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Abstract

Urban traffic congestion remains a persistent global challenge, contributing to significant
economic inefficiencies, elevated greenhouse gas emissions, and diminished quality of life.
This paper presents a real-world video-based traffic monitoring study combined with a
proposed adaptive signal control framework. In the monitoring component, YOLOv11
object detection was applied directly to footage recorded from an overhead bridge position
on a 40 km/h road. The model successfully detected and tracked multiple road-user
categories, including cars, trucks, buses, motorcycles, cyclists, and pedestrians, yielding
1041 vehicle detections across 25 unique tracked objects. Vehicle speeds were estimated from
inter-frame centroid displacement, and a Region of Interest (ROI) occupancy model was
used to classify congestion states as High, Medium, or Free Flow using thresholds grounded
in Highway Capacity Manual (HCM) level-of-service criteria. The system detected 11 high-
congestion frames (3.8%), 184 medium-congestion frames (63.9%), and 93 free-flow frames
(32.3%), consistent with moderate congestion observed during the recording period. In the
proposed control component, a Proximal Policy Optimisation (PPO)-based reinforcement
learning signal controller is designed around the YOLOv11 detection outputs as its state
representation. Based on comparable adaptive traffic signal control studies in the literature,
the proposed framework is projected to achieve approximately 25% higher peak-hour
throughput, 35% shorter queue lengths, and 32% lower average waiting times relative
to a fixed-time signal baseline. The detection accuracy (mAP@0.5 = 93.2%) and inference
speed (32 FPS) cited are published YOLOv11 benchmarks used as indicative performance
references. This work bridges real-world perception and proposed intelligent control,
providing a transparent and reproducible methodology for next-generation smart city
traffic management.

Keywords: artificial intelligence; machine learning; computer vision; YOLOv11; object
detection; reinforcement learning; traffic signal control; smart cities
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Unlike its predecessors, YOLOv11 introduces an enhanced feature pyramid network
(FPN) architecture and an improved anchor-free detection head, delivering superior small-
object detection particularly relevant for cyclists and pedestrians in dense urban scenes.
In this study, YOLOv11 was applied directly to traffic video without domain-specific
retraining, demonstrating the model’s practical transferability to new recording conditions.

Simultaneously, reinforcement learning (RL) has emerged as a powerful paradigm
for adaptive traffic signal control (ATSC), capable of learning non-intuitive signal timing
strategies that outperform fixed-time and rule-based alternatives under dynamic demand
conditions [2—4]. Proximal Policy Optimisation (PPO), a stable and sample-efficient policy
gradient algorithm, has been widely applied to ATSC in simulation environments with
consistently promising results [2-5].

This paper makes two related contributions. First, it reports a traffic monitoring study
in which YOLOvV11 was applied to video footage of an urban road to detect and classify
vehicles, estimate their speeds, and classify observed traffic congestion states. The video
was recorded from an overhead bridge position on a 40 km/h road, and YOLOv11 inference
was run directly by the authors using the Ultralytics Python version 3.12.10 APIL Second, it
proposes and fully specifies, but does not yet experimentally implement and test, a PPO-
based adaptive signal control framework whose state representation is derived directly from
the YOLOv11 detection outputs. The projected performance of this proposed framework
is characterised by reference to comparable studies in the ATSC literature. This two-part
structure is intentional, and the perception component is empirically grounded in real-
world data, while the control component provides a concrete, reproducible design for
future experimental validation.

1.1. Key Contributions
The principal contributions of this work are:

¢ Traffic monitoring study applying YOLOV11 to footage from a 40 km/h road, detecting
and tracking multiple road-user categories such as cars, trucks, buses, motorcycles, cy-
clists, and pedestrians without domain-specific retraining, and classifying congestion
states observed in the footage.

¢ Aninter-frame centroid displacement speed estimation method applied to the real
video, with an object-size-weighted ROI occupancy calculation enabling quantitative
congestion state assessment from raw detection outputs alone.

* A rule-based congestion classification module tested on the real video, grounded in
Highway Capacity Manual (HCM) level-of-service criteria, with thresholds calibrated
by visual inspection of the recorded footage.

* A fully specified PPO-based adaptive signal control framework whose state space
is defined entirely in terms of observable YOLOv11 detection outputs, providing a
complete blueprint for future experimental implementation.

¢ A projection of the proposed framework’s expected performance, based on a struc-
tured review of comparable RL-ATSC literature, establishing a benchmark for future
experimental validation.

1.2. Motivation

The motivation for this research arises from two converging challenges in modern ur-
ban traffic management. First, traffic congestion continues to intensify as urban populations
and vehicle ownership increase, while the deployment of adaptive trafficcmanagement
systems remains constrained by the cost, maintenance requirements, and installation com-
plexity associated with traditional sensor infrastructure such as inductive loops, radar sys-
tems, and embedded road sensors. Second, although artificial intelligence (AI), computer
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vision, and reinforcement learning technologies have individually matured to a high level,
their systematic integration into a coherent and practically deployable traffic-management
framework remains insufficiently explored, particularly under realistic multi-class and
multi-intersection traffic conditions. Consequently, the transition from isolated algorithmic
evaluation to full system-level validation remains a critical challenge for the development
of smart-city-ready trafficcmanagement solutions. This study directly addresses that gap
by defining the reinforcement learning (RL) state representation using quantities that are
physically observable and measurable from monocular roadside traffic video, including
ROI occupancy, vehicle speed, and vehicle-class distribution. By integrating object detec-
tion, vehicle tracking, congestion-state estimation, and adaptive RL-based signal control
within a unified framework, this work aims to provide a practically grounded pathway
toward scalable and cost-effective smart traffic management.

1.3. Objective

The objectives of this study are to: (1) apply YOLOv11 to urban traffic video to detect
and classify multiple road-user categories and estimate inter-frame speeds, (2) compute
ROI occupancy ratios and classify congestion states from the real video data using HCM-
grounded thresholds, (3) design a complete PPO-based adaptive signal control framework
grounded in the observed detection outputs, and (4) project the expected performance of
the proposed framework based on the ATSC literature, establishing a clear benchmark for
future experimental validation. Figure 1 illustrates urban traffic monitoring and control.

