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Hui Xu, Wengang Liu, Kailing Guo

Abstract—The urban internet generates vast amounts of data,
posing challenges for effective data management and
decision-making. The digital twin concept plays a crucial role in
the urban Internet of Things (loT), supporting urban
management and services. This study presents a novel user data
fusion method for efficient modeling and analysis of the urban
environment and user behavior. The method incorporates static,
dynamic, and semantic data processing, along with user data
fusion. Experimental results show that this approach
outperforms traditional models in urban air quality forecasting,
traffic congestion prediction, and energy consumption
optimization, achieving high prediction accuracies (0.95, 0.93,
0.90), recall rates (0.94, 0.92, 0.88), and F1 scores (0.94, 0.92,
0.89). With over 95% user data coverage, the method ensures
real-time updates, high reliability, and data security through
encryption. It demonstrates scalability, seamless integration
with 10T devices, and offers significant business value,
enhancing decision-making accuracy by 30%o, increasing user
satisfaction, and reducing power consumption by 15%.
Additionally, it minimizes the environmental impact by
reducing the carbon footprint by 20%, improves public
engagement, and boosts local economic growth. This research
highlights the potential of the user data fusion method to
support sustainable urban development and improve quality of
life in smart cities.

Index Terms—Digital twin, fusion methods, urban Internet of
Things, user data

I. INTRODUCTION

C ITIES are important carriers of human civilization and
core engines of economic and social development. With
the acceleration of urbanization, cities are facing many
challenges and problems, such as traffic congestion,
environmental pollution, energy consumption, and public
safety [1]. To address these problems and improve the
management efficiency and service quality of cities, the
concept of smart cities, which aims to utilize information
technology and data resources to achieve intelligent
management and services for cities, has emerged [2].

The urban Internet of Things (10T) is a new type of smart
city infrastructure, which refers to Internet of Things (I0T)
technology that connects various physical objects (e.g.,
buildings, equipment, vehicles, people, etc.) in a city to form
a giant network covering the city to realize real-time sensing
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and control. The urban Internet of Things provides massive
data resources for city management and services, such as
traffic flow, environmental quality, energy consumption, and
population distribution. These data are characterized by high
dimensionality, high granularity, and high dynamics,
reflecting the physical state of the city and user behavior. The
specific application model of the urban internet is shown in
Fig. 1 [3, 4].
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Fig. 1. Specific application models for urban IOTs.

However, how to effectively utilize these data to achieve a
comprehensive perception and understanding of the urban
physical environment and user behavior is an urgent problem.
On the one hand, data in urban 10Ts originate from multiple
types of devices and sensors, which are characterized by
heterogeneity, incompleteness, and inconsistency, resulting
in the quality and availability of data being affected [5].

A schematic diagram is shown in Fig. 2. The concept of
digital twin was first proposed by NASA to solve the
problems of remote control and troubleshooting in space
exploration [6, 7]. With the development of the Internet of
Things, big data, cloud computing, artificial intelligence and
other technologies, the digital twin application areas have
been expanding, covering a variety of fields, such as
manufacturing, health care, intelligent transportation, and
smart cities [8]. Digital twins have an important role and
value in urban IOTs, and can provide data support and
decision-making references for urban management and
services. Through digital twins, efficient modeling and
analysis of the physical environment and user behavior of the
city can be achieved, and real-time monitoring and prediction
of the state and changes in the city can be implemented, along
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with intelligent diagnosis and optimization of the city’s
problems and needs, and dynamic adjustment and
improvement of the city’s management and services [9].

The research objective of this paper is to propose a user
data fusion method using the digital twin concept for urban
I0Ts, to achieve efficient modeling and analysis of the urban
physical environment and user behavior [10]. The goal of this
study is to combine physical mechanisms and data-driven
models to implement the efficient fusion and analysis of data
in urban 10Ts, and provide data support and decision-making
references for urban management and services.

This paper introduces an innovative user data fusion
technique designed to streamline urban loT data management
and bolster decision-making processes. This method, which
incorporates stages from static to semantic data processing,
ensures efficient analysis of both the urban landscape and
user activities. Through rigorous experimentation, traditional
models in three critical urban scenarios are established: air
quality prediction, traffic congestion forecasting, and energy
consumption optimization. Its superiority is underscored by
higher accuracy, faster processing times, and larger
participant scales, confirming its value in enhancing urban
analytics and decision support systems.

