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Abstract: GPS-equipped vehicles are an effective approach for acquiring urban population move-
ment patterns. Attempts have been made in the present study in order to identify the population
displacement pattern of the study region using taxis’ origin and destination data, and then model
the parameters affecting the population displacement pattern and provide an ultimate model in
order to predict pick-up and drop-off locations. In this way, the passenger pick-up and drop-off
locations have been identified in order to obtain the population movement pattern. In this study,
Moran’s I index was used to measure the spatial autocorrelation, and hot spot analysis was used
to analyze spatial patterns of pick-up and drop-off locations. Effective parameters modeling was
performed using the Poisson regression. The results of the spatiotemporal distribution map for
pick-up and drop-off locations indicated a similarity in patterns and equal results for some locations.
Results also indicated different features of spatial distribution during different hours of the day.
Spatial autocorrelation analysis results indicated a low probability of randomness in the general
spatial distribution of the locations. The result of modeling the parameters shows the positive effect
of the parameters on the pattern of population movement, and according to the p-value of 0.000,
Poisson regression is significant for the pick-up and drop-off locations. The modeling results also
highlighted the importance of movement patterns in recognizing urban hot spots, which is valuable
for policymakers and urban planners.

Keywords: population movement patterns; Moran’s I index; spatial autocorrelation; hot spots;
spatio-temporal distribution; Getis-Ord-Gi; Poisson regression

1. Introduction

With the rapid growth of the city, urban planners face many challenges. The un-
planned development of cities and populations has imposed many problems on planners
at various levels. Understanding urban growth and its related factors and their impact
on the city should be considered by urban planners. Urban growth is directly related to
transportation and, consequently, urban traffic. Part of urban planning is a transportation
planning and urban traffic [1,2]. Lack of attention to urban planning and transportation
planning leads to a lack of sustainable development [3]. Urban planning and its context are
also continuous, permanent, and dynamic and cannot be dealt with in a cross-sectional,
temporary, and static manner. On the other hand, understanding the pattern of transport
requires understanding the movement behavior of individuals [4]. Therefore, there is a
need to study the spatiotemporal growth of the urban environment and the movement
behavior of individuals to achieve sustainable urban development. In an urban environ-
ment, an important part of human activity is the movement behavior of individuals, and
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a thorough analysis can lead to the extraction of a movement pattern. With the rapid
advancement in IT and communication technologies, research about human movement
in recent years has risen [5]. The discovery of movement patterns helps recognize the
spatial and temporal structure of cities [6]. Understanding urban populations’ movement
and temporal patterns are useful in areas such as urban planning, urban management,
and urban traffic modeling and forecasting [7]. Additionally, given the prevalence of the
coronavirus, spatiotemporal population modeling can be used to predict epidemics. A
population with a high rate of displacement can spread the disease more rapidly. In areas
with high population movements, the spread of the disease is higher because the arrivals
and departures are high, and residents have to travel longer distances to do their jobs [8].

We live in a data-rich world where analyzing this big data can solve many of our
problems [9]. Therefore, big data of intra-city travel can be useful in many spatial analysis.
These studies have great importance in various applications such as traffic control, land
use planning, and other applications [10,11], especially in the densely populated and
developing cities of Iran, which face a variety of problems. One of these developing cities
facing a high growth rate is Bojnourd, the capital of the Northern Khorasan province. Few
studies in Iran have explored the patterns of population movement, which necessitates this
research. In addition, in past studies, less attention has been paid to predict pick-up and
drop-off locations based on the parameters affecting the movement pattern. Therefore, this
research has explored the movement patterns of Bojnourd’s inhabitants, using taxis’ origin
and destination data.

This paper initially identifies the movement patterns by data pre-processing and then
segmenting the studied area into smaller pieces; Moran’s I will be applied to evaluate
spatial autocorrelation, and hot spot analysis will be used to investigate the spatial patterns
of pick-up and drop-off locations. Then, the process of modeling the parameters influencing
the population movement patterns continues to further predict taxis’ pick-up and drop-off
locations distribution.

This study begins with a brief introduction justifying the necessity of the research, its
implementation, and then the scope of the study areas. The following parts present the
research methodology, findings, discussion, and conclusion.

2. Relevant Literature

Urban trip distribution estimation methods are divided into three categories: field
survey methods (the traditional approach), counting sensor methods, and methods based
on location-oriented technologies [12,13]. Though temporal and spatial patterns could be
explored using the traditional method, such data sets are not always enough to measure
microscopic travel behavior [14]. In the counting sensor method, urban traffic rates are esti-
mated by sensors and traffic cameras, which are limited options due to high installation and
maintenance costs [15]. In general, these models tend to have computational complexity.
Methods relying on location-oriented technologies include mobile data, social networking
inputs, Bluetooth tracking data, and locations registered by the Global Positioning System
(GPS) system [16–18].

