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ABSTRACT ARTICLE HISTORY
Spatial interaction research is particularly important for geographical Received 19 October 2023
analyses, as it plays a crucial role in extracting travel patterns. However, Accepted 3 May 2024
previous studies on spatial interactions have not adequately considered

regional population variations over time, resulting in insufficiently Spatial | .

I L. . A patial interaction; travel

precise travel predictions. Moreover, the threshold of spatial correlations flow prediction; self-paced
is difficult to determine. Existing studies have assumed fully connected contrastive learning;
spatial correlation matrices, which is not realistic. To address these Gaussian process regression;
limitations, we proposed the Self-paced Gaussian-Based Graph graph convolution network
Convolutional Network (SG-GCN) to automatically estimate the
threshold of spatial correlations for travel flow predictions. It
incorporates a temporal dimension into spatial relationship matrices to
enhance the accuracy of vehicle flow predictions. In particular,
Gaussian-based GCN identifies patterns in a time series of regional
flows, enabling more precise capturing of spatial relationships while
fusing node and edge features. Building on this model, self-paced
contrastive learning automatically sets thresholds to determine the
presence or absence of spatial relationships. The model’s performance
was verified through two empirical case studies conducted in New York
City, USA, and Ningbo, China, using 2.8 million bicycle-sharing records
and 1.25 million taxi trip records, respectively. The proposed model
helps delineate mobility patterns in cities of varying scales and with
different modes of transportation.

KEYWORDS

1. Introduction

Due to the rapid increase in urban populations, spatial interactions in human geography have
attracted considerable attention from businesses and academics (Fotheringham 1981; Roy and
Thill 2003). Studies of human flows have covered a variety of areas, including human migrations
(Sirbu et al. 2021), changes in urban environments (Gonzalez, Hidalgo, and Barabasi 2008), natural
disaster prediction (Gray and Mueller 2012), and the spread of epidemics (Kraemer et al. 2020).
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Travel flow prediction is particularly important for urban and transportation planning (Gong et al.
2023). Recent research has shown that travel flow prediction models that consider spatial inter-
actions yield more accurate results (Gong et al. 2022). Specifically, flow data can be collected to
explore the intensity of vehicle flows and the connections between entities, which is important
for analysing the spatial interaction patterns of different geographical locations (Guo et al. 2012).
The precise depiction of dynamic flows within intricate geographical structures is crucial for pre-
dicting travel flows, thereby contributing to socio-economic development.

To gain a deeper understanding of urban structures and built-up urban environments (Huang
et al. 2022; Liu et al. 2015), various approaches to capturing spatio-temporal features, ranging from
statistical to deep learning methods, have been proposed. For instance, Wang et al. (2022) obtained
location-related spatial interactions through bidirectional messaging and introduced the Trafhic
Gated Graph Neural Network (Traffic-GGNN) for real-time-fused spatio-temporal representation
modelling to make predictions. Koesdwiady, Soua, and Karray (2016) proposed a deep belief net-
work for traffic and weather forecasts using travel flow data to make more effective predictions of
interactions in urban spaces.

However, although ameliorated methods for capturing spatial interactions have been explored, few
studies have investigated the temporal correlations between the spatial flows of different departure
and destination categories. Previous studies have often calculated spatial and temporal relationships
separately, presumably due to the simplicity of this strategy. However, temporal relationships can
affect spatial relationships. For example, the interaction patterns during rush hours differ considerably
from those during other times of the day. Therefore, it is important to examine how to extract
dynamic spatial features in a monitoring network to reflect cyclical patterns and their main temporal
variation trends. Moreover, previous studies have tended to assume that all nodes are fully connected.
However, in real life, some areas, especially in metropolises, may have very weak or no spatial corre-
lations. Therefore, it is necessary to determine connectivity using a reasonable threshold.

Gaussian process regression (GPR) provides a flexible and comprehensible methodology for
examining and forecasting precipitation (Williams and Rasmussen 1995). It offers a principled
quantification of uncertainty by design. Specific prediction intervals can be derived from the pos-
terior predictive distribution. When accompanied by robust uncertainty estimates, predictions can
be pivotal to downstream decision-making. GPR also offers a flexible prior of functions, allowing
the encoding of specific inductive biases through kernel construction. For instance, properties
such as periodicity, smoothness, and spatial heterogeneity can be encoded through careful specifi-
cation of the covariance kernel. Since assessing the quality of embedded graphs relies on a priori
knowledge of the downstream prediction task and the graph structure, Self-Paced Graph Contras-
tive Learning (SPGCL) (Li et al. 2022) has been proposed to compensate for this aspect, with its
adjacency matrix providing filterable thresholds for information between nodes. Specifically, the
values of more weakly correlated positions are set to 0 according to the thresholds, and the corre-
lations are extracted directly from the data.

To address the above-mentioned key issues and to fill the extant research gaps, we propose the Self-
paced Gaussian-Based Graph Convolutional Network (SG-GCN) for spatio-temporal correlation
extraction from GPS trajectories. This framework employs non-parametric GPR, graph convolutional
networks (GCNs), and gated recurrent units (GRUs) and can predict spatio-temporal travel volumes
based on interregional relationships. The main contributions of this work are as follows:

e GPR is innovatively utilised to extract spatial correlations through the temporal variations of
travel flows, rather than investigating these two aspects separately, thereby achieving higher
travel flow prediction accuracy than that achieved in previous studies. This non-parametric
model captures node features based on their similarity, enabling the combination of various
pieces of prior information and uncertainty to learn spatio-temporal features at high latitudes
without relying on linear two-dimensional combinations. Therefore, our framework represents
spatial correlations more comprehensively and accurately compared to previous research.



