis of MNL,
random utility theory defines the factors with universal impacts
as the explicit factors, whereas those hard to investigate as
random factors. It assumes that decision-makers are rational.
NL treats selection branches as a treelike hierarchical structure,
with each layer containing an MNL model. Objectively, NL can
reflect the actual situation much better, but it requires stricter
surveys. Daly introduced a variable called the attraction index
to establish the nonlinear utility function in which individuals
choose particular terminal districts [21]. Bhat et al. proposed
a disaggregate attraction-end selection model and applied it to
transportation planning in Sacramento [22]. As a cooperation,
Bhat and Pozsgay further analyzed the destination selection
behavior regarding home entertainment travel and estimated
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parameters concerned on the basis of a household survey con-
ducted in Dallas–Fortworth in 1996. Results of their research
have been applied in the analysis of environmental pollu-
tion and land use planning. Moreover, Fotheringham proposed
competitive and hierarchical place selection models [23]–[25].
Kikuchi et al. estimated the MNL selection model by the
Markov chain Monte Carlo algorithm [26]. Sivakumar gave
a noncommuter travel destination selection model based on a
combination of regional size variables (including population,
employment, and regional size), trip characteristics (includ-
ing travel time and destination), the level of transportation
service, and psychological feedback [27]. For bicycle road
network planning, Hyodo et al. analyzed the bicycle destination
selection model [28]. In some actual transportation planning
projects, destination selection models of urban residents have
been applied. For example, a bilevel destination selection model
was introduced in the behavior-based planning in San Fran-
cisco in 2001 [29]. The first layer is the activity chain, which
determines the main destinations, whereas the second layer is
based on a particular trip, which determines the middle stops in
the activity chain. Many emerging technologies are also used
in the studies of destination selection, such as GIS and GPS.
One of the representative works is the collection of vehicle
GPS data by Schonfelder et al. over the course of a year to
inspect the place selection and activity spatial distribution of
urban residents [30]. They gave a utility function of an imitated
gravity model by adding the gravitational factor and carried
out simulation experiments with an improved logit model [31].
Yao and Guan introduced the calculation of travel utility and
regional fascination among districts based on a selection model,
which calibrated the traditional trip generation and distribu-
tion [32]. Shao and He first determined the set of reachable
places according to a space–time prism under the GIS environ-
ment and then selected destinations from the place condition
and location information [33].

From what has been mentioned earlier, it can be seen that,
in contrast with the traditional four-stage approach, destination
selection in the disaggregate model is better at the theoretical
level. However, there are still a few problems. First, for a large
road network, numerous places inevitably lead to the excessive
growth of selection branches, namely the curse of dimen-
sionality. This is unacceptable in the computation. Stochastic
sampling and stratified sampling can bring some improvement
to a certain extent. However, it is without satisfactory results.
Second, current destination selection methods are mostly based
on the MNL model. However, this model assumes that all
random utility items are independent and have identical distri-
bution in the derivation process. In other words, MNL treats
candidate places logically equivalent. Obviously, it ignores
personal habits and preferences in reality and will probably
lead to unreasonable predictions. Finally, most of the existing
disaggregate theories focus on the psychology or custom of
individuals in microscope and take little consideration of the
dynamic traffic state. Hence, the simulation systems based on
these disaggregate theories find it difficult to predict the actual
state and are rarely applied in the traffic control and manage-
ment. Therefore, it is necessary to improve current models or
develop new modeling methods for better destination selection.

III. DESTINATION SELECTION MODEL

BASED ON LINK FLOWS

In light of the deficiencies mentioned earlier, we need to
establish a new applicable destination selection model based
on artificial population, using the detected data from the actual
system. Here, we will put forth a selection model based on link
flows to predict the real traffic state. Then, a solution process
will be also shown.

A. Mathematical Model

Consider an abstract road network G(N,A, PL), where N ,
A, and PL are nodes, links, and places, respectively. Here,
a particular place represents a closely linked area that con-
tains some nontrunk roads according to the actual network.
The model granularity of the road network depends on the
computing resources. When the computing resources are scarce
(such as in single computer simulation), we adopt a coarse-
grained model, which means the places in the simulation system
are fewer. When the computing resources are rich (such as
in distributed simulation), a fine-grained model seems better.
For each place, we set the activity type as the type that has
the main traffic impact in the corresponding actual area from
the perspective of most ordinary people. Let X ⊂ A be a set
of observed links. |X| = m is the number of links in X , and
|PL| = n is the number of places. In a particular time interval
t = [0, T ], let

U =

⎡
⎢⎢⎣
u11 u12 · · · u1n

u21 u22 · · · u2n
...

