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- Problem statement SUMO Simulation & Final Assembly Computer Vision
Urban traffic congestion increases delays, fuel use, and ) . . . .
emissions due to outdated traffic management systems that Environment — TN, YOLO Model: is a fast, real-time object detection
] . s . : 2 system that has been effectively utilized to detect
cannot adapt to real-time conditions. This inefficiency : _ ' . and recognize vehicles in various traffic systems,
underscores the urgent need for an intelligent traffic light | - vk e acting as inputs for the DRL model.
system _ that dynamically —optimizes flow and reduces | L et e OpenCV: is a comprehensive library aimed at real-
congestion. e g time computer vision applications that has been
- _ . , IR W e— - — used for frame manipulations, drawing annotations,
Constraints and enhancing the visualization of detection results.

Supervision: a platform designed to optimize
computer vision projects by managing and
enhancing datasets, extracting key features for
improved model training.

Infrastructure Compatibility: Must integrate with existing traffic systems.

Backup System

In case of DRL failure, our backup system seamlessly
Integrates computer vision and traditional traffic light

Target Specifications control to ensure uninterrupted traffic management.
This equation dynamically adjusts traffic light
: DRL Model durations per lane based on real-time vehicular weight,
@ Our Deep Reinforcement Learning (DRL) model maintaining flow better than traditional systems.
" employs advanced algorithms to optimize traffic Time = 60 x ((cars x car_weight) + (trucks x truck_weight)
@ light timings, significantly reducing delays and + (busses x bus_weight) + (motorcycles x motorcycle_weight))
@ maximizing vehicle throughput using real-time = /Total_capacity
traffic data. It dynamically adjusts traffic signals |  %¢¢ ------3m[— ] ------- Total_capacity = 30, Car_weight = 1
@ to minimize vehicle wait times and idle periods, © - Truck_weight = 1.5, Bus_weight = 3
constrained by a 60-second green time limit and Motorcycle_weight = 0.5
@ ensuring sequential light changes for safety. This S N S -
7 model is designed to outperform traditional | i oecvimenesy oo gt Conclusions & Future Work
traffic systems by at least 40% reduction in idle 4

Our project demonstrates a smart traffic light system
powered by deep reinforcement learning that
effectively improves traffic flow and reduces
congestion. The prototype’s success in simulated

time, aiming for a 10% increase in vehicle

i throughput. Integrated seamlessly with existing
PrOJeCt ImpaCt traffic infrastructure, the DRL model not only
promises enhanced traffic flow and safety but
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Economic: Reduces congestion-related costs and spurs | |
|

traffic management innovations. also supports urban mobility with a scalable |  teoooooe SIS environments indicates strong potential for real-world
* Societal: Improves commute times, enhances public safety, solution that adapts to varying traffic patterns application. Future enhancements will focus on diverse
and supports equitable access. - 1 ’ traffic scenarios and emergency vehicle prioritization
. Enyi D ssions by optimizi - demonstrating a substantial improvement over an and emergency P )
nwronment_a. ecreases emissions by optimizing traffic conventional traffic management approaches. aiming to 5|gq|f|cantly impact urban tra_fflc
flow, promoting cleaner air. management, public safety, and environmental quality.
DRL Validation Dashboard Testing and Validations Testing YOLO Validation Dashboard
1 - fk : ) gt ¥ cor| 0 ¥ A (8P g o v st B8 YOLO Model Analysis [
DRL & Traditional System analysis [} Our  prototype r_|goro_usly met and e_xceeded Y il ;é‘ 20 3‘2\ g ._
designated  specifications in a simulated # & ke T P N Sy
— o : environment  with 16  intersections.  Key " o CSEMESEE o adan - [ SENE | —
Average Waiting Time vs. Episode Avg Wait Time for Normal System Avg Throughput for Normal System aChievementS iﬂClUde a. 40% redUCtion in idle time e : [ \ , - : d x II I I 7 7% :
7.2629 Seconds 0.11187 Cars/Sec and a dramatic 400% increase in vehicle throughput, |*4 Vi \§ ~8& e T HEm | e e

reflecting significant improvements over traditional |
3.86397 Seconds 0.59014 Cars/Sec systems. Decisions are made within a rapid 5-second s
6 —— S— timeframe, demonstrating the prototype’s efficiency &% &
s 81.96483% 427.54326% in dynamic traffic management. Cost-effectiveness ¥ ;
B B was also validated, with implementation costs kept

under $3000 per junction. These results affirm the |
prototype’s effectiveness and its potential scalability
for real-world traffic systems.

Episode

# of Vehicles: 10 Time Given: 22s # of Vehicles: 10 Time Given: 20s
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