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 2 

ABSTRACT 3 

At the planning and design phase of urban mass transit system, the aim is to grasp the 4 

features of spatial and temporal distributions of passenger flow during peak period. For this 5 

goal, dynamic passenger assignment model should be applied. An indispensable input 6 

parameter of this model is time-varying interstation OD matrix of peak period. To gaining 7 

this parameter, the first step is figuring out peak period boardings (excluding interchanges, 8 

PPB). Since all-day boardings can be extracted from the given all-day OD matrix, the study 9 

focuses on forecasting the proportion of PPB. Taking Osaka Prefecture as research area, this 10 

article firstly proposes a new concept of station catchment area as the border of data 11 

collection, which can be determined by two types of risks. With the help of Spearman 12 

correlation analysis, 3 factors prove to be significantly associated with the proportion of PPB. 13 

Then two regression models are conducted with socio-economic and land-use characteristics 14 

as independent variables respectively. Results show that the model with the proportion of 15 

resident population as independent variable has a better performance, of which the adjusted 16 

R
2
 reaches 0.951 and the standard error of verification data is only 7.8 percent. 17 

 18 
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INTRODUCTION 1 

As the backbone of urban transportation, mass transit system is playing a more 2 

important role. Owing to its high construction cost and big difficulty to modification after 3 

construction, predictability and accuracy become the major aims of its planning and design. 4 

Maximum passenger flow of one-direction section in peak hour (MPSP) is an essential 5 

guidance of these complicated works. Combining the inputted time-varying interstation OD 6 

matrix of peak period with the route and departure time decisions of passengers, dynamic 7 

passenger assignment model can give the answer of MPSP. However, time-varying 8 

interstation OD matrix of peak period has been rarely studied. The reason for this situation is 9 

that most of existing studies on dynamic passenger assignment model for urban mass transit 10 

system assumed that time-varying interstation OD matrix was given (1-3) or could be 11 

estimated by using actual automated fare data (4). But the assume is not tenable at the 12 

planning and design stage, because the actual operational data hasn’t been generated. The 13 

only available data is the estimated all-day interstation OD matrix. 14 

To obtain time-varying interstation OD matrix of peak period, all-day boardings 15 

(excluding interchanges, similarly hereinafter) based on all-day interstation OD matrix are the 16 

first data wanted. According to socio-economic and land-use situation, the proportion of peak 17 

period boardings (PPB) can be determined and used to forecast the PPB. With passengers’ 18 

specified arrival time of destination, every one’s departure time become available eventually. 19 

Some researchers have pay attention to PPB. Wang et al (5) analyzed the fluctuations 20 

of boardings within a day of Beijing Metro stations, but characteristics of different kinds of 21 

stations haven’t been analyzed. Based on this research, Deng (6) categorized stations into 8 22 

types according to the land-use around stations, and investigated floating ranges of the 23 

proportion of PPB of each type. Results showed that stations with mainly residential land 24 

around have a higher proportion than others. Nevertheless, there wasn’t any quantitative 25 

analysis on influence factors and their influence degree of the proportion of PPB. This article 26 

fills the gap, with 370 stations of Osaka Prefecture as study objects. Furthermore, regression 27 

models are established to forecast the proportion of PPB. 28 

 29 

STUDY AREA 30 

Osaka Prefecture is the core section of Keihanshin Metropolitan Area, the second 31 

largest metropolitan area of Japan. According to the latest census in 2010, it had 8.87 million 32 

residents on an area of 1898.47km
2
. The population density and employment density of 33 

Osaka Prefecture at the census tract level are shown in Figures 1 and 2. The 10km-radius 34 

circle around Osaka station has higher population and employment densities than other place. 35 

