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Abstract

To accurately forecast the passenger flows of existing stations in urban rail transit and provide a scientific basis for subway operation management
departments, a passenger flow prediction model optimized by an unbiased grey Markov chain was constructed. Using 18 months of average daily
passenger flow data from Shilaoren Bathing Beach Station on Qingdao Metro Line 2, a grey prediction model was established and tested. The data were
classified into six states according to their relative errors for Markov state modeling, and the classification results were validated. A state transition
probability matrix and the corresponding k-step transition probabilities were then established. The unbiased grey Markov chain prediction model was used
to predict the passenger flow data of existing stations in the next 3 months. By comparing the prediction results with the actual passenger flow data, it was
found that the prediction error after optimization by the unbiased grey Markov model was controlled within 10%, which corresponded well with the actual
characteristics of urban rail transit passenger flows. This model is suitable for predicting the passenger flows of existing urban rail transit stations and can

provide an effective reference for managing subway operations and ensuring safety.
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Introduction

Urban rail transit, with its advantages of large capacity, high
speed, and low pollution, has become a core aspect of modern
urban public transportation systems. It can effectively alleviate
ground traffic congestion and promote the transformation of the
urban transportation structure towards low carbon and high effi-
ciency. However, the growing passenger demand has posed greater
challenges to rail transit operations and management, especially
during holidays, when a surge in passenger flows in a short period
of time can easily create operational stress. In this context, accurate
passenger flow forecasting has become the key to ensuring opera-
tional safety and improving service quality. It can also provide a
scientific basis for line operation management departments to opti-
mize capacity allocation and formulate emergency plans!'l.

At present, passenger flow prediction methods are mainly divided
into two categories: Traditional prediction methods and intelligent
algorithms. Traditional prediction methods are based on linear
assumptions and low-dimensional data processing, covering time
series methods, gray model-based methods, linear regression
methods, Kalman filter methods, etc. Zhou et al.”2 combined singu-
lar spectrum analysis (SSA) with an AdaBoost-weighted extreme
learning machine to establish an urban rail transit transfer passen-
ger flow prediction model. Jiaol®! successfully predicted passenger
flows during regular periods by fitting the linear trend of historical
passenger flows, based on the autoregressive integrated moving
average (ARIMA) model. Wang et al. achieved short-term predic-
tions of stable passenger flows through linear state estimation with
the Kalman filter model. In addition, most models are based on clear
mathematical assumptions, and the parameters' meanings are intui-
tive and easy to understand and explain. Carmona-Benitez et al.%!
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optimized the damped trend grey prediction model (DTGM) using
seasonal dynamic damping factors and constructed a seasonal
ARIMA damped trend grey prediction model (SDTGM). The seasonal
damping factor was used to directly quantify the seasonal fluctua-
tions of passenger flows, and the model was highly interpretable.
This type of method does not require large-scale sample support
and can achieve low-cost and rapid predictions in scenarios where
the amount of passenger flow data is small, the data fluctuations are
gentle, and the linear pattern is significant.

