
Abstract:  In this paper, mobile phone signaling data are first processed 
to extract information such as the trip volume and spatial distribution 
from the starting point to the termination point. This information is 
then used to identify the residential and employment locations of users. 
Next, multiple Thiessen polygons based on cell towers are aggregated 
into Traffic Analysis Zones (TAZs) to minimize differences between the 
actual cell tower coverage and the theoretical coverage. Then, based on 
TAZ cluster analysis involving transport accessibility and commuting 
population density, multiple stepwise regression is applied to obtain the 
commuting trip production rates and attraction rates for overall resi-
dential land and each subdivided housing type during the peak morning 
hours. The obtained commuting trip generation rates can be directly 
applied to local transport analysis models. This paper suggests that as 
information and data sharing continue, mobile phone signaling data 
will become increasingly important for use in future trip rate research. 
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1 Introduction

1.1 About trip generation

Trip generation is the first step in the conventional four-step transport forecasting process (followed by 
trip distribution, mode choice, and route assignment) and is widely used for forecasting travel demands. 
In this process, the number of trips originating at or destined for a particular Traffic Analysis Zone 
(TAZ) is predicted. Typically, trip generation analysis focuses on residences, and residential trip genera-
tion is a function of land use or the social and economic attributes of households. 

The first zonal trip generation (and its inverse, attraction) analysis in the Chicago Area Transporta-
tion Study (CATS) followed the “decay of activity intensity with distance from the central business dis-
trict (CBD)” thinking, current at the time. Data from extensive surveys were combined and interpreted 
on a-distance-from-CBD scale. For example, commercial land use in ring 0 (the CBD and vicinity) 
was found to generate 728 vehicle trips per day in 1956. That same land use in ring 5 (approximately 
17 km or 11 mi from the CBD) generated approximately 150 trips per day (Meyer and Miller, 2001). 
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Residential trip generation rate analysis is often performed using statistical regression. Person, tran-
sit, walking, and auto trips per unit of time are regressed based on variables thought to be explanatory, 
such as household size, number of workers in the household, persons in an age group, type of residence 
(single family, apartment, etc.), and other factors. Typically, regressions are performed at the aggregate/
zone level. The data were collected by conducting a single day of peak-period person counts and vehicle 
counts at all doorway and garage entrances to each property, as well as surveying as many people as pos-
sible about their mode of access to or from the site. 

1.2 Why to use mobile phone data?

Nowadays, the statement of Big Data Era’s coming is quite common. Various data from information-
based means such as Internet have become important resources for new economic interests and tech-
nological innovation. The mobile phone data is one of the most important types in all sorts of big data. 
Over the years, with the rapid development of communication technology and the increasing openness 
of mobile operators to data, mobile phone data has been drawing more and more attention. And it 
can be applied in many fields such as urban planning, transportation planning, smart city and traffic 
management. Undoubtedly, mobile phone data will become an important tool for urban planning, 
construction and management. But overall, the current research on mobile phone data is relatively in-
sufficient. It’s necessary to deeply find the essence behind phone data which can be used for urban and 
transportation research. This article will use mobile phone data to explore trip generation rates and be 
expected to obtain more satisfactory results.

1.3 Why to focus on this topic?

Ellys and Reid (1982) cautioned the application of United States’ official trip generation rates to cities in 
developing countries. The cities in developing countries have unique growth and travel patterns that are 
different from those in developed countries (Wilfred, et al., 2015; Filitowish, 2011; Tilsdor, 2012). De-
veloping countries require trip rate indices tailored to their own cities instead of simply adopting existing 
indices from developed countries. Additionally, because it is difficult for trip rate indices for a country, 
province or even metropolis to accurately represent the trip rate characteristics of a specific area, targeted 
surveys and analyses should be conducted to obtain actual trip rates (Wilfred, et al., 2015). 

The urbanization rate in China will soon reach 60%. Rapid urbanization spatially expands cit-
ies, and residential areas require re-planning to accommodate large numbers of migrant workers. The 
rebuilding of shanty areas is another important Chinese government action required to improve the 
quality of human housing and life. In 2017, the state council executive meeting hosted by Premier Li 
Keqiang made a decision to implement a 3-year (2018~2020) shanty area rebuilding program; this 
strategic breakthrough will rebuild 15 million units in various shanty areas and positively affect up to 
100 million residents. The urbanization process and this extensive shanty area rebuilding scheme will 
significantly alter the distribution of urban residential land and urban traffic patterns. Therefore, investi-
gating the trip rates of residential areas is extremely important for in-depth traffic analysis, decongestion 
strategies, and other relevant research (e.g., Traffic Impact Assessment). 