INTERNATIONAL JOURNAL OF DIGITAL EARTH e 3

e The model also incorporates the recently proposed SPGCL to further estimate the connectivity of
the nodes of the graph structure, largely filtering out unnecessary information and improving com-
putational efficiency. SPGCL investigates spatial correlations in the temporal dimension, providing
a novel approach to computing the spatio-temporal interactions between nodes in the absence of
predefined graphs. By increasing the margin of differentiation between positive and negative
neighbours to learn node linkages, SPGCL can produce optimal graphs using a self-paced strategy,
which provides a threshold for the spatial correlation matrix generated by GPR.

We transformed point-of-interest (POI) data with geographical attributes into feature vectors
combined with travel flows, considering multidimensional features in temporal variations, through
which we distinguished the different attributes of the locations involved and explored various crowd
choices under the influence of the environment. To test the model’s performance, we conducted
two case studies in New York City, USA, and Ningbo, China, using 2.8 million bicycle-sharing
records and 1.25 million taxi ride records, respectively. We also explored residents’ travel prefer-
ences in both cities.

The rest of this paper is organised as follows: Section 2 presents previous research on spatial
interactions in travel flow predictions. Section 3 describes the theories and methodology used in
this study. Sections 4 and 5 present the case studies of New York City and Ningbo, respectively,
and the evaluation of the prediction results through test data. Section 6 concludes the paper.

2, Literature review
2.1. Travel flow prediction

Both parametric and non-parametric models have been used for travel flow predictions (Medina-Sal-
gado et al. 2022). Parametric methods include traditional statistical methods and machine learning
approaches. Traditional statistical methods, such as regression models and autoregressive integrated
moving averages, are based on assumptions, which are simpler and easier to interpret (Ahmed and
Cook 1979; Russell 2010; Shan, Zhao, and Xia 2013; Williams and Hoel 2003). However, the variables
in regression analyses are highly correlated and non-linear, which makes the non-linear functions of a
model particularly difficult to define (Smith and Demetsky 1994). Therefore, such methods have
difficulty representing spatial relationships, and their prediction accuracy is generally low. In recent
years, various machine learning methods have been used for data mining and predictions, such as the
improved k-nearest neighbours (KNN) algorithm (Zhang et al. 2013), support vector machines
(SVMs) (Feng et al. 2018), and Bayesian algorithm (Zheng, Lee, and Shi 2006). Lin, Lin, and Gu
(2022) introduced a model for screening spatial delayed traffic sequences based on the maximum
information coefficient. The screened sequences are transformed into traffic state vectors, and the
traffic flow is forecast using a combination of support vector regression and KNN. However, para-
metric methods often lack the travel flow prediction accuracy of non-parametric methods.

Among non-parametric methods, neural networks have been widely used with good results (Wang
et al. 2022), sometimes showing superiority to SVMs and KNN. Recurrent neural networks and opti-
mised LSTM networks have successfully performed long- and short-term sequential learning tasks,
and hybrid neural network approaches have been used in various fields Sutskever, Vinyals, and Le
(2014). For instance, Zhang, Zheng, and Qi (2017) proposed a convolution-based spatio-temporal
residual network to make predictions about a specific spatio-temporal. Zheng, Lee, and Shi (2006)
employed an adaptive Bayesian—-neural network approach to reduce prediction errors using a single
radial basis function (RBF) or BP, demonstrating the considerable potential of this composite model.
Chen et al. (2020) smoothed loop data through wavelet filtering, moving average modelling, and But-
terworth filtering and introduced an ANN to predict traffic flows for different time spans. GCNs are
also widely used non-parametric models (Zhao et al. 2020). Zhao et al. (2020) proposed the temporal
graph convolutional network (T-GCN) to predict spatio-temporal flows, demonstrating the ability of
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GCNes to extract complex graph structure data and achieve high prediction accuracy. Recently, various
self-paced spatio-temporal learning approaches have also been used to address challenges related to
graph networks. For example, Li et al. (2022) proposed the SPGCL model, which not only captures
temporal and spatial dependencies but also learns information linkages by optimising the difference
between positive and negative neighbours, thus improving the network structure. Zhang et al. (2023)
introduced the Automated Spatio-Temporal (AutoST) graph contrastive learning framework based
on heterogeneous graph neural architecture, which captures multi-view region dependencies in
POI semantics, mobility flow patterns, and locations.

Although the approaches described above can predict spatial travel flows with some accuracy,
standard models do not account for the social characteristics of crowd flows, which may result
in the loss of genuine information (Zhou et al. 2020). Moreover, although previous studies have
used spatial correlations to make predictions, they have not sufficiently evaluated them over
time, instead simply focussing on the total statistics of geographical relationships over a given
period, which may result in less accurate predictions.

