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Featured Application

The developed YOLO-based detection model can be applied to the automatic recognition
of horizontal road markings in intelligent transportation systems (ITSs). The proposed
approach may support advanced driver assistance systems (ADASs) and road infrastructure
monitoring by providing accurate and real-time identification of pavement signs, such as
pedestrian crossings or directional arrows.

Abstract

Horizontal road markings are crucial for safe driving and for the operation of advanced
driver-assistance systems (ADAS), but they have been investigated less thoroughly than
vertical signs or lane boundaries. This paper focuses on the detection and classification
of horizontal road markings in digital images using modern deep learning techniques.
Three YOLO models (YOLOv7, YOLOv8n, YOLOv9t) were trained and tested on a new
dataset comprising 6250 images with 13,360 annotated horizontal road-marking objects
across nine classes collected on Polish roads in sunny and cloudy conditions. The dataset
covers nine classes of markings recorded on urban streets, rural roads and highways. It
includes many difficult cases: small markings visible only from long distance or side entry
roads, and markings with different levels of wear, from new and bright to faded, dirty or
partially erased. YOLOv7 achieved Precision = 0.95, Recall = 0.91 and mAP@0.5 = 0.98.
YOLOv8n and YOLOv9t obtained lower Recall but higher mAP@0.5:0.95 (>0.77). The
results confirm that YOLO-based detectors can handle horizontal road markings under
varied road conditions and degrees of visibility, and the dataset with baseline results may
serve as a reference for further studies in intelligent transport systems.

Keywords: classification; deep learning; horizontal road markings; image analysis;
YOLOv7; YOLOv8; YOLOv9

1. Introduction
Road safety relies heavily on clear information provided to drivers through traffic signs

and road markings. These visual cues regulate traffic flow, support navigation, and prevent
accidents. Modern advanced driver assistance systems (ADASs) also require accurate
recognition of such elements in order to support safe driving. According to the SAE
classification of driving automation, there are six levels (0–5) [1]. Current vehicles typically
reach only level 3, while levels 4 and 5 represent true autonomy. Reliable perception of road
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markings is therefore essential for further progress toward higher levels of automation.
Among the various types of road signs, horizontal markings such as arrows, pedestrian
crossings, and stop lines play a particularly direct role in guiding driver maneuvers. Despite
their importance, horizontal markings have attracted less research attention than vertical
signs and lane boundaries.

Current ADAS solutions and autonomous driving prototypes rely on a combination of
sensors including radar sensors, cameras, and LiDAR instruments [2–6]. Cameras are the
most common and cost-effective option, as they capture high-resolution visual information
that can be processed using computer vision methods. Classical image processing was
widely used in earlier systems, but in recent years, deep learning methods have become
dominant for tasks such as object detection and semantic segmentation [7–11]. These
approaches enable the recognition of a wide range of objects relevant for traffic safety,
including pedestrians, vehicles, traffic lights, and traffic signs.

Traffic sign recognition has been extensively studied, but the emphasis has largely been
on vertical signs [12–15]. Datasets and benchmarks exist for many categories of vertical
signs, and numerous models have been evaluated in this area. In contrast, horizontal
markings have received far less attention. Existing works mostly focus on lane markings,
motivated by lane-keeping assistance [16,17] and automated parking scenarios [18,19].
Other contributions address the quality and maintenance of markings [20–22]. It is difficult
to find publications that address the automatic detection of arrows and other directional
symbols painted on the road surface, even though they provide essential information for
safe maneuvering in both urban and highway environments.

The recognition of horizontal markings presents unique challenges. Markings vary
widely in appearance, depending on paint material, traffic load, and weather exposure.
They may be new and reflective, or faded, dirty, and partially erased. Their visibility also
depends on distance and perspective: markings that are far ahead in the driving scene
appear small and difficult to distinguish, while those closer to the vehicle are large and
clearly visible. Our dataset includes images covering the full scene, with annotations for
markings not only on the lane of travel but also on adjacent lanes and on entry or side roads.
This diversity requires models to detect markings across different scales and positions
within the image. These factors make the task more complex than standard object detection
of well-defined vertical signs.

