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Abstract—Manual vehicle counting in the Philip-
pines is challenged by rapid urbanization, while
artificial intelligence (AI) offers a solution, hindered
by the lack of representative vehicle datasets. This
study addresses the dataset gap in vehicle detection
by applying data engineering techniques to improve
quality and mitigate class imbalance. Three methods
were tested: grayscaling, blocking overrepresented
classes, and grouping classes with similar instance
counts. Grayscaling notably improved night-time
detection, boosting precision and recall by 247 % and
155%, respectively. Grouping cars and motorcycles
yielded significant gains in both day and night set-
tings, with day-time precision and recall increasing
by 351% and 279%, and night-time by 157% and
164%. These results highlight the vital role of data
preprocessing and balanced class distribution in
optimizing AI performance for traffic management.

Index Terms—Artificial intelligence, Data aug-
mentation

I. INTRODUCTION

Urbanization often drives increased automobile
ownership in cities. As urban areas expand, the
demand for personal vehicles increases, influenced
by economic growth and the development of
infrastructure that supports private transportation
[1]. Establishing an efficient traffic monitoring
system is crucial to managing congestion proac-
tively, promoting strategic urban development [2].

Traditional traffic monitoring methods, such as
manual vehicle counting by traffic personnel, are
labor-intensive and prone to inaccuracies. Traffic
officers may work extended hours under varying
weather conditions, posing risks to their health and
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compromising data accuracy. Another challenge
would be during weekends and holidays; during
these periods, agencies rely heavily on CCTV
footage for analysis. However, manually reviewing
recordings is time-consuming and often delayed,
preventing real-time traffic management.

Several studies on the application of artificial
intelligence models for vehicle classification have
been published in recent years. Wang et al. [3]
compared state-of-the-art deep learning algorithms
for vehicle detection at the time that were trained
using KITTI dataset; however, the KITTI dataset
[4] does not contain classe s characteristic of
the Philippine setting. Moreover, robust AI model
architectures have since been developed [5].

The variety of vehicles on Philippine
roads—especially underrepresented types like
public utility jeepneys (PUJs) and tricycles—adds
complexity to traffic monitoring. Some studies
have included these modes [6]-[8], but often
use camera angles from sidewalks that capture
more pedestrians than vehicles. Maclang et al.
[9] developed an active learning-based system
to classify vehicles and measure traffic flow,
covering buses, cars, PUJs, tricycles, trucks, and
vans. However, their dataset primarily features
side-view images and generalizes across varying
conditions (e.g., day/night, clear/cloudy).

This study proposes a framework for vehicle de-
tection and counting tailored to the Philippine con-
text, utilizing locally sourced data and incorporat-
ing vehicle classifications common to the region,
namely, PUJs. The research leverages advanced
data augmentation techniques and explores inno-



vative data preprocessing and engineering methods
to enhance model performance. Additionally, it
presents a proof-of-concept and offers actionable
recommendations for local government units on
the implementation of Al-driven solutions for traf-
fic management and optimization.

II. EXPERIMENTAL SET-UP

This section outlines the methodology em-
ployed in this study, detailing the framework used
for data processing and augmentation techniques
and Al model training.

A. Data Acquisition

(a) Day setting. (b) Night setting.

Fig. 1: CCTV frames from the data gathered.

Quantitative data was obtained from CCTV
footage provided by the Metropolitan Manila De-
velopment Authority (MMDA) Traffic Engineer-
ing Center. The dataset consists of video record-
ings from four major roads over a two-day pe-
riod, spanning 6:00 AM to 8:00 PM daily. An
additional recording was captured at Roces St.,
Diliman, Quezon City, Metro Manila. The footage
includes both day and night conditions, offering a
comprehensive view of typical and atypical traffic
scenarios. Sample frames are presented in Figures
2a (day) and 2b (night).

Vehicle classes follow MMDA'’s classification,
with class labels and instance counts detailed
in Table I. Annotation was performed using the
Computer Vision Annotation Tool (CVAT) for
both the collected footage. An open-source dataset
comprising nine vehicle classes [10] was added to
the dataset. All frames were manually labeled to
ensure consistency and quality.