In view of the limitations of linear modeling, existing improve-
ments have mostly been made by adding correction factors to the
traditional model and improving the Kalman filter on the basis of
the maximum entropy principle. Peng et al.l®l combined the tradi-
tional grey prediction model with the Markov chain state transfer
matrix to construct a grey Markov prediction model of railway
passenger flows. Li et al.l”! constructed a grey system theory model
and a grey Markov chain prediction model based on traffic accident
data over several years to predict data for the next 2 years. Ye et al.l]
proposed an adaptive grey Markov prediction model with fusion
parameters, applied it to the passenger flow prediction of Chengdu
Metro Line 1, and improved the accuracy of predicted passenger
flows by correcting the absolute error. Ding et al.l’! constructed a
combination model with gray Grey Model (1,1) and Markov chain,
and used the particle swarm algorithm to iteratively optimize it. The
average error after optimization was reduced by 37%, and the pre-
diction accuracy was significantly improved. Cai et al.l'% improved
the defect of the traditional Kalman filter, which exhibits large errors
in the presence of non-Gaussian noise. However, these improve-
ments remain local optimizations within the linear modeling frame-
work, and they have not fundamentally overcome its structural
constraints.
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Intelligent algorithm methods are centered on nonlinear model-
ing and high-dimensional feature extraction, covering support
vector regression (SVR), neural networks (Back Propagation [BP],
recurrent neural networks [RNN]) and deep learning models (long
short-term memory [LSTM], convolutional neural networks [CNN],
graph convolutional network [GCN]). They do not require a preset
data distribution and can automatically extract nonlinear features
from large-scale, high-dimensional data. They are suitable for com-
plex scenarios such as abnormal passenger flow during holidays and
special events. Hu et al.l'"l used the typical support vector regres-
sion (SVR) algorithm to construct an urban rail transit passenger
flow prediction model and optimized the prediction model with the
improved particle swarm optimization (IPSO) algorithm. Shi et al.l'
successfully captured the sudden fluctuations in holiday passenger
flows by improving the Variational Mode Decomposition-Genetic
Algorithm-Back Propagation Neural Network (VMD-GA-BP) model.
Xue et all'3! proposed a hybrid deep neural network framework
based on traditional smart card data and social media data to
construct a station entry flow and social media interference model
for predicting subway passenger flows prediction during special
events. Mulerikkal et al.l'¥ used an RNN to generate an intermediate
feature space, integrated spatial features into the time series, and
introduced an outlier detection and elimination algorithm based
on support vector machines (SVMs) to improve the performance in
predicting subway passenger flows. Bapaume et al.'>! proposed a
computer vision framework based on deep learning methods for
predicting the real-time passenger flows and departure intervals of
subway lines in urban transportation networks. Tu et al.l'dl inte-
grated internet event data based on the DeepSPE model to achieve
multistep passenger flow prediction during large-scale events.
Yue et al.'”! used an LSTM network to process historical transfer
passenger flow data and combined it with the Transformer predic-
tion model to predict short-term transfer passenger flows between
integrated transportation hubs in urban agglomerations. In addi-
tion, some scholars have proposed a deep learning model for
predicting rail transit passenger flows based on a bidirectional LSTM
(BILSTM) network that considers temporal characteristics!'8'9. Some
scholars have combined CNNs with LSTM for predicting short-term
passenger flowsin urban rail transit!202], Other scholars have pro-
posed a multigraph convolutional recurrent neural network (MGC-
RNN) and flow-similarity attention graph convolutional network
(F-SAGCN) model that comprehensively considers various factors
affecting passenger flows and is suitable for predicting short-term
passenger flows in urban rail transit systems(2223, Xju et al.l24
combined the correlation-based spatiotemporal feature selection
(Cor-STFS) model for optimal input selection with the STA-PTCN-
BiGRU model that can capture dynamic patterns to propose a
new subway passenger flow prediction framework. This method
improves the prediction efficiency and accuracy through parallel
computing. Although deep learning models have certain advan-
tages, their network structure requires a large number of labeled
samples for training and requires high-performance computing
support. In small-sample scenarios, overfitting or a sharp drop in
prediction accuracy is prone to occur.

Because of the high randomness and volatility of urban rail tran-
sit passenger flows, traditional prediction models, though suitable
for small sample sizes and linear scenarios, struggle to cope with the
periodic and sudden fluctuations in passenger flows. They can only
fit long-term trends and rely heavily on empirical factors to correct
for short-term fluctuations. Intelligent optimization algorithms,
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though capable of handling nonlinear and complex passenger
flows, are poorly adapted to small sample sizes and have high train-
ing costs. Their predictions for small sample sizes are suboptimal,
capturing short-term fluctuations but lacking stability and inter-
pretability for long-term trends. Furthermore, most model improve-
ments rely on high-precision multisource data or are designed only
for specific scenarios, making them challenging to implement in
scenarios where basic data are missing or in cross-scenario applica-
tions. To address these shortcomings, this study proposes a predic-
tion model based on the combined optimization of an unbiased
grey model and a Markov algorithm to predict irregular fluctuations
in urban rail transit passenger flows. The model first eliminates the
systematic deviation of passenger flow data through unbiased
processing, uses the unbiased grey model to accurately fit the long-
term trend to make up for the trend prediction defects of the tradi-
tional model, and then introduces the Markov optimization model
to divide the state through the data and quantify the short-term
fluctuations, thereby achieving full coverage prediction of various
samples and multiple scenarios. Ultimately, it provides a high-preci-
sion and easy-to-implement prediction plan for the average daily
passenger flows entering the station on weekdays in the next 3
months, effectively making up for the shortcomings of the existing
model in terms of scenario adaptability, modeling accuracy, and
practical universality.

Materials and methods

The model's technology

The unbiased grey Markov model can be used in conjunction with
passenger flow data (inbound, outbound, and section) generated
for opened lines to accurately predict future passenger flows. The
specific implementation, concept, and processing of the model are
shown in Fig. 1.

