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Abstract

Urban traffic congestion poses significant challenges to modern cities, exacerbating
environmental pollution, economic losses, and commuter frustration. This paper
proposes a novel big data architecture integrated with fuzzy logic for real-time traffic
control, aimed at optimizing signal timings at intersections to minimize delays and
enhance throughput. The architecture encompasses data sources from loT sensors,
cameras, and vehicle-to-infrastructure communications; ingestion via Apache Kafka
for high-velocity streams; storage in Hadoop Distributed File System (HDFS);
processing using Apache Spark for scalable analytics; a fuzzy inference module
employing Mamdani-type systems to handle uncertainty in traffic density and flow;
and actuation through adaptive signal controllers. Key contributions include the
design of a hybrid system that combines big data's scalability with fuzzy logic's
robustness to imprecision, enabling dynamic decision-making under variable
conditions. The methodology involves architectural modeling, simulation using
SUMO for traffic dynamics and Python for fuzzy computations, and evaluation
through synthetic datasets simulating diverse traffic scenarios. Results demonstrate a
25% reduction in average waiting time and 18% improvement in vehicle throughput
compared to traditional fixed-time systems. Implications extend to intelligent
transportation systems, offering scalable solutions for smart cities while addressing
uncertainties inherent in real-world traffic data. This work bridges computer science
advancements in big data and soft computing, providing a blueprint for future
deployments in urban mobility management.
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1. Introduction

The escalation of urban traffic congestion has become a pervasive issue in
contemporary metropolitan areas, driven by rapid population growth, increased
vehicle ownership, and inadequate infrastructure expansion. This phenomenon not
only leads to substantial economic costs through lost productivity and fuel wastage
but also contributes to heightened air pollution and stress-related health problems
among commuters. Traditional traffic control systems, reliant on fixed-time cycles or
simple sensor-based triggers, fail to accommodate the dynamic and unpredictable
nature of traffic flows, resulting in suboptimal performance during peak hours or
unexpected events. In this context, the integration of big data technologies with fuzzy
logic emerges as a promising paradigm in computer science to develop intelligent
transportation systems capable of real-time adaptation. Big data facilitates the
handling of vast, heterogeneous datasets from diverse sources such as GPS trackers,
surveillance cameras, and inductive loops, while fuzzy logic provides a mathematical
framework for reasoning under uncertainty, mimicking human decision-making in
ambiguous scenarios.

Historically, traffic control evolved from manual operations in the early 20th century
to automated systems in the 1960s with the advent of electronic signals. The 1990s
saw the introduction of adaptive controls like SCATS and SCOQOT, which adjusted
timings based on detected volumes, but these were limited by computational
constraints and lacked robustness to data imprecision. The rise of big data in the
2010s, propelled by frameworks like Hadoop and Spark, enabled processing of
massive traffic datasets, as highlighted in early works on real-time analytics (Amini
et al., 2017). Concurrently, fuzzy logic, introduced by Zadeh in 1965, found
applications in control systems for its ability to handle vagueness through
membership functions and rule-based inference. Recent hybrids, such as fuzzy-deep
Q learning for signal optimization, have shown promise in reducing delays (Ahmed
& EI-Shafie, 2023). However, research gaps persist, including the lack of scalable
architectures that seamlessly integrate big data pipelines with fuzzy modules for
multi-intersection coordination, especially in conditions of sensor noise and

incomplete data.
|
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This paper addresses these gaps by designing and developing a big data architecture
incorporating fuzzy logic for traffic control. Objectives include delineating the
architectural layers, implementing the system via simulations, evaluating
performance metrics, and analyzing advantages over baselines. Through this
analytical lens, the work underscores the synergy between big data's volume-handling
capabilities and fuzzy logic's uncertainty management, paving the way for more
resilient urban mobility solutions.

2. Literature Review

The application of big data in traffic systems has been extensively explored, focusing
on its capacity to process high-volume, high-velocity data for predictive and adaptive
control. Early studies emphasized architectures for real-time analytics, such as the
framework proposed by Amini et al. (2017), which utilized distributed computing to
analyze sensor data for dynamic signal adjustments, demonstrating reductions in
congestion but highlighting challenges in data latency. Subsequent works integrated
cloud-based systems, as reviewed by Wang et al. (2021), where cloud control
architectures for intelligent vehicles leveraged big data for coordinated traffic
management, incorporating technologies like edge computing to mitigate delays.
These approaches, however, often overlooked uncertainty in data sources, such as
variable sensor accuracy or incomplete vehicle counts.

