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Abstract: To address the issues of inefficiency and high costs in obtaining data on the residential
distribution of public transport passengers at present, this paper proposes an approach of "estimating
the residential distribution of public transport passengers based on characteristics such as housing
prices of residential Point of Interest (POI) and the convenience of public transport and its stops".
First, from two aspects—public transport travel and the selection of public transport stops—eight
influencing factors for the selection of public transport stops during travel are identified. Based on
these factors, a regression model for the number of public transport passengers from residential POI
to their corresponding stops is constructed, through which the number of passengers traveling from
each residential POI to all accessible public transport stops is obtained. This number is then used as
a weight to allocate the actual passenger flow of each public transport stop to respective residential
PQOJ, thereby realizing the estimation of the residential distribution of public transport passengers.
Furthermore, this approach enables the estimation of the proportion of trips made from residential
areas to specific public transport stops and the overall proportion of public transport trips among all
travel modes from residential areas. The proposed estimation method is verified and evaluated using
Shenzhen as a case study. The results show that the Mean Absolute Percentage Error (MAPE) of the
proposed model is 72.024%, which outperforms the XGBoost model that uses the same set of
characteristics.

Keywords: proportion of trips to public transport stops; web crawler; regression model

1. Introduction

In recent years, with the large-scale construction of urban rail transit and the diversification of
transportation modes, the development of conventional public transport has been confronted with
unprecedented challenges and pressures. From 2019 to 2024, the annual passenger volume of
conventional public transport across the country decreased from 69.176 billion person-times to 38.670
billion person-times, with a decline rate of 44.1%. Faced with the new transportation situation, the
development of conventional public transport should change traditional thinking, actively promote
the supply-side reform of conventional public transport services, and shift from the previous focus
on increasing the "quantity” of supply —such as simply expanding the density of the route network
and the frequency of departures—to enhancing the "quality" of public transport services.

Mastering accurate passenger travel demand is a prerequisite for improving public transport
service quality. Currently, the technology for estimating public transport passengers' OD (Origin-
Destination) data is relatively mature, but its accuracy is not high—it can only estimate data down to
the level of public transport stops. However, achieving improvements in the "quality” aspect of the
supply side of conventional public transport services is inseparable from precise POI-level OD data
of public transport passengers. Precise OD data of public transport passengers reflects residents'
travel patterns and travel demands. It can provide data support for establishing a system of refined
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public transport implementation plans, identifying the travel needs of public transport passengers,
and enhancing the targeting and precision of public transport services[1,2].

The commonly used method to obtain precise Origin-Destination (OD) data of public transport
passengers is the manual survey method [3], which is usually conducted in the form of
questionnaires. This method has the advantage of being able to acquire comprehensive and accurate
public transport passenger OD data. However, it also has drawbacks: poor repeatability, high labor
costs, and it is often impossible to implement on a large scale. As a core component of precise OD
data [4], the residential distribution of public transport passengers can fully reflect the status of urban
public transport and urban spatial layout. It serves as an important support for formulating urban
comprehensive transportation system plans and urban spatial strategic plans. During the morning
peak hours, public transport trips are highly concentrated, with commuting passengers being the
main group of travelers, and residential areas being the primary starting points of commuting [5,6].
Therefore, morning peak public transport trip data can be used to study the distribution of
passengers' residential areas. Meanwhile, POI data has been widely applied in research on residents'
activities, extraction of urban functional zones, analysis of urban business formats, and other fields.
Residential areas, also referred to as residential PO, are a special type of POI. With the development
of Location-Based Services (LBS), real estate online platforms, and web crawler technology, open
platforms such as Baidu Maps, Amap, and Tencent Maps provide API interfaces for high-
concurrency data retrieval services, enabling efficient acquisition of information such as POI
geographic coordinates[7]. Major domestic real estate websites, including Lianjia, Fang.com, and
Anjuke, record detailed information about residential POI, such as housing prices, property types,
and longitude and latitude. Thus, it has become possible to automatically collect residential POI data
in batches [8-10].

In summary, data on the residential distribution of public transport passengers is of great
significance for solving public transport-related issues, while the traditional manual survey method
has inherent shortcomings. With the development of relevant technologies, residential POI—which
are convenient to collect—have provided a new research perspective for obtaining data on the
residential distribution of public transport passengers. Against this backdrop, this study focuses on
realizing the estimation of the residential distribution of public transport passengers based on POI
information accessible from stops and morning peak travel data. This aims to meet the demand for
efficiently, conveniently, and cost-effectively obtaining data on the residential distribution of public
transport passengers, and to provide data support and a scientific basis for subsequent research.

