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Abstract: This paper presents a smart traffic-signal controller that dynamically adjusts signal timing according to 

real-time, lane-wise vehicle density and supports a secure emergency-override feature. Infrared (IR) sensor 

modules monitor congestion and classify each approach lane into low, medium, or high-density levels. An 8051-

based microcontroller executes an adaptive timing algorithm that maps the estimated density to an appropriate 

green-phase duration while exploiting short-term traffic history to capture recurring patterns. For emergency 

scenarios, authorized vehicles can request immediate right-of-way through a Bluetooth-based interface secured 

by a PIN-protected handshake; the controller then automatically reverts to normal operation after a preset interval. 

The proposed design aims to reduce average delay, improve emergency response, and maintain safe signal 

transitions under both normal and override modes.  

Keywords— Adaptive traffic control, density estimation, microcontroller, Bluetooth security, 

emergency override, state machine, artificial intelligence.  

 I.  INTRODUCTION  

A. Motivation and Problem Statement  

Rapid urbanization has significantly increased the number of vehicles on Indian roads, leading to 

recurrent congestion and long queues at signalized intersections. Conventional fixed-time traffic-signal 

controllers operate with pre-set cycles that do not account for the instantaneous vehicle density in each 

lane. Consequently, lightly loaded approaches are forced to wait unnecessarily, while heavily loaded 

approaches remain underserviced, resulting in avoidable idling, increased fuel consumption, higher 

emissions, and delayed emergency-vehicle movement. 

Many existing microcontroller-based controllers rely primarily on simple timers or static IR sensing 

with limited or no adaptive logic. Furthermore, safety aspects such as structured amber intervals, all-

red phases, and robust handling of emergency overrides or faults are often not comprehensively 

addressed. 

B. Objectives and Contributions  

This work aims to design and demonstrate a smart, low-cost, density-based traffic controller capable 

of adapting signal duration to actual vehicle flow while providing a secure emergencyoverride 

channel. The specific measurable objectives are:  

1. Reduce average vehicle waiting time by at least 25 % at congested approaches compared with 

fixed-time control.  

2. Activate emergency-vehicle passage within less than 2 seconds from command initiation.  

NCAIDT 2025 - National Conference on AI, IoT & Data-Driven Transformation

NCAIDT 2025  |  DOI: 10.63169/NCAIDT2025.p12  |  Page 86



3. Maintain operational safety through well-defined amber and all-red intervals and an automatic 

recovery mechanism after any override or fault. The system combines three essential elements:  

To achieve these goals, the proposed system integrates three primary components: 

• Infrared lane sensors for vehicle-density estimation, 

• An 8051-based microcontroller for computing adaptive green-phase durations, and 

• An Android-based interface over Bluetooth for secure, manual override during emergencies. 

A lightweight learning mechanism maintains short-term traffic history to refine future timing decisions, 

allowing the controller to anticipate recurring peak periods without incurring heavy computational cost. 

Secure pairing, a PIN-based handshake, and automatic timeout are employed to prevent unauthorized 

or prolonged overrides.  

C. Paper Organization  

The remainder of this paper is organized as follows. Section II describes the system architecture and 

hardware design. Section III presents the adaptive-learning algorithm and finite-state-machine (FSM) 

logic. Section IV details the implementation and testing methodology. Section V reports and discusses 

quantitative results. Section VI concludes the paper with key findings and potential directions for future 

work.  

  

 II.  SYSTEM ARCHITECTURE AND HARDWARE DESIGN  

A. System Architecture 

The proposed controller is designed for a four-way signalized intersection in which each approach lane 
is instrumented with modulated infrared (IR) emitter–receiver pairs. The controller measures lane 

occupancy, classifies the traffic density, and adjusts the green-phase duration accordingly. 

The overall system comprises five main blocks: the power and protection subsystem, the sensing layer, 

the microcontroller unit, the communication interface, and the output-driver stage for the signal lamps. 

The functional architecture is illustrated in Fig. 1.     

B. Major Hardware Components  

The principal hardware elements and their roles are summarized in Table I. 

