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Abstract. The performance of deep learning-based vehicle detection models often deteriorates when applied to real-
world CCTV environments due to domain shift caused by variations in lighting, occlusion, glare, and changes in camera
viewpoint. This study aims to develop a YOLOv11l-based progressive training framework to improve the model's
generalization ability under heterogeneous operational conditions. The proposed method consists of four stages: base
training, fine-tuning, and a supervised progressive domain adaptation strategy implemented through sequential fine-
tuning on labeled target-domain CCTV images before OpenVINO-based inference optimization. The model is trained using
a source dataset and adapted to a target dataset representing real-world CCTV conditions. Evaluation was conducted
using Precision, Recall, mAP@50, mAP@50-95, loss curve analysis, per-vehicle-class evaluation, visual testing on CCTV
video, as well as latency and throughput measurements. The results show that base training achieved an mAP@50 of
0.919 and built a robust feature representation, while fine-tuning maintained performance stability with an mAP@50 of
0.915. Although domain adaptation reduced mAP@50 to 0.811 due to domain shift, the model demonstrated improved
generalization capabilities and maintained more consistent detection under low-light conditions, glare, occlusion, and
heavy traffic. OpenVINO INT8 optimization increased inference speed from 4.86 FPS to 9.08 FPS with minimal accuracy
loss. These findings demonstrate that the progressive training framework effectively bridges differences in data
distribution while producing a vehicle detection model that is more robust, efficient, and suitable for deployment in real-
time CCTV-based traffic monitoring systems.
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1. INTRODUCTION faced with variations in lighting, occlusion, glare, traffic

Image- and video-based vehicle detection is a critical density, and small objects—particularly in CCTV images,
component of intelligent transportation systems because it which have a different data distribution from the training
supports real-time traffic flow monitoring, congestion data [2], [6]. These findings confirm that high accuracy in
analysis, and operational decision-making [1], [2]. In the source domain does not guarantee performance
practice, the need for accurate systems is increasing as ~ obustness in the operational domain.

vehicle volumes and the complexity of urban environments Several recent studies report that low-light conditions and
grow, particularly in areas with heavy traffic such as dense environments cause a significant decline in detection

Indonesia [3]. Therefore, the development of vehicle capabilities, particularly for small and overlapping objects
detection models that are not only precise but also stable 7] [8]. In traffic scenarios, two-wheeled vehicles are
under real-world conditions has become an increasingly generally more difficult to recognize than larger vehicles
relevant issue in current computer vision research [4], [5]. due to their small bounding box dimensions and high
Developments in the YOLO family demonstrate that single- ~ Sensitivity to changes in viewing angle and image quality
stage approaches remain the preferred choice for object [4], [5]. Thus, the main challenge is not only recognizing
detection due to their balance between inference speedand ~ Vehicle objects but also maintaining detection sensitivity
accuracy [1], [2]. However, the performance of detection under heterogeneous visual conditions.

models in real-world environments often degrades when
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Various approaches have been proposed to address these
issues, ranging from feature resolution enhancement,
multi-scale feature extraction, super-resolution, attention
mechanisms, to transformer-based architectures [2], [9]. In
the automotive domain, YOLO-based methods are also
being continuously developed to support real-time
detection in CCTV and adaptive traffic control systems [10],
[11]. However, most studies still focus on improving
accuracy within the training domain, while cross-domain
generalization  capabilities in  real-world  CCTV
environments have not yet been a primary concern.
Recent studies indicate that domain shift remains a
fundamental obstacle in the application of object detection
to real-world conditions [12], [13]. Domain adaptation and
transfer learning strategies have proven effective in
aligning feature distributions between source and target
domains, but their effectiveness heavily depends on the
visual disparity between domains and the characteristics of
the detected objects [14], [15]. In the context of vehicles,
these approaches are crucial because homogeneous source
images often do not represent the complexity of operational
CCTV footage, particularly at night or during traffic
congestion.

Accordingly, a progressive approach involving base
training, fine-tuning, and domain adaptation is increasingly
used to build feature representations incrementally before
the model is tested on the more challenging target domain
[5], [16]. This strategy is considered more stable than
training directly on target data because it allows the model
to learn general patterns first and then adjust parameters
in a more targeted manner [12], [15]. However, recent
empirical reports still indicate that a performance drop
occurs when the model is confronted with extreme
distribution shifts, particularly for small objects and under
low-light conditions [2], [8].

Based on this literature review, there remains a research
gap regarding the integration of progressive training
strategies with domain adaptation explicitly designed for
CCTV-based vehicle detection under complex operational
conditions [13], [16]. Some studies have not evaluated
gradual performance changes across each training phase,
have not distinguished the contributions of base training
and fine-tuning to generalization, and have not linked
quantitative results to comprehensive real-world testing
[4], [10]. These gaps underscore the need for a more
systematic and adaptive approach.

This study aims to develop a progressive training
framework for YOLOv1l-based vehicle detection that
encompasses base training, fine-tuning, domain adaptation,
and evaluation in real CCTV environments. The
contribution of this study lies in the design of a phased
learning process to bridge the source and target domains,
ensuring that the model is not only optimized for training
data but also more robust against variations in lighting,
occlusion, glare, and traffic density. The scope of this
research focuses on multi-class vehicle detection,
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evaluation of detection metrics, analysis of performance
changes at each stage, and implementation testing in
operational CCTV scenarios.

2. RELATED WORK

Advances in the You Only Look Once (YOLO) model have
made real-time object detection increasingly accurate and
efficient for wvarious applications, including smart
transportation systems and CCTV-based traffic
monitoring. The evolution of the architecture up to
YOLOv11 has brought improvements in feature extraction
mechanisms, computational efficiency, and the ability to
detect small objects without significantly increasing the
model’s complexity. These advantages make YOLOv11 one
of the most promising approaches for implementation in
real-time vehicle detection systems. However, most
evaluations have been conducted on datasets with
relatively homogeneous data distributions, so its
generalization ability to real-world operational conditions
has not yet been fully tested [17], [18].

Several studies have adapted YOLO for vehicle detection
in CCTV environments by applying data augmentation,
transfer learning, and fine-tuning. These approaches have
been shown to improve the mean Average Precision
(mAP), accelerate training convergence, and reduce the
risk of overfitting when training data is limited.
Additionally, lightweight models such as YOLOvlln
demonstrate a good balance between accuracy and
computational efficiency, making them suitable for
implementation on edge devices. However, these
performance improvements are generally achieved under
lighting conditions and viewpoints that closely resemble
the training data, so accuracy often drops when the model
is exposed to changes in data distribution [5], [19].