2. Literature Review

At present, exploration and research on the issue of obtaining data on the residential distribution
of public transport passengers are mainly reflected in two aspects: research on public transport
passengers' Origin-Destination (OD) data and research on residents' workplace-residence locations.

2.1. Public Transport Passengers” OD Data

Some researchers at home and abroad analyze the original data of public transport IC card
swipes and combine multi-source data obtained from other sources, such as on-board GPS data and
vehicle operation data. Through data fusion, they form a dataset to estimate passengers' Origin-
Destination (OD) information. Additionally, some experts and scholars adopt methods like
intelligent video analysis and infrared sensor counting to identify the boarding and alighting
behaviors of public transport passengers, thereby constructing a travel OD matrix. Wei Wang [11] et
al. used an automatic data collection system, leveraging public transport IC card transaction data and
vehicle positioning data. Based on the principle of travel chains, they analyzed the boarding and
alighting stops of public transport passengers in London, which were then used as the passengers'
OD points. Catherine Vanderwaart [12] et al. designed a new service planning program that
automatically aggregates public transport IC card data and vehicle positioning data to infer
passengers' boarding and alighting stops. These inferred stops were used as passengers' OD
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information to address issues related to public transport network design and service planning.
Widyawan [13] et al. conducted analysis at the level of public transport stops and routes based on
the principle of travel chains. They used public transport IC card data to construct an initial OD
matrix table for passengers and added the judgment of passenger behavior patterns, which was
applied to quickly support the operational planning of public transport. R. Takao [14] et al. utilized
an intelligent video analysis system to identify information about the bus stops where passengers
board and alight. This information was used as passenger OD data to understand passenger flow
distribution, thereby providing data support for tasks such as extracting potential demand, adjusting
timetables, and modifying routes. Lan Cheng [15] collected data using an automatic passenger
counting (APC) system based on infrared technology, matched the data to public transport routes
and stops, and used this to estimate passengers' travel OD information. Rodriguez Gonzalez AB [16]
et al. used radio frequency identification (RFID) technology to count passengers, proposed a complete
BIBO (Board-In Board-Out) system, and designed corresponding algorithms for calculating
individual trips of each passenger and the corresponding OD matrix. Finally, the effectiveness of the
system and algorithms was verified through two practical experiments.

2.2. Workplace-Residence Locations

Some researchers at home and abroad have conducted studies on the workplace-residence
locations of urban residents. They use mobile phone signaling data to analyze features such as call
locations, stay duration, and stay time periods, thereby proposing methods to identify workplace-
residence locations. Additionally, some experts and scholars integrate multi-source data including
vehicle data, land use data, and social media data to identify residents' workplace-residence
locations, aiming to provide new approaches for research on urban residents' workplace-residence
locations. Ge Q. [17] et al. developed a maximum entropy model for estimating the Origin-
Destination (OD) of residents' residence- and work-related trips. This model utilizes mobile phone
signaling data and is based on a sequence update algorithm grounded in the principle of maximum
entropy. Zang H. [18] et al. integrated mobile phone call data with available public data (e.g., census
data). They identified residents' workplace-residence locations by analyzing the frequency of mobile
phone users' call events. Frias-Martinez V. [19] et al. identified individuals' key activity locations
through analytical methods such as spatial clustering, based on the spatial distribution of mobile
phone calls. They then determined workplace-residence locations by combining these locations with
the corresponding activity times. Shiva R. [20] et al. constructed an activity-based travel demand
model using mobile phone signaling data, which is built on a neuro-fuzzy inference system and a
hidden Markov model. This model distinguishes commuters and further infers their workplace-
residence locations. The effectiveness of the model was verified by comparing its results with three
types of data: expert-labeled on-site actual data, activity-based trip volumes generated and attracted
by different regions, and highway traffic volume data from survey reports. Jang Y. [21] et al. designed
an algorithm for pedestrian detection based on mobile phone mobility data and GPS base station
information. This algorithm identifies pedestrian travel patterns and infers trip origins and
destinations. Finally, the algorithm's effectiveness was validated by comparing its outputs with data
from household questionnaires.

2.3. Summary of the Literature Review

From the above research status of scholars at home and abroad, the following conclusions can
be drawn:

(1) In the current research on public transport passengers' Origin-Destination (OD) data, the
boarding and alighting stops of passengers are basically taken as the passengers' OD for research,
while the actual locations of passengers' OD are ignored. This deviates from the real situation and
has a certain discrepancy with passengers' actual travel demands, which hinders the improvement
of the targeting and precision of public transport services.
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(2) In the current research on residence estimation, most studies use mobile phone signaling data
for estimation. The estimated residences are the residences of mobile phone users, and there is a lack
of residence data specifically for public transport passengers. In addition, there are two
disadvantages in using mobile phone signaling data to estimate workplace-residence locations: on
the one hand, considering that current users pay more attention to protecting their own privacy, it is
difficult to obtain such data; on the other hand, mobile phone signaling data needs to be purchased
from mobile operators, and the cost is relatively high.

