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Abstract: Ina metro like Chennai, which has a large population and heavy traffic congestion, the traffic management system has
remained largely unchanged for decades. The existing infrastructure does not account for the real-time volume of traffic, which
poses a critical problemfor emergency vehicles such as ambulances that may lose precious minutes waiting atred lights. To address
this, a new system is proposed that employs two deep learning models. The first model performs real-time traffic analysis across
all lanes and identifies which lanes have reached maximum capacity. The second model is trained specifically to detect ambulances
and other emergency vehicles, triggering an immediate traffic light override upon detection. Unlike traditional fixed-schedule
systems, the proposed framework dynamically adjusts signal timing based on current traffic conditions. Testing on real intersection
footage demonstrated significant improvements: average wait times at traffic lights were reduced from 90 seconds to 35 seconds,
signal efficiency improved from 60% to approximately 90%, and ambulances were able to clear intersections in approximately 25
seconds.

Index Terms — YOLOV8,Adaptive Signal Control,Ambulance Detection, Traffic Density Estimation,Smart
Intersection,OpenCV.

I. INTRODUCTION

Traffic signal infrastructure has been one of the slower-moving components of the modern smart city. At the heart of urban
mobility, traffic signal systems continue to operate based on timing plans programmed years ago without updates. During morning
peak hours, a lane feeding a busy arterial may queue twenty or more vehicles while the adjacent side road stands virtually empty
— yet both receive the same green window under a static schedule. This results in unnecessary fuel consumption and a gradual
buildup of queues that may take multiple cycles to clear.

The problem is considerably worse for emergency vehicles. In most Indian cities, ambulance drivers rely either on manually
signalled override requests conveyed through traffic personnel or, more frequently, on other road users voluntarily making way —
neither approach is reliable. A two- or three-minute delay at a busy intersection can be life-threatening for a cardiac patient. An
automated system that recognizes an ambulance in the camera feed and holds its lane green until it passes is both desirable and
technically feasible.

YOLOvV8 was selected as the detection backbone for several reasons. Compared with its predecessors, YOLOv8n runs
comfortably in real time on CPU-only hardware — an important constraint given the modest budgets of most municipal traffic
projects. Its anchor-free architecture makes it more tolerant of unusual vehicle scales (motorcycles close to the camera versus large
buses further away), and Ultralytics provides a well-documented fine-tuning pipeline that simplified the custom ambulance training.
Earlier experiments with YOLOV5 on the same hardware showed inference times roughly 30-40% higher, while a Faster R-CNN
prototype produced acceptable accuracy but was too slow for frame-by-frame control decisions.

The main contributions of this work are: (i) a closed-loop traffic controller that adjusts per-lane green durations every
processing cycle using live vehicle counts; (ii) an ambulance override protocol that activates in under one second and holds the
affected lane green until the vehicle passes; (iii) a web dashboard providing real -time visibility into lane densities, signal states, and
emergency alerts; and (iv) a systematic evaluation against fixed-cycle baselines using pre-recorded intersection footage covering
peak and off-peak conditions.

Il. LITERATURE SURVEY

Early automated traffic control relied on inductive loops embedded in road surfaces. These detectors reported vehicle presence
but could not identify vehicle type, size, or direction of travel. They were also expensive to install and required significant
maintenance [1]. Camera-based systems using image processing techniques such as background subtraction and frame differencing
were subsequently developed, eliminating the need to excavate roads. However, these methods performed poorly under low -light
conditions, rain, and camera angle changes [2].

The introduction of deep learning transformed the field. CNN-based detectors such as YOLO and SSD demonstrated reliable
vehicle detection across varying conditions and became the dominant approach after approximately 2018 [3]. Adaptive signal
control leveraging real-time flow data, as opposed to fixed timing plans, was also developed during this period. Zhang et al. [4]
reported measurable improvements in intersection traffic flow using this approach. Reinforcement learning methods have also been
explored; Gupta and Sharma [5] trained a policy network on a grid of intersections and reported that the learned signal strategies
outperformed hand-tuned adaptive schemes in high-traffic settings. However, their system required weeks of simulation training
and had not been validated on real road footage.
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Emergency vehicle priority has received comparatively less attention in the literature. Patel et al. [6] proposed a vision-based
system that achieved 92% ambulance detection accuracy during daytime conditions, which dropped to 74% at night — a limitation
also noted in a related study [7]. Graph-based signal coordination [8] and transformer-based vehicle tracking [9] have shown
promising results but require significantly more computational resources. Recent research has explored edge computing solutions
[11] that move inference to the device level to reduce latency, and federated learning [10] to enable model improvements without
transmitting video feeds, addressing privacy concerns that have slowed deployment. Multi-modal sensor fusion [12] combining
vision with other data streams is also being investigated to improve system robustness. The present work addresses the gap in low-
cost, infrastructure-free solutions for density-adaptive control and ambulance priority that do not require road sensors or cloud
connectivity.