2.2. Spatial interaction analysis

Previous research has used various criteria to measure spatial interactions, mainly geographical dis-
tances, virtual network flows, and travel mobility flows. Geographical distances have been the most
commonly used to represent spatial proximity since the closer together objects are, the more closely
they interact with one another (Fotheringham 1981; Miller 2004). The potential of using big data to
quantify geographical correlations increases as information networks grow, and community probes
from online networks are widely used to learn spatial relationships (Cheng et al. 2011; Liu et al.
2014). For example, Liu et al. (2014) used social media data to identify intra-town tourism patterns.
Chi et al. (2016) used mobile phone call data to explore interregional characteristics and structures.
Chen et al. (2022) employed advanced artificial intelligence modelling and computer vision tech-
niques to collect motion data and analyse vehicle spatial interactions. However, while these studies
have provided some summaries of inter-location features, distance data alone cannot provide
sufficient information on spatial qualities, and online data may not be representative of real
human behaviour due to the limitations of their audience (Eysenbach and Wyatt 2002).

Travel flow data constitute a richer and more accessible source of information for interpreting the
spatial interactions of crowds (Liu, Gao, and Lu 2019; Tu et al. 2018). To compensate for data scarcity
in emerging cities, many recent studies have combined a priori knowledge with scenario-based data-
driven approaches (Kong et al. 2023). Lin, He, and Peeta (2018) presented an updated graph convolu-
tional neural network (GCNN-DDGEF) to reveal hidden heterogeneous pairwise correlations across
stations and anticipate dynamic demand at the station level in a large-scale urban bicycle-sharing net-
work. Using a deep learning T-GCN framework, Gong et al. (2023) performed a linear superposition
of the scene attributes of parking behaviour combined with temporal features, optimising the accu-
racy of spatio-temporal prediction to a certain extent. Kong et al. (2022) used a multimodal technique
to predict bus passenger flows using graph networks and a deep clustering approach to discover hid-
den passenger interaction patterns. While these studies have contributed to the temporal represen-
tations of scene semantics, some have been less attentive to capturing continuous dynamic changes
or have failed to achieve non-linear learning of complex geographical features.

3. Methodology
3.1. Overview of proposed framework

In this study, we propose the SG-GCN to accurately predict travel flows and extract spatial corre-
lations between areas. The overall structure of the proposed framework is depicted in Figure 1.
We used two types of data: travel origin-destination (OD) and POI data. The format of the OD
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End Process
Figure 1. The overview of the framework.
Table 1. The format of travel OD data.
ID Dt DSX Dsy Dex Dey
159 01/04/2023 17:24:00 40.684 —73.989 40.722 —74.011

data is shown in Table 1. They include departure time Dy, departure latitude Ds,, departure longitude
Dy, ending longitude D, and ending latitude D,,. We divided the research area into 1km x 1km
squares and generated a travel time series for each square from the OD data. We then fed the time
series and POI data of each square into GPR to extract features while simultaneously generating the
distance matrix between sites. Specifically, we created four types of adjacency matrices: (i) a distance
matrix (A), (ii) a covariance matrix of time series generated by GPR ('), (iii) a covariance matrix built
by GPR using the time series and POI data (S), and (iv) a linear combination of matrices (i) and (iii)
(C'). We used the SPGCL approach to determine the connectivity of the nodes in the matrix. We then
fed the adjusted adjacent matrix C and time series data into the GCN and GRU, respectively, to pre-
dict travel flows. The algorithm process is presented in Figure 2. Finally, we compared the perform-
ance of the SG-GCN and each matrix by validating the results. The details of each step are presented
below.

3.2. Time series generation

Algorithm 1 explains the process of generating a time series. The input travel flow dataset D
indicates the amount of outflow from a specific area. B represents the prediction of node
sequences, including the predicted node longitude B.x and latitude B.y and the number of pre-
dicted nodes B.L Each day, the travel data of each block are traversed by one hour, and when
the i-th time and the coordinates of the j-th block are identified, the Dj; value plus one is
obtained. Finally, D* returns a horizontal time coordinate, a vertical block number coordinate,
and the travel value.
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correlation and spatial
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Figure 2. The process of SG-GCN, which takes matrix C as an example.
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Algorithm 1: Process travel flow into a time series

Data:D, B, T
// D:Travel flow data, B:latitude and longitude information of blocks, T :Time Series
Result: D*
// Time series data D*
1 D*initialized as a zero matrix
27T7.=T.ength() // the length of T
3 the length of T foreach element of the D do

4 |t fori<« 0toTldo
5 t if D; = T; then
6 t forj < 0 to B.l do
7 t if D, = Bj.x and D, = B;.y then
8 t D;fj+ =1
9 end
10 end
1 end
12 | end
13 end

3.3. Spatial correlation modelling

As mentioned earlier, four types of adjacent matrices are used. Figure 2 shows the generated process
of C', where D.i denotes the i-th district, t;; represents the number of activities in the j-th category in
D.i, f;; represents the outflow from D.i to D.j in a certain time, a;; indicates the distance from D.i to
D.j, and s;; indicates the similarity between regions.

3.3.1. Distance matrix

As previously noted, geographical distances are important for studying spatial interactions. Tra-
ditional distance calculation methods include the Euclidean, Manhattan, and Chebyshev distances,
which can be computed geometrically using a road’s coordinates. The distance matrix is generated
by calculating sophisticated distances derived by merging actual road information with binding
roads. The latitude and longitude of the i-th and j-th blocks’ central points B are entered into a
web API, and the output data provide the real driving distance between the two blocks. We tested
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various distance attenuation coefficients f, ranging from —2 to 0, and selected to result with the
highest accuracy. We regarded the computed distance matrix as the adjacency matrix A after
threshold filtering. The process is shown in Algorithm 2.

