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Abstract

Accurate short-term metro origin—destination (OD) demand forecasting is essential for
intelligent passenger flow management and urban rail transit operation. However, fore-
casting large-scale metro OD demand remains challenging due to its high dimensionality,
nonlinear spatiotemporal dependencies, and demand uncertainty. To address these chal-
lenges, this paper proposes a Tensor Network Extended Kalman Filter (TNEKF) frame-
work for short-term metro OD demand forecasting. First, metro OD demand is formu-
lated as a nonlinear dynamic state-space prediction problem, where a multi-input multi-
output Volterra model is adopted to characterize the nonlinear relationship between his-
torical passenger demand and future OD flows. An Extended Kalman Filter (EKF) is then
developed to recursively estimate the latent model parameters and continuously refine
demand prediction using newly available observations. To improve computational effi-
ciency for high-dimensional OD systems, both the latent state vector and covariance ma-
trix are represented using low-rank tensor network structures, and all recursive filtering
operations are implemented through tensor-network contractions without explicitly con-
structing large-scale matrices. Experiments on real-world smart-card data from the Hang-
zhou metro system demonstrate that the proposed method consistently outperforms
ARIMA, conventional EKF, and several state-of-the-art spatiotemporal prediction models
in terms of MAE, RMSE, and MAPE. Compared with the best-performing baseline of the
whole-day scenario, the proposed method reduces MAE, RMSE, and MAPE by 30.2%,
9.8%, and 6.3%, respectively. Furthermore, the proposed framework exhibits strong ro-
bustness under disruption scenarios, demonstrating its effectiveness and scalability for
large-scale metro OD demand forecasting.

Keywords: metro demand prediction; Volterra system; extended Kalman filter; tensor
network; low-rank

1. Introduction
1.1. Background

Urban rail transit systems have become an indispensable component of modern met-
ropolitan transportation owing to their large passenger capacity, operational efficiency,
and environmental sustainability. As metro networks continue to expand and travel de-
mand becomes increasingly dynamic, intelligent operational strategies, including train
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scheduling, capacity allocation, passenger flow management, and service optimization,
have become essential for improving operational efficiency and passenger service quality
[1]. The effectiveness of these strategies largely depends on accurate short-term passenger
demand forecasting, which provides timely information for real-time operational decision
making.

Passenger demand in metro systems can generally be represented at two spatial res-
olutions, namely station-level passenger flow and origin-destination (OD) demand. Sta-
tion-level prediction focuses on inflow and outflow at individual stations [2], whereas OD
demand explicitly describes passenger movements between every origin-destination sta-
tion pair across the entire metro network [3]. Compared with station-level passenger flow,
OD demand contains substantially richer spatial interaction information and therefore
supports more refined operational decisions, such as train dispatching, dynamic timetable
adjustment, and passenger flow control. However, the corresponding prediction problem
becomes considerably more challenging because the OD matrix simultaneously exhibits
high dimensionality, nonlinear temporal evolution, strong spatial coupling, and stochas-
tic variations caused by passenger travel behavior.

From a data representation perspective, metro OD demand naturally forms a multi-
dimensional structure involving origin stations, destination stations, and time intervals.
Tensor representations provide an effective way to preserve these intrinsic spatial-tem-
poral relationships and have been successfully applied to traffic data completion and pre-
diction problems [4-6]. Nevertheless, directly performing recursive estimation on high-
dimensional tensor representations usually incurs rapidly increasing computational and
memory costs, making large-scale online prediction difficult [7-9].

1.2. Problem Statement

Existing passenger demand forecasting methods can generally be divided into two
categories. Statistical approaches, including autoregressive integrated moving average
(ARIMA) models [10,11] and Kalman filtering (KF) techniques [12], are widely used due
to their interpretability and computational efficiency. In particular, the extended Kalman
filter (EKF) offers an effective Bayesian framework for nonlinear dynamic estimation and
has been successfully applied to traffic state estimation and related transportation systems
[13-18]. On the other hand, deep learning approaches have demonstrated remarkable pre-
dictive performance by learning complex spatiotemporal features directly from historical
traffic data [19-23]. Although these methods have significantly improved forecasting ac-
curacy, several limitations remain when they are applied to large-scale metro OD demand
prediction. Nevertheless, existing recursive estimation, tensor-based, and deep learning
approaches still struggle to simultaneously achieve recursive uncertainty propagation,
computational efficiency, and scalability for large-scale metro OD forecasting.

1.3. Proposed Approach and Contributions

To address these challenges, this paper develops a recursive Bayesian forecasting
framework for short-term metro OD demand prediction based on an EKF. Unlike existing
tensor-network Kalman filtering methods that were originally developed for nonlinear
system identification in Volterra systems [24,25], the proposed framework is specifically
designed for recursive metro OD forecasting. A multi-input multi-output Volterra state-
space model is introduced to characterize the nonlinear evolution of metro OD demand,
while low-rank tensor network representations are employed solely as an efficient com-
putational tool for scalable recursive estimation. Specifically, the latent state vector and
covariance matrix are represented using Matrix Product States (MPS) and Matrix Product
Operators (MPO), respectively, allowing all recursive EKF computations to be carried out
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directly in low-rank tensor-network form without explicitly constructing exponentially
large matrices.
The major contributions of this paper are summarized as follows.

(1) A recursive Bayesian forecasting framework for short-term metro OD demand pre-
diction is proposed. The proposed framework formulates metro passenger demand
forecasting as a nonlinear state-space estimation problem and develops a Volterra-
based observation model to characterize the nonlinear spatiotemporal relationship
between historical and future OD demand, enabling recursive prediction and uncer-
tainty propagation for network-wide passenger demand.

(2) Alow-rank tensor-network implementation is developed to enable scalable recursive
estimation for high-dimensional metro OD systems. The latent state and covariance
are represented using MPS and MPOQ, respectively, allowing all EKF operations to be
performed directly in tensor-network form without explicitly constructing large-
scale matrices.

(3) Experiments on a real-world Hangzhou metro dataset demonstrate the effectiveness
of the proposed framework. Compared with representative statistical and deep
learning methods, the proposed TNEKF achieves superior forecasting accuracy,
stronger robustness under demand fluctuations and disruption scenarios, and signif-
icantly improved computational scalability for large-scale metro OD demand predic-
tion.