Deep learning detectors of the YOLO family [15,23–31] have become a standard
solution for real-time object recognition. Each version of YOLO introduces improvements
in speed, accuracy, or model efficiency. Earlier research applied YOLOv4 to horizontal
marking recognition [20], but more recent models have not yet been systematically assessed
for this application. Establishing baseline performance for YOLOv7, YOLOv8, and YOLOv9
on challenging data is therefore a necessary step.

Horizontal road markings play a critical role in supporting lane guidance, maneuver
planning, and driver navigation, particularly in situations where vertical signs are absent,
obstructed, or ambiguous. Therefore, reliable detection of such markings is essential for
the maintenance of consistent perception in advanced driver assistance systems.

The aim of this study is to address this research gap. We introduce a dataset of
13,360 annotated images collected on Polish roads, including urban streets, rural roads,
and highways, recorded under both sunny and cloudy conditions. The dataset covers nine
classes of markings and contains many challenging cases, including small markings and
surfaces with varying degrees of wear. Based on this dataset, we train and evaluate three
YOLO models (YOLOv7, YOLOv8n, and YOLOv9t) and report their performance in terms
of precision, recall, and mean average precision. The results provide baseline values for
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horizontal marking recognition and indicate the feasibility of robust horizontal marking
detection for intelligent transportation systems.

2. Dataset
The dataset used in this study originates from the same collection of road images that

was employed in our previous research on the visibility of horizontal road markings [20].
The dataset has not been publicly released. In the present work, it was reused with a new
division into training, validation, and test subsets and with updated annotations adapted
to the object detection task. In the previous publication, only a few example images
were presented for illustration purposes, whereas the complete dataset is used here for
comprehensive training and evaluation of the YOLOv7, YOLOv8n, and YOLOv9t models.

The collection contains 6250 color images captured on Polish roads under real traffic
conditions using a front-mounted camera. The images were recorded under diverse
lighting conditions (sunny, cloudy, and partially shaded) and on both urban and rural
roads. The image resolution is 1920 × 1080 pixels. Although no quantitative analysis
of degradation levels was performed, the dataset includes road markings representing
the full range of real-world visibility conditions—from newly painted and clearly visible
markings to moderately worn, faded, or dirty markings, as well as heavily degraded
markings requiring maintenance. This diversity ensures that the models are exposed to
various appearance conditions during training and testing. The dataset also contains
images in which markings are partially occluded by the vehicle’s hood or other road
users. Although the frequency of such cases was not analyzed quantitatively, they provide
valuable examples for evaluation of the robustness of detection under partial visibility.

The dataset consists of nine classes of horizontal road markings: a pedestrian crossing
and eight types of directional arrows. Figure 1 presents one example object from each
class. Each image was manually annotated using the LabelImg tool following the YOLO
annotation format [32]. Figure 2 shows an example image with labeled objects, illustrating
the annotation process used in the dataset.

In total, 13,360 objects were annotated and assigned to the nine classes. The detailed
distribution of the number of annotated objects per class and their division into the training,
validation, and test subsets are presented in Table 1.

For model training, the dataset was divided into three subsets: 5000 images for training,
750 images for validation, and 500 images for testing. This division ensures a balanced
representation of all classes and enables a reliable evaluation of the performance of the
tested YOLO architectures.

The reuse of this dataset guarantees consistency in image acquisition parameters, such
as camera position, perspective, and resolution, and allows for a fair comparison of the
YOLO models under identical environmental conditions.

Figure 1. Examples of image fragments containing horizontal road markings from the prepared dataset.
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Figure 2. An example image with labeled objects.

Table 1. Number of annotated objects per class and split.

Class
Number Name Training

Set Size
Validation

Set Size
Test

Set Size

Class 1 pedestrian crossing 2675 404 267
Class 2 right arrow 1567 240 150
Class 3 left arrow 1658 256 168
Class 4 straight arrow 2054 310 206
Class 5 right–left–straight arrow 198 31 20
Class 6 right–straight arrow 910 133 90
Class 7 left–straight arrow 879 132 86
Class 8 left–diagonal arrow 520 81 50
Class 9 right–diagonal arrow 223 33 19

All Classes 10,684 1620 1056

3. Convolutional Neural Networks
For the task of detecting and classifying objects in color images, three models were

selected: YOLOv7, YOLOv8n, and YOLOv9t. These are pre-trained CNN models based
on the COCO dataset, which includes 80 object classes. However, none of those classes
corresponds to the specific objects analyzed in this study. As a result, it was necessary
to modify the models to better suit the research objectives. The number of classes was
reduced to nine, and their categories were adapted accordingly. Each model now predicts
the probability that an object belongs to one of the nine classes shown in Table 1. For this
purpose, the models were fine-tuned on our own annotated dataset of horizontal road
markings to maximize detection performance under local conditions.

