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Abstract
This paper presents a robust approach for road marking detection and recognition from images captured by an
embedded camera mounted on a car. Our method is designed to cope with illumination changes, shadows, and
harsh meteorological conditions. Furthermore, the algorithm can effectively group complex multi-symbol shapes
into an individual road marking. For this purpose, the proposed technique relies on MSER features to obtain candidate regions which are further merged using density-based
clustering. Finally, these regions of interest are recognized
using machine learning approaches. Worth noting, the algorithm is versatile since it does not utilize any prior information about lane position or road space. The proposed
method compares favorably to other existing works through
a large number of experiments on an extensive road marking dataset.

1. Introduction
Road markings are the symbols and text painted on the
surface of the road. They are essential to the driver as
they provide helpful information which guides and regulates the traffic. Furthermore, Advanced Driver Assistance
Systems (ADAS) and Autonomous Driving System (ADS)
can greatly favor from utilizing the information provided by
the road markings. Indeed, robust detection and recognition
of the road markings can boost autonomous driving accuracy, decrease the number of accidents and lessen traffic
jams since most of these complications emerge from violating the traffic rules.
While the original goal of road markings is straightforward and well exploited, they can also have a different supplemental application. Specifically, the road markings can
be used for precise vehicle localization in challenging environments where using GPS alone cannot guarantee a high
level of accuracy due to signal interferences [23] (e.g. buildings, trees, and other obstacles). Additionally, the speed of
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Figure 1. Algorithm testing results during common challenging
conditions: (a) full occlusion by shadow, (b) partial occlusion by
shadow, (c) distant road markings, (d) intense lighting

the vehicle can be also estimated from utilizing the road
markings location. Therefore, a robust method for road
marking detection and recognition which is stable in various conditions is essential for many applications.
However, the robust detection and recognition of road
markings is very challenging. First of all, road markings vary in color and shape among countries since different countries have different traffic requirements and standards. Secondly, common challenges like occlusion, shadows, and various weather conditions contribute to misdetections. Lastly, the road markings are usually hand-painted
and are prone to variation in size, orientation, and color intensities even inside the same city. Moreover, they are often
deteriorated and partially unseen due to the wear (i.e. damage by friction or use).
To tackle these challenges, we propose a method for effective road marking detection and recognition which scales
well and is proven to be robust to various common challenges like an extreme variation in lighting and shadow con-

ditions (Figure 1). Our algorithm can be divided into two
well-distinct parts: road marking detection (Section 3) and
road marking classification (Section 4). During the road
marking detection stage, image enhancement techniques
(Section 3.2) are applied to the rectified image of the road
(Section 3.1) in order to perform histogram equalization and
road texture removal. Therefore, a pair of images is generated from processing both the Inverse Perspective Mapping (IPM) image and corresponding edge map. The need
for a specified image processing is described in detail in
Section 3.3. The most stable Maximally Stable Extremal
Regions (MSER) are extracted afterward from the pair of
images, and the outlier regions are removed. Remaining
Regions of Interest (ROIs) are merged together using a
density-based clustering algorithm. All merged regions retrieved from the detection part of the algorithm are fed to the
recognition system. We have tested three methods for classification. Similarly to [4] we initially use a PCANet+SVM
classification approach, but also propose to use two improved techniques which are the PCANet+Logistic Regression approach and shallow CNN classifier for a global feature extraction and road marking recognition. Section 5 provides the experimental results, followed by the conclusion
in Section 7.

2. Related works
While lane detection has been intensively investigated
for decades, the detection of other road markings (such as
symbol-based and text-based) attracted little attention. To
solve the problem of road marking detection many methods
rely on prior information of lane location [18]. However, the
accuracy of lane detection can negatively impact the recognition of other road markings. Tao et al. [22] pointed out
the necessity of detecting road markings independently and
proposed and alternative algorithm for road marking detection and recognition. This approach takes advantage of the
IPM technique already introduced in [15, 1] to cope with the
perspective effect. Thereafter, multiple ROIs are extracted
as MSER [14]. Subsequently, FAST feature detector is utilized to extract points of interest while the Histogram of
Oriented Gradients (HOG) is used as a descriptor to build
templates for every class. The test image is then compared
to every template image and the class label is assigned by
comparing the features vectors of a test and every template
images. While the authors report a successful result, this
method greatly relies on the accuracy of the FAST detector and extracting heavy HOG features is computationally
expensive. Alternatively, Li et al. [13] perform low-level
processing to extract ROI from the IPM images to recognize target road markings. Extracted ROIs are analyzed
and identified based on angular orientation and blob dimensions. While this work presents satisfactory qualitative results, no quantitative evaluation is provided. Moreover, this