To address these limitations, several studies have begun
integrating attention mechanisms, feature resolution
enhancement, and specialized architectures to detect
small objects as well as occluded objects. These
approaches can improve detection sensitivity in complex
traffic environments, particularly when vehicles are
closely packed together or under adverse weather
conditions. Nevertheless, most studies focus on modifying
model architectures, while the stepwise learning
process—involving base training, fine-tuning, and domain
adaptation—is still rarely evaluated systematically.
Furthermore, the success of these methods is generally
measured only using the mAP metric without considering
the model’s ability to maintain detection stability under
real-world CCTV conditions [16], [20].

Other studies have shown that inference optimization
using OpenVINO can improve computational efficiency
through model conversion and quantization without
causing a significant drop in accuracy. This approach is
highly relevant for implementing vehicle detection
systems on CPU-based devices because it can increase
throughput and reduce latency. However, inference
optimization is generally treated as a separate stage from
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the learning process, so the relationship between training
strategies, generalization ability, and implementation
efficiency has not been extensively discussed in an
integrated manner.

Based on this review, there are three main research gaps.
First, previous research has focused more on improving
accuracy in the source domain than on model robustness
to domain shifts. Second, few studies have evaluated the
contribution of each training stage (base training, fine-
tuning, and domain adaptation) to gradual changes in
model performance. Third, the integration of progressive
training, evaluation in real CCTV environments, and
OpenVINO-based inference optimization remains very
limited. Therefore, this study proposes a YOLOv11-based
progressive training framework that integrates these
three training stages before performing inference
optimization using OpenVINO. This approach is expected
to produce a model that not only achieves high accuracy in
the training domain but is also more adaptive to variations
in lighting, occlusion, glare, and changes in data
distribution in real-world CCTV implementations.

3. METHODS

Figure 1 illustrates the research stages applied in the
development of a YOLOv11-based vehicle detection model
using a progressive training strategy, which consists of base
training, fine-tuning, domain adaptation, and concludes
with the model evaluation stage.
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Fig. 1. Research workflow of the proposed progressive training
framework for YOLOv11-based vehicle detection
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3.1. Data Collection

This study employed two datasets representing different
visual domains to evaluate the robustness of the proposed
progressive training framework. The first dataset served as
the source domain, consisting of publicly available vehicle
images collected from Kaggle and Roboflow repositories.
These images were characterized by relatively
homogeneous acquisition conditions and were used to
establish the initial feature representation during the base
training and fine-tuning stages. In contrast, the target
domain comprised vehicle images extracted from real-
world CCTV video streams, representing operational traffic
monitoring environments with greater visual complexity,
including variations in illumination, traffic density, object
scale, occlusion, and camera viewpoints.

The datasets contain four vehicle categories, namely car,
bus, truck, and motorbike. Before model training, all images
were manually annotated, validated, and cleaned to ensure
consistency between image files and object labels. Invalid
annotations and unmatched image-label pairs were
automatically removed to produce structurally consistent
datasets suitable for object detection training.

Table 1 summarizes the characteristics of the source and
target datasets used in this study. After the validation
process, the source-domain dataset consisted of 2,724
training images, 259 validation images, and 129 testing
images, whereas the target-domain dataset comprised
1,286 training images, 415 validation images, and 237
testing images. All subsets contained complete image-label
pairs without missing annotations, ensuring the integrity of
the training and evaluation processes.

Because the original datasets exhibited class imbalance,
particularly for the bus and truck categories, oversampling
was applied exclusively to the training subset to improve
class representation while preserving the validation and
testing distributions. This strategy was intended to mitigate
model bias toward majority classes and improve the
learning of minority-class feature representations without
introducing data leakage.

TABLE 1. Summary of Source and Target Dataset Characteristics

Characteristics Source Domain Target Domain

Real-world CCTV video

Data source Kaggle and Roboflow

datasets frames

Purpose Base training and fine- Domain adaptation
tuning

Vehicle classes Car, Bus, Truck, Car, Bus, Truck,
Motorbike Motorbike

Training images 2,724 1,286

Validation 259 415

images

Testing images 129 237

Annotation Manual annotation  Manual annotation
(YOLO format) (YOLO format)

Data validation

Validated and cleaned

Validated and cleaned
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3.2. Data Preparation

All data undergoes a preprocessing stage that includes
object annotation, image format normalization, splitting the
dataset into training, validation, and test sets, and applying
data augmentation to increase sample diversity. This
process aims to produce a more representative data
distribution so that the model can learn object
characteristics more robustly and reduce the risk of
overfitting during training.

3.3. Model Configuration

The object detection model is configured using the
YOLOv11l architecture with the following training
parameters: image size (input size), number of epochs,
batch size, learning rate, optimizer, and YOLO’s built-in
loss function. During the optimization process, the model
parameters are updated using the gradient descent
algorithm based on the minimization of the loss function
as shown in Equation (1).

Oer1 =0 —nVyL(6) (1)

where 0 represents the model parameters, 1 is the learning
rate, and L(0) is the total loss function.

3.4. Base Training

The base training phase aims to build a basic feature
representation using the source dataset. The model is
trained from initial weights (pretrained weights) until it
achieves the best weights based on validation
performance. During this process, the YOLO loss function
is minimized through a combination of localization loss
(bounding box regression), classification loss, and
bounding box distribution loss, which can generally be
expressed in Equation (2).

Ltotai=Lpox*Leis+LprL (2)

where Lpox is the bounding box loss, Lsis the classification
loss, and Lpr;. represents the Distribution Focal Loss.

3.5. Fine Tuning

The fine-tuning stage uses the best weights from the initial
training as the starting point for optimization. This
process aims to refine the model parameters through
more targeted adjustments without altering the
previously learned feature representations. Parameter
updates are performed incrementally using a smaller
learning rate so that the model becomes more stable and
has better generalization capabilities regarding data
variations in the source domain.