Fuzzy logic has been a cornerstone for traffic control under imprecision, with
applications dating back to the 1990s. Peter et al. (2021) developed a priority-based
fuzzy system that adjusted green times based on vehicle queues, achieving better flow
in prioritized lanes but limited to isolated intersections. More recent advancements,
like the agent-based fuzzy control by Chala and Kéczy (2025), employed multi-agent
systems to handle multiple intersections, using fuzzy rules to model traffic states as
linguistic variables, resulting in improved throughput. Similarly, Yu et al. (2022)
proposed edge computing-distributed fuzzy signals for coordinated control,
enhancing responsiveness through decentralized inference. Yet, these fuzzy-centric
models frequently suffer from scalability issues when dealing with big data volumes,
as rule bases grow exponentially with input dimensions.

Hybrid approaches combining big data and fuzzy logic represent a growing trend,
addressing the limitations of individual paradigms. Jain et al. (2022) designed a
fuzzy-based energy management model for cyber-physical systems, incorporating
traffic prediction via machine learning on big data streams, which optimized energy
in connected vehicles but did not extend to signal control. Khan et al. (2021)
introduced fuzzy-optimized admission control in 5G networks for traffic forecasting,
-
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using big data analytics to predict flows and fuzzy logic to allocate resources,
showing efficacy in federated environments. Wang (2025) analyzed intelligent signal
systems, advocating for fuzzy integration with comprehensive data processing,
though lacking detailed architectural specifics. Sardar (2022) reviewed dynamic
fuzzy controllers, emphasizing future perspectives on adaptive learning with big data,
but noted gaps in real-time implementation. Additional studies, such as Wu (2024),
optimized signal lights using fuzzy logic for urban flow enhancement, demonstrating
simulation-based improvements, while Meepokgit and Wisayataksin (2024)
combined fuzzy with deep reinforcement learning for state-optimizing control,
reducing waiting times by 15%. Moreno et al. (2024) improved systems with Deep
Q-networks, indirectly supporting hybrid fuzzy reinforcements. Han et al. (2024)
clarified big data definitions, aiding precise architecture design in traffic contexts.
Critically, existing hybrids often fail to fully exploit big data's distributed processing
for fuzzy inference at scale, leading to bottlenecks in high-density urban settings.
Moreover, few address veracity issues in traffic data through fuzzy mechanisms. This
review reveals a need for a unified architecture that seamlessly merges big data
pipelines with fuzzy decision engines, which the proposed work aims to fulfill by
extending these foundations with Kafka ingestion, Spark processing, and Mamdani
inference for actuation.

3. Proposed Architecture Design

The proposed big data architecture for traffic control using fuzzy logic is structured
in layered components to ensure scalability, real-time processing, and robust
decision-making under uncertainty. At the data sources layer, heterogeneous inputs
are collected from 10T sensors embedded in roads for vehicle count and speed, CCTV
cameras for density estimation via computer vision, and V2l communications for
positional data from connected vehicles. These sources generate high-velocity
streams characterized by the 4Vs of big data, as defined by Han et al. (2024), with
volume exceeding terabytes daily in urban networks, velocity in milliseconds, variety
spanning structured metrics and unstructured images, and veracity challenged by
sensor noise or occlusions.

Data ingestion is handled by Apache Kafka, a distributed streaming platform that
partitions topics for traffic data, ensuring fault-tolerant, ordered delivery. Kafka
producers at source nodes publish messages with timestamps, intersection IDs, and
raw metrics, while consumers feed into downstream processing. The storage layer
employs Hadoop HDFS for persistent, replicated storage, distributing data across

. ___________________________________________________________________________|
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clusters to support fault tolerance and high throughput. Metadata is managed via
HBase for quick queries on historical patterns.

Processing occurs in Apache Spark, leveraging its resilient distributed datasets
(RDDs) for batch and stream analytics. Spark Streaming processes Kafka inputs in
micro-batches, applying transformations like aggregation for average density over
windows. For example, traffic density p is computed as p =N/ L, where N is vehicle
count and L is lane length, aggregated over 10-second windows using Spark's window
functions. Preprocessed data feeds into the fuzzy logic module, implemented as a
custom Spark MLIib extension for distributed inference.

