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ABSTRACT Addressing challenges in smart city traffic management, where industrial traffic generated
by sectors such as manufacturing complicates flow prediction and real-time regulation, this study
investigates AI-enabled dynamic traffic flow control models and big data governance strategies to improve
operational responsiveness and data utilization efficiency. Building upon traffic flow theory, artificial
intelligence algorithms, and big data governance frameworks, the study first establishes the conceptual
foundations of AI-empowered dynamic traffic flow control and defines key evaluation dimensions,
including prediction accuracy, control response speed, traffic efficiency improvement, and data governance
efficiency. Subsequently, multi-source traffic data, including road surveillance, vehicle GPS, public
transportation operations, and meteorological information, are collected from 10 representative smart
cities to construct the multidimensional STBD-2024 dataset covering six traffic scenarios and five
congestion levels. A three-dimensional framework of “Multi-source Data Fusion Governance–Intelligent
Flow Forecasting–Dynamic Precision Regulation ” is then proposed to enhance data quality through
cleaning, fusion, and standardization while enabling short-term traffic prediction and adaptive regulation
based on enhanced deep learning models. The proposed framework also provides a scalable computational
paradigm for intelligent sensing and wireless data fusion in connected transportation environments,
offering methodological support for electromagnetic information acquisition and real-time perception
systems in next-generation smart city infrastructures.

INDEX TERMS artificial intelligence, dynamic traffic flow control, intelligent sensing, wireless data
fusion, smart cities

I. INTRODUCTION

RESEARCH BACKGROUND

CURRENT smart city traffic management exhibits
two major trends: First, diversified data sources—

including road surveillance, in-vehicle terminals, and mobile
devices—generate massive traffic-related data, especially
when integrating dynamic operational metrics from indus-
trial hubs such as plants, providing robust support for traffic
state perception [1,2]. Second, intelligent control methods
leverage breakthroughs in artificial intelligence algorithms
to deliver core technological support for traffic flow pre-
diction, congestion early warning, and strategy optimization
[3,4]. However, existing smart city traffic flow control and
data governance still face prominent challenges:

Lagging multi-source data governance: Traffic data re-
mains fragmented across departments, suffering from in-
consistent formats, varying data quality, and severe sharing

barriers, with utilization rates below 30%. Lack of flexibility
in control strategies: Existing control measures predomi-
nantly rely on static, fixed-period management, struggling
to dynamically adjust to real-time traffic flow changes. This
results in delayed responses and limited targeting [5].

CURRENT RESEARCH STATUS DOMESTICALLY AND
INTERNATIONALLY

TRAFFIC FLOW FORECASTING MODEL RESEARCH
Traffic flow forecasting serves as the core prerequisite

for dynamic control. Overseas research began earlier and
has achieved deep application of artificial intelligence algo-
rithms: A team from the University of California, Berke-
ley developed a traffic flow forecasting model based on
Long Short-Term Memory (LSTM) networks, improving
15-minute short-term prediction accuracy to 85% [6-8];
Imperial College London employed graph neural networks
(GNN) integrated with road topology data to significantly

VOL. 15, NO. 3, AUGUST 2026 5601



Y. Li

enhance regional traffic flow prediction accuracy [9]. How-
ever, existing models rarely consider the correlation between
meteorological factors and industrial traffic, leading to in-
sufficient prediction accuracy in industrial scenarios.

TRAFFIC FLOW CONTROL STRATEGY RESEARCH
Overseas traffic flow control emphasizes intelligence and

coordination: Tokyo, Japan, implemented a dynamic traffic
signal control system based on vehicle-road coordination
technology, adjusting signal timing in real-time accord-
ing to traffic volume, resulting in a 25% improvement
in regional travel efficiency [10-12]; Munich, Germany,
employs a “predict-optimize-execute” closed-loop control
model, dynamically allocating road resources through AI
algorithms [13]. Domestic research focuses on signal tim-
ing optimization and network management: Some scholars
propose reinforcement learning-based dynamic traffic signal
control algorithms for real-time signal timing optimization
[14]; others design differentiated control strategies for sce-
narios like tidal flows and holiday congestion [15]. However,
existing control strategies face two major issues: First, they
lack comprehensive consideration of multiple scenarios and
factors, resulting in insufficient targeting. Second, different
control measures (signal timing, lane management, informa-
tion guidance) lack coordination, hindering the formation of
synergistic control effects.

RESEARCH ON TRAFFIC BIG DATA GOVERNANCE
Overseas traffic big data governance has developed ma-

ture systems: Chicago established an urban traffic data
sharing platform, achieving interdepartmental data interop-
erability through standardized interfaces and boosting data
governance efficiency by 40% [16]; Singapore employs
blockchain technology to ensure the security and trustwor-
thiness of traffic data sharing [17]. Domestic research on
traffic big data governance mainly focuses on basic data
preprocessing such as cleaning, fusion, and standardization,
with insufficient attention to data privacy protection, security
assurance, ethical norms, and access control, resulting in an
incomplete governance system.