3.6. Domain Adaption

The final stage of the proposed framework employs a
supervised progressive domain adaptation strategy to
improve the model's robustness when deployed in real-
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world CCTV environments. Unlike adversarial domain
adaptation methods that explicitly align feature
distributions through auxiliary networks, the proposed
approach performs domain adaptation by sequentially
fine-tuning the detector using labeled images collected
from the target domain. This strategy enables the model
to progressively adapt its learned representations while
preserving the discriminative features acquired during
the previous training stages.

The adaptation process begins by loading the best-
performing weights obtained from the base training and
fine-tuning stages. These weights serve as the
initialization for the subsequent learning process on the
target-domain dataset. Instead of training the detector
from scratch, the previously learned parameters provide
a strong representation of general vehicle characteristics,
allowing the optimization process to focus primarily on
adapting the model to the visual characteristics of CCTV
imagery, including illumination changes, nighttime
scenes, glare from vehicle headlights, dense traffic, partial
occlusion, and viewpoint variations.

Unlike conventional transfer learning approaches that
freeze part of the network during adaptation, all
parameters of the YOLOv11l detector remain trainable
throughout this stage. Updating the entire network
enables both the backbone and detection head to
gradually adjust to the new feature distribution while
maintaining the semantic representations learned from
the source domain. This full-network optimization is
particularly important because the target dataset contains
substantial differences in object appearance and
environmental conditions that cannot be effectively
addressed by updating only the detection head.

During the adaptation process, the training configuration
is intentionally kept consistent with the previous learning
stages to preserve optimization stability. The same input
image resolution, optimizer, loss function, and object
detection architecture are maintained, while the model
parameters are refined using labeled target-domain data.
Consequently, the adaptation process focuses on learning
domain-specific visual characteristics rather than
modifying the underlying detection architecture.
Conceptually, the proposed strategy seeks to reduce the
discrepancy between the feature distributions of the
source domain and the target domain through progressive
supervised learning. Rather than explicitly minimizing a
domain discrepancy loss, feature alignment is achieved
implicitly by continuously updating the detector using
annotated target-domain samples. The optimization
objective can therefore be expressed as minimizing the
difference between the learned feature representations of
the two domains, as formulated in Equation (3).

min D(F, F,) (3)

where F; and F; denote the feature representations
extracted from the source and target domains,
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respectively, and D(-) represents the distribution
discrepancy between both domains. As the optimization
proceeds, the detector gradually learns feature
representations that are more invariant to changes in
illumination, traffic density, camera viewpoint, and object
scale, thereby improving its generalization capability in
heterogeneous CCTV environments.

The overall adaptation procedure can be summarized as
follows. First, the detector is trained on the source dataset
to obtain the optimal model parameters. Second, the best-
performing weights are transferred to initialize the
adaptation stage. Third, supervised fine-tuning is
performed using labeled target-domain images while
keeping the complete YOLOv11 network trainable. Finally,
the adapted model is selected based on validation
performance and subsequently evaluated on real-world
CCTV scenarios. This progressive adaptation mechanism
forms the final learning stage before inference
optimization using OpenVINO.

Figure 2 illustrates the proposed supervised progressive
domain adaptation strategy adopted in this study. The
training process begins with base training using the
source dataset to learn general vehicle representations.
The best-performing model is subsequently refined
through fine-tuning, after which the updated weights are
transferred to the target dataset for supervised domain
adaptation. Finally, the adapted YOLOv1ll model is
optimized using OpenVINO prior to deployment in a real-
world CCTV traffic monitoring environment. This
sequential learning process enables the detector to
gradually reduce the effect of domain shift while
preserving the discriminative features acquired during
the previous training stages.

Source Dataset

Best Weight

Updated Weight

[ Supervised Domain Adaptation ]

.

[ Final YOLOvI1 Model ]

.

[ OpenVINO Optimization ]

.

[ Real CCTV Deployment ]
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Fig. 2. Proposed supervised progressive domain adaptation strategy for
bridging the source and target domains using sequential fine-tuning
prior to OpenVINO-based deployment.

As shown in Figure 2, knowledge acquired from the source
domain is progressively transferred to the target domain
through sequential parameter optimization rather than
training a new model from scratch. This strategy allows the
detector to retain robust feature representations learned
during the initial training while adapting to the visual
characteristics of CCTV imagery, including illumination
changes, glare, occlusion, traffic density, and viewpoint
variations. Consequently, the proposed framework
emphasizes progressive knowledge transfer as the primary
mechanism for improving generalization under
heterogeneous operational conditions.

3.7. Evaluation and Analysis

The evaluation phase was conducted to measure the
model’s performance at each stage of progressive training
through the analysis of detection metrics, including
Precision, Recall, mAP@50, and mAP@50-95, along with
an evaluation of the training curve and an analysis of
performance changes resulting from domain adaptation.
Precision and Recall were calculated using Equations (4)
and (5).

Precision = (4)
TP+FP
Recall = —— (5)
TP+FN

where TP denotes True Positive, FP denotes False Positive,
and FN denotes False Negative. Furthermore, the Average
Precision (AP) value is calculated as the area under the
Precision-Recall curve in Equation (6).

AP = [} P(R) dR (6)

while Mean Average Precision (mAP) is obtained by
averaging the AP values across all classes, as shown in
Equation (7).

1
mAP = L AP, (7)

where N denotes the number of object classes. The
analysis at this stage serves as the basis for evaluating the
effectiveness of the progressive training strategy in
improving the model’s generalization ability in a real-
world CCTV environment.

4. RESULTS AND DISCUSSIONS

4.1. Progressive Training Performance

The progressive training strategy is implemented through
three sequential learning stages: base training, fine-tuning,
and domain adaptation. This approach is designed to build
feature representations incrementally, starting with
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learning general vehicle characteristics on a base dataset,
followed by refining model parameters using more specific
data, and culminating in adaptation to the characteristics of
the target domain, which represents real-world CCTV
operational conditions. With this approach, the model is
expected not only to achieve high detection accuracy in the
source domain but also to maintain its generalization ability
when faced with different data distributions.

A summary of the model’s performance at each training
stage is presented in Table 2. The initial training (base
training) yielded an mAP@50 of 0.919, an mAP@50-95 of
0.735, with a precision of 0.892 and a recall of 0.864. This
performance indicates that the model has adequately
learned the visual characteristics of vehicles in the source
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dataset, resulting in a good balance between detection
accuracy and object retrieval capability.

