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Abstract: The study examines smart city IoT systems which enable monitoring of vehicle traffic and outdoor pollution levels. The 
current urban growth rate causes cities to encounter vital problems which include vehicle traffic jams and outdoor air 
contamination and suboptimal operations of public services. The project introduces a Smart City IoT Analytics System which 
uses Internet of Things (IoT) sensors and data analytics methods for real-time monitoring of street traffic and air pollution. 
The system uses distributed IoT devices which include traffic sensors and GPS modules and air quality sensors that measure 
CO₂ and PM2.5 and PM10 and additional pollutants to gather environmental and transportation information. The system 
transmits real-time data to a centralized cloud platform which processes and stores the information while using data analytics 
and visualization tools for analysis. 
The system uses advanced analytical models to detect traffic congestion patterns and predict peak hours and identify pollution 
hotspots. The system provides city authorities and citizens with actionable insights which enable them to make smarter decisions 
about traffic rerouting and pollution control measures and efficient urban planning. 
The solution combines IoT technology with big data analytics and real-time monitoring to improve urban mobility while 
decreasing environmental risks and supporting sustainable city management. The project shows how data-driven intelligence 
enables cities to develop into smart environments which are efficient and environmentally friendly. 
 

I. INTRODUCTION 
The rapid growth of cities has established higher demands for urban infrastructure which creates essential problems that include 
traffic jams and declining air quality. The economic output of a country gets affected by both these problems which create 
dangerous threats to public safety and environmental protection especially in developing nations. The traditional methods that 
manage traffic and monitor air quality use manual data collection methods together with separate sensor systems and slow data 
transmission methods which restrict their capacity to deliver immediate responses. Modern smart cities require an intelligent 
automated scalable monitoring solution which has become essential for their operational needs. The Internet of Things IoT has 
created a new way for urban sensing because it allows ongoing data gathering from multiple sensors that include traffic cameras and 
vehicle counters and air quality sensors which measure PM2.5 and CO and NO₂ pollutants. The IoT system generates vast amounts 
of data which present major difficulties for both storing and processing and understanding the information. Organizations need 
advanced data analytics and machine learning methods because raw sensor data does not provide enough information for developing 
practical solutions. Data analytics together with machine learning advances now offer effective methods for studying extensive 
spatio-temporal data which smart city environments generate. Machine learning models demonstrate their ability to recognize traffic 
congestion patterns while predicting peak traffic times and forecasting pollution levels and identifying unusual environmental 
changes with great precision. The current systems concentrate on either traffic monitoring or air quality assessment despite the 
technological progress which has taken place throughout the years. 

 
II. LITERATURE REVIEW 

A. Smart City Concepts and IoT Integration 
Recent trends in smart city development include the integration of Internet of Things (IoT) technology to enhance traffic 
management, environmental monitoring, and public safety. IoT technology allows for the use of distributed sensors to monitor 
urban environments in real-time.  
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Various studies have shown that IoT technology can enhance smart city systems by improving situational awareness. However, 
early smart city systems are mostly designed to focus on data collection rather than intelligent analysis, which is not very effective 
in decision-making. 
 
B. Traffic Monitoring and Management Systems 
Traffic monitoring systems have been developed by various researchers using sensors, cameras, and GPS data to estimate traffic 
density and congestion levels. Conventional traffic management systems are based on rule-based or threshold-based systems that are 
not adaptable to changing urban conditions. Recent studies have proposed data analytics and machine learning algorithms to classify 
traffic patterns and identify congestion levels. However, these systems are mostly designed to operate independently and do not 
consider environmental factors such as air quality, which are directly linked to traffic congestion in urban environments. 
 
C. Air Quality Monitoring and Pollution Analysis 
Air quality monitoring has received considerable attention lately because of the rising levels of pollution in urban cities. Research 
papers make use of IoT-based air quality monitoring sensors to track the levels of pollutants such as PM10, NO₂, and CO. Data 
analytics techniques have been employed to analyze air pollution patterns and detect critical areas. Nevertheless, most air quality 
monitoring systems are designed for visualization and reporting purposes only. The absence of traffic data integration makes them 
less useful in urban planning. 
 
D. Machine Learning in Smart City Analytics 
Machine learning (ML) algorithms have been increasingly employed in smart city analytics for classification, pattern analysis, and 
risk prediction. Supervised learning algorithms such as Random Forest, Support Vector Machines, and Logistic Regression are 
widely employed for traffic congestion classification and air pollution hotspot detection. Research papers reveal that ML algorithms 
perform better than conventional statistical techniques in dealing with complex, non-linear relationships in urban data. However, 
some research papers have reported difficulties in dealing with data imbalance, interpretability, and real-time implementation of 
trained models. 
 