The models—YOLOv7, YOLOv8n, and YOLOv9t—were trained over the course of
300 epochs. For each epoch, 5000 images from the training set were used. After complet-
ing every epoch, global parameters were fine-tuned using a validation set consisting of
750 images. To achieve robust training results, random image distortions were introduced,
including mosaic augmentation applied in the initial phase. Additionally, the models were
trained using a set of probabilistic augmentation techniques provided by the Albumenta-
tions library. These included blur, median blur, grayscale conversion, and CLAHE, each
applied with a low probability (p = 0.01) to support robustness and generalization. This
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helped ensure that object detection and identification were not dependent on the object’s
position within the image.

In the supervised learning process, two previously prepared image sets were used:
the training set and the validation set. Each image was scaled to a size of 416 × 416 pixels
during loading. Each of the selected models was implemented and trained according to its
architecture and the corresponding default values of training parameters.

The YOLOv7 model consists of 314 layers, the majority of which are convolutional.
As the network deepens, the number of feature maps—and, consequently, the number of
parameters—increases progressively. Concatenation operations are also applied at various
stages. In total, the model contains 36,524,924 parameters.

The YOLOv8n model comprises 225 layers and contains 3,012,603 parameters. Train-
ing was carried out using the SGD optimizer with the following values: lr = 0.01 and
momentum = 0.9. The same optimizer was used for the third model, YOLOv9t, which
consists of 917 layers and has 2,007,163 parameters. The YOLOv7 model was implemented
in Python 3.10. The YOLOv8n and YOLOv9t models were developed using Python 3.11.11
and PyTorch 2.2.2+cu121. Training and testing processes were conducted on a workstation,
belonging to the Czestochowa University of Technology, equipped with a 16-core AMD
Ryzen 9 3950X processor running at 3.5 GHz with 32 GB of RAM and an NVIDIA GeForce
RTX 3080 graphics card.

The results of the training and validation process are shown in Figure 3 (YOLOv7),
Figure 4 (YOLOv8n), and Figure 5 (YOLOv9t). These figures contain several plots showing
the data collected during the training process for each epoch for each of the three models.
It can be seen that there was some fluctuation in the early stages of training. However,
as training progressed, the results began to converge more consistently. This is a typical
phenomenon that occurs when using a model pre-trained on a different set of classes.

Figure 3. The outcomes of the training and validation process for the YOLOv7 model.
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Figure 4. The outcomes of the training and validation process for the YOLOv8n model.

Figure 5. The outcomes of the training and validation process for the YOLOv9t model.

Figures 4 and 5 contain two additional plots showing the loss function with the
DFL (Distribution Focal Loss) component used. This is a new component that tunes the
coordinate accuracy (at the subpixel level) that was introduced after YOLOv8n. Overall,
the training process went smoothly, and the plots in Figures 3–5 are very promising.

4. Testing and Analysis of the Obtained Results
Each of the trained models—YOLOv7, YOLOv8n, and YOLOv9t—performs detection

and classification on both video streams and digital color images. Testing on video streams
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captured at 30 frames per second confirms that detection runs smoothly, indicating real-
time capability. To ensure a fair comparison of accuracy, the three trained models were
evaluated on the same test image set. None of the samples in this set was used during the
training or validation phases.

Confusion matrices were then prepared for each model and are presented in Tables 2–4.