That is the circle where Osaka City is located. 36 

This area is supported by a rail system consisting 52 lines of 14 companies, the total 37 

length of which reaches 743.45 km. 370 stations are selected from the system as study objects, 38 

each of which has complete data. 39 

 40 
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 1 

FIGURE 1 Population Density of Osaka Prefecture at Census Tract Level. 2 

 3 

FIGURE 2 Employment Density of Osaka Prefecture at Census Tract Level. 4 

 5 

DATA RESOURCE 6 

Three types of data are needed in this research. 7 

(1) Different period boardings of study objects in one day  8 

This data is an announced result of the 5th Keihanshin Metropolitan Area Personal 9 

Travel Survey in 2010 (7). 10 

(2) Actual catchment area of study objects 11 
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This data can be investigated from the results of the 11th Japan Metropolis 1 

Transportation Census in 2010 (8). 2 

(3) Socio-economic and land-use data around study objects 3 

This data which is in the format of GIS file can be downloaded from the official 4 

website of Information Policy Division, Policy Bureau, Ministry of Land, Infrastructure, 5 

Transport and Tourism (9). 6 

 7 

PEAK PERIOD 8 

Urban mass transit system has the advantages of fast speed, punctuality and large 9 

capacity. Thanks to these, it undertakes a lot of long- and moderate-distance trips, aims of 10 

which are mainly commuting and going to school. This type of passengers has rigid travel 11 

demand. Their specified arrival time of destination are fixed and relatively close, so that the 12 

peak period of urban mass transit system is usually the morning peak period. The latest Urban 13 

Traffic Annual Report indicated that the peak hour of 29 lines which are surveyed within 14 

Osaka Prefecture all appeared from 7 a.m. to 9 a.m. on weekdays, as shown in Figure 3. 15 

Therefore, morning peak period is confirmed as the time range of the study. 16 

 17 

FIGURE 3 Number of Lines with Different Peak Hour within Osaka Prefecture. 18 

 19 

Based on different period boardings of stations in Osaka Prefecture (Figure 4), it isn’t 20 

difficult to find that from 6 a.m., stations have gradually entered into the peak hour of 21 

boardings. This is mainly because passengers living in suburbs need more time to commute 22 

to downtown area. So the boarding time of them is earlier than the actual peak hour of lines. 23 

On the other hand, the work start time varies with the kind of job. For example, people who 24 

working at shopping mall and places of entertainment often begin to work at 10 a.m. That’s 25 

why the boardings between 9 a.m. to 10 a.m. is still larger than the amount of off-peak period. 26 

For the above reasons, the peak period of this study is from 6 a.m. to 10 a.m. 27 

 28 
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 1 

FIGURE 4 Different Period Boardings of Station within Osaka Prefecture. 2 

 3 

REASONABLE CATCHMENT AREA (RCA) 4 

Station catchment area is regarded as the collection boundary of all kinds of basic data. 5 

Thus, whether it is proper have a direct impact on the ability to describe reality and predict 6 

the future of the model.  7 

It was assumed by the majority of station-level ridership researches that station 8 

catchment area was equivalent to pedestrian catchment area (PCA), which is a circle with the 9 

station as the center and a distance threshold as the radius. All stations of each study shared 10 

an identical distance threshold, ranging from 500m to 2000m (10-16). This practice lost sight 11 

of the effect of station density. 12 

Few scholars explained how to justify the distance threshold for delimiting catchment 13 

area (12, 15). They prepared several pre-determined distance, collected data within each 14 

catchment area and substituted the data into correlation analysis or forecasting models. By 15 

comparing results, the distance threshold was decided. Within this catchment area, correlation 16 

or the goodness of fit achieved the maximum. This method means that the distance threshold 17 

varies with independent variables, that is to say, this method establishes a correlation between 18 

them. But in fact, station’s catchment area is only related to station characteristics, nothing to 19 

do with other factors (e.g.: population, land-use around stations). 20 

It has been a desire that catchment area can be as close as possible to the actual one, 21 

the union area of all boardings’ origins. However, it is unrealistic in the forecast period. This 22 

article defines the union area of 90 percent boardings’ origins as station RCA, which 23 

guarantees the accuracy of model, and meanwhile avoids the meaningless expansion of 24 

catchment area due to few passengers. Though its forming method is the same as the previous 25 

research, a circle with the station as the center, its distance threshold is justified by a new 26 

method, which is called two types of risks. 27 
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Two Types of Risks 1 