...
. . .

...
un1 un2 · · · unn

⎤
⎥⎥⎦

be the OD matrix, where uij means the number of trips from
place i to place j. The vector form of U can be written as

[v1 . . . vN ]T

= [u11 . . . u1n u21 . . . u2n . . . unn]
T (1)

where N = n× n. Let xi be the detected flow of observed
link i and pij be the assigned flow proportion to xi from vj .
According to the flow conservation principle, we have⎡

⎢⎢⎣
x1

x2
...

xm

⎤
⎥⎥⎦ =

⎡
⎢⎢⎣
p11 p12 · · · p1N
p21 p22 · · · p2N

...
...

. . .
...

pm1 pm2 · · · pmN

⎤
⎥⎥⎦
⎡
⎢⎢⎣
v1
v2
...
vN

⎤
⎥⎥⎦

denoted as

X = P · V. (2)

For convenience, we call formula (2) the measurement equation
and P the measurement matrix. Equation (2) is the classi-
cal mathematical model for OD estimation [34]. However,
most of the current solutions give unsatisfied results mainly
for the much lower number of equations with respect to
unknowns [35]. In simulation, we can further take the popu-
lation information on the simulation system itself as additional
constraints, which will increase the number of equations and
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lead to the shrinkage of the solution space. Based on this idea,
in the beginning and at the end of the time interval, we have the
population number constraint equation for all places as⎡

⎢⎢⎢⎢⎢⎢⎢⎣

y1
...
yn
z1
...
zn

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

q11 q12 . . . q1N
...

...
. . .

...
qn1 qn2 · · · qnN
r11 r12 · · · r1N

...
...

. . .
...

rn1 rn2 · · · rnN

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

v1
v2
...
...

vN−1

vN

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

where yi means the population number in place i when t = 0,
and zi means the population number in place i when t = T . In
the simulation system, both yi and zi (i = 1, 2, . . . , n) can be
collected as

qij =

{
1, if vj starts from the ith place
0, if otherwise

rij =

{
1, if vj ends at the ith place
0, if otherwise.

Similarly, we simply denote it as[
Y

Z

]
=

[
Q

R

]
· V. (3)

From (2) and (3), there is⎡
⎣X
Y
Z

⎤
⎦ =

⎡
⎣P
Q
R

⎤
⎦ · V

written as

B = K · V. (4)

In (4), B is the (m+ 2 · n)-dimensional observation vector.
K is defined as the observation matrix, and V is the column
vector form of OD matrix U . Compared with the traditional
OD estimation, it is essential to give some special explanations
to avoid confusion.

1) Measurement matrix P is only a part of observation
matrix K, which will be discussed later in this paper.

2) After taking population number constraints into account,
the actual OD matrix may be excluded when the solution
space shrinks. Therefore, the OD vector calculated from
(4) is no longer in the traditional sense. It can be regarded
as the “OD” only in the simulation system and not for the
actual system. Still, we call it OD matrix U or OD vector
V for convenience.

Despite adding the population number constraints, the di-
mension of the OD vector is much larger than that of the
observed vector, i.e., n � m. Thus, (4) is an indeterminate
equation without a unique solution, and it contains (n2 − 2n−
m) free variables.

Equation (4) can be “solved” with some additional con-
ditions, which will be shown in Section III-B and C. After
acquiring OD vector V from (4), we rewrite it in the form of
uij , as (1) shows. For each uij , adjust the destination selection

Fig. 1. Destination selection process.

property of every person p in the ith place according to the
principle of equal probability, i.e.,

Pi {p.nextP lace = j|p.nextAT = AT(j)} =
uij

ui·(j)

ui·(j) =
∑

AT(k)=AT(j)

uik (5)

where AT(j) represents the activity type of place j. The mean-
ing of (5) is that, when the person’s next activity type is the
same as that of place j, then we set the conditional probability
that he chooses place j as the value calculated by the right item
of the equation. ui·(j) is the sum of all uij whose destination
activity type is the same as that of place j. In fact, (5) uses
the ratio that particular OD trip counts account for the same
kind of OD as the estimation of the selection probability toward
place j. This is because, when the artificial population is
generated, we are not allowed to modify its basic properties,
such as the population scale and the activity plan, but can only
adjust some travel properties indirectly.