method requires different algorithm to be responsible for
recognizing a specific type of road markings, hence, resulting in low scalability. In a similar manner, [9] tries to boost
the robustness of the algorithm by separating road markings into text-based and symbol-based road markings. The
text-based road markings are recognized using an optical
character recognition algorithm, while symbol-based ones
are recognized by extracting HOG features which are classified using a Support Vector Machine (SVM). However, the
marginal improvement of the proposed algorithm does not
justify the need for treating road markings separately which
results in a computational redundancy.
In contrast to hand-crafted features which performance
vastly depend on the purpose they are designed for, the artificial neural network (ANN) features extractors and the machine learning-based classifiers are proven to be a reliable
tool for many computer vision applications. Several works
have tried to apply neural networks to enhance the performance of road marking detection and recognition. For instance, in [11] the authors propose to use an adaptive thresholding in the IPM image to find possible candidates which
are further fed to a trained neural network classifier. This
method shows good robustness to various lighting, weather
and road surface conditions. It is one of the first approaches
applying fully connected neural networks for road marking recognition. Unlike fully connected neural networks,
convolutional neural network (CNN) has demonstrated superior performance on classification results due to its ability to extract more robust representation features. However,
such deep CNN with popular AlexNet [12] or VGGNet [17]
models usually require a tremendous number of training
data, and often processed on expensive GPUs which present
a heavy load for a vehicle circuitry. Following such logic,
Chen et al. [4] proposed an algorithm using BING object
detector [5] to provide a number of possible region proposals that have relevant similarity to road markings. These
candidate regions are further classified by PCA network
(PCANet) [2]. PCANet is a type of deep learning network
that uses PCA filter bank instead of convolutional layers as
in CNN. Generally, PCANet is a light version of the CNN
which is structurally simpler and has been demonstrated to
be an efficient method for image classification. The shortcoming of the proposed approach is that there is a fixed
number of BING regions (30 object candidates) that are extracted per frame, which often results in computational redundancy since frequently the number of road markings in
a visible viewpoint never reaches such number of regions.
Another drawback is that road markings are not localized
precisely and the derived bounding box often includes other
irrelevant objects.
Concurrently with our paper, Hyeon et al. [10] have
developed alternative system to detect and recognize road
markings. This method differs in many ways: the ex-

tracting connected set is done using a difference of Gaussians instead of MSER; grouping of regions is achieved
based on convexity condition, while we rely on densitybased grouping; Random Forest is used for the classification
task, we use more advanced machine learning techniques
instead. Furthermore, this paper classifies detected regions
into symbol-based or text-based road marking while further
recognition has to be implemented by a user. On the other
hand, our method handles all road markings equally and
recognizes a unique class of any introduced road marking.
We encourage interested readers to investigate this concurrent work as well.
To overcome the aforementioned drawbacks of existing
methods, we propose an algorithm which achieves state-ofart performance on a challenging dataset. Our contributions
are three folds:
• We suggest a framework to robustly detect road markings on the image. The framework handles a pair
of images in parallel without increasing the computational time. This contribution guarantees robust road
marking detection under various illumination conditions.
• Density-based clustering is used to group road markings together eliminating the need for treating symbolbased and text-based regions separately.
• Machine learning techniques are used to recognize
road markings. In addition to PCANet, we have suggested a shallow CNN and offer an iterative solution to
refine and keep the most robust regions.

3. Road marking detection
This part of the paper describes our road marking detection procedure. The key steps are the following: image
rectification, image pre-processing, and region of interest
detection. The general flow of the algorithm is shown in
Figure 2.

3.1. Image rectification
Due to the perspective effect, it is very challenging and
cumbersome to accurately localize road markings from the
original front view solely. In order to simplify this problem,
the inverse perspective mapping method is used to generate a bird’s-eye view of the road. To do so, we need to
compute the homography matrix that maps the image to a
virtual camera perpendicular to the ground plane (principal
axes of the camera). This transformation matrix for IPM
depends on the camera calibration parameters, the height of
the camera above the ground, and the viewing angle of the
camera with respect to the ground. Thus, IPM is compatible for any camera setup once the homography matrix is

estimated. We closely follow [22] to obtain these parameters and perform this transformation on every color channel
of the image separately. Furthermore, knowing the horizon
line, the part of the image containing the sky area is removed from further consideration since it does not contain
any useful information related to road markings.