1.4. Paper Organization

The remainder of this paper is organized as follows. Section 2 reviews the related
work on metro passenger demand forecasting and tensor-network-based recursive esti-
mation. Section 3 introduces the tensor network preliminaries that provide the computa-
tional foundation for the proposed method. Section 4 presents the proposed TNEKF
framework for short-term metro OD forecasting, including the dynamic state-space for-
mulation, recursive Bayesian estimation, analytical Jacobian construction, and low-rank
tensor-network implementation. Section 5 presents the experimental settings, numerical
results, and discussion. Finally, Section 6 concludes the paper and discusses future re-
search directions.

2. Literature Review

Accurate short-term metro passenger demand forecasting has attracted considerable
attention over the past decade because it provides essential support for intelligent trans-
portation management and real-time operational decision-making. Existing studies can
generally be categorized into four methodological groups: conventional statistical and
state-space methods, deep learning approaches, tensor-based traffic prediction methods,
and tensor-network-based recursive estimation methods.

2.1. Conventional Statistical and State-Space Methods

Traditional statistical models have been widely adopted for short-term traffic predic-
tion because of their clear mathematical formulation and relatively low computational
complexity. Shekhar and Williams [10] proposed an adaptive seasonal ARIMA model for
short-term traffic flow forecasting. Their method effectively captures temporal periodicity
but assumes approximately linear system dynamics, making it difficult to represent
highly nonlinear passenger demand. Moreira-Matias et al. [11] combined streaming data
with statistical learning to predict taxi passenger demand. Although the proposed frame-
work demonstrated good real-time performance, it primarily focused on temporal predic-
tion and did not explicitly model network-wide spatial interactions among OD pairs.
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Kalman filtering techniques have also been extensively applied to transportation sys-
tems because they naturally incorporate uncertainty into recursive estimation. Wang and
Papageorgiou [13] introduced an EKF for freeway traffic state estimation, demonstrating
that recursive Bayesian estimation can effectively improve robustness under noisy obser-
vations. Subsequently, Wang et al. [14] further extended EKF to large-scale freeway sur-
veillance systems, while Tampere and Immers [15] introduced dynamic parameter esti-
mation within the EKF framework. Van Hinsbergen et al. [16] proposed a localized EKF
strategy to improve computational scalability.

Although EKF-based methods provide an elegant recursive estimation framework
with uncertainty quantification, these studies mainly consider low-dimensional traffic
states.

2.2. Deep Learning Methods for Passenger Demand Forecasting

With the rapid growth of large-scale traffic data, deep learning has become the dom-
inant paradigm for passenger demand prediction. Lv et al. [19] demonstrated that deep
neural networks significantly outperform conventional statistical models for traffic flow
forecasting. Ma et al. [26] proposed a convolutional bidirectional LSTM framework for
network-wide metro ridership prediction, successfully integrating local spatial infor-
mation with temporal dependencies. To further improve temporal modeling capability,
Wei et al. [27] introduced an attention-enhanced LSTM model for subway passenger flow
forecasting, while Fu et al. [28] investigated GRU networks for traffic prediction with re-
duced computational cost.

Graph neural networks have further improved the modeling of spatial relationships.
Han et al. [29] proposed a spatiotemporal graph convolutional network for station-level
metro passenger prediction. Yu et al. [30] developed the classical STGCN architecture by
integrating graph convolution with temporal convolution. Chen et al. [31] combined
graph convolution and bidirectional LSTM for metro ridership prediction, whereas Rong
et al. [32] proposed a hierarchical GCN-LSTM framework for urban OD prediction.

Although deep learning approaches have achieved impressive prediction accuracy,
they generally operate as deterministic nonlinear mapping models. The latent dynamic
state is not explicitly modeled, and uncertainty propagation is usually absent. Conse-
quently, model robustness may deteriorate under rapidly changing passenger demand or
unexpected disruptions.

2.3. Tensor-Based Traffic Prediction

Because metro OD demand naturally possesses multi-dimensional spatial-temporal
structures, tensor representations have attracted increasing attention in intelligent trans-
portation research. Tan et al. [7] proposed a dynamic tensor completion method for short-
term traffic prediction by exploiting low-rank tensor structures in traffic data. Chang et al.
[9] developed a tensor Levenberg—-Marquardt algorithm for multi-relational traffic predic-
tion, demonstrating that tensor representations effectively preserve correlations among
multiple traffic variables.

These studies verify the effectiveness of tensor modeling for traffic prediction. How-
ever, the computational cost of large-scale tensor operations still increases substantially
as tensor dimensions grow, limiting their applicability in real-time metro OD prediction.

2.4. Tensor-Network Recursive Estimation

To alleviate the computational burden associated with high-dimensional tensors,
tensor network representations have recently been introduced into recursive filtering al-
gorithms.
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Batselier and Wong [24,25] extended the tensor network Kalman filter to matrix-out-
put Volterra system identification by representing the state vector and covariance matrix
in low-rank tensor-network form. Their work demonstrated that tensor networks can sig-
nificantly reduce computational complexity while maintaining estimation accuracy for
nonlinear system identification problems.

Although this work provides an important computational foundation for recursive
Bayesian estimation in high-dimensional systems, its primary objective is nonlinear
MIMO Volterra system identification. The state variables, observation models, and esti-
mation objectives are fundamentally different from those encountered in metro OD de-
mand forecasting. In particular, metro passenger demand exhibits strong spatial coupling
among OD pairs and continuously evolving travel patterns, requiring a forecasting-ori-
ented state-space formulation rather than system parameter identification. Therefore, di-
rectly applying existing tensor-network Kalman filtering techniques to metro OD predic-
tion remains challenging.

2.5. Research Gap and Motivation

To provide a comprehensive comparison between existing approaches and the pro-
posed framework, Table 1 summarizes representative methods from different research
categories in terms of research objectives, modeling techniques, advantages, limitations,
and their differences from this work. This comparison reveals several important research
gaps.

(1) Statistical recursive estimation methods provide uncertainty quantification but can-
not efficiently handle the extremely high-dimensional nonlinear state encountered in
metro OD forecasting.

(2) Deep learning approaches achieve high predictive accuracy but generally lack recur-
sive Bayesian updating and explicit uncertainty propagation.

(3) Existing tensor-based traffic prediction methods generally suffer from high compu-
tational complexity, which limits their applicability to large-scale real-time forecast-
ing.

