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ABSTRACT Urban day-to-day travel system is a complex nonlinear system, its current status depends not
only on the status of the whole urban transportation system at the previous point in time, but also on the
travel decision made by each traveler. Moreover, information environment generated by various intelligent
terminals like smart phones, has even increased the complexity of urban day-to-day travel system, for micro
level route choice decision made by each traveler can be affected bymacro level road traffic flow information
at any time, andmicro route choice behavior can generate newmacro traffic information. Nowadays, there is a
lack of macro-micro integrated models to explain urban day-to-day travel system, especially its development
in information environment. In this paper, complex system dynamics has been proposed and used to explain
urban day-to-day travel system in a macro-micro integrated way. The main contribution of this paper is
twofold: in micro level, each traveler in urban day-to-day travel system in information environment is
endowed with unique physical properties, and the time correlation effect of individual travelers is described;
in macro level, the traffic flow fluctuations under the influence of individual micro decisions, the stylized
facts of urban day-to-day travel has been deduced, and an effective description of urban day-to-day travel
phenomena has been formed.

INDEX TERMS Urban transportation, day-to-day travel, macro-micro integrated modeling, complex system
dynamics, information environment.

I. INTRODUCTION
A. BACKGROUND
Researchers and scholars have always been trying tomake the
most accurate description of urban day-to-day travel, so as
to give urban transportation management department more
valuable references in making governance decisions [1], [2].

The associate editor coordinating the review of this manuscript and

approving it for publication was Angelo Trotta .

However, making such a description is somehow a tricky
issue, as the very urban day-to-day travel system can be
recognized as a complex nonlinear system, whose current
status depends not only on the status of the whole urban
transportation system at the previous point in time, but also
on the travel decision made by each traveler [3]. Moreover,
placed in information environment formed by intelligent con-
nected vehicle, smartphones, and other types of intelligent
terminals [4], in microscopic point of view, the decision
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made by each traveler can be affected by traffic information
at any time, and the implementation of decision will sure
generates new traffic information [5], [6], [7], [8]; while
in macroscopic point of view, the past changing process
of road traffic flow will also produce new feedback from
successive travel decisions made by travelers on each trav-
eler’s next travel behavior [9], [10], [11]. Therefore, it is of
great necessity to carry out macro-micro integrated model for
urban day-to-day travel system in information environment,
it can help people to better grasp the information influencing
factors of decision-making and the decision-implementation
process of each individual traveler, stylized traffic flow
fluctuation performance of macro urban road network,
as well as the travel information generation and their micro
causes.

B. RESEARCH MOTIVATION AND MAIN CONTRIBUTIONS
OF THIS PAPER
Scholars have already made a lot effort in dealing with urban
day-to-day travel problems and have tried to build theoretical
interpretable models, however, there are still some problems
in relevant research which can be concluded from the litera-
ture review in Section II: firstly, there is a lack ofmacro-micro
integrated models to explain urban day-to-day travel, most
existing research is only based on macro road traffic flow dis-
tribution ormicro travel decisions; secondly, in the current era
where intelligent smartphones and other intelligent terminals
arewidely used by travelers, information factors have brought
tremendous changes to urban day-to-day travel system, but
there is a lack of research on the penetration of informa-
tion environment into urban day-to-day travel behavior. The
above issues form the researchmotivation of this paper, which
is to attempt to establish a macro-micro integrated model for
the complex urban day-to-day travel system in information
environment. As in information environment, only analyzing
micro travel choices cannot observe the feedback effect of
urban road traffic flow on individual travel, resulting in the
study of travel decisions being limited to micro level game
analysis, which cannot fully explore the role and inducing
factors of macro road traffic information in micro decision-
making; while only analyzing the traffic flow of the macro
road network cannot observe the micro causes behind macro
phenomena, leading to the isolation of the analysis of macro
traffic flow changes. In this paper, complex system dynamics
has been proposed and used to explain urban day-to-day
travel system in a macro-micro integrated way. The main
contribution of this paper is twofold: in micro level, each
traveler in urban day-to-day travel system in information
environment is endowed with unique physical properties,
and the time correlation effect of individual travelers is
described; in macro level, the traffic flow fluctuations under
the influence of individual micro decisions, the stylized facts
of urban day-to-day travel has been deduced, and an effective
description of urban day-to-day travel phenomena has been
formed.

C. ORGANIZATION OF THIS PAPER
The rest of this paper will be organized as follows: in
Section II, a comprehensive literature review will be given; in
Section III, the micro route choice problem in urban day-to-
day travel is defined and described by using complex system
dynamics methods; in Section IV, the definition of travel risk
in information environment that reflects the time correlation
effect of micro route choices by travelers is discussed, and
a macro description of urban day-to-day travel system based
on the definition of basic micro travelers is constructed; in
Section V, theoretical verification and validation have been
made to verify the specific macro-micro transportation inte-
grated model proposed can effectively display the stylized
facts in unban day-to-day travel in information environment;
in Section VI, the modeling effectiveness and performance
of the proposed model are evaluated by numerical analysis;
finally in Section VII, the entire research is summarized, and
the comments on future work is made.

II. LITERATURE REVIEW
A. MICRO DECISION OF URBAN DAY-TO-DAY TRAVEL
From the traditional micro decision model of urban day-
to-day travel, it can be found that the models proposed by
scholars for decades can be divided into two categories:
deterministic ones and stochastic ones. Among them, the
deterministic models originated earlier. Yang and Zhang have
pointed out that the deterministic models can be further
divided into five categories: gravity flow model, percentage
conversion model, network trial and error model, projection
dynamic system model and evolutionary traffic dynamic sys-
tem model [12]. Specifically, the gravity flow model mainly
relies on the theory of gravity flow to provide route choice
calculation methods, represented by Smith et al., but the
premise assumption of such model is a bit too simple [13];
the percentage conversion model simulates the allocation
of travel choices, represented by Smith et al., who have
quantified travel costs and have described the transition from
high to low travel costs, achieving a more rational expression
of micro travel decisions than the gravity flow model [14],
this model has been further optimized and improved by
Zhu et al. and Alibabai and Mahmassani later on [15],
[16]; the network trial and error model mainly describes
the reverse impact of dynamic changes in route traffic on
route choice decision-making, represented by Friesz et al.,
who have described the dynamic changes in micro demand
under the influence of path traffic, and have proposed a trial
and error adjustment strategy for micro route choice [17],
this model was also further optimized by Jin and Guo and
Huang in later stage [18], [19]; the projection dynamic system
model follows the concept of travel cost in the percent-
age conversion model, represented by Nagurney and Zhang,
who have considered the characteristics of urban day-to-
day travel as always in daily units and in time periods, and
have established a projection dynamic analysis method based
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on variational inequalities for discrete time axes [20]; the
evolutionary traffic dynamic system model uses the concept
of dynamic system to simulate the dynamic route trajectory
of continuous traffic, represented by the research of Bertsekas
and Gafni [21], afterwards, Sandholm and Ye et al. have
developed a more complex dynamic system model based on
game theory as well as route preference and time-varying
sensitivity of travelers later on [22], [23].
Compared with deterministic models, the development

of stochastic models started relatively later. Helzelton have
pointed out in an earlier stage that using Markov pro-
cess to describe the discontinuity and randomness of route
adjustment of urban day-to-day travelers has unique advan-
tages [24]. Subsequently, Hazelton and Watling have estab-
lished a macro traffic flow distribution model based on micro
route choices which has also employed Markov analysis
methods [25]; After reinforcement learning (RL) algorithm
received wide attention, based on Markov process and RL,
Wahba and Shalaby and Wahba and Shalaby have intro-
duced the consideration of discretization departure time to
the microscopic route choice model of urban day-to-day
travel [26], [27]. Huang et al. have also used Markov pro-
cesses to study the spatiotemporal transformation law of
individual micro travel decisions of urban private car users,
and have demonstrated the superiority of such model in
describing the mobility of urban road network [28].
In addition to the traditional deterministic and stochastic

micro decision models for day-to-day travel, there are also
other models which should be discussed. Among them, the
micro travel decision model based on stated preference (SP)
has been developed for a long time. Abdel-Aty et al. have
provided an SP based micro choice preference survey test in
an earlier stage, attempting to identify the internal relation-
ship between travel time and route choice [29]; Cheng et al.
have also analyzed the classification influencing factors and
route choice influencing factors of urban day-to-day travelers
based on SP in recent years [30]. The relatively new models
to analyze the micro decision process for day-to-day travel
are usually based on multi-agent and RL during the past
decades. Lahkar and Seymour and Wei et al. have used RL
to define the difference between expected time and perceived
actual travel time as positive and negative feedback, and have
attempted to describe the perception of road sections for
different travelers and influence their micro travel decisions
and based on human memory characteristics [31], [32]. In the
past few years, some scholars have analyzed micro decision
behavior based on smart card data (SCD), but most of them
are based on route choice for rail transit commuting, like Cui
and Long and Kim who have generated a series of clusters
and classifications of travelers based on identifying passenger
groups, and discussed changes in micro travel patterns based
on regularity and contingency [33], [34].
It can be seen that for micro decision of urban day-to-

day travel, both the earlier deterministic models, as well
as the subsequent stochastic models and other models, are

constantly developing due to the complexity of urban day-
to-day travel system. It can be foreseen that in the context
of the deep impact of the information environment on urban
day-to-day travel system, such models will inevitably have
new development trends.