Establishment of the unbiased grey
prediction model

Unbiased processing of existing passenger flow
data

The unbiased grey model is designed for existing stations, where
the data's characteristics typically involve small samples, nonideal
distributions, and random disturbances. It does not require a preset
data distribution and only needs a small number of samples to cap-
ture the long-term trends. It can effectively adapt to these characte-
ristics and does not require accumulation or subtraction operations
for data processing. Its nonlinear fitting capability and small-sample
adaptability are superior to those of other models, effectively ensur-
ing the predictive accuracy of the combined model. To effectively
apply the grey Markov chain prediction model, existing subway
passenger flow data must be properly analyzed. The grey model is
then used to process the existing subway passenger flow data in an
unbiased manner as described below.

A sample sequence of the initial passenger flow data X© is estab-
lished as shown below Eq. (1):

X0 = (xO xO X0, ..o, x) )

where, n is the number of sample data and X© is the initial passenger
flow data.
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Fig. 1 Technological road map.

The initial sample data sequence is accumulated to reduce the
random volatility of the data by correlating the generated data. The
sequence is generated from a first-order accumulation X Eq. (2):

k
1) _ ) 5 _
Xw _ZX@J‘— 1,2,3,4........ n )
i=1

where, XV is the first-order cumulative generation sequence.
The grey differential equation is established as follows Eq. (3):
1
dj—;) +axP =y 3)
where, 1 is the sequence coefficient and v is the differential result.
The least squares method is used to solve for the parameters
Eqs (4)-(6):
a=[1v]" =B"B)'B"Y, )

Tl
X)) 1
Lo, 4
— 7 +x") 1

B= —%(x§1>+x§1>) 1 ®)

L
-4+ 1]
T
Yo = [X2. X0 X0 X0 x| (6)
where, @ is the quadratic parameter, B is the sequence of adjacent
cumulative means, and Y,, is the initial data column matrix.
The solution of the initial differential equation of the grey model
obtained by combining the formulae above is shown below Eq. (7):

o) _ [y _ Y|~ Y,
Xk+l_[X1 _z]e +§,k—1,2,3 ........ n—1 7

1
where, )A(]((jl is the initial prediction.
Substituting the parameters o and y into Eq. (8), we can get the
simulated value of the first-order sum sequence. After cumulative
reduction, we can get the predicted passenger flow.
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Unbiased Grey Markov passenger flow
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A
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©) _ ()
{Xém_Xl(l) 1 ()]
K1 = X1 =X,

where, X,(ﬁ)l is the initial prediction and XEO) is the original value.

Although the traditional grey prediction model is easy to calcu-
late and requires fewer data, it has limitations, such as poor accu-
racy and large deviations. The unbiased grey prediction model
proposed in the literaturel2’! effectively reduces deviation but does
not require cumulative reduction operations, simplifies the model-
ing process, and has a broader applicability than the traditional
model. The unbiased grey prediction model is described as follows
Egs (9)-(11):

2-2
h:ln(2+/l) ©)
2v
T 2+4 (10)
$(0) _ 3(0)
o= (11)
X0 =AM k=1,23,...n

o0 o0
where, X,(ﬁ)l is the initial prediction, XE ) is the original value, A is the
prediction model's coefficient, and b is the prediction model's index.

Unbiased grey model test

After the establishment of the unbiased grey model, it is neces-
sary to test the accuracy of the prediction data. The mean and
variance of the sample series are as follows Eq. (12):

1S

k=1

L (12)
2 0) _ 32
§2= ;Z(Xk -X)
k=1

where, X is the mean of the sample series and Sf is the variance of the
sample series.

The deviation between the sample data and prediction data
reflects the predictive accuracy. The formulae for calculating the
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mean and variance of the relative deviation are as follows Eqgs (13)
and (14):
7Ok = x}((o) _ 2(}(0)

g= 1 ()
=~ "
q n;lq | 13
1 n
§3=—-2,(d"®-7)
k=1
— SZ
D=3 (14)

where, gO(k) is the relative deviation, g is the mean relative deviation,
S% is the variance of the relative deviation, and D is the threshold of
the deviation ratio.

We can use the predicted data to assess the validity of the predic-
tion model. The reference level of inspection is shown in Table 1.

When the deviation threshold is D < 0.35, the inspection accuracy
is of the first order and the inspection effect is ideal; when the devia-
tion threshold is 0.35 £ D < 0.5, the inspection accuracy is of the
second order, and the inspection effect is acceptable; when the
deviation threshold is 0.5 < D < 0.75, the inspection accuracy is of
the third order and the inspection effect meets the qualification
standard; and when the deviation threshold is D = 0.75, the inspec-
tion accuracy is of the fourth-order, and the inspection effect fails to
meet the qualification standard. The grey model must be improved
until the inspection effect meets the qualification standard.