(4) Existing tensor-network Kalman filtering methods were developed for nonlinear sys-
tem identification rather than metro passenger demand prediction and therefore can-
not directly exploit the unique spatiotemporal characteristics of metro OD demand.

To bridge these gaps, this paper proposes a TNEKF for short-term metro OD fore-
casting. Different from existing tensor-network Kalman filtering methods, the proposed
approach formulates metro OD prediction as a recursive Bayesian forecasting problem. A
Volterra-based nonlinear state-space model is developed to characterize passenger de-
mand evolution, while low-rank tensor-network representations are introduced to effi-
ciently implement recursive EKF estimation for large-scale metro OD systems.

Table 1. Comparison of representative methods and the proposed approach.

R h Objec- Diff f Thi
Reference esearc. Objec Method Advantages Limitations tiierence fromt s
tive Work
She.khar & Wil- Traffic ﬂ?w fore- ARIMA Simple and interpret- Linear assumption No nor.llinear OP dy-
liams [10] casting able namics modeling
Wang & Pa-  Traffic state esti- EKE Recursive Bayesian Low-dimensional No tensor representa-
pageorgiou [13] mation estimation state tion
Ma et al. [26] Metro r‘id?rship CNN-BIiLSTM Strong spatio'tem- Determ‘in_istic pre- No uncert_ainty mod-
prediction poral learning diction eling
Yu et al. [30] Station passenger STGCN Captures graph topol- Station'—le?vel pre- No uncerta?nty prop-
prediction ogy diction agation
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Chen et al. [31], Urban OD predic- LSTM-GCN, Good OD prediction = No recursive = No uncertainty prop-
Rong et al. [32] tion DBSTNet accuracy Bayesian updating agation

Tanetal. [7]  Traffic prediction

Chang et al. [9]

Multi-relational High computa-
traffic prediction

Tensor comple- Exploits tensor struc- High computa-

] 4 Full rank
tion ture tional cost

Tensor LM Tensor regression Full rank

tional cost
Our work reformu-

Batselieretal. =~ MIMO Volterra Tensor Network Low-rank recursive System identifica- lates the framework
[24,25] identification =~ Kalman Filter estimation tion for metro OD fore-

casting

3. Tensor Network Preliminaries

Before presenting the proposed TNEKEF, this section briefly introduces the tensor net-
work notation required throughout the paper. Only the tensor operations directly in-
volved in the proposed forecasting algorithm are presented. More comprehensive treat-
ments of tensor networks can be found in [24,25].

In this paper, bold calligraphic letters (e.g., <A, B) are used to denote tensors, which
are multi-dimensional arrays and can be viewed as higher-order generalizations of vec-
tors and matrices. Matrices, vectors, and scalars are represented using standard notation.

A d-th order tensor (or equivalently, a d-dimensional tensor) is denoted as
AER™M*M2X M, where each element is indexed by A(iy,iz,...,ig) or equivalently a;;,..;,
with i, € [1,n,]. The identity matrix of order n is denoted by In, and the all-ones vector
of length n is denoted by 1x.

To map a multi-index ni, nz, ..., na to a single linear index [nine...nd, we adopt the
following indexing rule:

k-1

da
unzonad =mt ) =] | M M

1=1
where 1< n, <N, (k=1,..,d) , and the resulting linear index satisfies
1 < [mny-ng] < Tz Ni-

Given a vector x € R, it can be equivalently reshaped into a d-th order tensor X €
RN *N>xxN The MPS representation expresses this high-dimensional tensor as a sequence
of third-order tensors. Specifically, each element x([n;n,..n4]) (or equivalently
X(nyg,ny,...,ng)) can be decomposed as

R2,...R4q
Xy, mg) = ). XD (1,00, 1) XD (1, mp, 1) - XD (rgyng, 1) (2)

T2,.g =1

where X € RRkXN*Rik+1 are the MPS core tensors, and Ry, Rs, ..., R, are referred to as
the MPS ranks, with boundary conditions Ri1 = Ra1 = 1. The MPS representation stores the
original high-dimensional tensor in terms of these low-order core tensors. If all ranks are
bounded by R, the total storage complexity is O(dNR?), where d is the tensor order and N
is the size of each mode. This representation effectively alleviates the curse of dimension-
ality associated with exponentially growing vector or tensor representations. As long as
the MPS rank R remains moderate, the storage cost is significantly reduced, enabling effi-
cient representation and computation in high-dimensional spaces.

Given a matrix A € RV it can be equivalently reshaped into a 2d-th order tensor
A € RN XN xMxxMy The Matrix Product Operator MPO representation expresses this
tensor as a sequence of d fourth-order core tensors

A € RRIN*MXRiv1 fr=1, .., d 3)

where Rj, are the MPO ranks with boundary conditions Ri = Re1 = 1. The
[ng - ng), [my ==~ my]-th entry of the matrix can be written as
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da
Al =gl fmymaD = > [ A© i) @
T1,-Td k=1
where 1<n, <N and 1<m, <M, k=1, ..,4d.

4. Tensor Network Extended Kalman Filter for Metro OD Forecasting
4.1. Dynamic State Representation of Metro OD Demand

Short-term metro OD demand forecasting aims to predict passenger movements be-
tween all origin—destination station pairs during the next time interval based on historical
observations. The proposed framework is developed for an urban metro network, which
is represented as a directed graph consisting of Ns stations connected by rail lines. During
each observation interval, passenger trips recorded by the Automatic Fare Collection
(AFC) system are aggregated into a network-wide OD demand matrix. It is assumed that
the AFC data have been preprocessed into consecutive time-dependent OD matrices,
while the physical metro topology remains unchanged throughout the forecasting hori-
zon. Under these conditions, passenger demand evolves continuously over time owing to
variations in travel behavior, resulting in strong temporal dependence as well as spatial
correlations among different OD pairs.

From a modeling perspective, the metro OD forecasting problem can therefore be
regarded as the evolution of a high-dimensional nonlinear dynamic system. Rather than
directly learning a deterministic mapping from historical observations to future demand,
the proposed framework introduces a latent state to describe the time-varying character-
istics governing passenger demand evolution. This latent-state representation enables re-
cursive prediction while explicitly accounting for stochastic demand variations and model
uncertainty.

