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Abstract—As intelligent traffic systems evolve to manage
complex urban mobility, conventional congestion estimation tech-
niques, such as the time-windowed Volume-to-Capacity (V/C)
ratio, fail to capture capture the real-time traffic situation.
Because these methods rely on vehicles crossing a specific point,
they often fail to register stopped cars, creating a ‘zero flow’
paradox where complete gridlock is incorrectly categorized as an
empty, free-flowing road. To address these limitations, this study
proposes an end-to-end computer vision framework utilizing the
Real-Time DEtection TRansformer (RT-DETR) model to quantify
vehicle volume and immediately classify a roadway’s Level of
Service (LOS) through spatial density. In processing video feeds
from the Ateneo de Manila University Campus Safety and Mo-
bility Office, the framework calculates an instantaneous, frame-
level Spatial Density Index across six distinct vehicle classes.
Results show that the proposed SDI framework outperforms the
traditional time-windowed method in estimating traffic congestion
and reduces percentage error margins to between -0.22% and
2.85%. The proposed framework successfully resolves the zero
flow paradox by analyzing frame-wide congestion rather than
fixed line crossings prescribed in the time-windowed method. It
also offers a highly responsive and robust alternative that detects
immediate spikes in vehicle density, which makes it potentially
suitable for integration into intelligent traffic systems.

Keywords—Traffic congestion estimation; level of service;
volume-to-capacity ratio; RT-DETR; real-time object detection

I. INTRODUCTION

Traffic congestion remains a critical challenge in many
urban areas around the world. It affects the efficiency of trans-
portation, quality of life, and economic productivity [1]. Due
to growing urbanization, there is a need for intelligent transport
systems that are capable of monitoring and analyzing traffic
conditions in real-time [2]. Computer vision (CV), a field of
artificial intelligence that is focused on enabling machines to
extract meaningful information from visual data, has emerged
as an effective solution to address these challenges [3].

Traffic congestion estimation plays a key role in managing
and optimizing transport systems. It often involves analyzing
vehicle volume and capacity to infer congestion levels [4].
Traditional methods for traffic congestion estimation utilize
various technologies for collecting traffic information, such
as inductive loop detectors, Light Detection and Ranging
(LiDAR) sensors, and Global Positioning System (GPS)-based
tracking [5], [6], [7]. However, these methods have drawbacks.
GPS-based systems have limited coverage as they rely on vehi-

cles being equipped with tracking devices [6]. Loop detectors
require road installation and maintenance, which can be costly
and disruptive [8]. LIDAR sensors’ performance can be heavily
affected by different weather conditions as they interfere with
the laser signals and reduce accuracy [9].

With the increase in deployment of surveillance cameras
across urban centers, their integration into intelligent transport
system provides a highly beneficial method to address traffic
congestion in real-world scenarios. Deep learning models in
computer vision have shown significant promise in addressing
challenges associated with traffic congestion [10]. Among its
many applications, object detection, a technique for identifying
and locating objects within images, has shown potential in
enhancing current intelligent transport systems and providing
a non-intrusive mechanism to quantify traffic flow.

Despite these capabilities, current CV approaches often fall
short of providing a complete end-to-end analysis for traffic
management. Existing frameworks typically output raw vehicle
counts which require further manual processing to derive
standard congestion measures [11]. Currently, congestion de-
tection is treated as a visual classification problem through the
discretization of the degrees of congestion [12]. Furthermore,
few studies have shown a framework that would transform
vehicle detection counts, obtained via CV-based solutions, into
a measure of traffic congestion.

This study addresses this limitation by proposing an end-
to-end framework that uses object detection to quantify vehicle
volume and classify the Level of Service (LOS) of a roadway.
While baseline evaluations utilize traditional time-windowed
V/C ratios, this study introduces a Spatial Density Index (SDI)
to address their inherent temporal lag. The proposed SDI
provides an immediate classification of LOS through frame-
level evaluation of spatial occupancy of a road by vehicles.