This study makes significant contributions by developing a
novel user data fusion method that enhances the accuracy and
efficiency of urban loT data analysis. The method’s
contributions include superior predictive performance across
multiple urban scenarios, high data integrity and security, and
improved decision-making capabilities for urban planners.
Additionally, the method promotes environmental
sustainability and fosters greater social equity and public
engagement, thereby advancing the overall development of
smart cities.

Il.RELATED RESEARCH

A.Principles of data twins and urban 10Ts
The principles of data twins and urban IOTs can be
described simply via the following equation:
Data twinning is a technology that maps the physical world
to the digital space, and can be represented by Equation (1):
DT = f(P,S,A) 1)

where DT is the data twin, P is the physical model, S is the

sensor data, A is the simulation algorithm, and f is the
mapping function [11, 12].

The urban Internet of Things (IOT) is a type of information
infrastructure based on 10T technology that connects various
physical devices, information systems, service platforms, etc.,
in a city to realize the sensing, analysis, and control of the city.
It can be expressed by Equation (2):

CloT =g(I,N,P,A) (2)

B. Recent advances in user data fusion

In the field of data fusion, several more mature models
already exist. Elfarri et al. proposed an approach based on
cloud-edge collaboration, which realizes real-time collection,
secure storage, and distributed sharing of user data through
edge computing and blockchain technology [13]. To further
increase the data processing efficiency, artificial intelligence
techniques such as deep learning and reinforcement learning
are used in these models. For example, Eyring et al. proposed
a deep neural network-based approach to accurately identify
users' daily activities and abnormal behaviors from
multi-source sensor data [14]. In addition, data analytics
techniques such as machine learning and data mining have
been used to perform correlation analysis, predictive analysis,
and optimization analysis. For example, Fonseca et al.
proposed a collaborative filtering-based user demand
prediction method that enables personalized recommendation
and service matching [15]. Finally, digital twin techniques
such as simulation and virtual-reality interaction can be used
for dynamic demonstration, validation, and feedback of user
data in urban IOTs. For example, Franco et al. proposed a
user experience evaluation method based on virtual reality
technology, which can simulate a user's experience in
different scenarios [16]. Overall, building a user digital twin
model, such as the ontology-based approach proposed in [17],
can accurately describe, map, and synchronize user data.
Multi-modal and cross-modal data fusion techniques, such as
the multi-task learning approach proposed in [18], allow for
multi-dimensional, multi-level, and multi-granular data
fusion. Social network analysis and complex network theory
can also be used for social, networked, and intelligent user
data analysis, such as the user influence assessment method
based on social network analysis proposed in the literature
[19-21].
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Fig. 2. Schematic diagram of digital twin.
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I1l. METHODS AND PROCESSES FOR USER DATA FUSION

The method’s uniqueness lies in its integrated approach to
user data processing, its ability to fuse diverse data types into
a powerful predictive tool, and its high adaptability to
real-world urban applications. It provides a strong foundation
for urban management and services, supporting more
informed decision-making and contributing to the
development of smart, sustainable cities.

A. Modeling principles

User Data
v
Feature

extraction.
Static data Dynamic data
processing. processing.

I 5 I
Semantic data
processing.

.

User data fusion

Fig. 3. Model flow chart.

For ease of representation, we assume that the total number
of usersis N , the dimension of the static data of each user is

D, , the dimension of the dynamic data is D, , the

dimension of the semantic data is D, , and the dimension of

the [22] user feature vector is D;. We use X' e ™ to

denote the static data of the i thuser, X” € | "™ todenote
the dynamic data of the i th user, where T is the length of

HxW xD

the time series, and X" € " to denote the semantic

data of the i th user, where H and W are the height and

width of the multimedia data, and y, € j ® to denote the

feature vector of the i th user. Its model flowchart is shown
in Fig. 3 [23, 24].

(1) Static Data Processing: We use a unique heat coding
matrix K O e j D<K to represent all possible categories of

static data, where K is the total number of categories, each
column has only one element of 1, and the rest of them are 0.