Consider a metro network consisting of Ns stations. The passenger demand during
time interval ¢ is represented by the OD matrix D, € R¥s*Ns, where the (i, j)-th element
denotes the number of passengers travelling from origin station i to destination station j.
Given the passenger demand observed during the previous p time intervals, the objective
is to predict the OD demand matrix at the next interval. To preserve the temporal depend-
ency of historical observations, the OD matrices are seen as a third-order tensor

Dy = {Dp, Dy_y, o, Dy_pyq } € RNsXNsXP )

whose three modes correspond to origin stations, destination stations, and historical time
intervals, respectively.

However, for recursive forecasting, the historical tensor is rearranged into a historical
demand vector

ut) =[1,d7@),d"(t —1),..,d"(t —p+ D]T € R™P+1 (6)
where
d(t) = vec(D,) € R™ (7)

and m = N; X N; denotes the total number of OD pairs. The vectorization procedure is
illustrated in Figure 1. This representation provides a unified description of historical net-
work-wide passenger demand while maintaining the correspondence between temporal
observations and OD relationships.

The conventional regression models directly establish a mapping between historical
observations and future demand. Different from this, the proposed framework introduces
a latent parameter state to characterize the time-varying nonlinear relationship between
historical OD demand and future passenger demand. The parameter state is recursively
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updated over time so that the state-space prediction model can gradually adapt to contin-
uously changing travel patterns.

Station low._D,(2.1) Station i Station | T Statie |
. Station 2 - : Metro line§

v D,(i,)) »:0D
Station N, d'(t)

OD Vector (u,)T

Figure 1. The vectorization procedure. (a) Convert the OD matrix D, to demand vector d(t). (b)

Convert the historical OD tensor to historical demand vector.

Let 8, € R: denote the latent state vector describing the dynamic characteristics of
metro OD demand, where L is the total number of unknown model parameters. For a
time-varying discrete-time MIMO Volterra model with [ outputs, order d, and memory
length p, the state dimension is L = IN%, where N = pm + 1. Here, p denotes the number of
historical time intervals included in the input vector for capturing temporal dependencies
of OD demand. The state evolution is modeled by

0.1 =0, +w; )

where w; ~ V' (0,Q) represents zero-mean Gaussian process noise describing uncertain-
ties in the temporal evolution of latent demand characteristics and unmodeled variations
in passenger travel patterns.

The future OD demand is predicted through a nonlinear mapping between the latent
demand state and the historical demand vector,

diyy = f(u,0,) +v, )

where d,,; € R! is the predicted OD demand vector (I =m), f(-) denotes a nonlinear fore-
casting function, and v, ~ V'(0,R) represents observation uncertainty arising from pas-
senger demand fluctuations.

The Volterra expansion [24] is employed here solely as a flexible nonlinear state-
space prediction model capable of approximating complex spatiotemporal dependencies
in metro passenger demand. Accordingly, the nonlinear mapping in (9) can be expressed
as

deyy = H(u)O, +v, (10)

where H(u,) is the nonlinear regression matrix constructed from the Volterra expansion
of the historical demand vector. Each row of H(u,) corresponds to one OD pair, while
different rows share the same historical demand representation, enabling the model to
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capture both nonlinear temporal evolution and cross-OD interactions within a unified
framework.

The process noise and observation noise are assumed to be mutually independent
Gaussian white noise processes,

W 0
Elg wl vi1=[3 plss an

The above formulation establishes metro OD forecasting as a nonlinear dynamic
state-space model, where the latent demand state captures the temporal evolution of hid-
den demand characteristics. This representation provides the foundation for the recursive
Bayesian estimation framework introduced in the following subsection.

4.2. Recursive Demand Prediction Using Extended Kalman Filtering

The dynamic demand model established in the previous subsection provides a non-
linear representation of metro passenger demand evolution. Since both the latent demand
state and passenger observations are affected by stochastic disturbances, deterministic
forecasting may accumulate prediction errors over time. To improve forecasting robust-
ness, the proposed framework formulates short-term OD demand prediction as a recur-
sive Bayesian estimation problem.

At each prediction interval, the latent demand state is represented by a Gaussian pos-
terior distribution

p(6; 1 dy) = N(m,Py), (12)

where m, € R™¥ denotes the posterior estimate of the latent demand state after assimi-

lating all historical observations up to time f, while P, € RIN*xIN?

quantifies the corre-
sponding estimation uncertainty.

Given the posterior estimate at time f, the latent demand state is first propagated to
the next prediction interval through the state transition model. Since the proposed de-
mand evolution model assumes a random-walk process for the latent state, the prior state

estimate is obtained as
m,q); =My (13)
and the associated covariance is predicted by
P =P +Q (14)

where Q is the covariance matrix of the process noise.
The predicted latent demand state is subsequently transformed into the forecasted
OD demand using the nonlinear demand prediction model

dt+1|t = f(ut» mt+1|t) (15)

Equation (15) provides the one-step-ahead prediction of all OD pairs before incorpo-
rating newly observed passenger demand. After the passenger demand at time ¢ + 1 be-
comes available, the prediction residual is computed as

ey = deyq — dt+1|t (16)

where d;,, is the recorded OD demand vector.

The prediction residual reflects the discrepancy between the predicted and observed
passenger demand and is used to update the latent demand state recursively. According
to Bayesian estimation theory, the posterior state estimate is obtained by

My =My + Koyl (17)
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where K,,; denotes the Kalman gain.
The corresponding posterior covariance is updated as
Pip1 = (U= Ky Hey )Py (18)

where H,,; € R™"%s the Jacobian matrix of the nonlinear forecasting function with re-
spect to the latent state. The prior prediction generated from historical passenger demand
is continuously refined whenever newly observed OD demand becomes available,
thereby preventing long-term error accumulation and improving forecasting robustness
under dynamically changing travel conditions.

The Kalman gain determines the balance between model prediction and newly ob-
served passenger demand. It is computed as

-1 d
Ky = Pt+1|thT+1(Ht+1Pt+1|thT+1 + R) € RV (19)

where R denotes the covariance matrix of observation uncertainty.

Finally, the posterior state estimate m;,, is propagated to the next prediction inter-
val, enabling recursive short-term forecasting of metro OD demand as new passenger ob-
servations continuously arrive.