2 Literature review

In this section, the existing research findings are reviewed from various perspectives, such as the factors 
that influence the trip rate, trip rate manuals and relevant analysis methods.
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2.1 Influencing factors

Trip rate studies normally define a mathematical relationship between the trip volume and the influen-
tial characteristic parameters. A physical factor such as land use represents one type of influential factor. 
The land use and intensity affect the trip volume and selection of destinations. When land use category 
variables are selected as independent variables, the equation is highly explanatory and easy to under-
stand. The most classic example is the trip rate manual published by the Institute of Transportation 
Engineers (ITE). The trip generation informational report published by ITE provides trip generation 
rates for numerous land use and building types. Wu et al. (2013) proposed adding accessibility, as an 
independent variable, into the trip demand model because undoubtedly, location and accessibility are 
important influential factors (Soltani et al., 2012; Agyemang-Duah, 1997). 

Non-physical factors include socioeconomic and demographic characteristics. The main related 
factors include income, age, car ownership, possession of a driver’s license, the number of family mem-
bers, household structure, the number of employees, and disadvantaged groups, such as the disabled 
or elderly (Berki and Monigl, 2017; Roorda et al., 2010; Jan-Dirk Schmöcker et al., 2005; Pitsiava-
Latinopoulou et al., 2001; Agyemang-Duah, 1997). Population and employment factors are alternative 
representations of land use. 

Some studies have considered both types of influential factors mentioned above (land use and 
socioeconomic characteristics), e.g., trip rate studies in Log Angeles and Portland (Lee, 2016; Tian and 
Ewing, 2017). Ewing et al. (1996) reviewed previous findings and suggested that the trip rate is affected 
by accessibility and the population density (Safwat and Magnanti, 1988; Hanson, 1982; Landrock, 
1981); however, they also suggested that, at least theoretically, accessibility and the population density 
are correlated, i.e., areas of high density can be less accessible than areas of low density, and the total trip 
rate could decrease as the population density increases. 

2.2 Related manual

Some works related to this study are Trip Generation Manuals. The most well-known related work in 
the western world is the 10th edition of Trip Generation. ITE procedures estimate the number of trips 
entering or exiting a site at a given time (sometimes the combined number entering and exiting is esti-
mated). ITE rates are functions of type of development, gross floor area, number of gas pumps, number 
of dwelling units, or other standard measurable aspects, usually included in site plans. These functions 
are typically in the form of Trips=a+b*Area or Trips=a+bln(Area), and they do not consider location, 
competitors, complementary factors, the cost of transport, or many other potentially important factors. 
They are often estimated based on very few observations (a non-statistically significant sample). Many 
localities require their use to ensure adequate public facilities for growth management and subdivision 
approval. Many US agencies rely on ITE’s approach as a defensible method for assessing the impacts of 
new development (Clifton et al., 2015; Bochner et al., 2011). Ohlms (2016) suggested that ITE rates do 
not include agri-tourism land trip rates; therefore, a survey and analysis were conducted in Virginia as a 
supplement. Dey et al. (1994) proposed that ITE rates be treated as prior information and that the trip 
rate be updated based on effective local trip generation data via the Bayes statistical method. The most 
significant advantages of this method are that limited local data can be fully utilized, the sample volume 
is moderate and updated data effectively reflect the local reality. Influenced by some North American 
experts (Schneider et al., 2013; Clifton et al., 2013; Dock et al., 2015), recent versions of ITE rates have 
continuously improved, e.g., individual-based trip rate analysis was added (Currans, 2017). Notably, 
ITE rates originate from trip survey to single building or site, which is significantly different from 4-step 
trip generation forecasting, such as discrepancies between techniques.
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In China, well-known works include the Trip Rate Manual of the Beijing Transport Institute (BTI) 
published at the beginning of this century. This manual was based on trip survey data for approximately 
one thousand buildings with a variety of land uses in the central portion of Beijing. Similar to ITE rates, 
BTI rates also apply the unitary regression equation for a single land use to obtain the corresponding trip 
rate, and the correlation coefficient R2 ranges from 0.5-0.8. BTI rates provide trip rate ranges and the 
average trip rates based on limited surveys; however, determining how to select a proper trip rate from 
the recommended range for a given site plan is not specified. 

2.3 Regression analysis

Linear regression analysis, such as multiple linear regression for various socioeconomic and demographic 
characteristics or various land uses, is often used in trip rate analysis (Wilfred et al., 2015). However, 
Mayer and Miller (2001) suggested that in socioeconomic and demographic characteristic-based mul-
tiple regression, multicollinearity between explanatory variables, such as income and automobile owner-
ship, could lead to incorrect analysis conclusions. To obtain a simple regression equation and effective 
regression parameters, some studies have employed multiple stepwise regression (Quintero et al., 2016; 
Ko, 2013; Pan, 2008; Quintero et al., 2016; Arabani and Amani, 2007). 