We use O; € j K to represent the unique heat coding vector
corresponding to the static data of the i th user, i.e.,
0,=0"x’ . We use Wse RKxDf to represent the

weight matrix of the static data and use b € > to

represent the bias vector of the static data. We denote the
static eigenvector of the first i user by ZiS € Pr , ..,

z; =W,0, + b, [25, 26].
(2) Dynamic Data Processing: We use a recurrent neural
network (RNN) to process dynamic data, the input of which

is a time series Xid , and the output is a sequence of hidden

. TxD
states h, ej ™"

hidden states. We denote the weight matrix of the dynamic
data by W, € oD

data by b, ej " . We use z' e ”' to denote the
dynamic feature vector of the first | user, i.e.,
z! =W,h! +b,, where h] e ™ is the last state of the

hidden state sequence [27].
(3) Semantic Data Processing: We process the semantic
data with a convolutional neural network (CNN) whose input

is a multidimensional matrix X", and whose output is a

, where D, is the dimension of the

, and the bias vector of the dynamic

H'xW'xD
feature map f. ej =

, where H' represents the
height and width of the feature map. We denote the weight

matrix of the semantic databy W_ € j PO and the bias

vector of the semantic data by b_ € j P We use

z € P' to denote the semantic feature vector of the first

=W,g;+b is the
global average pooling (GAP) result of the feature map, i.e.,
1 W
w=1"f (h,w,:) [28].
ST

(4) User data fusion: We use a fully connected layer (FCL)
to fuse the three types of feature vectors. The input of this

1291, e,

: . m i . D¢
I user, i.e., Z; m» where gi e j

g, =

layer is a long vector u; €]

u, =[z’;z;z"], where [;] denotes the stitching of
vectors. The output of this layer is a user feature vector

yiEiD' . ie, Y,=o(Wu +b.) | where

W, € """ isthe weight matrix, b, € ' is the bias

vector, and O is the nonlinear activation function, e.g.,
ReLU(x) = max(0, x) . We can also add a normalization

process after the fully connected layer, such as batch
normalization (BN) or layer normalization (LN) [30].

B. Model realization

To implement this model, the following steps must be

performed: data acquisition, data preprocessing, data fusion,
model training, model evaluation, and model application.
(1) Data acquisition: Our study first needs to collect the static,
dynamic, and semantic data of users from multiple data
sources. These data may include users' personal information,
activity trajectories, social media content, etc. We create a
database locally or in the cloud for storing these raw data
[31].
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Fig. 4. Flow chart of model training.
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Fig. 5. Indicator assessment.

(2) Data preprocessing: In this phase, we perform different
preprocessing operations on different types of user data. For
static data, we usually use solo thermal coding for
transformation; for dynamic data, we use time series analysis
to extract key temporal information; for semantic data, we
perform multimedia processing to extract its potential
meaning. These preprocessing operations help to extract
valid and representative data features [32].

(3) Data fusion: Next, we fuse the user features extracted
from each dimension. Specifically, we stitch these features
into a long vector and generate a concise and comprehensive
user feature vector by means of a fully connected layer, a
nonlinear activation function, and normalization. This feature
vector can be regarded as a digital twin model of the user,
which can reflect the user's behavior and characteristics well
[33].

(4) Model training: With the user feature vectors, we start
training the machine learning model. The specific model used
is a CNN, or convolutional neural network, which is a deep
learning model commonly used for tasks such as image
classification and target detection. We divide the dataset into
an 80% training set and a 20% testing set [34]. To improve
the performance of the model, we first perform pretraining,
i.e., we use a model that has already been trained on a
large-scale dataset as the initial model, and then fine-tune it
on our dataset. The pretraining model we chose is BERT,
which is a pretrained language model based on the
Transformer structure that has achieved good results on

several natural language processing tasks. We replace the last
fully connected layer of the pretrained model with a fully
connected layer suitable for our dataset that outputs
probabilities for 10 categories. We then freeze the first few
layers of the pretrained model and update only the parameters
of the last few layers, which avoids destroying the feature
extraction capability of the pretrained model while adapting
it to our dataset. We use the Adam optimizer, cross-entropy
loss function, and a learning rate decay strategy to fine-tune
the training of the model [35]. After several epochs of
training, our model achieves 95% accuracy on the test set,
which is approximately 5 percentage points higher than the
accuracy of the pretrained model on the same dataset,
indicating that our model has adapted well to our dataset and
can be used for the task of text categorization. The model
training flowchart is shown in Fig. 4 [36].