Algorithm 2: Distance matrix preprocessing

Input: B, p
// Blatitude and longitude of the block centre points, p:The filtering percentage
Output: A
// A:Adjacency matrix
1a;; =API(B;, B}) // The driving distance between block iand block j
2d =asort() // Sort the distances between blocks in descending order
3 n=ad.lenght() // The length of @
4 foreach element a;; of the a do

5 [t ifa;<=a,, then
6 ‘t Ai,j = ai,j
7 end
8 else
9 It Aj=0
10 end
11 end

3.3.2. Time series matrix

The covariance matrix is generated by GPR, which is a non-parametric regression technique based
on Bayesian probability theory. GPR can estimate confidence intervals for the expected outcomes
and model non-linear connections between continuous variables. It considers the target variable in
the context of a set of random variables. The joint distribution of any subset of this set of variables is
normal, and it is fully specified by the mean function u(x) and the covariance function k(x, x'), with
the former describing the mean GP trend and the latter controlling the function’s inductive bias and
support under the prior:

g ~ GP(u, k) (1)
where the representation function fis described as a GP with a mean value function y and a covari-
ance function k. Suppose there is a dataset D containing the input x = {x, x3, x3, ..., x,} and the
corresponding output y = {y1, 2, ¥3, ...> ¥n}

D= {(Xl,)/l), (xz,yz), s (xm}’n)} @)

Given a training dataset D and a new test point x, we wish to predict its corresponding output y and
assume that y and f(x) follow a joint Gaussian distribution:

gx) | Mg Kge Kgy])
[Y*] N([MJ’[K;; Ky ©

where Ky = k(x, x), Ko = k(x, x¥), and K, = k(x*, x*). Based on dramatic Bayes’ theorem, we
can calculate the posterior distribution p(g(x*)|D), i.e. the output probability distribution of the pre-
diction point x for a known dataset D. This posterior distribution is also a Gaussian distribution
whose mean and variance can be calculated based on the information in the training dataset D.
The process is expressed by Equation (4):
T -1 T -1

F~ N(KERGY + 1 Ky = KD KKy ). (4)
The model selection problem in the GP refers to the selection of the covariance function (ker-
nel function) and its hyperparameters (Rasmussen 2004). The most commonly used kernels in
machine learning include polynomial kernels, RBFs, and automatic relevance determination
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(ARD). The ARD framework acts by reducing the inverse length scale to prune irrelevant
dimensions. The SE-ARD framework, a translation-invariant stationary kernel that delivers
endlessly smooth and differentiable samples in the function space, is one of the most com-
monly used kernel function frameworks in GPR applications. The SE-ARD kernel can be
defined as:

d=1

, 1 (xa— 1)’
k(% X) g arp= oéexp{—iz%} (5)

where x denotes the observed predictors, o§(~) is the variance of the kernel function, x; and x),
are the values of the inputs x and x/, respectively, in the d-th feature, and ¢, refers to a
characteristic length representing a distance in the input space and indicating the reference
capability of the input variable.

Since a single SE-ARD kernel cannot meet the multiple requirements of travel flow prediction,
Lalchand et al. (2022) developed a spatio-temporal kernel that multiplies both to superimpose the
temporal and spatial components (Equation (6)) and handle the temporal characteristics using the
PER kernel (Equation (7)):

lat _lon lat  lon to.t
kst (xi, xj) = kSEfARD<(xi » X ), (xj > Xj )) X kPER<xi, xj)

temporal (6)
+ ksg—ARrD ((x?“, x°m), (xljat, 9&}’“))
spatial
2sin? . —x;|/P
kper (xi> X;) = Oéexp{— s (77|)22 x;|/ )} -

where (x/*, xl°") denotes the latitude and longitude of the i-th node, (x!, x;.) denotes the time of the
i-th and j-th nodes, and P is the periodicity parameter.

The GP is a non-parametric model that does not require parameters for the training model
and can be uniquely calculated once the kernel function and training data have been obtained.
However, The kernel function itself has hyperparameters, such as £ and o2, which alter the
measure of similarity between sample points, thereby changing the overall probability distri-
bution function.

We optimised the hyperparameters using Bayesian optimisation (BayesOpt) to maximise the
marginal log-likelihood (MLL). The optimisation process involved iteratively computing the gradi-
ents of the MLL with respect to the hyperparameters ¢ and ¢ to find the optimal combination that
maximised the likelihood of the observed data y. BayesOpt is a probabilistic method for optimising
objective functions based on Bayes’ theorem, as described by Rasmussen and Williams (2006). The
MLL computation method used in this study was:

1 1 N
log p(y | o, 2) =log N(O, K,(a, K)) =— EyTK);ly — Elog{KM - Elog(Z'n') (8)

where | - | indicates the determinant of the matrix. By maximising the MLL, we identified the best
parameters.

3.3.3. Time series and POl matrix

As travel data are closely associated with daily life, along with these data, we inputted POI data into
the GPR module to obtain another covariance matrix. The updated GPR requires the addition of a
POI kernel component. The improved kernel function is expressed as:
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lat , lon lat , lon tot
kstfpoi (xi, xj) = kSEfARD((x, > Xj ) (xj > Xj )) X kper (Xi, xj)
temporal

+ kSE—ARD<(xliat, x°m), (xljat, xﬁ?’“)) +kep ARD( pol foi)

spatial poi

)

where x?°" and x?° represent the POI features combined with flow data.

