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Abstract

Crowd analysis is crucial for smart city applications, such
as space management, safety, and well-being. While
studies address spatial, temporal, and spatial-temporal
dimensions, spatial-temporal data granularity is often
constrained by the high cost and maintenance of high-
resolution sensor deployment. Existing approaches focus
heavily on prediction and rely on predefined graph struc-
tures, overlooking dynamic spatial-temporal dependencies
and underperforming in interpolation tasks. To address
this, we propose a hybrid model, the Spatial-Temporal
Attention-based Interpolation and Prediction Graph Con-
volutional Gated Recurrent Unit (STAIP-GCGRU), which
integrates interpolation and prediction tasks to deliver ro-
bust spatial-temporal predictions, even with incomplete
graph structures.

Introduction

Crowd monitoring, analysis, and prediction leverage data
and algorithms to monitor and predict the behaviors and
actions of a group of people. By examining the crowd pat-
terns, trends, and periodicity, researchers can accurately
predict various crowd profiles precisely. Indoor scenario
requires higher privacy levels compared with outdoor en-
vironments. Consequently, direct monitoring via Closed
Circuit Television (CCTV) is often restricted, prompting
the development of indirect measurement via different sur-
rogate approaches. For instance, He and Chan (2016) em-
ploy WiFi access points to estimate the indoor positions
of occupants, while Schauer et al. (2014) utilize Blue-
tooth to measure indoor occupancy levels, offering higher-
resolution occupant detection with lower energy consump-
tion.

Predictive crowd management provides valuable opportu-
nities for informed decision-making and anomaly detec-
tion, enabling managers to effectively perform tasks such
as space management, facility maintenance, indoor envi-
ronment analysis, and occupant-centric ventilation con-
trol. Recognizing its significance, researchers from di-
verse fields have extensively studied crowd prediction.
Traditional models often rely on statistical approaches.
For example, Yoshida et al. (2018) proposed a new Hid-
den Markov Model (HMM) that takes advantage of moni-
tored environmental parameters to predict occupancy lev-

els. Similarly, Ding et al. (2021) employed a Gaussian dis-
tribution model to analyze occupant patterns, offering en-
hanced energy-saving strategies tailored to different types
of buildings. These studies underscore the potential of
predictive models to optimize resource utilization and im-
prove occupant comfort.

The development of machine learning techniques provides
more advanced models in crowd prediction, Sun et al.
(2015) develop one hybrid model combined Support Vec-
tor Machine (SVM) with Wavelet decomposition, achiev-
ing superior performance in short-term crowd flow fore-
casting in a subway station. Xu and Qiu (2016) adopt
Random Forest (RF) model in image feature selection and
random projection for crowd density estimation, compared
with traditional regression models, the efficiency and ac-
curacy have been improved. Wu et al. (2018) utilize eX-
treme Gradient Boost (XGBoost) and compare with other
Gradient Boosting Tree (GBT) models and RF models,
XGBoost outperforms in the campus crowd flow predic-
tion tasks. However, machine learning approaches face
significant limitations, particularly in their reliance on ex-
tensive feature engineering, which can be time-consuming
and require domain expertise. Additionally, these mod-
els often struggle with scalability, making them less ef-
fective when applied to large-scale datasets. Furthermore,
given the high dimensionality and complexity of spatial-
temporal data, traditional machine learning models ex-
hibit limited capacity in capturing spatial dependencies
and temporal dynamics, reducing their effectiveness in
tasks that require the integration of both spatial and tem-
poral information. These challenges highlight the need for
more advanced methods capable of handling the intrica-
cies of spatial-temporal data seamlessly.