B. MACRO TRAFFIC FLOW OF URBAN DAY-TO-DAY TRAVEL
For urban day-to-day travel, at the macroscopic level, many
relevant studies have acknowledged that the changes inmacro
road traffic come from the influence of micro route choice,
and can be seen as the aggregation of micro route choice
decision-making behavior. Friesz and Shah have pointed out
that data acquisition has a significant impact on analyzing
macro traffic flow, as it is micro decisions that affect the final
macro performance [35]; to address data issues, Naveh and
Kim have utilized bus SCD and Bluetooth (BT) detectors
for road testing to obtain potential spatiotemporal motion
patterns of urban day-to-day traffic and describe traveler
movements on different dates within a week [36]; Sirmatel
and Geroliminis have proposed a nonlinear moving horizon
estimation (NMHE) method that can infer future macro traf-
fic flow demand based on current driving origin-destination
(OD) information [37]; Li et al. have fully considered the
diversity of micro route choices and have proposed a mul-
timodal Logit kernel (MLK) model, which represents the
stochastic user equilibrium problem in multimodal trans-
portation networks as a fixed point problem and explains the
macro allocation of travel routes [38]; Ma et al. have cap-
tured the macro traffic performance by introducing the city
trip speed performance index (CTSPI), providing quantitative
indicators of macro congestion levels on different roads [39].

Of course, if the influence of micro travel route choice is
disregarded, in the field of transportation engineering, the
more traditional discussion of macro traffic flow in urban
day-to-day travel mainly focuses on studying the user equi-
librium (UE) state it can achieve. Wardrop have proposed the
concept of equilibrium state in transportation systems [40];
Guo and Liu and Guo have effectively developed the basic
macro traffic equilibrium state, specifically assuming that
the research premise is based on the actual situation of the
macro road network under restricted conditions, and the UE is
finally formed by travelers as rational individuals [41], [42];
Site has proposed the concept of state dependent random UE
(SDSUE), pointing out that it is related to the fixed point
state of the Markov assignment process for route choice, and
has provided its calculation method [43]; Torkjazi et al. have
investigated the differences and significance between ordi-
nary UE and pessimistic UE (PUE) by collecting actual data
from the city of Tehran, and have found that the PUE-based
model is more accurate in estimating urban road traffic flow
by applying it to three major cities in Iran [44].

At present, there is relatively little research on the integra-
tion of macro and micro modeling in analyzing macro traffic
flow of urban day-to-day travel by comparing with other
research areas [45], [46]. In recent years, only a few studies
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have generally started from macro traffic flow models, intro-
ducing a description of the influencing factors of micro route
choices. Zhang et al. have established an optimized macro
basic diagram model, which maps the micro completion rate
of travel to the accumulation of vehicle traffic flow on macro
road sections, and defines the parameter of route travel cost
for micro travelers [9]; although Kazhamiakin et al. have
conducted a more specific modeling of the game process of
micro travel decisions made by travelers, however, the macro
traffic flow in the model has only been used for presentation,
without achieving macro-micro integrated analysis for urban
day-to-day travel [10]; based on the real demand for attribute
analysis of traffic flow on urban roads in traffic demand
management (TDM), Zhang et al. have proposed an analysis
method that integrates micro travel demand, transforming
TDM into a supply-demand interaction analysis problem for
road traffic, but the abstraction of micro travel in the model
is still relatively rough [11].

As discussed in Part A in this section, the model inter-
pretation of macro traffic flow in urban day-to-day travel
is also constantly developing. Moreover, it can be seen that
the integration of macro and micro modeling is an important
development trend [4], and themain contribution of this paper
is also a beneficial attempt in this integration modeling.

C. URBAN DAY-TO-DAY TRAVEL IN INFORMATION
ENVIRONMENT
The emergence of information technology has profoundly
changed modern transportation systems, and of course, it has
also had a huge impact on urban day-to-day travel. As intelli-
gent terminals like smartphones have been widely integrated
into everyday lives of people, traditional transportation mod-
els for travelers to make travel decisions cannot effectively
explain the travel behavior in information environment, thus,
corresponding optimization and innovation for those mod-
els are needed. Mahmasani and Liu have pointed out that
the emergence of the concept of intelligent transportation
systems (ITS) has greatly changed the day-to-day travel
behavior of urban people [47], while Ratti et al. have further
pointed out that with the widespread use of smartphones
and location-based services (LBS) related applications, per-
sonalized information push will significantly change the
intensity of day-to-day travel activities for urban travel-
ers and the evolution of day-to-day travel throughout the
city [48].
It should be pointed out that the emergence of any tech-

nology may have two sides. Information technology and the
information environment it creates can have both positive
and negative impacts on urban day-to-day travel. From the
perspective of travelers, they can choose to either trust the
pushed information or ignore it. On the positive side, Ben-
Eila and Shiftan have pointed out that travelers are often
willing to accept the risk of high cost under information
prompts [49]; through a survey of the attitudes of urban
travelers towards intelligent terminals, Tsirimpa has found

that real-time information obtained by mobile devices has a
significant impact on the rearrangement of personal activ-
ities of travelers [50]; Lila and Anjaneyulu have pointed
out that the introduction of information and communication
technology can reduce the number of ineffective driving kilo-
meters and delay time of vehicles, and play a positive role
in energy conservation and emission reduction [51]. While
on the negative side, Wu and Huang have pointed out that
travelers may not necessarily change their travel strategies
according to the information prompted by advanced traveler
information systems (ATIS), and at the same time, the optimal
state ofmacroscopic road network trafficmay not be achieved
under the guidance of ATIS [52]; Fusco et al. have found that
travelers with similar OD often have similar average travel
times, and even though there may be significant differences in
time costs when choosing different routes, travelers still tend
to prefer their commonly used routes, and the informative
effect is not significant [53].

Although the positive impact of information environment
on travelers remains to be discussed, it cannot be denied that
the impact of information environment on urban day-to-day
travel cannot be ignored. There are many sources of infor-
mation that affect the travel decisions of travelers, including
global information prompts such as variable information
signs (VMS) or map applications on intelligent terminals,
and local information only known by a certain range of trav-
elers under specific situations or through specific channels.
Jiang et al., Farahani et al., and Diop et al. have studied the
induction effect of VSM and route guidance systems on urban
traffic flow, and have also pointed out that the responses of
travelers to VMS depend on the quality of information and
the attributes of alternative roads [54], [55], [56]; whereas
Zhou et al. and Meneguzzer have assigned different model
definitions to different strategies of day-to-day travelers with
different attributes in the case of local information perme-
ability, and have examined the mixed equilibrium state that
the system ultimately converges [57], [58]. In addition, per-
sonal travel feelings and the information from social media
applications on intelligent terminals acquired by travelers
are also important sources of information in urban day-to-
day travel. For example, Ye and Ukkusuri have discussed
the impact of self-awareness on subsequent travel for urban
travelers under information influence [59], while Wei et al.
and Zhang et al. have focused on analyzing the impact of
travelers’ participation in information interaction in social
media on their travel decisions and have pointed out that such
interaction does not necessarily provide travelers with better
route choices [60], [61].

It can be seen that the emergence of information factors
has made the already complex urban day-to-day travel system
even more complex. The duality of information (i.e. the coex-
istence of positive and negative impacts on the travel system)
and the duality of travelers towards information (i.e. positive
and negative attitudes) have further increased this complexity.
The macro-micro integrated modeling of urban day-to-day
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travel system in information environment will become an
interesting research direction.

III. SYSTEM DYNAMICS DESCRIPTION OF URBAN
DAY-TO-DAY TRAVEL SYSTEM
A. SINGLE-PERIOD ROAD TRAFFIC FLOW FLUCTUATION
UNDER THE INFLUENCE OF MICRO TRAVEL
DECISION-MAKING
It is of no doubt that the macro traffic flow increment of
any road section in urban area is formed by the aggrega-
tion of micro travel decisions. For simplicity in this section,
it is assumed that the total number of urban travelers does
not change, and the day-to-day ODs of travelers are fixed.
In the absence of the information environment influence, it is
assumed that for each micro traveler, the decision of whether
to choose a certain road section to pass through is made by a
‘‘coin toss’’ in the optional road sections between their ODs.
That is, there is a half chance of bringing a positive increment
to the macro traffic flow basic value of the road section
in a discrete time period, and a half chance of bringing a
negative increment. In this way, the urban traffic flow changes
on a certain road section can be regarded as identically and
independently distributed, that is, in the i-th discrete time
period, if the probability distribution function of traffic flow
changes 1xi is expressed as pi[1xi], then 1xi ≡ 1x (i = 1,
2, . . . ) can be used to represent the traffic flow changes at any
discrete time period, and its probability distribution function
can be denoted as p[1x] in any discrete time period.