In summary, there are few current studies on the estimation of public transport passengers'
residences. The methods for obtaining data on the residential distribution of public transport
passengers are inefficient, cumbersome and expensive, and there is a serious lack of such data, which
makes it difficult to provide data reference and theoretical basis for accurately identifying passengers'
demands.

To address the above problems, this study explores the approach to estimate the residential
distribution of public transport passengers based on the data of residential POI accessible from stops.
Specifically, it integrates and uses the information of POI accessible from stops and public transport
passenger flow data during morning peak hours, and conducts an in-depth analysis of the impacts
of factors such as housing prices and types of residential POI, the convenience of public transport
and subways, and the convenience of public transport stops on residents' willingness to travel to
public transport stops. Furthermore, a regression model for the number of public transport
passengers from residential POI to stops is constructed to estimate the number of passengers
traveling from each residential POI to all accessible public transport stops. Taking this number as the
weight, the actual passenger flow of each public transport stop is allocated to respective residential
PO, and finally the estimation of the residential distribution of public transport passengers is
realized.

3. Methodology and Data

3.1. Problem Transformation

The research problem in this paper is the transit passenger residence projection, which
ultimately requires obtaining the distribution of transit passengers by residence, and from the
perspective of residence, the number of bus station passengers by residence is required. The number
of residential bus station passengers is determined by the population living in the residence and the
residents’ willingness to travel to the bus station, using the residential bus station travel ratio [22,23]
(later referred to as the travel ratio) to express the residents' willingness to travel to the bus station,
as shown in equation (1). Where the population in residence is a knowable constant, at this point, the
research problem is transformed into a travel ratio projection.

RBij:Pi*aij (1)

Where RB;; denotes the number of passengers from residence i to residence i reachable bus
station j; P; denotes the population in residence i; a;; denotes the ratio of trips from residence i to
residence ireachable bus station j. i=1,2...... M, M is the number of residences in the tract; j =
L2...... N;, N;is the number of reachable bus stations for residence i in the tract.

3.2. Influencing Factors

To estimate the proportion of trips to public transport stops, it is first necessary to explore its
specific influencing factors. This paper conducts a further analysis from two aspects: public transport
travel factors and public transport stop selection factors. The reason is that public transport travel
factors affect residents’ choice of travel mode, while public transport stop selection factors influence
residents’ choice of specific public transport stops.

Currently, research on the influencing factors of travel mode choice is quite mature. The main
influencing factors include [25,26]: residents’ income, age, car ownership, occupation, and the

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0552.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 November 2025 d0i:10.20944/preprints202511.0552.v1

5 of 20

convenience of travel by bus or subway. In studies on public transport passengers’ stop selection
[27,28], stop satisfaction is usually used as the evaluation criterion, and the convenience of the stop
is used to characterize this satisfaction.

3.2.1. Indirect Influencing Factors

From the available data, it is found that the current data on residents’ per capita income, per
capita age, per capita car ownership, and occupation proportion cannot be obtained directly. Further
analysis shows that the housing price of residential POI is directly related to residents’ per capita
income [29,30]; urban villages have a larger proportion of young people, while the age distribution
in residential communities is more balanced [31-33]; on the other hand, residential communities
usually have more parking spaces, so their per capita car ownership is higher than that of urban
villages [34,35]. Therefore, this paper uses the housing price and type of residential POI to indirectly
reflect residents’ per capita income, per capita age, and per capita car ownership. The specific
indirectly designed parameter indicators are detailed in Table 1. In addition, due to the inability to
design indirectly through available data, the influencing factor of residents” occupation proportion is
excluded.

3.2.2. Direct Influencing Factors

The scope of factors considered for the convenience of public transport, subways, and public
transport stops in residential areas is relatively broad, among which accessibility [36-38] is the key
aspect. Therefore, this paper selects two indicators as parameters for the convenience of public
transport and subways: the number of accessible public transport and subway lines from a residential
POI, and the average distance from the residential POI to (relevant) stops. For the convenience of
public transport stops, the paper selects the number of accessible lines at the stops (reachable from
the residential POI) and the distance (from the residential POI to the stops) as its parameter indicators.
Table 1 presents the indicators for each influencing factor.

Table 1. Indicators of Influencing Factors.