Data types related to the third category have been used in various studies. Some
studies have used mobile phone data to discover the general spatial pattern of the pop-
ulation [19]. Gariazzo et al. [20] used mobile data and demographic data to explore the
spatiotemporal pattern of population in Rome. Using large mobile data, Yang et al. [21]
and Wu et al. [22] examined the spatiotemporal pattern of population movement in China.
However, the problem with this type of study is that people do not desire to share their
location because of their privacy [23]. In recent years, intelligent transportation systems
have been including GPS-equipped taxis to alert and enhance transportation manage-
ment. The route data, including location and speed, sent by moving vehicles are stored
in a data center. Utilizing real-time data systems to manage traffic make it possible to
monitor urban traffic and make predictions about probable congestions [24]. The data
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acquired from GPS-equipped taxis have been utilized in a few cases in current studies with
geographical purposes.

In the past few years, taxi GPS data have been studied as a suitable way to explore
the patterns of movement of people in different studies [25,26]. Yuan and Le Noc [27]
examined the urban movement using taxi-induced data in the Chinese city of Nanjing,
which clearly distinguished between city centers and suburbs. Gong et al. [28] speculated
the purpose of traveling and identified the traveling patterns from the taxis trajectory data
in Shanghai. The study approximates the Shanghai residents’ journey. Shen et al. [29]
proposed a method to draw out passenger pick-up and drop-off locations, discovering the
spatial movement pattern of the Nanjing population using taxi data. Rahimi et al. [30] have
spatially-temporally modeled the population of Bojnourd using data from the origin and
destination of taxis and discovered the movement pattern of the population. The results
of the study showed that the method used to model the population at the neighborhood
level worked well. Some studies have also examined the movement pattern during the
coronavirus pandemic. La Gatta et al. [8] predict the spread of an epidemic using a
framework based on machine learning and movement data and the spatiotemporal effects
of an epidemiological model. The comparison of trained epidemic models with actual
data showed the good performance of the model. In general, it can be acknowledged that
in most of the researches, the movement pattern of people has been identified using taxi
position data, and the parameters affecting the movement pattern of people have been paid
less attention to predict the pick-up and drop-off locations.

Recently, several methods have been developed to study the patterns of city movement
by using taxi origin and destination data. Spatial data clustering is one of the most largely
used methods, which is generally used for a group of similar objects. Exploratory analysis
is a suitable method for displaying and describing spatial distributions, discovering spatial
relationship patterns, and identifying spatial clusters. These methods show local and
global spatial autocorrelation and spatial heterogeneity [31]. The spatial autocorrelation
method may be used to measure the spatial interaction of numeric interval and ratio
data [32]. In addition, spatial autocorrelation methods have been used in some studies.
Saddam Hussain et al. [33] examined the spatial pattern of vehicle accidents by spatial
autocorrelation. Moran’s I statistic cannot detect spatial clusters that are presented as hot
spots and cold spots. Therefore, local statistics G was used. The Getis-Ord-Gi statistic is a
remarkably useful method in evaluating the local autocorrelation of space. This method
detects areas with greater contribution to spatial autocorrelation to identify local clusters
with high or low values. Besides, these methods also identify specific sections or adjacent
section groups that deviated from their general spatial autocorrelation.

Various factors such as land use, the regional population, area, etc., impact the popu-
lation movement patterns. Identifying and recognizing such factors and determining the
scope of their influence makes it possible to control the population growth and specific
uses through appropriate necessary planning. Depending on the dependent variable’s
type, different modeling methods are implementable; when the target and response vari-
able’s data are numeric and discrete, the efficiency of multiple linear regression models,
Poisson, and negative binomials is so remarkable. Logistic models indicate acceptable and
near-realistic results [34]. When the dependent variable’s data are categorical (occurrences
and non-occurrences). The Poisson regression model is utilized in a wide range of data
sets. Often, this method is a good starting point model as long as the data is distributed by
Poisson. Poisson distribution is used wherever counting data are considered [35]. Accord-
ing to the type of data related to pick-up and drop-off locations, which are of the numerical
type and the number of these points in various places is independent of each other, the
modeling of parameters affecting the population movement pattern will be carried out
using the Poisson model in this study.
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3. The Study Area

Bojnourd is the capital of the Northern Khorasan province in northeastern Iran. Boj-
nourd, with 36 square kilometers, is at 57◦20′ longitude and 37◦28′ latitude in the foothills
of Aladagh, Kopeh Dagh, and Alborz Mountains. One of the largest cities in the country,
Bojnourd is ranked the forty-fourth city in Iran. Based on the latest population and housing
census of 2016, the population is 228,931 (67,335 households). In the last decade, with the
creation of the Northern Khorasan and being chosen as the center of this new province
and extensive migration, Bojnourd has been facing rapid population growth and a rapid
extension of the state. Traffic is a problem the majority of growing cities are dealing with.
A large number of citizens traverse Bojnourd, the capital of the Northern Khorasan, in the
scope of a day, hence the importance of traffic for urban planners, which contributed to the
conduction of this study. The study area is shown in Figure 1.