(5) Model evaluation: To test whether the trained model is
effective, we need to evaluate it. We can use a test set or
validation set to test and use the corresponding evaluation
metrics, such as accuracy, recall, mean square error, and
profile coefficient, to quantify the performance and
effectiveness of the model [37].

(6) Model application: Finally, we apply the trained model
to actual city management and services. On the basis of the
prediction results of the model, we can conduct an in-depth
analysis of the users' physical environment and behavior to
better understand their needs and habits. This provides strong
support for city planning and optimization [38]
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TABLE |
EXPERIMENTAL DATASET

Data sources Data type Data volume Data description
Internet of Things Position data One million. Record the user's latitude, longitude, time stamp, etc.
(10T) devices
Sensor terminals Environmental data  Half a million.  Record the temperature, humidity, air quality, etc. Of the user's location
Social networking Text data Two million. Record user's tweets, friend circles, etc.
Transportation Transportation data 1.5 million. Record the user's travel mode, route, speed, etc.
system
TABLE Il
MODEL INFORMATION
Model Typology Parameters Advantages Model
LR Parameters Linear coefficient Easy to use and highly interpretable LR
SVM Nonparametric  Kernel function, penalty factor Can fit non-linear relationships with ~ SVM
good generalization ability
RF Integrated (as Number of trees, feature selection Can fit complex relationships, RF
in integrated resistant to overfitting
circuit)
ANN Nonlinear Network structure, activation function, learning rate  Can fit arbitrary relationships, ANN
(math.) adaptable
PMM Deterministic Physical constants, initial conditions Can reflect the nature of the system  PMM
with high accuracy
Neural Mechanistic Learning and prediction by activation function and Can fit arbitrarily complex functions  Neural
network  model backpropagation algorithm using a nonlinear network  with high expressive power network

of multilayer neurons

IV. EXPERIMENTAL DESIGN AND ANALYSIS OF THE RESULTS

The user data fusion method is an important part of the
digital twin system, and can provide more comprehensive,
accurate, and real-time user information, thus increasing the
system’s performance and advantages [39]. To verify the
effectiveness and feasibility of the user data fusion method
and evaluate the performance and advantages of the digital
twin system, the following experiments are designed in this

paper:
A. Experimental objectives

The experimental objectives of this paper are (1) to
compare the differences and advantages of user data fusion
methods with traditional data and mechanism models in
different application scenarios, and validate the effectiveness
of the user data fusion methods, and (2) to evaluate the
effectiveness of the user data fusion methods in digital twin
systems and analyze their impact on the performance and
advantages of the digital twin systems [40].

B. Experimental environment

The platform environment is as follows: the digital twin
system uses the alicloud platform and edge servers to achieve
digital modeling, real-time sensing, analysis, and control of
Beijing city. In this paper, the datasets are selected for

pretraining, and the details of the adopted datasets are
shown in Table | [41].

C.Experimental methods

The experimental method of this paper is to design
different experimental scenarios according to different
application scenarios, which include user profiling, user
behavior prediction, user service recommendation, and user
satisfaction assessment. To compare the differences and
advantages between the user data fusion methods and the
traditional data and mechanistic models in different
application scenarios; five traditional models and
mechanistic models are selected and compared: logistic

regression, support vector machine, decision tree, random
forest, and neural network. The information of these models
is shown in a table in Table Il.

D.Experimental results

To demonstrate the effect and performance of the user data
fusion method, we performed data visualization and
statistical analysis of the experimental data, evaluated the
data fusion in terms of accuracy, timeliness of data analysis,
and intuition of data visualization, and compared them with
the traditional data model and mechanism model. To
compare the differences and advantages of the user data
fusion method with these five models, we designed three
different application scenarios: (1) Urban Air Quality
Prediction: using the user data fusion method, we combine
the information of the user's location, behavior, and
preferences with the meteorological, traffic, and industrial
data of the city to predict the air quality index (AQI) of the
user's area. (2) Urban Traffic Congestion Prediction: This
uses the user data fusion method, which combines the user's
travel mode, destination, time, and other information, as well
as the city's roads, signals, traffic flow, and other data, to
predict the degree of traffic congestion in the user's road
section (TCD). These three indicators are selected on the
basis of their importance in affecting the city, and the specific
data are shown in Fig. 5 [42].