Factor Influencing Factors Indicators Designing
Income per inhabitant Residential POI .
Indirect
in the place of residence Home Prices
’ige }Iaer m?abr.cznt m Residential POI Indirect
e place of residence Type
Vehicle ownership per :
(community, urban .
inhabitant in the place . Indirect
village)
of recidence
(@) tional sh f
ccupational share o L Excluded
Bus Travel - residents in the place of
Factors Number of
Convenience of bus in residential POI .
] Direct
the place of residence Number of
residential POI
Number of
Convenience of subway residential POI Direct
in the place of residence Number of
residential POI
111 1.
Bus station Number of bus
Choosi Convenience of bus . Di
oosing stations Number of irect
Factors residential POI
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3.3. Regression Model for the Number of Public Transport Passengers from POI to Stops

3.3.1. Original model

Considering that the residential POI data are divided into two categories of communities and
urban villages, the regression model of residential POI bus station ridership is constructed from the
perspective of stations, as shown in equation (1).

Bj’ = Zir Pil * az{lj + Ziu Pi’rll * a{,’,j (1)

where Bj denotes the projected total number of passengers at bus station j; P;denotes the
population in community i'; o denotes the ratio of trips from community i” to community
i’ reachable to bus station j; P} denotes the population in urban village i " population; a; denotes

the ratio of trips from urban village i" to urban village i"” reachable to bus stationj.i’ = 1,2...... M,
M’ denotes the number of communities in the tract; i = 1,2...... M"”,M" denotes the number of
urban villages within the tract; j = 1,2...... N;, N; is the number of bus stations that are reachable to

both subdivisions within the tract i’ and urban villages i".

Further, based on the determined functional relationships, the influencing factors related to the
ratio of trips in the community are linear, and they add up to form the ratio of trips in the community,
and the influencing factors related to the ratio of trips in the urban village are power function
relationships, and equation (2) can be changed to equation (2) [39,40].

Bj =X P, * [01 % X(iy1 + 03 % X(3sy2 + 03 % X(3y3 + 04 X330 + 05 % X(jys + C] + Xy, Pijy + [0" + (X)) °]
S @)

where X1, Xay, Xz Xy X(ys denote the house price of community i’, the number of
reachable bus lines, the number of reachable subway lines, the average distance of reachable subway
stations, and the number of lines of bus station j, respectively; 6'1, 9;, 6'3, 9;1, and 9;- denote the
coefficients of the influencing factors related to the travel ratio of different communities, respectively;
C denotes a constant; XJ denotes the number of lines of bus station j in the urban village
perspective; 8 denotes the coefficients of the influencing factors related to the travel ratio of urban
villages; and S denotes a power function coefficient.

Eq. (2) can be further transformed into Eq. (3), and the analysis reveals that the coefficient 0 of
the influencing factor related to the ratio of cell trips presents a correlation form with the population
P; in each cell.

Bj = [01 * X Py, * X(iny1 + 03 % Xy Py * X(iyo + 03 % Xy Py * X(iyy3 + 04 % Xy Py * X(iya + 05 % X(j)s *
Zirr Pi’r + C] + [9” * (Xj”) § % Ziu Pilllr] (3)

3.3.2. Improved Model

Considering that the total population in the community reachable to the station is a fixed
constant and the total number of passengers is only related to the overall travel ratio influence factor,
the model isimproved to Eq. (4) by referring to the formula for calculating the number of passengers
at bus stations in urban villages [0 * (Xj’) S % Y. Pu] and separating the population from the influence
factor in Eq. (4) for calculating the number of passengers at bus stations in the cell to avoid the
problems of the original model.

Based on the improved model, the actual passenger flow at bus station j is approximated as a
substitute for Bj, and the unknown coefficients 6;. 05 03 ;. 85 C. 0. S. At this point, the
residential POI data is input, and the number of passengers from the residential POI to each reachable
bus station RBlJ can be deduced.

B = P/ x[6; */X{ +0; %Xy + 03 % X3+ 0% Xy + 05 % X(jys + C]+ P/« [0" % (X]") °] 4)

Where P; denotes the total population in the community reachable by bus station j;
X;+ X5+ X5+ X, denote the overall house price, the number of reachable bus lines, the number of
reachable subway lines, and the average distance between reachable subway stations to the
community reachable by bus station j, respectively; Pj denotes the total population in the urban
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village reachable by bus station j, i.e., ;- P;lu; =12, ... N, and N is the number of bus stations in
the tract.

3.4 Method of Projecting the Residence of Public Transport Passengers

3.4.1. Residence Projecting

Using the residential POI bus station ridership regression model, it is possible to derive the
number of passengers from the residential POI to each reachable bus station. Since the number of bus
station passengers obtained by this projection deviates from the actual one, it is proposed to use the
number of passengers from residential POI to each reachable bus station as the weight to allocate the
actual passenger flow of bus stations to each residential POI, as shown in Eq. (5), to finally realize the
projection of bus passenger residence.