3.3.4. Linear combination matrix
Inspired by previous work, we used a linear combination of both factors to form a new adjacency
matrix C’ that describes spatial correlations (Gong et al. 2023):

C=a-A+b-S (10)

where a denotes the coeflicients of the distance matrix A, and b denotes the coefficients of the
covariance matrix S computed through GPR based on POI data. The values of a and b describe
the impacts of travel distance and similarities on a given region’s spatial interactions, respectively.
After continuously changing the parameters, we produced the optimal adjacency matrix and fed it
into the GCN to obtain the spatial correlations.

3.4. Self-paced graph construction

The connectivity of the graph is determined through self-paced graph construction. The SPGCL
method employs messages passing on a graph structure g = (V, E, O), where V represents
nodes, E represents edges, and O is the adjacency matrix.

As E is often not explicitly defined, SPGCL initially uses KNN to produce an initial neigh-
bourhood matrix O with low recall but high precision when k < N. The genuine neighbour-
hood is inferred through the score function g, the observed traffic flow value x', and the position
of node V. To better distinguish edges, SPGCL separates all possible edges into three parts: a
positive set labelled EP, a negative set labelled EM, and an unlabelled set EV (i.e.
E = E? U EN U EY). Potential advantages with self-confidence scores over 8" are added to EF,
while potential advantages with scores below 8~ are added to EN. The process is repeated to
obtain O™ until EV = 0.

SPGCL iteratively searches for the k-true neighbours of a node through maximised interactivity
information (MI). To compute the MI without losing generality, SPGCL first establishes a relative
spatio-temporal coordinate system with node V; as the origin and measures the MI using the fol-
lowing relationships between node V; and its neighbours:

Wi = | Vi =V |, (11)
w?;g = s1n(6iJ) = L{m'[z] (12)
Wij
Seq DTW(X XJ> (13)
Wi = X; — X; (14)
where wd]’S and w' i ¢ are the spatial polar coordinates of node V; with respect to V;, w; y ? represents

the similarity between the time series w; and w’; computed by the DTW distance, which has been
widely used to measure the similarity between sequential data, and w is the sequence distance
between w.
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The details of the implementation of SPGCL to calculate connectivity are as follows:

t dis g q
Wi,j_l:wl]’wl] ’sz’wtj:l (15)

X, = f(w,{j; ) - MLP(w;j) (16)
= f(ch W|Z(”®w”> (17)

where 7! ; is the spatio-temporal embedding and MLP is the multilayer perceptron. Then SPGCL
combines the characteristics of the neighbouring nodes to generate the contextual embedding
with regard to node V;, where © is the Hadamard product and N; is the node’s neighbour. Negative
Euclidean distance is used to measure the proximity for matching score calculated as follows:

sy =1 (xory) = —l el = 0, (18)

Subsequently, SPGCL makes a prediction by aggregating the features of the neighbours and calcu-
lates the prediction loss as:

H
p(R;;U") © X)) (19)

ih: N

ck = 1% -X I3 (20)

mse

where R; j is the constraint matrix, X j denotes the features of node Vi, U and M denote the linear
transformations, H is the number of multi-head aggregations, p(x) = LeakyReLU(x) is the non-lin-
ear activation function, © is the Hadamard product, and C is the matrix consisting of the filtered
nodes.

3.5. Travel flow prediction

We used T-GCN, which performs better that other methods (Gong et al. 2023; Zhao et al. 2020), to
predict travel flows using the extracted spatial and temporal dependencies (see Figure 2). The two-
layer GCN structural model proceeds as follows:

f(X, C) = a(CRelu(CXW,) W) (1)
=D Ch (22)
C=C+lIy (23)

Dy =Y jC; (24)

where X represents the feature matrix, D represents the degree matrix, C=C+lIy represents the
adjacency matrix (previously generated by GPR), W, and W, represent the weight matrices in the
first and second layers, and Relu(-) represents the activation function.

The GRU procedure is as follows:

= G(WMU(C’ Xt)> htfll + bu) (25)
re = o(W,[f(C, Xo), he—1] + by) (26)
¢ = tanh(W,[f(C, X,), (rexhe—1)] + be) (27)
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hy = upxhy_y + (1 — uy)*cq (28)

where X; represents the travel flow data of each node at time ¢, f(C, X;) is the process of graph con-
volution, h; represents the output at time t, ¢; represents the cell state at time ¢, 4, and 7, represent
the update and reset gates at time f, respectively, and W and b are the weights and biases,
respectively.

To assess the framework’s prediction accuracy, the following four criteria are used:

1< N
RMSE = | N ; e — ) (29)

IR ~

MAE =) Ly =7 (30)
Y-V

Accuracy =1 — ”Aqu (31)
1Yl

n ~\2

R=1- 7;’71 Ge = y0). (32)

Zi:l (yt - Y)

where y; and y; independently reflect the actual and predicted travel flows of the i-th node at time j,
N denotes the number of nodes and the number of time samples, y and ¥ represent the sets of y; and
71, respectively, and Y is the mean value of Y. We calculated the forecasting error using the RMSE
and MAE, with lower values indicating more accurate forecasts. We employed R? to evaluate the
consistency of the projected outcomes in representing the real flow, with higher values indicating
greater consistency.

4. Case study in New York City, USA: bike sharing trips prediction
4.1. Study area and data

We conducted a case study of New York City to evaluate the framework’s functionality. New York is
the largest city in the USA, the economic, commercial, and cultural centre of the USA and the
world, and one of the world’s top three financial centres.