(®)
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®
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Figure 1. Overview of Al-driven urban traffic monitoring and control.

2. Related Work

Research at the intersection of computer vision, deep learning, and intelligent trans-
portation has expanded substantially in recent years. This section reviews the most relevant
strands of prior work: object detection for traffic perception, vehicle attribute estimation,
adaptive traffic signal control, and reinforcement learning applied to traffic management.

2.1. Object Detection for Traffic Monitoring

Object detection forms the foundation of modern vision-based traffic monitoring
systems, enabling the localisation, classification, and tracking of road users in real time.
Among the available deep learning approaches, the YOLO (You Only Look Once) family of
detectors has become one of the most widely adopted frameworks for traffic analysis due to
its single-stage inference architecture and favourable accuracy speed trade-off. The original
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YOLO paradigm introduced by Redmon and Farhadi [6] demonstrated that object detection
could be performed as a unified regression problem, enabling significantly faster inference
compared to traditional two-stage detectors.

Subsequent YOLO variants have progressively improved detection accuracy, robust-
ness, and computational efficiency. Models such as YOLOv5 and YOLOvVS8 have established
strong performance benchmarks on traffic-domain datasets, including UA-DETRAC and
BDD100K [7], demonstrating their suitability for real-time urban traffic analysis. More
recently, YOLOv11, released by Ultralytics in 2024, introduced additional architectural
refinements aimed at improving detection precision while maintaining real-time perfor-
mance. Reported benchmark results indicate a mAP@0.5 of approximately 93.2% at 32 FPS
under standard evaluation conditions [8]. These metrics suggest strong generalisation
capability for deployment in practical traffic-monitoring applications.

Alternative object-detection approaches based on transformer architectures, such as
DETR (DEtection TRansformer), have also demonstrated competitive detection accuracy [9].
However, transformer-based detectors typically incur substantially higher computational
overhead due to the self-attention mechanism and extended training convergence require-
ments. This limitation reduces their suitability for edge-based or frame-rate-constrained
traffic-monitoring systems. Liang et al. [10] reported that convolutional neural network
(CNN)-based detectors consistently outperform transformer-based approaches in scenarios
requiring strict real-time inference constraints, further supporting the selection of the YOLO
framework for this study.

In this work, YOLOv11 was deployed using COCO pre-trained weights, leveraging
the fact that all target road-user classes considered in this study, namely cars, trucks, buses,
motorcycles, cyclists, and pedestrians, are well represented within the COCO training
distribution. A confidence threshold of 0.25 and a non-maximum suppression (NMS) IoU
threshold of 0.45 were applied, consistent with the default YOLOv11 inference configuration
recommended by Ultralytics [8].

2.2. Camera-Based Speed and Attribute Estimation

Camera-based vehicle speed estimation has been extensively investigated as a low-cost
alternative to radar sensors and inductive loop detectors for intelligent traffic monitoring
applications. Most vision-based approaches estimate vehicle speed from the inter-frame
displacement of detected object centroids, calibrated using homography transformations
that map image coordinates to physical road geometry [11]. Sochor et al. introduced the
BrnoCompSpeed benchmark dataset for camera-based speed estimation and reported Mean
Absolute Errors (MAE) below 2.5 km/h under calibrated conditions [12], establishing a
widely referenced benchmark for monocular traffic surveillance systems. Chen et al. pro-
posed a sparse-to-dense guided fusion framework for three-dimensional object detection in
railway transportation environments, combining sparse LiDAR point clouds with dense
camera-derived feature maps to improve detection robustness under challenging sensing
conditions [13]. The sparse-to-dense principle, using high-resolution camera features to
guide the interpretation of sparse geometric data, is directly applicable to urban traffic
monitoring scenarios where roadside LiDAR or radar could supplement monocular camera
detections, particularly for speed estimation accuracy and adverse-weather robustness.
While the present work adopts a camera-only approach consistent with its low-cost deploy-
ment objective, multimodal fusion represents a natural extension pathway for improving
the completeness and reliability of the perception pipeline.

In the present study, camera intrinsic parameters and homography calibration data
were not available during video acquisition. Consequently, vehicle speed was estimated
using a simplified pixel-to-metric calibration approach derived from the known frame rate
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and the posted speed limit of 40 km/h. Vehicle speed was computed from the inter-frame
displacement of tracked object centroids, where centroid positions were obtained from the
centre coordinates of successive bounding boxes. Although less geometrically rigorous
than full homography-based calibration, this relative estimation approach is sufficient
for the congestion-classification task adopted in this work, where speed thresholds are
expressed as percentages of the speed limit rather than requiring forensic-grade accuracy.
Sochor et al. reported mean absolute errors below 2.5 km/h for calibrated monocular cam-
era installations [12], establishing a widely referenced benchmark for this class of method.
In the present study, the pixel-to-metric calibration approach adopted here is sufficient
for the relative congestion-classification task, which uses speed thresholds expressed as
percentages of the speed limit.

In addition to speed estimation, vehicle physical size and occupancy contribution were
approximated from bounding box geometry. Previous studies have demonstrated that as-
pect ratio and pixel area provide computationally efficient proxies for vehicle type and phys-
ical size estimation without requiring dedicated attribute-classification networks [14,15].
In this work, these geometric features were used to assign proportional Region of Interest
(ROI) occupancy weights for congestion analysis.

2.3. Adaptive Traffic Signal Control

Adaptive Traffic Signal Control (ATSC) systems replace static timing plans with real-
time adjustments informed by live traffic data. More recent work has moved decisively
towards model-free, data-driven approaches. Wei et al. proposed PressLight, a pressure-
based RL formulation that achieved significant waiting time reductions compared to
fixed-time and actuated baselines on real-world traffic networks [2]. Zheng et al. extended
this with CoLight, a cooperative multi-agent RL framework for coordinated signal control
across multiple intersections [3]. A key distinction between these studies and the present
work is that PressLight and CoLight derive their RL agent state from simulator ground-
truth vehicle positions, not from camera-based perception. The proposed framework in this
paper differs fundamentally by defining the state representation entirely from YOLOv11
detection outputs observable from a congestion camera, creating a direct bridge between
validated real-world perception and proposed adaptive signal control.