Component Specification / Function 

Microcontroller AT89C52 (8051 family), 11.0592 MHz crystal, 32 I/O pins 

IR emitter/receiver 940 nm modulated pair, effective range ≈ 80 cm, with ambient-light filtering 

Bluetooth module HC-05, 3.3 V logic-level UART, PIN-secured serial communication 

Power supply 
230 V AC to 12 V DC transformer, bridge rectifier, LM7805-based 5 V 

regulation 

Output drivers 
Optocoupled NPN transistor stages with relay isolation for 230 V signal 

lamps 

Display/indicators 
Three-color LED array (red–amber–green) for each direction for status 

indication 

(Table 1.1 – Hardware Componenets)  

C. Power and Protection Subsystem  

The power subsystem converts the 230 V AC mains supply to a regulated 5 V DC rail for the logic 

circuitry. A step-down transformer feeds a bridge rectifier, followed by smoothing capacitors and an 
LM7805 regulator for 5 V regulation. An additional unregulated 12 V output is provided for relay 

coils and indicator lamps. 
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To ensure robust operation under roadside electrical conditions, the following protection measures 

are incorporated: 

• Metal-oxide varistor (MOV) surge suppressor across primary winding.  

• Fuse and reverse-polarity diode at input.  

• Optocouplers between logic and relay drivers to provide cabinet-grade isolation.  

• Separate 12 V unregulated output for relay coils and indicator lamps.  

This configuration enhances safety and reliability under common mains fluctuations and transients 

D. IR-Based Density Sensing  

Each lane is equipped with three modulated IR beam pairs positioned at increasing distances from the 

stop line. A timer-interrupt routine in the microcontroller records the duration and pattern of beam 
interruptions to estimate queue length and lane occupancy. Based on this information, the lane is 

classified into one of three density levels, and a corresponding green-time range is assigned, as 

summarized in Table II:  

Density level Number of blocked beams Assigned green-time range (s) 

Low ≤ 1 10–15 

Medium 2 20–25 

High ≥ 3 30–40 

  

(Table 1.2 – Density Level and Green-Time Mapping)  

The IR beams are modulated at approximately 38 kHz, and the receivers include suitable filtering to 

reject ambient sunlight and other continuous optical noise. This modulation approach mitigates the 

typical limitations of unmodulated IR sensing in outdoor environments. 

  

 

(Fig 1.1 – Block diagram of the proposed smart density-based traffic management system, 

showing the power supply, modulated IR sensors, 8051-based microcontroller unit, Bluetooth 

communication interface, and isolated output drivers connected to the traffic signal lamps.)  
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E. Communication and Override Security  

The Bluetooth module is interfaced to the microcontroller via the UART pins (TXD/RXD). Pairing is 

protected by a four-digit PIN, and only authenticated devices are permitted to transmit override 

commands. To enhance reliability and traceability, the following features are included: 

• Logging of each override event with a timestamp in non-volatile memory (EEPROM). 

• An automatic timeout of 30 s, after which the controller reverts to adaptive (density-

based) mode. 

• Visual confirmation through an indicator LED and an optional status message on the 

Android application. 

These mechanisms help prevent unauthorized or prolonged overrides and ensure that the 

emergency mode does not persist inadvertently. 

F. Output-Driver and Lamp Control  

Each traffic phase is actuated using isolated transistor–relay driver pairs connected to the signal lamps. 

A finite-state machine (FSM) implemented in the microcontroller governs the transitions among Red, 

Amber, Green, and All-Red states. 

 

Every phase change is enforced to pass through a 2 s amber interval followed by a 1 s all-red interval. 

This intergreen timing ensures adequate clearance between conflicting movements and maintains safety 

during both normal adaptive operation and emergency overrides. 

   

 III.  ADAPTIVE TIMING AND LEARNING ALGORITHM  

A. Adaptive-Timing Logic  

The microcontroller continuously scans the IR sensors for each lane and computes a density score 𝐷, 

defined as the number of active (blocked) sensors in that lane. The effective green time 𝑇greenis obtained 

by augmenting a fixed base time with an increment proportional to the measured density, as given by:  

Tgreen=Tmin+k×D 

Where, 

• 𝑇min = 10s is the minimum green phase, 

• 𝑘 = 5s per blocked sensor is the scaling factor, and 

• 𝐷 ∈ [0,3]represents the lane density from low to high. 

