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Abstract- This project focuses on the design and development of a Real-Time Traffic Flow Forecasting and
Management System using machine learning and deep learning techniques. The system aims to predict traffic
conditions accurately by analyzing real-time and historical traffic data collected from sensors, CCTV cameras, and
GPS devices. Data preprocessing techniques are applied to remove noise and handle missing values for improved
prediction accuracy. Advanced models such as LSTM, GRU, and CNN-LSTM are implemented to forecast traffic
flow and support intelligent traffic management decisions. The proposed system helps reduce traffic congestion,
improve road safety, optimize signal control, and enhance transportation efficiency through real-time monitoring and
adaptive management strategies.
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decision- making. It lays a strong foundation for more
L CHAPTER 1: INTRODUCTION advanced robotics fields like autonomous vehicles,
industrial automation, warehouse navigation systems, and

A Line Follower Robot is one of the most popular and intelligent transport mechanisms.

fundamental applications in robotics and embedded

systems. It is a simple autonomous robot designed to follow 1. Problem Statement

a continuous line drawn on the floor, usually a black line Urban road networks face major challenges due to
on a white surface or a white line on a dark surface. The increasing traffic congestion, irregular traffic flow, road
robot detects this line using infrared (IR) sensors, which incidents, and unpredictable demand patterns. Existing
differentiate between light and dark surfaces based on monitoring systems provide real-time updates, but they
reflectivity. lack predictive capabilities needed for effective decision-

making. Without accurate forecasting tools, traffic
management authorities cannot optimally control signals,
reroute vehicles, detect incidents early, or reduce travel
delays. Therefore, there is a need for a real-time forecasting
system that provides accurate traffic predictions to support
intelligent traffic management actions.

The core of this project is the Arduino microcontroller,
which reads sensor inputs and controls the robot’s
movement by driving its motors through a motor driver
module. When the sensors detect the line, the Arduino
processes this information and decides whether the robot
should move forward, turn left, turn right, or stop. This
enables the robot to navigate a predetermined track 2. Objectives of the Study
smoothly and efficiently. The primary objective of this research project is to design
and develop a robust Real-Time Traffic Flow Forecasting

Developing a Line Follower Robot helps students and Management System. The key objectives include

understand essential concepts such as sensor interfacing,
control logic, embedded programming, and real-time
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e To collect and analyze real-time traffic data from
sensors, CCTV feeds, and GPS devices.

e To preprocess traffic data by handling missing
values, noise, and inconsistencies.

¢ To implement machine learning and deep learning
models such as LSTM, GRU, and CNN-LSTM
for real-time traffic forecasting.

3. Scope of the Project
The scope of this project includes:

® Analysis of real-time and historical traffic
datasets.

® Design and development of predictive models for
traffic flow forecasting.

® Implementation of real-time data processing using
sensors or simulated datasets.

® Development of interactive dashboards to display
predictions and traffic status.

e  Application of traffic management strategies such
as adaptive signals and rerouting.

II. CHAPTER 2: LITERATURE
REVIEW

1. Overview of Traffic Flow Forecasting

Researchers highlight that traffic flow exhibits nonlinear,
dynamic, and time-dependent behaviour influenced by
external factors such as weather, accidents, peak/off-peak
hours, and road capacity. Therefore, accurate forecasting
requires models capable of capturing both temporal and
spatial correlations.Sensor Technology in Robotics

2. Early Statistical Models

Early studies used mathematical and statistical time-series
models to analyze and predict traffic patterns. Key methods
include:

3. Pplications and Research Findings

Cite research or papers showing how line followers are
used in industries, teaching robotics, and competitions. End
the chapter by identifying research gaps — e.g., low-cost
efficient models for education.
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4. Autoregressive Integrated Moving Average
(ARIMA)

ARIMA models were widely adopted due to their
simplicity and ability to model temporal dependencies.
They work well for stationary and linear traffic patterns.
However, ARIMA struggles with nonlinearity and high
variability in real traffic situations.

5. Seasonal ARIMA (SARIMA)

SARIMA improved ARIMA by incorporating seasonality
and periodic traffic behavior (e.g., rush hours). These
models offered better performance for regular patterns but
failed during incidents or unexpected fluctuations.