We present the prediction results of the user data fusion
approach with the traditional data models and mechanistic
models for these three application scenarios in Table Il
below:

As shown in Table IlI, the prediction results of the user
data fusion method in all three application scenarios are
better than those of the traditional data model and mechanism
model, indicating that the user data fusion method can
effectively utilize the personalized information of users, and
improve the quality and value of the data, thus enhancing the
accuracy and efficiency of the data analysis.
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TABLE Il
EXPERIMENTAL RESULTS
Model Application scenario Accuracy Recall rate F1 value Running time Quantity of
participants
LR Urban air quality forecasting 0.85 0.82 0.83 0.12s 5
SVM Urban air quality forecasting 0.88 0.86 0.87 0.15s 10
RF Urban air quality forecasting 0.91 0.89 0.90 0.18s 50
ANN Urban air quality forecasting 0.92 0.90 0.91 0.20s 100
PMM Urban air quality forecasting 0.86 0.84 0.85 0.14s 8
LR Urban Traffic Congestion 0.80 0.78 0.79 0.10s 5
Forecasting
SVM Urban Traffic Congestion 0.83 0.81 0.82 0.13s 10
Forecasting
RF Urban Traffic Congestion 0.87 0.85 0.86 0.16s 50
Forecasting
ANN Urban Traffic Congestion 0.89 0.87 0.88 0.18s 100
Forecasting
PMM Urban Traffic Congestion 0.82 0.80 0.81 0.12s 8
Forecasting
LR Optimization of urban energy 0.75 0.73 0.74 0.08s 5
consumption
SVM Optimization of urban energy 0.78 0.76 0.77 0.11s 10
consumption
RF Optimization of urban energy 0.82 0.80 0.81 0.14s 50
consumption
ANN Optimization of urban energy 0.84 0.82 0.83 0.16s 100
consumption
PMM Optimization of urban energy 0.77 0.75 0.76 0.10s 8
consumption
TABLE IV
OVERALL EVALUATION
Evaluation Evaluation indicators Performance of data fusion methods
dimension

Data integrity Data coverage
and accuracy
data consistency

Data quality (accuracy, timeliness, reliability)

Integration processing speed

efficiency
Resource consumption (CPU, memory,
network resources, storage resources)

Functional Functional realization (cross-platform,
indicators cross-system integration)
Level of intelligence (intelligent learning,
adaptive adjustment, predictive analytics)

Security and Security (data transmission security and
privacy encrypted authentication mechanisms)

Privacy protection (application of differential
privacy, anonymization, etc.)

Scalabilityand ~ System Architecture Scalability

compatibility
Compatibility (diverse data formats, protocols,
standards support)

Business value  Decision support capacity

and

effectiveness
User experience enhancement

Digital twins twinning accuracy
build quality
topicality

Higher (covers more than 95% of user activity and status
information in urban loT)

High (consistency of data from different sources is ensured through
a checksum mechanism, with no apparent conflicts and
redundancies)

Accuracy: 98%, frequency of data updates: real-time, data
reliability: 99.9%

Fast response with an average processing latency of <1 second,
maintaining good performance during peak periods

CPU usage is less than 30%, memory usage is optimized to less
than 2 GB, network bandwidth utilization is 60%, and distributed
storage is used to effectively save space.

Successfully integrates all kinds of 10T device data and can support
multiplatform and multisystem linkage analysis

Realized automatic feature extraction and pattern recognition based
on machine learning, with strong self-adaptive adjustment
capability and over 85% prediction accuracy

Adopts AES-256 encryption algorithm and two-factor
authentication to ensure the security of the data during the
transmission process

Differential privacy techniques have been implemented and
combined with data anonymization to effectively protect the
privacy of individual users

Flexible architecture design, simple configuration for accessing
new loT devices and data sources

Supports a variety of common loT protocols such as MQTT, CoAP,
as well as multiple data formats such as JSSON, XML, etc.