Nonlinear regression has also been conducted in previous studies. For instance, an ordered probit 
model (Lim and Inivasa, 2011; Roorda et al., 2010; Jan-Dirk Schmöcker et al., 2005; Schmöcker et al., 
2005) was employed to analyze the effects of factors such as age, family structure, transport modes and 
the disabled population on the trip rate. An ordered response model was employed to forecast trip rates 
in Toronto and achieved satisfactory results (Bwambale, 2015; Agyemang-Duah, 1997). Other studies 
employed neural network models, compared accuracies of common models in forecasting trip rates 
during hurricane evacuations and found that the forecast results based on logistic and neural network 
models were most accurate (Wilmot and Mei, 2004). 

Relevant reviews have provided details of regression analyses in the western world (e.g., Currans, 
2017). In China, research on obtaining trip rates via regression analysis is still in an early stage, and 
prominent issues include the lack of considering the significant of results or explanatory variable mul-
ticollinearity. 

2.4 Classification analysis

In addition to analyzing trip rate without consideration of different purposes, some studies have ana-
lyzed various trip purposes, including commuting, school attendance, tourism, shopping and entertain-
ment (Berki and Monigl, 2017; Wilfred et al., 2015; Tian and Ewing, 2017; Lim and Inivasa, 2011; 
Quintero et al., 2016; Agyemang-Duah, 1995, 1997), because the trip purpose has a strong influence 
on the travel destination and mode choice, which are analyzed in subsequent steps of the modeling pro-
cess (Everett, 2009). Other studies have analyzed trip modes, e.g., analyses of the trip rate for walking 
(Lee, 2016; Tian and Ewing, 2017). The classification analyses used were primarily based on data source 
characteristics and the research objective (Ewing et al., 1996). 

A cross-classification method has also been used. For example, when transportation planning was 
conducted in London, UK, in 1963, there were 6 categories of family income, 3 categories of automo-
bile ownership, and 6 categories of family structure, resulting in 108 family classifications. In the study, 
the average trip rate was calculated for each category. This is a common analysis approach in textbooks, 
and the advantage is that the effects of socioeconomic characteristics on trip rates are minimized. At the 
beginning of this century, Everett (2009) attempted to use this method, which requires highly detailed 
data obviously.
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2.5 Commuting trip rate analysis based on mobile phone data

Analyses of commuting trip rates have been conducted in many studies. Moreover, analyses of home-
based-other (HBO) trip rates and non-home-based (NHB) trip rates have been included in various 
studies (Berki and Monigl, 2017; Wilfred, 2015). When the trip purpose is known based on question-
naire survey data, it is easy to obtain trip rates for various purposes. When using mobile phone signaling 
data, it is difficult to obtain a detailed trip purpose; however, commuting trip rates can be analyzed after 
determining home and workplace locations via mobile phone signaling data. Mobile phone signaling 
data, which includes the passively recorded spatiotemporal trajectories of millions of users, have recently 
emerged as promising inputs for transport analyses. However, mobile phone signaling data are mostly 
used in transportation detection, origin-destination (OD) matrix analysis, population statistical analysis, 
urban expansion boundary identification and urban passenger flow corridor identification (Çolak et al., 
2015; Demissie et al., 2016). Currently, literature on the application of mobile phone data in trip rate 
analysis is relatively scarce. Bwambale et al. (2017) analyzed the trip rates of various groups (gender, 
work state and age) using an ordered response logit model and a hybrid model with mobile phone data.

2.6 Summary and discussion

Undoubtedly, trip generation manuals in the United States and China have guided more in-depth re-
search and innovation in this research field in the two countries. However, because calculating the trip 
rate involves the collection, processing and analysis of data from a limited number of selected cities and 
single buildings, trip rates normally vary over a wide range. In actual applications, it is difficult to select 
a proper value in the range. Additionally, some regression equations have low fitting degrees but are still 
recommended (Shoup, 2003). If trip rates are used directly without considering the local trip charac-
teristics, the result could deviate, possibly quite significantly, from the actual situation. Everett (2009) 
investigated the transferability of trip rates and suggested that applying the same trip rates for cities with 
different scales could lead to significant error. Mayer and Miller (2001) suggested that ITE rates should 
be applied to local transport planning projects after modification. 