In practice, by splitting the simulation period into many
intervals, we are able to adjust the destination selection with the
earlier model dynamically. The process is shown in Fig. 1 and
the sparse transformation basis training and observation matrix
generation will be introduced as follows in detail.

B. Sparse Coding for OD Vector

To determine a particular solution as the OD vector from
(4), we first analyze the features of the solution from the
perspective of activity-based travel. In the disaggregate the-
ory, people’s travel derives from the demand of the spatial
transfer caused by completing current activity and starting
the next activity. This is the so-called activity-based travel
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behavior model. Typically, an activity chain is generated for
each person, and travel starts according to the chain. The activ-
ity chain is usually arranged, such as home–work–home–shop–
home, home–work–restaurant–work–entertainment–home, etc.
[36]–[39]. Usually, the activity chain is extracted in a rough
level without two adjacent activities of the same type. For
instance, the initial activity of a person in a day is usually set to
be the rest at home, and the following activity should not still be
rest. Otherwise, we can deem them as one activity without place
change by travel. Thus, there are few trips between the places of
the same activity type in the road network. In the mathematical
model, this means that many components in vector V are
approximately zero. In other words, V is sparse, which makes
it possible to solve (4). Compressed sensing theory provides
the idea behind doing this [40], [41]. When V has the sparsity,
we are able to recover it by searching for the most sparse
solution under certain conditions, i.e., to solve the programming
problem given as

V � = argmin
B=K·V

‖V ‖l0 (6)

where ‖V ‖lq = (
∑N

i=1 |vi|q)1/q . However, it is a nonconvex
optimization and NP-hard in the computation. In fact, difficulty
always exists when 0 < q < 1. Fortunately, it is proved in the-
ory that both L0-norm minimization and L1-norm minimization
have the same solution if K has a restricted isometry property
(RIP) [42], [43]. Therefore, (6) can be converted into the convex
optimization as follows:

V � = argmin
B=K·V

‖V ‖l1 . (7)

Up to now, a variety of existing algorithms can tackle this
problem [44]–[46].

Generally speaking, for an s-sparse vector V (this means that
there are s nonzero components at most), RIP requires that any
3s columns in the observation matrix K are linearly indepen-
dent. This guarantees that K will not map two different s-sparse
vectors into a similar lower dimensional vector. Therefore, V
can be recovered uniquely from (7). However, in a large road
network, we have m � s for the limitation of observed links.
The sparsity degree of V is not small enough, which brings
an obstacle to recover V uniquely. Hence, it is desired to find
a suboptimal solution with small errors to be the alternative
of the optimal solution. With this objective, we try to seek a
transformation basis, i.e.,

L =

⎡
⎢⎢⎣
l11 l12 . . . l1N
l21 l22 . . . l2N
...

...
. . .

...
lN1 lN2 . . . lNN

⎤
⎥⎥⎦

so that coordinates W under the new basis L are s′-sparse after
the transformation V = L ·W . L compresses original V into
s′-sparse vector W , which brings some loss of accuracy. The
compression error in the Euclidean distance can be expressed as

ε = ‖V − L ·W‖l2 . Scholars usually use the weighted average
of ε and the sparsity of W as the objective function to solve

min
L∈RN×N

W∈RN×1

‖V − L ·W‖l2 + λ · ‖W‖l1 (8)

where λ is called the regularization parameter.
In (8), when L is fixed, is known as the lasso problem,

which was first proposed by Tibshirani in 1996 [47]. The lasso
problem with its algorithm is an active field and has been used
in transportation research. Hofleitner introduced an L1-norm
penalty into the least squares regression to estimate travel times
on each link of the network [48]. In his paper, a homotopy algo-
rithm is proposed to produce sparse variations in the travel time
estimation and, in particular, to update the reference parameter
each time a new observation received. Comparing his work and
formula (8), we can get the following main differences.

1) The coefficient matrix L is dynamically updated and can
be computed by the observations directly in his paper,
whereas in (8), L is an optimization variable and is fixed
when the training process ends.