The fine-tuning stage was performed using the best weights
obtained from the initial training with the aim of refining
the feature representation without making aggressive
parameter changes. Although the increase in mAP values
was relatively small compared to the base model, the
results in Table 2 show that detection performance
remained stable with an mAP@50 of 0.915 and an
mAP@50-95 of 0.736. This stability indicates that the fine-
tuning process plays a greater role in adjusting parameters
so that the model becomes more consistent with the
characteristics of the training data without experiencing
performance degradation due to overfitting.

TABLE 2. Summary of YOLOv11 Model Training Results

Model Epoch mAP@50 mAP@50-95 | Precision Recall Val Box Loss Val Cls Loss | Val DFL Los
Train YOLOv11n 50 0.91901 0.73520 0.89208 0.86359 0.80392 0.56723 1.02223
Fine Tuning 10 0.91458 0.73617 0.88335 0.84527 0.79230 0.57522 1.01626
Domain Adaptation 20 0.81052 0.59859 0.82632 0.72429 0.17343 1.14253 1.03528

The next stage is domain adaptation, which is the process of
adapting the model to datasets with different visual
characteristics, such as nighttime lighting conditions,
vehicle headlight glare, high traffic density, and a
predominance of small objects. As shown in Table 2, the
adaptation process results in a decrease in the mAP value
compared to the previous two stages. This is a common
consequence when a model is faced with a domain shift—
that is, a change in the data distribution between the source
domain and the target domain. Nevertheless, the model is
still able to maintain a relatively high level of precision,
indicating that its ability to discriminate between vehicle
classes remains intact despite the increased complexity of
the observation environment.

The dynamics of the learning process at each training stage
can be observed through the loss curves shown in Figure

(a)

3(a), Figure 3(b), and Figure 3(c). During the base training
stage, all loss components experienced a rapid decline in
the early epochs before gradually reaching a state of
convergence. This pattern indicates that the model
successfully built a basic feature representation. Upon
entering the fine-tuning stage, the loss decrease proceeds
more steadily with smaller fluctuations compared to the
previous stage. This indicates that the parameter
refinement process occurs in a controlled manner and is
able to enhance learning stability without altering the
feature representations acquired during the initial training.

(b)

(©

Fig. 3. Comparison of loss curves at each stage of progressive training: (a) Base Training, (b) Fine-Tuning, and (c) Domain Adaptation.

In contrast, the loss curve during the domain adaptation
phase shows a slower convergence process accompanied
by greater fluctuations. This phenomenon indicates that the
model requires a more complex adaptation process to learn
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the new feature distribution in the target domain.
Differences in lighting characteristics, camera angles, and
traffic density levels mean that the visual representations
learned in the source domain cannot be fully applied
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directly to the target domain, so the optimization process
requires a greater number of iterations to reach a stable
state.

A comparison of performance trends across the three
training stages is summarized in Figure 3, which shows the
overall changes in precision, recall, and mAP values. These
results demonstrate that the progressive training strategy
is not solely aimed at achieving the highest accuracy on the
training dataset, but rather at building a model capable of
maintaining detection performance when faced with more
complex variations in environmental conditions. Thus, each
training stage serves a complementary function: base
training establishes a foundational feature representation,
fine-tuning refines the model parameters, and domain
adaptation enhances generalization capabilities across
heterogeneous CCTV operational conditions. These
findings form the basis for a more in-depth evaluation in the
following section regarding the impact of domain
adaptation on vehicle detection performance in real-world
environments.

4.2. Domain Adaptation Analysis

The application of domain adaptation is a crucial step in this
research to evaluate the model’'s ability to maintain
detection performance when faced with data distributions
that differ from those used in the initial training process.
Unlike the base training, which uses a dataset with
relatively homogeneous visual characteristics, this stage
utilizes a domain dataset that more realistically represents
actual CCTV operational conditions, including nighttime
lighting, glare from vehicle headlights, high traffic density,
occlusion, and a predominance of small objects. These
differing characteristics require the model not only to
recognize objects based on previously learned visual
features but also to adapt its feature representations to
more complex environmental variations.

Changes in model performance following the domain
adaptation process are summarized in Table 2, while the
evolution of evaluation metrics during training is visualized
in Figure 4. Compared to the fine-tuned model, the
mAP@50 value decreased from 0.915 to 0.811, while
mAP@50-95 decreased from 0.736 to 0.599. This decline
indicates that the model faces greater challenges in
localizing and classifying objects in the target domain,
which has a different visual distribution. This phenomenon
is a common characteristic of the domain adaptation
process, where the feature representations obtained from
the source domain do not yet fully align with the
characteristics of the new domain.

The reduction in detection performance observed after
supervised domain adaptation is primarily attributed to the
substantial visual discrepancy between the source and
target domains rather than to a deficiency of the proposed
training strategy. The target-domain CCTV images contain
considerably more challenging conditions, including
nighttime illumination, headlight glare, partial occlusion,
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increased traffic density, and a higher proportion of small
objects than the source-domain dataset. These factors
modify the underlying feature distribution learned during
the initial training stages, making object localization and
classification substantially more difficult. Consequently, the
model requires additional optimization to adapt previously
learned feature representations to the new visual
characteristics while preserving its discrimination
capability across vehicle categories.

This interpretation is supported by both the quantitative
and qualitative evaluations. The class-wise analysis
indicates that the motorbike category experiences the
largest reduction in recall and mAP because motorcycles
generally occupy fewer pixels, frequently overlap with
surrounding vehicles, and are more susceptible to
illumination changes than larger vehicle classes.
Conversely, car, bus, and truck maintain relatively stable
precision owing to their larger geometric structures and
more distinguishable visual features. Furthermore, the
visual evaluation under daytime and nighttime CCTV
conditions demonstrates that, despite the decrease in
aggregate mAP, the adapted model preserves more
consistent vehicle detection under complex operational
scenarios. These observations suggest that the adaptation
process mainly influences detection sensitivity rather than
the model's capability to discriminate among vehicle
categories.