Establishment of a modified Markov
optimization model

The Markov model can effectively describe the random dynamic
behavior of data. Establishing the relationships among different
data states improves the accuracy of prediction. With increasing
time and changes in the season, subway passenger flow data fluctu-
ate irregularly, preventing the passenger flows from continuously
increasing or decreasing. The Markov model offers the advantages
of flexible forecasting and high accuracy, which compensate for the
grey model's inability to predict random passenger flows effectively.
The data are categorized into different states, each of which is inde-
pendent and discrete, and different random processes are com-
bined to form a Markov random statel26l, The states are categorized
using the following formula Eq. (15):

X'(n) = X(r)P"™" (15)

where, X'(n) is the prediction at time n, X(t) is the initial data at time t,
and P"? is the probability matrix for the n - t step transition.

Categorization of passenger flow status

The randomness of the passenger flow produces different states,
where the data in the same state vary according to certain rules. The
passenger flow state is categorized according to the characteristics
of the relative error between the initial data and the unbiased grey
model's predicted data. The passenger flow data can be evenly
distributed across states to ensure the rationality of the categoriza-
tion scheme. The formula for calculating the relative error R(k) is as

follows Eq. (16):
X0 _ O

R(k) = % x 100% (16)
Xk

where, R(k) is the relative error, X,(CO) is the actual passenger flow, and

)A(,(CO) is the predicted passenger flow.
The volatility of the passenger flow data results in positive and
negative relative errors. To ensure that the optimized data are
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Table 1. Inspection-level parameters.

Inspection-level First-order Second-order Third-order Fourth-order
accuracy accuracy accuracy accuracy accuracy
D D<0.35 035<sD<0.5 05<D<0.75 D=0.75

highly accurate, the positive and negative relative errors are sepa-
rated. The relative error is used to categorize the data into s states.
These states are expressed as M; (i =1, 2, 3...s), and the state interval
is expressed as M;= [T, H], where T; and H; are the lower and upper
limits of the state i, respectively.

Markov test

Since the passenger flows at different stations and lines are
affected by many factors, the degree of fluctuation in the passenger
flows varies and it is impossible to accurately divide the states.
Therefore, in order to ensure that the divided passenger flow state
meets the Markov characteristics, the Markov model verification
method based on the y2-test is used to determine the reasonable
number of states and state intervalsl?’). The calculation formula is as
follows Eq. (17):

LE;;

Poj=

> X E;

i=1 j=1

E;;
Pij - n_’ (17)
Xzzziiﬂ 1n(ﬁ) ~xa((S =1

=1 j=1 P ‘

where, Py; is the transition rate from the initial state i to state j, and P;
and E; are the transition probability and the number of elements
transferred from state i to state j, respectively.

The original data are divided into s states. If y2 > y2((s— 1)) at a
given significance level o, the Markov test is considered valid and
conforms to the Markov property. Otherwise, it is necessary to redi-
vide the passenger flow states and conduct the Markov test again
until the test requirements are met.

Construction of the state transition matrix

Calculating the state transition matrix is the key step in building
the Markov model. Different states have different rules for a change
in passenger flows, and there is an inevitable connection between
the states. With the help of this matrix, the probability distribution
of transitions between states can be intuitively presented, and then
probabilistic methods can be used to predict the change trend of
passenger flows in the next time period, significantly improving the
predictive accuracy®8l. If the total amount of data corresponding to
State W; is E; and the amount of data entering Dtate ; after k steps
of transition is £;(k), then the state transition probability is as follows
Eq. (18):

E;j(k)
Py === (18)

where, Pi(k) is the k-step transition probability from State i to State j, E;
is the amount of data in State i, and E(k) is the amount of data entering
State £; after k steps of transition.

Arranging all the one-step transition probabilities p;; in state order
forms the state transition probability matrix P(r), which is shown
below Eq. (19):
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pn=| . : (19)
Pml(") me(r) pmm(r)

where, P(r) is the state transition matrix.

Taking the passenger flow data of the latest existing station as the
initial state vector V, the k-step prediction is determined using a k-
step state transition matrix formula:

P(k)=V x P(r)f (20)
where, P(k) is the result of prediction after k steps of state transition, Vis
the initial state vector, and P(r)¥ is the state transition probability matrix
P(r) raised to the power of k.