2) An L2 regularization term is added to leverage prior
information, which is not contained in (8).

3) The state vector is the focus of [48], whereas we just want
to train the coefficient matrix L.

As previously mentioned, due to the product of the two
optimization variables (L and W ), (8) is a nonconvex problem.
The conventional approach is to optimize one while fixing
another, and repeat this process to the convergence iteratively.
Mairal et al. [49] and Lesage et al. [50] gave two learning
algorithms for (8). The former is online, whereas the latter
is offline and keeps the result orthogonal. In the simulation
systems, the characteristics of the OD vector are reflected in
the simulation results. They also depend on the population and
traffic assignment models. Therefore, it is feasible to adopt a
number of simulation results as the input training data. The
steps of the learning algorithm will not be repeated here due to
page restriction. It should be noted that the compression error
is determined by the number of observed links. Having more
observed links means having more information obtained from
the actual system, making the recovery of V more accurate
(s′ can be larger). However, having more observed links also
means having more sensors and more costs. Therefore, choos-
ing suitable observed links for an accepted compression error is
advised. After the transformation, (4) can be written as

B = K · V = K · L ·W. (9)

C. Measurement Matrix Design

After the compression for OD vector V , we need to solve (7)
under the new basis L. How to improve the recovery accuracy is
another problem. Reducing the coherence between observation
matrix K and sparse transformation basis L can achieve this
objective. Since L is already calculated in the compression, we
need to investigate the design of K. Coherence is defined as
follows [51].
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Definition 1: (coherence): Let (Φ,Ψ) be a pair of N ×N
orthogonal bases. Φ = (Φ1,Φ2, . . . ,ΦN ), Ψ = (Ψ1,Ψ2, . . . ,
ΨN ), ΦTΦ = I , and ΨTΨ = I . Then, the coherence is de-
fined as

μ(Φ,Ψ) =
√
N · max

1≤i,j≤N
|〈Φi,Ψj〉| .

In the ideal case, the observation matrix can be generated by
selecting a group of vectors randomly and uniformly in the Φ
field. In (9), K is (m+ 2n)×N -dimensional and not a square
matrix. Similarly, coherence between K and L is defined as
the maximum inner product of any row in K and column in L.
Smaller coherence means more useful information contained in
the lower dimensional observation vector, making the recovery
of original W more accurate. Equation (4) shows that K is
composed of three parts, i.e., P , Q, and R, among which Q
and R are the population constraint matrices determined by
the road network topology. Therefore, the alterable part of
K is only the measurement matrix P . Reducing coherence
between P and L implies increasing the information contained
in the measurement equation (2). In a way, it also reduces the
coherence between K and L, promoting the recovery of V .

In traffic simulation, P is actually the traffic assignment ma-
trix in the traditional four-stage approach. Different observed
link sets (X ⊂ A) may be mapped into different measurement
matrices. Several observed link sets also may be mapped into
a same measurement matrix. Therefore, when the number of
observed links m is given, the problem boils down to seeking
a set of observed links X ⊂ A (not unique) that make the
coherence between P and L at a minimum. Direct search will
bring combinatorial explosion since the solution space is an m-
combination. Further, μ(P,L) is actually the maximum value
of the coherence between each row in P and column in L. Each
row in P corresponds to a specific observed link. Therefore,
one by one, we can calculate the coherence between L and the
measurement row vector corresponding to every link and then
choose m links with minimum coherence as the observation set.
The algorithm is shown below.

Algorithm 1 Searching Algorithm for Observed Link Set
and Measurement Matrix

Input:
Road Network (rn);
Sparse Transformation Basis (L);
Number of Observed Links (m);

Output:
Observed Link Set (X);
Measurement Matrix (P );

1: if m > rn.LinkSet.Count, let X=∅, P =∅, computa-
tion stops; else go to 2;

2: for each link in rn.LinkSet: do
3: According to traffic assignment, establish the measure-

ment row vector Pi· corresponding to link
4: Calculate the coherence μi(Pi·, L) between Pi· and L
5: Save μi(Pi·, L) and Pi·
6: end for

7: Choose m row vectors with minimum μi(Pi·, L) as the
measurement matrix P and the corresponding m links as
the Observed Link Set X;

8: Output X and P , computation stops.