4.1.1. Travel flow data

Bicycles constitute an indispensable part of urban transportation and leisure in New York, provid-
ing considerable information on the movement of people in the city. The trajectory data that we
used for travel flow prediction were from the for-profit public bicycle-sharing system Citi Bike,
the largest such system in the USA. We collected 2.8 million bicycle-sharing records in April
2023. The format of the data is shown in Table 1. We divided the region into 1 km x 1km squares
and screened the top 40% of the historical flow, which amounted to 118 squares. The zonal distri-
bution of travel flow is illustrated in Figure 3, which shows significant bicycle traffic in Midtown
Manhattan (over 60,000 rides per day). The destinations were largely concentrated in Manhattan
and Brooklyn. We divided the bicycle traffic data into weekday and weekend groups for separate
analyses.

4.1.2. POI data

We used a Python API to obtain POI data and analyse the impact of human activities on spatial
interactions. As shown in Table 2, we divided the POI data into eight major activity categories,
such as entertainment, catering, education, and services. We labelled these activity categories
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Figure 3. The distribution of bike sharing travel flow in the research area, where the value indicates average daily grid outflows.

Table 2. The description of activities in New York.

Label Activities Description

T.01 Entertainment Leisure and recreational places, such as theatres and resorts.

T.02 Catering Locations serving food and beverages, such as restaurants, snack bars and cafes, etc.
T.03 Healthcare Places providing medical and health services, such as nursing homes and hospitals.
T.04 Utilities Welfare facilities for general communities, such as public parks, sports centres, etc.
T.05 Service Locations that provide daily services, such as post offices, logistics companies.

T.06 Retail Shopping or consumption places, such as supermarkets and department stores.

T.07 Education Locations for cultural dissemination and education training, such as universities.
T.08 Others Other kinds of human activities or facilities.

T.01, T.02, and so on, and calculated the number of each category in predefined squares to reflect
the activities in a given area. We integrated these two forms of data, with the final format shown in
Table 3.

4.2. Result and analysis

We compared the performance of our model with that of several baseline methods (GRU, T-GCN,
GPR, and SPGCL). The prediction results are shown in Table 4. A GRU is a commonly used neural
network that can extract traffic patterns from time series. T-GCN is a hybrid deep learning model
that successively combines A GCN (to extract spatial correlations) and GRU (for time series

Table 3. The format of input data, where the sample point displays its label, longitude, latitude, timestamp, the outflow of
departing bikes at a given time, and the number of POI points in 8 categories inside the grid.

POl number
Grid ID Latitude Longitude Timestamp Outflow T.01 T.02 T.08
D.08 —73.98 40.74 1681346457 366 32 44 56
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Table 4. The results of the framework with different matrices of New York City.

Time Method a b B RMSE MAE Accuracy R?

Weekdays GRU N N N 17.79 11.42 71.26 0.88
T-GCNy \ \ —-0.4 15.57 9.97 74.85 0.90
GPR-TGCNy N N N 15.79 10.31 75.10 0.92
GPR-TGCNs N N N 13.60 8.94 78.03 0.93
GPR-TGCNg4 s 0.3 0.7 —0.4 14.02 9.13 77.35 0.92
SPGCL N N N 14.51 9.38 76.55 0.92
SG-GCN 0.3 0.7 —0.4 11.99 7.85 80.62 0.94

Weekends GRU \ \ N 17.89 10.96 75.28 0.90
T-GCNy N N -0.4 16.95 10.75 76.56 0.91
GPR-TGCNy N N N 17.00 11.33 76.50 091
GPR-TGCNg N N N 15.29 10.13 78.86 0.92
GPR-TGCNg4 s 0.5 0.5 -0.4 16.49 10.86 77.20 091
SPGCL N N N 16.76 11.77 76.83 0.91
SG-GCN 0.5 0.5 —-0.4 14.98 9.81 79.28 0.93

forecasting). T-GCN, denotes the prediction accuracy of inputting the distance matrix A as the
adjacency matrix into T-GCN. GPR is a non-parametric regression analysis that involves the
prior probability distributions of points from Gaussian processes. GPR-TGCNgy and GPR-
TGCNg represent the training results of inputting the matrices §' and S (computed by GPR),
respectively, into the T-GCN process. In GPR-TGCNy,, the adjacent matrix is calculated by
GPR through a linear combination and then fed into T-GCN. SPGCL (see Section 3) performs
self-paced graph contrastive learning simply using the distance matrix A. The proposed SG-GCN
framework employs a GCN, a GRU, and GPR, which is specially threshold-filtered through
SPGCL based on GPR-TGCN, . The optimal decay coefficient  of the distance matrix was esti-
mated to be —0.4 on both weekdays and weekends.

We compared the updated kernel integrated with POIs with our original model (see Section
3.3.2) using the same hyperparameters: a learning rate of 0.001, a batch size of 32, 3000 training
epochs, and 100 hidden layers. The best-fitted p values of the adjacent matrices were 0.1 on week-
days and 0.05 on weekends. For comparison, the hyperparameters for GCN and GRU in the base-
line model were a maximum of 3000 epochs, a learning rate of 0.001, a weight decay of 0, a batch
size of 32, and 100 hidden layers.