RB

RBj;
= Bj * )
J

Where RB;; denotes the actual number of passengers in bus station j whose residence is i; B;

ij

denotes the actual passenger flow at bus station j; RB1J denotes the imputed number of passengers
from residential POIi to residential POIi up to bus station j; Bj denotes the imputed total number of
passengers at bus station j, i.e. Y; RB1J

3.4.2. Travel ratio Projecting

Based on equation (5), the travel ratio in the community is [9'1 ¥ X) 40, % X5+ 05 % X5 + 0, % X, +
05 * X,(j)S + C]; the travel ratio in the urban village is [0 (Xj') 5]. Since the travel ratio projected in
ij atthebus station of the
residence based on the projected results of the residence of the bus passengers, according to Eq. (6).

this way deviates from the actual one, this section projects the travel ratio a,

Taking the residence as the main body, the actual number of passengers at the bus stations in the
residence is summed up to get the actual number of bus passengers in the residence, and the ratio of
bus trips in the residence is further calculated, as shown in Eq. (7).

@i =24 (6)
ij P
RB;

a == )

In Eq. (6), ojdenotes the ratio of trips from residence ito residence i up to bus station j; Pi denotes the

population with residence i. In Eq. (7), a;denotes the ratio of bus trips with residence i; RB; denotes the actual

number of bus passengers with residence i, i.e. 3;RB;;.

3.5. XGBoost-Based Residential POI Bus Station Ridership Projecting Model

3.5.1. Introduction to the Algorithm

In this paper, we do not use the model constructed based on deep learning algorithm as the main
model for two main reasons [41,42]: on the one hand, the deep learning process requires a large
amount of data, and only 5050 samples are used to construct the model in this paper, which may lead
to poor generalization ability of the model; on the other hand, deep learning cannot explain the
principle of the constructed model, and the constructed model may be far from the actual model,
such as the population living in the area and the travel ratio are constructed as a functional
relationship in the form of non-multiplication. However, to further verify the validity of the
regression model, an XGBoost-based residential POI bus station ridership imputation model is
constructed in this paper as a reference.

XGBoost is an improved learning algorithm based on Gradient Boosting and Decision Tree
(GBDT). The principle is to use the idea of iterative operations to transform a large number of weak
classifiers into strong classifiers to achieve accurate classification results. It is an efficient
implementation of GBDT, and its advantages are mainly reflected in two aspects: first, compared
with GBDT, the objective loss function of XGBoost increases the regular term, which helps to reduce
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the model variance and prevent overfitting; second, the loss function of GBDT only does negative
gradient (first-order Taylor) expansion for the error part, while the loss function of XGBoost does
second-order Taylor expansion for the error part, which improves the prediction accuracy of the
XGBoost algorithm.

3.5.2. Model Construction

In this section, all features are feature engineered into the input dataset, and then the model is
trained and tuned to obtain the XGBoost-based residential POI bus station ridership imputation
model.

(1) Feature Engineering

The feature inputs of the XGBoost model are consistent with those of the regression model,
where the inputs of the cell data are Pj « X Xon Xaa Xigs X'(j)S ; the inputs of the urban village data
are P;. X;. The above feature inputs are all numerical variables with values in the range of [0, +e).

(2) Model Tuning

The parameters of XGBoost include general parameters, boosting parameters and learning task
parameters. The generic parameters are used to set the overall functionality; the boost parameters are
used to set the parameters of each step of the regression tree; and the learning task parameters guide
the model to perform optimization tasks. In this paper, the above parameters are tuned using the grid
search cross-validation method, which returns the evaluation index scores under all parameter
combinations by iterating through all permutations of the incoming parameters in a cross-validation
manner, and the tuned parameters are not shown in this paper for space reasons.

3.6 Study Area

In this paper, the proposed model and method are validated and evaluated by taking Shenzhen
city as an example. For the bus travel data, the data of the morning peak (7:00~9:00) trips in December
2020 were selected, with a daily average of 838,900 entries, accounting for 28.92% of the whole day
trips. The average time distribution of passenger flow is shown in Figure 1, showing a trend of rising
and then falling, with the peak located at around 8 o'clock; the average spatial distribution of
passenger flow is shown in the heat map in Figure 2, with more concentrated passenger flow, mainly
occurring in the city center. For station and line data, it specifically includes 5,500 bus station data,
1,020 bus line data, 234 subway station data and 11 subway line data. For residential POI data, the
total number of residential POI data is 6,282, furthermore, the number of reachable communities for
bus stations is 36,800, and the number of urban villages is 29,800.