4.3. Efficient Jacobian Construction for Recursive Metro OD Forecasting

The recursive EKF framework presented in the previous subsection requires the Ja-
cobian matrix of the nonlinear forecasting function for linearization around the predicted
state. Since the proposed demand prediction model is constructed from a multi-input
multi-output Volterra representation [24], the Jacobian can be derived analytically. Ac-
cording to the nonlinear demand prediction models (10) and (15), the corresponding one-
step prediction is

dt+1|t = H(u)mg (20)

Since the observation model is linear with respect to the latent parameter vector, the
Jacobian is directly obtained as
f (u, 6)
Hop = —— = H(u,) (21)

O=meiq)¢

For the metro OD forecasting problem, the historical demand vector is shared by all
OD pairs, whereas each row of the Volterra regression matrix corresponds to one destina-
tion output. Therefore, the Jacobian exhibits a highly structured block form,

h; (u,)
H,,, = P24 (22)
h;(u,)

where h;(u) € R™" denotes the Volterra regression vector associated with the i-th OD
pair.

Unlike a general nonlinear observation model, the Jacobian rows share the same his-
torical demand representation and differ only in their corresponding Volterra coefficients.
Therefore, the nonlinear basis needs to be evaluated only once for all OD outputs, signif-
icantly reducing the computational cost of Jacobian construction. Moreover, the resulting
structured Jacobian naturally facilitates the low-rank tensor representation introduced in
the following subsection.

4.4. Low-Rank Tensor Network Implementation

https://doi.org/10.3390/ijgi15070327
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Although the analytical Jacobian derived in Section 4.3 avoids the expensive numer-
ical differentiation required in conventional EKF implementations, the recursive estima-
tion still involves high-dimensional latent states and covariance matrices. In the proposed
Volterra-based OD forecasting model, the dimension of the latent parameter vector is de-
termined by the number of OD pairs, memory length, output number, and nonlinear ex-
pansion order. Therefore, for large-scale metro networks, directly storing and updating
the state vector and covariance matrix becomes the dominant computational bottleneck.

To address this issue, a low-rank tensor network representation is introduced to re-
formulate the EKF recursion. The key idea is to exploit the inherent low-dimensional
structure of the Volterra parameter space and represent high-dimensional states and op-
erators using tensor networks [24] rather than explicit vector and matrix forms. Specifi-
cally, the posterior state vector is represented by an MPS, while the covariance matrix and
linear transformation operators are represented by MPOs. This low-rank representation
preserves the recursive Bayesian estimation mechanism while avoiding the storage and
computation of full-dimensional quantities.

Instead of treating m, € RN “ asa high-dimensional vector, it is reshaped into a
high-order tensor M, € RV¥*-*Nxl and decomposed into an MPS form,

M, =MOM®P Mm@+ (23)
where each tensor core is defined as
M®) g RTk-1X1XTk (24)

where 713, denotes the tensor rank controlling the information coupling between adjacent
tensor modes. If 1<k<d, n, =NandIfk=d+1, n, =LIfk=1, rn_; =1, andifk=d+1,
1, =1. When the latent parameter tensor exhibits strong correlations, the required tensor
ranks remain small, allowing the original high-dimensional state to be represented with
significantly fewer parameters.

Similarly, the posterior covariance matrix P, € RN dxand is reformulated as an MPO,

P, =pLHpR  p+) (25)
where each MPO core satisfies
P g RTk—1XMpeXne X1y (26)

Based on these representations, the EKF prediction and update operations are per-
formed directly in the tensor-network domain, and (13) corresponds to a direct propaga-
tion of the MPS representation,

Mt+1|t =M, (27)
while the covariance prediction implemented through MPO addition is written as

Prre =P DQ (28)

During the measurement update, the analytical Jacobian H,,; € RN obtained in
(22) is also expressed in an MPS,

H, = HOyg®@  g@+2) (29)
where each tensor core is defined as
H® € RMk-1XneXrk (30)

If1<k<d ny =N, andifk=d+lord+2, n, =L.1ftk=1 1,y =1 andifk=d+2, r, =
1.
Therefore, the Kalman gain
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-1
Kiy1 = Pryqge QH ® (g'[t+1 ® Pt QH D R) (31)

is realized through a sequence of tensor contractions among MPOs, without explicitly as-
sembling the full covariance and Jacobian matrices.
After obtaining the Kalman gain, the posterior state update

Mgy =Miyq)e D Kepq Q Tqq (32)

is performed as an MPS update, where the residual information is injected through tensor
contractions.

Likewise, the covariance update implemented using MPO multiplication and addi-
tion operations is written as

Pri1=Pryre © (K1 @ Hiys  Pryape) (33)

During the recursive process, tensor contractions may gradually increase the tensor
ranks, leading to unnecessary computational growth. To maintain a bounded computa-
tional complexity, singular value decomposition (SVD)-based truncation is applied after
each tensor operation. Consequently, the tensor ranks remain controlled throughout the
forecasting process.

The proposed low-rank tensor network implementation provides two essential ad-
vantages for large-scale metro OD forecasting. First, it avoids explicit storage of the full
Volterra parameter vector and covariance matrix, significantly reducing memory require-
ments for high-dimensional OD systems. Second, the EKF recursion is converted from
dense matrix operations into local tensor contractions [24], where the computational com-
plexity is governed primarily by the tensor ranks and tensor order rather than the original
state dimension. Therefore, the proposed tensor-network EKF framework can efficiently
handle metro networks with a large number of OD pairs and high-order nonlinear de-
mand representations while maintaining the recursive adaptability of Bayesian forecast-
ing. As illustrated in Figure 2, the prediction process of our algorithm is presented.

(t=t+1)
Mt+1\t = 'A/tt > 7{1 ® MHI\[ MH.]
M,
. @<
t+1)t
> { joH
{r K.
’PI P A : R-H
Fau=FeQ — » H O JOHM,, K, OH, OF,, [ > : —
A
(t=t+1)

Figure 2. Diagram of the prediction process of the TNEKF algorithm. Yellow boxes represent com-

putational modules, and blue circles denote tensor-network operation nodes.
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5. Numerical Results

In this section, we present experimental results on real-world datasets to validate the
effectiveness of the proposed TNEKF model. All experiments were conducted on a per-
sonal computer equipped with 64 GB RAM, an Intel® Core™ i7-13700KF CPU (3.40 GHz).