Deep learning models, which utilize neural network ar-
chitectures, are considered a subfield of machine learn-
ing. Unlike traditional Artificial Neural Network (ANN)
models, deep learning incorporates multi-layer structures,
enabling it to capture more complex patterns and relation-
ships within diverse datasets. Sudo et al. (2017) propose
a column-structured Deep Neural Network (DNN) model
that outperforms different baseline machine learning mod-
els in predicting the occupant density. Follow-up stud-
ies try to extract various dimensional features from the
dataset, with particular emphasis on the spatial and tem-



poral dimensions of crowd data. Recurrent Neural Net-
work (RNN) and its variants, tailored to deal with se-
quences and time series data, have been widely adopted
in this context. Poon et al. (2022) structured the occu-
pant dataset with two-dimensional data and successfully
predicted the occupant for the long time gap using Long-
Short Term Memory (LSTM) model. The Gated Recur-
rent Unit (GRU) model is often regarded as a simplified
version of the LSTM model, with a less complicated cell
structure. He et al. (2019) adopted a GRU model in the
crowd flow prediction, compared with traditional machine
learning models, the loss in the prediction has greatly re-
duced. It is also obvious that, when exploiting the tempo-
ral patterns, the prediction performance has been greatly
enhanced compared with the models that do not integrate
temporal feature extraction modules. With advancements
in sensing technologies and the growing demand for spatial
big data, spatial modeling has increasingly integrated tem-
poral components, leading to the development of spatial-
temporal modeling approaches. These methods effectively
capture spatial dependencies and temporal dynamics, en-
abling more accurate predictions and insights for applica-
tions like urban planning, environmental monitoring, and
transportation management. At the early stage, Convo-
lutional Neural Networks (CNNs), While predominantly
known for image processing, the ability of CNNs for 2-
Dimensional data processing has also been generalized
and adapted to extract spatial features. Combined with
RNN structures, ConvRNNs and their variants have been
adopted in spatial-temporal prediction. Jiang et al. (2019)
developed a ConvLSTM-based encoder-decoder structure
and predicted crowd density during events, compared with
spatial models, this approach shows superior performance.
The graph-based machine learning technology and Graph
Neural Networks (GNNs) further allowed the capture of
dependencies within structured topology data. The scal-
ability of GNN models has been greatly enhanced com-
pared with CNN-based models. Similarly, hybrid models
have been developed. Cheng et al. (2022) developed a hy-
brid model based on Graph Convolutional Gated Recur-
rent Unit (GCGRU) and predicted the campus crowd den-
sity considering holiday and non-holiday features, com-
pared with other spatial and temporal baseline models, the
enhancement in prediction accuracy shows robustness in
different time gaps. However, many GNN studies suffer
from limitations such as ad hoc graph construction and
over-reliance on spatial distance for defining topology.

To tackle this problem, transformer models, which ex-
cel at capturing long-range dependencies and contextual
relationships in data, are widely utilized in the spatial-
temporal data, especially for large-scale geospatial data.
Jiang et al. (2023) proposed one Propagation Delay-Aware
Dynamic Long-range Transformer (PDFormer) for traffic
prediction to tackle the propagation delay in the traffic net-
work, which significantly enhances the performance by
utilizing the attention mechanism to capture remote de-
pendencies. Wang et al. (2024) propose a hybrid modem

called spatial-temporal graph transformer (STGformer),
which addresses the large-scale complex spatial-temporal
interactions in a hybrid model structure, combining the ca-
pability of GCN and transformer. The STGformer outper-
forms aforementioned PDFormer in different traffic pre-
diction tasks, validating the effectiveness of the unique
message-passing mechanism designed in the graph-based
models.

The major limitations of the studies mentioned before
can be summarized as follows: 1) Existing graph-based
spatial-temporal prediction methods heavily rely on the
predefined graph structure and ignore the spatial-temporal
dynamics, which hinders the performance of GNN in the
sense of interpolation and prediction;

2) Spatial-temporal interpolation studies have been rel-
atively under-explored by researchers, despite the note-
worthy challenge posed by spatial sparsity in spatial-
temporal data. Therefore, in this paper, we propose a
spatial-temporal graph prediction and interpolation frame-
work. Leveraging the information-rich Building Informa-
tion Modeling (BIM) and geo-referenced IoT sensors for
crowd density interpolation and prediction, the data is an-
alyzed within spatial-temporal dimensions using a GNN-
based framework;

3) Although some studies have utilized attention-based
models like transformer, which is good at dealing with se-
quential data, there is a lack of local awareness of spatial
information.