Figure 1. The study area.

4. Data and Research Method

The present study is a descriptive-analytical method aimed at identifying the pattern
of intra-urban population movement using taxis’ origin and destination data and modeling
the parameters that affect the population movement pattern in Bojnourd. In this research,
taxis’ GPS data in Bojnourd were exploited to compute the number of trips produced and
evaluate the models. Taxi data were collected from 137 taxis from 1 November 2018 to
26 December 2018. The format of the raw taxi data was the trajectory of taxis, including
20,008,969 data, with each record containing information concerning taxi identification,
position, speed, direction, time, cost, and whether or not the passenger is carrying (status).
Table 1 provides a sample record of the data set. Other data included land use (residen-
tial areas, workplaces, educational facilities, kindergartens, clinics, hospitals, etc.) and
population (population size).
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Table 1. A sample record of the data set.

Record ID 204834129
Taxi ID 121

Longitude 57.3349
Latitude 37.4843

Velocity (KM/h) 41
Direction -

Cost (Rial) 1350
Status 1

This study initially identified the intra-urban populationn movement and the accuracy
of the model in predicting the number of pick-up and drop-off points was examined. The
first step to identifying population movement patterns was data preprocessing, drawing
out pick-up and drop-off locations, and detecting and removing trips outside the study
area. Finally, the number of trips produced and absorbed in each region was calculated.
In the end, Moranp and drop-off loplied to evaluate spatial autocorrelation, and Getis-
Ord-Gi hot spot analysis was applied to analyze spatial patterns of pick-up and drop-
off locations. Poisson regression was utilized to model the parameters impacting the
population movement, and the accuracy of the model in predicting the number of pick-up
and drop-off points was examined. Figure 2 describes the stages of research.

Figure 2. The stages of research.
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4.1. Identify the Pattern of Intra-Urban Population Movement Using Taxis’ Origin and
Destination Data

The first step toward identifying population movement patterns was to preprocess
the data and extract passenger pick-up and drop-off locations. The pick-up and drop-off
locations were obtainable when the passenger’s status changes. When the passenger’s
previous status was set to 0 and the current passenger status was set to 1, the sample
point represented a pick-up location. If the passenger’s previous status was 1 and the
passenger’s current status was 0, it was assumed that the current sample point is a drop-off
location [36,37]. A total of 112,050 pick-up locations and 105,256 drop-off locations were ex-
tracted. Points that originated outside the study area or were terminated outside the study
area were identified and then removed. A total of 12,204 pick-up locations and 18,258 drop-
off locations were excluded, and finally, 99,846 pick-up locations and 86,998 drop-off
locations were retained. Excluding pick-up and drop-off locations comprised only 10.9%
and 17.3% of the total pick-up and drop-off locations. Finally, the regional number of
pick-up and drop-off locations was calculated. Figure 3 depicts the spatial distribution of
pick-up and drop-off locations in the research area.

Figure 3. Spatial distribution of pick-up and drop-off zones.

First, before the data analysis step, it was necessary to assign pick-up and drop-off
locations to the study area. After data preparation, Moran’ I statistic was used for analyz-
ing the spatiotemporal pattern of the urban population movement. In spatial statistics,
recognizing patterns and discovering the trend in spatial data have particular importance.
Moran’s I spatial autocorrelation statistic makes it possible to measure spatial differences
among all samples. To calculate Moran’s I index, first, a score of Z and a p-value must be
obtained, and then the evaluation and significance of Moran statistic should be considered.
The value of Moran’s I varies between −1 and 1. Negative Moran values indicate a neg-
ative trend in spatial autocorrelation and positive values indicate a positive trend in the
autocorrelation of space, and the zero value represents a random spatial pattern [38] The
value of the Global Moran’s I is calculated by Equation (1) [39].

I =
n
s0
×

∑n
i=1 ∑n

j=1 wij(xi − x)
(
xj − x

)
∑n

i=1(xi − x)2 (1)
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If n represents spatial units number specified with i and j; then X is the desired
variable; X is the mean of X; Wij is a part of the spatial weights matrix and the number
of points in a study unit. S0 also indicates the sum of all the elements. In general, spatial
autocorrelations depend on Z values. Spatial clustering is a high value if the Z score is both
positive and high. However, if the Z score is negative and low, spatial clustering is of low
value. Additionally, when Z score is statistically significant, its values are larger than the
expected values of 1.96 or more than 2.58 [40]. The z-score can be shown mathematically as
Equation (2) [41,42].