II. REVIEW OF RELATED LITERATURE AND STUDIES
A. Traffic Congestion Estimation

Traffic congestion is defined as a condition where the
demand for road space exceeds the available capacity; this
leads to a decrease in vehicle speed, longer travel times,
and the overall inefficiency of the road network [8]. It can
be caused by various factors such as high traffic volumes,
accidents, roadworks, or inefficient traffic management. When
congestion occurs, the flow of vehicles is hindered, causing
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delays and contributing to environmental pollution through
increased emissions [13].

To accurately estimate congestion, various parameters are
considered. These parameters, such as traffic flow, speed,
density, and travel time, are essential for assessing congestion,
since they offer measurable data points that reflect real-time
and overall road network performance [14].

For the purpose of this study, the parameters (see Table I)
defined by the Philippine Department of Public Works and
Highways (DPWH) Highway Planning Manual [4] for the
estimation of traffic congestion were used to classify the level
of congestion detected in traffic scenes. Level of Service is
a qualitative measure describing the operational conditions
within a traffic stream and their perception by motorists and
passengers. It is categorized into different levels according to
the value of the Volume-to-Capacity (V/C) ratio of the road,
visualized in Fig. 1.

As for the quantitative parameters, Volume is defined as the
number of vehicles passing at a point or section of roadway per
lane for a given time period (number of vehicles/time), usually
measured by hour. Volume is a weighted measure describing
how much space those vehicles occupy, and that depends on
the Flat Terrain Passenger Car Equivalent Factor (PCEF) (see
Table II) of the different vehicle classes that compose the
traffic. On the other hand, capacity is the maximum number
of vehicles that have a reasonable expectation of passing over
a given section of lane or roadway in one direction or in both
directions during one hour under prevailing road and traffic
conditions (see Table III). It is typically expressed as passenger
car unit per hour (PCU/hr).

Fig. 1. LOS Examples [15].

TABLE I. LEVEL OF SERVICE FOR PHILIPPINE HIGHWAYS [4]

Level of Service  V/C Ratio Description
A < 020 Free Flow Traffic
B 0.21-0.50 Free Flow Traffic
C 0.51-0.70 Moderate Traffic
D 0.71-0.85 Moderate/Heavy Traffic
E 0.86-1.00 Heavy Traffic
F > 1.00 Forced Flow, Stop and Go

The V/C ratio defined by the DPWH provides a standard-
ized metric for congestion estimation. However, its reliance on
fixed time-windows introduces a temporal lag. Since the V/C
ratio is calculated using aggregate per-hour or per-minute data,
the resulting LOS reflects the average past traffic states rather
than real-time road conditions.
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B. Vehicle Detection in Traffic Scenes

Vehicle detection is the process of identifying and recogniz-
ing vehicles within a specific environment, such as roadways or
parking areas [16]. Accurate vehicle detection is important for
estimating congestion because it provides real-time data on the
number, position, and movement of vehicles on roadways. This
information helps in calculating important traffic parameters
for determining the degree of congestion [17]. Accurate vehicle
detection allows traffic management systems to improve urban
mobility by detecting bottlenecks and anticipating traffic jams,
and facilitating the implementation of more effective intelligent
transport systems such as adaptive traffic signal control or route
recommendations to reduce congestion [18].

Traditional vehicle detection methods rely on sensor-based
technologies that are installed within road infrastructure. These
methods include inductive loop detectors (ILDs), infrared
sensors, microwave radar, and LiDAR-based approaches, all
of which have been widely used in intelligent transport sys-
tems for vehicle identification and tracking. Despite their
effectiveness for basic tracking, these sensor-based methods
face several challenges and limitations. ILDs and infrared
sensors are effective for basic tracking, but they are hindered
by high installation costs, road surface disruption, and sen-
sitivity to environmental factors like fog or rain. Similarly,
while microwave radar and LiDAR offer resilience in adverse
weather and high-precision 3D mapping, they face challenges
with stationary vehicle detection and significant computational
and financial overhead. Additionally, many of these methods
require physical infrastructure changes, which makes them
difficult to deploy in rapidly evolving traffic environments.