Provide strong data support to increase the scientific and accuracy
of city operation decision-making by 30 percent

Converged data-based services improved the convenience of
citizens' lives, with satisfaction survey ratings rising to 4.5/5

The virtual model matches the behavior and attributes of the
physical entity by 90%, with a high degree of simulation
Real-time synchronized updates with less than 1 minute response
time to changes in the physical world

The experimental design encompassed a meticulous
configuration of various models and a robust comparative
analysis strategy. The logistic regression models underwent
univariate feature selection and tuning of the regularization
strength. The SVM models utilized an RBF kernel with
carefully optimized C and gamma parameters. Random

Forests were configured with a dynamic number of trees
(100-500) and flexible depth-control mechanisms. ANNSs
featured a two-hidden-layer architecture (64 and 32 neurons
respectively), employing ReLU and sigmoid activation
functions, and are trained with adaptive learning rates and
early stopping criteria. The participatory mechanism model
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hinged on aggregating locally contributed data and iterative
improvements through participant feedback.

Standardized datasets were preprocessed, and missing
values were addressed through appropriate imputation
techniques. A 70/15/15 split ensured unbiased evaluation,
with stratification where necessary. The performance
assessment relies on the accuracy, recall, F1 score, and
running time, and the top-performing model is selected from
the validation for the final tests. Paired t tests validated the
improvement significance. A number of participants
explored the impacts of user engagement differently, peaking
with an ANN to gauge scalability.

These exhaustive experiments conclusively verified the
enhanced predictive power and efficiency of the user data
fusion approach across multiple urban scenarios. They
highlighted the importance of personal user data integration
in advancing analytical depth and efficiency, surpassing
conventional data models and simplistic participatory

frameworks. This pioneering work paves the way for refining
fusion methodologies and devising sophisticated systems to
leverage and weigh user-contributed data more intricately in
future endeavors.

As shown in Table 1V, the method constructed in this
paper has better performance in several aspects, which proves
the effectiveness of the method in this paper.

Table V shows the long-term stability and sustainability of
the proposed user data fusion method. This highlights the
system's exceptional uptime, indicating highly reliable
service. The low maintenance effort needed, with infrequent
yet smooth updates, suggests minimal disruptions to ongoing
operations.  Additionally, the reductions in power
consumption and the carbon footprint underscore the
environmentally conscious design of the system, which
aligns with global sustainability goals.

TABLE V
LONG-TERM STABILITY AND SUSTAINABILITY ANALYSIS

Evaluation - . .
Dimension Evaluation Indicators Performance of Data Fusion Methods
Stability System uptime 99.99%, with failover mechanisms ensuring continuous operation

Maintenance

effort Update frequency
Energy Power consumption
efficiency resource management

Environmental Carbon footprint

Monthly updates without major disruptions, seamless integration of patches

Reduced by 15% compared to traditional models, thanks to optimized algorithms and idle

Lowered by adopting green energy sources for data centers, estimated 20% reduction

impact
TABLE VI
SOCIETAL IMPACT ASSESSMENT
Dimension Evaluation Indicators Performance of Data Fusion Methods

Public Citizen participation rate Increased by 25% due to personalized services and transparent
engagement P P communication channels
Social equity ~ Access equality index Improved by 30%, ensuring services reach marginalized communities
Economic — . . _— . .
boost GDP contribution estimate Direct contribution to city GDP growth by 1-2 percentage points
Innovation - Lo . . . . .
promotion New service/innovation incubation rate  Doubled, fostering a thriving ecosystem for smart city solutions

TABLE VII
COMPARATIVE ANALYSIS OF PREDICTIVE PERFORMANCE

Model/Scenario Urban Air Quality Forecasting

Urban Traffic Congestion Forecasting

Optimization of Urban
Energy Consumption

User Data Fusion Accuracy: 0.95
Recall Rate: 0.94

F1 Value: 0.94
Running Time: 0.07 s

Participants: 200

Logistic Regression 0.85 0.80
Suppqrt Vector 0.88 083
Machine

Random Forest 091 0.87
Artificial Neural

Network 0.92 0.89
Participatory 0.86 082

Mechanism Model

Accuracy: 0.93
Recall Rate: 0.92

F1 Value: 0.92
Running Time: 0.08 s
Participants: 250

Accuracy: 0.90
Recall Rate: 0.88

F1 Value: 0.89
Running Time: 0.06 s
Participants: 175
0.75

0.78
0.82

0.84

0.77
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Table VI delves into the broader societal implications of
the user data fusion method. A significant rise in the citizen
participation rate indicates a higher level of trust and
satisfaction among the population with the implemented
services. An improvement in the access equality index shows
that the benefits of smart city technologies are more evenly
distributed across different socioeconomic groups. Moreover,
the notable boost to the local economy and the stimulation of
innovation underpin the transformative potential of the
method, positioning it as a catalyst for sustainable urban
development.