Table 2. Confusion matrix obtained in testing of the YOLOv7 model on the test set.
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pedestrian crossing 251 0 0 0 0 0 0 0 0 33
right arrow 0 144 0 0 0 0 0 0 0 23
left arrow 0 0 165 1 0 0 0 0 0 26

straight arrow 0 0 1 200 0 0 0 0 0 40
right–left–straight arrow 0 0 0 0 20 0 0 0 0 3

right–straight arrow 0 0 0 0 0 90 0 0 0 29
left–straight arrow 0 0 0 0 0 0 78 0 0 11
left–diagonal arrow 0 0 0 0 0 0 0 50 0 6

right–diagonal arrow 0 0 0 0 0 0 0 0 19 6

FN 16 6 2 5 0 8 0 0 0

Table 3. Confusion matrix obtained in testing of the YOLOv8n model on the test set.
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Table 4. Confusion matrix obtained in testing of the YOLOv9t model on the test set.

Predicted

Tr
ue

Pe
de

st
ri

an
C

ro
ss

in
g

R
ig

ht
A

rr
ow

Le
ft

A
rr

ow

St
ra

ig
ht

A
rr

ow

R
ig

ht
–L

ef
t–

St
ra

ig
ht

A
rr

ow

R
ig

ht
–S

tr
ai

gh
tA

rr
ow

Le
ft

–S
tr

ai
gh

tA
rr

ow

Le
ft

–D
ia

go
na

lA
rr

ow

R
ig

ht
–D

ia
go

na
lA

rr
ow

FP

pedestrian crossing 229 0 0 0 0 0 0 0 0 5
right arrow 0 127 0 0 0 0 0 0 0 7
left arrow 0 0 153 1 0 0 0 0 0 4

straight arrow 0 0 1 188 0 0 0 0 0 7
right–left–straight arrow 0 0 0 0 15 0 0 0 0 7

right–straight arrow 0 0 0 0 0 88 0 0 0 7
left–straight arrow 0 0 0 0 0 0 73 0 0 4
left–diagonal arrow 0 0 0 0 0 0 0 46 0 1

right–diagonal arrow 0 0 0 0 0 0 0 0 19 1

FN 38 23 14 17 5 2 13 4 0

The values in these tables represent absolute counts. Each diagonal entry contains the
number of objects correctly classified into the respective class. Off-diagonal values indicate
the number of detected objects that were assigned to incorrect classes. It is important to
note that each of the three models made only two such misclassifications at the object level.
This is a very good classification result for the objects detected by all three tested models.

Each matrix includes an additional column labeled FP (false positives) and a row
labeled FN (false negatives). The FP column contains the number of objects wrongly
assigned to a given class. These are objects that do not belong to any of the known classes,
which is evident from their absence in other matrix columns. This suggests that these
objects were detected by the model but not annotated in the ground truth. Such cases likely
occurred because some small horizontal road markings were not labeled. These markings,
although visible in the image, may have been too small to assign confidently to a class,
even by a human annotator. Thus, the presence of nonzero FP values is more indicative of
strong detection capability than weak classification accuracy.

The FN row contains the number of false negatives. These are objects visible in the
images and labeled in the ground truth but not detected by the CNN model. This does not
imply a classification error but, rather, a shortfall in detection.

To assess the performance and accuracy of the network models, the relevant metrics
were calculated separately for each class. The most important metrics were considered to be
precision and recall. Precision quantifies the value of an optimistic forecast; the higher its
value, the greater the precision of the network model. The closer to 1 the value of the recall
metric is, the more sensitive the model is. For each model, plots were generated to illustrate
the behavior of the recall and precision metrics as a function of the confidence threshold.
In addition, the relationship between recall and precision was presented, along with the
F1 score plotted against confidence. A set of four such plots was created for each model
individually: Figure 6 for YOLOv7, Figure 7 for YOLOv8n, and Figure 8 for YOLOv9t.
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Figure 6. Test results for the YOLOv7 model: (a) precision curve; (b) recall curve; (c) precision–recall
curve; (d) F1 curve.

Figure 7. Test results for the YOLOv8n model: (a) precision curve; (b) recall curve; (c) precision–recall
curve; (d) F1 curve.
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The optimal values of the precision and recall metrics were computed using the
apperclass mechanism. This procedure was introduced by the authors of YOLOv5 and
has been retained in subsequent versions of the model. It leverages the curves shown in
Figures 6–8 to determine the confidence threshold that jointly optimizes both recall and
precision. As a result, both metrics are evaluated at a shared, optimal threshold.

Figure 8. Test results for the YOLOv9t model: (a) precision curve; (b) recall curve; (c) precision–recall
curve; (d) F1 curve.