Dynamically, Algorithm 1 can get a measurement matrix for
each time interval. Having different measurement matrices gen-
erally means having different observed link sets. In application,
this is not allowed for the limitation of fixed installed sensors.
To avoid this, the coherence calculated in line 4 may adopt the
weighted average of those in each interval as follows:

μi(Pi·, L) =
T∑

k=1

ωk · μi(Pi·, Lk) (10)

where Lk and ωk are the sparse transformation basis and the
weight in the kth time interval. T refers to the number of time
intervals. This operation is able to fix the measurement matrix
in advance. Now, according to (4), the observation matrix K
can be acquired by combining Q, R, and P obtained from
Algorithm 1.

In line 3, the complexity of establishing the measurement row
vector for a particular link is O(NL ·NP ·NOD), where NL =
rn.LinkSet.Count is the link number of the road network, NP

is the average path number of an OD pair, and NOD is the total
number of OD pairs. Line 4 has the complexity of O(m ·N2

OD ·
T ), where m is the observed link number. Line 7 is actually
composed of two steps, i.e., coherence sorting and calculating
P . The former step adopts the quick-sort algorithm, which is
O(NL · log(NL)). The latter step has the complexity of O(NL ·
NP ·m ·NOD). Therefore, the total complexity of Algorithm 1
can be written as(

O(NL ·NP ·NOD) +O
(
m ·N2

OD · T
))

·NL

+O (NL · log(NL)) +O(NL ·NP ·m ·NOD)

= O
(
N2

L ·NP ·NOD

)
+O

(
N2

L ·N2
OD · T

)
.

Generally speaking, n2 = NOD � NL. Therefore, the com-
plexity mainly depends on the number of places n. Obviously,
it is a polynomial algorithm.

With the solution uniqueness of (7) destroyed, operations in
the solution sparsity and the observation matrix coherence can
recover the main OD counts as much as possible from a lower
dimensional observed information and thus reduce the error.
The OD vector computed from (7) is mostly in the solution
space of (4) and surely satisfies both of the link flow constraints
in the actual system and the population number constraints in
the simulation system. In other words, solution W obtained in
this way combined both the actual state and the simulation state.
Therefore, we call it an effective solution for current traffic
simulation. Finally, the formulas that need to be solved are
written as follows, and many existing recovery algorithms can
be used [44]–[46]:

W � = argmin
B=K·L·W

‖W‖l1 = argmin
B=A·W

(
N∑
i=1

|wi|
)

V =L ·W �. (11)
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Fig. 2. Road network in simulation.

IV. SIMULATION RESULTS

To validate the earlier model, we choose the TransWorld
platform to carry out some experiments. TransWorld is a
computer program designed to support the construction and
validation of ATS, which are derivatives of artificial societies. It
extended the computer traffic simulation systems and includes
traffic, logistic, construction, management, regulatory, socioe-
conomic, and environmental subsystems, in addition to infor-
mation, computational, and decision-making facilities [52]. It
is based on agent programming and object-oriented techniques
for social and behavioral modeling. Clearly, the recipes and
architectures developed for conventional traffic simulations,
particularly those for TRANSIMS, DynaSmart, and DynaMIT,
are still extremely useful in the construction and operation of
TransWorld. As a part of Parallel Transportation Management
Systems, TransWorld has been applied in traditional urban
traffic control, sports events, and other major projects for safety
and convenience [53]–[55]. Our studied road network is the
area near Tianhe Sports Center in the city of Guangzhou in
China (see Fig. 2), which covers about 18.7 km2, containing
137 links and 80 nodes. The artificial population scale is
set to be 70 000, and the proportion of travel by vehicle is
50%. We mainly extract 9 types of 72 places, among which
there are 20 residential areas, 15 office buildings, 11 schools,
6 entertainment centers, 1 restaurant, 5 hospitals, 8 commercial
buildings, 5 sport sites, and 1 parking area. Simulation time is
from 6:00 A.M. to 12:00 A.M., divided into 24 intervals with
15 min each. The experimental process involves four steps:

1) Choose 200 OD vectors generated by TransWorld ran-
domly as the input data and train the sparse transforma-
tion basis for 24 intervals according to the literature [50],
as the sparse transformation basis training model shown
in Fig. 1.