Thus, the mean value of the probability distribution func-
tion f [1x] of the traffic flow changes in the road section can
be defined as:

f [1x] = E [f [1x]] =

∑
1x

f [1x]p[1x]

=

∫
+∞

−∞

f [1x]p[1x]d(1x) (1)

Generally, the mean value of 1x, a discrete value is taken.
Based on the relevant basic knowledge of probability theory,
the mean value can be calculated by summing the discrete
probability distribution function p[1x].
For equation (1), the mean value of 1x represents the

1st order moment of 1x, and the 2nd order moment of 1x
describes the variance of 1x:

σ 2
i,i−1 = (1x − 1x)2 (2)

For the micro travel decision on a certain road section
brought about by ‘‘coin toss’’, the mean value of the incre-
ment on the very road section is 0, which is not actually a
possible result for a certain traveler in practice. Therefore,
in the explanation of urban day-to-day travel system, the
concept of mean value cannot describe the objective impact
of micro travel decisions on macro traffic flow. Nevertheless,
the mean value 0 can bring some special attributes to the
‘‘coin toss’’ decision, like σ , which is the standard deviation
of macro flow changes of the certain road section under the
influence of micro route choice decisions, and it can also be

called fluctuation rate. Even if there are infinitely many order
of moments of 1x, the fluctuation rate of traffic flow on the
road section only involves the calculation of the 1st and 2nd
order moments. In general, moments of all orders contain
all important information of p[1x], for urban day-to-day
travel system, due to the small frequency of significant traffic
flow changes occurring on a certain road section, p[1x] will
decay monotonically to 0 when |1x| approaches ∞. In urban
day-to-day travel system, there is no experience or pattern
indicating that at what speed will p[1x] tend towards 0,
so there might be a ‘‘thick tail’’ phenomenon, which means
that the tail might holds a certain distribution weight. In this
case, for a larger order value, the corresponding moment will
be large, thus, if the ‘‘thick tail’’ phenomenon is not fully
considered in mathematical analysis, important information
related to large traffic flow changesmay be lost. That is to say,
if only the 1st and 2nd ordermoments have been considered in
discussing the effects and travel risk of implementing micro
travel decisions, it is likely to give misleading conclusions
about the macro traffic analysis. This is just the characteristic
of the complex urban day-to-day travel system, and to be
specific, it is difficult to describe the evolution law of the
system solely based on the mean value, but it is necessary to
accurately answer the problems related to the possible travel
time, cost, and risk in the system. According to the general
understanding of risk, it should refer to the fact that it takes
much more time than expected to pass through a specific
route, in which case the variation in road traffic flow is usually
far from the mean value.

B. MULTI-PERIOD ROAD TRAFFIC FLOW FLUCTUATION
UNDER THE INFLUENCE OF MICRO TRAVEL
DECISION-MAKING
In this part, in order to approach the stylized fluctuation
facts of traffic flow on macro road section under the influ-
ence of micro travel decisions, the statistical properties of
the moments of the traffic flow changes on a certain road
section over multi discrete time periods will be discussed.
As previously defined, the traffic flow changes on a certain
road section during the i-th time period can be represented as
1xi = xi – xi−1, therefore, the traffic flow changes on the road
section between the 0th and the n-th discrete time periods can
be written as:

1xn,0 =

n∑
j=1

1xj = xn − x0 (3)

The mean value of traffic flow changes between the 0th and
the n-th discrete time periods is:

1xn,0 =

n∑
j=1

1xj (4)

Regardless of traffic flow changes 1xj is identically and
independently distributed or not, equation (4) holds, which
means that ‘‘the mean of the sum is equal to the sum of the
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mean’’. At the special case of each mean value is the same,
it can be obtained that

1xn,0 =

n∑
j=1

1xj = n1x (5)

Regardless of the factors of urban development, for the macro
traffic flow changes on the road section over multi-period
composed of micro ‘‘coin toss’’ decisions, the mean value
of 1x is always 0, thus, the mean value of 1xn,0 is 0. The
variance of traffic flow changes between the 0th and the
n-th discrete time periods is:

σ 2
n,0 = (1xn,0 − 1xn,0)2 = (1xn,0)2 − (1xn,0)2

=

 n∑
j=1

1xj

2

−

 n∑
j=1

1xj

2

=

n∑
i=1

n∑
j=1

1xi1xj −

 n∑
j=1

1xj

2

=

n∑
i=1

(1xi)2 +

∑
i̸=j

1xi1xj −
n∑
i=1

(
1xi

)2
−

∑
i̸=j

1xi · 1xj (6)

If there are no correlations between each 1xi, when i ̸= j, the
mean value of 1xi1xj equals the product of the mean values
of 1xi and 1xj. Thus, equation (6) can be simplified as:

σ 2
n,0 =

n∑
i=1

(1xi)2 −

n∑
i=1

(1xi)2

=

n∑
i=1

{
(1xi)2 − (1xi)2

}
=

n∑
i=1

σ 2
i,i−1 (7)

Equation (7) means that for unrelated random variables, the
variance of sum is equal to the sum of variances. For spe-
cial cases where the variance is the same for each discrete
time period, such as identically and independently distributed
variables, there is σ 2

i,i−1 = σ 2, and even σ 2
i,i−n = σ 2

n,0 = nσ 2.
Thus, the standard deviation of traffic flow changes, namely
the fluctuation rate of traffic flow changes over n consecutive
discrete time periods can be described as

σi,i−n = n
1
2 σ (8)

So it can be seen that the fluctuation rate of traffic flow
changes increases by a multiple of the square root of time
increment n. If the opposite assumption is made, that is, all
traffic flow changes 1xi are interrelated and have the same
value and sign, namely 1xi = 1x, then

σ 2
i,i−n = (1xn,0 − 1xn,0)2 = (1xn,0)2 − (1xn,0)2

=

 n∑
j=1

1xj

2

−

 n∑
j=1

1xj

2

= (n1x)2 − (n1x)2 = n2
[
(1x)2 − (1x)2

]
= n2σ 2 (9)

Likewise, there is:

σi,i−n = nσ (10)

It can be seen from equation (10) that, unlike the ran-
domness of discrete ‘‘coin toss’’ decisions, this situation can
be recognized as walking along a straight line at a constant
speed, with a standard deviation proportional to n. In themore
general case of finite but non zero positive correlation, the
response expression of the standard deviation is between the
unrelated case described in equation (8) and the correlated
case described in equation (10). If the traffic flow changes1xi
are anti-correlated (the correlation between them is negative),
the dependency relationship will be very similar to n0. It can
be proven that after n discrete time periods, the fluctuation
rate of the real urban day-to-day traffic flow on certain road
sections increases proportionally to n1/µσ , where µ is deter-
mined by factors such as the specific development situation
of the city and the infiltration of information into travelers.

C. EXPLANATION OF THE PROBABILITY DISTRIBUTION OF
ROAD TRAFFIC FLOW FLUCTUATION BASED ON COMPLEX
SYSTEM DYNAMICS
As discussed above, 1xn,0 provides the traffic flow changes
from the 0th to the n-th discrete time periods, assuming the
traffic flow changes for each discrete time period 1xj are all
identically and independently distributed. For the mean value
of1xn,0, due to its identity as n times themean value of traffic
flow changes in a single discrete time period, there is

1xn,0 − n1xn,0
n

=
1xn,0 − n1x

n
(11)

When n approaches ∞, for the convenience of discussion,
rewriting the left hand side of equation (11) in the exponential
function, and by employing equation (1), as in equation (12),
shown at the bottom of the next page, can be acquired.

By employing Taylor expansion, the left hand side of
equation (12) can be calculated as in (13), shown at the
bottom of the next page.

Applying Fourier transform to equation (13), the probabil-
ity distribution function can be gotten as in (14), shown at the
bottom of the next page.

When n approaches ∞, it can be concluded that the prob-
ability distribution function of road traffic changes tends to
be Gaussian, and it is independent of the specific form of
the probability distribution function p[1x] of traffic flow
changes on the road section over a single time period. There-
fore, equation (14) can be rewritten as:

p[1xn,0 − 1xn,0] =

[
1

2πσ 2
n,0

] 1
2

exp

[
−
(1xn,0 − 1xn,0)2

2σ 2
n,0

]
(15)
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where

σn,0 = n
1
2 σ (16)

In other words, the probability distribution function of traffic
flow changes 1xn,0 has the following Gaussian form:

p[1xn,0] =

[
1

2πσ 2
n,0

] 1
2

exp

[
−
(1xn,0 − 1xn,0)2

2σ 2
n,0

]
(17)

where σn,0 is the standard deviation.