RESEARCH QUESTIONS AND INNOVATION POINTS

CORE RESEARCH QUESTIONS
1. How to construct a governance system for multi-

source transportation big data that enhances data quality
and enables efficient sharing, thereby providing reliable data
support for traffic flow regulation?

2. How to design intelligent traffic flow prediction mod-
els adaptable to complex scenarios, balancing prediction
accuracy and real-time responsiveness to precisely capture
dynamic traffic flow characteristics?

3. How to establish dynamic regulation models based
on real-time traffic conditions to achieve coordinated op-
timization of signal timing, lane control, and information
guidance?

4. How can a scientific evaluation system be constructed
to quantify data governance efficiency, prediction accuracy,
and control effectiveness?

RESEARCH INNOVATIONS
1. Proposes a three-tier traffic big data governance sys-

tem — “Data Standardization-Quality Optimization-Secure
Sharing”—establishing unified standards and integration
mechanisms for multi-source data to address issues of data
fragmentation, inconsistent formats, and varying quality
levels;

2. Develops a traffic flow prediction model based on
Attention-Graph Neural Networks (Attention-GNN), inte-
grating multidimensional data including spatiotemporal fea-
tures, meteorological factors, and event information to en-
hance prediction accuracy and real-time performance in
complex scenarios;

3. Designs a closed-loop dynamic control model encom-
passing “Prediction-Decision-Execution-Feedback,” com-
bining reinforcement learning algorithms to achieve syner-
gistic optimization of multiple control measures and gener-
ate differentiated, real-time traffic control strategies;

4. Establishing a three-dimensional evaluation system
covering data governance, traffic forecasting, and control
effectiveness to provide quantitative assessment criteria for
dynamic traffic flow regulation and big data governance.

RESEARCH SIGNIFICANCE

THEORETICAL SIGNIFICANCE
1. Enriching interdisciplinary research between artificial

intelligence and transportation engineering by revealing
governance mechanisms for multi-source traffic data and
intrinsic patterns in traffic forecasting, thereby providing
theoretical foundations for intelligent traffic management;

2. Establish a collaborative theoretical framework inte-
grating “data governance-traffic forecasting-dynamic con-
trol,” filling gaps in existing research on end-to-end opti-
mization and broadening perspectives on smart city traffic
management.

PRACTICAL SIGNIFICANCE
1. Provide traffic management authorities with multi-

source big data governance solutions, breaking data sharing
barriers to enhance data utilization and governance effi-
ciency;

2. Deliver high-precision prediction models and dynamic
control strategies for smart city traffic flow regulation,
alleviating congestion and improving road efficiency;

3. Reduce traffic delays and exhaust emissions, enhance
urban traffic environments, and elevate residents’ travel
experiences;

4. Provide data support for formulating traffic manage-
ment policies and refining technical standards, advancing
the standardized and intelligent development of smart city
traffic management.
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II. THEORETICAL AND TECHNOLOGICAL
FOUNDATIONS

CORE THEORETICAL SUPPORT
Big data governance theory emphasizes enhancing data

quality and utilization value by standardizing the entire data
lifecycle (collection, storage, processing, sharing, applica-
tion) [18]. Core principles include:

1. Data Standardization Principle: Establish unified data
formats, encoding, and metadata standards to ensure inter-
operability;

2. Data Quality Principle: Enhance accuracy, complete-
ness, and consistency through cleansing, deduplication, and
supplementation;

3. Secure Sharing Principle: Establish cross-departmental
data sharing mechanisms while safeguarding data security
and privacy [19].

This framework guides the governance of multi-source
traffic big data, ensuring its effective support for traffic
flow forecasting and regulation [20]. Reinforcement learning
theory is central to optimizing dynamic control strategies,
enabling agents to learn optimal decisions through interac-
tion with the environment [21]. Core elements include:

1. State Space: Describes the real-time state of the trans-
portation system (e.g., flow, density, and speed on each road
segment);

2. Action Space: Available traffic control measures (e.g.,
signal timing adjustments, lane function switching, and
information guidance dissemination);

3. Reward function: Measures the effectiveness of control
actions (e.g., improved travel efficiency, reduced delays)
[22].

Reinforcement learning employs Markov Decision Pro-
cesses (MDPs) to iteratively optimize control strategies,
enabling agents to learn optimal control schemes through
continuous interaction [23].

KEY ENABLING TECHNOLOGIES

TRAFFIC BIG DATA GOVERNANCE TECHNOLOGIES
1. Data Collection Technology: Integrates multi-source

data acquisition methods including fixed monitoring (road
cameras, loop detectors), mobile monitoring (vehicle GPS,
mobile phone signaling), and environmental monitoring
(weather sensors, air quality stations) to achieve compre-
hensive perception of traffic conditions [24];

2. Data Cleaning Technology: Combines statistical analy-
sis and machine learning to identify and correct anomalous
data, fill missing data, and enhance data quality. For ex-
ample, box plots identify traffic flow outliers, while KNN
algorithms fill missing values [25];

3. Data Fusion Technology: Enables secure cross-
departmental and cross-type traffic data integration through
federated learning and data middleware. Federated learning
facilitates collaborative model training without sharing raw
data, safeguarding privacy;

4. Data Standardization Technology: Establish unified
standards for multi-source traffic data, including formats
(JSON/Parquet), encoding rules, and spatio-temporal bench-
marks (unified timestamps, geographic coordinate systems),
enabling interoperability and mutual recognition.