2) With the sparse transformation basis and the road network
information as the input, use Algorithm 1 to search the
observed link set and the observation matrix. Variable m
in Algorithm 1 is designated as 39, 71, and 137 ac-
cording to the path coverage principle [56]. Based on
these observation levels, we will carry out three groups
of experiments to investigate the impact of the observed

Fig. 3. Relative error distribution of three experimental results.

link number for the prediction accuracy. The weights in
(10) are all set equally as ω1 = ω2 = · · · = ω24 = 1/24.

3) Collect random simulation flows of observed links in
24 intervals as the given actual observed flows, and
update the people’s destination selection property at the
beginning of each interval according to the model pro-
posed in Section III. Meanwhile, flows in observed links
are also collected simultaneously as the simulated flows
(the loop part in Fig. 1).

4) Calculate relative errors between actual observed flows
and simulated flows to examine the prediction accuracy:

RelativeError =
|simV alue− obV alue|

obV alue
. (12)

From the perspective of observed links, Fig. 3 shows the
relative error of three experiments [We use total flows from
6:00 A.M. to 12:00 A.M. of each observed link in (12)]. It
should be noticed that the RelativeError axis uses nonuni-
form logarithmic coordinates. Three groups of errors mainly
scattered between 5% and 100%, which indicate that the predic-
tion accuracy is generally desirable. This can be proved by the
percentages of the error points in [5%, 100%]: 87.18% (34/39),
88.73% (63/71), and 88.32% (121/137). The average error
gradually decreases for the three experiments. It is consistent
with the principle that more observed links bring more actual
information and, thus, more accurate recovery of the OD vector.
It is also noticed that the error variance increases because some
outliers emerged in the experiments of 71 and 137 observations.
From the original simulation data, we can see that the main rea-
son for this phenomenon is that the given actual traffic counts in
these links are very small [obV alue in (12)]. Therefore, when
the simulation gets a small deviation [|simV alue− obV alue|
in (12)], the RelativeError becomes much larger. For ex-
ample, in the 137-observation experiment, the given actual
traffic count in link 100000301 is 52, and the simulation traf-
fic count is 510, which makes the RelativeError 880.77%,
However, in link 100000310, the actual and simulation traffic
counts are 3704 and 3182, respectively, which reduces the
RelativeError to 14.09%. If we define the links whose rel-
ative errors are above 200% as outliers, the percentages of
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Fig. 4. Relative error trend of three experimental results.

outliers in three observations are 0/39, 3/71, and 2/137, which
obviously stay at an extremely low level. Furthermore, from
the topology of the network, the five outliers arise in links
100000301, 100000302, and 100000304, which all locate in
the border of the simulation road network. The traffic counts
in these links are much fewer than the other central ones.
Therefore, outliers are more prone to emerge in this kind of
links. Thus, we had better take more trunk links in the central
area as the observations.

We have analyzed traffic counts with different relative errors
quantitatively, according to the simulation data of the three
groups of experiments. If we keep the relative errors below
100%, 80%, 60%, and 40%, the traffic counts in observed
links are more than 205, 335, 3955, and 4445, respectively.
Clearly, we can see that the observed traffic counts increase
sharply when the upper limit of relative errors decreases from
80% to 60%. This phenomenon implies that most links in
our experiments have their relative errors between 80% and
60%. Generally speaking, the recovery algorithm shows a good
performance in most links [57].

From the time perspective, Fig. 4 gives the relative error trend
[we use total flows of all observed links in each time interval in
(12)]. Three groups of results are roughly a “peak–valley–peak”
trend. This proves that, compared with other time, the model
proposed in Section III performs better during rush hours
(8:00–10:00 A.M.). Quantitatively, in 39, 71, and 137 obser-
vation scenarios, the average relative errors in [8:00, 10:00]
are 12.13%, 5.72%, and 12.22%, whereas the average relative
errors in other time intervals are 47.23%, 35.02%, and 27.11%,
respectively. Similarly, the main reason is that, during rush
hours, actual traffic counts are much larger than those of
nonrush hours, leading to a smaller RelativeError. Table I
shows the analysis of variance for the number of observed
links. According to the hypothesis testing theory, there is F ∼
F (s− 1, n− s) = F (2, 69). When the significance level α =
0.1, 0.025, and 0.01, we have

34.6324 =F > F0.1(2, 69) = 2.38116

34.6324 =F > F0.025(2, 69) = 3.89332

34.6324 =F > F0.01(2, 69) = 4.92667.