Baseline vs Finetune vs Domain Adaptation Performance

8 —#— Baseline

0.90 4 - L & Ffinetuned
e — — ", —8— Domain Adaptation

Score
/
"
-

o.60 1 ™

Precision Recall mAPSD MAPS0-95

Fig. 4. Training Comparison Chart

Although there was a decrease in the mAP value, the change
in performance did not indicate a comprehensive
degradation. The precision value remained at a relatively
high level, while recall experienced a greater decline
compared to other metrics. This pattern indicates that the
model is still capable of generating accurate predictions for
objects that are successfully recognized, but has become
more selective, resulting in some objects no longer being
detected. In other words, the adaptation process affects
detection sensitivity more than the model’s ability to
distinguish between vehicle classes.

This trend is more clearly visible in Figure 5, which shows a
comparison of precision and recall during each training
stage. The fine-tuned model maintains a balance between
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these two metrics, whereas the domain-adapted model
exhibits a more pronounced decrease in recall. This
indicates that the visual complexity of the target domain
increases the likelihood of false negatives, particularly
when objects are occluded, relatively small in size, or
located in areas with low lighting contrast. Conversely, the
stable precision values suggest that the model’s predictions
remain reliable even as the number of successfully detected
objects decreases.
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Fig. 5. Comparison Chart of Precision and Recall

Changes in detection performance are also reflected in the
evolution of mMAP@50 shown in Figure 6. Models resulting
from base training and fine-tuning exhibit a faster
convergence process with relatively stable mAP values,
whereas the domain adaptation model requires a longer
training process before reaching a converged state. This
pattern indicates that parameter adjustments in the target
domain occur gradually in response to changes in the data
distribution. Thus, the initial performance drop during the
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adaptation process should not be interpreted as a model
failure, but rather as a consequence of the learning process
adapting to visual characteristics not previously
encountered during training.
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Fig. 6. Comparison Chart of mAP@50

Further analysis of the performance of each vehicle class is
presented in Table 3. The evaluation results show that the
“car” and ‘“bus” classes still maintain relatively high
precision levels after the domain adaptation process,
whereas the “motorbike” class experiences the most
significant performance decline, particularly in the recall
and mAP@50-95 metrics. The characteristics of
motorcycles—which have smaller object sizes, often
overlap with other vehicles, and are more sensitive to
changes in lighting—make the feature extraction process
more difficult compared to larger vehicles. In contrast,
vehicles such as cars and buses have more consistent
geometric shapes, so their feature representations are
easier to preserve even when domain changes occur.

TABLE 3. Metrics Evaluation Results by Class

Model Class Precision Recall mAP50 mAP50-95
Base Bus 0.876 0.92 0.961 0.805
Base Car 0.907 0.905 0.961 0.8
Base Motorbike 0.836 0.847 0.907 0.675
Base Truck 0.838 0.854 0.908 0.757

Fine Tune Bus 0.879 0.849 0.914 0.739
Fine Tune Car 0.926 0.874 0.952 0.799
Fine Tune Motorbike 0.841 0.807 0.893 0.656
Fine Tune Truck 0.876 0.854 0.869 0.721
Domain Bus 0.813 0.826 0.865 0.741
Domain Car 0.89 0.815 0.887 0.667
Domain Motorbike 0.768 0.58 0.693 0.365
Domain Truck 0.831 0.676 0.798 0.623

These findings are supported by the results of the visual
evaluation shown in Figure 7(a) and Figure 7(b). Under
daytime conditions, the domain-adapted model was able to
maintain consistent detection across various traffic density
levels with relatively stable bounding boxes. Meanwhile,
under nighttime conditions, the model was still able to
recognize most vehicles, although the confidence scores
tended to be lower compared to those of the source-domain
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model. This decrease in confidence is primarily influenced
by glare, uneven lighting, and reduced object texture
information due to low-light conditions. Nevertheless, the
number of successfully detected objects still shows an
increase compared to the model that has not undergone the
adaptation process, particularly for the “motorbike” class,
which previously was more frequently misclassified under
low-light conditions.
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Fig. 7. Vehicle detection results using the Domain Adaptation model under (a) daytime and (b) nighttime conditions.

Overall, the analysis results show that domain adaptation
shifts the model’s characteristics from one originally
oriented toward optimal performance in the source domain
to a model that is more adaptive to real-world operational
conditions. Although there was a decline in some dataset-
based evaluation metrics, the model’s ability to maintain
detection in heterogeneous CCTV environments improved.
These findings indicate that the success of domain
adaptation is not only measured by the magnitude of the
mAP value but also by the model’s ability to maintain
detection stability when faced with variations in lighting,
camera angles, traffic density, and visual complexity—all of
which are commonly encountered in CCTV-based traffic
monitoring system implementations.

4.3. Per-Class Detection Performance

A class-level detection performance evaluation was
conducted to analyze the model’s ability to recognize the
visual characteristics of each vehicle type after undergoing
base training, fine-tuning, and domain adaptation. This
analysis provides a more comprehensive picture than
aggregate metrics, as each class has different data
distributions, object sizes, and levels of visual complexity.
Therefore, interpreting performance on a per-class basis is
crucial for identifying the model’s strengths and limitations
across each vehicle category.

A summary of the evaluation results is presented in Table 3,
which shows the precision, recall, mAP@50, and mAP@50-
95 values for each vehicle class across the three training
stages. In general, the model’s performance varies across
classes, indicating that the visual characteristics of objects
have a direct impact on detection capabilities. The “car”
class consistently achieves the best performance on nearly
all evaluation metrics, while the “motorbike” class shows
relatively lower values compared to the other classes,
particularly after the domain adaptation process.

In the base training model, all classes achieved high
accuracy levels, with mAP@50 values above 0.90. The “car”
and “bus” classes demonstrated a good balance between
precision and recall, indicating that the model is capable of
consistently recognizing and localizing both types of
vehicles in the source domain. This is due to the relatively
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stable visual characteristics of four-wheeled vehicles, their
larger object size, and the sufficient number of training
samples, which allowed the feature representations to be
learned effectively during the initial training process.

The fine-tuning stage maintains this performance with
relatively minor metric changes, as shown in Table 3.
Although the increase in mAP values is not particularly
significant, the fine-tuning process yields a more stable
performance distribution across all vehicle classes. This
indicates that adjusting the model parameters reinforces
the previously learned feature representations without
drastically  altering  the model's  fundamental
characteristics. This stability also indicates that the fine-
tuning process serves as a model refinement stage before
adaptation to more complex domains.