B. Dataset Labeling

The image labeling process was carried out
over five months using semi-automatic annota-
tion in CVAT. In addition, open-source labels

Label  Vehicle Description

0 Car

1 Motorcycle

2 Public Utility Jeepney (PUJ)
3 Utility Vehicle (UV) express
4 Taxi

5 Standard Bus

6 Pick-up

7 Truck(2-Axles)

8 Truck Traile

9 Tanker

10 Ambulance

11 Fire Truck
12 Small Van

13 Bicycle

14 Motorized Tricycle
15 E-bike

16 Pedi Cab

17 Police Car
18 Other Vehicles

TABLE I: Vehicle labels

from [10] were adapted to match the annota-
tion scheme of the manually collected dataset.
Due to limited manpower, class validation was
not performed. The resulting dataset exhibits a
marked class imbalance, with Public Utility Jeep-
neys (PUJs)—a common vehicle type in the
Philippines—significantly underrepresented com-
pared to other vehicle classes [11]. The final
dataset comprises 8,778 images captured during
the day and 2,248 at night. Class imbalance was
assessed using the Chi-square Goodness of Fit test,
with p-values presented in Table II, based on a
significance level of a = 0.05.

Technique Day Night
Benchmark  <0.001  <0.001
Grayscale <0.001  <0.001
Blocking <0.001 <0.001
Group 1 0.003 0.353
Group 2 <0.001  <0.001
Group 3 <0.001 <0.001
Group 4 <0.001 <0.001
Group 5 <0.001 0.003

TABLE II: Dataset p-values for Chi-square Good-
ness of Fit Test at a = 0.05

C. Data processing

The labeled data are statistically tested using
Chi-Square Goodness of Fit test to determine if the
distribution of frequencies match the expected fre-
quencies based on a specified distribution [12]. Its



p-value gives insight on the significant difference
of the instance counts of classes in the dataset.
Dataset imbalance is mitigated by employing
three data augmentation/processing techniques:
Grayscaling, Blocking and Class-grouping. These
are described in the succeeding subsections.

1) Grayscaling Technique: Color information
is a significant feature in image-based object de-
tection, particularly in tasks where distinguishing
between object classes relies on differences in hue,
saturation, or intensity [13]. However, in object
detection tasks where variations in shape, texture,
or structural features are more defining than color,
incorporating color information may not provide
substantial benefits. In such cases, models can be
trained using grayscale images, reducing compu-
tational complexity while maintaining detection
accuracy [14]. Converting images to grayscale not
only simplifies the feature space but can also
enhance robustness by minimizing the impact of
lighting conditions and color variations that may
introduce noise or inconsistencies in the training
data. To improve performance metrics, this study
investigates the impact of removing color informa-
tion by training models on grayscale images [15].
This approach also aims to reduce headlight glare
in night-time settings [15].

1

(b) Grayscale image.

(a) RGB image.

Fig. 2: Side-by-side comparison of RGB and
grayscale images

2) Blocking Technique: To address the issue
of limited class representation, [16] introduced
a “cut, paste, and learn” method using the Big-
Bird dataset to increase the number of instances.
However, this approach simply pastes objects onto
scene images, sometimes covering existing un-
derrepresented instances. To improve this, [17]
developed a technique that copies, transforms, and
places instances in random locations within an
image. While this method helps balance class dis-
tribution, adding similar instances just to balance
out the class with least count may lead to over-

fitting, reducing the model’s ability to generalize
effectively [17] .

In our study, we implement a strategic blocking
technique that selectively removes non-jeepney
instances to increase the number of example im-
ages containing jeepneys, while preserving the
number of instances from other vehicle classes. An
illustration of this approach is provided in Figure
3. The corresponding image label files were also
updated to reflect the changes introduced by the
augmentation process.

Fig. 3: Blocking technique for non-PUJ vehicle
classes

3) Class Grouping Technique: Another data
processing technique we explored is grouping the
classes according to their instance counts, putting
classes with instance counts close to each other
into the same group. A total of 5 groups were
identified for both the day and night settings.
These groupings are shown in Table III.