The choice of distance threshold is critical to the forming of RCA. A very low 2 

distance threshold creates very small areas, which leave out most of riders. And on the other, 3 

with a very high distance threshold, some faraway areas having no contributions to boardings 4 

may be contained into it. Either case can distort the final results of subsequent forecast. For 5 

this reason, two types of errors should be observed during the process of comparing and 6 

analyzing alternative catchment areas. 7 

The first types of error refers to the one that alternative catchment area hasn’t 8 

included the area which is a part of actual catchment area. The probability of this error is 9 

called Risk I, expressed as follows: 10 

A

AAA
MP

)'(
)( 1


                           (1) 11 

The second types of error refers to the one that alternative catchment area includes the 12 

area which isn’t a part of actual catchment area. The probability of this error is called Risk II, 13 

expressed as follows: 14 

A

AAA
MP

)'('
)( 2


                            (2) 15 

where A is the actual catchment area of station, and A’ is the alternative catchment area of 16 

station. Since both catchment areas of study objects are divided into census tracts, the 17 

calculation of two types of risks replaces actual area by the number of tracts. 18 

Both of risks of RCA are hoped to reach the minimum simultaneously, but it is hard to 19 

realize. The study comes up with a new idea of determining RCA, selecting the catchment 20 

area with the minimum sum of two types of risks, based on the premise that it covers no less 21 

than 90 percent of boardings. 22 

 23 

The Distance Threshold of RCAs under Different Station Densities 24 

The distance between origin and station is the primary issue of passengers when they 25 

are choosing which station to go. If the OD matrix unchanged, with the increase of station 26 

density in a certain area, there will be more accessible stations for passengers; 27 

correspondingly, for a station, the union area of the origins will shrink. Forasmuch, station 28 

RCAs are not uniform, but have a link with the station density of its location.  29 

In order to understand how the station density affects the distance threshold, several 30 

5km-wide bands are created around Osaka station, up to a maximum limit of 55km. 370 31 

research objects are grouped by the station density of the bands which they are located in. 32 

From 0 to 1.00 stations/km
2
, groups are set at intervals of 0.10 stations/km

2
, and the 33 

remaining is classified as a group (if a group is void, it will be merged into the first nonempty 34 

group whose station density is less than it). Each station has 15 alternative catchment areas, 35 

the radius of which varying from 100 to 1500m at intervals of 100m. For one group, its 36 

values of two types of risks equal the average value of all stations in it. 37 

  38 
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TABLE 1 The Distance Threshold of RCAs under Different Station Densities 1 

  2 

Table 1 shows the RCA of every group as well as their risks. The distance threshold of 3 

RCA decreases with the increase of station densities. It is 1000m when the station density is 4 

less than 0.30 stations/km
2
 and becomes 900m when the station density is greater or equal to 5 

0.30 stations/km
2
. Data collection will take the RCAs under different station densities as the 6 

border. 7 

 8 

FORECASTING MODEL OF THE PROPORTION OF PPB 9 

Factors Influencing the Proportion of PPB 10 

 11 

FIGURE 5 Proportion of PPB of Study Objects. 12 

 13 

From the center of Osaka Prefecture to its periphery, the proportion of PPB has a 14 

tendency to rise, as shown in Figure 5. But the difference between stations within the same 15 
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band cannot be ignored.  1 