5. Data Privacy Protection Technology: Adopts triple
anonymization, differential privacy, and other technologies
to process sensitive data such as vehicle GPS, preventing
reverse identification of individual information;

6. Data Security Assurance Technology: Utilizes TLS1.3
protocol for transmission encryption, AES-256 algorithm
for storage encryption, and blockchain technology for data
traceability to ensure data security throughout the lifecycle;

7. Access Control Technology: Establishes a role-based
access control (RBAC) system to clarify the data access
permissions of different users.

INTELLIGENT TRAFFIC FORECASTING TECHNOLOGY
1. Deep Learning Algorithms: Includes Long Short-Term

Memory (LSTM), Graph Neural Networks (GNN), and
Transformer models. LSTMs excel at capturing temporal
patterns, GNNs effectively leverage road topology infor-
mation, and Transformers enhance key feature extraction
through self-attention mechanisms;

2. Feature Engineering Techniques: Extract spatio-
temporal features (time trends, spatial correlations), envi-
ronmental features (weather, holidays), and event features
(traffic accidents, large-scale events) from traffic flow data.
Construct multidimensional feature vectors to improve pre-
diction model performance;

3. Model Optimization Techniques: Employ adaptive
learning rate adjustment, regularization, and model en-
sembles to improve generalization capability and training
efficiency. For instance, dynamically adjust learning rates
using the Adam optimizer and apply Dropout to prevent
overfitting.

4. Industrial Load Adaptive Loss Function (ILALF):
Integrates the load characteristics of industrial scenarios
such as logistics (such as transportation time concentration
and cargo flow density), dynamically adjusting loss weights,
and solving the problem of excessive prediction errors in
industrial traffic flow caused by traditional loss functions;

5. Dual-branch Spatiotemporal Fusion Network Architec-
ture: Parallel processing of spatial topology features (such
as industrial park road network associations) and time series
features (such as peak shift patterns), and feature interaction
through a gate-controlled fusion module to improve model
processing efficiency.

DYNAMIC CONTROL TECHNIQUES
1. Intelligent Signal Timing Technology: Dynamically

adjust signal cycle duration, green-to-red ratio, and phase
differences based on real-time traffic flow and prediction
results to optimize intersection throughput efficiency;

2. Lane Control Technology: Dynamically adjust lane
functionality and direction using variable lanes, tidal lanes,
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and other methods to match the spatiotemporal distribution
characteristics of traffic flow;

3. Information Guidance Technology: Utilizes navigation
apps and roadside displays to provide drivers with real-
time traffic conditions, congestion alerts, and optimal route
recommendations, guiding traffic flow distribution;

4. Vehicle-Road Coordination Technology: Leverages 5G
and IoT technologies to enable real-time communication
between vehicles and road infrastructure, as well as between
vehicles, enhancing the execution efficiency and precision of
control strategies.

The comprehensive evaluation index system of artificial
intelligence traffic flow control and big data governance is
shown in Table 1:

III. DYNAMIC TRAFFIC FLOW CONTROL AND BIG DATA
GOVERNANCE SYSTEM CONSTRUCTION

OVERALL CONSTRUCTION FRAMEWORK
This paper proposes a three-dimensional integrated con-

struction framework of “Traffic Big Data Governance—
Intelligent Flow Prediction—Dynamic Precision Control”:
leveraging traffic big data governance as the data foundation,
intelligent flow prediction as the core bridge, and dynamic
precision control as the implementation method. These three
elements form a closed-loop system through data circulation
and feedback mechanisms, achieving full-process intelligent
management of traffic flow [26].

TRAFFIC BIG DATA GOVERNANCE SYSTEM

DATA COLLECTION AND INTEGRATION
1. Multi-source Data Acquisition:
Establish a comprehensive data collection network com-

bining “fixed monitoring + mobile monitoring + environ-
mental monitoring”:

Fixed Monitoring Data:
Includes video data from road cameras, traffic volume

and speed data from loop detectors, and intersection signal
operation data;

Mobile Monitoring Data:
Includes GPS trajectory data from taxis and ride-hailing

vehicles, bus operation data, mobile signaling data, and
travel data from navigation apps;

Environmental and Event Data:
Includes meteorological data (rainfall, snowfall, visibil-

ity), traffic accident data, and information on large-scale
events;

2. Data Integration: Utilizing a data middle platform ar-
chitecture, a unified data storage and management platform
is established to integrate dispersed data resources from
transportation, public security, meteorological, and public
transit departments, enabling centralized data management
[27].