In summary, Tables V and VI provide comprehensive
assessments of the long-term stability, sustainability, societal
engagement, and economic contributions of the user data
fusion method, further solidifying its position as a robust and
impactful solution for smart city applications. Table VII
presents a comprehensive comparison of the user data fusion
method with the traditional models and mechanistic models
across the three application scenarios. The user data fusion
method consistently outperforms the other methods in terms
of accuracy, recall rate, and F1 value, highlighting its

superior predictive capabilities. Additionally, it manages to
maintain lower running times while involving larger
participant pools, indicating efficient data handling, and
processing.

Table VIII provides insight into how each data source
contributes to the predictive models in different scenarios.
Sensor terminal data play a significant role in both urban air
quality forecasting and traffic congestion prediction, whereas
transportation system data are crucial for traffic congestion
prediction and optimizing urban energy consumption. The
breakdown illustrates the multifaceted nature of the user data
fusion method, which leverages diverse data streams to
increase the predictive accuracy in various urban contexts.

The two additional tables further substantiate the
effectiveness of the user data fusion method by not only
quantifying its predictive performance but also detailing the
relative importance of each data source in achieving those
results. This comprehensive analysis underscores the
method's ability to harness the full potential of integrated data
for advanced urban analytics.

TABLE VIII
DETAILED BREAKDOWN OF DATA SOURCES CONTRIBUTION

Contribution to Urban Air Quality

Data Source Forecasting (%)

Contribution to Urban Traffic
Congestion Forecasting (%)

Contribution to Optimization of
Urban Energy Consumption (%)

loT Devices (Position) 25 10 15

Sensor Terminals

(Environmental) 30 25 20

Social Networking 15 15 10

Transportation

System 20 30 30

Meteorological Data 10 10 15

Traffic Data - 10 -
TABLE IX

COMPARATIVE ANALYSIS OF PREDICTIVE PERFORMANCE AND USER ENGAGEMENT

Model/Scenario Urban Air Quality Forecasting

Urban Traffic Congestion Forecasting

Optimization of Urban
Energy Consumption

User Data Fusion 0.95
0.94
0.94
0.07
200

Logistic Regression 0.85

Support Vector

Machine 0.88

Random Forest 0.91

Artificial Neural

Network 0.92

Participatory 086

Mechanism Model

0.93

0.92

0.92

0.08

250

0.80

0.83

0.87

0.89

0.82

0.90

0.88

0.89

0.06

175

0.75

0.78

0.82

0.84

0.77
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Fig. 6 Comprehensive experimental results

As shown in Figure 6, the four sub-bar charts provide a
comprehensive analysis of the model's performance in
various aspects: model generalization, long-term stability, the
impact of participant count, and resource consumption. The
first subplot (top left) compares the generalization ability of
several models. The models compared include Logistic
Regression, Support Vector Machine (SVM), Random Forest,
Artificial Neural Network (ANN), and the Participatory
Mechanism Model, which is our proposed method. The
Participatory Mechanism Model outperforms all other
models in terms of accuracy, demonstrating its superior
ability to generalize to unseen data. Logistic Regression
shows the lowest accuracy, followed by SVM and Random
Forest, while ANN performs slightly better but still lags
behind the Participatory Mechanism Model. This indicates
that our method provides a significant improvement over
traditional machine learning models, making it the most
effective for handling complex, unseen data. The second
subplot (top right) illustrates the long-term stability of the
system, tracked over a 12-month period. The chart shows a
gradual improvement in performance from January to July,
with a peak in July, indicating that the model performs
optimally in the early months. However, after July, the
performance starts to decline slightly, which could be
attributed to various factors such as environmental changes,
system fatigue, or shifts in data distribution. This trend
highlights the importance of monitoring model performance
over time to ensure long-term effectiveness and stability in
real-world applications.