I1l. PROPOSED METHODOLOGY

A. Limitations of Conventional Fixed-Cycle Controllers

Traditional traffic controllers cycle through lanes in a fixed sequence, assigning each lane 22 to 30 seconds of green time
regardless of the number of waiting vehicles. This approach performs adequately when traffic distribution is balanced and
predictable. In practice, however, most real intersections exhibit significant imbalances — near schools or industrial areas, one lane
may carry three times the traffic of another. The fixed plan cannot accommodate this variability: heavily loaded lanes receive
insufficient green time to clear, while lightly loaded lanes waste their allocation.

B. Proposed Al-Based Control Architecture

The primary YOLOv8n model processes each video frame and detects all vehicles, including trucks, cars, motorcycles, and
buses. The same frame is subsequently examined by a second YOLOv8 model trained specifically for ambulance detection. A
detection confidence of 0.50 or greater triggers an emergency flag. This threshold was selected after empirical evaluation: at 0.35,
the ambulance model produced excessive false positives, flagging vans and SUVs as ambulances. Raising the threshold to 0.50
substantially reduced these errors at the cost of a marginal increase in missed detections. A false alarm was judged to be more
disruptive to traffic flow than a slightly delayed true detection.

Vehicle density D in a lane at time t is computed as the sum of detected vehicles across all classes (car, bus, truck, motorcycle).
When an ambulance is detected, a bonus value of 50 is added to the density score to guarantee preemption over any hon-emergency
lane. The base green time is 5 seconds, with a density-proportional bonus capped at 15 seconds, yielding a maximum of 20 seconds
per lane.

Table I: Traditional vs. Proposed System Comparison

Criterion Traditional System Proposed System
Signal Timing Static, pre-programmed Density-adaptive, per-cycle
Vehicle Detection Induction loops YOLOV8 dual-model pipeline
Vehicle Classification Binary presence only Car, Bus, Truck, Motorcycle, Ambulance
Emergency Priority Manual / None Automated green corridor
Adaptability None Real-time density bonus
Installation Cost High (road sensors) Low (existing CCTV cameras)
Human Intervention Required for override Fully autonomous

C. Adaptive Signal Control Logic

The Traffic Logic class iterates through lanes 1 to 4 in sequence. Each lane's green time equals the base time (5 seconds) plus
a density bonus capped at 15 seconds, for a maximum of 20 seconds per lane. The controller initialises by acquiring live video feeds
from four road approaches. These feeds are processed frame by frame using OpenCV, and each frame passes through both detection
models in sequence: vehicle count first, followed by ambulance check.
D. Ambulance Override Protocol

When the controller detects an ambulance in any lane, it immediately switches to override mode. If multiple lanes contain
ambulances simultaneously, the lane with the lowest index takes priority. If that lane is already green, its timer resets to zero and it
remains green for the duration of the ambulance's passage. If another lane is currently active, it is immediately set to red and the
ambulance lane is granted a 20-second green phase.

The raw vehicle density for a given lane at time t is computed as:
D(t) =X nk(t), k € {Car, Bus, Truck, Motorcycle} ... (1)
D'(t) =D(t) + 50 [if ambulance detected] ... (2)

The additive bonus of 50 ensures that a lane with an ambulance will always rank above any reasonable non-emergency scenario,
guaranteeing preemption. The green phase duration G is then:

G =T _base + min(D(t), T_max) ... (3)
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where T_base =5 s and T_max = 15 s. The minimum base time ensures that each lane receives at least some green time to
clear vehicles that may have entered during the previous red phase. The 15-second cap prevents a heavily loaded lane from
monopolising the intersection.

IV. SYSTEM ARCHITECTURE

The system comprises four functional layers: input, processing, control, and presentation. The input layer receives video
streams from four IP cameras covering the approaches of anintersection. Using OpenCV, each streamis decomposed into individ ual
frames that are forwarded to the processing layer. In the processing layer, each frame is passed through the YOLOV8 detection
models, which identify vehicles and flag emergency vehicles. The control layer interprets detection results and adjusts traffic signal
states accordingly. The presentation layer renders annotated video feeds, per-lane vehicle counts, signal states, and emergency alerts
on a web dashboard accessible from any browser. Figure 1 illustrates the complete system architecture and application flow.

Fig. 1: System Architecture and Application Flow Diagram

V. IMPLEMENTATION DETAILS

The complete system is implemented in Python 3.10. The Ultralytics library is used for YOLOV8 inference. OpenCV 4.x
handles video input, output, and frame annotation. Flask 3.x serves the web dashboard with the threaded option e nabled, allowing
itto handle up to four concurrent video streams without blocking. The sqlite3 module manages user credentials. At startup, detection
models are loaded within a try-except block; if a model file is missing or corrupted, raw unannotated frames continue to stream to
the browser and the signal controller reports a stale state rather than crashing.