To address these limitations, CV-based vehicle detection
has emerged as a more flexible and scalable alternative. Ad-
vancements in image processing and machine learning have
led to the adoption of CV techniques for vehicle detection.
Vehicle detection in CV involves identifying and locating
vehicles within images or video frames, typically captured in
traffic scenes [19]. These methods primarily utilize camera
feeds from surveillance systems. This addresses the chal-
lenge sensor-based methods face, as it eliminates the need
for extensive physical infrastructure. Modern object detec-
tion algorithms, such as convolutional neural networks, have
significantly improved the accuracy and efficiency of vehicle
detection, making CV an increasingly viable solution for traf-
fic monitoring, congestion estimation, and even autonomous
vehicle systems [20].

However, despite the significant improvement from tradi-

TABLE II. PCEF VALUES [4]

Vehicle Type Description Flat Terrain PCEF
1 Motor tricycle 25
2 Passenger car, Motorcycle 1.0

3-5 Passenger and goods utility and small bus 1.5
6 Large bus 2.0
7 Rigid truck, 2 axles 2.0
8 Rigid truck, 3 axles 2.5
9 Truck semi-trailer, 3 and 4 axles 2.5
10 Truck semi-trailer, 5+ axles 2.5
11 Truck trailers, 4 axles 2.5
12 Truck trailers, 5+ axles 2.5
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TABLE III. BAsic HOURLY CAPACITY, PCU [4]

Carriage Width (m) Urban Hourly PCU

Single less than 4 600
4.0-5.0 1,200
5.1-6.0 1,600
6.1-6.7 1,700
6.8-7.3 1,800

2X6.7Tor2x7.3 6,700

tional methods, vision-based vehicle detection systems still
face significant challenges that hinder its effectiveness in real-
world traffic scenarios. One of the most challenging problems
is occlusion, which occurs when portions of a vehicle are
occluded by other objects like other cars, pedestrians, road
construction, or natural environments like trees and shadows.
The accuracy and reliability of vehicle detection systems can
be heavily affected by occlusion, which can result in partial
or complete vehicle misdetection, especially in dense traffic
settings [21]. Additionally, viewpoint variations also pose a
problem, as vehicles appear differently depending on the dis-
tance and angles of the cameras. While deep learning models
have improved object detection significantly, they still struggle
to generalize well under these conditions without extensive
training on diverse datasets [22].

C. End-to-End DEtection TRansformers

The current CV landscape is dominated by several state-
of-the-art architectures, most notably the YOLO (You Only
Look Once) family, SAM (Segment Anything Model), and
DETR (DEtection TRansformer) [23]. DETR-based models,
with their global attention mechanisms, are inherently better
equipped to handle the occlusions of vehicles in dense traffic
scenes.

The Real-Time DEtection TRansfomer (RT-DETR) is a
new approach to object detection that aims to address the
limitations of current real-time detectors like the YOLO series
and earlier DETRs. The architecture of RT-DETR consists of
a backbone, a hybrid encoder, and a Transformer decoder with
auxiliary prediction heads [24]. RT-DETR demonstrates state-
of-the-art real-time object detection performance, outperform-
ing previously advanced YOLO detectors in both speed (in
terms of frames per second) and accuracy (in terms of mean
average precision) on the Common Objects in Context (COCO)
dataset [24]. Real-time, in this case, is defined as an object
detector with an inference speed of 20 frames per second or
50 ms per frame [25]. RT-DETR also significantly outperforms
other DETR variants in terms of speed, achieving comparable
or better accuracy with higher frames per second [24].

III. METHODOLOGY
A. Image Dataset Creation

The experimental workflow began with the acquisition
and preparation of the raw data from the Ateneo de Manila
University Campus Safety and Mobility Office (CSMO) video
feeds which were turned into a dataset.