5

Average Passenger Flow (10000 persons)

Figure 1. Time Distribution of Passenger Flow.
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Figure 2. Thermal Spatial Distribution Diagram of Passenger Flow.
3.7. Data Resources

3.7.1. Residential POI data crawling

(1) Website choosing

Compared with the mainstream real estate websites in China, "Housing World" and "Anjuke"
have anti-crawler mechanism and need to complete the slider verification manually at regular
intervals; "Chain Home" does not have anti-crawler mechanism. It is feasible to crawl data
automatically and in bulk. Meanwhile, "Chain Home" covers 82 popular cities in China and has
230,000 pieces of residential data, which can meet the data demand.

(2) Crawling method

This paper adopts a breadth-first traversal crawling strategy and uses Python to build six sub-
functional modules, including request configuration module, URL de-duplication module, robots
protocol module, web crawling module, web parsing module and storage module, to crawl the
residential POI data of "Chain Home" in a batch automatically under the premise of the standard
operation process.

(3) Results

For Shenzhen, 4,574 communities and 1,708 urban villages were crawled. Among them, the
communities are mainly distributed in the city center, with an average price of 62,400/m? and a total
of 5,361,900 people; the urban villages are more scattered, with an average price of 56,100/m? and a
total of 10,479,900 people. The total number of residential POI is compared with the resident
population of 17,560,100 people in the Seventh Census Analysis Report, and the relative error is -
9.79%, and the crawling result is basically in line with the reality. The specific distribution of
subdivisions and urban villages is shown in Figure 3 and 4.

g
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Figure 3. Scatter Diagram of Community Distribution.
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Figure 4. Scatter Diagram of Urban Village Distribution.

3.7.2. Bus and Subway Data Obtaining

(1) Platform choosing

Comparing with the domestic mainstream map open platform, the personal quota of Baidu data
retrieval function is 30,000/day, while Tencent and Gaode are 10,000/day and 5,000/day respectively,
therefore, this paper chooses Baidu map open platform to obtain bus and subway data.

(2) Obtaining method

In this paper, we use Python to write query statements conforming to the platform format, access
the application programming interfaces of Baidu Map open platform, call the highly concurrent data
retrieval function, and obtain the bus and subway data in Baidu Map automatically in batch.

(3) Results

For Shenzhen, 1020 bus lines, 5050 bus stations, 11 metro lines and 234 metro stations were
obtained. After comparing and checking with the data of Shenzhen Municipal Bureau of
Transportation, the obtained data are relatively complete. The distribution maps of bus and subway

stations are shown in Figure 5 and 4.

Figure 6. Scatter Diagram of Subway Stations Distribution.

4. Results and Discussion
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4.1. Regression Model Validation

4.1.1 Model Validity Analysis

Due to the lack of actual transit passenger residence data to compare with the projected transit
passenger residence, this section focuses on verifying the accuracy of the total residential POI bus
station ridership.

(1) Residential POI bus station ridership regression model

(O Improved model

Based on equation (5), the modeling data were first divided into training set and test set, and the
training set accounted for 80% of the data set, then the coefficients of the regression model were
calculated by inputting the training set data, and finally the total number of passengers at residential
POI bus stations were projected by inputting the test set data, and the mean absolute error (MAE),
root mean square error (RMSE), and MAPE were calculated using the actual passenger flow at bus
stations as the true value, respectively.

Original model

Based on equation (4), the accuracy of the original model is calculated by inputting the
corresponding data and further compared with the results of the improved model.

(2) XGBoost-based residential POI bus station ridership projection model

In the same way as (1), after completing model tuning using the training set data, we input the
test set data to impute the total number of passengers at residential POI bus stations and calculate
MAE, RMSE and MAPE respectively.

The comparison results of the above models are shown in Table 2. The MAE, RMSE, and MAPE
of the improved model of residential POI bus station ridership regression are the smallest and have
the highest accuracy.

Table 2. Comparison of Models” Accuracy.

Model Results MAE RMSE MAPE

Improved residential POI bus

161.027 288.069 72.024%
station ridership regression

Original Residential POI bus
180.642 311.052  113.531%
station ridership regression

XGBoost-based residential POI
oost-based residentia 167.124 295868  82.472%

bus station ridership projection

Further evaluating the optimal model, the comparison results between the predicted and true
values of the training set and test set inputs are shown in Figure 7 and 8. The upper and lower lines
in the figure indicate the error values of plus or minus 30% of the true values, and the more points
falling within the error range indicate the higher accuracy of the model. It can be seen that the model
prediction values are more concentrated and the results are reasonable. The percentage of the error
of the results within 30% is 28.83% and 27.12% for the training set and test set, respectively, and the
accuracy of the model is acceptable.
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Figure 7. Improved Regression Model of Residential POI Bus Station Passenger_ Training Set.
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Figure 8. Improved Regression Model of Residential POI Bus Station Passenger_ Test Set.