The fuzzy module uses a Mamdani-type system to infer signal timings. Inputs include
traffic density (p), flow rate (f=v * p, where v is average velocity), and queue length
(9). Membership functions are triangular and trapezoidal for linguistic terms: low,
medium, high. For density, the triangular membership piow(p) = max(min((p - a)/(b -
a), (¢ - p)/(c - b)), 0) with parameters a=0, b=20, c=40 vehicles/km; pmegium(p) With
a=30, b=50, c=70; unigh(p) with a=60, b=100, c=120. Similar functions apply to flow
and queue.

The rule base, comprising 27 rules for three inputs with three terms each, follows IF-
THEN structures, e.g., IF density is high AND flow is medium AND queue is high
THEN green time is long. Aggregation uses min for AND, max for rule firing.
Defuzzification employs the centroid method: g = | n(g) g' dg' / | u(g') dg', where g
is green time ranging 20-60 seconds. This module runs on Spark workers for parallel
computation across intersections, enabling coordinated control as in Yu et al. (2022).
Actuation layer interfaces with physical controllers via MQTT protocols, adjusting
signals based on inferred outputs. Algorithms for integration include a Spark job
scheduler that triggers fuzzy inference every 30 seconds, using pseudocode: for each
intersection batch, compute inputs, fuzzify, apply rules, defuzzify, publish to
actuators. This design ensures scalability, with Spark handling petabyte-scale data
and fuzzy logic mitigating uncertainties, outperforming crisp systems in noisy
environments (Peter et al., 2021). Security is incorporated via encryption in Kafka
and access controls in HDFS. Figure 1 illustrates the proposed architecture for traffic
control, leveraging Kafka for real-time data ingestion, Spark for scalable processing,
and fuzzy inference for handling uncertainty. This architecture is benchmarked in
Table 1 against alternative models, including cloud-based, agent-based, edge-fuzzy,
and deep reinforcement learning (DQL-fuzzy) systems. Unlike others, the proposed
model combines distributed scalability with robust uncertainty management through
fuzzy logic. While cloud and DQL-fuzzy approaches offer moderate scalability and
-
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limited uncertainty handling, agent-fuzzy solutions lack scalability. Edge-fuzzy
models are decentralized but vary in consistency. Overall, the proposed architecture
provides a balanced, high-performance solution for intelligent traffic management.

Actuation—
~ Fuzzy
: ___—inference
Processing—
(Spark)
*

\\
N
Hore)
ey
sources
Figure 1: Proposed Architecture Diagram
Table 1: Comparison of Architectures
Architectur | Data Processing | Uncertaint | Scalability Referenc
e Ingestio | Framewor |y Handling e
n k
Proposed Kafka Spark with | Fuzzy High
streams | fuzzy ML | inference (distributed)
Cloud- REST Cloud VMs | None Medium Wang et
based APIs al. (2021)
Agent-fuzzy | Local Agent Fuzzy rules | Low Chala &
sensors | computatio (centralized) | Koczy
n (2025)
Edge-fuzzy | Edge Distributed | Fuzzy with | High Yu et al.
nodes fuzzy edge (decentralize | (2022)
d)
DQL-fuzzy | Sensor Deep Q | Fuzzy Medium Ahmed &
data networks augmentatio El-Shafie
n (2023)

The architecture's novelty lies in its end-to-end integration, allowing fuzzy decisions
to feedback into big data analytics for continuous learning.
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4. Development and Implementation

Development of the architecture commenced with requirement analysis, identifying
key performance indicators like waiting time and throughput. Simulation tools were
selected: SUMO (Simulation of Urban MODbility) for traffic modeling, providing
realistic vehicle behaviors at intersections; Python with scikit-fuzzy for fuzzy logic
implementation; and Docker for containerizing Kafka, HDFS, and Spark clusters.
Data generation involved creating synthetic datasets to mimic real-world variability.
Using NumPy, traffic density was modeled as p: = pgr13 + Ap, where Ap ~ Normal (0,
o) with 6=10 for uncertainty, and peaks during rush hours via sinusoidal modulation:
pt =50+ 30sin (2t / T) + noise, T=3600 seconds. Velocity vi = 50 - 0.5p; + Gaussian
noise. Datasets included 1000 time steps per intersection, with volumes from 100-
500 vehicles/hour/lane, velocities 20-60 km/h, and uncertainties via 10-20% noise
addition.

Integration steps began with SUMO configuration for a 4-intersection grid, exporting
traces to CSV for Kafka ingestion. Kafka topics were created as 'traffic_data' with
partitions per intersection. Producers in Python pushed SUMO outputs:
producer.send('traffic data', value={'id":1, ‘'densityp, 'flow":f, 'queuc':q}).
Consumers pulled data into Spark Streaming: stream =
KafkaUtils.createDirectStream(ssc, topics, kafkaParams). Spark processed streams
with map-reduce for aggregations, then invoked fuzzy module.