For this study, the CSMO provided static video feeds from
Gates 2, 2.9, 3, and 3.5 of the university, running at 15 frames
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per second (see Fig. 2). The feeds were taken on 2025-02-
20, 06:00 AM to 2025-02-21, 06:00 AM; 2025-04-03, 06:00
AM to 2025-04-04, 06:00 AM; and 2025-10-07, 06:00 AM to
2025-10-08, 06:00 AM.

All of the frames were sampled using FFmpeg. To avoid
excessively long training times while still ensuring sufficient
representation of the video footage, two frame samples were
taken per minute on the footage. For the training process,
frames were only extracted from the feeds on 2025-02-20 to
2025-02-21 and 2025-04-03 to 2025-04-04. The footage on
Gates 2.9, 3, and 3.5, frame samples were taken from 06:00
AM of the first date up until 10:00 PM, and from 05:00 AM
of the succeeding date up until 06:00 AM. For the footage
on Gate 2, the frame samples were taken from 06:00 AM
on the first date up until 06:00 PM and from 05:00 AM on
the succeeding date up until 06:00 AM. Conceptually, 11,760
frames should be sampled. However, due to the fragmented
nature of the footage, a total of 11,783 frames were sampled by
FFmpeg, with 23 extra samples. Since these 23 extra samples
were only a very small proportion of the projected total of
11,760 frames, it was decided that the frames would still be
kept for the annotation process.

For the testing process, frames were sampled from the
footage on 2025-10-07 to 2025-10-08. For the footage on
Gates 2.9, 3, and 3.5, samples were taken from 06:00 AM
to 01:00 PM and 04:00 PM to 10:00 PM on 2025-10-07. For
the footage on Gate 2, samples were taken from 06:00 AM
to 01:00 PM and 02:00 PM to 06:00 PM on 2025-10-07,
and 05:00 AM to 06:00 AM on 2025-10-08. Following this
process, an additional 3,060 frames were sampled from the
given footage with no extra frames. Combined together, there
were a total of 14,843 sampled images in the dataset.

The sampled images were in 1920 x 1080 pixels, but
was resized to 640 x 640 pixels when fed into the model
for training and validation, similar to the image sizes in
COCO dataset, which the base RT-DETR was trained on [24].
Moreover, having a consistent size for all images allows for
more effective feature extraction as it helps effectively capture
relevant details and patterns, which is especially important for
detecting occlusions where details may be subtle.

Fig. 2. Sample images from CSMO-provided feeds.

The sampled images were then labeled by an object an-
notation tool. Among the commonly used tools like CVAT,
Roboflow Annotate, LabelStudio, and Make Sense, CVAT was
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selected as it offers a free, open-source, and feature-packed
solution for annotations [26].

In annotating the images, the six vehicle classes defined
by the DPWH Highway Planning Manual [4], namely car,
motorcycle, tricycle, bus, van, and truck were used. To guide
the annotators in annotating the images, the sample images
for each of the categories shown in the Philippines’ Land
Transportation Office [27] Filipino Driver’s Manual were used
as the visual basis.

The generated image annotations were saved in a
JavaScript Object Notation (JSON) file format using the COCO
annotation format. Sample annotation images can be seen in
Fig. 3a and Fig. 3b.

(a) Congested traffic.

(b) Freeflowing.

Fig. 3. Sample annotated frames.

B. Model Training and Testing

The RT-DETR model with the ResNet50 backbone was
then trained on the training data subset with 11,760 frames
and then tested on the testing data subset with 3,060 frames.

To test the counting and traffic congestion estimation
capabilities of the model, video footage was taken and trimmed
from the raw CSMO footage on 2025-10-07 to 2025-10-08. 12-
hour segments from 06:00 AM to 06:00 PM were chosen from
the video footage as these represent the operational hours of
the school roads. After trimming these segments from the raw
footage, the number of vehicles that passed through the gate
were counted according to their category. These counts served
as the ground truth versus the model’s counting capability.