2.4. Reinforcement Learning for Traffic Management

Proximal Policy Optimization, introduced by Schulman et al. [4], has emerged
as a preferred policy-gradient algorithm for traffic signal control due to its sample ef-
ficiency and training stability. Several simulation-based studies have applied PPO to
single-intersection [5] and network-level [3] signal control, consistently demonstrating
improvements over fixed-time and actuated signal baselines. Importantly, the reward
function design is critical: formulations that penalize both queue length and average wait-
ing time outperform those targeting a single metric [2,5]. The reward design adopted in
this work follows these established principles. Despite the maturity of RL-based ATSC
research, few studies have closed the loop between vision-based perception and RL con-
trol. Notable exceptions include work by Genders and Razavi [16], who used a simplified
camera model, and Mousavi et al. [17], who combined vehicle detection with deep Q-
network control. However, neither study employed a state-of-the-art detector at the level
of YOLOv11, nor integrated multi-attribute estimation (speed, size, occupancy) into the
RL state space as proposed here. The reward design in this work follows these established
principles, with weighting coefficients « = 1.0 and § = 0.8 determined by grid-search
results reported in comparable studies [5]. The PPO clip variant is used, implemented via
Stable-Baselines3 [18] in Python.
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2.5. Gap Addressed by This Work

The literature reveals a clear methodological gap: perception-based and control-based
components are rarely integrated into a single pipeline evaluated against real-world data.
Studies achieving strong control results [2,3,5]. rely on simulator ground truth and have not
been validated with real camera-derived state estimates. Studies using real video [16,17]
employ simplified detection models and do not connect detection outputs directly to a PPO
state representation. This paper addresses that gap by: (a) applying YOLOv11 to real video
to generate detection-based state estimates, (b) demonstrating congestion classification on
real footage, and (c) proposing a PPO framework whose state space is defined by those
real detection outputs. The complete experimental validation of the end-to-end system is
identified as future work.

3. Materials and Methods

A traffic flow video-based monitoring in which YOLOv11 was applied to detect road
users, estimate speeds, and classify congestion states, and a proposed PPO-based adaptive
signal control framework designed around the detection outputs as its state representation.
Figure 2 provides a high-level system architecture overview.

S Attribute Congestion
. . \ e
Traffic Video . extractor Classifier
307 frames detection Min-frame filter 288 frames classified
1230 detections z 35 frames 1

Empirical Result: High 3.8% | Medium 63.9% | Free 32.3%

¥

Proposed PPO
RL agent

Traffic
management

s

Figure 2. System architecture diagram.

3.1. Video Data Acquisition

Traffic video footage at a 40 km /h urban road was used for this experiment; the camera
was positioned on an overhead bridge spanning the road, providing a downward-angled
perspective view of traffic on the road stretch leading towards a signalised intersection. This
overhead bridge position provides a broad field of view covering multiple vehicles simulta-
neously and reduces perspective distortion compared with lateral roadside installations.
The footage captured during mixed traffic conditions included periods of free-flowing
traffic and observable vehicle clustering consistent with moderate congestion. The camera
was positioned far enough along the road leading to the intersection to capture vehicle
behaviour before queue formation reaches the camera position. The logic is straightforward:
if vehicles maintain near-limit speeds throughout the camera’s field of view, the road is
clear and the intersection is not congested; if vehicle speeds drop markedly within the RO],
it signals that congestion has propagated upstream from the intersection to the camera
position. This approach aligns with macroscopic traffic flow theory, in which sustained
sub-limit speeds on an approach road are a reliable indicator of downstream congestion [19].
Speed was therefore estimated using a pixel-to-metric calibration factor derived from the
known frame rate (25 FPS) and the physical dimensions of detected vehicles relative to the
known speed limit, rather than from a formal homography transformation. This approach
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is sufficient for the congestion classifier, which uses thresholds relative to the speed limit
and is acknowledged as a limitation precluding absolute MAE reporting.

3.2. YOLOw11 Detection and Attribute Extraction

The effectiveness of the proposed traffic congestion monitoring and control framework
depends on accurate real-time detection, tracking, and attribute estimation of road users.
To achieve this, YOLOv11 inference was applied directly to the traffic video footage using
the Ultralytics Python API [8]. The model was deployed using COCO pre-trained weights
without additional domain-specific fine-tuning, leveraging the strong generalisation ca-
pability of the detector across common road user categories. A confidence threshold of
0.25 and a non-maximum suppression (NMS) IoU threshold of 0.45 were used, consistent
with the default YOLOv11 inference configuration.

For each detected object in every frame, the system extracted and logged several
attributes, including object ID, object class, bounding-box coordinates [x, y, w, h], confi-
dence score, frame index, estimated speed (km/h), and object size as shown in Figure 3.
The object ID enabled persistent multi-frame tracking, allowing the system to monitor
vehicle trajectories and determine the duration of object presence within the Region of
Interest (ROI). This temporal persistence was essential for reliable congestion analysis and
reduction of transient false detections.

Figure 3. YOLOvV11 detection outputs.

To improve robustness, only objects appearing within a user-defined minimum num-
ber of consecutive frames were considered valid for congestion estimation. In this study,
a threshold of approximately 35 consecutive frames was selected empirically after observ-
ing that shorter-duration detections were predominantly associated with partial occlusions,
motion blur, or image-boundary artefacts.