DATA STANDARDIZATION PROCESSING
1. Establish Unified Standards:
Develop standardized traffic data specifications by refer-

encing national standards such as GB/T 28181-2016 and
GB/T 35658-2017:

Data Format Standard:
Uniformly adopt Parquet format for storage to enhance

data read/write efficiency;
Coding Standards:
Implement unified coding for objects like roads, intersec-

tions, and vehicles to ensure unique identification;
Spatio-Temporal Reference Standards:
Adopt UTC timestamps and the WGS-84 geographic

coordinate system uniformly;
2. Metadata Management: Establish a metadata system

for multi-source transportation data, recording information
such as data sources, formats, field meanings, and update
frequencies to support data querying and utilization.

DATA QUALITY OPTIMIZATION
Implement a three-tier data quality optimization process:

“Preprocessing-Cleaning-Validation”:
1. Data Preprocessing: Convert formats and perform

spatio-temporal alignment on raw collected data to ensure
consistency;

2. Data Cleaning:
Missing Value Handling:
Use KNN algorithm for sparse missing data and time-

series trend-based interpolation for extensive missing data;
Duplicate Value Handling:
Identifies and removes duplicate data using data finger-

printing technology;
3. Data Validation: Combines statistical testing with man-

ual sampling to verify data quality, ensuring a data cleansing
accuracy rate ≥95% [28].

DATA SECURITY AND SHARING
1. Data Security Assurance:
Data Privacy Protection Mechanism:
For sensitive data such as vehicle GPS, “triple anonymiza-

tion” processing is adopted - removing the unique identifier
of the vehicle, blurring the position of the trajectory data
with a precision of 100 meters, segmenting and splitting
continuous trajectories, and adding noise through differen-
tial privacy technology to ensure that individual information
cannot be reverse identified. The recognition accuracy after
anonymization is less than 0.3%;

2. Data Sharing Mechanism:
Data Security Assurance System:
Implement data lifecycle security protection strategies,

including transmission encryption (using TLS1.3 protocol),
storage encryption (AES-256 algorithm), operation log au-
diting (recording data access and modification behavior
throughout the process), and introduce blockchain technol-
ogy to achieve data traceability and prevent data tampering;
[29].

VOL. 15, NO. 3, AUGUST 20265604



Y. Li

TABLE 1. Comprehensive Evaluation Index System for AI-Empowered Traffic Flow Control and Big Data Governance

First-level Indicator Weight Second-level Indicator Weight Evaluation Method

Data Governance Efficiency 0.25 Data Cleaning Accuracy (%) 0.40 Proportion of Correctly Cleaned Anomalous Data
Data Fusion Time (s) 0.30 Average Time for Multi-source Data Fusion
Data Sharing Rate (%) 0.30 Proportion of Cross-department Shared Data to Total Data

Volume
Traffic Flow Prediction
Performance

0.35 15-Minute Prediction Accuracy (%) 0.45 Relative Error Between Predicted and Actual Values

30-Minute Prediction Accuracy (%) 0.35 Relative Error Between Predicted and Actual Values
Model Response Time (ms) 0.20 Average Time for Model to Generate Prediction

Regulation Implementation
Effect

0.40 Traffic Efficiency Improvement Rate
(%)

0.40 Speed Increase Ratio Before and After Regulation

Vehicle Delay Reduction Rate (%) 0.35 Average Delay Reduction Ratio Before and After Regulation
Congestion Duration Reduction Rate
(%)

0.25 Congestion Duration Reduction Ratio Before and After
Regulation

3. Artificial Intelligence Ethical Norms:
Clarify model ethical guidelines, including avoiding al-

gorithmic discrimination (such as not setting differentiated
control strategies for specific types of industrial vehicles),
ensuring decision transparency (model output results with
key influencing factor explanations), and setting up manual
intervention interfaces (intelligent control can be paused and
switched to manual mode in extreme scenarios). Establish
a role-based access control (RBAC) system, dividing users
into four categories: “data collectors”, “model trainers”, “ad-
ministrators”, and “third-party researchers”, and clarifying
the data access permissions of different roles (such as third-
party researchers can only access anonymized aggregated
data and cannot access raw data).

INTELLIGENT TRAFFIC FLOW PREDICTION MODEL

3.3.1 MODEL ARCHITECTURE DESIGN
Construct an Attention-GNN-based traffic flow prediction

model integrating the strengths of LSTM and graph neural
networks to enhance spatio-temporal feature extraction. The
model architecture comprises three layers:

1. Input Layer: Receives processed multi-source data
including historical traffic flow data, road topology data,
meteorological data, and event data to construct multidi-
mensional input feature vectors;

2. Feature Extraction Layer:
- Temporal Feature Extraction: Utilizes LSTM networks

to capture temporal evolution patterns of traffic flow, in-
cluding short-term fluctuations, daily trends, and weekly
periodicity;

- Spatial Feature Extraction: Employs GNN networks to
leverage road topology information, capturing traffic flow
correlation features between different road segments;

- Attention Mechanism Layer: Enhances feature extrac-
tion for critical road segments and key time points through
spatial and temporal attention modules;

3. Output Layer: A fully connected layer outputs traffic
flow predictions for the next 15, 30, and 60 minutes.

4. Loss Function: Adopts Industrial Load Adaptive Loss
Function (ILALF) to dynamically adjust loss weights ac-
cording to industrial load characteristics, reducing prediction
errors in industrial traffic flow.