C. Vehicle Counting and Ground Truth Annotation

1) Ground truth validation: Manual vehicle counts were
established by the researchers to serve as the ground truth. To
ensure measurement reliability and mitigate annotation bias,
the manual counts underwent a rigorous verification stage.
Annotations were all performed by the researchers. Initial
counts were self-validated two times by a primary annotator
and subsequently cross-validated two times by a secondary
annotator. In instances of discrepancy, the cross-validation
count was established as the final ground truth.

2) Automated counting pipeline: The valid vehicle types
to be counted were selected based on the availability of PCEF
values in the DPWH Highway Planning Manual [4] and its
specified classes, namely, cars, motorcycles, tricycles, buses,
vans, and trucks.

To accommodate the comparative analysis, two distinct
vehicle counting pipelines were implemented:
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Fig. 4. Vehicle counting sample.

e Time-Windowed Pipeline: For the traditional metric,
the ByteTrack Multi-Object Tracking Algorithm [6]
was used. A vehicles was only counted when its
tracked trajectory crossed a user-defined line on the
roadway, as illustrated in Fig. 4.

e  Frame-Level Spatial Pipeline: For the proposed spatial
metric, the line-crossing logic was discarded. Instead,
the model executed a frame-level count by aggregating
all visible vehicles in a single frame simultaneously.

D. Traffic Estimation Metrics

In this study, two model frameworks were used to translate
the automated vehicle detections and counts into congestion
measures. This time-windowed framework was based on the
standard Volume-to-Capacity ratio established by the DPWH.
The LOS was determined based on equivalent traffic levels of
the computed V/C ratio (see Table I).

1) Time-windowed volume-to-capacity ratio: The Volume-
to-Capacity ratio is a quantitative measure of the demand of
vehicles placed in a roadway compared to its ability to handle
the traffic [4].

Under this time-windowed framework, raw vehicle counts
are transformed into Passenger Car Units using the equivalent
Passenger Car Equivalent Factors to account for the varying
impact of different vehicle types on traffic flow [4]. Volume
pertains to the number of vehicles that are using the road
per hour. Volume is calculated by aggregating the weighted
counts of six distinct vehicle classes: cars, vans, motorcycles,
tricycles, buses, and trucks. Hence, the window-based volume
is defined in Eq. 1:

6
Volumey,, = » (n; x PCEF;) (1)
=1

where, n; represents the raw count of vehicles in class
i, and PCEF; represents the corresponding factor for that
specific class. Note that in this implementation, volume is
calculated over the past n-minutes.

On the other hand, capacity is the maximum number of
vehicles per hour that the road can handle before congestion
occurs. A roadway’s capacity (Capacity,,,) is based on its
carriage width. The DPWH [4] defines the hourly capacity
for a given road’s carriage width in Table III. Hence, the V/C
ratio is defined in Eq. 2:
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Vol w
V/C Ratio = —o—t. @)
Capacity,,,

The capacity was obtained via a user-defined road width
which was mapped to its corresponding PCU. This capacity
was then scaled down for the shorter time intervals used in the
video inference.

2) Frame-level spatial density index: While the DPWH-
based framework provides a standardized metric for assessing
traffic, its reliance on fixed time-windows introduces a tem-
poral lag. Because the V/C ratio is calculated using aggregate
data from the preceding n-minutes or hours, the resulting LOS
reflects past traffic states rather than current conditions.

To address the limitations of the time-windowed V/C ratio,
a Spatial Density Index (SDI) was formulated based on the
instantaneous frame-level spatial occupancy. In this approach,
frame-based volume is defined in Eq. 3 as the weighted sum
of vehicle counts detected within a single frame:

6
VOlllmel = Z(ni,frame X PCEF’L) (3)

i=1

Meanwhile, the modified capacity is defined in Eq. 4:

Capacity ;; = k; x ny x L @)

where, k; is the jam density, n; is the number of lanes in
focus, L is the length of the roadway in focus in kilometers.
Jam density is defined as the maximum possible vehicle
density on the road when traffic is completely stopped [28];
its units are expressed in veh/km/lane. Theoretical simulations
by Knoop and Daamen [28] identified that the theoretical jam
density was 145 veh/km/lane.