More noticeable changes in performance occur after
domain adaptation is applied. All classes experience a
decrease in mAP@50 and mAP@50-95 values, though the
magnitude of the decrease varies across vehicle categories.
The “car” class still maintained relatively high performance
with a good balance of precision and recall, while the “bus”
and “truck” classes experienced a decline in detection
capability, although the precision values for both remained
at an adequate level. In contrast, the “motorbike” class
showed the most significant performance decline,
particularly in the recall and mAP@50-95 metrics,
indicating an increase in the number of objects that were
not successfully detected in the target domain.

These differences are not solely influenced by the amount
of training data but also by the visual characteristics of each
class. Two-wheeled vehicles generally have smaller
bounding boxes, more varied shapes, and are more
frequently occluded in heavy traffic conditions.
Additionally, low lighting and light reflections from vehicles
at night make it more difficult to distinguish the visual
features of motorcycles from the background and other
surrounding objects. In contrast, vehicles such as cars,
buses, and trucks have larger object dimensions and
relatively consistent contours, so their feature
representations can be maintained even when the data
distribution changes.

The analysis of the bounding box distribution shown in
Figure 8, Figure 9, and Figure 10 provides further insight
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into this phenomenon. In the target domain dataset, the
object distribution shows a predominance of small vehicles
with more varied positions compared to the source dataset.
The variation in the size and location of these objects
increases the complexity of the feature extraction process,
particularly for the “motorbike” class, resulting in a greater
decrease in recall and mAP compared to other classes. In
contrast, the distribution of large objects in the “car,” “bus,”
and “truck” classes still provides a sufficiently consistent
visual representation for the model to learn from.
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Fig. 10. Label Distribution Graph for Domain Adaptation

Overall, the evaluation at the class level shows that the
effectiveness of progressive training is reflected not only in
improved aggregate metrics but also in the model’s ability
to maintain detection performance across each vehicle
category. Although the domain adaptation process caused a
decrease in accuracy for some classes—particularly
motorcycles—the model’s ability to distinguish between
vehicle types remained well-preserved. These findings
indicate that the main challenge in implementing vehicle
detection in CCTV environments lies not in the classification
process, but in improving detection sensitivity for small
objects under low-light conditions, occlusion, and high
traffic density. These conditions are among the key aspects
that need to be considered in the development of domain
adaptation methods in future research.

4.4. Real-world CCTV Evaluation

After undergoing base training, fine-tuning, and domain
adaptation, the model was further evaluated in
operational scenarios using real-time CCTV video streams.
Unlike dataset-based evaluations that rely on annotations
as ground truth, testing at this stage aimed to assess the
model’s ability to maintain detection consistency under
dynamic traffic conditions. The evaluation focused on
detection stability, the ability to recognize various types of
vehicles under diverse lighting conditions, and the
model’s resilience to visual challenges commonly
encountered in urban environments, such as occlusion,
vehicle density, changes in camera viewpoint, and lighting
disturbances.

Examples of detection results under daytime conditions
are shown in Figure 11(a), Figure 11(b), and Figure 11(c),
while test results under nighttime conditions are
presented in Figure 12(a), Figure 12(b), and Figure 12(c).
This visual presentation of the results provides an
overview of how the model’s prediction characteristics
change after each stage of progressive training, ensuring
that the evaluation relies not only on quantitative metrics
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but also takes into account the quality of detection under

actual operational c
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Fig. 11. Comparison of vehicle detection results under daytime conditions using the (a) Base Training, (b) Fine-Tuning, and (c) Domain Adaptation
models.

Under daytime conditions, the base training model was
able to detect most vehicles with relatively accurate
bounding boxes, as shown in Figure 11(a). Detection of the
“car” and “truck” classes was consistent, with relatively
high confidence scores. However, for some objects that
were overlapping or smaller in size, variations in
confidence scores were still observed, indicating
uncertainty in the model’s classification. This indicates
that the feature representations obtained from the initial
training are sufficient for environments with optimal
lighting but still have limitations when facing higher traffic
complexity.

After the fine-tuning process, the detection results in
Figure 11(b) show improved prediction consistency
compared to the base model. The bounding boxes appear
more stable in tracking vehicle positions, while confidence
values across classes have become more uniform. This
improvement indicates that the fine-tuning process
successfully optimized the model parameters so that the
feature representations learned in the previous stage can
be utilized more effectively. Although the improvement in
quantitative metrics at this stage is relatively small, the
visual results show that the model produces more stable
predictions under heavy traffic conditions.
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More interesting changes are observed in the domain
adaptation model, as shown in Figure 11(c). Although
dataset-based evaluation shows a decrease in mAP
compared to the fine-tuned model, testing on CCTV video
reveals that the model is able to maintain detection
consistency under more diverse environmental
conditions. Vehicles located in areas with complex
backgrounds or experiencing mild occlusion can still be
recognized well. Furthermore, the model demonstrates
better ability to maintain detection of objects appearing in
various positions within the camera’s field of view,
indicating that the adaptation process has enhanced the
model’s  generalization  ability = regarding  the
characteristics of the target domain.

The differences in model characteristics become even
more apparent when testing is conducted under nighttime
conditions. In Figure 12(a), the base-training model is still
capable of detecting the main vehicle, but confidence
scores decrease for most objects. Low-light conditions,
glare from vehicle headlights, and reduced object contrast
make some vehicles—especially smaller ones—more
difficult to recognize. This impact is evident in the reduced
detection consistency for the “motorbike” class, which is
the class with the highest level of visual complexity.
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Fig. 12. Comparison of vehicle detection results under nighttime conditions using the (a) Base Training, (b) Fine-Tuning, and (c) Domain
Adaptation models.

The results shown in Figure 12(b) indicate that the fine-
tuning process improves prediction stability compared to
the base model. Detection of four-wheeled vehicles
remains effective despite a decrease in lighting intensity.
However, variations in confidence scores for objects
experiencing occlusion or located in areas with uneven
lighting intensity are still evident, indicating that
parameter adjustments in the source domain have not yet
fully addressed changes in visual characteristics under
nighttime conditions.

The model resulting from domain adaptation, shown in
Figure 12(c), demonstrates more adaptive performance.
The model is able to maintain the number of detected
objects even though the observation environment is
affected by low lighting and significant glare. For some
vehicles, the confidence values are indeed lower
compared to daytime testing; however, the objects are still
successfully recognized, allowing the tracking process to
proceed continuously. These results indicate that domain
adaptation does not always lead to higher confidence
scores but can enhance the model’s sensitivity to the
presence of objects in environments that were previously
difficult for the initially trained model to recognize.