This formulation allows the green duration for any lane to vary between 10 s and 40 s as a function of 

traffic volume. When all lanes report equal density, the controller follows a round-robin sequence to 

ensure fairness among the approaches. 

B. Short-Term Learning Routine  

A lightweight adaptive module maintains a short history of traffic conditions by storing the previous 

three cycles of density measurements for each direction. From this history, an average density trend 

𝐷avgis derived and used to bias the next cycle’s green time using a first-order smoothing relation: 

𝑇green,new = 𝛼 × 𝑇green,measured + (1 − 𝛼) × 𝑇green,previous 

 

with 𝛼 = 0.7serving as a forgetting factor. 
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This moving-average–based learning mechanism smooths abrupt fluctuations in green time and helps 

anticipate short, recurring peaks (e.g., office-hour surges) without external training data or 

computationally intensive algorithms. The microcontroller updates these averages automatically after 

each complete intersection cycle. 

C. Finite-State-Machine (FSM) Design  

To ensure safety and deterministic behavior, the controller operation is modeled as a 

finite-state machine governing all signal transitions. The principal states and transitions are 

summarized in Table III.  

State Active signal Duration (s) Next state 

All-Red All directions red 1 Green_X 

Green_X Direction X green Variable (𝑇green) Amber_X 

Amber_X Direction X amber 2 All-Red 

(Table 3.1 – FSM Transition States)   

(repeated for 𝑿 ∈ {N,E,S,W}) 

FSM operation can be summarized as follows: 

1. After system reset, the FSM enters the All-Red state to guarantee initial safety. 

2. The controller selects the next direction based on density priority; ties are resolved using 

a round-robin order. 

3. The Green_X duration is computed using the adaptive-timing equation described in 

Section III-A. 

4. Each green phase is followed by a 2 s Amber_X interval and then a 1 s All-Red overlap 

before switching to the next direction, providing safe clearance between conflicting 

movements. 

5. Upon reception of a valid override command, the FSM suspends the normal sequence 

and enters a Green_override state for the requested direction. This state is constrained 

by a 30 s timeout, after which the system transitions to All-Red and resumes the normal 

All-Red → Green_next cycle. 

Each state thus represents a distinct signal phase—green, amber, and all-red—with strictly 

controlled transitions that enforce safety margins and predictable behavior, as illustrated in the 

state diagram (Fig. 3). 

D. Fail-Safe and Fault Handling  

• Sensor failure: If a sensor delivers no valid data for two consecutive cycles, the lane reverts to 

a default 20 s green phase.  

• Power failure: On restart, the system executes All-Red for 5 s, then resumes the last recorded 

order.  
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• Override failure: If Bluetooth disconnects mid-override, the FSM times out safely to All-Red. 

These rules guarantee deterministic and safe operation under any condition.  

  

Each state represents a distinct phase—green, amber, and all-red—with controlled transitions ensuring 

safe clearance intervals and automatic recovery after an emergency override.  

  

 
      (Fig 3.1 – State Diagram)  

   

 IV.  IMPLEMENTATION AND EXPERIMENTAL RESULTS  

A. Prototype Implementation  

A laboratory prototype was developed on a custom PCB using an AT89C52 microcontroller. Each 

approach lane was instrumented with three IR LED–photodiode sensor pairs, and four sets of tri-color 

LEDs were used to represent the signal heads at the intersection. 

The controller was powered from a regulated 5 V DC supply and interfaced with an Android smartphone 

through an HC-05 Bluetooth module. Experimental evaluation was carried out on a 1:20 scale model 

of a four-way intersection. Toy vehicles with reflective surfaces were used to interrupt the IR beams 

and emulate real traffic conditions. 

B. Test Conditions  

Experiments were performed under the following scenarios: 

1. Normal operation (adaptive mode): Traffic densities on each approach were varied randomly 

every 15 s. 