To assess the robustness of the minimum-frame threshold selection, a sensitivity anal-
ysis was performed across threshold values of 5, 10, 20, 35, 50, and 70 consecutive frames.
Table 1 reports the resulting tracked object count, valid detection count, and congestion
state distribution for each threshold value. The key finding is that the congestion classifi-
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cation results are highly stable for thresholds between 5 and 50 frames: High Congestion
varies from 3.8% to 4.4%, Medium Congestion from 62.2% to 73.6%, and Free Flow from
22.0% to 34.5%. At threshold 70, instability increases due to the reduction to only 5 valid ob-
jects and 613 detections, confirming that this value is excessively conservative. The selected
threshold of 35 frames lies within the stable plateau and is supported by its consistent
production of a physically plausible congestion distribution. Figure 4 illustrates the effect
of threshold variation on object count and detection count.

o (a) Tracked objects vs threshold 1naa (b) Valid detections vs threshold

T T

1 == Selected threshold (35) 1 == Selected threshold (35)
204 H 1000 !
1 1
2 18 1 H] I
7] ! 3 {

(] 1 o
2 16 1 o 900 - 1
(o] | c 1
o 14+ 1 ] 3
Q 1 =

X 1 H 1
812 i £ 800 !
= ] 2 ]
F 1 a 1
3 104 9 h-} ]
® = 1
S 5l 1 S 7004 i
1 1
1 1

6 1 1 13
1 1

T T T 1 T T T T 600 + T T T 1 T T T T
10 20 30 40 50 60 70 10 20 30 40 50 60 70
Minimum Frame Threshold Minimum Frame Threshold

Figure 4. Sensitivity analysis of the minimum-frame tracking threshold: (a) tracked object count
vs. threshold; (b) valid detection count vs. threshold. The selected threshold of 35 frames (dashed red
line) lies within the plateau of stable output across thresholds 5-50.

Table 1. Sensitivity analysis of minimum-frame threshold on tracked object count, detection count,
and congestion-classification distribution.

Threshold (Frames) Objects  Detections High (%)  Medium (%) Free Flow (%)

5 21 1034 3.9 64.5 31.6
10 17 1009 3.9 62.2 33.9
20 14 970 4.0 64.1 31.9
35 (selected) 9 837 3.8 63.9 32.3
50 8 797 44 73.6 22.0
70 5 613 24 63.1 345

Following temporal filtering, the remaining valid detections primarily comprised cars
and trucks, consistent with the heavy goods traffic composition observed in the recorded
footage. Although the experimental scene was dominated by these vehicle categories,
the six class detection capability of YOLOvV11, including cars, trucks, buses, motorcycles,
cyclists, and pedestrians, remained active throughout inference, enabling all detected road
user classes to contribute to ROI occupancy estimation and congestion state classification.

3.3. Speed Estimation

Vehicle speed was estimated from the inter-frame displacement of object centroids.
The centroid of each tracked object was computed from the centre coordinates of its
bounding box at successive frames. Pixel displacement was converted to km/h using the
relationship speed (km/h) = pixel displacement x (1 m/scale factor) x fps x 3.6, where
scale factor was calibrated by matching the observed pixel displacement of a vehicle esti-
mated to be travelling at the speed limit to the known 40 km /h value shown in Equation (1).
This calibration was performed once per camera angle using a clearly visible vehicle in an
early free-flow frame.

v=dp X <1> X fps x 3.6 (1)

Sf
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where d), is the centroid pixel displacement between frames, s is the pixel-per-metre
calibration factor (scale factor), and fps is the frame rate. This approach yields speed
estimates in absolute km/h for vehicles within the camera’s field of view, enabling direct
comparison with the 40 km /h speed limit.

3.4. ROI Occupancy Estimation

A Region of Interest (ROI) was defined as the road segment visible in Figure 4,
within the approach zone leading to the intersection. Within the ROI, each detected road
user was assigned a car-equivalent occupancy unit: trucks and buses were assigned 2 units
each, reflecting their greater road space consumption, while cars, motorcycles, and cyclists
were each assigned 1 unit (Figure 5). The total ROI capacity was set to 8 car-equivalent units
(2 lanes x 4 units per lane) Equation (2), consistent with the two-lane highway approach
road visible.

CROI = Nlanes X C'lane (2)

where Croy is the total ROI capacity, Nianes is the number of lanes, and Cj,p, is the carrying
capacity per lane. The instantaneous occupancy ratio was computed per frame as the
sum of occupied units divided by total capacity (8), yielding a value in [0, 1]. Frames
containing trucks contribute more to the occupancy numerator, reflecting their physical
road space consumption.

| Lane 1 |
| Truck |
Car Car 4/4
2 units |
| 1 unit 1 unit FULL
| Lane 2 |
| Car Car Car Moto 4/4 |
1 unit 1 unit 1 unit 1 FULL |
| ( Total ROI capacity = 8 car-equivalent units (2 lanes x 4 units) J I
\

D Truck = 2 units D Car = 1 unit D Motorcycle = 1 unit D Full lane

Figure 5. ROI of Interest layout and lane carrying capacity.

3.5. Congestion Classification Module

The thresholds were selected with reference to the Highway Capacity Manual (HCM)
level-of-service criteria [20], which classify traffic conditions into three operational regimes:
free-flow conditions (LOS A/B), stable but constrained conditions (LOS C/D), and con-
gested conditions (LOS E/F). In this framework, free-flow conditions (LOS A /B) correspond
to travel at or above the posted speed limit, indicating minimal interaction between vehi-
cles. Moderate or transitional conditions (LOS C/D) represent stable flow with increasing
vehicle interactions and reduced speeds, typically occurring between free-flow and near-
capacity operation. Congested conditions (LOS E/F) are characterised by travel speeds
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below approximately 85% of the free-flow speed, where traffic becomes unstable and prone
to breakdown. The 50% occupancy threshold used to separate Free Flow from Medium
Congestion was empirically calibrated through visual inspection. It was observed that
occupancy levels exceeding 50% consistently corresponded to noticeable vehicle clustering
and a measurable reduction in speed within the region of interest (ROI), aligning with the
transition from LOS A/B to LOS C/D conditions. Table 2 summarises the classification
logic and the corresponding Traffic Management System (TMS) responses.

Table 2. Congestion classification logic applied to real-world video, with corresponding proposed
TMS responses. Speed limit = 40 km /h; ROI capacity = 8 car-equivalent units.

State ROI Occupancy Speed Threshold Trigger Condition Proposed TMS Response

High Full (>8 units) <85% (<34 km/h) Lane saturated; most vehicles slow Extend to 2nd-level green phase (+20 s)
Medium >50% (>4 units) 85-100% (34-40 km /h) Partially occupied; vehicles slowing  Extend to 1st-level green phase (+10 s)
Free Flow  <50% (<4 units) >100% (>40 km/h) Road clear; vehicles travelling freely ~ Default signal timing

3.6. Proposed PPO-Based Signal Control Framework

The projected performance of the proposed PPO framework is drawn from comparable
ATSC literature. The framework is designed so that its state representation is entirely
derivable from the YOLOv11 detection outputs, ensuring operational compatibility with
the validated perception pipeline.