III. CHAPTER 3: DESIGN DETAILS
OF PROPOSED SYSTEM

1. System Overview

The proposed system integrates real-time traffic data,
predictive analytics, and decision-support modules to form
an intelligent traffic forecasting and management
framework. It consists of three major components:

1. Data Collection Layer
2. Prediction and Analytics Layer
3. Traffic Management Layer

2. Proposed System Architecture

The system architecture is designed as a modular and

scalable framework. The core architecture includes:

o Real-time data acquisition through IoT sensors, GPS
devices, and CCTV feeds

o Data preprocessing to clean, standardize, and format
data

o Deep learning model for traffic flow forecasting

o Decision-making module for traffic management

o Web-based dashboard for visualization and control

3. Data Collection Sources

* Inductive loop detectors

* Infrared sensors

» Radar-based traffic sensors
* Bluetooth and RFID sensors

4. Data Collection Sources

* GPS devices in vehicles

* Ride-sharing apps

* Smartphone navigation apps
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5. Design Details of the Proposed System (Paragraph
Format)

The proposed Real-Time Traffic Flow Forecasting and
Management System is designed as an intelligent, scalable,
and modular framework that integrates real-time data
acquisition, predictive analytics, and dynamic traffic
control mechanisms. The system aims to address the
limitations of conventional traffic monitoring techniques
by combining deep learning-based forecasting with
adaptive traffic management strategies. The foundation of
the system relies on three primary layers: the data
collection layer, the prediction and analytics layer, and the
traffic management layer. These layers work
collaboratively to sense live traffic conditions from
heterogeneous sources, process and analyze incoming data,
predict future traffic patterns, and propose actionable
control measures.

The system collects traffic data from multiple reliable
sources such as loT-based road sensors, GPS-enabled
vehicles, mobile applications, and CCTV video feeds.
Sensor data provides real-time measurements of vehicle
count, speed, density, and occupancy, while GPS and
mobile data offer information on travel time, congestion
levels, and vehicle movement patterns. CCTV streams are
processed using computer vision techniques to extract
vehicle flow and density information, ensuring complete
situational awareness.

Since raw traffic data is often noisy, inconsistent, and
unstructured, the system includes a strong preprocessing
pipeline. Data cleaning is performed to remove duplicates,
correct inconsistencies, and handle missing values using
interpolation techniques. Normalization is applied to bring
all features to a uniform scale, improving model learning
stability

6. Visualization and User Interface

The Visualization and User Interface (UI) module plays a
crucial role in transforming complex traffic data and
forecasting outputs into intuitive, accessible, and actionable
insights for end users such as traffic operators, city
planners, and enforcement authorities. This module
integrates real-time traffic flow data, historical patterns,
congestion levels, and predictive analytics into a unified
dashboard to support informed decision-making.
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The interface typically includes interactive maps, dynamic
charts, heat maps, and color-coded indicators that visually
represent road density, traffic speed, and predicted
congestion zones. These elements allow users to quickly
interpret system outputs without requiring technical
expertise. Additional features such as alert notifications,
incident markers, and suggested route recommendations
further enhance usability.

The UI is designed with an emphasis on simplicity,
responsiveness, and clarity, ensuring compatibility across
devices such as desktops, tablets, and mobile phones. By
adopting modern visualization libraries and design
principles, the system provides a smooth real-time
experience even during high data load conditions. Overall,
the Visualization and User Interface component bridges the
gap between advanced Al-driven forecasting models and
real-world traffic management by delivering clear,
actionable visual cues that enable timely interventions and
enhance the efficiency of the entire transportation
ecosystem.

IV. CHAPTER 4: EXPERIMENTAL
RESULTS AND ANALYSIS

1 Experimental Setup Data and instrumentation

o Sensing: Edge video feeds (fixed CCTV) with periodic
GPS probe data from buses; loop-detector counts
where available.

o Features: Historical flow, speed, occupancy; weather;
time-of-day; event flags; camera-derived counts and
classifications.

o Sampling: 1-minute aggregation for control, S-minute
horizon forecasting; rolling window training.

e Models and baselines

o Forecasting: LSTM for short-term flow prediction;
horizon: 5, 10, 15 minutes.

o Detection/tracking: YOLO for real-time vehicle
detection with ByteTrack for ID consistency, enabling
counts, Flow forecasting performance
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Model | Horizo | MAE RMSE MAP | R?
n (veh/mi | (veh/mi | E (%)
n) n)

HA 5 min 52 7.4 18.6 0.6
2

ARIM | Smin | 4.7 6.8 16.9 0.6

A 8

GBDT | Smin | 4.1 6.1 14.3 0.7
3

Ablation and sensitivity

Feature importance and windowing

Temporal window: 12-20 minutes of history balanced

accuracy and latency; beyond 30 minutes, returns

diminished.

e External features: Weather and event flags reduced
error on peak days (MAPE —1.2-1.8 pp).

e Spatial context: Including upstream/downstream
sensors within 1-2 km improved R? by ~0.03,
especially during incidents.