The third subplot (bottom left) analyzes the impact of
participant count on model performance. As the number of
participants increases from 10 to 100, the model’s

Resource Levels

performance improves, reaching its peak at 100 participants.
However, when the number of participants increases to 200,
the performance begins to decline. This suggests that while
additional data can enhance the model’s learning capacity up
to a point, there may be diminishing returns beyond a certain
threshold. This insight is crucial for optimizing data
collection strategies, ensuring that data used for training is
maximally  beneficial ~without unnecessary resource
expenditure.

Finally, the fourth subplot (bottom right) shows the
resource consumption of the system, specifically CPU usage,
under different operational conditions; low, medium, high,
and very high. The resource consumption increases as the
system operates under higher loads, which is expected. The
chart provides important insights into the scalability of the
model and its potential deployment costs. By understanding
the system’s resource requirements, it becomes possible to
optimize the model for efficiency, balancing performance
with resource usage. In summary, Figure 6 provides a
detailed evaluation of the model across multiple dimensions,
highlighting its superiority in generalization, its long-term
stability, its response to participant count, and its resource
consumption characteristics. These insights are essential for
understanding the model's overall performance and its
suitability for real-world applications.

This study shows that the user data fusion method
performs well in three application scenarios: urban air quality
management, traffic congestion prediction, and energy
optimization. Compared with traditional logistic regression,
support vector machines, random forests, and artificial neural
networks, this method not only has advantages in terms of
prediction accuracy but also performs well in processing
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speed, data integrity, and system reliability.

First, in urban air quality forecasting, the user data fusion
method achieves a high accuracy of 0.95, which is
significantly better than those of the other models. This
shows that by integrating multisource data and effectively
fusing them, the trend of air quality changes can be predicted
more accurately, providing strong data support for
environmental protection departments. Second, in urban
traffic congestion prediction, this method performs well, with
an accuracy of 0.93. By monitoring traffic conditions in real
time and combining them with historical data, this method
can help city managers predict and alleviate traffic
congestion in advance and improve road capacity. Finally, in
the application of optimizing urban energy consumption, the
user data fusion method achieved an accuracy of 0.90, which
helps to achieve energy conservation and emission reduction
goals.

The experimental design includes a detailed model
configuration and a robust comparative analysis strategy to
ensure the reliability and validity of the results. The excellent
performance of the user data fusion method was verified by
feature selection, parameter optimization, and training
adjustments of different models. Moreover, the dataset was
standardized in the data preprocessing stage, and missing
values were processed via appropriate interpolation
techniques to ensure the fairness of the experimental results.

In addition, the method has high data integrity (covering
more than 95% of the user activity information), the data
consistency is close to 100%, and the accuracy is as high as
98%. The system architecture design is flexible, and new
devices and data sources are easy to access, ensuring the
scalability of the system. In terms of security and privacy
protection, the AES-256 encryption algorithm and two-step
verification mechanism are adopted, and are combined with
differential privacy technology and data anonymization
methods to ensure the security of data transmission and the
protection of personal privacy.

In summary, the user data fusion method has shown great
potential in improving the scientific nature of urban operation
and management decisions, improving the user experience,
and promoting environmental protection and social equity.
This pioneering research has laid a solid foundation for
further improving fusion technology and developing a more
intelligent urban management system.

V.CONCLUSION

In this study, we provide insights into the vast amount of
data generated in the urban Internet of Things (IOT) and its
management and decision-making challenges. We propose a
novel user data fusion approach aimed at achieving efficient
data modeling and analysis in urban environments. This
approach includes multiple steps, such as static data
processing, dynamic data processing, and semantic data
processing, and utilizes artificial intelligence techniques for
effective enhancement. This data fusion approach is
experimentally verified to outperform the traditional data and
mechanistic models in several application scenarios. The
research presented in this paper addresses the pivotal
challenge of managing and harnessing the vast amount of
data generated by urban internet infrastructures. The
introduction of a groundbreaking user data fusion method

significantly enhances the capabilities of digital twins in
urban 10T ecosystems, empowering more precise modeling
and insightful analysis of both the physical environment and
user behaviors. A novel methodology, encompassing
meticulous processing of static, dynamic, and semantic data
prior to fusion, has been empirically proven to surpass
conventional data models and mechanistic approaches across
diverse application scenarios, thereby marking a substantial
leap forward in data-driven urban management and
decision-making efficacy. This innovation underscores the
critical importance of our findings in optimizing smart city
operations, facilitating data-informed strategies, and
ultimately, enhancing the quality of life for urban residents.
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