4.1.2. Reachable Distance Validation

The reachable distance is additionally divided into three categories of 300m, 700m and 1000m,
and the corresponding data are input to calculate the model MAPE respectively, and the comparison
results are shown in Figure 9. The results show that as the reachable distance increases, the model
MAPE gradually increases and the model projection effect becomes worse. When the reachable
distance is 500 m or more, the model effect changes more and is relatively worse, indicating that the
maximum walking distance of bus passengers is within 500 m. Therefore, it is more reasonable to set
500 m as the reachable threshold in this paper.

90 %~

85 %
90.91%

80 %-|
w
= 85.91%
b=

81.46%,
79.91%

70 %+

65 % T T T d
300 500 700 1000

Reachable Walking Distance (Meter)

Figure 9. MAPE Comparison of Different Reachable Walking Distance.

4.2. Passenger Projection

4.2.1. Residency Projection
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Based on the model coefficients in 5.2.3, the residential POI data are input to project the number
of passengers from residential POI to each reachable bus station; further, to evaluate the accuracy of
the projection, the total number of passengers at residential POI bus stations is verified. The specific
values of residential POI to each reachable bus station ridership are shown in Table 6, and the results
indicate that the number of urban village bus station ridership is greater than the number of
community bus station ridership.

The MAE, RMSE, and MAPE of the total number of passengers at residential POI bus stations
were calculated to be 155.490, 266.405, and 81.272%, respectively, using the actual passenger flow at
the bus stations as the true value, and the results of the comparison between the predicted and true
values are shown in Figure 10.

6,000

5,000+

Predicted Value
>

[=3 [=]

(=3 (=1

3 3

~
=}
S
S

1,000 o g

0 1,000 2,000 3,000 4,000 5,000 6,000
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Figure 10. Comparison between Residential POI Bus Station Total Passengers and Bus Station Actual Passenger

Flow.

Using the number of passengers from residential POI to each reachable bus station as the weight,
the actual number of passengers at the bus station is assigned to each residential POI, and the specific
values of the actual number of passengers at the residential bus station are shown in Table 3. It can
be seen that after the passenger flow allocation, the average value of the community is higher than
before the allocation, and the average value of the urban village is lower than before the allocation,
considering that the reason is that the number of passengers at the community bus station before the
allocation is a larger ratio of the total number of passengers at the bus station, and the results are

relatively reasonable.

Table 3. Residential POI and Residence Bus Station Passenger.

Type | The number of passengers The actual number of
Values from residential POI to passengers in
Overall average 21.48 23.07
Community 19.34 22.29
averaoe
Urban villages 23.72 23 64
averaoe
Community 817 1327
maxyimiim
Urban .Vlllages 1088 1720
Nax1miim

Further, in order to evaluate the actual number of residential bus passengers at the place of
residence, the calculation is based on the actual number of residential passengers at the bus station
at the place of residence. The results show that the average actual number of residential bus
passengers is 132.59, the average value of the community is 105.01 and the maximum value is 2769,
and the average value of the urban village is 168.04 and the maximum value is 3602. The heat map of
residential bus passengers distribution is shown in Figure 11, which shows that residential bus
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passengers is more distributed in downtown areas where public transit is more convenient.
Compared with Figure 12 Residential POl number distribution heat map, observation shows that the
number of residential POI in area (1) and area (2) is relatively close, but the number of residential bus
passengers in area (2) is much larger than that in area (1), considering the reason that area (1) is
located in the northwest of Baoan District, the residential POI is mainly in urban villages, and the
willingness to travel by bus is weaker, while area @ is located in Longhua District, there are more
subdivisions, and the willingness to travel by bus is stronger. The heat map of the residential bus
passengers distribution with the reachability distance threshold set to 1000 m is further plotted, as
shown in Figure 13 and compared with Figure 5-18, it is found that the projected residential bus
passengers distribution does not vary significantly due to the change in the set reachability distance
threshold, and the projected results are relatively relia?le.
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Figure 13. Thermal Distribution Diagram of Bus Passenger Residence (1000M) .
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4.2.2. Trip ratio Projection

(1) Ratio of trips to bus stations in residential areas

Based on the residence projection results, the ratio of trips to bus stations in the residence is
projected according to equation (7). Among them, the average value of the trip ratio of the community
bus station is 0.0115 and the maximum value is 0.194; the average value of the trip ratio of the urban
village bus station is 0.0073 and the maximum value is 0.187. To further verify the relationship
between the number of bus station lines and the ratio of trips to bus stations in communities and
urban villages, the ratio of trips to bus stations in communities and urban villages was divided into
five intervals according to the quintile method, the mean values of the number of bus station routes
in different zones were counted, as shown in Figures 14 and 15.