Socioeconomic and demographic characteristic-based analysis requires relevant data. However, in 
China, this type of data is difficult to obtain and significantly changes annually, particularly in the case of 
income, number of employees, automobile ownership and driver’s license ownership. Therefore, analysis 
and research methods from the western world cannot always be appropriately applied to Chinese cities. 
Although some studies have suggested that the number of employees is a better independent variable 
than the floor area (Macababbad and Regidor, 2009), in China, it is easier to obtain floor area data via 
building surveys, and the availability of floor area data allows researchers in China to conduct trip rate 
research. 

As suggested by Ewing et al. (1996), trip rates are affected by accessibility and the population 
density. Such a theory concludes that high accessibility results in a high level of desire to travel in North 
American cities. However, despite what was suggested by Ewing et al. in the literature, in China, accessi-
bility and the population density may not be correlated. Many high-density areas in Chinese cities have 
high accessibility via public transport but low accessibility via automobiles. Therefore, it is very difficult 
to conclude that overall, the accessibility (a weighted score based on the trip mode shares for public 
transport and automobile accessibility) and population density have a significant correlation. 

Mobile phone signaling data represent a great opportunity for trip rate research because researchers 
will not be constrained by the limited amount of trip data from conventional manual surveys. Addi-
tionally, the survey workload and cost are significantly reduced. For example, in the United States, data 
collection costs can easily exceed the annual budget of a metropolitan planning organization (MPO) in 
a small or medium-sized area (Bwambale,2017). However, current mobile phone location data cannot 
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provide point-level precision; locations are identified by cell towers, which is a challenge for subsequent 
research. Each cell tower radiation range involves multiple buildings and blocks with different land use 
categories. Therefore, unitary regression is not applicable, and analyses of trip rates for different land 
use types can only be based on multiple regression analysis. Compared with nonlinear regression, linear 
regression has more intuitive explanatory capability and is more convenient. Therefore, multiple linear 
regression is conducted in the following sections. 

3 Data and methodology

3.1 Study area

In this paper, the central city area of Kunshan in Jiangsu Province is selected as an example. Kunshan, a 
county-level city with an urban area of 928 km2, a population of 1.66 million and a central city area of 
approximately 150 km2, consistently ranks No.1 among the top one hundred most developed counties 
in China. Notably, the city is adjacent to Metropolitan Shanghai. In 2017, Kunshan’s GDP per capita 
was 32 thousand US dollars, or 1.7 times the level in Shanghai.

3.2 Mobile phone data processing

3.2.1 Mobile phone signal data cleaning and preprocessing

4G mobile phone signaling data have numerous advantages, such as supplying sufficient information 
with high reliability and real-time availability. Mobile terminals connect to cell towers periodically or 
randomly and actively or passively. These connections are recorded by the cell tower and become mobile 
phone signaling data. Mobile phone signaling data primarily include the unique identifier of a mobile 
phone, time, cell tower number and event type (outbound call or inbound call, power on or power off, 
texting, getting access to Internet, etc.). However, due to the defects of the mobile network and external 
interference from the natural and built environment, source location data contain large amounts of 
“noise”, which significantly affects location data extraction and subsequent analysis. Therefore, errors 
and abnormal data should be identified and removed to obtain high-quality mobile phone signaling 
data that can be effectively utilized.

Figure 1. Map of Kunshan
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This work, in practice, will need programming and cost plenty of time. Unsteadiness of cell tower 
signals, probably due to built environment and cell tower setting, easily results in Ping-pang Effect (or 
Table Tennis Effect), i.e., mobile signal switches back and forth in two adjacent cell towers. Although 
the service coverage of a cell tower is approximately 600–1000 meters, the phenomenon of signaling 
drifting sometimes happens, i.e. a mobile may connect to a further cell tower rather than the nearest cell 
tower. However, we can identify these two scenes mentioned-above through programming, and then 
clean up raw data. 

In this paper, approximately 30 days of 4G mobile data from China Mobile (the largest mobile 
communication operator in China) are used. The data were collected in May and June 2017 in the 
central city of Kunshan and were distributed among 1296 cell towers. The original data set included an 
average of 2500 records of individual signaling data daily. After data preprocessing and cleaning, there 
were approximately 120 effective data records on average to provide supportive data for the subsequent 
precise identification of individual trip characteristics. Preprocessing raw data by deleting redundant 
data and records is a significant step. For instance, many mobile signaling data and records (r1,r2,…rn) 
will be created when the mobile is located in the same coverage of a cell tower for several hours. How-
ever, we just need r1 and rn to estimate time consumption of a mobile or a person in the service cover-
age of that cell tower. So the records from r2 to rn-1 can be deleted due to their uselessness for trip rates 
analysis. It is easily understandable that the number of records and signaling data needed in this study 
decreases significantly after data preprocessing. 15min threshold value, which is acceptable in mainland 
China, is used to isolate stay and pass-by areas. 