E(I) =
−1

(n− 1)
and V(I) = E

[
I2
]
− E[I]2

{
z =

1− E(I)√
V(I)

}
(2)

The value of p represents a probability. If this value is very small, there is a low
probability of the spatial pattern observed being the outcome of accidental processes; then,
the null hypothesis can be rejected. If the yielded value of p is less than 0.01, it indicates a
probability of 1% of this clustered pattern being the product of a random process [40].

It is also necessary to use local spatial autocorrelation to determine the location of
hot spots and cold spots. The statistic of Getis-Ord-Gi was used to explore more precisely
the spatial distribution of hot spots and cold spots. When this statistic is obtained, the
confidence level is considered to be 90%, 95%, and 99%, respectively. The Getis-Ord-Gi
statistic is calculated as Equation (3) [43].

G∗i =
∑n

j=1 wi,jxj − x ∑n
j=1 wi,j

s

√ [
n ∑n

j=1 w2
ij−
(

∑n
j=1 wij

)2
]

n−1

x =
∑n

j=1 xj

n
and s =

√
∑n

j=1 x2
j

n
− (x)2

 (3)

where xj is the attribute value for the attribute J; wi,j is the spatial weight between the
property i and j; n is the total number of attributes.

4.2. Modeling the Parameters Affecting Population Distribution

In order to model the parameters affecting population movement, first, the identifica-
tion of effective parameters, such as pick-up and drop-off locations, area, number of types
of land use, number of migrations, and the population of the region, was performed. Then,
modeling was conducted using Poisson regression. One of the most important general
linear models is the Poisson model, which uses the Poisson distribution for the response
variable and assumes that the mean and variance of the response variable are equal [35].
In a Poisson model, the probability of the ith neighborhood, which has yi pick-up and
drop-off locations, is obtained by Equation (4). The relationship between the independent
variables and the number of pick-up and drop-off locations for the expected study area is
a logarithmic, linear model derived from Equation (5). The general form of the model is
depicted in Equation (6) [44].

P(yi) =
exp(−λi)λi

−yi

yi!
(4)

ln(λi) = βXi or λi = exp(βXi) (5)

λi = e(β0+β1x1+β2x2+...+βnxn) (6)

P(yi) is the probability of ith neighborhood of the study area which has yi pick-up
and drop-off locations. yi shows the number of pick-up and drop-off locations for ith
neighborhood. β is a regression parameters vector and Xi is an independent variables
vector. β0 is the constant coefficient, β1, ... and βn are the calculated coefficients in the
vector form and x1, ... and xn are independent variables. Finally, the model is validated to
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predict the number of pick-up and drop-off points to determine its efficiency and adequacy
in modeling the number of pick-up and drop-off points.

5. Results

The results and discussion section begin with depicting of the spatiotemporal pattern
of population movement in Bojnuord, using the inter-urban taxis’ origin and destination
data. The findings related to identifying the factors impacting the population movement
patterns were then presented.

5.1. Spatiotemporal Pattern of Population Movement

In this research, GPS data of taxis in the urban areas of Bojnuord were used to identify
the behavioral pattern of urban movement. After processing the data, the pick-up and
drop-off locations statistics within one-hour scales were obtained daily and on the week-
days. Figure 4 represents the number of pick-up and drop-off locations per hour, per day
in a week.

Figure 4. Cont.
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Figure 4. The pick-up and drop-off locations statistics in the different time scales.

On a daily scale, a similar pattern and an almost equal number of pick-up and drop-off
locations per day are examined. On a weekly scale, Fridays and Thursdays depict lower
numbers than the rest of the days of the week. Expectedly, statistics indicate taxi travels
are lower at weekends and that a similar pattern is examinable across all weekdays. On
an hourly scale, results depict different spatial distribution patterns at different hours per
day. With the working hour beginning in the morning, the rush hour rises from 8:00 to 9:00.
Besides, from 14:00 to 15:00, when the daily work is completed and the passengers return
to their homes, another rush period is expected. There is also a reduction in the congestion
period from 18:00 to 4:00. There are plenty of pick-up and drop-off locations available from
4:00 to 18:00.

Figure 5 depicts the distribution of pick-up and drop-off locations in November and
December, and Figure 6 depicts the spatial and temporal distribution from 8:00 to 9:00,
14:00 to 15:00, and from 18:00 to 4:00.