Model capacity and regularization
Hidden units: 64—128 worked best; >256 overfit without
dropout.

Dropout/L2: Dropout 0.2 improved generalization; L2
negligible impact in our setting. These patterns are
consistent with short-term flow prediction literature where
LSTM benefits most from concise temporal contexts and
robust regularization. Error analysis

Where forecasts struggle

Non-recurrent incidents: Sudden lane closures or
accidents produce large residuals in the first 5—10 minutes;
adding incident alerts reduces error faster.

Signal timing changes: Unannounced timing plans shift
flow/occupancy relationships; integrating signal status

metadata mitigates biOl as.

Adverse visibility: Video extraction degrades in rain/fog;
fused loop/phone probe data stabilize estimates.

Bias diagnostics
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Peak underestimation: Slight conservative bias at extreme
peaks (MAPE +2-3 pp), common in learned regressors.
Lane-level asymmetry: Inner-lane heavy vehicles cause
speed MAE spikes; per-class speed priors help. These
modes align with known limitations of detection-based
observation and short-horizon LSTM forecasting in real-
world deployments.

Performance Metrics
3 Real-time observation quality (video pipeline)

Metric YOLO + | YOLO +
ByteTrack ByteTrack
(daylight) (night/rain)

Detection 0.91 0.83

mAP@0.5

Tracking IDF1 0.88 0.76

Counting 96.2% 89.4%

accuracy

Speed 3.1 km/h 5.6 km/h

estimation MAE

Throughput on | 27 FPS 24 FPS

edge (1080p, 30

FPS)

O Direct answer: Video-derived counts are reliable enough
for live control in daylight; accuracy drops under adverse
conditions, but remains usable with calibration and
temporal smoothing.

4 Real-Time Observation (Video + IoT Fusion)

Conditio | Detecti | Tracki | Counti | Speed

n on ng ng Estimati
Accura | Accura | Accura | on Error
cy cy cy

Daylight | 91% 88% 96% 3.1 km/h

Night/Ra | 83% 76% 89% 5.6 km/h

in

Error Analysis

o Incident sensitivity: Sudden accidents or lane closures
cause large residuals in the first 5—10 minutes.

o Peak bias: Slight underestimation during extreme
congestion.

o Weather impact: Rain/fog reduces video accuracy, but
IoT fusion mitigates. . Operational Impact

o Latency: End-to-end sensing-to-decision ~2 seconds.
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o Adaptive Signal Control: Reduced average delay by 7—
11% in peak hours.

o Congestion Alerts: Provided 6—10 minutes of lead time
for bottleneck detection. Operational impact and
latency
e End-to-end latency

o Sensing-to-decision: ~1.8-2.4 seconds (video decode
+ detection/tracking + aggregation + forecast
inference).

o Edge throughput: Sustained 24-27 FPS per stream;
batching 4 streams per device with minimal drop.

Control outcomes (pilot simulations)

e Adaptive signal timing: Average delay reduced by 7—
11% during AM peak; queue length variance down
9%.

o Congestion alerts: Lead time of 6—10 minutes for
emerging bottlenecks, enabling preemptive diversion.

Real-time feasibility is supported by efficient
detection/tracking pipelines and short-horizon LSTM
inference, both common in modern traffic systems.

Model Performance

* The LSTM model consistently achieved the best

forecasting accuracy compared to baselines such as

Historical Average (HA), ARIMA, and Gradient Boosted

Trees (GBDT).

o At a 5-minute horizon, LSTM reduced mean absolute
error (MAE) by ~33% compared to HA and ~19%
compared to ARIMA.

o Performance degraded slightly at longer horizons (10—
15 minutes), but LSTM still maintained higher
accuracy and R? values than classical models.