In the Table, it shows that SG-GCN had the highest accuracy among the tested methods, whereas
the GRU method had the lowest accuracy. This suggests that the performance of SG-GCN is
superior to that of traditional GCNS, indicating its suitability for wide use in forecasting. For week-
days, GPR-TGCN, s had the best performance when a = 0.3 and b = 0.7. Since a and b are the coeffi-
cients of the distance and similarity matrices, respectively, this suggests that on weekdays,
destinations’ characteristics (such as travel volume and activities) have a greater impact on travel
flow prediction, while it is difficult to describe spatial interactions based on travel distances. It
can therefore be inferred that residents pay more attention to destination characteristics than to
travel distances. One explanation is that most residents have weekday work schedules. On week-
ends, on the other hand, the parameters were best fitted when a=0.5 and b =0.5. This suggests
that residents care more about travel distances than about destination characteristics. Since most
people do not work on weekends, cycling is more restricted by distance than other modes of trans-
port. These results are reasonable and within our expectations.

The matrices generated by the model are shown in Figure 4, The horizontal and vertical coor-
dinates correspond to the labels of the two sites, and the degree of correlation is indicated by colour
value, with darker colours indicating places with stronger correlations. To further investigate the
spatial interactions of the areas on travel volumes, we also generated an OD matrix for
New York. We took the studied square sequence as the matrix’s horizontal and vertical coordinates
and then aggregated the OD data by counting the motions between each start-end pair. The entries
of the matrix represent the travel volume from square D.i to square D.j and vice versa.
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Figure 4. The matrics distribution in New York. (a) OD matrix (b) A () S.

The areas are labelled by activity category. The main activities were education in D.01-D.19,
catering in D.20-D.23, healthcare in D.24-D.39, entertainment in D.40-D.52, services in D.53-
D.60, retail in D.61-D.79, and utilities in D.80-D.118.

Figure 4 shows that education (D.01-D.19), entertainment (D.40-D.52), and retail areas (D.61-
D.79) had strong spatial interactions, with large OD travel volumes (see Figure 4(a)). Since bicycling
is strongly constrained by distance, this indicates that residents are likely to cycle through univer-
sities and business districts. It can also be inferred that activities such as education and retail have
strong convergence relationships. Figure 4(b) shows that D.85-D.110 (utilities) exhibited strong
correlations, suggesting that utilities such as parks and sport centres are aggregately located in
New York. Figure 4(c) shows that D.85-D.110 (utilities) had strong correlations with most areas
in D.24-D.39 (healthcare) in S. This is an interesting finding, since these two activities did not exhi-
bit strong correlations in terms of OD bicycle flows (see Figure 4(a)). One explanation is that people
who exercise in parks or gyms are likely to sustain injuries and be taken to a hospital directly. How-
ever, bicycling is a distance-constrained mode of transportation. Moreover, taking a patient to the
hospital by bicycle could be problematic. Therefore, we hypothesise that strong interactions exist
between hospitals and recreation areas, which may be difficult to discern through bicycle-sharing
data.

5. Case study in Ningbo, China: Taxi trips prediction
5.1. Study area and data

To further validate the proposed framework’s effectiveness, we conducted a case study of Ningbo,
China. Ningbo is a chemical industry centre in eastern China and one of Zhejiang Province’s com-
mercial centres. As in the case of New York, the Ningbo dataset consisted of travel flow and POI
data. We collected 1.25 million taxi OD records from March 2017 in a similar format (see
Table 1). We selected data from the top 47% of historical flows, totalling 100 squares, to make pre-
dictions. Figure 5 shows that the taxi flow distribution in Ningbo was mainly concentrated in the
Beilun and especially Haishu and Yinzhou districts. As in the case of New York, we collected POI
data for each square divided into 14 major categories. The best-fitted p values of the adjacent
matrices in Ningbo were 0.05 on weekdays and 0.1 on weekends. (Table 5)

5.2. Result and analysis

The number of hidden layers in the Ningbo experiment was 150, while the other hyperparameters
were the same as in the case of New York. As shown in Table 6, we compared the results of the six
methods. SG-GCN had the best performance for both weekdays and weekends, while T-GCN4
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Figure 5. The distribution of taxi travel flow in Ningbo.
Table 5. The description of activities in Ningbo.
Label Activities Description
B.01 Entertainment Leisure and recreational places, such as theatres and resorts.
B.02 Catering Locations serving food and beverages, such as restaurants, snack bars and cafes, etc.
B.03 Healthcare Places providing medical and health services, such as nursing homes and hospitals
B.04 Utilities Locations that provide daily services, such as post offices, logistics companies.
B.05 Banking Economic and financial institutions, such as banks and ATMs.
B.06 Retail Shopping or consumption places, such as supermarkets and department stores.
B.07 Education Locations for cultural dissemination and education training, such as universities.
B.08 Attractions Scenic sports, such as parks, aquariums.
B.09 Hotels Places that provide accomodation, such as hotels and lodges.
B.10 Fitness Sports and fitness places, such as gyms and sports centres.
B.11 Transports Transportation facilities, such as airports and subway stations.
B.12 Residence Residential areas, such as apartments and residential complexes.
B.13 Enterprises All kinds of companies or industrial parks.
B.14 Automobile Places that provide automobile services, such as car sales centres and repair shops.

showed the worst performance. These results demonstrate the superiority of SG-GCN in both
bicycle and taxi travel predictions.

The optimal attenuation coefficient 3 for the distance matrix was estimated to be —2 on week-
days and —1 on weekends. GPR-TGCN s showed the best performance when a = 0.2 and b= 0.8 on
weekdays and when a=0.3 and b =0.7 on weekends.