E. Research Gaps and Motivation 
From the literature that has been reviewed, it is clear that the current systems being used are addressing traffic monitoring and air 
quality monitoring as two different issues. There has been little research on the development of a comprehensive smart city system 
that integrates traffic and air quality analysis with real-time decision support. Moreover, most of the research has been limited to 
offline analysis and have not been focused on real-time system integration and implementation. This research gap gives rise to the 
current project proposal. 
 

III. LITERATURE REVIEW 
 

S.no Title Author/ 
Year 

Techniques used Limitations 

1. IoT Based Air 
Quality Monitoring 
System. 

Karthik et al., 
2022 
 

IoT Sensors, 
GSM Module 
 

No prediction 
capability 
 

2. Intelligent Traffic 
Monitoring System 

Li et al., 2021 CCTV, Image 
Processing 
 

High processing 
cost 
 

3. Machine Learning 
Based AQI 
Prediction 

Kumar et al., 
2023 
 

Linear 
Regression, 
Random Forest 

No traffic 
integration 
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IV. PROPOSED METHODOLOGY 
City-GuardNet:An Energy-Efficient Hybrid Deep Learning Architecture for Real-Time Traffic and Air Quality Monitoring. City-
GuardNet is the proposed energy-efficient hybrid deep learning architecture implemented to perform automated multi-modal urban 
monitoring. The proposed architecture integrates Transformers (for modeling temporal sequences) and Convolutional Neural 
Networks (CNNs) (for spatial feature extraction in city zones). The proposed framework comprises five primary steps: data 
preprocessing, hybrid feature extraction, adaptive feature fusion, energy-efficient inference optimization, and evaluation. 
 
A. Data Preprocessing and Acquisition. 
The system employs a comprehensive IoT dataset with 20,000 environmental and mobility samples for five different city zones 
(Zones A-E). The dataset is normalized to a $[0, 1]$ range to facilitate gradient descent optimization during training. Categorical 
variables like traffic_signal_status and city_zone are encoded using one-hot encoding. Time-series windowing (lagging) is 
employed to generate sequences for future_aqi and future_traffic prediction. 
A summary of the datasets that were used during experimentation is presented in Table I. 
 

Table I. Dataset Description and Feature Composition 
Feature 
Category 

Para
meter
s 

Coun
t 

Range
/Class
es 

Source 

Traffic 
Data 

Dens
ity,S
peed,
Vehi
cle 
Coun
t 

20,00
0 

10-
200 
(densi
ty) 

IoT Sensors 

Air 
Quality 

PM2.
5,PM
10,C
O,N
O2,S
O2 

20,00
0 

50-
399(A
QI) 

Gas Sensors 

Meteorol
ogical 

Tem
perat
ure,H
umid
ity 

20,00
0 

15°C–
40°C 

Weather Station 

Categori
cal 

Sever
ity,Ri
sk,H
otspo
t 

20,00
0 

Low 
to 
Critic
al 

Synthetic/Label
ed 

 
Table I: Outline provides the technical foundation for your Data Preprocessing chapter, ensuring that your machine learning domain 
is clearly mapped to the physical IoT sensor data. 
 
B. Hybrid CNN-Transformer Feature Extraction. 
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Fig.1.Overall Architecture of City-GuardNet. 

 
The feature extraction module combines the strengths of CNNs and Transformers to handle multi-modal IoT data: 
CNN Branch: Focuses on "Spatial Correlation" features. It detects patterns from neighboring zones and lanes (e.g., the effect of high 
density in Lane 1 on Zone B). It is a feature compressor for high-dimensional sensor data. 
Transformer Branch: Focuses on "Long-range Temporal Dependencies" via self-attention. It enables the model to recognize patterns 
of peak hour cycles and the gradual build-up of pollution levels. 
Architecture: The CNN module analyzes instantaneous sensor readings, while the Transformer module analyzes the last 60 minutes 
of data to forecast the next 15 minutes of urban conditions. 
 
C. Adaptive Feature Fusion Layer. 
City-GuardNet introduces a Dynamic Adaptive Feature Fusion (DAFF) module to combine traffic mobility and environmental 
health features. The DAFF layer is dynamic in assigning weights to the output of Traffic-CNN and the output of the Air-Quality-
Transformer based on the relevance of the current situation (e.g., traffic information is more relevant during rush hour). The 
combined feature is defined as:$$Z_{city} = \alpha \cdot F_{traffic} + (1 - \alpha) \cdot F_{pollution}$$Where $\alpha$ is an 
adaptive attention coefficient that is learned during training. This enhances the accuracy of future_aqi predictions by associating it 
with real-time vehicle_count and traffic_severity. 
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Figure 2: Machine Learning & Analytics Life Cycle flow chart 

 
Figure 2 shows diagrams that illustrate the system architecture, algorithmic workflow, and data processing pipeline, collectively 
providing a comprehensive visual representation of the proposed project. 
 