5.1. Dataset

To validate the proposed method for short-term metro demand forecasting, smart
card transaction data from the Hangzhou metro system are used in this study. As illus-
trated in Figure 3, the experimental dataset is constructed from a subset of 32 stations
selected from Metro Lines 1 and 4. Line 2 is also shown to illustrate the overall network
connectivity of the study area. These stations form an interconnected subnetwork with
multiple transfer relationships and diverse passenger flow characteristics, which is suita-
ble for evaluating complex spatiotemporal demand patterns.

The dataset (https://tianchi.aliyun.com/dataset/21904#1,accessed on 30 May 2026)
spans 25 consecutive days, from 1 January to 25 January 2019, and records metro opera-
tions between 6:00 and 22:00 each day. On average, approximately 235,000 passenger trips
are recorded daily. Each trip entry contains essential information, including timestamp,
line identifier, station identifier, travel status (entry or exit), and an anonymized user ID.

To prepare the data for modeling, a three-stage preprocessing procedure is imple-
mented. First, data quality control is performed to eliminate incomplete, duplicated, and
logically inconsistent records, such as trips with invalid station indices or incorrect tem-
poral ordering. Second, full passenger trajectories are reconstructed by pairing entry and
exit records based on user identifiers and status information. Finally, the cleaned trip data
are aggregated into fixed 10 min intervals to produce time-indexed OD demand matrices
for subsequent analysis.

After preprocessing, the dataset is organized into a three-dimensional tensor X,
where each slice X, € R32%32 denotes the OD demand matrix at time interval t. For model
evaluation and validation, the dataset is chronologically divided into three subsets. The
first 16 days are used for training, the following 4 days serve as the validation set for hy-
perparameter tuning and model selection, and the final 5 days are reserved for out-of-
sample testing to evaluate predictive performance. The forecasting task considered in this
study is one-step-ahead network-wide OD demand prediction under normal metro oper-
ating conditions. Given the OD demand during the previous six 10 min intervals, the ob-
jective is to predict the OD demand matrix for the next 10 min interval.

Xixi National
Wetland Park

G2504]

: line 4

|
|
[
Xil oshan |
[
[

G3:

Lo metro station

—t N SNSRI ) e R e o — 4

Figure 3. Geographic layout of the Hangzhou metro network considered in this study, including

Metro Lines 1, 2, and 4. White circles denote metro stations.
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5.2. Performance Measures

To quantitatively evaluate the predictive performance of the proposed models, three
widely used metrics are adopted, including Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and Weighted Mean Absolute Percentage Error (WMAPE). Their
mathematical definitions are provided as follows:

Ns  Ng

T
1 1
MAE=7§:W E E 1Zprea(ivji t) — x(i,j, t)] (34)
S

t=1 ° j=1,j=ii=1

T Ns  Ng
1 1 N . .02
REMS = ?Z NZ z Z(xpred(u],t) —x(i,j, t)) (35)
t=1. ° j=1j#ii=1

T @Ns

Ns |o .. ..
WMAPE = lz Zj=1,j¢i2i=1|xpred(l:]’ t) - x(l’]' t)l
T

N, N, .
S i T 2, 1)

(36)

x (i, j,t P )
where =7 ) and x( 7.1) denote the predicted and actual passenger demand,
respectively, from origin station i to destination station j at time interval ¢. Ns represents

the number of stations, and T is the total number of time intervals in the test dataset.

5.3. Experimental Settings

Based on the constructed three-dimensional tensor, the training and test datasets are
further organized into input-output sample pairs for the TNEKF model, as illustrated in
Figure 4. Specifically, each input sample consists of OD demand matrices from 6 consec-
utive time intervals, which are reshaped into a matrix of size 1024 x 6, where 1024 = 32 x
32 corresponds to all OD pairs. The corresponding output sample is defined as the OD
demand matrix at the subsequent time interval, represented as a vector of size 1024 x 1.

Time S
i . I~
Lo historical dataset / test dataset :

Ajlz:;;! 77777777777 A‘i::j:” NV

M | | |
ColeN i § §
! Output i Outputi | Outputi
i Input i i Input i i Input i
. Samplel | gumple2 . Sample T |

Figure 4. Three metro lines of Hangzhou. Conversion of historical and test datasets into input-out-
put samples for the TNEKF model.

The configurations of all benchmark and proposed methods are summarized as fol-
lows.
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ARIMA: An individual ARIMA model is developed for each OD pair. The model orders
are selected within the range of 1-6 based on validation performance on the training dataset.

EKF: A standalone extended Kalman filter (EKF) is implemented for each OD pair inde-
pendently. This setting does not account for spatial interactions among different OD flows.

STGCN [30]: A spatiotemporal graph convolutional network is employed to capture
spatial dependencies through graph-based convolutions and temporal dynamics via se-
quential convolution operations.

LSTM-GCN [31]: This hybrid framework integrates graph convolutional networks with
long short-term memory (LSTM) units to jointly model spatial and temporal correlations.

DBSTNet [32]: A deep bidirectional spatiotemporal network is adopted to character-
ize complex traffic patterns.

Minor adjustments to the hyperparameters and network architectures of STGCN,
LSTM-GCN, and DBSTNet were conducted using the validation set to ensure fair and
consistent performance comparison across all benchmark models.

TNEKEF: The proposed TNEKF model is based on a Volterra system with memory
length p = 6, input dimension m = 1024, output dimension I = 1024, and system order d =
1. To control rank growth in tensor operations, truncated singular value decomposition
(SVD) with a threshold of 10 is applied. The effective input dimensionis N=m xp+1=
6145. In the absence of tensor network representation, a conventional EKF with a full co-

variance matrix P € RIVXIN

would incur a storage cost on the order of 1011 elements (ap-
proximately 400 billion), rendering it computationally infeasible.

The experimental procedure consists of three steps. First, AFC records are processed
to construct sequential OD demand matrices and forecasting samples. Second, all bench-
mark models and the proposed TNEKF are trained and validated using identical data
partitions. Finally, one-step-ahead prediction is conducted on the testing dataset, and per-
formance is evaluated using MAE, RMSE, and wMAPE.

The selected baselines cover representative forecasting paradigms, including statistical
methods (ARIMA), recursive Bayesian estimation (EKF), graph-based spatiotemporal models
(STGCN and LSTM-GCN), and deep spatiotemporal networks (DBSTNet), enabling compre-

hensive evaluation of TNEKF against both model-driven and data-driven approaches.