The fuzzy implementation used skfuzzy: define universes, membership functions as
trimf, rules via ctrl.Rule, and control system simulation.

Pseudocode for fuzzy:

antel = ctrl.Antecedent(np.arange(0,121,1), 'density");

antel['low'] = fuzz.trimf(antel.universe, [0,0,50]);

...; cons = ctrl.Consequent(np.arange(20,61,1), ‘green’);

cons['short] = fuzz.trimf(cons.universe, [20,20,35]);

rulel = ctrl.Rule(antel['high'] & ante2['medium'] & ante3['high'], cons['long);
system = ctrl.ControlSystem([rulel,...]); sim =
ctrl.ControlSystemSimulation(system);

sim.input['density'] = p, sim.compute();

green = sim.output['green].

Integration with Spark involved user-defined functions (UDFs):
@udf(returnType=FloatType())

def fuzzy_green(d,f,q):
|

UIJMR 323


http://www.uijmr.in/
mailto:uijmreditor@gmail.com%20%20Vol-2,Issue-2(Jan-Mar),2024

Publications
United International Journal of Multidisciplinary Research (UJMR)

An International Peer-Reviewed and Refereed Multidisciplinary Journal
ISSN: 3048-6726 www.uijmr.in Impact Factor: 5.446(SJIF) Vol-2,Issue 2(April,May,June),2025

return green.

Actuation simulated by feeding green times back to SUMO via TraCl API for
dynamic signal changes. Development used Agile iterations, testing with varying
datasets to refine rules. For multi-intersection coordination, fuzzy outputs were
aggregated via Spark SQL queries for global optimization, drawing from agent-based
approaches (Chala & Koczy, 2025). Implementation challenges included
synchronizing SUMO real-time with Spark batches, resolved by 5-second micro-
batches.

1.0t
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CJ_0.6— — Low
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G 04l — High
0
[
L)
=02
0.0
0 20 40 60 80 100 120
Density (vehicles/km)
Figure 2: Membership Functions Plot
Table 2: Fuzzy Rule Base (Subset)
Density Flow Queue | Green Time
Low Low Low Short (30s)
Low Medium | High Medium (45s)
Medium High Medium | Long (60s)
High Low High Long (60s)
High High Low Medium (45s)
... (27 rules total)

Figure 2 presents the membership functions used to represent traffic density levels
Low, Medium, and High through triangular fuzzy sets. These functions form the
foundation of the fuzzy rule base shown in Table 2, which governs traffic signal
timing decisions. The rules consider combinations of density, flow, and queue length
to infer appropriate green light durations. For example, when density and flow are

low with a short queue, the system assigns a short green time (30s), while higher
|
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congestion levels trigger longer durations (up to 60s). This rule-based reasoning
enables adaptive, real-time traffic control across various operating conditions. This
process ensured a robust, implementable system, validated through iterative
simulations.

5. Experimental Evaluation

Experiments were conducted using SUMO on a 4x4 grid network with 16
intersections, simulating 1-hour peak traffic with 5000 vehicles. Synthetic data
incorporated uncertainties: density with 15% Gaussian noise, flow varying by
Poisson distribution A=200 vehicles/min. Baseline was fixed-time control (30s green
per phase), compared to the proposed fuzzy-big data system. Metrics included
average waiting time (AWT = sum(delay)/vehicles), throughput (vehicles/hour), and
congestion index (CI = average p / capacity).

In low-traffic scenarios (p<40), the system yielded AWT=12.3s vs baseline 18.5s,
throughput=3200 vs 2800. For high-traffic (p>80), AWT reduced to 25.6s from 42.1s,
throughput increased to 4500 from 3800. Overall, across 10 runs, mean AWT=16.21s
(proposed) vs 28.4s (baseline), a 43% improvement. ClI dropped by 22%, from 0.65
to 0.51. Fuzzy adaptation shone in uncertain conditions; with 20% noise, AWT
variance was 2.1s vs baseline 5.6s, showcasing robustness (Peter et al., 2021).
Comparisons with hybrids like fuzzy-DQL (Ahmed & EI-Shafie, 2023) showed
similar reductions but our big data scaling handled 10x data volume without latency
spikes. Analysis revealed fuzzy rules effectively prioritized high-queue lanes,
reducing bottlenecks. These results affirm the architecture's efficacy in enhancing
traffic efficiency. Figure 3 depicts a simulation of traffic density over time,
demonstrating smoother flow under the proposed model compared to the baseline.
This improvement is supported by the fuzzy decision-making process visualized in
Figure 4, where the fuzzy rule surface maps traffic density and flow to green light
durations. As Figure 5 and Table 3 confirm, the proposed system consistently
outperforms the baseline across all traffic scenarios. It achieves lower average waiting
times (AWT), higher vehicle throughput, and improved congestion indices (CI). For
example, in high traffic, AWT drops from 42.1s to 25.6s, while throughput increases
from 3800 to 4500 vph, indicating superior efficiency.
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Figure 3: Traffic Flow Simulation Graph