Group Vehicle Classes
1 Car and motorcycles
2 Pick-up, Bus, and PUJ
3 PUJ, and UV
4 Pick-up, Bus, and taxi
5 UV, truck trailer, bicycle, E-bike, and police car

TABLE III: Vehicle class groupings

D. Model development

YOLO works by dividing an image into a grid
and predicting bounding boxes and class proba-
bilities for objects directly from each grid cell in
a single forward pass through a neural network.
This allows for fast, real-time object detection by
treating the entire detection process as a single
regression problem. To cater deployment of the
models, inference speed must be considered and
YOLOL11 achieved the best inference speed among
YOLO models [18]. The researchers employed
YOLOI1n, a state-of-the-art Al model pre-trained



on the COCO dataset [19]. Built on the PyTorch
framework, YOLOI11 represents a significant ad-
vancement in real-time object detection compared
to its predecessors. Its key innovations include the
Spatial Pyramid Pooling-Fast (SPPF) block, the
C3k2 block, and C2PSA, all of which enhance
feature extraction and object detection capabilities
[5].

To adapt the model to the specific task, the
researchers fine-tuned YOLO11n using a custom-
labeled dataset. The dataset was split into 70-20-
10 for train-val-test. The model was trained for
50 epochs with a batch size of 16, a learning
rate of 0.01, and an intersection-over-union (IoU)
threshold of 0.70. Training was conducted on an
NVIDIA V100 GPU. In this study, precision and
recall were used to evaluate the detection perfor-
mance of the models. Additionally, mean Average
Precision (mAP) at various thresholds—including
mAP@50 and mAP@50-95—was employed to
assess the models’ overall classification perfor-
mance.

III. RESULTS AND DISCUSSION

In this section we discuss the results of the
experiments and give insights on future research
that can be done on vehicle detection with an
imbalanced dataset.

A. Data Processing and Model Performance

A summary of the metrics and improvements of
the data augmentation/processing techniques that
were employed by the AI models are given in
Table IV for day setting and Table V for night
setting. These two tables present a comparative
analysis of the performance metrics.

1) Grayscale: As shown in Tables IV and V,
grayscale conversion can lead to notable gains in
both speed and accuracy, primarily due to reduced
computational complexity. Grayscale images use
a single channel instead of three (RGB), lowering
memory usage, bandwidth, and processing time
[14]. When object recognition relies on shape and
texture rather than color, grayscale inputs may en-
hance model generalization by reducing sensitivity
to color variations introduced by lighting, camera
sensors, or environmental conditions.

In this study, grayscale conversion improved
precision and recall under daylight conditions (Ta-
ble IV). However, its effectiveness diminished in
low-light settings (Table V), suggesting that color
information may be essential for object distinction
and contrast at night. These findings highlight the
context-dependent utility of grayscale processing,
emphasizing its benefits in high-light environ-
ments while cautioning against its use in scenarios
where color aids visual discrimination.

2) Blocking technique: Applying blocking
technique led to a doubling of PUJ instances—a
vehicle class commonly seen in the Philippines
which, according to Table II still resulted to an
imbalanced dataset. It was further used during the
fine-tuning of the YOLOI11n model. The results,
shown in Tables IV and V , reflect performance
in both day and night settings, respectively. The
observed decline in performance may stem from
overfitting, as the same instances were merely
duplicated, a limitation also noted in [17], [20];
moreover, such can also be attributed to the per-
sistent dataset imbalance used in training.

3) Class Grouping Technique: This technique
evaluates the impact of grouping classes based on
similar instance counts on Al model performance.
Implementation involved retaining images while
removing annotations for classes outside each
group, encouraging the model to treat excluded
classes as background noise. Class groupings are
summarized in Table III.

In the day setting (Table IV), Group 1 yielded
a p-value of 0.003, while Groups 2-5 all reported
p-values below 0.001, indicating increasing im-
balance. Correspondingly, Group 1 achieved the
highest precision (67.531) and recall (61.757) (Ta-
ble IV), suggesting that balanced class distribution
contributed to improved model performance. Mod-
els trained on the more imbalanced groups showed
degraded precision and recall, likely due to bias
toward majority classes and reduced detection
accuracy for minority classes [17].