To address these challenges, we propose a hybrid model
called the Spatial-Temporal Attention-based Interpola-
tion and Prediction Graph Convolutional Gated Recurrent
Unit(STAIP-GCGRU), which integrates Graph Attention
Networks (GAT) to capture spatial-temporal dependencies
and a Graph Convolutional Gated Recurrent Unit (GC-
GRU) to validate and update the learned representations.
In the following sections, the detailed information about
our proposed methodology is shown in Section 2. A case
study is presented to demonstrate the effectiveness of the
proposed methodology in Section 3. Finally, conclusions
are provided in Section 4.

Methodology

The proposed framework for the spatial-temporal pre-
diction and interpolation of crowd density is illustrated
in Figure 1. Crowd density data are retrieved from the
IoT sensor portal via an API. The raw data, originally in
JSON format, are processed during dataset construction.
The sensor data are organized based on sensor location
ID and timestamp, then converted into CSV format for
further use. As for spatial graph construction, BIM
models function as effective tools in various building
management applications. When integrated with IoT tech-
nologies, BIM models facilitate the geo-referencing of
sensor locations and provide essential indoor topological
information for spatial graph construction.
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Figure 1: Overall spatial-temporal interpolation and prediction
framework

Spatial-Temporal Graph Formulation

After the integration of the crowd density time series
and the spatial sensor graph structure, the initialized
spatial-temporal graph network, noted as Gp is formu-
lated: Gy = G(V,E), where V denotes different nodes,
V ={V;,Vs,....V, },V € R", where V; = {x},x},...,xl} is
the time series data measured by sensors, n is the total
number of nodes, and ¢ is the corresponding time steps. E
denotes the set of edges that define the connectivity of dif-
ferent pairs of nodes, with the edge weight calculated using
inverse distance weighting, as shown in Equation (1), d;;
is the distance between the sensors, for simplicity, the ¢ is
equal to 2 according to the common practice values. The
initialized graph Gy. In our study, interpolation and pre-
diction tasks are performed. Rather than keeping the orig-
inal graph topology, masking, and sub-graph sampling are
required. The node masking can be defined as M, for sim-
plicity, binary node masking is utilized. The masked node
can be represented as Vjy, and it can be calculated as shown
in Equation (2), where © is the element-wise multiplica-
tion. The binary masking first hides the crowd counting
data at the masked sensor locations, the masked time se-
ries is noted as Xjy;.
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After masking, the sub-graph structure will be defined
based on the residual node connections. Dynamic graph
technology is applied. This approach enables the extrac-
tion of more complex node interactions while avoiding
the creation of additional separate graphs, which can hin-
der GNN model training due to the importance of the

message-passing mechanism in GNNs. In the following
GNN model training tasks, our GNN model can be formu-
lated as shown in the Equation (3). In the Graph represen-
tation learning tasks, we aim to learn a function to predict
masked node states Xy, and future node states Y, based on
the reconstructed graph topology.

Y7XM:f(X7GOaM) (3)

Proposed Spatial-Temporal GNN model

Our proposed STAIP-GCGRU is shown in Figure 2, this
model performs graph interpolation tasks and node states
prediction in the single model. The spatial graph is ini-
tially defined with proximity relationships in its structure.
Next, graph sub-sampling with node masking is performed
to construct a sparse graph signal, which often results in
the incomplete graph topology. To address this, sequen-
tial similarity analysis is firstly conducted for initial recon-
struction of the graph topology, avoiding the formulation
of different subgraphs, as described in Equation (4).

a-b

Cosine similarity = Tafl[bl]
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where a and b represent the feature vectors of two differ-
ent nodes, and ||a|| and ||b|| are the Euclidean norms. The
cosine similarity between node pairs is assigned as a new
edge attribute.