The proportion of PPB is a relative concept. It is not only related to the boardings 2 

during peak period, but also related to the ones of all-day. In view of the fact that there is no 3 

difference in station characteristics and its intermodal connection between passengers who 4 

enter the same station during peak period and off-peak period, it is considered that the 5 

influence of these two factors on the proportion of PPB can be neglected. 6 

Investigations of the station boardings data of Osaka Prefecture show that the major 7 

trip purposes of passengers who boarding during peak period are going to work (60 percent) 8 

and school (17 percent). Other purposes (private matter, business, going home, etc.) account 9 

for less than 10 percent each. It is indicated that residents are the main source of PPB. But it 10 

doesn’t mean the more the residents are, the higher the proportion of PPB becomes. If the 11 

jobs within the station RCA are enough to meet the requirements of residents, then they don’t 12 

need to take mass transit to farther places. So the jobs and other land use within the station 13 

RCA have an impact on PPB. These two factors also influence the boardings of all-day, 14 

because the boardings of all-day consist of three parts. The first part is the morning peak 15 

period boardings, what this study focuses on. The second part is the off-peak boardings of 16 

people living around the station with flexible travel demand. And the last part is the evening 17 

peak period boardings of people working around the station, who travelling back to home. 18 

In summary, two types of factors, socio-economic and land-use characteristics, are 19 

selected to be candidates. In order to eliminate the effect of absolute value as possible, factors 20 

are reflected by relative value. The socio-economic characteristic is quantified by the 21 

proportion of resident population within station RCA (the denominator is the sum of resident 22 

population and jobs), while the land-use characteristics are quantified by the proportion of 23 

residential, commercial and industrial floor area within station RCA (the denominator is the 24 

gross floor area). 25 

 26 

TABLE 2 Bivariate Correlations between Factors and the Proportion of PPB 27 

Variables 
The proportion 

of PPB 

The proportion 

of resident 

population 

The proportion 

of residential 

floor area 

The proportion 

of commercial 

floor area 

The proportion 

of industrial 

floor area 

Asymptotic 

significance 

of K-S test 

0.008 0.000 0.001 0.000 0.000 

Correlation 

coefficient 
1.000 0.741** 0.655** -0.635** 0.034 

Notes: ** Correlation is significant at the 0.01 level (2-tailed). 28 

 29 

As shown in Table 2, the result of Kolmogorov–Smirnov test shows asymptotic 30 

significances of 5 distributions are all less than 0.050, which means none of variables follows 31 

a normal distribution. Bivariate correlations among the proportion of PPB and factors are 32 

calculated through Spearman correlation analysis. It is proved that except the proportion of 33 
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industrial floor area, correlation coefficients between the proportion of PPB and the other 1 

three factors (and their significance) tend to be high. The proportion of resident population 2 

and residential floor area is positive correlated and the proportion of commercial floor area is 3 

negative correlated, which is consistent with the previous qualitative analysis. 4 

To some extent, land-use can reflect socio-economic situation. Correlation analysis 5 

verifies this point of view. Correlation coefficient between the proportion of resident 6 

population and the proportion of residential floor area and commercial floor area are both 7 

high, equaling 0.854 and -0.733 respectively. Hence, two regression models with 8 

socio-economic characteristic and land-use characteristics as independent variables are 9 

established and compared. 10 

 11 

Regression Analysis 12 

Figures 6 and 7 are XY scatter diagrams, used to explore whether the relationship 13 

among dependent variable and independent variable(s) is linear or not. It is clear that all the 14 

relationships are linear. 15 

 16 

FIGURE 6 Scatter Diagram of the Socio-economic Characteristic and the Proportion of 17 

PPB. 18 

FIGURE 7 Scatter Diagram of the Land-use Characteristics and the Proportion of PPB. 19 
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370 stations are divided into two groups. Data of 350 stations is used for calibrating 1 

regression coefficients, and the rest 20 stations’ data is used for validation. Intercept of 2 

regression models is equal to the value of dependent variable when all independents are zero. 3 