MODEL ADAPTABILITY OPTIMIZATION
A scenario adaptation mechanism is designed for diverse

traffic conditions (off-peak, peak hours, extreme weather,
sudden incidents):

1. Scenario Identification: Extract scenario features (e.g.,
flow density, weather conditions, event type) from real-time
data and employ decision tree algorithms to identify the
current traffic scenario;

2. Model Parameter Adjustment: Dynamically adjust the
model’s attention weights and network parameters for dif-
ferent scenarios to enhance prediction accuracy in specific
contexts.

3. Industrial Scene Feature Adaptation Method: For logis-
tics scenes, extract three core features: "logistics frequency-
transportation time period-cargo flow weight", and dynam-
ically allocate fusion weights through attention mechanism
to improve the prediction accuracy of intensive areas by
11.8% compared to general models.

DYNAMIC PRECISION CONTROL MODEL

CONTROL OBJECTIVES AND CONSTRAINTS
1. Core Control Objectives: Minimize total vehicle delay

within the area, maximize road capacity efficiency, and
balance traffic distribution across the network;

2. Constraints:
- Signal Timing Constraints: Cycle duration range 50-180

seconds, green-to-red ratio ≥10%;
- Lane Control Constraints: Lane function switching

interval ≥30 minutes to ensure orderly traffic flow;
- Safety Constraints: Control strategies must guarantee

safe passage for vehicles and pedestrians.

CONTROL STRATEGY GENERATION MECHANISM
A closed-loop control strategy generation mechanism

based on reinforcement learning is constructed, comprising
four steps:

1. State Perception: Collect real-time traffic flow, predic-
tion results, road network status, and other data to construct
the traffic system state vector;

2. Action Decision: Employ deep reinforcement learning
(DRL) algorithms to generate coordinated control action
combinations based on the current state, including signal
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timing schemes, lane control schemes, and information
guidance content;

3. Policy Execution: Dispatch control commands via the
intelligent traffic management platform to execute signal
timing adjustments and lane function switches, while push-
ing guidance information through navigation apps;

4. Feedback Optimization: Collect post-control traffic
state data, compute reward function values (combining
ITEIR, vehicle delay reduction rate, etc.), and feed them
back to the reinforcement learning model to iteratively
optimize control strategies.

Achieves synergistic optimization across three control
MULTI-MEANS COLLABORATIVE CONTROL

measures:
1. Signal Timing Coordination: Optimizes phase dif-

ferences between adjacent intersections based on regional
traffic distribution to reduce vehicle stops and delays;

2. Lane Management Coordination: Dynamically adjusts
tidal lane directions according to tidal traffic patterns; tem-
porarily adds lanes in congested sections;

3. Coordinated Information Guidance: Based on traffic
flow forecasts, push optimal route recommendations to
drivers, diverting traffic from congested to less congested
sections.

CONTROL RESPONSE MECHANISM
Design a tiered response mechanism to adjust control

intensity according to traffic congestion levels (Levels 1-5):
1. Levels 1-2 (Light Congestion): Primarily utilize infor-

mation guidance to distribute traffic flow evenly through
route recommendations;

2. Level 3 (Moderate Congestion): Combine information
guidance with signal timing optimization to enhance inter-
section efficiency;

3. Levels 4-5 (Severe Congestion): Activate coordinated
control of signal timing, lane management, and information
guidance; implement temporary traffic control measures
when necessary.

IV. EXPERIMENTAL DESIGN AND RESULTS ANALYSIS

EXPERIMENTAL ENVIRONMENT AND EQUIPMENT

HARDWARE ENVIRONMENT
1. Data Processing Equipment: Intel Xeon Platinum

8480C processor, 1TB RAM, 30TB SSD storage, Huawei
OceanStor distributed storage system;

2. Model Training Equipment: NVIDIA H100 80GB GPU
×4, AMD EPYC 9654 processor, 256GB RAM;

3. Experimental Validation Equipment: V2X vehicle-road
coordination terminals, intelligent traffic signal controllers,
road surveillance cameras, GPS trajectory acquisition de-
vices.

SOFTWARE ENVIRONMENT
1. Data Processing Software: Hadoop 3.3.4, Spark 3.4.1,

Flink 1.17.0;
2. Model Development Software: Python 3.10, PyTorch

2.1.0, TensorFlow 2.15.0, Scikit-learn 1.3.0;
3. Simulation and Verification Software: VISSIM 2023,

SUMO 1.18.0, ArcGIS Pro 3.2;
4. Database Software: MySQL 8.0, MongoDB 6.0, Redis

7.0.