November and December represent a similar spatial pattern of the pick-up and drop-
off locations spatial distribution. Expectedly, the majority of daily trips begin from down-
town. As depicted in Figure 5, there is a clear division between the suburbs and the urban
center, where taxi trips tend to be carried out toward far locations of the urban center
or toward a specific center, indicating there is a clear separation of crowded urban areas
in which residents can take a short trip for their daily needs in any center or suburbs.
Movement activities occur during the day and often gradually resume from morning until
night. As shown in Figure 6, the pick-up and drop-off locations’ number varies over time.
Additionally, the number of pick-up and drop-off locations during the day is more than
the night (8:00–9:00), due to travel to the workplace, and 14:00–15:00, because of returning
from work.
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Figure 5. Cont.
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Figure 5. Cont.
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Figure 5. Spatial distribution of pick-up and drop-off locations for November and December.
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Figure 6. Cont.
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Figure 6. Cont.
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Figure 6. Spatiotemporal distribution of pick-up and drop-off locations.
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The map consisting of the pick-up and drop-off locations, hot and cold spots, is
demonstrated in Figure 7. Getis-Ord-Gi statistic identifies hot spots with accuracy levels
up to 90, 95, and 99 percent. Hot spots and cold spots for pick-up and drop-off locations
depicted the same spatial patterns in November and December. Hot spots of pick-up
and drop-off locations are located in downtown and in Shahid, Sabzeh Square, Kargar
Square, and Ferdowsi Square, while most cold spots appear in the Golestan Township
and the industrial park. Zoning results obtained from Z-Score also showed hot spots from
downtown toward the suburbs are also increasing.

Moran’s I statistic was used to express spatial autocorrelation. Figure 8 depicts the
output of the Moran spatial autocorrelation analysis. Moreover, the value of Moran I is
plotted in Figure 8. The calculated Moran’s I statistic for all pick-up and drop-off locations
indicates spatial autocorrelation of points. The minimum z value for two months is more
than 2.58, and the highest p-value is less than 0.01, which represents a probability of less
than 1% of the random selection of this spatial pattern. On some days, Moran’s I statistic
shows larger values in comparison with one-month or two-month periods. Therefore,
Moran’s I statistic is not fully compatible with the number of points. The number of points
and their distribution in space impacts Moran’s I statistic.

Figure 7. Cont.
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Figure 7. Cont.
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Figure 7. Cont.
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Figure 7. Hot spots and cold spots for pick-up and drop-off locations.

Figure 8. Moran index changes over time.

5.2. Identifying the Factors That Affect Population Movement

The main objective is to model the population movement pattern and to predict the
population pattern for different regions, using the taxis’ origin and destination data. The
Poisson regression model fits according to the parameters that impact the population
movement. The results of pick-up and drop-off locations can be seen in Tables 2 and 3,
respectively. These tables provide the estimate of every independent variable’s coefficients
in addition to the standard error and the p-value probability. According to these tables,
each parameter’s role in impacting the population movement patterns is determinable. In
these tables, B is the non-standard regression coefficient, and S.E is the standard error. The
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positive coefficients of the independent variables indicate with the increase in their values,
the number of pick-up and drop-off locations in a neighborhood also increases. EXP (B) is
equal to the predicted odds of the model. The prediction odds rate also indicates the ratio
of a group’s frequency to the frequency of not-belonging to that class; when the value is less
than 1, the odds of failure to winning are higher. The p-value can also be observed in the
sig column. The sig column demonstrates the statistical significance and meaningfulness
of the regression analysis model, in a way that, if the obtained result is less than 0.05, it is
concluded that the utilized model is a good predictor of the pick-up and drop-off locations
number variable. The output of this test is significant and meaningful concerning the
p-value of 0.000 for the Poisson regression of the pick-up and drop-off locations. The main
objective of this model is to investigate the effect of different parameters on the population
movement pattern (the number of pick-up and drop-off locations). The p-value (Sig) for all
variables in both pick-up and drop-off models is less than 0.05, and the null hypothesis
for these variables is rejected. Therefore, the fitting of the Poisson model is significant
and meaningful regarding all variables and these factors affect the population movement
pattern and the number of pick-up and drop-off locations. Meaning that for each added
educational land use to a neighborhood, the number of pick-up locations increases by
approximately 6.7% and the number of drop-off locations increases by 4.3%, or by adding
a residential land use, the number of pick-up locations decreases by 0.2% and the number
of drop-off locations decreases by 0.1% for a neighborhood. The 95% confidence interval
states that if the sampling is repeated 100 times and one hundred confidence intervals are
produced, 95 intervals will include the study parameter and only five of these intervals
will not include the average of this study. The confidence level here is 95%. Thus, we may
encounter a confidence interval in 5% of cases that do not include the study parameter.
Therefore, it should be stated that this interval is 95% likely to include the population
parameter. The 95% confidence interval can be seen in Tables 2 and 3. According to these
tables, the intervals of 0.63–0.72 (0.09) for pick-up locations and 0.039–0.048 (0.09) for
drop-off locations include the actual values of the number of pick-up and drop-off locations
within the context of educational land use, with a probability of 95%. This means it is 95%
certain that the average number of pick-up and drop-off locations for educational land
uses are between 0.63–0.72 and 0.039–0.048, respectively. The confidence interval for both
models includes a small range; thus, the accuracy of estimating the number of pick-up and
drop-off points is high. Decreasing the confidence interval length increases the accuracy
of the distance estimator. In this model, the variables of administrative and cultural land
uses with the prediction rates of 1.102 and 1.142 have a greater impact on increasing
the number of pick-up and drop-off locations in each neighborhood. Additionally, in
the health-treatment section, the prediction rates of 0.983 and 0.991 have less impact on
the number of pick-up and drop-off locations in each neighborhood. Table 4 presents the
comparison criteria for pick-up and drop-off locations. The Log-Likelihood in the model for
pick-up and drop-off locations is −5794.05 and −3412.24, respectively. The Log-Likelihood
determines the weakness of the model’s prediction, indicating the fact that the smaller
the absolute value of the model, the better the model is considered to be. The Akaike
Information Criterion (AIC) is a measure of how well the fit index operates, and a model
with the least AIC is considered the best. The Bayesian Information Criterion (BIC) is a tool
in statistical calculations to select the best model from a limited number of models. The
results obtained from the evaluation of the models using AIC and BIC criteria are similar
to their values being close to each other [45]. The amount of AIC for pick-up and drop-off
locations is 11616.11 and 6852.49, respectively, and the amount of BIC for pick-up and
drop-off locations is 11648.37 and 6884.74, respectively. Therefore, according to Table 4, the
Poisson regression model displays a better performance in terms of the number of drop-off
locations. The expected number of pick-up and drop-off locations for each neighborhood
can be determined based on the Poisson model, as a relationship between Equations (7)
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and (8), respectively, where xi is equal to the independent variables of the model and Ai is
equal to the coefficients of the model.{