Notably, (1) a record is a series of information or data recorded by cell tower when a mobile is being 
used. A record can be understood as a parameter set including parameters such as International Mobile 
Subscriber Identification Number (IMSI), Location Area Code (LAC), cell tower ID, longitude and 
latitude of cell tower, event type, beginning time, ending time and so on. (2) Types of events include 
outbound call or inbound call, power on or power off, texting, get access to Internet, etc. 

• Besides texting, outbound call or inbound call, getting access to Internet via mobile can pro-
duce records including location and time too. In fact, records can be created when beginning 
and ending, sending and receiving data during the whole process of getting access to Internet. 

• Records can be created when location updated or the cell tower affiliated by a mobile changed. 
• Mobile terminals can automatically connect to cell tower when no records have been created for 

over 40 minutes. Therefore, new location and time information are recorded. 
• Records will be created when Wechat, Gaode Map or other APP in mobiles are used. 

Records can be created due to different events when a mobile is in the same service coverage of cell 
tower. So there are much lengthy data. Frequency of recording data reaches an average of one item per 
20 seconds if users get access to Internet frequently. 

3.2.2 Residential location and employment location identification

In a residential area, most people are sleeping from 24:00 ~ 7:00. During this period, the cell towers 
mobile phones attach to are relatively constant. This characteristic can be used for residential location 
identification; however, there are two potential scenarios. 

In the first scenario, a residential area may be adjacent to two or more cell towers. During the 
nighttime, the mobile phone may select different cell towers, which is known as cell tower hopping. 
Therefore, during the overnight period, if the time attached to a single cell tower exceeds 2 hours, the 
residential location can be identified. 

In the second scenario, according to statistics (Zhou, et.al., 2017), approximately 20% of users will 
power off their mobile phones when they sleep. Therefore, the mobile phone data are missing for this 
group during the overnight period. To accurately identify the residential locations of members of this 



208 JOURNAL OF TRANSPORT AND LAND USE 12.1

group, the criterion is set based on whether the power-off location is the same as the power-on location. 
Specifically, if the distance between the cell tower that received the last signal on the previous day and 
the cell tower that received the first signal on the next day is less than 800 m, then the resident is at the 
same location or lives at this location. 

To identify employment locations, in this paper, the typical workday hours of 9:00–12:00 and 
14:00–17:00 are selected. If the user attaches to a particular cell tower for the longest portion of this 
period and the daily average attachment time exceeds 3 hours, then this cell tower is identified as the 
work place. For those whose employment and residence locations are the same or whose work location 
is not fixed due to their job type, the associated travel behaviors do not follow conventional commuting 
patterns, and the proportion of such individuals is small; therefore, this scenario is not considered. 

3.2.3 Extraction of commuting trip data during morning peak hours

Based on the previous criteria for residence and employment location identification, the commuting trip 
data from the residence location to the employment location during morning peak hours are extracted 
to create the commuting OD Matrix during morning peak hours and form a basic data set for trip rate 
research in this paper.

3.3 Preparation before regression analysis

3.3.1 Aggregation of cell tower coverage to TAZ

Only when cell towers are mapped to urban geographical spaces can the spatial movements of mobile 
phone users be obtained and the associated trip parameters be estimated. Cell towers are deployed based 
on the density of users. The coverage radius is approximately 100–500 m in urban areas and approxi-
mately 400–1000 m in suburban areas (Li, et. al., 2016). However, because cell tower coverage is af-
fected by topography and buildings, it is difficult to accurately determine the coverage space. Therefore, 
in this paper, a TAZ is defined as the study unit, and each TAZ contains coverage areas for multiple cell 
towers. 

A detailed description of the method is as follows. (1) In ArcGIS, Thiessen polygons are easily gen-
erated based on cell towers. (2) Each TAZ boundary should coincide with the boundary of cell tower 
Thiessen polygons to facilitate trip volume counting. Additionally, TAZs with irregular shapes, such as 
long strips, bends or horns, should be minimized as much as possible. (3) Each TAZ should contain 5 
or more Thiessen polygons based on cell towers to reduce error in identifying accurate cell tower cover-
age. In regions with low cell tower densities or in suburban areas, the number should not be less than 3. 
The number of Thiessen polygons in the same TAZ is a little hard to decide because there are two major 
considerations. The first is that we hope there are more Thiessen polygons in the same TAZ to elimi-
nate the error of service coverage of cell towers as much as possible, which means the number of TAZs 
decreases. The second is that we need more TAZs to conduct cluster analysis and regression analysis in 
the following analysis process. Therefore, we have to select a moderate number of Thiessen polygons in 
the same TAZ and get a reasonable number of TAZs; more than 80 TAZs may be suitable in this study 
for subsequent analysis. Finally, in this paper, the coverage areas of 1296 cell towers are aggregated into 
98 TAZs (see Figure 2). The TAZ division method used in this paper is different from the traditional 
method, and because it is based on cell towers, it is called TAZ-CB (cell based). 
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3.3.2 Cluster analysis based on transport accessibility and the commuting population density

Based on previous experience, accessibility and population density may affect trip rates, two indices, 
transport accessibility and the commuting population density, are analyzed and calculated in this paper. 
Based on the subsequent results, the TAZ-CBs in the research scope are subjected to cluster analysis to 
identify location characteristic differences and obtain more accurate trip rates.