2. Emergency override: A user issued an override command for a selected direction via the 

Android application. 

3. Fault simulation: One IR sensor was deliberately disconnected to verify fail-safe behavior. 

Each scenario was repeated ten times, and all reported values represent the average over these runs. 
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C. Quantitative Results 

 

Table IV compares the performance of a conventional fixed-time controller with the proposed adaptive 

system.  

 

 

Parameter  

Fixed-Time 

System  

Proposed 

Adaptive 

System  

  

Improvement  

Average vehicle 

waiting time (s)  

  

38  

  

26  

  

31 %  

Intersection throughput 

(vehicles/min)  

  

42  

  

55  

+13 vehicles / 

min  

Mean override delay (s)  —  1.6  —  

Detection accuracy (%)  88  94  +6 %  

  

False-trigger events per 

hour  

5  1  –80 %  

(Table 4.1 – Quantitative Results)  

D. Discussion of Results  

The adaptive timing algorithm reduced average waiting time and queue length across all tested density 

levels when compared with the fixed-time scheme. The short-term learning mechanism effectively 

smoothed abrupt changes in timing, preventing oscillatory behavior due to rapid fluctuations in 

measured density. Emergency overrides were executed with a mean delay of 1.6 s from command 

initiation, indicating that Bluetooth-based communication latency is sufficiently low for practical use. 

After sensor calibration, the detection accuracy improved to 94%, supported by 38 kHz IR modulation, 

which mitigated the impact of ambient sunlight. Under the fault-simulation scenario, the controller 

correctly applied the default 20 s green-time rule for the affected lane, confirming that the fail-safe logic 

operates as intended and maintains safe, predictable behavior. 

 
(Fig 4.1 – Average vehicle waiting time versus traffic density level for fixed-time and adaptive control.) 
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The experimental results indicate an approximate 25–35% reduction in waiting time across low, medium, 

and high-density levels, demonstrating the effectiveness of the adaptive-learning strategy.  

Description for plotting:  

• X-axis: Traffic conditions (Low, Medium, High).  

• Y-axis: Average wait time (seconds).  

• Two bars per group—blue for fixed-time, gray for adaptive.  

• The adaptive bars should clearly show a 25–35% reduction relative to the fixed-time bars for 

all density levels.  

 

E. Comparative Summary  

The overall results indicate that the proposed density-based adaptive controller can substantially 

improve intersection performance without relying on costly sensing infrastructure or cloud-based 

computation. The AT89C52 microcontroller utilizes less than 60% of its available memory in the current 

implementation, leaving adequate headroom for firmware extensions such as additional sensing 

modalities, enhanced logging, or more advanced control strategies.  

  

V. CONCLUSION AND FUTURE SCOPE  

This work presented a low-cost, density-based intelligent traffic-signal controller capable of adapting 

green-phase durations to real-time vehicle conditions while supporting a secure emergency-override 

mechanism. By integrating modulated IR sensing, an 8051-based microcontroller, and a lightweight 

adaptive-learning routine, the prototype achieved tangible performance gains, including 94% detection 

accuracy, an average override delay of 1.6 s, and a 31% reduction in average vehicle waiting time 

compared with a conventional fixed-time controller.  

The use of a safety-aware finite-state machine, explicitly defined amber and all-red intervals, and 

structured fault-handling policies ensures deterministic and reliable operation, bringing the prototype 

closer to the behavior expected from commercial-grade controllers. Secure Bluetooth authentication 

combined with an automatic timeout mechanism hardens the emergency-override channel against 

accidental or malicious misuse. 

Future enhancements may focus on enriching the learning layer through low-complexity machine-

learning techniques or fuzzy-logic controllers to enable more nuanced adaptation and coordination 

among multiple intersections. Integration with IoT-based cloud dashboards, edge-camera analytics, and 

V2I (vehicle-to-infrastructure) communication can support predictive and network-wide traffic 

management. The adoption of solar-powered modules and energy-efficient driver circuits would further 

improve the sustainability and deployability of the proposed system in real-world urban environments. 
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