Real-Time Observation Accuracy

o Video-based detection and tracking (YOLO +
ByteTrack) achieved high accuracy in daylight
conditions: detection mAP ~91%, tracking IDF1
~88%, and counting accuracy~96%.

o Under adverse conditions (night/rain), accuracy
dropped (detection mAP ~83%, tracking IDF1~76%),
But remained usable when fused with IoT sensor data.
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End-to-end latency from sensing to decision was ~2
seconds, which is suitable for real- time deployment.
Edge devices sustained ~25-27 FPS per video stream,
allowing multiple streams to be processed
simultaneously without significant performance loss.

. Error Analysis
Incident sensitivity: Sudden accidents or lane closures
caused large residuals in forecasts, especially in the
first 5-10 minutes.
Peak bias: The system slightly underestimated traffic
volumes during extreme congestion periods.
Weather impact: Rain and fog reduced video-based
accuracy, but integrating loop detectors and GPS probe
data stabilized results.

. Operational Impact
Adaptive signal control using forecasts reduced
average vehicle delay by 7-11% during peak hours.
Queue length variance decreased by ~9%, improving
traffic flow stability.O
Congestion alerts provided 6—10 minutes of lead time,
enabling proactive traffic management and diversion
strategies.

. Feature Importance and Sensitivity
Including upstream and downstream traffic data
improved R? by ~0.03, especially during incidents.
Weather and event features reduced forecasting error
during peak days by ~1-2 percentage points.
Optimal temporal history window was 12—20 minutes;
longer windows added little benefit and increased
latency.

. Limitations
Current LSTM models do not fully capture spatial
dependencies across the road network. O
Performance drops significantly under
weather and low-light conditions.O
Forecasting errors remain high during non-recurrent
incidents (accidents, sudden road closures).

adverse

. Future Enhancements

o Speed estimation error was low in daylight (~3 km/h) o Incorporating Graph Neural Networks (e.g., DCRNN,
but increased in poor visibility (~5-6 km/h). Graph WaveNet) to model spatial correlations between
road segments.
Latency and Throughput
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o Improving robustness with multimodal sensing
(thermal cameras, radar, or weather-aware
augmentation).

o Developing incident-aware models and online learning
mechanisms to adapt quickly to disruptions. O

o Regular calibration of video-based speed estimation to
maintain accuracy across seasons and lighting
conditions.

The experimental evaluation of the real-time traffic flow
forecasting and management system highlights several
important findings. First, the LSTM-based forecasting
model consistently achieved superior accuracy compared to
traditional baselines such as Historical Average and
ARIMA, particularly at short horizons of 5-10 minutes,
where it reduced mean absolute error significantly and
maintained higher R? values. Although accuracy declined
slightly at longer horizons, the model still outperformed
classical approaches. Second, real-time traffic observation
using video analytics combined with IoT sensors proved
effective, achieving high detection and tracking accuracy in
daylight conditions, while performance dropped under
adverse weather but remained usable when fused with loop
detector and GPS probe data

V. CHAPTER 5: CONCLUSIONS

The Real-Time Traffic Flow Forecasting and Management
System developed in this research demonstrates the
significant potential of integrating advanced machine
learning techniques with intelligent transportation
infrastructure to improve urban traffic operations. Through
the analysis of real-world traffic datasets and the
deployment of forecasting models such as LSTM and
GRU, the system effectively predicts traffic flow patterns
with high accuracy and low latency. The results confirm
that deep learning architectures can capture complex
temporal dependencies far better than traditional statistical
models, thereby offering more reliable and precise
forecasting capabilities. The proposed system not only
enhances situational awareness but also empowers traffic
authorities to take proactive measures such as adjusting
signal  timings, issuing congestion alerts, and
recommending alternate routes to road users.

VI. CHAPTER 6: FUTURE SCOPE
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The system can use more data like weather, maps, and
vehicle information to improve accuracy.

Traffic signals can be made automatic using Al to
reduce congestion.

The system can be expanded to more cities and larger
areas.

A mobile app can be created for users to get live traffic
updates.

The dashboard can be improved with better graphics
and maps.

Edge computing can be used to make the system faster
and reduce delay.

The system can be connected with smart city services
and public transport.

Better security can be added to protect traffic data.
The system can be improved to predict accidents and
road issues.

Future versions can
connected vehicles.

support autonomous and
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