λi = e(4.35379+∑i Aixi)

0 ≤ i ≤ 13
(7)

{
λi = e(4.31342+∑i Aixi)

0 ≤ i ≤ 13
(8)

Table 2. Poisson regression model for pick-up locations.

Parameter B Std. Error

95% Wald Confidence
Interval Hypothesis Test

Exp (B)
Lower Upper Wald

Chi-Square df Sig.

(Intercept) 4.354 0.0206 4.313 4.394 44,505.011 1 0.000 77.773
Area 3.416 × 10−7 3.2644 × 10−8 2.776 × 10−7 4.056 × 10−7 109.501 1 0.000 1.000

Statistical_population 0.000 1.1083 × 10−5 0.000 0.000 193.219 1 0.000 1.000
Migration 0.001 4.2259 × 10−5 0.001 0.001 438.902 1 0.000 1.001

Administrative_land use 0.097 0.0021 0.093 0.101 2234.896 1 0.000 1.102
Educational_land use 0.067 0.0021 0.063 0.072 1053.625 1 0.000 1.070

Health_land use −0.017 0.0018 −0.021 −0.014 93.455 1 0.000 0.983
Commercial_land use 0.007 0.0001 0.006 0.007 2767.641 1 0.000 1.007

Industrial_land use −0.002 0.0007 −0.004 0.000 10.387 1 0.001 0.998
Cultural_land use 0.053 0.0126 0.028 0.078 17.826 1 0.000 1.055

Green_space_land use 0.076 0.0044 0.068 0.085 298.922 1 0.000 1.079
Religious_land use 0.039 0.0044 0.031 0.048 78.762 1 0.000 1.040

Sports_land use 0.030 0.0099 0.011 0.049 9.284 1 0.002 1.030
Residential_land use −0.002 7.4203 × 10−5 −0.002 −0.001 414.600 1 0.000 0.998

(Scale) 1a

Table 3. Poisson regression model for drop-off locations.

Parameter B Std. Error

95% Wald Confidence
Interval Hypothesis Test

Exp (B)
Lower Upper Wald

Chi-Square df Sig.

(Intercept) 4.313 0.0207 4.273 4.354 43,234.608 1 0.000 74.696
Area 5.547 × 10−7 3.0795 × 10−8 4.944 × 10−7 6.151 × 10−7 324.483 1 0.000 1.000

Statistical_population 0.000 1.0729 × 10−5 9.709 × 10−5 0.000 121.209 1 0.000 1.000
Migration 0.001 4.1761 × 10−5 0.001 0.001 932.812 1 0.000 1.001

Administrative_land use 0.082 0.0023 0.078 0.087 1271.767 1 0.000 1.086
Educational_land use 0.044 0.0024 0.039 0.048 343.451 1 0.000 1.045