These visual evaluation results align with the quantitative
analysis in the previous section, where the domain
adaptation process primarily influenced the balance
between precision and recall rather than the classification
accuracy across vehicle classes. In real-world
implementations, improving detection sensitivity has
more significant implications than simply maintaining a

high mAP value, as traffic monitoring systems require the
ability to recognize as many vehicles as possible so that
tracking, volume counting, speed estimation, and density
analysis can proceed consistently.

4.5. Inference Optimization Using OpenVINO

After the best model was obtained through the
progressive training and domain adaptation stages, the
next step focused on optimizing the inference process so
that the model could be efficiently implemented on a CPU-
based traffic monitoring system. In this study,
optimization was performed by converting the YOLOv11
model to the OpenVINO Intermediate Representation (IR)
format, followed by the application of INT8-based Post-
Training Quantization (PTQ). This approach aims to
improve computational efficiency without retraining,
ensuring that the model retains the feature representation
characteristics acquired during the learning process.

A comparison of inference performance across each model
configuration is presented in Table 4, which includes
implementations using PyTorch FP32 as the baseline,
OpenVINO FP32, OpenVINO FP16, and OpenVINO INTS.
The evaluation was conducted using the same hardware,
ensuring that the observed performance differences fully
reflect the impact of optimization on inference runtime.
The parameters analyzed include latency, throughput in
frames per second (FPS), and detection metrics such as
precision, recall, mAP@50, and mAP@50-95.

TABLE 4. Inference Comparison

Model Latency (s) FPS mAP50 mAP50-95 Precision Recall
PyTorch 0.2057 4.8609 0.8095 0.5980 0.8249 0.7246
FP32 0.1503 6.6532 0.8095 0.5980 0.8249 0.7246
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FP16 0.1484
INT8 0.1101

6.7359
9.0771

0.8095
0.8064
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0.5979
0.5822

0.8245
0.8375

0.7248
0.7167

The results in Table 4 show that converting the model
from PyTorch to OpenVINO FP32 has improved
computational efficiency without affecting detection
performance. Latency decreased compared to the PyTorch
implementation, while processing speed increased from
4.86 FPS to 6.65 FPS, with mAP@50 and mAP@50-95
remaining at the same levels. These findings indicate that
the optimizations performed by the OpenVINO runtime
are capable of improving execution efficiency through
more optimal management of the computation graph
without altering the model's behavior during the
inference process.

The use of FP16 precision provided a relatively limited
performance improvement compared to OpenVINO FP32.
The reduction in latency was only minor, while the FPS
value saw a not-very-significant increase. Furthermore,
changes in the evaluation metrics were barely noticeable,
indicating that the use of FP16 numerical representation
has not yet provided substantial benefits on the CPU
devices used in this study. Thus, the primary benefit of the
OpenVINO implementation in this configuration stems
more from runtime optimization than from changes in the
model’s numerical precision.

The best performance was achieved after applying INT8-
based Post-Training Quantization. As shown in Table 4,
this configuration resulted in the greatest latency
reduction as well as an increase in throughput of up to
9.08 FPS. Compared to the initial implementation using
PyTorch, this optimization yielded a significant increase in
inference speed, making the model better suited for real-
time video processing needs. This efficiency gain was
achieved by simplifying the numerical representation of
the model’s parameters from FP32 to INTS8, which directly
reduces computational requirements during the inference
process.

However, the improvement in computational efficiency
was accompanied by a relatively small decline in detection
performance. The mAP@50-95 values decreased
compared to the FP32 configuration, while recall
decreased slightly after quantization. Conversely, the
precision value actually showed an increase. This pattern
indicates that the INT8 model becomes more selective in

generating predictions, thereby reducing some false
positives, albeit with the consequence of an increased
likelihood that some objects will go undetected. Thus, the
quantization process results in a trade-off between
computational efficiency and detection sensitivity;
however, these changes remain within an acceptable
range for traffic monitoring applications.

The practical implications of this optimization are more
evident in real-time system implementations. A
comparison of inference results using PyTorch and
OpenVINO INT8 on a CCTV video stream is shown in
Figure 13. Visually, the OpenVINO configuration produces
more responsive bounding box updates with more
consistent inter-frame intervals compared to the PyTorch
implementation. This improved stability has a direct
impact on the tracking process, as vehicle identities can be
better maintained when objects move continuously within
the camera’s field of view. Additionally, more uniform
processing intervals enhance the reliability of vehicle
speed estimates, which are calculated based on the
object’s positional displacement between frames.

Fig. 13. Comparison of Inference with Real-time Video

The benefits of inference optimization are reflected not
only in increased FPS but also in the overall stability of the
system during the traffic analysis process. With shorter
inference times, the system is able to generate information
updates more quickly, allowing for more continuous
vehicle volume counting, speed estimation, density
analysis, and Level of Service (LOS) determination. The
consistency of the system’s output can be observed
through the example analytical results presented in Table
4 and the real-time detection visualization in Figure 14,
which show that the inference process remains stable
even though the video is processed in real time.

TABLE 4. Example CSV Output

Start End Volume PCU/h Density PCU/km/lane Sﬁe‘;edr%‘%ial ]_;‘ (?l\fl—(ifltte:rierkeiztiir;)
29TIAB0S 291214903 7 27.02 2685 B
29125000 29205100 7. 1809 5517 3279 c
0TS0 2920200 “o e 60.64 1563 D
29Trs200  29T20sH00 0 1668 s6.04 2935 c
291215500 291218800 # 810 2028 3995 B
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Fig. 14. Visualization of Object Detection Results

Overall, the optimization results show that OpenVINO
provides a significant improvement in computational
efficiency without causing any meaningful degradation in
detection performance. The combination of progressive
training, domain adaptation, and OpenVINO INT8-based
inference optimization produces a model that not only has
adequate detection capabilities but also meets the
implementation requirements for CPU-based traffic
monitoring systems. These findings indicate that the
successful deployment of object detection models in
operational environments is determined not only by
accuracy but also by the model’s ability to maintain a
balance between detection quality, inference speed, and
processing stability in real-time scenarios.