COMPARATIVE EXPERIMENT DESIGN

COMPARISON OBJECTS
Three representative models and strategies were selected

as comparison objects to ensure experimental fairness:
1. Traditional Forecasting Model: Utilized the ARIMA

time series model, representing conventional statistical fore-
casting methods;

2. Single Intelligent Prediction Model: Standard LSTM
model, representing mainstream intelligent prediction meth-
ods;

3. Traditional Control Strategy: Fixed-timing traffic sig-
nals and static lane control, representing conventional reg-
ulatory measures.

4. Industry Mainstream Intelligent Regulation Strategy:
Representative intelligent traffic control strategy in the in-
dustry.

EXPERIMENTAL SCENARIOS
Two experimental scenarios were established:
1. Simulation Scenario: A city-area road network simu-

lation model built using VISSIM to simulate varying traffic
volumes, weather conditions, and event scenarios;

2. Field Validation Scenarios: Three representative re-
gional road networks (each comprising 10 intersections
and 20 major roads) were selected from Chaoyang District
(Beijing), Pudong New Area (Shanghai), and Tianhe District
(Guangzhou) for field validation.

EXPERIMENTAL METRICS AND PROCESS
The STBD-2024 dataset constructed in this study covers

multi-source traffic data from 10 representative smart cities
worldwide (including 3 industry-intensive cities), with a data
volume of 12TB and a time span of 1 year, covering 6 traffic
scenarios and 5 congestion levels. Meanwhile, 6 months
of specialized logistics data were collected for each field
validation scenario (covering 12 core parks and 8 dedicated
logistics channels).

Data Preprocessing:
Input multi-source traffic data into the constructed big

data governance system for standardization, cleansing, inte-
gration, privacy protection, and security processing;

Model Training and Validation:
Adopt a “global pre-training + local fine-tuning” strategy.

First, use global multi-source data for model pre-training to
learn general laws of traffic flow spatio-temporal evolution;
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then, use local specialized logistics data for model fine-
tuning to optimize model adaptability to local industrial sce-
narios. Train prediction and control models using processed
data, then validate model performance on the test dataset;

Simulation Experiment:
Compare the accuracy of different prediction models and

the effectiveness of various control strategies within the
VISSIM simulation environment, focusing on verifying the
impact of meteorological factors on model performance;

Field Validation:
Deploy models and strategies across the three real-world

scenarios, continuously monitoring and recording metric
data such as Data Governance Effectiveness (DGE), pre-
diction accuracy, and control implementation effect.

EXPERIMENTAL RESULTS AND ANALYSIS

DATA GOVERNANCE EFFICIENCY COMPARISON
The efficiency comparison of different data governance

approaches is shown in Table 2:

TABLE 2. Efficiency Comparison of Different Multi-source Traffic Big Data
Governance Solutions

Data
Governance
Solution

Data
Adaptability
(DGE) (%)

Security
Compliance

Rate (%)

Governance
Timeliness

(s)

Comprehensive
Score (%)

Traditional
Data
Governance
Solution

75.2±3.8 62.5±4.5 156.8±18.3 68.5±3.6

Industry
Mainstream
Governance
Solution

86.4±3.2 78.3±3.9 98.5±14.6 79.3±3.1

Proposed
Governance
System in
This Paper

95.7±2.1 96.8±2.5 42.3±9.2 91.2±2.4

Table 2 demonstrates that the proposed big traffic data
governance system significantly outperforms the comparison
approaches across all metrics: Data adaptability reached
95.7%, improving by 20.5 percentage points over traditional
approaches and 9.3 percentage points over industry main-
stream solutions, ensuring the adaptability of governance
data to the model; Security compliance rate reached 96.8%,
surpassing traditional approaches by 34.3 percentage points
and industry-leading solutions by 18.5 percentage points,
ensuring data security and privacy; Governance timeliness
was reduced to 42.3 seconds, shortening by 73.0% compared
to traditional approaches and 57.1% compared to industry
mainstream solutions, enhancing data processing efficiency.

Performance comparisons of different forecast models are

TRAFFIC FORECAST PERFORMANCE COMPARISON

shown in Table 3:
Table 3 demonstrates that the proposed Attention-GNN

forecast model significantly outperforms comparison mod-
els:

1. 15-minute short-term forecast accuracy reached 94.7%,
surpassing the ARIMA model by 18.3 percentage points and
the standard LSTM model by 9.5 percentage points;

2. The 30-minute and 60-minute prediction accuracies
reached 91.3% and 87.6%, respectively, maintaining high
levels and demonstrating the model’s ability to accurately
capture medium-to-short-term traffic changes;

3. The model response time is only 62.4ms, meeting real-
time prediction requirements and reducing the response time
by 30.4% compared to the standard LSTM model.

4. The prediction accuracy of logistics peak periods
reached 88.5%, which is 12.2 percentage points higher than
the standard LSTM model. Meanwhile, the model with
meteorological data included has a 6.3% higher prediction
accuracy for logistics peak periods than the model without
meteorological data, verifying the effectiveness of incorpo-
rating meteorological factors.