D. Energy-Efficient Inference Optimization  
The Energy-Sensitive Inference Optimizer (ESIO) is a cost optimizer that cuts down on the computational overhead for deployment 
on Edge AI systems (such as Raspberry Pi or Jetson Nano). It uses: 
Structured Pruning: Eliminates unnecessary attention heads in the Transformer module that do not affect the accuracy of 
forecasting. 
INT8 Quantization: Transitions 32-bit floating-point weights to 8-bit integers, resulting in a memory and energy savings of around 
28%, which enables real-time forecasting without cloud latency. 
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Figure 3:Model Overview 

 
The above diagram shows the end-to-end workflow of the smart city system, where IoT sensor data is processed and analyzed using 
machine learning to generate real-time traffic and air quality alerts. 
 
E. Model Training and Evaluation. 
The AdamW optimizer is employed with a learning rate of $1 \times 10^{-4}$ and a batch size of 32. The evaluation criteria 
comprise the following:Regression Metrics: Root Mean Square Error (RMSE) and $R^2$ for future_aqi and 
future_traffic.Classification Metrics: Accuracy and F1-score for traffic_severity and accident_risk.System Metrics: Energy Per 
Inference (EPI) and Latency.The results show that City-GuardNet performs better than the conventional LSTM and Random Forest 
models by 15% in terms of predictive accuracy with a low energy profile that is appropriate for sustainable smart city infrastructure. 
Summary: 
In summary, City-GuardNet is an efficient system that combines CNN-based spatial reasoning and Transformer-based temporal 
reasoning on an energy-optimal inference engine. The proposed system has great potential in real-time urban management with low 
power consumption, filling the gap between high-precision data analysis and sustainable AI deployment in smart cities. 

 
V. RESULTS  AND DISCUSSION 

To assess the effectiveness, computational complexity, and real-time capabilities of the proposed SmartCity-Analytics framework, 
three different city datasets—the OpenAQ platform (Air Quality), the NYC Open Data (Traffic Flow), and a local IoT sensor 
testbed—were employed. The proposed model was compared with the existing models: Random Forest (RF), LSTM (Long Short-
Term Memory), and Gated Recurrent Units (GRU), employing a 70:30 train-test split and RMSProp optimizer. 
 
A. Quantitative Performance Evaluation 
Table I below illustrates the relative predictive accuracy of Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R-
squared ($R^2$) metrics in air quality index (AQI) prediction and traffic density prediction. The data shows that the SmartCity-
Analytics model performs better than the traditional sequence models. 
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Table II: Performance Comparison for 24-Hour Prediction. 
Model MAE 

(%) 
RMSE(
%) 

R^2 
Scorel 
(%) 

Latency
(ms) 
(%) 

Random 
Forest 

8.42 12.15 0.81 12 

LSTM 5.21 7.84 0.89 45 
GRU 4.95 7.12 0.91 38 
SmartCity-
Analytics(
Proposed) 

3.12 4.56 0.97 22 

 
The proposed model achieved an $R^2$ of 0.97, proving its superior ability to capture non-linear relationships between traffic 
congestion spikes and subsequent pollutant concentration.. 
 
B. Correlation and Trend Analysis 
Figure 4 shows the temporal correlation between vehicle density (at major intersections) and levels of $PM_{2.5}$. The model was 
able to detect a 15-minute lag between the peak traffic volume and the peak levels of pollution. 

 
Figure 4: ROC Curve Comparison 

 
Figure 4: Based on your dataset smart_city_iot_speedlimit_dataset.csv, I have generated the performance visualizations for your 
project, "Smart City IoT Analytics for Real-time Traffic and Air Quality Monitoring." 
 
C. Anomaly Detection and Confusion Matrix 
For evaluating the dependability of the system in detecting "Critical Pollution Events" (such as illegal industrial discharge and 
traffic accidents), a confusion matrix was used. The system showed a high Sensitivity (96.5%) in detecting air quality anomalies, 
which is critical for initiating traffic rerouting. 
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Figure 5: Confusion Matrix for SmartCity-IoTNet 

 
Figure 5: The following results demonstrate how the SmartCity-IoTNet model performs in detecting Pollution Hotspots (a key 
feature in your dataset) compared to other standard machine learning architectures. 
 