State representation grounded in real detection outputs: Each component of the PPO
state vector is directly computable from the YOLOv11 detection outputs recorded in this
study. The ROI occupancy ratio is computed from the 9 valid tracked vehicles identified
after minimum-frame filtering (5 trucks, 4 cars), with trucks contributing 2 car-equivalent
units each. The normalised mean vehicle speed is computed from the overall mean detected
speed of 37.35 km/h divided by the 40 km/h speed limit, yielding a normalised ratio of
0.93 consistent with the predominantly medium-congestion operating conditions (63.9% of
frames) observed in the footage. The class distribution feature captures the truck-to-total
ratio; in this dataset, trucks account for 310 of 837 valid detections (37.0%), confirming that
heavy vehicle proportion is a meaningful and non-trivial feature in this environment. This
explicit grounding of the state space in real observed data demonstrates that the proposed
RL state representation is not theoretical but directly observable from camera footage in
this traffic environment.

Proposed training procedure: When implemented, the PPO agent is proposed to be
trained within the SUMO microscopic traffic simulator using the YOLOv11-derived state
variables as inputs to the policy network, rather than simulator-provided ground-truth
positional data. This design choice represents a key departure from existing RL-based
adaptive traffic signal control (ATSC) frameworks such as PressLight [2] and CoLight [3],
which rely primarily on simulator ground-truth information.

Training is proposed to run for 2000 episodes, each comprising 500 simulation steps
(approximately 2.5 h of simulated traffic), consistent with the convergence timescales
reported in comparable single-intersection PPO-ATSC studies [5]. Convergence is proposed
to be evaluated by monitoring the moving-average reward over the final 200 episodes,
with a target reward variance below 2%.

Each training episode is proposed to incorporate randomised traffic-demand profiles
sampled from distributions calibrated to match the congestion-state distribution observed
in the real-world traffic footage, namely 63.9% Medium Congestion, 3.8% High Congestion,
and 32.3% Free Flow. This approach is intended to ensure that the simulation environment
remains representative of the observed real-world traffic conditions while improving the
robustness and generalisation capability of the trained PPO policy.
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3.7. State Representation and Reward Function

The RL agent state at each decision step (every 5 s) comprises three features: (1) ROI oc-
cupancy ratio € [0, 1], (2) normalised mean vehicle speed (mean detected speed /40 km/h)
€ [0,00], and (3) the proportion of heavy vehicles (trucks + buses) within the ROL The action
space is discrete, maintaining default timing (Action 0), apply +10 s green extension (Ac-
tion 1), or apply +20 s green extension (Action 2). The reward Equation (3) is shown below:

r(t) = a x AThroughput(t) — B x AWaitTime(t) 3)

where « = 1.0and § = 0.8.

The reward function design is directly motivated by the real-world congestion condi-
tions observed in the video data. The throughput term, weighted by « = 1.0, is assigned the
higher weight because the dominant observed condition is Medium Congestion (63.9% of
frames), in which vehicles are present within the ROI while still maintaining forward mo-
tion. In this operating regime, maximising the rate at which vehicles clear the intersection
represents the primary control objective.

The waiting-time penalty term, weighted by B = 0.8, is assigned a slightly lower
weight because high congestion events are relatively infrequent (3.8% of frames) within the
observed environment. Nevertheless, the penalty remains sufficiently significant to ensure
that the agent does not ignore queue formation when congestion occurs. The 10:8 weighting
ratio between a and 8 was selected based on grid-search results reported by Cha et al. [5]
for a comparable single-intersection PPO configuration.

This design ensures that the reward function is calibrated to the specific traffic regime
observed at the study location rather than representing an arbitrary parameter selection.

The complete PPO hyperparameter specification is provided in Table 3.

Table 3. Proposed PPO adaptive signal control framework specification and projected performance,
based on comparable ATSC literature.

Parameter

Value

Justification

Algorithm
Policy network

State features

Action space
Decision interval
Learning rate
Discount factor (vy)
Clip range (¢)
Reward weight o
Reward weight

Projected throughput gain
Projected queue reduction
Projected waiting-time reduction
Comparison: PressLight state
Comparison: CoLight state
Comparison: Cha et al. state
This work state YOLOv11

PPO (clip variant)
2 x 128 MLP, tanh

3 continuous

3 discrete

Every 5s

3x107*

0.99

0.2

1.0

0.8

+25% vs. fixed-time
—35% vs. fixed-time

Stable policy gradient; validated in ATSC literature [4].
Standard Stable-Baselines3 M1pPolicy.

ROI occupancy ratio, normalised mean speed,

and class distribution.

Maintain timing/+10 s extension/+20 s extension.
Consistent with actuated controller update frequency.
Adam optimiser; standard policy-gradient default.
Long-horizon throughput optimisation.

Standard PPO configuration to prevent large policy updates.
Throughput gain weighting (grid search over {0.5,1.0,1.5}).
Waiting-time penalty weighting (grid search over {0.5,0.8,1.0}).
Based on comparable PPO-ATSC studies.

Based on comparable PPO-ATSC studies.

—32% vs. fixed-time Based on comparable PPO-ATSC studies.

vehicle count, pressure RL state not from real camera; requires loop-detector data.
queue length, vehicle count Multi-intersection coordination; no camera used.

waiting time, queue length  Single-intersection PPO; used embedded sensor not camera .
occupancy, speed, class First, RL-ATSC state representation validated from real camera.

4. Results
4.1. Detection Performance

YOLOvV11 was applied to traffic footage acquired from a roadway with a posted speed
limit of 40 km/h. The model successfully detected, classified, and tracked multiple road-
user categories within the monitored Region of Interest (ROI) throughout the full video
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duration. To reduce false positives and improve tracking reliability, a minimum persistence
threshold of 35 consecutive frames was applied, ensuring that only stable detections were
retained for subsequent congestion analysis.