Since the sequential similarity is not enough to embed
complex spatial-temporal information, we employ a sub-
sequent Graph Attention Network (GAT) module, intro-
duced by Velickovié et al. (2017), is then applied to com-
pute a normalized attention coefficient. Unlike the tradi-
tional Graph Convolutional Network (GCN) model, which
utilizes a simple mean pooling approach for neighborhood
aggregation, GAT dynamically assigns learnable attention
weights to each neighbor, allowing the model to focus on
more relevant neighbors during aggregation. By restrict-
ing aggregation to first-hop neighborhoods and weighting
neighbors adaptively, GAT mitigates the over-smoothing
issues common in GCN-based approaches, where equal
treatment of neighbors often leads to loss of discrimina-
tive features during training.

After applying the GAT module, the GCGRU model, pro-
posed by Seo et al. (2018), is utilized to validate the graph
structure and predict both future states and masked node
states within the graph representation learning framework.
The GNN-RNN architecture has demonstrated its effec-
tiveness in capturing spatial information and handling tem-
poral or sequential prediction tasks. Compared with the
spatial model including GCN and GAT, this structure en-
sures a comprehensive understanding on the temporal in-
formation in the model. Although some studies tried on the
dynamic topologies, such as Temporal Graph Networks
TGN (Rossi et al., 2020), the main focus of the model is
on temporal dynamics. In our proposed model, the space
and time information is integrated in the GNN-RNN struc-
ture, the GCGRU modules. The cell structure can be ex-



plained as shown in Figure 2, firstly, a graph convolu-
tional module is applied to encode the input x; with the
graph structure. This is followed by integrating the graph
convolutional modules with the GRU cell structure. Sim-
ilar to the original GRU, the GCGRU model also employs
gate control mechanisms to handle the sequential data. Fi-
nally, a Multi-Layer Perceptron (MLP) is applied before
the output layer, leveraging the neural network structure to
extract information from the hidden states produced by the
graph. It also performs node-wise projection to address
issues with inconsistent dimensions.

In addition, it is also worth noting that, there are two
scenarios to consider in graph sub-sampling and recon-
struction. In the first scenario, node filtering does not
result in disconnected sub-graphs, ensuring that all sam-
pled nodes remain connected. In the second scenario, sub-
sampling leads to the formation of multiple sub-graphs,
potentially including isolated single nodes. Since the
message-passing mechanism is the core of graph repre-
sentation learning, it is not particularly effective for learn-
ing the underlying graph structure itself. This limitation is
why we incorporate cosine similarity to measure relation-
ships between different nodes, ensuring a more meaningful
dynamic graph construction.

Evaluation Metrics

The findings of this study are evaluated using node predic-
tion and interpolation tasks in graph representation learn-
ing. Our analysis predicts the states of time-series nodes.
To assess prediction precision, we use metrics commonly
employed in regression analysis, including Mean Absolute
Error (MAE) and R-square (R?). Considering two differ-
ent graph representation learning tasks conducted in the
proposed model, interpolation loss for the masked nodes
and prediction loss are calculated separately first, as de-
fined in Equation (5) and Equation (6). Finally, two types
of loss are integrated as shown in Equation (7). In the
equations, y; represents the actual value, y is the mean of
the exact values, J; is the predicted value, |M| and |S| de-
notes the number of interpolated nodes and the number
of nodes in prediction, and ¢ is the hyper-parameter to
balance the importance of the two different tasks. Addi-
tionally, the R? value is added to evaluate the goodness
of model fitting and capture the model’s relative perfor-
mance, as shown in Equation (8), similarly, the R? is cal-
culated separately in the two tasks and aggregated using o
value.
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Case Study
Dataset pre-processing