Forecast of passenger flows through existing
stations
The unbiased grey prediction model can only predict the long-

term trend in the passenger flow data, whereas the actual passen-
ger flow data exhibit fluctuations under various conditions. There-
fore, the Markov optimization model is used to partition the data
state interval, define the upper and lower limits of variations in the
passenger flow data, and refine the prediction data of the unbiased
grey model. If we assume that the unbiased grey predicted passen-
ger flow at time t is XO the optimization formula of the forecast
passenger flow is as follows Eq. (21):

X0

T; +H,"

2D
li‘

) =

where, H; is the upper limit of State i and T; is the lower limit of State i;
the "+" or "-" symbol is selected according to how the state interval has
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Fig. 2 Route map of Lines 2 and 3. Source: the authors.
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been partitioned. If the upper and lower limits of the state are negative,
then "+" is used in the formula. If the upper and lower limits of the state
are positive, "-" is used in the formula. Ultimately, the formula above is
used to obtain the Markov-optimized forecast of passenger flows.

Case study and results

Qingdao is the largest city in Shandong Province, China. Ralil
transit has been in operation Qingdao since 2015 and is called the
Qingdao Metro. Qingdao Metro Line 2 was used as a case study. The
first phase of operation of the first section of the Qingdao Metro
Line 2 began on December 10, 2017, when 18 stations from Licun
Park Station to Zhiquan Road Station were opened. The second
phase of operation of the first section consisted of putting Taishan
Road Station, Lijin Road Station, and Taidong Station into operation
on December 16, 2019. Lines 2 and 3 cross at Licun Station and Wu
Si Square Station. The opening of these stations along Metro Line 2
marked a new era for the Qingdao Metro. The routes of the M2 and
M3 Lines are shown in Fig. 2.

The second phase of operation of the first section of Metro Line
M2 provides public transport to a densely populated and commer-
cial area. In addition to considering the operation status of the exist-
ing line, it is very important to study the influence of access during
this second phase on the passenger flows at the stations along Lines
2 and 3, as well as the transfer passenger flows. This is crucial for
vehicle scheduling and organizing passenger transport for Lines 2
and 3.

This paper uses the average daily passenger flow data of Qingdao
Metro Line 2 Shilaoren Bathing Beach Station from January 2018
to June 2019 as a sample for analysis, compares the predictive
accuracy of the unbiased grey prediction model and the grey

Road_ L‘F““ Pk

| Wanman

Rou

- 'shilaoren
Bathing
Station
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Markov model, and predicts the average daily passenger flows for
weekdays in the next 3 months, providing a theoretical basis for the
operations management department. The average daily passenger
flows of Shilaoren Bathing Beach Station on weekdays is shown in
Table 2.

Shilaoren Bathing Beach Station is a famous scenic spot in
Qingdao. It can be seen from the data in Table 2 that the overall
passenger flow of Line 2 shows a steady upward trend during
operating hours. During the peak tourist season (June, July, and
August), the passenger flow through the station increases signifi-
cantly. Metro travel has become a key part of Qingdao's transporta-
tion network and is the main choice for many passengers. Therefore,
accurate predictions of passenger travel data can provide an effec-
tive reference for the subway's operations management depart-
ment, and contribute significantly to ensuring operational safety
and improving service quality.

After sorting the average daily passenger flow data in Table 2 and
performing a series of cumulative calculations, the following model
parameters can be obtained: b = —0.0059, A = 8,308.8. Substituting
the results into the formula (Eg. 11), the grey prediction model can
be obtained. According to the grey prediction model, the simulated
prediction value and the relative error corresponding to the original
passenger flow data can be obtained, as shown in Table 3.

Both the actual and grey forecast passenger flows through
Shilaoren Bathing Beach Station from January 2018 to September
2019 are fitted. The fitting results are shown in Fig. 3.

Figure 3 shows that the grey prediction of passenger flows can
capture the overall development trend of the passenger flows but
does not effectively reflect the short-term fluctuations at specific
nodes in the passenger flow data. Therefore, the predicted passen-
ger flows must be further optimized.

The unbiased grey test model is used to obtain the test parame-
ters shown in Table 4.

Table 2. Average daily passenger flows into Shilaoren Bathing Beach Station on
weekdays

oate Avergge daly passenr [ Aversgedaly possener
2018.1 6,138 2018.10 8,049
2018.2 6,284 2018.11 8,100
2018.3 7,155 2018.12 8,098
2018.4 8,064 2019.1 7,923
2018.5 8,266 2019.2 7,836
2018.6 9,406 2019.3 8,699
2018.7 11,484 2019.4 8,789
2018.8 13,036 2019.5 9,065
2018.9 8,976 2019.6 10,051

Table 3. The grey prediction model's predictions and relative error

Digital Transportation
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According to the test parameter table, D = 0.658 < 0.75. As shown
in Table 1, the data's fitting accuracy is at Level 3, which is mar-
ginally qualified. Therefore, it is necessary to use the Markov model
to further refine the predicted passenger flow data.

The relative error (Eq. 16) is shown in Table 3. The state interval is
divided into six intervals, as shown in Table 5.