For the night setting (Table V), Group 1 and
Group 5 exhibited no significant deviation from
expected distributions, indicating balance, whereas
Groups 2—4 had p-values below 0.001. The model
trained on Group 1 again outperformed others,
with precision of 54.5 and recall of 47.1, demon-
strating better generalization and reduced overfit-



Technique Precision Recall mAP50 mAP50-95
Value % Change  Value % Change Value % Change Value % Change
Benchmark  14.986 — 16.317 — 10.498 — 5.3189 —
Grayscale 52.00 247% 41.6 155% 45.10 329.61% 34.30 544.87%
Blocking 13.942 -7.00% 16.461 1.23% 10.149 -3.32% 5.196 -2.31%
Grouping 1~ 67.531 351% 61.757 279% 56.10 434.39% 91.70 1624.04%
Grouping 2 54.4 263% 43.7 168% 40.5 285.79% 26.7 401.98%
Grouping 3 31.0 107% 333 104% 23.8 126.71% 10.7 101.17%
Grouping 4 19.3 28.8% 36.1 121% 23.8 126.71% 19.0 257.22%
Grouping 5 11.4 -24.0% 9.07 -44.3% 5.85 -44.28% 3.16 -40.59%

TABLE IV: Performance of Data Preprocessing and Augmentation for the Day Setting.

Note: % Change refers to improvement over the benchmark.

Technique Precision Recall mAP50 mAP50-95
Value % Change  Value % Change  Value % Change Value % Change

Benchmark 52.0 — 17.8 — 11.2 — 5.70- —

Grayscale 21.7 2.36% 15.3 -14.0% 10.70 -4.46% 5.34 -6.32%
Blocking 13.942 -34.4% 16.461 -7.30% 10.149 -9.38% 5.196 -8.42%
Grouping 1 54.5 157% 47.1 164% 43.8 -4.46% 17.5 207.02%
Grouping 2 2.57 -87.9% 16.8 -5.62% 3.09 -72.41% 1.40 -75.44%
Grouping 3 21.2 0% 17.8 0% 11.2 0% 5.70 0%

Grouping 4 13.9 -34% 20.8 16.9% 7.59 -32.23% 391 -31.40%
Grouping 5 11.4 -46.2% 9.07 -49.0% 4.60 -58.93% 2.39 -58.07%

TABLE V: Performance of Data Preprocessing and Augmentation for the Night Setting.

Note: % Change refers to improvement over the benchmark.

ting. In contrast, models trained on imbalanced
groups showed poorer performance, reaffirming
the negative impact of skewed class distributions.

The findings underscore the importance of class
distribution in AI model performance. Group-
ing classes with similar instance counts enhances
model generalization by promoting a more bal-
anced training dataset. The superior performance
of models trained on Group 1 in both day and
night settings indicates that maintaining relatively
equal class representation reduces bias and im-
proves recall. This highlights the effectiveness of
data-centric optimization, which serves as a pow-
erful alternative to model-centric approaches that
modify the network architecture with components
like attention modules to boost performance [21].

IV. CONCLUSION AND RECOMMENDATIONS

This study proposed a framework for vehicle
counting and detection in the Philippine context
by applying data processing and augmentation
techniques. The findings showed that these meth-
ods significantly impacted data quality, which, in
turn, affected Al model performance. Notably, the
grayscaling technique improved night-time detec-
tion, increasing precision and recall by 247% and
155%, respectively. Similarly, grouping cars and

motorcycles significantly enhanced detection in
both day and night settings, with precision and
recall improvements of 351% and 279% during
the day, and 157% and 164% at night.

However, not all techniques yielded positive
outcomes. For instance, grayscaling did not con-
sistently improve performance across all settings,
and grouping techniques applied to other vehicle
subsets were less effective. These results highlight
the critical role of class distribution and dataset
quality in shaping model learning and effective-
ness.

V. FUTURE WORK

The data collection campaign will be extended
to six months, covering at least ten arterial and
secondary roads across Metro Manila and two
provincial cities. Each site will be sampled over
24-hour periods under dry, rainy, and holiday
conditions, yielding > 30 hours of footage per lo-
cation. Dataset splits will exclude entire roads and
days to avoid temporal leakage. At least 2,000 an-
notated instances per minority class (PUJ, tricycle,
bicycle, e-bike) will be ensured, with diffusion-
based augmentation used as needed. Protocols,
camera specifications, annotation guidelines, and
a 10% public subset will be released.
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