4.6. Discussion

The results of the study show that a progressive training
strategy—comprising base training, fine-tuning, and

domain adaptation—is capable of gradually building
feature representations, thereby improving the model’s
adaptability to changes in data distribution. These
findings are consistent with the concepts of transfer
learning and domain adaptation, which emphasize the
transfer and adjustment of feature representations from
the source domain to the target domain to improve
generalization [12], [15]. Furthermore, the stepwise
approach has been shown to yield more stable
convergence compared to direct training on the target
domain [16]. However, the success of adaptation is not
always reflected in an increase in mean Average Precision
(mAP), but rather in the ability to maintain detection
quality under complex CCTV operational conditions.

Compared to previous studies, the developed model
exhibits distinct performance characteristics. Li et al.
(2024) reported a 3-5% increase in mAP following
domain adaptation, but this was accompanied by a
decrease in precision under low-light conditions [8].
Nikouei et al. (2025) found an increase in recall at night,
accompanied by a rise in false positives [2]. In contrast,
this study shows that although mAP decreases after
domain adaptation, precision remains high and stable.
This indicates the model’s ability to maintain
discrimination between vehicle classes, resulting in more
selective and consistent detection compared to
approaches focused on increasing recall. The following
Table 5 summarizes a comparison with previous studies.

TABLE 5. Comparison of the Current Study with Previous Studies

Study Main Method  Evaluation Focus Key Results Strengths Limitations
[8] Domain mAP, Precision mAP increased by 3-5%, while Improved overall detection Performance remained
Adaptation precision decreased under low-light  accuracy across domains. sensitive to low-light
conditions. environments.
2] Domain Recall, False Recall improved during nighttime High detection sensitivity Increased false-positive
Adaptation Positives detection, but false positives also under challenging conditions. rate reduced detection

increased.

[12] OpenVINO-Based Throughput,
Inference Latency
Optimization
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inference latency.

Throughput improved by
approximately 6-7 FPS with lower

reliability.
Focused on inference

efficiency without
evaluating detection

Significantly enhanced
computational efficiency for
real-time deployment.
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Study Main Method  Evaluation Focus

Key Results

Strengths Limitations

This Progressive mAP, Precision,

Study Training + Detection 0.919; fine-tuning maintained stable
Domain Stability, performance (mAP@50 = 0.915);
Adaptation + Throughput
OpenVINO to 0.811 while preserving precision

and improving robustness under real- generalization, and real-time
world CCTV conditions; OpenVINO

Base training achieved mAP@50 =

domain adaptation reduced mAP@50 unified framework; improves

robustness or domain
adaptation.

Integrates progressive training, Recall improvement
domain adaptation, and remained limited under
inference optimization intoa  challenging scenarios,
particularly for small and
occluded vehicles (e.g.,
motorcycles).

detection robustness,

deployment efficiency.

INT8 increased throughput to 9.08

FPS.

The decrease in mAP following domain adaptation,
accompanied by stable precision, indicates that domain
shift affects detection sensitivity (recall) more than
discriminative ability. These findings are consistent with
previous reports on the impact of low-light conditions,
glare, and occlusion on object detection [2], [8]. Although

dataset-based metrics declined, visual evaluation
demonstrated consistent detection in real-world
environments. Therefore, evaluations of domain

adaptation should consider detection stability in addition
to mAP.

The main contribution of this study is the integration of
progressive training, domain adaptation, and OpenVINO
inference optimization into a single, comprehensively
evaluated framework. Unlike previous studies that
examined components separately, this research
demonstrates the interdependence of learning stages on
generalization ability. Specifically, base training builds
foundational representations, fine-tuning stabilizes
parameters, and domain adaptation enhances the model’s
resilience to variations in CCTV conditions. These findings
enrich the literature on staged learning strategies for
YOLO-based vehicle detection.

In terms of implementation, the OpenVINO optimization
increased throughput to 9.08 FPS with a significant
reduction in latency, while the decrease in detection
performance remained within reasonable limits.
Compared to Wang et al. (2025), who reported an increase
of 6-7 FPS, these results demonstrate higher efficiency
without sacrificing detection stability [12]. This confirms
the model’s suitability for CPU-based real-time
implementation in traffic monitoring systems. Practical
implications include improved accuracy in analyzing
vehicle volume, speed, and density, as well as determining
the Level of Service (LOS).

Overall, this study supports the hypothesis that
progressive training enhances the model’s generalization
ability in CCTV environments with domain shifts.
Although absolute accuracy improvements were not
observed across all metrics, the model demonstrated
resilience to variations in lighting, occlusion, and changes
in data distribution. Thus, the success of a vehicle
detection system in real-world implementation is
determined by a balance between accuracy,
generalization, detection stability, and inference
efficiency—not solely by the mAP value.

(Mo
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CONCLUSIONS

This study develops a YOLOv11-based progressive training
framework that integrates base training, fine-tuning,
domain adaptation, and inference optimization using
OpenVINO to improve vehicle detection capabilities in real-
world CCTV environments. The results show that base
training is capable of building robust feature
representations, while fine-tuning enhances learning
stability without causing performance degradation.
Although domain adaptation results in a decrease in mAP
due to domain shift, the model demonstrates improved
generalization ability and maintains detection quality
under complex operational conditions, including low
lighting, glare, occlusion, and traffic density. Furthermore,
OpenVINO INT8-based inference optimization significantly
improves computational efficiency while maintaining
detection performance at an acceptable level for real-time
implementation. These findings indicate that the success of
a vehicle detection system is determined not only by
accuracy on the test dataset but also by a balance between
generalization ability, detection stability, and inference
efficiency. Thus, the proposed framework contributes to the
development of smarter, more robust, and adaptive
transportation systems ready for deployment in CCTV-
based operational environments. Despite the encouraging
results, this study has several limitations that should be
considered when interpreting the findings. The evaluation
was conducted using a single experimental configuration
for each stage of the progressive training framework, and
therefore did not include repeated training runs or formal
statistical significance testing. As a result, the reported
performance differences are interpreted based on the
observed evaluation metrics and qualitative analyses
rather than statistical inference. Future research should
incorporate repeated experiments with different random
seeds and appropriate statistical analyses, such as paired t-
tests, Wilcoxon signed-rank tests, or bootstrap confidence
intervals, to further assess the robustness and
reproducibility of the proposed framework under diverse
operational conditions.
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