The resulting SDI is then expressed in Eq. 5:

SDI — Volun.le 1l
Capacity ¢,

)

Both of these ratios are dimensionless since both the PCE-
weighted numerator and capacity denominator share the same
unit, namely the number of vehicles.

3) Percent error: Accuracy is an important evaluation
metric that can be used to evaluate the performance of the
proposed method. Percent error represents the difference be-
tween an estimated value and the true value as a percentage
of the true value [29]. It can be signed when analyzing bias or
unsigned when expressing accuracy. It can be computed using
the formula,

Estimated Value — True Value

x 100%
(6)

For this study, this metric will be used to provide insights
into the model’s ability to underestimate or overestimate in its
counting of vehicles and computation of the level of traffic
congestion estimation based on the Volume-to-Capacity ratio
or the Spatial Density Index.

Signed % E =
tened Yo Biror True Value
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IV. RESULTS AND DISCUSSION
A. Base Model Performance and Inference Latency

Before evaluating the congestion estimation pipelines, the
underlying RT-DETR model’s object detection reliability was
briefly assessed. As seen in Table IV, the model demonstrated
highly robust baseline detection capabilities for the selected
vehicle classes.

TABLE IV. MODEL PERFORMANCE OF RT-DETR

Precision  Recall mAP@0.5 mAP@0.5:0.95
0.999 0.989 0.934 0.795

To validate the real-time applicability of both the tradi-
tional and proposed end-to-end framework, the computational
complexity of the model was measured. Using an NVIDIA
RTX 3090 GPU for the complete pipeline, it can be noted
that the system achieved an inference speed of 29.59 frames
per second (FPS) (see Table V). This exceeds the standard 20
FPS threshold required for real-time traffic monitoring systems
[25].

TABLE V. COMPUTATIONAL COMPLEXITY OF RT-DETR

Parameters GFLOPs Inference (FPS)
42,710,790 67.91 29.59 2.121

Memory (GB)

B. Time-Windowed Traffic Congestion Estimation

The model’s ability to count vehicles over 12 hours (06:00
AM to 06:00 PM) was evaluated against the manually counted
ground truth, as shown in Table VI. Across most gates, the
model showed a strong performance in counting the number of
vehicles, maintaining an error rate of around +10%. However,
Gate 2 showed a significant outlier with a -15.84% error in
vehicle counting.

TABLE VI. COMPARISON OF THE GROUND TRUTH, AND RT-DETR
VEHICLE COUNT

Gate Ground Truth  RT-DETR % Error
Gate 2 3953 3643 -7.84%
Gate 2.9 5171 5303 2.55%
Gate 3 7442 7396 -0.62%
Gate 3.2 2424 2556 5.45%
Gate 3.5 4084 4261 4.33%

TABLE VII. COMPARISON OF THE GROUND TRUTH, AND RT-DETR V/C
RATIO (TIME-WINDOWED)

Gate Ground Truth  RT-DETR % Error
Gate 2 0.196 0.157 -19.97%
Gate 2.9 0.448 0.453 1.12%
Gate 3 0.304 0.294 -3.23%
Gate 3.2 0.145 0.135 -6.75%
Gate 3.5 0.978 0.973 -0.51%

The V/C ratios derived from the counts in Table VII
typically had error margins within -6.75% to 1.12%. Gate 2
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was also a notable exception with a -19.97% error in the V/C
ratio.

C. Strengths and Limitations of the Time-Windowed Method

The traditional time-windowed method [4] shows signif-
icant strengths primarily oriented toward long-term planning
as the V/C ratio, as defined in this method, can be used to
predict the exact years that a roadway may reach a saturation
point and require engineering interventions [30]. The primary
strength of this approach is its focus on average throughput
over a long period, such as an hour. As such, it is able to
ignore brief fluctuations such as drivers stopping. Hence, the
primary utility of the method is in the analysis of historical
congestion data to identify persistent trends.