Inference thresholds were set deliberately: 0.25 for standard vehicles and 0.50 for ambulance detection. This asymmetry was
intentional. A false positive for a standard vehicle extends a green phase by a few seconds; a false ambulance override can disrupt
traffic flow for up to 20 seconds and may endanger other road users. The higher threshold trades some recall for substantially more
reliable emergency detection. It was noted that this conservative threshold occasionally caused the model to miss ambulances in
heavy rain or deep shadow — a limitation to be addressed in future iterations.

VI. RESULTS AND DISCUSSION

A. Evaluation Setup

Testing was conducted using four pre-recorded intersection clips loaded as lane inputs. The dataset covered morning peak
traffic inlanes 1 and 2, mid-day off-peak conditions in lane 3, and a series of controlled ambulance scenarios in lane 4. A traditional
90-second cycle (22.5 seconds per lane) was used as the baseline for comparison. It should be noted that live intersection access
was not available during development; all performance figures must therefore be interpreted in the context of pre-recorded footage.

B. Confusion Matrix Analysis

The confusion matrix for ambulance detection (Fig. 2) shows 182 correct identifications, 78 false positives, and 43 false
negatives. The normalised ambulance recall is 81%, meaning the model fails to detect an ambulance in approximately 19% of cases
— alimitation that must be resolved before deployment in safety-critical settings. The false positive rate against background classes
was higher than expected, indicating the need for a more diverse negative training set, particularly including large white commercial

o M

z
<

AMBL

vehicles that tend to resemble ambulances under image compressidn artifacts.

Fig. 2: Confusion Matrix for Ambulance Detection Showing Classification
Performance Between Ambulance and Background Classes.

C. Performance Comparison

Table Il compares YOLOV8 against alternative detection models. Although YOLOV8 does not lead on raw precision or recall
compared to Faster R-CNN, its inference speed advantage is the deciding factor for this application — real-time traffic signal
control cannot tolerate the latency of a two-stage detector. During testing, the YOLOV8 pipeline maintained consistent frame rates
even when all four camera feeds were processed simultaneously on a mid-range laptop GPU.
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Table I1: Performance Comparison of Object Detection Models

Model Precision Recall MAP@0.5 Speed Stability
SSD 0.55 0.50 0.48 Fast Medium
Faster R-CNN 0.72 0.62 0.60 Slow High
YOLOv5 0.70 0.60 0.58 Fast High
YOLOVS8 (Proposed) 0.67 0.55 0.56 Very Fast Very High
D. Output

The proposed system is fully software-based and designed to process both offline traffic data and live CCTV feeds. Upon
uploading video streams, the system performs real-time detection of both ambulances and general traffic using the two trained
YOLOvV8 models. The dashboard integrates these outputs into a single interface that includes per-lane traffic reports, signal health
indicators, and emergency alerts (Fig. 3). The adaptive signal control logic dynamically adjusts green phase durations while
providing immediate priority to detected ambulances, validating the dual-model approach under realistic conditions.

Fig. 3: Output of Dashboard

The system includes a front-end dashboard and a continuously operating back-end (Fig. 4). The back-end, implemented in
Python and Flask, manages video uploads, validates inputs, and passes frames into the detection pipeline without interruption. The
two YOLOv8 models run in parallel for real-time response. Continuous logging confirms stable operation across multiple
simultaneous feeds and instantaneous signal updates based on detection results.

Fig. 4: Backend Running with Flask
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E. Model Training Performance

The training curves for YOLOV8 (Fig. 5) demonstrate stable convergence across all loss components: box loss, classification
loss, and distribution focal loss. Both training and validation losses decrease as expected, with low overfitting. Precision and recall
improve progressively, reaching approximately 0.82 and 0.73 respectively. The progressive improvement in mAP@0.5 and
MAP@0.5:0.95 metrics demonstrates the robustness and generalisation capability of the proposed detection model.
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Fig. 5: Training Curves of YOLOvV8 Showing Convergence and Performance Improvement

VII. CONCLUSION

This work presented a dual-model YOLOv8 framework for adaptive traffic signal control with integrated ambulance priority.
The systemaddresses the real-world problem of fixed-cycle signals that waste time and i mpede emergency response by recalculating
green phase durations every second from live camera inputand overriding normal signal operation within one second of ambulance
detection. Evaluation on pre-recorded intersection footage demonstrated an 80% reduction in emergency vehicle clearance time and
a 51% improvement in average wait time compared to a standard fixed-cycle baseline.

VIII. FUTURE SCOPE

Several directions for future work have been identified. An infrared-aware or low-light-trained detection model would enhance
nighttime performance beyond what the current model achieves. Incorporating vehicle class weighting into the density estimation
equation — assigning higher weight to buses and trucks relative to motorcycles — could yield more accurate density estimates. A
reinforcement learning policy layer could learn from historically collected density data to optimise queue lengths at a network level
rather than maximising per-lane throughput independently. Multi-intersection coordination represents the primary limitation of the
current deterministic approach and is identified as the most significant area for future development.
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