According to the formula (Eq. 18) and Table 5, the one-step state
transition probability matrix is calculated as follows:

/2 0 12 0 0 0
1/3 2/3 0 0 0 0
0 0o 1/2 1/4 1/4 0
/2 0 0 0 1/2 0
0 12 0 0 0 1/2
0 0 0 0 1/2 12

According to the state intervals divided in Table 5, the y? statistic
is used to test whether the sequence has Markov properties. The
calculated statistic )2 = 2251 ZS: E;; ln(?) = 13.52667. The signifi-
cant level a = 0.05 is selel?cé?jl, the number of states is 6, and the
table gives X%.os[(6‘ 1)?] = 11.0705. The verification analysis shows
that 11.0705 < 13.52667. Therefore, the Markov test is valid at a
confidence level of 95% and Markov correction can be performed.

The Markov optimization model is applied to the predicted data
of the grey model. The optimization results are shown in Table 6.

To evaluate the effectiveness of the model, we selected the BP
neural network model (a commonly used machine learning model)
as a comparison. A three-layer feedforward neural network was
constructed as the baseline prediction model, using a sliding win-
dow mechanism. The historical passenger flows from the previous

P(l) =

x10*

Actual passenger flow

= ==+ QGrey forecast of passenger flow

Passenger flow

Date

Fig. 3 Fitting diagram of the actual passenger flow and the grey
model's forecasted passenger flow.

Predicted . Predicted :
Date value REIat'(X/e) Date value Relatl(\é/e)
(persons) ~ &MOrth (persons) ~ EMOrth Table 4. The grey model's inspection parameters
2018.1 6,138 0.00 2018.10 8,792 -9.23 Parameter e 3 g S, D
2018.2 8,383 —-33.41 2018.11 8,844 -9.19
2018.4 8,484 -5.20 20191 8,950 -12.96
2018.5 8,534 -3.24 2019.2 9,003 -14.90
2018.6 8,585 8.73 2019.3 9,057 -4.11 Table 5. Division of status intervals
2018.7 8,636 24.80 2019.4 9,111 -3.66
2018.8 8,688 3336 || 20195 9,165 -1 Status range b E £ B & &
2018.9 8,740 2.63 2019.6 9,220 8.27 Interval division  [-34,-12] [-10,-9] [-6,-3] [-2,0] [2,9] [24,34]
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3 months were used as a three-dimensional input vector, which was
then transformed nonlinearly in the hidden layer to output a single-
step predicted value. The input data were normalized by mean-
standard deviation normalization to eliminate the influence of the
dimensions. The hidden layer of the network contained 10 neurons
and used the hyperbolic tangent activation function, whereas the
output layer consisted of linear units. The model weights were
initialized using a uniform distribution strategy and optimized using
a nonlinear optimization algorithm. An early stopping mechanism
was introduced during the training process. Because of the limited
number of training samples, the number of training parameter itera-
tions was set to 1,000, with a learning rate of 0.01. To ensure the reli-
ability of the results, a fixed random seed was used to control the
initial conditions, and the independent experiments were repeated
10 times to report the error statistics. Figure 4 shows the results of
fitting the actual passenger flow data to the grey prediction data,
the Markov-optimized data, and the BP neural network model's
predicted data.

Figure 4 shows that the Markov-optimized model fits the actual
passenger flow data better than the grey prediction model and the
BP neural network model. It also captures the random and seasonal
fluctuations in urban rail transit passenger flows, demonstrating
that the grey Markov optimization model is suitable for predicting
subway passenger flows. Because of the high volatility of the origi-
nal data, the GM (1,1) model cannot accurately capture this
volatility, resulting in large prediction errors. To improve the predic-
tion results, a grey Markov model was developed, based on the
differences between the GM (1,1) model's predictions and the origi-
nal data. This model leverages the Markov model's ability to handle

Table 6. Optimized data of the Markov model

Date Optimized value (persons) Date  Optimized value (persons)
2018.1 6,077 2018.10 8,029
2018.2 6,815 2018.11 8,077
2018.3 6,856 2018.12 8,125
2018.4 8,119 2019.1 7,276
2018.5 8,167 2019.2 7,320
2018.6 9,085 2019.3 8,667
2018.7 12,163 20194 8,719
2018.8 12,237 2019.5 9,074
2018.9 9,249 2019.6 9,757

x10*

Actual passenger flow
+ Grey forecast of passenger flow
Markov optimization of passenger flow

BP Neural Network Optimization of
Passenger Flow

0.9 A I’I - -

Passenger flow

0.8

0.7

0.6

Fig. 4 Comparison of the fits of four datasets.