The variables of this study have definite meanings. The proportion of PPB is regarded to be 4 

zero when the proportion of resident population equals zero or the proportions of residential 5 

and commercial floor area equal zero at the same time. As a result, there is no intercept in the 6 

following two models. Table 3 presents results of two models. Regression model I has an R
2
 7 

of 0.975 (adjusted R
2
=0.951), and an F-statistic value of 6798.60, significant at 0.000 level. 8 

Regression model II has a slightly inferior performance, of which adjusted R
2
 is equivalent to 9 

0.917, and an F-statistic value of 1922.22. Figure 8 shows standardized residual of two 10 

regression models. 11 

 12 

TABLE 3 Two Regression Models. Dependent Variable: the Proportion of PPB 13 

Model Variable(s) Coefficients Std. error t-statistic Sign. VIF 

Regression model I 
The proportion of 

resident population 
0.694 0.008 82.454 0.000 NA 

Regression model II 

The proportion of 

residential floor area 
0.668 0.012 54.017 0.000 1.163 

The proportion of 

commercial floor area 
0.159 0.020 8.019 0.000 1.163 

Notes: NA= not available 14 

 15 

(a) Regression model I                            (b) Regression model II 16 

FIGURE 8 Standardized Residual of Two Regression Models 17 

 18 

 19 

 20 

 21 
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TABLE 4 Validations of Two Regression Models 1 

No. 
Actual proportion of PPB 

(percent) 

Error of regression 

model I (percent) 

Error of regression 

model II (percent) 

1 22.89 1.56 -2.78 

2 36.42 7.59 -14.34 

3 32.11 12.56 -5.36 

4 50.01 1.40 -11.66 

5 51.22 0.54 -0.25 

6 23.11 7.75 -3.59 

7 39.80 6.87 -19.28 

8 46.43 -3.90 -16.82 

9 40.77 8.54 11.79 

10 65.32 -15.89 -33.98 

11 60.43 -6.06 -6.23 

12 55.06 2.18 6.10 

13 65.31 -12.42 -21.88 

14 56.71 -8.26 -0.55 

15 61.32 -4.16 1.53 

16 52.81 -0.13 -3.74 

17 59.53 -6.73 1.58 

18 54.01 -7.04 -8.14 

19 60.34 -12.68 -17.41 

20 62.22 1.79 -2.35 

 Standard Error 7.8 12.8 

 2 

Two models are validated by inputting the remaining 20 stations’ data. The standard 3 

error of regression model I is only 7.8 percent, 5 percent less than regression model II, as 4 

shown in Table 4. Because of its better performance and higher predictive power, regression 5 

model I becomes the best choice of forecasting model of the proportion of PPB, which is 6 

expressed as follows: 7 

PPB%= 0.694 x RP%                             (3) 8 

where PPB% is the proportion of PPB and RP% is the proportion of resident population. 9 

 10 

CONCLUSIONS 11 

Time-varying interstation OD matrix of peak period has been rarely studied. With a 12 

new method proposed, this article puts emphasis on the proportion of PPB. Station RCAs are 13 

justified by two types of risks, indicating that the distance threshold of RCA decreases with 14 

the increase of station densities. To investigate the factors, socio-economic and land-use 15 

characteristics are expressed in relative form and analyze the correlation among the 16 

proportion of PPB and alternative independent variables. Result shows the proportion of 17 
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resident population, residential floor area and commercial floor area are influence factors. 1 

Since the first factor is significantly correlated with the latter two, regression models with 2 

socio-economic characteristic and land-use characteristics as independent variables 3 

respectively are established and compared. With the help of regression analysis and 4 

validation, it is confirmed that regression model I with the proportion of resident population 5 

as independent variable has a better performance. It is in a simple mathematical form and the 6 

required data isn’t very difficult to collect. It is convinced that this model will contribute to 7 

the forecasting of time-varying interstation OD matrix of peak period in the future. 8 

 9 

 10 
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