Figure 2. Cell tower coverage and TAZ-CB diagram

Under normal conditions, a transport location advantage results in a high volume of resident ac-
tivity. In this paper, a Python program calls the path planning API of the map provider, Gaode Map 
or Amap, to obtain public transport and automobile accessibility information(Moreno-Monroy et al., 
2017; Singleton, 2014), i.e., the time consumption for each trip between TAZ-CB centroids. Then, 
based on the trip mode share (public transport is 14.8% and automobile is 29.7%) in the central city 
areas of Kunshan in 2017, a weighted comprehensive transport accessibility score is obtained for subse-
quent analysis (see Figure 3). 
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In general, a high commuting population density results in high trip rates per unit area of resi-
dential buildings. Because this study focuses on commuting trips, the commuting population density 
is selected. The commuting population density is defined as the number of commuters divided by the 
TAZ-CB land area in which commuters are located (see Figure 4). 

Figure 3. Transport accessibility diagram
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Figure 4. Commuting population density diagram

In this study, floor area data are based on digitized Kunshan land and architecture census data from 
2014. However, because the mobile phone signaling data were collected in 2017 and the residential 
areas in some TAZ-CBs were still under construction or did not exist in 2014, some TAZ-CBs were 
removed in the subsequent analysis. 

Constrained by the number of TAZ-CBs and the requirements of the number of the regression 
equations, cluster analysis in SPSS software defined only 2 classifications. The clustering results are as 
follows. The TAZ-CBs characteristics of Classification One include superior accessibility and a higher 
commuting population density, and 54 TAZ-CBs are included in this group. The TAZ-CBs character-
istics of Classification Two include inferior accessibility and a lower commuting population density, and 
31 TAZ-CBs are included in this group (see Table 1). Because land census data and mobile phone data 
were collected in different years, 13 TAZ-CBs with substantial residential building development or no 
residences since 2014 were removed from this study (see Figure 5). 
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Table 1. Cluster information

Figure 5. Diagram of cluster analysis results

Two TAZ-CB Classifications

Classification One Classification Two

Characteristics 
Superior accessibility, high  
commuting population density

Inferior accessibility, low  
commuting population density 

Number of TAZ-CBs 54 31

Cluster center

Commuting trip accessibility 
(minutes)

20.88 26.45

Commuting trip population 
density (thousand persons/km2)

2.76 1.79

Note: 13 TAZ-CBs with substantial residential building development or no residences since 2014 were removed from the 
analysis.



213Analysis of trip generation rates in residential commuting based on mobile phone signaling data 

3.4 Model specification

We employed the multinomial stepwise regression model, which has been widely used to study trip 
generation, in this research. The general form of a trip generation model is as follows:

Ti = f(x1; x2; x3; …; xi;…; xk)

where xi values are prediction factors or explanatory variables. The most common form of the trip gen-
eration model is the following linear functional form: 

Ti = a0 + a1x1 + a2x2 + …+aixi+… + akxk 

where ai values are the coefficients of the regression equation and can be obtained by regression analysis. 
The core idea of stepwise regression is to introduce variables into the model one by one. After a 

new variable is introduced, all existing variables in the regression model are verified. After verification, 
insignificant variables are deleted. This process continues until no new variables can be introduced and 
all explanatory variables in the regression model are significant. Multiple stepwise regression can ensure 
that the final explanatory variables are significant and optimal and can be used to screen and remove 
variables that may cause multicollinearity. 

4 Results and discussion

In this paper, stepwise multiple linear regression is employed to analyze the trip rate using commuting 
trip OD data during the peak morning hours in the central city areas of Kunshan. Subdivided housing 
types, including apartments, houses, common multistory and high-rise buildings, mixed commercial 
buildings and residential real estate are considered to obtain the trip rates for different housing types. 
Specifically, the floor area of each subdivided housing type is introduced into the regression model as an 
independent variable, and corresponding effective trip rates are obtained for each subdivided housing 
type. Because there are offices in some residential areas in Kunshan, regression analysis yields both the 
commuting trip production rate and the trip attraction rate. The results are listed in Table 2 and Table 3.
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Table 2. Regression results for the commuting trip production rates (unit: passengers/thousand m2•peak hour)

Note: “×” denotes a variable that is not involved in the regression; “—” denotes that the regression coefficient is insignificant 
and not listed; “**” represents p<0.01; “*” represents p<0.05.