According to the classification results obtained by the network model, each object was
assigned to one of four sets named as follows:

• TP—true-positive classification (correctly classified) objects;
• TN—true-negative classification objects;
• FP—false positives;
• FN—false negatives.

The TP, FP, TN, and FN symbols used in the following formulas correspond to the
counts of these sets in the context of the respective classes.

To perform an analysis of the efficiency and accuracy of the network model, four
selected metrics were calculated for each class. One of the most important metrics was
considered to be “precision”, which is calculated according to Equation (1). Precision (P),
quantifies the value of an optimistic forecast; the higher its value, the greater the precision
of the network model.

P =
TP

TP + FP
. (1)

Equation (2) enables the calculation of Recall (R). The closer its value is to 1, the more
sensitive the model is.

R =
TP

TP + FN
. (2)
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Additionally, two Mean Average Precision (mAP)metrics were calculated: mAP@0.5
and mAP@0.5:0.95. Both metrics analyze the accuracy of the network model’s response in
the context of the precision of an object’s position within the image plane. The model’s
response for a given sample is interpreted as positive or negative based on the fulfillment
of a required threshold known as the Intersection over Union (IoU). Its value determines
whether a given object was detected correctly.

The mAP@0.5 metric is calculated by considering a single threshold of 0.5. In this case,
detected objects whose bounding box overlaps at least fifty percent are treated as correctly
detected, and the metric value is one; otherwise, it is zero. In contrast, the mAP@0.5:0.95
metric considers ten thresholds ranging from 0.5 to 0.95 in steps of 0.05. For each threshold,
detection accuracy is determined (similarly to the mAP@.5 metric); then, an average is
calculated for the given sample. It should be emphasized that the higher the threshold,
the higher the difficulty in achieving correct object position detection (for a 0.95 threshold,
the bounding box of the object’s position must overlap at least 95 percent with the bounding
box of the actual position of the object in the image). Therefore, the value of this metric
is usually a fractional number. A comprehensive comparison of detection metrics for all
object classes and YOLO models is presented in Table 5. This overview makes it possible
to identify which classes are most reliably recognized and where the differences between
models are most pronounced.

Table 5. Summary of detection metrics for each class and model on the test set.

YOLOv7 YOLOv8n YOLOv9t
Class Test Precision Recall mAP mAP Precision Recall mAP mAP Precision Recall mAP mAP

Set Size @0.5 @0.5:0.95 @0.5 @0.5:0.95 @0.5 @0.5:0.95

All 1056 0.950 0.916 0.977 0.743 0.953 0.895 0.953 0.779 0.959 0.896 0.949 0.773

Class1 267 0.957 0.759 0.955 0.677 0.950 0.857 0.951 0.743 0.974 0.854 0.947 0.750

Class2 150 0.990 0.907 0.976 0.730 0.969 0.832 0.928 0.727 0.949 0.847 0.921 0.726

Class3 168 0.987 0.929 0.985 0.749 0.951 0.917 0.961 0.769 0.966 0.911 0.962 0.775

Class4 206 0.971 0.898 0.973 0.749 0.966 0.903 0.953 0.759 0.958 0.913 0.962 0.767

Class5 20 0.937 0.950 0.991 0.774 0.993 0.800 0.891 0.794 1.000 0.785 0.875 0.749

Class6 90 0.915 0.956 0.982 0.774 0.898 0.979 0.989 0.829 0.925 0.978 0.990 0.832

Class7 86 0.955 0.849 0.953 0.706 0.951 0.849 0.942 0.752 0.948 0.854 0.926 0.757

Class8 50 0.977 1.000 0.995 0.751 0.979 0.918 0.969 0.812 0.989 0.920 0.961 0.790

Class9 19 0.861 1.000 0.980 0.775 0.921 1.000 0.993 0.827 0.922 1.000 0.993 0.809