However, the method has significant limitations for real-
time applications. One critical flaw is its reliance on point-
based volume counts. When the road is empty, only a few
vehicles or no vehicles will pass over the counting line.
Similarly, when the road is completely gridlocked, only a
few vehicles or no vehicles will also pass over the counting
line. In both cases, the volume and, consequently, the V/C
ratio become 0, which is equivalent to LOS A. Therefore, an
empty and a gridlocked roadway are both considered as free-
flowing traffic, resulting in the *zero flow’ paradox (see Fig. 7).
The paradox lies in the inability of the method to distinguish
between the two scenarios without supporting context from, for
example, a live camera. Furthermore, the traditional V/C ratio
requires calculation over n-minute or hour intervals to obtain
an average flow rate. This delay means V/C ratios fail to reflect
rapid changes in congestion, making them unsuitable for real-
time control. As seen in Fig. 5, while the average vehicle count
from 3:00 PM to 3:10 PM is at a high 16.59, the average LOS
was calculated at A, indicating free flow. This means that at
3:00 PM to 3:10 PM, it was not able to properly represent the
LOS of the past 10 minutes as no cars were moving past the
counting line.

A notable outlier observed in both the vehicle counts and
the V/C ratio computations was Gate 2, where the error was
significantly higher. Upon checking the video feed, the camera
at Gate 2 was observed to be positioned in a ground-level,
side-view manner, with vehicles in the foreground frequently
occluding those in the background. This left the model with
insufficient visual features to identify and count trailing vehi-
cles. This highlights the critical impact of camera placement
on model detection accuracy, as accuracy relies on an object
having the appropriate resolution at a given distance [31].
Going beyond the optimal distance makes objects look smaller
and more difficult to separate from noise [31]. Moreover,
optimal placement ensures that the maximum possible area
is covered while minimizing blind spots or redundant overlaps
between cameras [32]. Hence, it can be observed here how
improper placement led to significant undercounting, which
skewed the Level of Service computations for a given gate.

D. Frame-Level Traffic Congestion Estimation

The proposed frame-level framework demonstrates a no-
table performance improvement over the traditional time-
windowed approach. As shown in Table VIII, the proposed
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LOS and Vehicle Count Over Time (Time-Windowed)

16.59 16.8
. —e— LOS
—=— Vehicle Count

Vehicle Count

Time

Fig. 5. LOS and vehicle count over time (time-windowed).

TABLE VIII. COMPARISON OF THE GROUND TRUTH AND RT-DETR
SDI (FRAME-LEVEL)

Gate Ground Truth RT-DETR % Error
Gate 2 0.400 0.355 -11.08%
Gate 2.9 0.794 0.815 2.69%
Gate 3 0.179 0.178 -0.77%
Gate 3.5 0.334 0.333 -0.22%

method reduced the percentage error margin to between -
0.22% and 2.85%, a substantial improvement over the time-
windowed measurements with range of -6.75% to 1.12%.
Notably, the framework also demonstrated resilience to subop-
timal camera configurations in its LOS computations compared
to the time-windowed method. For instance, at Gate 2, despite
a highly problematic viewing angle, the model reduced the
error relative to the ground truth from a baseline of -19.97%
in the time-windowed method to -11.08%. While the negative
percentage value indicates that there is still an underestimation
in congestion, the proposed framework mitigates the severe
miscalculations inherent in the time-windowed method.

E. Strengths and Limitations of the Frame-Level Estimation
Method

A primary strength of the proposed method is its ability
to solve the zero flow paradox. This proposed method, by
analyzing the entire frame, instantly distinguishes between
gridlocked and free-flowing traffic states by detecting the
presence of stationary vehicles (see Fig. 7). As seen in Fig. 6,
the average vehicle count at the interval from 3:00 to 3:10 PM
is 16.59, with the LOS being at level D. When contrasted with
Fig. 5, this shows that the frame-level method can distinguish
a congested road, whereas the time-windowed method cannot.
Furthermore, the method provides a significant advantage in
temporal resolution versus the time-windowed method. The
proposed method is able to detect spikes in vehicle density
immediately, offering data that is far more responsive for
applications like adaptive traffic signal control.