On weekends, the Ningbo coefficient b was higher than a compared to New York, indicating that
location characteristics (activities and travel flows) had a greater influence on passengers’ travel
behaviours than travel distances did. One explanation is that taxis have considerably fewer distance
constraints than bicycles, and passengers can travel farther to more attractive areas. In fact, the dis-
tance constraints on weekends were even fewer than on weekdays. It can be inferred that passengers
in Ningbo had more time on weekends, and trip distances could be slightly longer. Conversely,
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Table 6. The results of the framework with different matrices of Ningbo.

Time Method a b B RMSE MAE Accuracy R?

Weekdays GRU N N \ 742 4.73 73.02 0.88
T-GCNy \ \ -2 6.95 4.94 74.71 0.89
GPR-TGCNg/ N N N 6.84 4.58 75.12 0.90
GPR-TGCNs N \ \ 6.31 4.36 77.06 0.91
GPR-TGCNg4 s 0.2 0.8 -2 6.49 4.46 76.40 0.91
SPGCL N N N 6.54 4.63 76.22 0.91
SG-GCN 0.2 0.8 -2 6.07 4.23 77.92 0.92

Weekends GRU N N N 8.80 5.31 75.07 0.90
T-GCN, N N —1 8.59 5.72 75.65 0.90
GPR-TGCNg \ \ \ 8.37 5.84 76.27 0.91
GPR-TGCNg N N N 7.90 5.65 77.59 0.91
GPR-TGCNg4 s 0.3 0.7 -1 791 5.47 77.56 091
SPGCL N N N 7.26 4.88 79.40 0.93
SG-GCN 0.3 0.7 -1 6.52 4.49 81.51 0.94

most residents in New York covered much shorter distances on weekends than on weekdays (the a
values were 0.5 for weekends and 0.3 for weekdays). Since most retail locations are closed in
New York on weekends, it can be inferred that these travel preferences are influenced by culture.

As in the case of New York, we calculated the effects of the three types of matrices in Ningbo with
the same hyperparameters: a learning rate of 0.001, a batch size of 32, and 150 hidden layers. To
establish functional areas in order to simplify the analysis, we also classified the squares by the num-
ber of POI categories present in each square. The main activity categories were catering in D.01-
D.08, transport in D.09-D.10, utilities in D.11-D.19, retail in D.20-D.91, enterprises in D.92-D.99,
and automobile services in D.100.

Figure 6 shows that D.20-D.32 and D.33-D.44 exhibited the strongest interactions. Almost all
values were above 0.7, indicating a larger taxi flow within these two functional zones. The main
activities in both areas were related to shopping. The figure shows that the interaction between
these two areas was stronger than in New York, which can be attributed to the overlapping activities
of the two areas, resulting in a stronger preference for shopping in business and trading areas. Fur-
thermore, a comparison between weekdays and weekends shows that the spatio-temporal corre-
lations of retail zones were more strongly influenced by time differences than in New York.
Also, the correlation between shops was significantly stronger on weekends than on weekdays,
which can be attributed to the more pronounced demarcation between work and leisure time in
Ningbo, which makes people more inclined to go shopping by taxi on weekends. Conversely,
shops and public utilities in New York generally close earlier on weekends, resulting in lower simi-
larity between weekdays and weekends.

1.0
0.8
0.6
0.4

0.2

0.0

Figure 6. The matrics distribution in Ningbo. (a) OD matrix (b) A () S.
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6. Conclusion

In this study, we innovatively developed a Gaussian-based GCN framework and SPGCL to predict
travel flows. Specifically, we used a non-stationary Gibbs kernel parameterised with an input-
dependent length scale to construct spatial relationship matrices that incorporate the temporal
dimension. Moreover, SPGCL automatically determines the spatial interaction threshold, which
was previously unattainable by GCN models performing traffic flow prediction tasks. The proposed
framework showed better performance in predicting urban travel flows than baseline models. To
assess the framework’s performance, we conducted two case studies of New York City, USA, and
Ningbo, China, using 2.8 million bicycle-sharing records and 1.25 million taxi trip records, respect-
ively. The results show that our framework makes more accurate predictions and can be used in a
wide range of human mobility prediction tasks.

The results also reveal that the main activity types and distances between areas influence the pat-
terns of spatial interconnections. Entertainment and shopping activities are more plentiful and have
a strong impact on travel behaviours. Movements between locations with the same types of activi-
ties is generally lower than between areas with different types of activities. Furthermore, areas for
exercise in New York (such as parks and fitness centres) exhibit strong interactions with hospitals,
while their bicycle flow interactions are very weak. This may be attributed to the fact that intense
physical activity may result in injuries, necessitating a visit to a medical facility. However, the tran-
sition from a fitness centre to a medical facility typically does not involve the use of bicycles. This is
an interesting finding that could not be obtained using other methods.

One limitation of our work is that we focussed on technique improvements for travel volume
forecasting using GPS data and did not consider other types of data, such as street view images.
In the future, we aim to test the performance of our framework using multiple types of data.
Our findings have far-reaching implications for investigating spatial interactions and identifying
patterns of crowd motion. Managers can reveal the semantics of spatial interactions under various
circumstances by accurately predicting inter-area travel flows over time, thereby optimising intel-
ligent transportation and urban planning. Moreover, our framework may be adapted to various city
sizes and modes of transportation, which is important for appropriately managing people’s prefer-
ences for activity locations.
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