IV. QUANTIFICATION OF URBAN DAY-TO-DAY TRAFFIC
RISK IN INFORMATION ENVIRONMENT
A. INFORMATION ENVIRONEMNT AND ITS IMPACT ON
DAY-TO-DAY TRAVEL
As discussed in Section II-C, the emergence of information
and communication technology (ICT) and various intelli-
gent terminals have greatly changed the behavior of urban
day-to-day travel and have built an information environ-
ment for urban day-to-day travel systems. ICT provides
more accurate positioning and road network state information
and higher quality travel route suggestions for day-to-day
travelers [4]. Thus, urban day-to-day travel system in infor-
mation environment can provide rational traffic information
release strategies for travelers. Under the impact of traffic
information released, day-to-day travelers may change their
micro travel route choice strategies and even adjust their
travel purpose during certain time period, resulting in great
macro traffic flow changes on urban road networks. To some
extent, information release also represents a management
method for the stability of the macro road network operation
by transportation regulatory authorities. For example, when
there are traffic accidents or other unexpected situations on
certain road sections, the release of congestion information
and the broadcasting of ramp flow control information are all
implementation means of transportation regulatory to ensure
the orderly and stable operation of the macro road network in
urban day-to-day travel system.

B. MICRO TRAVEL DECISION-MAKING IN INFORMATION
ENVIRONEMNT
Even if the influence of traffic information factors is not
considered, it is always for sure that each urban day-to-day
traveler hopes to spend the lowest time cost to achieve the
purpose of commuting. Therefore, time saved in travel means
the actual profit acquired by each traveler, while increase
in time cost means that the travel risk becomes a reality.
In urban day-to-day travel system, each traveler exists as a
micro route choice decision-maker. On the basis of micro
route choice, travelers are not only responsible for executing
the final choice behavior, but play a role in personal time
management as well.

For the micro travel decision of each traveler, it is possi-
ble to make a ‘‘to pass through’’ or ‘‘not to pass through’’
decision for a certain discrete time period and a certain
road section. In actual urban day-to-day travel, the person-
alities and travel demands of the travelers are different,
thus, although they ultimately implement travel from the
macro point of view, the micro differences between them
are significant. Some travelers may not need to consider the
macro road traffic conditions and insist on adopting the same
travel strategy to implement their travel plans; some travelers,
on the other hand, need to consider the traffic conditions
of the certain road section they pass through in information
environment, and only implement their strategies when the
information shows that the certain road section they need to
pass through is not congested. Moreover, for each traveler,
a certain amount of physical time is required from the for-
mulation of micro route choice strategies to their final travel
implementation. Although this physical time is short, it is not
zero. During this period, for travelers who rely on information
factors to develop micro route choice strategies, the relevant
road traffic flow information on which their strategies are
based may have changed. In other words, the traffic informa-
tion learned by travelers when making micro route choices
may not necessarily represent the traffic information during
the travel implementation process. For example, the traffic
information published by applications on smartphone or other

eink
1xn,0−n1x

n = eik[1xn,0−1xn,0] =

∫
+∞

−∞

eik[1xn,0−1xn,0]p[1xn,0 − 1xn,0]d(1xn,0) (12)

eik[1xn,0−1xn,0] = eik
[1x1−1x]+[1x2−1x]+...+[1xn−1x]

n =

(
eik

σ
n

)n
=

(
1 + ik

σ

n
−

1
2!
k2

σ 2

n2
+ . . .

)n
≈

(
1 −

k2σ 2

2n2

)n
= e−

k2σ2
2n (13)

p[1xn,0 − 1xn,0] =
1
2π

∫
+∞

−∞

e−
k2σ2
2n exp

[
−ik(1xn,0 − 1xn,0)

]
dk =

[
1

2πnσ 2

] 1
2

exp

[
−
(1xn,0 − 1xn,0)2

2nσ 2

]
(14)
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media may have delays, or the attributes of the traffic infor-
mation seen by travelers may be the average traffic flow over
a period of time, or the traffic information received may be
incorrect, all of the above factors may prevent travelers from
obtaining true information of the macro urban road network.

In the mathematical modeling process of micro route
choice, as described in Section III, it is often necessary to
divide a day-to-day travel between certain OD points into
several shorter discrete time periods for the convenience of
analysis. It is assumed that at the beginning of each discrete
time period, all travelers who are preparing to implement
travel strategies at that time ‘‘aggregate’’ together and have an
impact on the flow of road sections in the macro urban trans-
portation network. In this process, theremay be an ‘‘excessive
travel demand’’ for the capacity of the road section, which
will change the traffic flow characteristics of the road section
in the next discrete time period, thereby affecting the micro
travel decisions of travelers involved in the road section in
the next discrete time period. The description of the imple-
mentation of real-time micro strategies throughout the entire
process is crucial for building a complex system dynamics
model of urban day-to-day travel. Figure 1 can be used to
describe the process of travelers determining their real-time
travel plans of whether ‘‘to pass through’’ a certain road
section or not at the beginning of a certain discrete time
period.

The mechanism by which travelers influence macro road
traffic during the specific implementation of their micro
travel decisions is also an important feature of the com-
plex urban day-to-day travel system, similar to the ‘‘mar-
ket mechanism’’ that considers the contradiction between
demand and supply. As mentioned before, the micro travel
decision-making of travelers can be roughly divided into
two types. For certain discrete time period of a certain road
section, one type of decision will definitely choose ‘‘to pass
through’’, while the other type will determine whether to
choose ‘‘to pass through’’ based on the traffic information at
the beginning of the discrete time period. These two different
micro travel decision-makingmethods determine their impact
on macro section flow. Assuming that ai represents a will-
ingness of travelers to choose the road section to travel, the
micro travel decision ai[t] made at time t will be a function
of the section flow x[t–1] during the implementation of the
decision. Thus, the micro travel strategy ai[t , x[t–1]] can be
mathematically defined based on the preferences of travelers,
and according to traffic information, the micro strategy of
choosing ‘‘to pass through’’ only when the traffic flow on
the road section is lower than a certain value ri (for example,
when the traffic information shows that the road section
is ‘‘unblocked’’, rather than ‘‘with high traffic volume’’ or
‘‘blocked’’) can be expressed as:

ai[t, x[t − 1]] = ai[t]u[x[t − 1] − ri] (18)

where u[t] is a unit step function, namely for t ≥ 0, there is
u[t] = 1, while for t < 0, there is u[t] = 0.

In most cases, the formation of urban day-to-day travel
system is jointly influenced by micro decisions such as
‘‘to pass through’’ a certain road section definitely and ‘‘to
pass through’’ depending on the situation. The mathematical
expression of the very micro travel decision-making of ‘‘to
pass through’’ depending on the situation has been given by
equation (18), and can be described as choosing ‘‘to pass
through’’ at that discrete time period when the traffic flow on
the road section is lower than ri, and choosing ‘‘not to pass
through’’ when the traffic flow is higher than ri.

C. MACRO TRAVEL OBSERVATION IN INFORMATION
ENVIRONMENT
From the literature review in Section II, it can also be seen
that for travel systems, the observable variables are all about
the traffic flows of different discrete time periods and road
sections. Thus, it can be imagined that although there are
numerous variables driving the complex system of day-to-
day travel to varying degrees, only a very limited number of
variables can truly observe the evolution of the urban day-to-
day travel system from the macro point of view. Of course,
since traffic flow as a function of time is a fundamental
experimental output variable and can also be observed for all
road sections in urban transportation network, it is necessary
to discuss it in detail in this section.

Consider the typical situation where, as an observer of
macro traffic conditions in urban day-to-day travel systems,
a set of high-frequency traffic flow data for a specific time
period can be obtained. Within the specific time period,
the travel route of each micro traveler is recorded, and the
recorded data can also be seen as a set of data points x[t1],
x[t2], x[t3], . . . that appear in discrete time, separated by
irregular time intervals. For more complex situations, such
as holidays and weekends, travel behavior undergoes sig-
nificant changes as it no longer falls under the category of
‘‘day-to-day travel’’. In addition, on weekdays after a long
holiday, urban day-to-day travel system may also exhibit a
situation that is different from the macro flow distribution
on continuous working days, and some inherent macro flow
distribution characteristics may also be changed. Therefore,
in the complex system of urban day-to-day travel, it is often
difficult to model and fit data, and there is even the possibility
of obtaining false dynamic trends of macro traffic flow. Even
if only day-to-day travel on weekdays has been studied, it is
difficult to find the exact method of linking the flow values
of certain discrete time period and road section on the pre-
vious Friday and the following Monday. There is no unique
answer to the explanation of such time interval relationships.
In order to avoid unintentionally introducing correlations due
to different methods, any methodological exploration for the
complex urban day-to-day travel system must be carefully
conducted.