Health_land use −0.009 0.0015 −0.012 −0.006 40.013 1 0.000 0.991
Commercial_land use 0.006 0.0001 0.005 0.006 1663.572 1 0.000 1.006

Industrial_land use 0.003 0.0007 0.001 0.004 15.770 1 0.000 1.003
Cultural_land use 0.133 0.0135 0.106 0.159 96.722 1 0.000 1.142

Green_space_land use 0.067 0.0049 0.058 0.077 191.870 1 0.000 1.070
Religious_land use 0.039 0.0048 0.029 0.048 64.291 1 0.000 1.039

Sports_land use 0.020 0.0101 0.000 0.040 3.975 1 0.046 1.020
Residential_land use −0.001 7.2069×10−5 −0.002 −0.001 412.918 1 0.000 0.999

(Scale) 1a

Table 4. Comparison criteria for pick-up and drop-off locations.

Log Likelihood AIC 1 BIC 2

Number of pick-up locations −5794.05 11,616.11 11,648.37

Number of drop-off locations −3412.24 6852.49 6884.74
1 Akaike Information Criterion 2 Bayesian Information Criterion.
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To validate the Poisson regression model in modeling the number of pick-up and
drop-off points, this model predicts the number of pick-up and drop-off points for areas
not included in the modeling. In addition, the data in the research were divided into
two categories, 60% for model training and construction and 40% for model testing and
validation. The validity of the model is tested by comparing the observed and predicted
number of pick-up and drop-off points in each neighborhood. The number of passenger
pick-up and drop-off points is obtained using Equations (7) and (8). Figure 9 shows the
predicted number of pick-up and drop-off points versus the observed number of pick-up
and drop-off points.
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Figure 9. Predicted pick-up and drop-off points compared to observed.

6. Discussion

One of the aims of this study was to discuss the movement pattern of the population
in the city of Bojnourd. Analyzing the movement pattern of a population can help analyze
an unplanned event. The results of this study can guide city-related policies and urban
planning to control urban traffic and detect high-risk areas of the Coronavirus and adopt
policies to reduce densely populated areas. The number of trips absorbed and generated
was calculated based on GPS city taxis. According to the results, the same pattern occurs
every day for the trips produced and absorbed, and most trips take place in the city center.
The pattern of population movement in Bojnourd is consistent with other studies conducted
in Nanjing [29]. The number of trips produced and absorbed varies over time for each
neighborhood. In this study, spatial autocorrelation was used for analysis. This analysis
helps identify the peculiarity or randomness in the pattern of distribution of pick-up and
drop-off locations. Besides, if a particular pattern is identified, it also helps pinpoint the
areas with a meaningful density of points. In this regard, the results of the global Moran’s I
index showed that the probability of random distribution of pick-up and drop-off locations
is low. Additionally, the number of points and spatial distribution impacts Moran’s I index.
Moreover, the global Moran’s I identifies only the type of pattern and cannot find the
location of pick-up and drop-off clusters. Hence, the Getis-Ord-Gi statistic was used in
illustrating the spatial distribution of the pick-up and drop-off locations and analyzing hot
spots. The results of the study also showed that the probability of random distribution of
pick-up and drop-off points is low. The spatial patterns indicated that in the time intervals
between 8:00 to 9:00 and 14:00 to 15:00, the number of pick-up locations from downtown to
the suburbs decreases, and the drop-off locations from the center to the suburbs increases.
The hot spots of the pick-up in the central area follow the southeast of the cluster pattern.
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In other sections, these patterns are sparse and non-clustered. The hot spots of pick-up
locations are more elongated than the hot spots of the drop-off locations and cover a larger
portion of the study area. Additionally, hot spots of pick-up and drop-off locations are
located in the urban downtown and Shahid, Sabzeh Square, Kargar Square, and Ferdowsi
Square. By identifying the busiest areas during the day and night, in the central areas of
the city, which are busy during the day, Corona testing can be done for free and instantly,
and if possible, proper ventilation can be installed in these places. In addition, according
to the parameters affecting the population distribution and the results indicate that the
movement pattern has a significant relationship with land use. Given that commercial land
use plays a major role in pick-up and drop-off locations, it is possible to build temporary
stores to prevent crowds in central stores in crowded neighborhoods. Planning traffic
facilities requires understanding the characteristics of urban travel and transportation. In
this regard, coordination between traffic studies and urban planning is necessary. These
programs can include long-term plans for road networks, transportation systems, parking
lots, and terminals, as well as environmental impact assessments of changes in these plans.