Analysis of the confusion matrix shows that YOLOv7 achieved the highest classi-
fication accuracy (1017 of 1056 labels correct, only two misclassifications, and 37 FNs).
These figures agree with the averages in Table 5, where Precision = 0.950, Recall = 0.916,
and mAP@0.5 attains a record 0.977. YOLOv8n and YOLOv9t correctly classified 932 and
938 objects, respectively; the lower totals correlate with larger numbers of missed markings
(122 and 116), driving recall down to about 0.896. However, both newer models exhibit
higher precision (up to 0.959) and superior mAP@0.5:0.95 (0.779 for YOLOv8n and 0.773 for
YOLOv9t), indicating better behavior under stricter IoU thresholds. For rare classes (Class 5
and Class 9), YOLOv9t retains perfect precision but sacrifices recall, whereas YOLOv7 pre-
serves the greatest sensitivity. Hence, YOLOv8n and YOLOv9t deliver more conservative
thresholding, while YOLOv7 offers the most exhaustive detection. Figure 9 presents an
example of the output predicted by the trained YOLOv7, YOLOv8n, and YOLOv9t models
on randomly selected images from the test set.
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Figure 9. Example images with marked predictions: (a) by the YOLOv7 model; (b) by the YOLOv8n model; (c) by the YOLOv9t model.
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In addition to detection accuracy, the inference speed of the models was also evaluated
to assess their suitability for real-time applications. All tests were performed on an NVIDIA
GeForce RTX 3080 GPU using the same set of 500 test images at 416 × 416 resolution. The
results are summarized in Table 6.

Table 6. Inference speed comparison of the tested YOLO models evaluated on an NVIDIA GeForce
RTX 3080 GPU using 416 × 416 input images (batch size of 32).

Model Framework Inference
[ms]

NMS/Postprocess
[ms]

Total
[ms/img]

Approx.
FPS

YOLOv7 Torch 2.5.1 1.5 0.8 2.3 ~435

YOLOv8n Torch 2.2.2 1.3 1.0 2.4 ~417

YOLOv9t Torch 2.2.2 2.1 0.6 2.8 ~357

The results show that all models operate well above real-time requirements. YOLOv7
and YOLOv8n achieved nearly identical inference times (about 2.3–2.4 ms per image),
while YOLOv9t was slightly slower (2.8 ms per image). These speeds correspond to more
than 350 frames per second, confirming that all tested models are suitable for real-time
driver assistance applications.

In addition to the quantitative evaluation presented above, a qualitative verification
was also carried out to assess the performance of the models under difficult visibility
conditions, such as partially occluded objects. Figure 10 presents an example of a partially
occluded road marking. In the original image (a), a “straight arrow” marking is partly
covered by a vehicle driving ahead. The enlarged fragment (b) shows the visible part of the
marking. Despite the partial occlusion, all three tested YOLO models correctly detected
and classified the marking: YOLOv7 (c), YOLOv8 (d), and YOLOv9 (e). This confirms that
the models can also recognize horizontal markings under partial visibility.

Figure 10. (a) Original image with a “straight arrow” marking partially occluded by a vehicle driving
ahead; (b) enlarged fragment showing the visible part of the marking. Model detection results:
(c) YOLOv7; (d) YOLOv8n; (e) YOLOv9t.

Another qualitative example is shown in Figure 11. The original image (a) contains
two horizontal markings (“left arrow” and “right arrow”) that are heavily faded and
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exhibit very low contrast against the road surface. The enlarged fragments ((b) and (c))
show the visible parts of the markings. Despite the difficult visibility conditions, all three
tested models—YOLOv7 (d), YOLOv8n (e), and YOLOv9t (f)—correctly detected and
classified both markings. This confirms that the models are able to recognize horizontal
road markings, even in cases of significant wear and low contrast.

Figure 11. (a) Original image with a heavily faded “left arrow” and “right arrow” marking barely
visible against the road surface; (b,c) enlarged fragments showing the degraded markings. Model
detection results: (d) YOLOv7; (e) YOLOv8n; (f) YOLOv9t.

5. Discussion
The results obtained in this study show that convolutional neural networks, especially

YOLO-based architectures, are effective in detecting and classifying horizontal road mark-
ings under real-world conditions. The high values of precision, recall, and mAP confirm
the robustness of this approach, but several important aspects should be discussed.