Page 28 of 31

Unbiased grey markov chain model for urban rail transit passenger flows forecast

discrete, randomly fluctuating data to correct the prediction error,
improve the consistency between the predicted and actual values,
and enhance the predictive accuracy.

According to the passenger flows in different time periods, the
passenger flow state in June 2018 is 5, and the initial transfer state
vectoris V=1(0, 0, 0, 0, 1, 0). According to the k-step state transition
formula, the grey Markov optimized passenger flow data in July,
August, and September 2019 can be obtained. The optimized data
are compared with the original data in Table 7.

In Table 7, all the relative errors of the Markov-optimized passen-
ger flow are less than 10% and the predicted results are within the
allowable error range, which verifies that the unbiased grey Markov
chain model is suitable for predicting passenger flows for existing
urban rail transit stations.

Analysis of the predicted results

The sectional passenger flows reflect the passenger flow pressure
and the efficiency of a line's transportation. It is very important to
consider the sectional passenger flows when planning operations
and organizing the track lines, as well as for scheduling operations
and the control scheme, to determine the passenger flow transfor-
mation law of the line section.

Figure 5 is a comparison of the maximum predicted cross-
sectional passenger flows at each station before and after the open-
ing of the second phase of Line 2.

Figure 5 shows that beginning the second phase of operation of
the first section substantially increases overall passenger flows along
Line 2. The section of Line 2 with the largest upward passenger flow
extends from Wu Si Square Station to Fushan Station. The down-
ward passenger flow exhibits a greater range of variation than the
upward passenger flow, where the section with the maximum
passenger flow in the downward direction extends from Donghan
Station to Hualou Mountain Road Station. The section with the
maximum passenger flow over the entire day reaches 13,586
person-times. The start of the second phase of operation of the first
section does not change the trend of passenger flows for any of the
other sections, and the passenger flow through the first phase of the
first section still decreases along the trains' direction.

Table 7. Comparison of optimized data with the original data.

Date Optimized value (persons) Actual value (persons) Relative error
2019.7 12,218 13,567 9.94%
2019.8 13,172 14,600 7.73%
2019.9 10,637 9,772 8.85%
—— Up-before opening
10,000 —— Up-after opening
Downlink-before opening
Downlink-after opening
5,000 4
z
=]
=
5 0 T1Section
& 3
=
2
& ~5.0004
-10,000 o
-15,000 -

Fig. 5 Maximum cross-sectional passenger flows through each station
before and after the opening of the second phase of Line 2.
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There are many transfer stations along Qingdao Metro Line 2,
including Wu Si Square Station, Miaoling Road Station, Licun
Station, Liaoyang East Road Station, Taidong Station, and Taishan
Road Station. Accurate forecasting of transfer passenger flows is
crucial for predicting the overall passenger flows for the line.
Figures 6 and 7 show the forecast and actual direction of the flows
through Wu Si Square Station, respectively, for the morning and
evening peak hours during the first half of 2020.

An analysis of the predicted data in Fig. 6 and the actual data in
Fig. 7 reveals that the relative error of the Markov-optimized passen-
ger flows is less than 10%, indicating that the predicted results fall
within the acceptable error range. During the morning peak period,
the primary direction of the passenger flow from Line 2 through Wu
Si Square Station is toward Qingdao Station. This direction can be
explained in terms of the economic development, mature land use,
abundant job opportunities, and numerous tourist attractions, all
of which attract substantial transfer passenger flows. The transfer
passenger flow from Line 2 to Line M3 via Wu Si Square Station
during the evening peak hours is the direction of the greatest

a Licun Park Direction

2487 8281 6037
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1997

Qingdao station Direction
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Taishan road Direction
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passenger flow from Licun Park Station. The passenger flows
through stations between Licun Park Station and Wu Si Square
Station account for a large proportion of the passenger flows along
Line 2. The line from Wu Si Square Station to Qingdao North Station
is long and mostly crosses commercial land, which is a high-employ-
ment area. Many passengers travel home from work during the
evening peak hours, mostly transferring at Wu Si Square Station. The
transfer passenger flows from Line M3 to Line 2 mainly go from
Qingdao North Station to Licun Park Station during the morning
peak hours. Many passengers travel the line from Wu Si Square
Station to Qingdao North Station. The most convenient way for resi-
dents in this area to access Line 2 is to transfer at either Wu Si
Square Station or Licun Station.