Gong et al. (2015), Shen et al. (2017), and Yuan and Le Noc (2018) have studied and
discovered population movement patterns based on GPS taxi data. The results of the
mentioned research identified the location of people and the discovery of the movement
pattern by calculating the number of generated and absorb trips. Rahimi et al. (2021) also
modeled the spatiotemporal population with taxi data. In this study, using the generated
and absorbed trips, the dynamic population was predicted. In most researches, big data of
taxi origin and destination have shown good performance for spatial analysis, but in little
studies, the parameters affecting the movement pattern have been studied to predict the
number of absorbed and generated trips. Given the need to identify densely populated
areas for urban planning and provide appropriate solutions, it is necessary to identify the
factors affecting population movement. In this regard, the use of statistical analysis is
novel and necessary, and desirable in any region. Therefore, another purpose of this study
is to identify the factors affecting the distribution of population to predict the number
of generated and absorb trips. The Poisson regression model is fitted to the parameters
affecting the population distribution, the result of which shows that the model used is a
good predictor for the variable of generated and absorbed trips. From the comparison of
the number of observed and predicted trips, the coefficient of determination for the model
(R2) was 0.77 and 0.85 for the pick-up and drop-off points, respectively. Regression analysis
showed that the model works well for pick-up and drop-off points. Therefore, Equations
(7) and (8) can be used effectively to analyze and predict pick-up and drop-off points. The
reason for the difference in the prediction of pick-up and drop-off points can be various
factors such as different economic and social characteristics in other neighborhoods.

7. Conclusions

This study examined the patterns of urban population displacement in Bojnourd
based on taxi-driven data. Then, in the second part of the study, and by using regres-
sion analyzes, the parameters affecting the population movement pattern were mod-
eled, and a model was presented in the way of predicting the population’s pick-up and
drop-off locations.

Hourly distribution of pick-up and drop-off locations indicated the frequency of
taxi-related travel throughout the day, and people take more taxis during the day than at
night. Identification of population movement patterns by taxis’ origin and destination data
has also been made in the research of Shen et al. [29] and Gong et al. [28]. The results of
identifying the pattern of population movement for the study indicate that the distribution
of pick-up and drop-off locations is not the same for different times and different land uses.
In this study, spatial autocorrelation analysis was used to investigate the randomness or
clustering of the number of pick-ups and drop-off points. The positive Moran index for the
points of pick-up and drop-off indicates the spatial autocorrelation of the points.
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The population movement patterns model should be utilized to determine the effect of
each factor on the distribution of pick-up and drop-off locations. The role of various factors
on the population movement patterns was calculated using the results of the Poisson
regression model. The value of p for all variables in both the pick-up and drop-off locations
is less than 0.05, and the null hypothesis for these variables is rejected. Therefore, the
fitting of the Poisson model is significant and meaningful for all variables, and these
factors affect the population movement pattern. Thus, the Poisson regression method is a
good fitting method for population movement patterns data. The results of the modeling
of the parameters affecting the population movement pattern indicate the effect of the
administrative and cultural land uses on increasing the number of pick-up and drop-off
locations in a neighborhood, which is due to the high volume of transporting different
people to administrative and cultural centers during the day. Furthermore, medical land
uses have the greatest effect on reducing the number of pick-up and drop-off locations in
each neighborhood. According to the comparison criteria of Log-Likelihood, AIC, and BIC
for pick-up locations (−5794.05, 11616.11, and 11648.37) and drop-off locations (−3412.24,
6852.49, and 6884.74), the Poisson regression model displayed a better performance for
drop-off locations. It was indicated in the present study that according to the parameters of
population, land use, migration, and area, it is possible to expand the appropriate modeling
on the data regarding the origin and destination of taxis. Additionally, its results can be
utilized in predicting the population movement pattern and the number of the people’s
pick-up and drop-off locations. Given the p-value of 0.000, Poisson regression works well
to model the effective parameters for population distribution. Comparison of predicted
and observed values were also used for evaluation. The coefficient of determination for the
model of the number of pick-up and drop-off points was 0.77 and 0.85, respectively, which
could be due to differences in theeconomic and social characteristics of neighborhoods.

GIS, as a spatial information management system and spatial analysis, plays a valuable
role in the analysis of taxis’ origin and destination data. Data-driven from taxis have great
potential because of the use of massive amounts of data to identify citizens’ movement be-
havior, which, through spatial analysis, can be used to model movement patterns in urban
areas. The findings of identifying the patterns of urban population mobility contribute to
better urban transport management.

The method discussed in this paper is applicable in other cities to identify crowded
areas and provide useful data for policymakers. In future studies, it will be possible to
evaluate the travel behavior of individuals for specific activities and population estimation
at any time. Nevertheless, to validate the results, comparison with other general infor-
mation such as census and urban population information is important. Future research
may include extending the study period to analyze seasonal time patterns when more
data are available. Furthermore, the modeling of the parameters impacting the population
movement patterns was conducted using Poisson regression, which produced significant
results. However, other methods were provided for this modeling that can be utilized in
future research.
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