Previous research on road environment perception has mainly focused on vertical
traffic signs [13–15] and lane detection [16,17]. Studies dedicated to horizontal markings,
particularly arrows and pedestrian crossings, are less common. Earlier research employing
the YOLOv4-Tiny network for horizontal road marking detection on Polish roads reported a
promising overall accuracy of 96.79% on a test set of 1250 images [20]. A direct comparison
of the obtained metrics with those presented in the cited work would not be reliable,
as there are differences in the dataset division, as well as in the selected training parameters
and the duration. The present study investigates newer YOLO architectures (YOLOv7,
YOLOv8n, and YOLOv9t) using standardized evaluation metrics, which allows for a more
comprehensive assessment of performance. The high precision and recall values obtained
in this study confirm that the newer YOLO architectures maintain high detection accuracy
while improving localization robustness. The presented models can be directly integrated
into ADAS pipelines to enhance lane-level navigation and road condition monitoring.
Moreover, the proposed dataset can support automated assessment of road marking quality
for maintenance scheduling.

The experiments show that YOLOv7 achieved the highest recall, which means it is
more sensitive to partially degraded markings. YOLOv8n and YOLOv9t reached slightly
higher precision and mAP@0.5:0.95 values, indicating better localization accuracy under
stricter IoU thresholds. This difference reflects the balance between broader detection
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(YOLOv7) and more selective classification (YOLOv8n and YOLOv9t). Such distinctions
are useful when selecting a model for a specific task. YOLOv7 may be suitable for general
ADAS applications, while YOLOv8n and YOLOv9t are preferred when minimizing false
detections is more important.

The qualitative results presented in Figures 10 and 11 further demonstrate that the
tested YOLO models can correctly detect and classify road markings, even under challeng-
ing conditions such as partial occlusion or low contrast, confirming their robustness in
realistic road environments.

In addition to detection accuracy, computational performance was also evaluated to
determine the models’ suitability for real-time operation. The measured inference times
ranged from 2.3 to 2.8 ms per image, corresponding to over 350 frames per second on
an NVIDIA RTX 3080 GPU. These results confirm that all three models meet real-time
processing requirements, making them feasible for integration into embedded perception
modules or advanced driver assistance systems, where low latency is essential. Considering
that newer and more energy-efficient hardware platforms, such as NVIDIA Jetson devices,
offer dedicated inference acceleration, the tested models can be expected to achieve even
higher processing speeds when deployed on optimized edge systems.

Some limitations should also be noted. The dataset was collected only on Polish roads,
which may reduce the generalization ability of the models to other regions with different
marking colors or styles. Although the dataset includes recordings taken on sunny and
cloudy days, it does not cover adverse weather conditions such as heavy rain, snow, or fog.
These situations are important for autonomous driving and should be included in future
datasets. The models were evaluated mainly in terms of accuracy. Model speed depends on
hardware performance; therefore, inference latency should be verified on the target device
to confirm real-time feasibility.

Another issue is related to data privacy. Some recordings may contain sensitive vi-
sual information, and anonymization should be performed before making the dataset
public. After this step, publishing the dataset would support other researchers and
improve reproducibility.

Future work will focus on extending the dataset to include extreme weather condi-
tions and less common marking types. Further evaluation of computational performance,
including energy efficiency and behavior on embedded devices such as NVIDIA Jetson
platforms, will provide additional insights into the models’ readiness for real-time appli-
cations. Making the dataset and trained models publicly available would also increase
transparency and encourage further research in intelligent transportation systems.

Overall, the findings highlight the potential of YOLO-based detectors as reliable tools
for next-generation intelligent driving systems.

6. Conclusions
Among the tested architectures, YOLOv7 provided the most comprehensive detection,

while YOLOv8n and YOLOv9t achieved higher localization accuracy under stricter IoU
thresholds. All models also demonstrated real-time performance, achieving inference
speeds between 2.3 and 2.8 ms per image (corresponding to over 350 frames per second).
This confirms their suitability for real-time driver assistance and perception systems.

In addition to the quantitative evaluation, qualitative verification confirmed that all
tested YOLO models were able to correctly detect and classify horizontal markings, even
in difficult cases, such as partially occluded or heavily worn markings with low contrast.
These results indicate that the proposed models are robust and applicable to real-world
driving conditions.
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The results emphasize the importance of maintaining proper horizontal road markings
to support both human drivers and semi-autonomous vehicles operating at automation
level 4. Future work will focus on extending the dataset with additional weather con-
ditions and marking types to enhance model robustness and applicability to various
driving environments.
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