However, the method has limitations dependent on camera
perspective and scene complexity. Because it detects all ve-
hicles within the entire video frame, it can be inaccurate for
frames containing multiple traffic routes, such as in Gates 3.2
and 3.5, where distinguishing the specific lane or road segment
is challenging. Without Region of Interest (ROI) masking, the

www.ijacsa.thesai.org

1171 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

model may aggregate the traffic density of the entire frame,
making it difficult to isolate and assign specific congestion
metrics to each individual gate. Another significant constraint
is occlusion. A common issue with single, oblique-angle
CCTYV views is that larger vehicles, like trucks, can obscure
smaller vehicles behind them, such as cars or motorcycles.
This leads to an underestimation of true density. A top-
down perspective from a drone or satellite would mitigate this
[33], but it is often not available for most traffic monitoring
infrastructures.

LOS and Vehicle Count Over Time (Real-Time)

16.59 16.8
., —e— LOS
=== Vehicle Count || |

LOS

Vehicle Count

Time

Fig. 6. LOS and vehicle count over time (frame-level).

Frame-Level Method
. = e

Fig. 7. Time-windowed method (top) vs. frame-level method (bottom)
detection comparison in congested states.

V. CONCLUSION

In conclusion, this study demonstrates that frame-wide
spatial density analysis offers a robust alternative to the
traditional time-windowed and line-based traffic congestion
estimation by directly resolving the zero flow paradox inherent
in severely congested conditions. By processing instantaneous
vehicle density through the proposed frame-level method, the
framework outperformed the traditional methods and effec-
tively reduced percentage errors by approximately half while
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maintaining a more accurate representation of the true con-
gestion state. Furthermore, unlike traditional flow-based V/C
ratios that require substantial time-windows, the ability of the
SDI to detect immediate spikes in congestion makes it highly
applicable for integration into adaptive traffic signal control
systems as it uses real-time congestion data; this enables
control systems to autonomously optimize signal timing and
alleviate sudden congestion [34].

VI. RECOMMENDATIONS FOR FUTURE WORK

The current framework utilizes jam density thresholds
derived from the literature based on traffic conditions in the
Netherlands. However, Philippine traffic is highly heteroge-
neous, characterized by unique vehicle dimensions (e.g., jeep-
neys, motorcyles, etc.), unstructured lane discipline, and tighter
vehicle packing during severe congestion. Consequently, ap-
plying foreign baselines may skew maximum density estima-
tions. Future research should consider establishing localized
jam density metrics. Defining these local parameters will crit-
ically calibrate the model’s congestion thresholds and improve
the accuracy of Level of Service (LOS) classifications in
similar developing urban centers.

To address the limitations of processing multi-directional
traffic within a single camera feed, future research should
investigate integrating ROI masking. Applying explicit spatial
boundaries will allow the model to isolate specific road seg-
ments and lane directions. This targeted extraction is crucial for
preventing data aggregation in complex scenes and enabling
the framework to provide accurate, road-specific congestion
estimations rather than generalized frame-wide density.

To address the limitation of vehicle occlusion inherent
in ground-level camera angles, future implementations may
look into prioritizing top-down camera perspectives. As noted,
ground angles frequently result in larger vehicles (e.g. vans,
trucks) obscuring smaller trailing vehicles, which inherently
leads to an underestimation of true traffic congestion.

While this study successfully serves as a proof-of-concept
for the SDI, certain methodological limitations must be ac-
knowledged. First, due to the limited sampling windows of
the university vehicular gates, the current evaluation lacks the
statistical volume necessary for cross-validation. Consequently,
the reported error margins require further validation across
diverse environmental conditions, including varying weather
and lighting. Second, the SDI has to be adapted into discrete
DPWH Level of Service categories since the LOS categories
outlined by the DPWH are based on the V/C ratio. Future
studies must consider both of these before considering the
generalized deployment of this system.
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