Of course, as macro observers of micro travel decisions
in urban day-to-day travel, it is necessary to consider what
kind of traffic flow function should be used in order to
statistically test the observed data. Especially, it is hoped that
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FIGURE 1. The process by which travelers determine their micro real-time travel plans.

through the selection of proper traffic flow function, as much
meaningful information as possible can be extracted, and it is
necessary to avoid introducing false correlations and biased
understanding. When examining the traffic flow fluctuations,
linear traffic flow variation:

1x[t, t − 1t] = x[t] − x[t − 1t] (19)

is always considered; moreover, in order to distinguish the
relative importance of travel time cost and saved, it is nec-
essary to discuss the relative changes in traffic flow. The
definition of traffic flow change rate is

R[t, t − 1t] =
1x[t, t − 1t]
x[t − 1t]

=
(x[t] − x[t − 1t])

x[t − 1t]
(20)

In typical cases where traffic flow changes are much smaller
than the traffic flow itself, namely when 1x[t , t–1t] ≪ x[t ,
t–1t], it can be assumed that R[t , t–1t] is proportionnal to
1x[t , t–1t].

It is of no doubt that as a complex system, it is often
difficult to determine absolute ‘‘right’’ or ‘‘wrong’’ in the
modeling of urban day-to-day travel. To select appropri-
ate functions at appropriate times based on available data
and the issues considered, would be rational in describing
micro travel decisions and their corresponding macro traffic
flow changes. Fortunately, in urban day-to-day travel system,
due to the fact that the traffic flow change 1x[t , t – 1t]
is often much smaller than the traffic flow x[t], or even
x[t–1t], macro traffic flow functions often have similar sta-
tistical properties.

D. QUANTIFICATION OF TRAVEL RISK IN INFORMATION
ENVIRONMENT
Corresponding to the diversity of models describing urban
day-to-day travel, the travel risk in day-to-day travel can
also be quantified via various possible means. As mentioned
in Section III-B, the standard quantification of travel risk
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is usually based on fluctuation rate σ . By calculating the
standard deviation of the empirical traffic flow distribution on
a certain road section over a given discrete time period 1t ,
the empirical value of σ can be obtained. If the probability
distribution function of these empirical traffic flow changes
is indeed a Gaussian function, measuring travel risk by using
σ has certain significance, as for the road section with an
average flow change of 0, σ is the only parameter that can
determine the shape of the Gaussian probability distribution
function.

However, it should be pointed out that Gaussian function
is not suitable for describing the tail part of the probability
distribution function of traffic flow changes no matter how
long the discrete time period1t has been chosen, because the
Central Limit Theorem only applies to the region of the distri-
bution center. Thus, regarding the tail part of the probability
distribution function, the parameter σ cannot effectively pro-
vide any information. In actual day-to-day travel systems,
many uncertain risks for travelers are often contained at the
tail part of the probability distribution function.

To avoid the above issues about σ , unexpected significant
changes and their probabilities in road traffic flow should be
focused on when quantifying the travel risk. Assuming there
are n random variables correspond to traffic flow changes in
n consecutive discrete periods, represented as {yi} = {y1,
y2, . . . , yn}, and assuming they are all identically and inde-
pendently distributed with the same probability distribution
p[y], in this way, risk is composed of the maximum values
contained in {yi}= {y1, y2, . . . , yn}, The probability of ymax >

� can be calculated as

p[ymax > �] = 1 − [p<[�]]n

= 1 − [1 − p>[�]]n

≈ 1 − exp[−np>[�]] (21)

where � is the maximum increase in traffic flow set that the
road section can withstand, p>[�] ≪ 1, and its definition is

p>[�] =

∫
∞

�

p[y]dy (22)

For a series of n experiments, p>[ymax > �] ≈ 1–exp[–
n·>[�]] gives the probability of satisfying the condition
ymax > �. For Gaussian probability distribution

p[y] = (1/
√
2πσ 2)e−y

2/2σ 2
(23)

� is proportional to σ , and even with the risk assessment
method that focuses on the tail part of the distribution, the
quantification of travel risk still indirectly depends on σ .

E. ESTABILISHMENT OF COMPLEX SYSTEM DYNAMICS
FRAMEWORK FOR URBAN DAY-TO-DAY TRAVEL
SYSTEM IN INFORMATION ENVIRONMENT
In section III-C, the properties of identically and indepen-
dently distributed variables were discussed using probability
theory, and it has been pointed out that in actual urban day-
to-day travel system, the traffic flow changes often do not
possess such properties. For the sake of completeness, in this
section, the extension of probability theory to describe the
case of non identically or independently distributed variables
will be discussed, so as to establish a corresponding theoreti-
cal framework for complex system dynamics. For simplicity,
assuming y1 and y2 are two traffic flow variables measured
on the same road section at time t1 and t2, and to be specific,
y1 and y2 are traffic flows or traffic flow increments on the
same road section. The joint probability of y1 appearing at t1
and y2 appearing at t2 can be given by p[y2, t2; y1, t1]. If a
set of traffic flow variables obtained sequentially, the joint
probability can be described as p[yn, tn; yn−1, tn−1; . . . ; y1, t1].
For this joint probability, it is unknown in advance whether
there is an implicit correlation between variables or how each
variable is distributed at each moment. But with the help of
conditional probability, it can be written as in equation (24),
shown at the bottom of the next page. In equation (24), p[yi, ti|
yi−1, ti−1; . . . ; y1, t1] represents the conditional probability of
seeing the result yi at time ti under the condition that historical
values of yi−1, ti−1; . . . ; y1, t1 are known. If the conditional
probability and past historical situation are known, the future
value probability of the random variable can be determined.
In a simple case, if for all n, p[yn, tn; yn−1, tn−1; . . . ; y1,
t1] remains unchanged at the starting point of any time,

p[yn, tn; yn−1, tn−1; . . . ; y1, t1]

= p[yn, tn|yn−1, tn−1; . . . ; y1, t1]p[yn−1, tn−1; . . . ; y1, t1]

= p[yn, tn|yn−1, tn−1; . . . ; y1, t1]p[yn−1, tn−1|yn−2, tn−2; . . . ; y1, t1] · p[yn−2, tn−2; . . . ; y1, t1]

=

n∏
i=2

p[yi, ti|yi−1, ti−1; yi−2, ti−2; . . . ; y1, t1]p[y1, t1] (24)

p[yi, ti|yi−1, ti−1; yi−2, ti−2; . . . ; y1, t1]

= p[yi, t|yi−1, t − T ; yi−2, t − 2T ; . . . ; y1, t − (i− 1)T ] (25)

p[yi, ti|yi−1, ti−1; yi−2, ti−2; . . . ; y1, t1]

= p[yi, t|yi−1, t − T ; yi−2, t − 2T ; . . . ; yi−n, t − (i− n)T ] (26)

p[yt |yt−T , yt−2T , . . .] = p[yt |yt−T , yt−2T , . . . , yt−nT ] (27)
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this process becomes a stationary process. If only the mean
value and covariance are independent of time, this process is
called a weakly stationary process or a generalized stationary
process. At this point, the product term in equation (24) can
be rewritten as in equation (25), shown at the bottom of
the previous page, where T represents the duration of each
discrete time period. If the conditional probability can be
limited to a limited past history for all times, then as in
equation (26), shown at the bottom of the previous page,
can be given. Simplify yi, ti to yt , the above equation can
be rewritten as in equation (27), shown at the bottom of the
previous page.

It can be seen that equation (27) describes an n-order
Markov process. When n = 1, it only depends on the most
recent historical value, at which point

p[yt |yt−T , yt−2T , . . .] = p[yt |yt−T ] (28)

usually referred to as a Markov process, this process is pre-
cisely the ‘‘coin toss’’ decision mentioned in section III-A,
where yt−T represents the road traffic at t–T and yt represents
the road traffic at t . If yt and t are both discrete variables,
p[yt |yt−T ] can be simply replaced by p[yt |yt−1] to obtain
a Markov chain. By using the following equation (29), the
n-order Markov process of scalar can be transformed into a
1-orderMarkov process of an n-dimensional vector. Note that
for Markov processes withM possible values, theM possible
states are denoted as yt,α:

p[yt+1,β ] =

M∑
α=1

p[yt+1,β |yt,α]p[yt,α] (29)

where α = 1, 2,. . . , M , β = 1, 2,. . . , M . If the state proba-
bility vector of each component is defined as pt = {p[yt,1],
p[yt,2], . . . , p[yt,M ]}, and the transfer matrix is defined
as P = p[yt+1|yt,β ], then all states can be represented as
pt+1 = P· pt . Considering that the transfer matrix is time
independent, by repeatedly applying pt+1 = P ·pt , there is
pt+1 = Pn· pt . Therefore, the power of the transfer matrix
determines the time evolution behavior of the system. If the
system can reach any other state from each state, then the
system has ergodicity of each state. Under steady-state con-
ditions, there is pt+1 = pt = p, thus, there is

p = P · p (30)

By using equation (30), the steady-state probabilities of each
state in allM states can be obtained.
Here in this section, a complex system dynamics method

has been provided to describe the statistical properties of
urban day-to-day travel system. The method is different
from the macro traffic evolution model based on sim-
ple ‘‘coin toss’’ micro travel decision-making discussed in
section III-B, but instead applies an n-order Markov model
with n > 1. This complex system dynamics model can not
only express the non identically distributed properties of traf-
fic flow on road sections at different times, but also introduce
time correlation and time dependence into the model to a
certain extent.