Land use
Regression analysis taking land-use 
categories as explanatory variables

Regression analysis taking sub-
divided housing types and other 

land-use categories

Code Category
Overall 
TAZ-
CBs

TAZ-CBs 
in Clas-
sification 

One

TAZ-CBs 
in Clas-
sification 

Two

Overall 
TAZ-
CBs

TAZ-CBs 
in Clas-
sification 

One

TAZ-CBs 
in Clas-
sification 

Two

R Residential land 1.97** 2.02** 1.30** × × ×

R1

Type 1 residential land with 
houses, villas

× × × 1.50* 1.63* —

R2

Type 2 residential land with 
common multi-storied or 

high-rise buildings
× × × 1.77** 1.71** 1.16**

R3

Type 3 residential land with 
relatively rough buildings

× × × 4.29* — 7.37*

Ra

A type of residential land 
with apartments 

× × × 17.02** 26.66** 16.73**

Rb

mixed commercial and 
residential land

× × × — — —

Rx

Affiliated land for residential 
area

× × × — — —

A
Public management and 

public services land
— — — — — —

B Business Service land     1.48** 1.35* — 1.21** 0.99* —

G Green land — — — — — —

M Industrial land 1.63** 1.56** 2.91** 1.39** 1.43** 1.39*

S
Roads and transport facili-

ties land
— — — — — —

U Public utility land — — — 11.81* 13.70* —

W Logistics land — — 38.75** — — —

Model fit 
statistics

R Square 0.911 0.917 0.953 0.953 0.956 0.959

Adjusted R Square 0.906 0.912 0.945 0.946 0.952 0.954

Std. Error of the Estimate 906.345 974.263 514.947 668.199 719.244 474.628
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Table 3. Regression results for the commuting trip attraction rates (unit: passengers/thousand m2•peak hour)

Note: “×” denotes a variable that is not involved in the regression; “—” denotes that the regression coefficient is insignificant 
and not listed; “**” represents p<0.01; “*” represents p<0.05.

Land use
Regression analysis taking land-use 
categories as explanatory variables

Regression analysis taking subdivided 
housing types and other land-use cat-

egories as explanatory variables

Code Category
Overall 

TAZ-CBs

TAZ-CBs 
in Clas-
sification 

One

TAZ-CBs in 
Classifica-
tion Two

Overall 
TAZ-CBs

TAZ-CBs 
in Clas-
sification 

One

TAZ-CBs 
in Clas-
sification 

Two

R Residential land 1.01** 1.10** 0.54** × × ×

R1

Type 1 residential 
land with houses, 

villas
× × × — — —

R2

Type 2 residential 
land with common 

multi-storied or high-
rise buildings

× × × 0.85** 0.70** 0.49**

R3

Type 3 residential 
land with relatively 

rough buildings
× × × — — —

Ra

A type of residential 
land with apartments

× × × 9.48** 22.43** 8.79**

Rb

mixed commercial 
and residential land

× × × — — —

Rx

Affiliated land for 
residential area

× × × — — —

A
Public management 
and public services 

land
2.40** 2.77** — 2.33** 1.86* 1.55*

B Business Service land     2.27** 2.31** 1.89** 2.27** 2.05** 1.60**

G Green land — — — — — —

M Industrial land 2.33** 2.28** 3.21** 2.21** 2.18** 2.23**

S
Roads and transport 

facilities land
— — — — — —

U Public utility land 14.74* — — 15.97* 14.94* —

W Logistics land — — — — — —

Model fit 
statistics

R Square 0.890 0.875 0.940 0.900 0.898 0.968

Adjusted R Square 0.882 0.865 0.932 0.893 0.888 0.963

Std. Error of the 
Estimate

812.461 966.936 412.141 772.723 879.501 304.437
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The tables show that regression coefficients of residential land (R), common multistory or high-
rise buildings (R2) and apartments (Ra) have high significance, but the regression coefficients of some 
housing types cannot be adopted. The main reason for this limitation is as follows: R1 and Rb lands in 
the central city of Kunshan are relatively scarce (shown in Figure 6); thus, the low sample size affects the 
regression results. In addition, it is easy to understand that, for a specific type of residential land, such as 
houses, clear regularity may not exist for the trip rate. Therefore, it is difficult to obtain reliable trip rates 
with high significance for those housing types. 