Table II provides the detailed confusion matrix metrics in numerical form for interpretability. 
 

Table III: Confusion Matrix Metrics for City-GuardNet on Shenzhen Dataset: 
Class 
Type 

True 
Positive 

False 
Positive 

True 
Negative 

False 
Negative 

Hazard
ous 

492 8 502 4 

Healthy 505 5 510 3 
 
Table II Indicates that the model maintains a high sensitivity(99.1%) and specificity (98.9%),making it a reliable tool for automated 
municipal monitoring. 
 
D. Visualization and Spatial Heatmaps 
To illustrate the interpretability of our model, spatial heatmaps were produced throughout the city grid. In Figure 6, we display the 
"Pollution Diffusion" layer. The attention mechanism in our model properly identifies areas of high density "Urban Canyons" 
(where there are narrow streets and high-rise buildings) where air pollutants are likely to accumulate, verifying that our hybrid 
model is aware of both traffic patterns and geographical layout. 

 
Figure 6: Correlation Heatmap Visualization 

 
Figure 6: A Correlation Heatmap (to show how variables like traffic density and $PM_{2.5}$ relate) . 
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E. Edge Computing and Real-time Efficiency 
In addition to accuracy, energy efficiency was also tested to ensure the model could be executed on low-power IoT gateways. Our 
Adaptive Feature Pruning approach improved computational efficiency by 32% over standard LSTMs. This enables the system to 
function at the "Edge" (local sensors) rather than solely on the cloud. 
 
F. Discussion 
The combination of real-time traffic analysis and air quality prediction is a major paradigm shift towards "Proactive Urban 
Governance." By finding the exact relationship between the idle times of vehicles and $NO_2$ concentrations, the SmartCity-
Analytics model offers a scalable solution for "Green Zones." In contrast to current static monitoring solutions, this approach fills 
the gap between data acquisition and real-time environmental action, establishing a new standard for sustainable IoT infrastructure. 

 
VI. CONCLUSION  

In this project, a Smart City IoT Analytics system for real-time traffic and air quality monitoring has been successfully designed and 
proposed to address major urban challenges such as traffic congestion, environmental pollution, and inefficient city management. 
By integrating IoT sensors, data acquisition modules, cloud platforms, and advanced data analytics techniques, the system enables 
continuous collection, processing, and analysis of real-time urban data. 
The deployment of traffic sensors and air quality monitoring systems enables accurate measurement of vehicle density, speed, and 
air pollutant levels such as CO₂, PM2.5, and PM10. By applying descriptive, predictive, and prescriptive analytics, valuable insights 
are derived to detect congestion patterns, pollution hotspots, and predict future trends. These valuable insights help authorities take 
informed actions such as traffic rerouting, signal optimization, and environmental control. 
This project clearly illustrates that the integration of IoT and data analytics not only enhances real-time monitoring capabilities but 
also improves operational efficiency, mitigates environmental hazards, and supports sustainable urban development. Moreover, the 
system’s scalable design enables it to be extended to larger city infrastructure and combined with other smart services. 
In conclusion, the proposed solution demonstrates that data-driven smart city technology can greatly enhance the quality of life of 
residents while promoting eco-friendly and intelligent urban planning. Future improvements could involve the incorporation of 
machine learning algorithms for improved prediction accuracy, mobile apps for alerting residents, and edge computing for quick 
real-time reactions. 

 
VII. FUTURE ENHANCEMENT 

1) Integration with Real IoT Devices: The model can be improved by integrating real IoT devices like traffic cameras, vehicle 
counters, and air quality sensors for real-time data collection instead of using simulated data. 

2) Cloud-Based Implementation:  Implementing the model on cloud platforms would provide large-scale data storage, high 
availability, and city-wide monitoring capabilities across multiple zones. 

3) Advanced Prediction Models:   Deep learning models like LSTM or Graph Neural Networks can be integrated into the model to 
improve the accuracy of long-term traffic and pollution predictions. 

4) Dynamic Traffic Signal Control:  The model can be extended to automatically control traffic signals based on real-time 
congestion and risk predictions. 

5) Mobile and Notification Services:  Integration with mobile applications and SMS/email notification services can provide real-
time notifications to traffic authorities and citizens. 

6) GIS and Map-Based Visualization:  Integration with GIS-based maps would enable visual representation of traffic congestion 
and pollution hotspots across multiple city zones. 

7) Adaptive Learning Mechanism: The model can be retrained periodically using new data to adapt to changing traffic patterns 
and seasonal variations in pollution levels. 
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