V. THEORETICAL VERIFICATION AND VALIDATION
A. MODEL DESCRIPTION VERIFICATION OF MICRO
TRAVEL STRATEGIES
Through the discussion in previous sections, it can be seen
that for urban day-to-day travel system, there is a time corre-
lation in the sequence of macro traffic flow changes. In this
section, Markov process in the case of n= 4 will be discussed
and calculated in detail in order to examine the impact of
time correlation on the establishment of traffic models and
the calculation of travel benefits (travel time saved) and risks
(extra travel time cost).

If a traveler pays attention to both travel routes A and B
simultaneously. At certain discrete time periods every day,
it is necessary to make a decision to take the route A or B
for travel. After making the decision, the travel plan is imple-
mented; and after completing the travel plan, the day-to-day
travel process is summarized and analyzed. The binary state
of the micro route choice made is formed based on the length
of the actual day-to-day travel time compared to the planned
time. To quantify the specific effects of micro route choice,
an integration mechanism is established here. Assuming that
the travel time of a certain route choice is shorter than the
planned time, the decision effect is considered successful, and
a score of +1 is given; if the travel time chosen of a certain
route choice is longer than the planned time, the decision
effect is considered a failure, and a score of –1 is given.

For travel route A, when the planned travel time is rational,
the probability of a good decision is generally psuccess,A = 0.5.
Therefore, on average, the micro route choice decision may
be either successful or unsuccessful. If the development of
cities leads to an increase in population and unexpected
factors that may occur on roads, the actual probability of
successful decision-making should be less than 0.5. The same
conclusion also applies to travel route B. Therefore, for the
two routes, regardless of the choice, on average, the proba-
bility of decision failure is slightly higher.

For simplicity, consider a simple scenario where the prob-
ability psuccess,A of the success in choosing route A is
independent of history, while the probability psuccess,B of the
success in choosing route B depends on previous situations.
If s[t] represents the cumulative score of a traveler at the
beginning of the t-th day, and if the route choice decision is
successful on that day, the cumulative score of the traveler
becomes s[t+1]= s[t]+1; If the decision fails, its cumulative
score becomes s[t+1]= s[t]–1. Since the success in choosing
route B depends on the previous situations, its cumulative
score is no longer a Markov process with n = 1. Assuming
that psuccess,B depends on the results of the previous 3 days as
mentioned at the beginning of this section, a n = 4 Markov
chain can be constructed using states s[t–2] – s[t–3], s[t–1]
– s[t–2], s[t] – s[t–1], whose components are the cumulative
score changes on day t–3, day t–2, and day t–1. The success
and failure probabilities in choosing route A and route B can
be summarized in Figure 2, and the cumulative score vector
state transition of choosing route B for 3 consecutive days can
be summarized in Figure 3.
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FIGURE 2. The success and failure probabilities in choosing route A and route B based on the results of cumulative
score vector changes in the previous 3 days.

FIGURE 3. Cumulative score vector state transition diagram of choosing route B for 3 consecutive days.

For decisions of choosing route B with non-trivial time
correlations, and assuming that travelers can only choose
route B for travel, using the strategy evaluation cumulative
score sB owned by all travelers on decisions of choosing route
B during the day t–3, day t–2, and day t–1, the following state
vector can be defined as:

YB[t] =

 sB[t] − sB[t − 1]
sB[t − 1] − sB[t − 2]
sB[t − 2] − sB[t − 3]

 (31)

which has 8 different states (–1, –1, –1)T, (+1, –1, –1)T, (–1,
+1, –1)T, (+1, +1, –1)T, (–1, –1, +1)T, (+1, –1, +1)T, (–1,
+1, +1)T, (+1, +1, +1)T.

If σi[t] is used to represent the probability that the traveler
will be in state i on day t , since there are only 8 possible i
values, these probabilities can form an 8-dimensional vector
σ [t] = (σ1[t], σ2[t], σ3[t], σ4[t], σ5[t], σ6[t], σ7[t], σ8[t])T.
With the help of the probability psuccess,B, the dynamic
equation of probability vector evolution can be given:

σ [t + 1] = D · σ [t] (32)

where D can be as in equation (33), shown at the bot-
tom of the next page, according to Figure 3. Therefore,
as discussed in Section IV-E, a Markov chain can be con-
structed, and the steady-state of the system means where
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σ [t + 1] = D· σ [t] = σ [t], namely

(D− E)σ = 0 (34)

where E is the identity matrix. In addition, there is

σ1 + σ2 + σ3 + σ4 + σ5 + σ6 + σ7 + σ8 = 1 (35)

Therefore, there is a solution as in equation (36), shown at the
bottom of the page, shows, where

N = −1 − 3p1 + p5 + p3 + p8 + o(p) (37)

where o(p) is a higher-order term formed by mul-
tiplying multiple probabilities less than 1. Generally,
p1 + p2 + p3 + p4 + p5 + p6 + p7 + p8 ̸= 1. Therefore,
for steady-state conditions, the probability psuccess,B within a
range of changes per unit discrete time period (usually one
day in urban day-to-day travel system) is

psuccess,B =

8∑
i=1

πipi ≈
p1
p2

+ p1 + . . .

= p1(1 +
1
p2

+ . . .) (38)

where p2 is for sure a value less than 1, so (1 + 1/p2 + . . . )
should be a value greater than 2. Thismeans that when p1 does
not need to take a very large value, psuccess,B can be greater
than 1/2, and the failure criterion for travelers when choosing
route A is 1 – p > p.

Next, consider the scenario where travelers randomly
switch between two routes for micro route choice. Assuming
that this randomness also follows the ‘‘coin toss’’ decision,
the analysis for this scenario will be the same as for the
scenario where only path B can be chosen. Simply replace
pi with p’i, and p’i can be seen as (pi + p)/2. Therefore,

when randomly switching between two routes, the basis for
determining the failure of a decision is

psuccess ≈
p1 + p

2
(1 +

2
p2 + p

+ . . .) (39)

From equation (39), it can be seen that if a traveler makes
a random decision switching between the 2 routes A and B,
the probability of decision failure exceeding the probability
of success is very low for a period of time. The effect of
success in failure is somehow contrary to the actual travel
experience intuition, and the reason for such counterintuitive
effects lies in the existence of time correlation effect. For
urban day-to-day travel participants, this effect is undoubt-
edly very tempting, but there are also certain traps in it.
Performing a switching operation between two routes with
a high probability of decision failure may lead to systematic
success, but correspondingly, it is also possible to ultimately
lead to systematic failure during the switching between the
routes that all travelers hope to achieve decision success,
depending entirely on the time correlation effect between the
2 routes.

This section is based on the complex system dynam-
ics model of urban day-to-day travel system established
in Section IV, and discusses in detail its portrayal of the
implementation of micro level travel decisions by travelers.
Through the discussion, it can be seen that compared to
simple ‘‘coin toss’’ decisions, complex system dynamics can
better reflect the individual personalities of urban day-to-
day travelers in making travel decisions, because they can
evaluate travel profits and risks based on historical decisions
and their effects, and then provide decisions for the next
travel. Of course, this discussion is only based on n = 1 (i.e.
‘‘coin toss’’ situation) and n = 4 Markov process situations.

D =



1 − p1 0 0 0 1 − p5 0 0 0
p1 0 0 0 p5 0 0 0
0 1 − p2 0 0 0 1 − p6 0 0
0 p2 0 0 0 p6 0 0
0 0 1 − p3 0 0 0 1 − p7 0
0 0 p3 0 0 0 p7 0
0 0 0 1 − p4 0 0 0 1 − p8
0 0 0 p4 0 0 0 p8


(33)



σ1
σ2
σ3
σ4
σ5
σ6
σ7
σ8


=

1
N



−(p6p7p8 + p5p6p7 − p5p6p7p8 + p3p8 − p8p6p3 − p5p6p3 + p5p8p6p3 + 1 + p6p3 − p5p3p8
−p6p7 + p5p3 − p5 − p3 − p8 + p5p8)

p1(p6p7 − p6p7p8 − p6p3 + p8p6p3 − p3p8 + p3 − 1 + p8)
p1

−p1(p8 − 1)(−p2 − p6p3 + p2p3)
p1(p6p7 − p6p7p8 − p6p3 + p8p6p3 − p3p8 + p3 − 1 + p8)

−p1(−p2p3 − p3p8 + −p3p2p8 + p3 − p2p7p8 + p2p7)
−p1(p8 − 1)(−p2 − p6p3 + p2p3)

p4p1(−p2 − p6p3 + p2p3)


(36)
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In practical model applications, n can be adjusted based on
the characteristics of travelers.

B. THE EXPLANATORY EFFECT OF STYLZED MACRO
TRAFFIC FLOW CHANGES ON ROAD SECTIONS
Based on the definition of travel decisions of travelers in the
complex system dynamics model established earlier, a macro
description of urban day-to-day travel system on specific
road sections can also be constructed, forming a macro-micro
integrated model. In this section, the modeling effect from
macroscopic point of view, namely the explanatory effect of
the model on the stylized facts in urban road traffic flow,
is evaluated.