The total trip rates of R, R2 and Ra and partial trip rates of R1 and R3 are obtained by regression 
analysis. Among them, the trip rates of R2 are similar to those for overall residential land, largely because 
88% of the residential floor area is associated with the R2 land type. The trip rate of apartment land sig-
nificantly exceeds that of other housing types because many apartments are located in Kunshan to meet 
the housing needs of migrant workers with a number of over 300 thousand from the north of Jiangsu 
Province and other provinces. This type of residential land has a much higher commuting population 
density than other housing types, which results in a significantly higher trip rate. 

Figure 6. Proportions of the land and floor areas of various housing types in the research scope

Table 2 shows that for multiple types of residential land, the trip rates of different housing types 
vary substantially. For instance, the commuting trip rates for R1, R2 and R3 are 0.8–2.2 times the value 
for overall residential land. Therefore, investigating the trip rate of overall residential land alone cannot 
precisely reflect the trip characteristics of each subdivided housing type. From the perspective of preci-
sion and practicality, the trip characteristics of each subdivided housing type should be analyzed in detail. 

Based on different location conditions, the commuting trip production rates for overall residential 
land are 2.02 (Classification One) and 1.30 (Classification Two), which match the location characteris-
tics, i.e., the high accessibility and commuting population density in Classification One lead to a high 
trip rate. The regression analysis of each housing type yields a similar conclusion, and the trip rate of 
Classification One always exceeds that of Classification Two. 

The common inference is that the regression coefficient of all research units without classification 
should represent the overall average. Therefore, when a classification scheme is applied, theoretically, the 
regression coefficients of different classifications should fall on either side of the overall average. In this 
paper, when overall residential land is defined as the independent variable, the regression result matches 
this inference; however, the regression result of R2 does not agree with this trend. One possible reason 
for this difference is that although stepwise multiple regression is applied in each regression analysis pro-
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cess, the regression results have different precisions. These differences reduce the comparability among 
regression coefficients and make it difficult to match the inference. We have no plan to adjust the trip 
rate of each subdivided housing type to satisfy the condition of the abovementioned inference because 
the trip rates of overall residential land and various housing types are regression values with highest level 
of precision for the corresponding scenarios. 

Moreover, the commuting trip attraction rate for residential land is obtained in this paper. Specifi-
cally, the trip attraction rate for overall residential land is 1.01, and the trip attraction rate for R2 is 0.85. 
The precondition of these trip rates is that various enterprises are located in residential areas in many 
cities, including Kunshan, and they include technology companies, education agencies and entertain-
ment companies. Therefore, the use function of residential land may change. In addition, there are a 
large number of nannies and housekeepers that cannot be ignored in the commuting trip rate analysis. 

5 Conclusion

In this paper, the information in mobile phone signaling data, such as the trip volume and spatial 
distribution from starting point to terminating point, is fully utilized. TAZ-CBs, which differ from tra-
ditional TAZs and comprise the coverage of multiple cell towers, are created to minimize the difference 
between the actual coverage and the theoretical coverage. A cluster analysis of transport accessibility, 
based on the path planning data of map providers, and the commuting population density, based on 
residential location identification, were conducted to obtain high-precision commuting trip produc-
tion rates and attraction rates for overall residential land and each subdivided housing type during the 
peak morning hours. The trip rates with high significance obtained in this paper can be applied in local 
transport analysis models. 

Notably, (1) the regression analysis in this paper only focuses on mobile phone data during peak 
morning hours, whereas the peak trip rates of some land types, such as business service land and public 
management land, do not occur during peak morning hours. (2) The trip rate in this paper is not based 
on an entire sample because the market share of China Mobile in Kunshan is 69.4%. We can easily cal-
culate actual commuting trip rates by trip rates in Table 2 and Table 3 divided by 0.694. One limitation 
is that trip data are obtained from the mobile operator; due to privacy reasons, researchers cannot obtain 
the socioeconomic characteristics of mobile phone owners, and the obtained trip rates do not reflect 
trip characteristics of socioeconomic groups. Most likely, transport accessibility and the commuting 
population density may reflect some information related to housing prices and income. Mobile phone 
signaling data can be used to identify trip volumes but not trip modes. Therefore, currently, the trip 
rate measured by the number of vehicles is unavailable. In fact, trip rates, as measured by the number 
of vehicles, are more suitable for cities in North America because trip modes in China are more diverse. 

Almost everyone carries a mobile phone. Signaling data provide unprecedented detail regarding 
population movement and have the potential for use in precise, quantitative analyses. As information 
and data sharing continues, mobile phone signaling data are expected to become an important source of 
basic data for future trip rate and transportation research. 
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