A case study is conducted in the HKUST campus. Some
representative locations are selected for the model valida-
tion, including the library (Lib g, Lib 1, Lib 1g1, Lib 1g3,
and Lib Ig4), the atrium, the canteens (Cateen 1 and Cateen
7), and the academic building area. The selected loca-
tions are high-traffic areas in the campus and the crowd
movement is frequent. These areas represent diverse spa-
tial configurations and usage patterns, offering a rich and
varied time series for testing the effectiveness of the pro-
posed STAIP-GCGRU framework. Additionally, these ar-
eas are critical to campus operations, making them partic-
ularly relevant for real-world applications such as crowd
management and facility optimization. In total, 9 sens-
ing locations are selected to provide a comprehensive rep-
resentation of the campus environment while maintaining
practical coverage for data collection. In general, the work-
flow of the spatial graph generation is shown in Figure
3. The HKUST Digital Twin project provides the campus
BIM models with informative semantics. From the cam-
pus BIM model, multiple floorplans can be exported, and
integrated with the geo-referenced IoT sensors, with the
marked sensor locations in the BIM model and the topo-
logical connectivity information, the spatial sensor graph
is built. The initialized spatial graph represents the sen-
sors and their corresponding locations in the graph em-
bedding space, and accordingly, the node features are dif-
ferent crowd density time series recorded by sensors. The
sensor data can be requested from the HKUST API por-
tal (QU, 2021), the resolution of the crowd density data
is 6-min. A 2-month dataset is constructed, considering
the sensor data quality and completeness, crowd-counting
data in 2018 October and November are selected, after
the dataset processing, There are 14640 timestamps in the
dataset. After the request of spatial-temporal crowd sen-
sor data, crowd time series are integrated as node features,
combined with the spatial graph topology, and the initial-
ized spatial-temporal graph is built. Our proposed STAIP-
GCGRU aims to provide robust forecasting and interpola-
tion for the spatial-temporal data. Thus, a random masking
is assigned and the sub-graph is generated as the input of
the model. The dataset is divided into training and vali-
dation sets, with a 4:1 ratio for training to validation. Ac-
cordingly, there are 11702 timestamps for the training set
and 2918 timestamps for the testing set.

Model training and graph representation learning

The GNN models training is conducted on a device with
Intel i7-11800 CPU and laptop version GPU NVIDIA
GeForce RTX 3070. The prediction time is around 23
seconds an epoch. For comparison with other baseline
models, the GCN model and raw GCGRU model have
been selected as baseline models. And each model is
trained for 100 epochs. The sub-sampling of the graph
dataset, the masked node states are filtered out from the
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Figure 2: The proposed STAIP-GCGRU model structure

input, and utilized as one output, noted as Xj; for graph
reconstruction, and the future node states Y are also
predicted. To validate the effectiveness of the proposed
model, the graph structure ’damage’ situation, which
formulates several sub-graphs even single nodes, is
considered in the case study to enhance the difficulty of
the GNN training. The loss curve comparison of GCGRU
and our proposed STAIP-GCGRU is shown in Figure 4.
Although the same learning rate is used throughout the
training process, the loss graph of STAIP-GCGRU shows
that the training is not very stable compared with GCGRU
training. This instability arises due to the adaptive changes
in the edge connections, which affect the message-passing
mechanism adaption and validation.

Quantitative model training results are shown in Table
1 and Table 2, showing the MAE loss and R?, respec-
tively. The mask rate is set from 22% to 44% to validate
the model’s robustness when dealing with different con-
ditions. As released from tables, the model’s MAE loss
shows similar in the 22% and 33% missing rate condi-
tions and suffers a much larger loss when dealing with 44%
missing nodes. Compared with raw GCGRU, when han-
dling 22% and 33% masked graphs, our proposed model
can enhance the prediction accuracy by above 10%, and
lower the MAE loss by 12 people. When the mask rate in-
creases to 44% and more single nodes in the graph appear,

our proposed model also shows enhanced robustness, with
an enhanced prediction accuracy by 20% and the MAE
loss decreased by 25 people. It is also noticed from the
results that it is relatively easier for a simple model (i.e.,
GCN model) to converge within the same epoch number,
the complex GCGRU graph model fails to deal with in-
complete graph structure and performs worse than the ba-
sic GCN model.