As a complex system, the drastic flow changes in road
traffic indicate that the traffic flow continues to rise or fall
over a period of time. Through general travel cognition, it can
be found that sudden changes in traffic flow occur from
time to time, and their duration and amplitude of increase
and decrease are not fixed, relying on the properties of time
correlation. As with Section V, complex system dynamics
model based on n = 4 Markov process is considered, the
change of traffic flow on a specific road section can be given
by the following equation:

1x[t, t − 1] ≡ 1x[t] = x[t] − x[t − 1]

= ε[t] + ε[t − 1]ε[t − 2] (40)

where ε[t] is a Gaussian white noise process with zero mean
value and unit variance, namely p[ε[t] = +1] = p[ε[t] = –
1] = 1/2. Note that choosing a specific road section for a
certain traveler will only result in a traffic flow increment of
1 or 0, for the ease of calculation here, –1 instead of 0 is used.
Therefore, the mean value of traffic flow changes on the road
section is

1x[t] = ε[t] + ε[t − 1]ε[t − 2] (41)

where ε[t–1] and ε[t–2] take ±1 with the same probability,
so their mean values are also 0. And it is not difficult to see
that the mean value of the product of traffic flow changes
at different times, namely the mean value of the autocorre-
lation function 1x[t]·1x[t’] is also 0. Considering various
situations comprehensively, it is not difficult to see that the
mean value of 1x[t]·1x[t’] is also 0. As the mean value and
the autocorrelation function of 1x[t] are both 0, it seems
like a ‘‘random process’’, which means that when only the
lower-order time correlations has been considered, it may
lead to a conclusion that the sequence of traffic flow changes
is just like a ‘‘coin toss’’ decision.

However, by calculating higher-order time correlations,
it can be found that non-zero higher-order correlations that
do not exist in strict ‘‘coin toss’’ decision, can appear in the
model presented in this paper, which means that standard
linear statistical analysis tools may mask the actual existence
of higher-order time correlations. If the 3rd-order correla-
tion function 1x[t–2]·1x[t–1]·1x[t] is considered, its value
should be 0 in the ‘‘coin toss’’ decision model, but in the

TABLE 1. Traffic flow changes for each discrete time period in the model
with higher order time correlations.

model presented in this paper, it is not zero and the condition
mean value of ‘‘1x[t]|1x[t–2]·1x[t–1]’’ is always not 0.
To be specific, the mean value of ‘‘1x[t]|1x[t–2]·1x[t–
1]’’ should be proportional to ‘‘1x[t–2]·1x[t–1]’’ and is
not zero, so the flow sequence x[t] has a certain degree of
predictability, which is also a result of the memory that urban
day-to-day travel systems usually have, that is, the expected
value of traffic flow change in a future discrete time period,
or a time step in the future, depends on the product of the
results of the two time steps beforehand. Next, it is supposed
to analyze in detail the consequences of higher-order time
correlations on the magnitude and duration of drastic flow
changes in urban road traffic. The magnitude and duration of
drastic flow changes on a certain road section are defined as
the magnitude and time experienced by the flow x[t] from the
local maximum to the local minimum, or the magnitude and
time experienced by the flow x[t] from the local minimum to
the local maximum. By employing equation (40), the traffic
flow changes for each discrete time period or time step can
be obtained, as shown in Table 1.

From Table 1, it can be seen that the maximum flow
variation for 3 discrete time periods or time steps is 3 (+3
or –3); in addition, some information about the maximum
amplitude of traffic changes and their duration can also be
seen from the table, such as random sequences ‘‘–1,–1,–1’’,
and ‘‘+1, +1, +1’’ can generate a traffic sequence with a
maximum duration of 3 steps and amaximum traffic variation
of +3 and –3. This means that the maximum sequence of
traffic changes is hidden in the standard statistical calcula-
tion conclusions of the model, but the time correlation that
only appears in the form of higher-order correlation can be
manifested in traffic flow fluctuations. Compare the 1x[t]
corresponding to the ‘‘coin toss’’ decision

1x[t] = x[t] − x[t − 1] = ε[t] (42)

It can be observed that there is no difference between the
models given by equation (40) and (42) in terms of mean
value and autocorrelation coefficient, but in fact, they are very
different. In special cases, the model given in equation (42)
can generate drastic flow change with infinite time period and
amplitude, which corresponds to an infinitely long random
‘‘coin toss’’ decision that always yields positive results. And
in terms of quantitative calculation, it can be found that
the probability of the occurrence of a drastic flow change
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with the amplitude of at least n is 0.5n. Therefore, in the
macro road network of urban day-to-day travel systems,
there is a very small and limited possibility of generating a
drastic flow change with arbitrary duration and amplitude
on specific road sections. This conclusion is significantly
different from the time correlation given in equation (40).
Therefore, the time correlation in traffic flow changes has a
dramatic impact on transportation system dynamics, and the
existence of higher-order time correlation limits the duration
and magnitude of traffic flow fluctuations. On some level,
higher-order time correlations have an important impact on
the analysis of micro route choices in urban day-to-day travel
systems.

Through the theoretical verification and validation pre-
sented in this section, it can be seen that under the influence
of micro level travel decisions made by urban day-to-day
travelers, the traffic flow changes in specific road section in
themacro level road network can be described by the complex
system dynamics model proposed in this paper. More specif-
ically, the results (success or failure) of micro level travel
decisions, as well as travel decisions made in the subsequent
discrete time period after obtaining the information of macro
level road traffic flow and past decision results, can also be
described through the proposed model, thus achieving a full
description of the personalities of urban day-to-day travelers.
Of course, in the theoretical verifications and validations
made in this section, only n= 1 and n= 4Markov process sit-
uations in the proposed complex system dynamics model for
whether to choose a specific road section in day-to-day travel
have been discussed. However, it is evident that by changing
the value of n, the model can achieve effective description of
not only personalized micro travel decision-making process,
but the macro road flow changing process affected by micro
travel decision-making in information environment as well.

VI. NUMERICAL ANALYSIS
In this section, in order to conduct a more comprehen-
sive performance evaluation of the established complex
system dynamics model that includes micro route choice
game between travelers, and to examine its performance in
explaining the dynamics of urban day-to-day travel systems,
numerical analysis is conducted on the established model to
observe whether it can exhibit system dynamics and stylized
facts similar to macro road flow fluctuations. In the discus-
sion, without considering the daily increase in urban traffic
flow due to the increasing number of vehicles, the reference
value L[t] of the flow change on the selected road section is
always 0. That is to say, for each day-to-day traveler, when
choosing a specific road section to travel, if the increment of
traffic flow on this road section is less than L[t]= 0 compared
to the reference traffic flow value, then the micro strategy
s[t + 1] for choosing this road section will be added 1 point;
on the contrary, s[t + 1] will be deducted 1 point. However,
considering the inherent characteristics of the urban day-to-
day travel system, in numerical simulation, the value of the
rating threshold R that travelers should reach when making

micro route choice decisions is set to a relatively smaller
value of 3, so as to avoid affecting the interpretation of the
rigid demand in day-to-day travel of the model. That is to
say, as discussed in Section V-A, a certain route will only be
selected when s[t] ≥ 3.

Figure 4 shows the situation that local day-to-day travelers
P = 500, and the flow rate for ensuring normal traffic on a
certain road section during a specific discrete time period is
P/2 = 250. As mentioned earlier, with L[t] = 0, each traveler
has a strategy number s = 2 related to YB[t] that discussed
in Section V-A, and the memory time for strategy cumulative
score is 10 (i.e. considering the actual experience of the same
type of travel in the past 10 days). As discussed above, in the
numerical experiment, the confidence index is set as R = 3.
To traverse the memory length of all travelers, the mastery of
the past information length m of travelers is taken as 3 to 10.
The numerical simulation results for m = 3 and m = 10 are
presented in Figure 4 respectively.
From Figure 4, it can be seen that the difference in the

memory length of transportation information for day-to-day
travel significantly affects the results of micro route choice
decision-making, thereby affects the evolution of macro traf-
fic flow. Considering that the total number of states M in
the state set is M = 2m, a larger value of m corresponds to
a larger M /P ratio, which means that the total number of
combinations of the historical states on a certain road section
has a greater ratio to the number of travelers participating
in this road section related day-to-day travel. It can be seen
that when m = 3, the M /P ratio is small, as mentioned
above, each traveler has a strategy number s = 2, thus, the
total number of available strategy combinations for travel-
ers is 2M = 28 = 256, which is relatively small compared
to 500 local day-to-day travelers. As a result, many trav-
elers hold the same successful strategy R∗, and the score
of s[t] of strategy R∗ is the same. At the beginning of the
next discrete time period, these travelers will take the same
actions according to R∗ to form an aggregation effect; at the
same time, only a small number of travelers may hold the
anti-correlation strategy R∗ of this successful strategy and
take the opposite action, resulting in a small anti-aggregation
effect. This high aggregation state of travelers due to the lack
of available strategy combinations creates a huge fluctuation
in road traffic in Figure 4(a). In contrast to the above situation,
when m = 10, the M /P ratio is high, the total number of
available strategy combinations is 2M = 21024, which is very
large compared to the 500 local day-to-day travelers. It is
difficult for any two travelers to hold exactly the same micro
strategy combination, resulting in a small aggregation effect.
The number of travelers holding any two anti correlation
strategies is roughly the same, as a result, the flow fluctuation
of the road section in Figure 4(b) is relatively small.