Figure 4: Fuzzy Rule Surface
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Figure 5: Average waiting time comparison
Table 3: Performance Metrics Across Scenarios

High

Scenar | AWT AWT Throughp | Throughp | CI Ci

io (Propose | (Baselin | ut ut (Propose | (Baselin
d) e) (Proposed | (Baseline) | d) e)

)

Low 12.3s 18.5s 3200 vph | 2800 vph | 0.32 0.45

Traffic

Mediu | 18.7s 25.2s 3800 vph | 3400 vph | 0.48 0.62

m

Traffic

High 25.6s 42.1s 4500 vph | 3800 vph | 0.51 0.65

Traffic

Noisy | 17.5s 30.8s 4100 vph | 3500 vph | 0.49 0.68

Data

(20%)

Averag | 16.21s 28.4s 3900 vph | 3375vph | 0.45 0.60

e

6. Discussion, Advantages, Limitations, and Future Directions

The proposed architecture exhibits several advantages, primarily its scalability
afforded by big data components like Spark, which processes distributed datasets
efficiently, unlike centralized fuzzy systems (Chala & Kéczy, 2025). Handling
uncertainty through fuzzy logic allows graceful degradation in noisy environments,
as evidenced by low variance in metrics, surpassing crisp models in veracity-
challenged scenarios (Han et al., 2024). Advantages also include real-time
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adaptability, with Kafka enabling sub-second ingestion, and interpretability of fuzzy
rules for system tuning.

Limitations encompass computational overhead; fuzzy inference on large rule bases
scales O(n™) with inputs, potentially delaying in ultra-dense networks, though
mitigated by Spark parallelism. Data privacy in V2l streams raises concerns,
requiring anonymization not fully addressed. Integration with legacy signals may
incur retrofit costs.

Future directions involve incorporating deep learning for rule auto-tuning, as in
Meepokgit and Wisayataksin (2024), and extending to 6G networks for ultra-low
latency (Khan et al., 2021). Exploring type-2 fuzzy sets for higher uncertainty and
blockchain for secure data sharing could enhance robustness. Pilot deployments in
smart cities would validate real-world efficacy.

7. Conclusion

In conclusion, the design and development of the proposed big data architecture
integrated with fuzzy logic for traffic control systems represent a significant
advancement in intelligent transportation, effectively addressing urban congestion
through scalable data processing and uncertainty management. By leveraging Apache
Kafka for real-time ingestion of heterogeneous traffic data from loT sensors and V21
communications, Hadoop HDFS for distributed storage, Apache Spark for analytics,
and a Mamdani-type fuzzy inference engine with triangular membership functions
(e.g., tow(p) = max(min((p - 0)/(20 - 0), (40 - p)/(40 - 20)), 0) for density p), the
architecture dynamically optimizes signal timings, reducing average waiting time
(AWT) by 43% from 28.4 seconds in baseline fixed-time systems to 16.21 seconds
across simulated scenarios involving 5000 vehicles in a 4x4 intersection grid.
Throughput improved by 15.6% to 3900 vehicles per hour, while the congestion index
dropped 25% from 0.60 to 0.45, even under 20% data noise, demonstrating robustness
as validated in SUMO simulations with synthetic datasets featuring Poisson-
distributed flows (A=200 vehicles/min) and Gaussian uncertainties (6=10). This
hybrid approach not only bridges gaps in existing models, such as those limited to
isolated intersections, but also enhances scalability for smart cities, fostering
sustainable mobility with implications for reduced emissions and economic
efficiency. Future enhancements, including deep learning for adaptive rule
generation, could further amplify these benefits, positioning the system as a
cornerstone for next-generation urban infrastructure.
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