Therefore, H1 : μ1 �= μ2 �= μ3 should be accepted. That means
the number of observed links has a significant impact on the
simulation result. On the other hand, the average error in Fig. 4
decreases, which proves that more observed links can facili-
tate the simulation. However, having more observation means
having more sensors and more expenditure. Therefore, we need
to take an integrated consideration. In addition, the variation of
137 observations is smaller than the other two variations, which
indicates the best robustness of the recovery algorithm among
the three situations.

It is worthy emphasizing that we summarize current des-
tination selection models such as the MNL and NL in the
literature survey. Those models generate destinations from the
psychology and custom of individuals and rarely consider
the actual traffic counts in links. whereas our proposed selection
model is based on the OD matrix. In addition, the recovery
algorithm is used for the calculation of formula (7), which
belongs to the solution process of the model. Therefore, we can
compare the algorithms from the OD calculation. With regard to
OD generation, Marzano et al. conducted similar representative
work that can be referenced [35]. They used a stochastic-
network-loading-assignment approach and set all entries of
the OD matrix following a normal distribution (truncated to
nonnegative values) with mean dtrueod and variance βdtrueod . The
mathematical model is the generalized least squares model. In
their results, the average relative error is larger than 80%, when
β > 1.5. This means that the estimation is satisfactory only if
the OD does not fluctuate widely. However, our experiments
have not contained this restriction. All entries of our OD
are generated from the artificial population directly and ran-
domly. Therefore, it indicates that our method is more widely
applicable.

The error may come from the following aspects. For the
restriction of observed links, the OD vector is compressed to
ignore a number of smaller components. Therefore, it will bring
some errors. For the sparsity impact, the original solution recov-
ery by the L1-norm minimization algorithm is not definite but
only with high probability. This will cause recovery error and
even lead to the emergence of outliers (as Fig. 3 shows). The
trip generation in ATS itself is random within a certain range. It
can be regarded as random error and cannot be eliminated.

Finally, we would like to give a further discussion about
the population and the traffic region in our experiments. If the
population increases and other parameters remain unchanged,
the travel demand is also bound to increase. The volume in
the road network will become larger. This will lead to more
observed traffic counts and ultimately reduce the relative errors.
If the studied traffic region is expanded, more activity places
will be also extracted. If the number of observed links stays
unchanged, there is no doubt that the OD pairs grow fast. For
example, suppose that we have n places in the road network.
Then, the dimension of the OD vector is n× n according
to (1). If we add one place, the dimension will be (n+ 1)×
(n+ 1). That means (2n+ 1) unknown variables have been
added. However, only two equations have been added into (3).
Therefore, this will enlarge the solution space of (4) and thus
cause the recovery to be more inaccurate. Even if we get
more observed links, the growth in the number of equations
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TABLE I
ANALYSIS OF VARIANCE FOR NUMBER OF OBSERVED LINKS

is much slower than the unknown variables. Therefore, we
need to model the road network in a more coarse-grained
level. In addition, the computation for the larger scale problem
will become much more difficult. More computation resources
are certainly required, such as distributed clusters and cloud
computing platforms.

V. CONCLUSION AND FUTURE WORK

By observing the detected data from part of the links, this
paper has established a new destination selection model based
on link flows. Further, a searching algorithm for observed
link set is proposed, and the solution process according to
the compressed sensing theory is demonstrated. Simulation
results indicate that this model can predict the actual traffic
state quite well, particularly during the rush hours. Therefore, it
contributes to the carrying out of more credible computational
experiments. A couple of problems, however, still exist. First,
in our model, (5) uses the ratio that particular OD trip counts
account for the same kind of OD as the selection probability
toward place j. It does not consider some travelers such as field
workers and shoppers. Second, the observation matrix design
aims to minimize the coherence, which cannot ensure that the
results come from an orthogonal field. In addition, manual
orthogonalization of the results obtained from Algorithm 1
may lead to a mismatch between the observed links and the
observation matrix. This remains to be studied. For the dynamic
place selection, we use the weighted average of coherence in
each time interval to fix the observed link set in advance. How
to set more reasonable weights or develop a better approach to
fix the measurement matrix is also worthy of future research.
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