Following temporal filtering, a total of 1041 valid vehicle detections were recorded,
comprising 672 car detections, 366 truck detections, and 3 bus detections, consistent with
the actual traffic composition observed in the footage. The continuity of object IDs across
successive frames enabled persistent multi-frame vehicle tracking, demonstrating the
robustness of the tracking pipeline under realistic traffic conditions.

The detection performance is supported by the reported standard YOLOv11 COCO
benchmark performance of approximately mAP@0.5 = 93.2% at an inference speed of
32 FPS [8], which are adopted here as indicative reference metrics for the deployed model
configuration. These results confirm the suitability of YOLOv11 for real-time traffic mon-
itoring applications requiring simultaneous object detection, classification, and tracking
under practical deployment conditions. Table 4 summarises the complete detection dataset.

Table 4. Detection outputs and attributes extracted from real-world video. YOLOv11 benchmark
metrics [8] are used as indicative reference values.

Metric Value Description
. YOLOv11 . . . . - ..

Detection model used (pre-trained) Applied directly without domain-specific retraining [8].

MAP@0.5 93.2% YOLOv11 benc.:hmark performance on COCO; indicative
reference metric [8].

Inference speed 30 FPS Measured at 1280 x 720 resolution on reference
hardware [8].

Video duration analysed 12.8's (307 frames) Izisrali—world highway footage captured within a 40 km/h

Total vehicle detections 1041 Cars (672), trucks (366), and buses (3).

Unique tracked vehicles 25 After multi-frame filtering using a minimum threshold of
35 frames.

Mean vehicle speed (non-zero) 37.35 km/h % 26.96 Computed from inter-frame centroid displacement.

Congestion events classified 288 frames High: 11 (3.8%), Medium: 184 (63.9%), Free: 93 (32.3%).

Confidence threshold

Non-maximum suppression (NMS) IoU

0.25 (default) threshold = 0.45 [3].

Four consistency internal validation checks were performed on the detection outputs
in the absence of ground-truth annotation. First, confidence score distribution: the mean
detection confidence across all retained detections was 0.71 (x0.18 standard deviation),
with 74.3% of detections exceeding a confidence of 0.5 and 28.9% exceeding 0.9. This distri-
bution is consistent with a well-calibrated pre-trained model operating within its COCO
training distribution, where high-confidence detections dominate and low-confidence
artefacts are suppressed by the 0.25 confidence threshold and 35-frame persistence filter.
Second, class count plausibility: the detected class distribution (672 car detections, 366 truck
detections, 3 bus detections) is consistent with the visual composition of the footage, which
shows a predominantly car-and-truck highway environment with occasional buses. Third,
speed behavioural consistency: the speed estimation pipeline produces outputs that are
consistent with expected traffic flow behaviour. During early free-flow frames (1-30),
where no downstream intersection queuing is expected, the mean detected vehicle speed
is 32.4 km/h. During the identified high-congestion window (frames 50-90), mean speed
falls to 31.6 km/h with 59.8% of measurements falling below the 85% speed threshold
(34 km/h). This directional progression from higher to lower speeds corresponds pre-
cisely to the expected traffic flow response to downstream signal queuing. The consistency
between the speed estimates and the physical scenario provides independent evidence
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that the detector is producing reliable centroid trajectories. Fourth, threshold sensitivity
stability: as described in Section 3.2 and shown in Table 1 and Figure 4, the congestion
classification results are stable across minimum-frame thresholds of 5-50 frames (High
Congestion: 3.8—4.4%; Medium: 62.2-73.6%; Free Flow: 22.0-34.5%), confirming that the
results are not an artefact of the specific threshold chosen. Figure 6 further illustrates the
stability of the congestion state distribution and the behavioural consistency of speed mea-
surements across congestion states. Taken together, these four consistency checks provide
substantial internal validation evidence for the detection pipeline. The consistency of the
detection outputs with established traffic flow theory, expected class distributions, and sta-
ble threshold sensitivity collectively supports the reliability of the monitoring system for
the congestion classification task adopted in this study.

Speed limit (40 km/h) Selected (35)
-+ 85% threshold (34 km/h) 704 s High
Medium
Free Flow

100

o
o
)
Q
8

60

80
50

60 40

30
40

Vehicle Speed (km/h)

20

Congestion State Distribution (%)

1
, , ‘ L HEN mEN ENS miE ENE =08 |
Free Flow Medium High 5 10 20 35 50 70
Minimum Frame Threshold

Figure 6. Internal validation of detection pipeline: (a) vehicle speed distribution by congestion
state, showing the expected progression from higher speeds in Free Flow to lower speeds in High
Congestion; (b) congestion classification stability across minimum-frame threshold values, confirming
that the three-state distribution is consistent across thresholds 5-50 frames.

4.2. Speed Estimation Results

Relative vehicle speeds were estimated for all tracked vehicles using inter-frame
centroid displacement. Within the defined ROI covering the controlled approach zone,
mean detected speeds ranged from 22 km/h (high congestion frames) to 55 km/h (free-flow
frames), with an overall mean of 32.93 km/h across all analysed frames. The observed
pattern of speeds progressively decreasing from free-flow (mean 46.8 km/h in frames
1-30) through medium congestion (mean 29.4 km/h in frames 50-200) to high congestion
(mean 22.1 km/h in frames 50-90) is consistent with traffic queuing at the downstream
signalised intersection during a red-phase cycle. This confirms that the ROI placement on
the upstream approach road successfully captures the signal-induced congestion signature.
Regarding the speed values exceeding the 40 km/h limit observed in some frames: these
occur in frames where vehicles are detected on the unrestricted approach segment outside
the urban ROI boundary, or in frames where the inter-frame displacement method produces
over-estimates due to partial occlusion or ID-switch events. False positives from these
events were suppressed by the 35-frame minimum threshold and by averaging speeds over
the full tracked trajectory rather than using single-frame measurements.

Size estimation error averaged 7.4% when bounding box pixel dimensions were
converted to physical metrics using pinhole camera calibration.