COMPARISON OF CONTROL IMPLEMENTATION
EFFECTS

The comparison results of different control strategies are
shown in Table 4:

As shown in Table 4, the implementation effects of the
proposed dynamic control model significantly outperform
the comparison strategies:

1. Traffic efficiency improvement rate reached 31.2%,
22.7 percentage points higher than the traditional static
control strategy and 9.9 percentage points higher than the
mainstream intelligent control strategy in the industry;

2. Vehicle delay reduction rate reached 28.5%, and con-
gestion duration reduction rate reached 26.8%, effectively
alleviating traffic congestion;

3. Control response time was only 8.9 seconds, 70.8%
shorter than traditional strategies and 43.0% shorter than
mainstream industry strategies, achieving rapid response.

The dynamic control model’s advantage lies in its
closed-loop mechanism of “prediction-decision-execution-
feedback” and multi-measure coordinated optimization. It
dynamically adjusts control strategies based on real-time
traffic conditions and predictive outcomes, enabling precise
and efficient traffic flow management.

FIELD VALIDATION RESULTS
The comprehensive performance of the three field valida-

tion scenarios is shown in Table 5:
Field validation results demonstrate that the proposed

system exhibits stable performance in real traffic scenarios,
with comprehensive scores exceeding 90 points:

1. In the Beijing Chaoyang District scenario, peak-hour
efficiency on main roads increased by 30.5%, with average
vehicle delay reduced from 18.2 to 12.9 minutes;

2. In the Shanghai Pudong New Area scenario, evening
peak congestion duration decreased by 27.3%, and cross-
regional travel time was reduced by 25.6% on average;

3. In the Guangzhou Tianhe District scenario, traffic
flow prediction accuracy remained at 90.2% during extreme
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TABLE 3. Performance Comparison of Traffic Flow Prediction Models Under Complex Scenarios

Model 15-Minute Forecast
Accuracy (%)

30-Minute Prediction
Accuracy (%)

60-Minute Prediction
Accuracy (%)

Model Response Time
(ms)

Logistics Peak
Prediction Accuracy

(%)

ARIMA 76.4±3.5 72.1±3.8 68.5±4.2 52.3±6.7 65.8±4.5
Standard LSTM 85.2±2.8 81.6±3.1 78.3±3.5 89.7±8.2 76.3±3.8
Proposed Model
(Attention-GNN+ILALF)

94.7±1.6 91.3±2.0 87.6±2.5 62.4±7.1 88.5±2.6

Proposed Model (Without
Meteorological Data)

88.4±2.3 85.7±2.7 82.1±3.0 60.8±6.8 82.2±3.2

TABLE 4. Implementation Effect Comparison of Dynamic Traffic Flow Regulation Strategies

Regulation Strategy Traffic Efficiency
Improvement Rate (%)

Vehicle Delay
Reduction Rate (%)

Congestion Duration
Reduction Rate (%)

Regulation Response
Time (s)

Comprehensive Score
(Points)

Traditional Static Regulation Strategy 8.5±2.3 7.2±2.5 6.8±2.4 30.5±4.8 58.3±3.4
Industry Mainstream Intelligent
Regulation Strategy

21.3±3.1 18.7±3.3 17.5±3.2 15.6±3.6 76.5±3.0

Proposed Dynamic Regulation Model
in This Paper

31.2±3.5 28.5±3.7 26.8±3.5 8.9±2.7 90.7±2.6

TABLE 5. Field Validation Results of the Proposed System in Typical Urban Scenarios

Field Scene Data Governance Efficiency
Score (Points)

Traffic Flow Prediction Regulation Implementation
Effect Score (Points)Performance Score (Points)

Comprehensive Score (Points)

Chaoyang District, Beijing 91.8±2.7 90.6±2.6 89.9±2.8 90.8±2.5
Pudong New Area, Shanghai 92.5±2.4 91.9±2.3 91.2±2.5 91.8±2.3
Tianhe District, Guangzhou 92.1±2.6 91.3±2.5 90.5±2.7 91.3±2.4

rainfall, with control strategies effectively mitigating adverse
weather impacts on traffic.

USER FEEDBACK ANALYSIS
Subjective feedback was collected through interviews

with 200 drivers and traffic management personnel in real-
world scenarios (This study was approved by the Ethics
Committee of Anhui Wenda University of Information En-
gineering, and was performed in accordance with the princi-
ples of the Declaration of Helsinki. All eligible participants
signed an informed consent form.):

1. Driver Feedback: 89% of drivers found real-time traffic
updates timely and accurate, 78% reported significantly
reduced travel times, and 82% expressed high satisfaction
with navigation route recommendations;

2. Traffic Management Personnel Feedback: 92% of per-
sonnel believed the data sharing platform enhanced work
efficiency, 87% found dynamic control strategies easy to
operate with noticeable effects, and 85% hoped to expand
the system’s application scope.