Discussion

This study aims to predict passenger flows at existing urban rail
transit stations. It conducts a multidimensional analysis of historical
passenger flow data from typical stations on Qingdao Metro Line 2.

b Licun Park Direction

1627

4091

Qingdao station Direction
UOORIL(] UONE)S [JIoN oepSurd)

Taishan road Direction

Fig. 6 Predicted direction of passenger flows through Wu Si Square Station in the morning and evening peak times. (a) Morning rush hour. (b) Evening

rush hour.
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Fig. 7 Actual direction of passenger flows through Wu Si Square Station in the morning and evening peak times. (a) Morning rush hour. (b) Evening rush

hour.
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The model is systematically applied for construction, accuracy verifi-
cation, passenger flow state classification, and case validation of an
unbiased grey Markov chain combined prediction model. By avoid-
ing the accumulation and subtraction operations of the traditional
GM (1,1) model, the unbiased grey model effectively captures the
long-term evolution of passenger flows. For Shilaoren Bathing
Beach Station, the model's deviation threshold D = 0.658 meets the
Level 3 standard of qualified accuracy. The Markov chain accurately
corrects for random fluctuations in passenger flows by classifying
passenger flows into six discrete states. Forecasts for passenger
flows over the subsequent 3 months show that the relative error is
within 10%. The model also effectively captures the passenger flow
characteristics of stations in scenic areas during the peak tourist
season, verifying its predictive effectiveness and providing a quanti-
tative basis for optimizing line capacity allocation and organizing
train operations. The model achieves stable predictions with only 18
months of sample data. It is particularly suitable for existing stations
with a short operating life and for complex passenger flow scenar-
ios characterized by both long-term trends and short-term fluctua-
tions. The model demonstrates superior adaptability. Compared
with existing research, this study replaces the traditional GM (1,1)
model with an unbiased grey model, avoiding the bias caused by
accumulation and subtraction operations. The model eliminates the
need for complex data preprocessing, significantly simplifies the
modeling process, and improves the engineering application effi-
ciency. The model also significantly reduces the sample size require-
ment and eliminates the need for high-performance computing
equipment, reducing the model's complexity and computational
cost. This makes it easier for operations managers to understand,
master, and apply it, resulting in greater practicality and operability.

This study has certain limitations. First, the spatiotemporal distri-
bution of passenger flows varies across stations and lines, resulting
in the uneven predictive accuracy of the Markov chain optimization
model across lines. Furthermore, the current classification of passen-
ger flow states relies on researchers' empirical judgment, making it
difficult to completely eliminate the impact of subjective factors on
the model's accuracy. The study only considered passenger flow
scenarios under good weather conditions and normal operating
conditions, and did not incorporate external disturbances such as
inclement weather, major holidays, and large-scale sport or enter-
tainment events, which can cause sudden changes in passenger
flows. This results in insufficient adaptability to extreme scenarios.

Therefore, future improvements to the model should focus on the
following directions:

1. Reduce subjectivity: Classify passenger flow states more objec-
tively by incorporating clustering techniques to minimize human
bias.

2. Enhance adaptability: Improve the model's robustness to highly
volatile data by integrating adaptive algorithms or hybrid models
capable of dynamically responding to sudden changes in passenger
flows.

3. Incorporate external factors: Extend the model to account for
external influences such as severe weather, major holidays, and
large-scale events.

These improvements will significantly enhance the practical value
and reliability of the model in diverse and dynamic environments.

Conclusions

Addressing the limitations of traditional prediction models in
simultaneously capturing long-term trends and short-term fluctua-
tions in urban rail transit passenger flows, this study constructs an
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unbiased grey Markov chain combined prediction model. The effec-
tiveness and applicability of the model are verified using Qingdao
Metro Line 2 as a case study. This model integrates the core advan-
tages of unbiased grey models and Markov chains, utilizing the state
transition characteristics of Markov chains to dynamically correct the
components of fluctuation that are not captured in the initial predic-
tions of grey models, effectively compensating for the shortcom-
ings of single models in characterizing complex passenger flows.
Comparative experiments with BP neural network models demon-
strate that the model constructed in this study fits the actual passen-
ger flow data better, especially in capturing the surge during peak
tourist seasons, showing adaptability to complex passenger flow
scenarios. To verify the effectiveness and stability of the model, two
representative existing stations—Shilaoren Bathing Beach Station
and Wu Si Square Transfer Station were selected for study. The
results show that the relative error between the model's predicted
values and the measured values is controlled within 10%, indicating
that the model can accurately reproduce both the overall passen-
ger flow trends and short-term fluctuation patterns. The passenger
flow data obtained from the existing station passenger flow pre-
diction method proposed in this study can provide reliable data
support for station capacity allocation, peak-hour passenger flow
organization, emergency response scheduling, and other opera-
tional management work, thus helping to improving operational
efficiency and service quality of urban rail transit systems.
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