5.4. Comparative Experiments Under Normal Operating Conditions

Figure 5 presents the OD passenger flow prediction results for several representative OD
pairs, including Station 15-Station 8, Station 8-Station 19, Station 19-Station 15, and Station 15-
Station 10. Although the four OD pairs exhibit different passenger demand patterns, similar
observations can be made across all subfigures. The results show that all methods are able to
capture the overall temporal variation patterns of passenger demand. However, compared
with the conventional EKF and the deep learning-based DBSTNet model, the proposed
TNEKEF achieves consistently higher prediction accuracy, particularly during peak and low-
demand periods where demand fluctuations are more pronounced. This improvement can be
attributed to the fact that the conventional EKF treats each OD pair independently and lacks
the ability to capture spatial dependencies, while DBSTNet, although capable of modeling
spatiotemporal features, relies purely on data-driven learning. In contrast, TNEKF integrates
tensor-based spatial representations with recursive state estimation, enabling a more effective
characterization of the coupled spatiotemporal dynamics of metro OD demand, thereby en-
hancing both prediction accuracy and robustness.

To further evaluate the prediction performance of different models at the network
level, Figures 6 and 7 illustrate the estimated OD demand distributions across all 32 sta-
tions during a representative peak period (time interval 105) and an off-peak period (time
interval 196), respectively. In Figure 6, the four subfigures compare the ground truth and
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Demand

the prediction results produced by different methods under the same peak-period de-
mand scenario. A consistent trend can be observed across all prediction maps that TNEKF
achieves consistently higher prediction accuracy. Similar observations can be obtained
during the off-peak period, indicating improved accuracy and robustness.
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Figure 5. OD passenger demand forecasting results for representative OD pairs. (a) OD pair: Station
15-Station 8. (b) OD pair: Station 8-Station 19. (c) OD pair: Station 19-Station 15. (d) OD pair: Station
15-Station 10.
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Figure 6. Comparison of OD demand matrix prediction results during a peak period (time interval
105). (a) Ground-truth demand distribution. (b) Prediction results of the EKF model. (c) Prediction

results of the DBSTNet model. (d) Prediction results of the TNEKF model.
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Figure 7. Comparison of OD demand matrix prediction results during an off-peak period (time in-
terval 196). (a) Ground-truth demand distribution. (b) Prediction results of the EKF model. (c) Pre-

diction results of the DBSTNet model. (d) Prediction results of the TNEKF model.

To further evaluate the prediction performance from the perspective of station-level
passenger flows, the OD demand matrices were aggregated according to departure sta-
tions to obtain the total outbound passenger demand at each station. Figure 8 first com-
pares the predicted total departure passenger flows at Stations 8, 16, 19, and 31. The results
show that TNEKF achieves consistently higher prediction accuracy across different sta-

tions, although the stations exhibit different demand levels.
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Figure 8. Prediction results of total departure passenger flows for representative stations. (a) Total
departure passenger flow at Station 8. (b) Total departure passenger flow at Station 16. (c) Total

departure passenger flow at Station 19. (d) Total departure passenger flow at Station 31.

Furthermore, Figure 9 presents the prediction results of total departure passenger
flows for all stations over a one-day period. The results further verify that TNEKF not only
performs well in local station-level forecasting but also demonstrates strong overall pre-
diction accuracy and robustness at the network level. By jointly modeling spatial depend-
encies and temporal state evolution, TNEKEF is better able to capture the complex spatio-
temporal characteristics of metro passenger demand, thereby improving forecasting per-
formance.

Table 2 reports the performance comparison of different short-term passenger flow
forecasting methods under three evaluation scenarios: whole-day (W), peak-hour (P), and
off-peak (N). The all-day period spans 6:00-22:00, with peak hours defined as 7:00-9:00
and 16:30-18:30, and the remaining intervals considered off-peak. The comparison in-
cludes both classical approaches (ARIMA, EKF) and advanced spatiotemporal models
from the literature, such as STGCN, LSTM-GCN, and DBSTNet.
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Figure 9. Prediction results of total departure passenger flows for all stations over a one-day period.

Table 2. Comparison of Performance of Different demand Forecasting Methods.

Scenarios and Methods MAE RMSE MAPE
ARIMA 247 4.33 0.59
EKF 2.12 3.76 0.48
W STGCN [30] 2.00 3.83 0.50
LSTM-GCN [31] 1.96 3.81 0.52
DBSTNet [32] 1.99 3.79 0.56
TNEKEF 1.39 3.39 0.45
ARIMA 2.76 5.32 0.58
EKF 2.60 5.15 0.54
P STGCN 2.69 5.10 0.48
LSTM-GCN 2.64 5.07 0.52
DBSTNet 2.67 5.09 0.57
TNEKF 1.83 3.95 0.47
ARIMA 1.95 3.96 0.59
EKF 1.94 3.06 0.41
N STGCN 1.75 3.36 0.52
LSTM-GCN 1.69 3.33 0.52
DBSTNet 1.73 3.30 0.56
TNEKF 1.27 2.95 0.43

As shown in Table 2, TNEKF consistently achieves lower MAE, RMSE, and MAPE
values in most scenarios, indicating superior overall predictive accuracy. Compared with
purely data-driven deep learning models, the filtering-based approaches demonstrate im-
proved robustness and adaptability to dynamic demand variations. In particular, TNEKF
exhibits more stable performance across different time periods, suggesting that the inte-
gration of tensor-based spatial representations with recursive state estimation effectively
captures the coupled spatiotemporal dynamics of metro passenger demands.
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5.5. Robustness Validation Under Disruption Scenarios

Finally, unplanned station closures are introduced to evaluate model robustness un-
der uncertain conditions. Passenger redistribution is assumed to follow three typical be-
havioral responses: shifting to nearby stations, detouring to alternative stations within
walking distance, and canceling or postponing trips. In this experiment, Station 14 is as-
sumed to be closed for two consecutive days (Day 2 and Day 3 in the test set). Among the
affected passengers, 20% are assumed to reroute via Station 13 as an alternative transfer
point, 70% shift to Station 15, and the remaining 10% adopt alternative travel modes.