It can be seen that in the case of smallm value, the proposed
model based on complex system dynamics can reproduce
some of the stylized facts that occur in real urban day-to-day
travel system. From Figure 4(a), it can be observed that in
the case of a small m value, the flow of the road section is
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FIGURE 4. Numerical analysis of the changing process of traffic flow x[t ]
on certain road section.

relatively small compared to the situation in Figure 4(b), and
cluster phenomena caused by aggregation effects often occur.
From the evaluation point of view, as long as a large number
of travelers take the same action, this strategy will be penal-
ized, resulting in high-frequency traffic flow fluctuations on
the road section, accompanied by the thick tail phenomenon
discussed in Section V-B. In the case of large m value, the
proposed model has a more random overall performance of
the traffic flow sequence because many day-to-day travelers
do not have the possibility of behavior aggregation due to
holding the same strategy combination. As there is a fact
that the aggregation behavior of day-to-day travelers during
commuting often occurs due to OD similarity, models with
smaller m value seem to be closer to the actual urban day-to-
day travel situation.

Next, numerical analysis is conducted on the system evolu-
tion behavior with different L[t] values in the situation when

FIGURE 5. Numerical analysis of the evolution process of traffic flow x[t ]
on certain road section with different L[t] values set.

m = 5, as shown in Figure 5. It is obvious that for situations
when L[t] > 0, the traffic flow on certain road section is
supposed to increase gradually, which seems to be in line with
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the development situation of cities. When travelers generally
expect a positive increase in traffic flow, choosing a road
section with an appropriate amount of traffic flow increment
seems to be a rational thing. Therefore, travelers tend to make
decisions ‘‘to pass through that road section’’. For situations
when L[t]< 0, the traffic flow on the road section is supposed
to decrease gradually, this situation is applicable to simulating
a period of time when the road section is limited by special
reasons. In this situation, travelers tend to make decisions
‘‘not to pass through that road section’’. For situations when
L[t] = 0, the traffic flow of the road section is in a stable and
approximately non deviating process from its mean.

For different values of L[t], travelers will have corre-
sponding changes in the formulation of micro path selection
strategies. In different time stages, different L[t] values will
trigger the urban day-to-day system to evolve into different
states, forming a new supply-demand balance relationship
between road sections and travelers in the macro trans-
portation system. Although the traffic flow variation patterns
shown in Figure 5 are in oscillatory states, their trends can
be captured and understand by complex system dynamics.
It can be seen that the expected change in L[t] for the
increase in road traffic volume will also generate a clustering
effect among traveler, and this change is of great significance
for urban transportation planners and managers to rationally
evaluate the changing and evolution of day-to-day travel
behavior caused by road traffic flow control, road closure,
and new road construction, as well as the effectiveness of road
planning and design.

VII. CONCLUSION, COMMENTS, AND FUTURE WORK
In this paper, the basic physical concepts of complex system
dynamics involved in analyzing the micro route choice of
urban day-to-day travel in information environment and the
macro traffic flow under its influence have been discussed,
focusing on macro-micro integrated modeling in explaining
the macro traffic flow variable attributes, travel risk quantifi-
cation, and time correlation effects in urban day-to-day travel
under the influence of micro individuals. Specifically, this
paper starts with basic probability knowledge and discusses
the possibility and methods of explaining the traffic flow
fluctuations in urban day-to-day travel system based onmicro
‘‘coin toss’’ route choice decision-making related probability
knowledge; on this basis, the dynamics impact of micro route
choice decision-making on macro traffic flow is discussed,
and thus a discussion on evaluating travel risk at the level of
macro traffic flow changes is introduced; then, a theoretical
framework of non identically or independently distributed
variables has been established to discuss the correlation and
independence of traffic flow fluctuations in different dis-
crete time periods under the influence of micro route choice
decision-making in information environment; in addition,
further analysis is conducted on the methods for defining the
success and failure of micro decision-making, and through
numerical analysis, the possibility of higher-order time corre-
lations in macro road traffic flow changes under the influence

of micro decision-making evaluation, as well as whether
the existence of such correlations would cause drastic flow
changes in macro road traffic flow and to what extent, are all
discussed and analyzed.

To be frank, the model discussed in this paper can be
described as the prototype of a macro-micro integrated mod-
eling methodology for urban day-to-day travel based on
complex system dynamics in information environment. It is
called the prototype because there are many micro factors
that need to be considered to fully simulate urban day-to-
day travel systems. The day-to-day travelers are influenced
by the available time of their time changes in each discrete
time period, as well as several unexpected situations in the
macro transportation network, such as regulations and acci-
dents. Of course, the original intention of modeling the micro
route choice of urban day-to-day travel system is to use as
few variables as possible to explain travel behavior and its
macro performance to the greatest extent. The basic concepts
of complex system dynamics discussed in this paper can
serve as the basis for the discussion of micro route choice
decision-making in urban day-to-day travel system. In the
future, based on the model proposed in this paper, in-depth
research will also be conducted on the interesting changes
that may occur in micro route choice decision-making and its
macro impact under the influence of different types of global
information and local information that is only mastered by a
few travelers in the information age.

APPENDIX A
NOMENCLATURE
xi Traffic flow in the i-th discrete time period.
1xi Traffic flow changes in the i-th discrete time

period.
1x Traffic flow changes in any discrete time

period if 1xi are identically and indepen-
dently distributed.

1xn,0 Traffic flow changes between the n-th and
the 0th discrete time periods.

p[1xi] The probability distribution function of1xi.
p[1x] The probability distribution function of1xi.
p[1xn,0] The probability distribution function of

1xn,0.
f [1x] The probability distribution function of traf-

fic flow changes of the certain road section
discussed.

σi,i−1 The 2nd order moment of 1xi (the variance
of 1xi).

σ The 2nd order moment of 1x (the variance
of 1x).

σn,0 The 2nd order moment of 1xn,0 (the vari-
ance of 1xn,0).

n The number of consecutive discrete time
periods, the order of a Markov process in
describing urban day-to-day travel.

k An intermediate variable set for deriving
p[1xn,0].
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ai[t] The micro travel decision made by the
i-th urban day-to-day traveler at time t .

x[t] The traffic flow of the certain road section
discussed at time t .

ai[t, x[t–1]] The micro travel strategy made by the
i-th urban day-to-day traveler at time t by
considering the traffic flow of the certain
road section discussed at time t–1.

ri A certain reference value of the traffic flow
of the certain road section discussed.

u[t] A unit step function.
R[t , t–1t] The traffic flow change rate of the certain

road section discussed between time t and
t–1t .

yi The traffic flow of the certain road
section discussed in the i-th time period
of n consecutive discrete time periods
(i = 1, 2, . . . , n).

� The maximum increase in traffic flow set
that the certain road section discussed can
withstand.

ti The i-th time period of n consecutive dis-
crete time periods (i = 1, 2, . . . , n).

T The duration of each discrete time
period.

M The number of all possible states in an
n-order Markov process.

α, β 2 integer constants ranging from 1 toM .
Pt State probability vector.
P State transfer matrix.
Psuccess,i The probability of success (the travel time is

shorter than planned time) in choosing road
section i.

s[t] Cumulative score of a traveler at time t .
si[t] Cumulative score of choosing road section i

of a traveler at time t .
Yi[t] State vector of cumulative scores formed by

si[t]–si[t–1], si[t–1]–si[t–2], . . . , its dimen-
sion is determined by n.

σi[t] The probability that a traveler will be in state
i at time t(i = 1, 2, . . . , M ).

D A specific state transfer matrix.
E An identity matrix.
p The probability of using ‘‘coin toss’’ deci-

sion to choose a specific road section for
travel and finally achieving success.

pi The probability of using past traffic flow
and travel situation information to choose a
specific road section for travel and achieving
success (i = 1, 2, . . . , M ).

p’i A probability that equals to (p + pi)/2.
ε[t] A Gaussian white noise process with zero

mean value and unit variance.
L[t] A reference value of the traffic flow change

on a specific road section.

R Rating threshold that travelers should reach
when making certain micro route choice
decisions.

R∗ Successful travel decision-making strategy.
R∗ Anti-correlation travel decision-making

strategy of R∗.
P The total number of local day-to-day travel-

ers.
s The number of decision making strategies

that each traveler has.
m The mastery of the past information length

of travelers, usuallym= n – 1, andM = 2m.
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