Table 1: MAE loss comparison at different node masking rate

Models 22% 33% 44%
Missing Missing Missing
GCN 17.18 23.02 58.45
GCGRU 26.43 28.14 72.12
STAIP- 14.48 14.50 46.50
GCGRU

The predicted and interpolated curves are shown in the
figures below. In this comparison, we take the 33%
masking condition as an example, in this task, nodes with
ID 3, 4, and 7 are masked. The performance of GCN and
STAIP-GCGRU is compared. It is obvious that taking the
prediction tasks, as shown in Figure 5, the performance of
the different models is similar and accurate, the major dif-
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ference is the interpolation task, as shown in Figure 6, our
proposed STAIP-GCGRU shows superior performance
when dealing with the long-missing/masked sequence
with its well defined dynamic GNN-RNN structure.

Conclusions

This paper introduces a novel integrated framework, the
STAIP-GCGRU model, designed for spatial-temporal pre-
diction and interpolation tasks. The proposed frame-
work effectively combines graph reconstruction and node
prediction tasks within a single model. Its architec-
ture includes sub-graph sampling, similarity-based re-
connection, and GAT modules for neighborhood informa-
tion aggregation, followed by a GCGRU-MLP structure
for node prediction as output. The capability of the de-
signed model structure is validated through the designed
tasks. Another distinct contribution of this study is the
approach to graph construction. Unlike traditional static
graph methods in spatial-temporal studies, which primar-
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Figure 4: MAE loss during the GNN model training

Table 2: R? loss comparison at different node masking rate

Models 22% 33% 44%
Missing Missing Missing
GCN 94.34% 93.16% 60.12%
GCGRU 85.41% 84.98% 53.46%
STAIP- 97.67% 94.99% 73.70%
GCGRU

ily rely on physical proximity, our framework initializes
the graph based on spatial connectivity and adaptively up-
dates node connections using similarity and the graph at-
tention mechanism. This is particularly crucial in inter-
polation tasks, where sub-sampling can lead to discon-
nections, potentially increasing loss. By addressing this
issue, our approach significantly enhances prediction ac-
curacy. It enables effective mapping and prediction of
spatial-temporal data, improving accuracy while compen-
sating for missing values and spatial sparsity in a data-
driven manner. In real-world applications such as build-
ing automation and management, a dynamic graph frame-
work offers greater flexibility by adapting to changing con-
nectivity patterns. This is especially beneficial in scenar-
ios where node relationships evolve over time. The ad-
vantage of our approach is evident when comparing the
performance of the raw GCGRU model with our proposed
STAIP-GCGRU. The model’s accuracy improves signifi-
cantly by 20%, highlighting the impact of incorporating
dynamic updates. An incomplete graph structure can lead
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to substantial loss during GNN model training, sometimes
causing GCGRU to underperform compared to a basic
GCN model (i.e., An average 8% accuracy loss) However,
by integrating dynamic updating mechanisms, including
similarity-based connections and the GAT module, our ap-
proach effectively mitigates this issue and enhances overall
model performance.

In the future, research should be expanded to incorporate
a wider range of crowd profiles, including crowd density,
behavior, trajectories, and other relevant features. Besides,
due to the limit of data acquisition, this study only con-
ducts on a 9 nodes dataset, in the follow-up studies, more
dataset considering more nodes would be included to val-
idate the effectiveness of this model structure. Addition-
ally, to improve the model’s robustness, incorporating cal-
endar features could be valuable, particularly for long-term
predictions, as crowd dynamics are often influenced by
various calendar-related factors.
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