V. DISCUSSION

CORE ADVANTAGES OF THE SYSTEM ARCHITECTURE
The core strength of the integrated “Traffic Big Data

Governance—Intelligent Flow Forecasting—Dynamic Pre-
cision Control” system developed in this paper lies in
achieving deep synergy among “data-model-strategy”:

1. The traffic big data governance system addresses
the challenges of fragmented multi-source data, low data
quality, and sharing difficulties, providing high-quality data

support for subsequent forecasting and control. Experi-
ments demonstrate a 42.6% improvement in data governance
efficiency, laying the foundation for enhanced prediction
accuracy and control effectiveness;

2. The Attention-GNN prediction model overcomes the
performance limitations of traditional and single-intelligence
models through multi-feature fusion and structural optimiza-
tion, achieving high-precision, real-time predictions in com-
plex scenarios; its 15-minute prediction accuracy reaches
94.7%, providing reliable basis for dynamic control;

3. The dynamic precision control model employs re-
inforcement learning and multi-method coordination to
achieve real-time optimization and precise execution of
control strategies, addressing the issues of poor targeting
and delayed response in traditional static control. Traffic
efficiency improved by 31.2%, validating the effectiveness
of the control strategy.

ANALYSIS OF KEY INFLUENCING FACTORS

IMPACT OF DATA QUALITY ON PREDICTION AND
CONTROL

Meteorological factors have a significant impact on indus-
trial traffic flow: Other industries have strict meteorological
adaptability in goods outbound transportation. Rainstorms,
snowstorms, high temperatures, and other weather condi-
tions will affect the timing and volume of industrial lo-
gistics transportation. Experiments show that incorporating
meteorological data can improve the prediction accuracy of
logistics peak periods by 6.3%, verifying the necessity of
integrating meteorological factors into the prediction model.
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A trade-off exists between model complexity and real-
time capability: While overly complex models enhance
prediction accuracy, they increase inference time, compro-
mising real-time control. This paper achieves a balance
by implementing model lightweighting techniques (pruning,
quantization), maintaining prediction accuracy while con-

BALANCING MODEL COMPLEXITY AND 

REAL-TIME PERFORMANCE

trolling model response time to 62.4ms.

IMPORTANCE OF COORDINATED CONTROL MEASURES
Single control measures yield limited effects: Experi-

ments show that signal timing optimization alone improves
traffic efficiency by 15.6%, while information-based guid-
ance alone achieves 12.3%. However, coordinated multi-
measure control achieves a 31.2% improvement, demon-
strating the synergistic amplification effect of combined
approaches. Thus, achieving coordinated optimization of
signal timing, lane control, and information guidance is
crucial for enhancing control effectiveness.

RESEARCH LIMITATIONS AND FUTURE DIRECTIONS

LIMITATIONS
1. Limited Scenario Coverage: Current research primarily

focuses on urban road networks, excluding scenarios such
as highways and urban expressways. The adaptability of
models and strategies requires expansion.

2. Insufficient Data Dimensions: The synergistic impact of
public transport (subway, buses) and private transport is not
fully considered, and guidance on mode choice is lacking.

3. Insufficient Adaptability to Extreme Scenarios: Predic-
tion accuracy and control effectiveness require improvement
under extreme conditions such as torrential rain, heavy snow,
or large-scale traffic accidents.

4. The model’s interpretability needs to be further en-
hanced: Although the model achieves high prediction accu-
racy and control effectiveness, the internal decision-making
mechanism is relatively complex, and its interpretability
is insufficient, which may affect the acceptance of traffic
management personnel.

FUTURE IMPROVEMENT DIRECTIONS
1. Scenario Expansion: Extend the system to expressways,

arterial roads, and other scenarios to optimize model and
strategy adaptability;

2. Data and Strategy Optimization: Integrate public transit
data to build a multi-modal coordinated traffic control
model, guiding travel mode optimization;

3. Extreme Scenario Enhancement: Incorporate disaster
warning data to design specialized prediction models and
emergency control strategies for extreme scenarios;

4. Technology Integration and Upgrades: Combine
vehicle-to-infrastructure (V2X) and autonomous driving
technologies to establish a higher-level intelligent traffic
flow control system.

5. Enhance Model Interpretability: Explore interpretable
machine learning methods to improve the interpretability
of the model, making the decision-making process more
transparent and understandable.

VI. CONCLUSION
This research proposes an integrated three-dimensional
framework of "Traffic Big Data Governance—Intelligent
Flow Prediction—Dynamic Precision Control," designed
to enhance urban smart traffic management by precisely
regulating the complex, dynamic flows generated by sectors
like production. The Big Data Governance System con-
structs a comprehensive governance system covering pre-
processing, security governance, ethical norms, and access
control, significantly improving data quality, security, and
utilization efficiency (achieving 95.7% data adaptability,
96.8% security compliance rate, and 91.2% DGE). The core
Intelligent Flow Prediction Model, based on Attention-GNN
architecture, achieves high accuracy (94.7% for 15-minute
forecasts) by effectively capturing spatio-temporal features
and maintaining a low response time (62.4ms). Further-
more, the Dynamic Precision Control Model, utilizing a
reinforcement learning closed-loop mechanism and multi-
measure coordination (signal timing, lane control, infor-
mation guidance), demonstrates substantial improvements
in traffic efficiency (31.2% increase in ITEIR) and delay
reduction, validated through both simulation and real-world
scenarios.
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