Average Bus Station Lines

0002%  0381%  0807%  1.334%  2.607%

Community Station Trip Ratio
Figure 14. Line Chart of Community Station Trip Ratio and Bus Station Lines.

144 13.26

Average Bus Station Lines

0001%  0007%  0289%  0722% 1.942%

Urban Village Station Trip Ratio

Figure 15. Curving Diagram of Urban Village Station Trip Ratio and Bus Station Lines.

(2) Ratio of trips by bus in residential areas

Based on the residence projection results, the ratio of trips by bus in residential areas is calculated
according to equation (8). Statistically, the average ratio of trips by bus in residential areas is 0.0561,
compared with the ratio of 0.0478 obtained by dividing the daily average of 838,900 morning peak
transit trips by the resident population of 17,560,100 in Shenzhen, with an error of 17.61%, and the
results are relatively reasonable. Among them, the average value of the community bus travel ratio
is 0.0573 and the maximum value is 0.197; the average value of the urban village bus travel ratio is
0.0509 and the maximum value is 0.214. The frequency distribution of the ratio of bus trips in
residential areas is shown in Figure 16, and the results show that the low ratio of bus trips is more
common, which is consistent with the current situation of residents' travel; the frequency distribution
of the ratio of bus trips in communities and urban villages is shown in Figures 17 and 18, and overall,
the ratio of bus trips in communities is higher than the ratio of bus trips in urban villages. The thermal
distribution of the ratio of bus trips in communities and urban villages is shown in Figures 19 and 20.
It can be seen that the communities with a high ratio of bus trips are mainly concentrated in the city
center, and the urban villages with a high ratio of bus trips are outside the city center and are more
scattered.
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Figure 19 Thermal Distribution Diagram of Community Trip Ratio
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Figure 20. Thermal Distribution Diagram of Urban Village Trip Ratio.

Further, to verify the relationship between the community housing price, the number of
reachable bus lines, the number of reachable subway lines and the average distance to reachable
subway stations and the community transit travel ratio, the neighborhood transit travel ratio was
divided into five intervals according to the quintile method, and the mean values of housing price,
the number of reachable bus lines, the number of reachable subway lines and the average distance to
reachable subway stations in different intervals were counted, as shown in Figures 21 to 24. The
results show that the ratio of community bus trips and the above factors all show a linear relationship,
and the results determined by the functional relationship are consistent, the ratio of community bus
trips is relatively reasonable.

Average House Price (10000 ¥ /ni')

4131% | 5542%  6415% | 7.421%  9.436%

Community Trip Ratio

Figure 21. Line Chart of Community Trip Ratio and House Price.
274
25.11

244

214

Average Reachable Bus Lines

4131% | 5542% | 6415% | 7421% | 9.436%

Community Trip Ratio

Figure 22. Line Chart of Community Trip Ratio and Reachable Bus Lines.
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Figure 23. Line Chart of Community Trip Ratio and Reachable Subway Lines.
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Figure 24. Line Chart of Community Trip Ratio and Average Distance of Reachable Subway Station.

5. Summary

In view of the current inconvenient and expensive data acquisition of bus passengers' residence,
this paper takes into account the factors influencing the proportion of bus stop trips, and puts forward
the idea of "calculating the residence of bus passengers from the characteristics of housing POI
housing price, bus and station convenience". The regression model of residential POI bus station
passenger number and the projection model of residential POI bus station passenger number based
on XGBoost are constructed. Meanwhile, for the city of Shenzhen, the proposed model and method
were verified and evaluated by using the bus travel data, residential POI data, and subway lines and
stations data. The results show that the regression model has the highest accuracy, and the calculated
results are consistent with the reality and relatively reasonable.

There are still some problems and inadequacies in this research. The following aspects are found
to be further explored in the future:

(1) The reachable distance in this paper is simply set as a radius of 500 meters, which still has a
certain deviation from the actual walking distance of passengers. In the future research, more
accurate walking distance can be used, so as to better match the actual situation of passengers.

(2) For some websites with anti-crawler programs, it is impossible to crawl their data. As a result,
there are still some errors between the residential POI data in this paper and the real situation.
Therefore, the follow-up research can further study the principle of crawler, to update and
supplement residential POI data in real time to make the data more accurate.

(3) The object of this study is mainly the residence of bus passengers in the morning rush hour.
Subsequent studies can be combined with the bus travel data of other time periods, other types of
POI data such as enterprise POI, entertainment POI, and other travel mode data such as by-subway
and by-online-car, so as to expand the object of this study to the actual accurate OD projection of
urban residents.
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