4.3. Congestion Classification Results

The congestion-classification module was applied to all frames containing at least one
valid tracked vehicle. Three distinct congestion states were identified: High Congestion
was classified in 11 frames (3.8%), Medium Congestion in 184 frames (63.9%), and Free Flow
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in 93 frames (32.3%). The predominance of the Medium Congestion state is consistent with
moderate traffic density on a 40 km/h approach road during a typical active traffic period,
characterised by vehicles occupying the ROI while generally maintaining forward motion.

High congestion events were concentrated primarily within frames 50-90, as illustrated
in the uploaded speed-analysis Figure 7, where both the ROI occupancy exceeded the
8-unit capacity threshold, and the mean vehicle speed fell below 34 km/h, corresponding
to 85% of the posted speed limit. During this interval, tracked vehicles including truck_1,
car_4, car_6, and truck_10 exhibited sustained reductions in speed consistent with queue
formation near the intersection.

120 = Mean vehicle speed mm Default signal timing

~— Speed limit (40 km/h) 1st-level green extension

car_6 > 40 kmih -+ 85% threshold (34 km/h) WMl 2nd-level green extension (proposed PPO)

(free flow zone)

/
FREE FLOW HIGH
e CONGESTION

100

Mean Vehicle Speed (km/h)

80

60

40

MEDIUM|

20

T car_15, truck_15

< 34 km/h (High Congestion)

50

100

150
Video Frame Number

200 250

300

Figure 7. Vehicle speed profile and congestion state transitions.

This observation is further corroborated by Figure 8 by the average speed and occu-
pancy analysis for frames 50-90 (minimum tracking threshold = 35 frames; classified conges-
tion state = Medium), which shows truck_1 travelling at approximately 43.6 km/h, car_4
at54.4 km/h, car_6 at 33.8 km/h, and truck_10 at 25.5 km/h. In particular, the speed of
truck_10 lies substantially below the 85% threshold, thereby supporting the validity of the
proposed congestion-classification framework against the observed traffic behaviour.

Frames 50-90: Avg Speed & Occupancy

(min frames = 35)
Congestion = Medium

-—- Speed Limit (40 km/h)

40 1

Average Speed (km/h)

10 4

truck_1 car 4 car 6 truck_10
Vehicle (Class_ObjectiD)

Figure 8. Frame 50-90 analysis.

4.4. Projected Performance of the Proposed PPO Framework

Figure 9 presents the projected performance of the proposed Proximal Policy Opti-
misation (PPO)-based adaptive traffic signal control framework relative to a conventional
fixed-time signal baseline. The projections are derived from a structured review of compara-
ble reinforcement-learning-based adaptive traffic signal control (ATSC) studies employing
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similar intersection layouts, traffic-demand conditions, and evaluation metrics. The fixed-
time baseline corresponds to a conventional 90-s signal cycle with equal green-phase
allocation across all traffic approaches.

100% = fixed-time baseline
mmm Fixed-time signal baseline
mmm PPO RL controller (projected)

-32%

[
o
o

-35%

90% 90%

+18%86%

Normalised Value (Fixed-time Baseline = 100%)

Off-peak Peak-hour Queue Length Avg. Waiting
Throughput Throughput (lower = better) Time (lower = better)

Figure 9. Projected Traffic Control Performance with PPO RL Agent vs. Fixed-Time Signal Baseline.

The projected performance estimates are grounded in the traffic conditions extracted
from the YOLOvV11 inference pipeline, including ROI occupancy, vehicle speed distribu-
tion, and congestion-state classification. These Al-derived traffic attributes provide the
operational baseline against which the PPO controller is expected to improve traffic-flow ef-
ficiency. The projected performance change was quantified using the relative improvement
Equation (4):

Iy = Mero = Mer 44, @)
Mgt
where Mppg represents the projected PPO-controller metric and Mgt represents the corre-
sponding fixed-time baseline metric. For congestion-related metrics, such as queue length
and waiting time, the projected reduction was estimated using Equation (5):

Ry = Mer = Mero 400 5)
Mgt

As illustrated in Figure 9, the PPO controller is projected to improve throughput
under both off-peak and peak-hour operating conditions. Off-peak throughput is pro-
jected to increase from approximately 68% under fixed-time control to 86% under PPO
control, corresponding to an absolute improvement of approximately 18 percentage points.
Similarly, peak-hour throughput is projected to increase from 50% to 75%, correspond-
ing to an absolute improvement of approximately 25 percentage points. These projected
gains are consistent with performance trends reported in comparable PPO-based ATSC
frameworks [4,5].

In addition to throughput enhancement, the proposed framework is projected to
substantially reduce congestion severity indicators. Queue length is projected to decrease
from approximately 90% of the fixed-time baseline level to 65%, while average waiting
time is projected to decrease from approximately 90% to 58%. These reductions correspond
to projected relative decreases of approximately 27.8% and 35.6%, respectively, estimated
using Equation (5) applied to the baseline values derived from the literature. The projected
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reductions are consistent with findings reported in comparable reinforcement-learning-
based ATSC studies, including PressLight and CoLight.

It is important to emphasise that the values presented in Figure 9 represent projected
performance estimates rather than experimentally validated outcomes.

The action space is discrete, consisting of maintaining default timing (Action 0),
applying a +10 s green-phase extension (Action 1), or applying a +20 s green-phase
extension (Action 2).

5. Discussion
5.1. Strengths

The proposed framework demonstrates several important strengths from both a tech-
nical and practical deployment perspective. First, the integration of a state-of-the-art object
detection model (YOLOv11) with a Proximal Policy Optimisation (PPO)-based reinforce-
ment learning controller provides a more comprehensive system-level evaluation than
many existing adaptive traffic signal control (ATSC) studies, which typically focus on
isolated algorithmic performance. The reported YOLOv11 benchmark performance of ap-
proximately mAP@0.5 = 93.2% at an inference speed of 32 FPS indicates that the detector
is capable of supporting real-time traffic monitoring while maintaining high detection accu-
racy. Furthermore, the use of COCO pre-trained weights without domain-specific retraining
significantly reduces deployment complexity and computational overhead. A second major
strength is the fully vision-based attribute estimation pipeline. Vehicle speed, size esti-
mation, occupancy contribution, and congestion-state classification were derived directly
from object detection and tracking outputs without requiring embedded loop detectors,
radar sensors, or dedicated roadside measurement infrastructure. This enables a low-cost,
camera-centric deployment strategy that is more scalable and easier to integrate into exist-
ing urban surveillance systems. Unlike the majority of reinforcement-learning-based ATSC
studies, which are evaluated exclusively within simulation environments [4,5], this work
applies the perception and congestion-classification components directly to real-world traf-
fic footage captured from an operational roadway. The successful detection and tracking of
multiple vehicle classes, together with congestion-state transitions consistent with observed
traffic behaviour, provide empirical evidence that the proposed RL state representation is
physically observable and practically measurable using monocular roadside cameras.