Figure 10 presents the prediction results for representative OD pairs under the dis-
ruption scenario. It can be observed that the prediction accuracy of data-driven deep
learning models, including STGCN, LSTM-GCN, and DBSTNet, degrades when abrupt
changes occur in passenger demand patterns. In contrast, the proposed TNEKF model
maintains stable and accurate predictions under such disturbances.
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Figure 10. OD passenger flow forecasting results under an unplanned station closure scenario. (a)
OD pair: Station 9-Station 13. (b) OD pair: Station 13-Station 7. (c) OD pair: Station 22-Station 15. (d)
OD pair: Station 15-Station 2.

This advantage can be attributed to its ability to jointly capture temporal dynamics
and spatial correlations within a unified tensor-based filtering framework, enabling effec-
tive adaptation to sudden demand variations. Overall, the results demonstrate that
TNEKEF not only achieves strong performance under normal operating conditions but also
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exhibits superior robustness and adaptability in the presence of unexpected disruptions,
making it a reliable tool for dynamic passenger flow prediction and management in com-
plex metro systems.

Table 3 presents a comprehensive evaluation of all methods across these scenarios,
focusing on OD flows related to Stations 13 and 15 over the disruption period. The per-
formance is summarized using the mean and standard deviation of MAE, RMSE, and
wMAPE.

Table 3. Comparison of prediction performance under unplanned station closure scenarios aggre-

gated across passenger redistribution configurations (mean + standard deviation).

Method MAE RMSE wMAPE
STGCN 3.086 = 0.021 4.323 +0.041 0.662 +0.005
LSTM-GCN 3.104 £ 0.027 4.387 +0.041 0.667 +0.005
DBSTNet 3.050 £ 0.031 4.327 +0.053 0.655 + 0.007
TNEKF 1.926 +0.030 3.6537 = 0.059 0.497 + 0.004

The results indicate that TNEKF consistently outperforms all benchmark models in
terms of prediction accuracy, while also demonstrating lower variability across different
redistribution settings. In comparison with state-of-the-art spatiotemporal models such as
STGCN, LSTM-GCN, and DBSTNet, the proposed method exhibits enhanced resilience to
structural shifts in demand.

5.6. Practical Implications

Beyond improving prediction accuracy, the proposed TNEKF provides practical
value for geo-information-enabled intelligent metro management. Unlike station-level
forecasting, OD demand prediction explicitly captures spatial interactions between ori-
gins and destinations, preserving the spatiotemporal distribution of passenger move-
ments across the metro network. Such detailed demand information supports refined op-
erational decisions, including dynamic capacity allocation, train service adjustment, and
passenger flow management, particularly for transfer hubs and congested corridors.

Moreover, the recursive Bayesian framework continuously updates latent demand
characteristics as new AFC observations become available, enabling adaptation to evolv-
ing spatiotemporal travel patterns. This capability is valuable under dynamic operating
conditions, such as temporary station closures or special events, where forecasting models
without recursive updating may suffer from degraded performance. The disruption ex-
periments further demonstrate the robustness of TNEKF under abnormal scenarios.

Finally, the low-rank tensor network implementation improves the scalability of re-
cursive OD forecasting by exploiting correlations among origins, destinations, and tem-
poral dimensions. By avoiding explicit computation and storage of high-dimensional co-
variance matrices, the proposed framework provides an efficient solution for large-scale
geo-spatiotemporal transportation data analysis and facilitates its integration into intelli-
gent transportation management systems.

6. Conclusions

This paper proposes a TNEKF framework for short-term metro OD demand forecast-
ing. The proposed framework formulates metro OD forecasting as a recursive Bayesian
state-space estimation problem and integrates a multi-input multi-output Volterra model
with Extended Kalman Filtering to characterize the nonlinear spatiotemporal evolution of
passenger demand. To address the computational challenges associated with large-scale
OD systems, low-rank tensor-network representations are adopted for both the latent
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state and covariance, allowing all recursive filtering operations to be performed directly
in tensor-network form without explicitly constructing high-dimensional vectors and ma-
trices. As a result, the proposed framework enables scalable recursive forecasting while
preserving the nonlinear characteristics of metro passenger demand.

Experimental results on the Hangzhou metro dataset demonstrate that TNEKF con-
sistently outperforms representative statistical, recursive Bayesian, and deep learning
methods under whole-day, peak-hour, and off-peak conditions. Moreover, the proposed
method maintains superior prediction accuracy under simulated station disruption sce-
narios, indicating strong robustness to abrupt demand variations. Beyond the quantitative
improvements, the experimental results provide several important insights into large-
scale metro OD forecasting. First, explicitly modeling passenger demand within a nonlin-
ear recursive Bayesian framework improves forecasting accuracy while accounting for
demand uncertainty. Second, recursive state updating enables continuous adaptation to
evolving passenger demand patterns, resulting in improved robustness under both nor-
mal operating conditions and unexpected disruptions. Third, the low-rank tensor-net-
work implementation substantially reduces the computational burden of recursive esti-
mation by exploiting the inherent low-rank structure of high-dimensional OD demand,
making network-wide recursive forecasting computationally feasible. These findings in-
dicate that uncertainty-aware recursive estimation and tensor-network computation com-
plement each other, providing an effective and scalable framework for forecasting com-
plex spatiotemporal transportation systems.

Beyond its forecasting performance, the proposed framework also has important
practical implications for intelligent urban rail transit management. Unlike station-level
passenger flow forecasting, network-wide OD demand prediction explicitly preserves
passenger movements between origins and destinations, providing richer spatiotemporal
information for operational decision-making. Such information can support dynamic
train scheduling, capacity allocation, passenger flow management, and disruption re-
sponse, particularly under rapidly changing operating conditions. More broadly, the pro-
posed recursive tensor-network framework is not limited to metro OD forecasting and
provides a scalable computational paradigm for uncertainty-aware prediction in other
large-scale spatiotemporal dynamic systems.

The present study still has several limitations. External factors, including weather
conditions, special events, and operational control strategies, are not explicitly incorpo-
rated into the forecasting framework, and the proposed method has been validated using
a single metro network. Future work will investigate heterogeneous data fusion, adaptive
tensor-rank optimization, and more advanced nonlinear state-space models to further im-
prove forecasting accuracy, robustness, and computational efficiency under more realistic
operating conditions. In addition, the proposed recursive tensor-network framework will
be extended to multimodal transportation systems and other large-scale geo-spatiotem-
poral prediction problems requiring efficient recursive Bayesian inference.
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