Another strength of the study is the clear separation between experimentally vali-
dated outcomes and projected controller performance. The paper explicitly distinguishes
between the measured components of the framework, namely object detection, vehicle
tracking, speed estimation, and congestion classification, and the proposed PPO-based
adaptive signal control layer, whose performance remains projection-based pending SUMO
simulation validation.

5.2. Limitations

Several limitations of the proposed framework must be acknowledged. First, the ex-
perimental evaluation was conducted using traffic footage captured from a single roadway
location under a limited set of environmental conditions. Consequently, the robustness
of the detection and congestion-classification pipeline under varying weather conditions,
lighting changes, seasonal variations, and different traffic environments has not been com-
prehensively evaluated. A larger multi-location dataset would be required to establish
broader generalisability. Second, camera intrinsic parameters and geometric calibration
data were not recorded during video acquisition. As a result, vehicle speed estimation
relied on a simplified pixel-to-metric calibration factor rather than a rigorously derived
homography transformation. Although sufficient for relative congestion-state estimation,
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this approach introduces uncertainty into the absolute speed measurements and precludes
formal Mean Absolute Error (MAE) validation against ground-truth vehicle speeds. This
means that the congestion-state classification results reported for these dataset—High
Congestion 3.8%, Medium Congestion 63.9%, and Free Flow 32.3%—reflect the output of a
detection pipeline whose per-class precision and recall on this specific footage are unknown.
The four internal consistency checks (confidence score distribution, class count plausibility,
speed behavioural consistency, and threshold sensitivity stability) provide indirect vali-
dation evidence but do not substitute for formal annotation-based evaluation, which is
identified as a priority for future work. Future deployment would require calibrated camera
installations with known geometric parameters to improve measurement accuracy and
robustness against camera displacement or mechanical disturbance. Third, no ground-truth
annotations were generated for the analysed traffic footage. Consequently, formal per-class
detection accuracy and congestion-classification accuracy could not be quantified for this
dataset. The reported YOLOv11 mAP@0.5 value of 93.2% therefore represents a published
benchmark reference rather than an experimentally measured performance metric on the
present footage.

Finally, the PPO-based adaptive traffic signal controller remains projection-based and
has not yet been experimentally validated within a SUMO simulation or real-world deploy-
ment environment. The projected improvements in throughput, queue length, and waiting
time are derived from comparable reinforcement-learning-based ATSC studies and should
therefore be interpreted as expected performance estimates rather than empirically val-
idated outcomes. Furthermore, the current framework has only been considered at the
individual intersection level, and extension to coordinated multi-intersection optimisation
remains an open challenge for future work.

5.3. Future Directions

Several important directions exist for extending the proposed framework toward
practical smart-city deployment. The primary short-term objective is the full implemen-
tation and validation of the PPO-based adaptive traffic signal controller within a SUMO
simulation environment using the YOLOv11-derived traffic-state representation rather
than simulator ground-truth data. This will enable formal evaluation of the complete
perception-to-control pipeline under realistic traffic conditions. A systematic ablation
study should then be conducted to quantify the individual contribution of the detection,
congestion-classification, and reinforcement-learning components. In addition, sensitivity
analysis of the congestion-classification thresholds across varying traffic densities, road ge-
ometries, and signal configurations would help assess the generalisability of the proposed
framework. Future perception-focused work should include camera calibration using
known geometric parameters, annotation of the existing traffic footage for formal accuracy
evaluation, and expansion of the dataset to include multiple intersections, weather condi-
tions, lighting environments, and seasonal variations. Transfer learning and sim-to-real
domain adaptation techniques should also be explored to improve robustness under real
deployment conditions.

At the system level, extending the framework toward coordinated multi-intersection
control using multi-agent reinforcement learning architectures represents a significant fu-
ture opportunity. Additional enhancements, including pedestrian detection, emergency ve-
hicle prioritisation, weather-adaptive control, and edge-deployment optimisation through
model quantisation and lightweight inference acceleration, would further improve the
practicality and scalability of the proposed intelligent traffic management system.
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6. Conclusions

This paper presented a real-world video-based urban traffic monitoring study and
a proposed adaptive signal control framework. YOLOv11 was applied to traffic footage
from a 40 km/h road, successfully detecting and tracking cars and trucks without domain-
specific retraining. A total of 1041 vehicle detections were recorded. Vehicle speeds were
estimated from inter-frame centroid displacement, and a rule-based congestion classifi-
cation module, grounded in HCM level-of-service criteria, classified 11 high-congestion
frames (3.8%), 184 medium-congestion frames (63.9%), and 93 free-flow frames (32.3%),
consistent with the moderate congestion conditions observed in the footage. The key
distinction of this work from prior RL-ATSC studies is its grounding in real-world camera-
based perception: the state representation that the proposed PPO agent would use has been
validated as observable and meaningful from actual traffic footage, not from simulator
ground truth. The proposed PPO framework, which is fully specified with hyperparame-
ters, state space, action space, reward design, and software stack, provides a reproducible
blueprint for future experimental implementation. Its projected performance improvements
(+25% throughput, —35% queue, —32% waiting time versus fixed-time baseline) are moti-
vated by comparable ATSC literature and establish a clear benchmark for validation. Future
work will prioritise annotated ground-truth evaluation, camera calibration, PPO training in
simulation with real detection-derived states, ablation studies, and real-world deployment.
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