3.2. Image enhancement
We enhance the contrast of the bird’s-eye view image by
transforming the color values using contrast-limited adaptive histogram equalization (CLAHE) [25]. This step is
needed to remove the contrast difference in the image resulting from either an excessive sun illumination or overshadowing. However, the enhanced image of the road might
still struggle from excessive texture information which is inappropriate for road marking detection and could possibly
result in an incorrect road marking region proposals.
To overcome this problem, we use a fast bilateral filter
with optimizations described in [3],[20],[8] to remove texture information from the bird’s-eye view while preserving
the edge information. Subsequently, we propose to use edge
information to enhance road marking borders. Such enhancement improves road marking retrieval results for various lighting conditions and guarantees better-shaped road
marking region proposals during the region detection stage.
Therefore, a high quality edge map is extracted using the
very fast edge detector proposed by Dollar et al. [6],[7].
This edge detector is based on structured forest; it operates at 60 fps and is very robust to various lighting conditions. While [24] presents a way to generate object proposals from the edges, this algorithm does not demonstrate
satisfying object proposal accuracy for our particular goal.
Therefore, we propose an alternative approach for region
proposals suitable for road marking detection.

3.3. Region of interest detection
Before going into the details concerning the final stage of
the region proposal algorithm, let us first define few properties which are suitable for extracting road marking regions
from the road surface.
1. Road markings are generally brighter and therefore
have higher intensity values compared to their surrounding areas. This increases their visibility and likelihood of the driver actually noticing them. Additionally, road markings normally form a closed geometrical shape and are occasionally painted in a different
color.
2. In order to be visible to a driver even at a high speed,
road markings tend to have an oblong shape(i.e. longer
than its width) with substantial occupancy area within
the lane.

Figure 2. Framework of the proposed algorithm: (a) Image rectification. (b) Image enhancement. (c) Illumination robust edge extraction.
(d, d’) RoI extraction and merging at each domain. (e) Road marking recognition. The regions of interest are extracted from the each
image in the pair created from the enhanced bird’s-eye image of the road, and each proposed region is further merged and classified with
the overlapping regions to produce final road marking proposals.

3. Some road markings are composed of multiple symbols or text. In this case, every single of their compound lies close to each other to ensure that they are
interpreted as a single road marking.
Keeping these properties in mind helps us to develop a robust road marking detection algorithm.
3.3.1

Robust detection by a dual image representation

The first property gives us an important insight on how we
can extract possible road markings. Since road markings
are brighter than their surrounding areas, the top-hat filter
applied in [21, 18] could possibly be used to extract regions of interest. Top-hat filter has a form of a rectangular pulse function and performs nearest-neighbour filtering.
However, in practice, the top-hat filter returns unsatisfactory results when there are partial occlusions due to shadows or extreme lighting conditions. Furthermore, the filter’s
response is sensitive to parameters tuning.
Alternatively, MSER detector finds a connected region
that has pixels inside it brighter or darker that the pixels
on its boundary making MSERs stable across illumination
and viewpoint changes. Consequently, in this work, we use
MSER to detect regions of interest. Presumably, the MSER
works the best if it searches for dark regions on a bright
background, or bright regions on a dark background. Therefore, we propose to create a pair of images which are most
suitable for MSER detector from the bird’s-eye view image
and its corresponding edge map (see Figure 2). Let us denote the edge map as Iedge and bird’s-eye view image as
Itop . Hence, the pair of images is created in the following
way:
Ibd = Itop − Iedge ,
(1)

set of actions on each of two images in the pair, therefore,
all subsequent processing can be run in parallel without increasing the computational complexity of the algorithm.
Through many experiments the image pair creation has
demonstrated superior performance compared to directly
processing the original image Itop with the MSER detector due to detection of multiple region proposals from both
images in the pair. At this stage road markings are emphasized, and only unquestionably stable regions are kept while
unconfident MSER regions are rejected. More specifically,
the parameters of the MSER detector can be set in a way
that it only detects the most stable regions. Stable regions
are very similar in size over varying intensity thresholds.
3.3.2

Effective removal of false responses

The second property gives us another valuable information
which can be used to filter out inappropriate road marking
region proposals. In particular, the following constraints
were imposed on every region:
1. The ratio between the filled pixel area of the proposed MSER region and its Minimum Area Rectangle (MAR). This constraint eliminates regions which
are barely filled but have a large MAR. An example of
such region can be a curved lane line marking.
width
2. Aspect ratio of the MAR region is defined as height
of
the every proposed road marking candidate. This ensures the regions to have a relevant rectangular shape.

3. Width range of the region proposals. It is defined as a
percentage of the lane width.

(2)

4. Height range of the region proposals. It is defined as a
percentage of the height of the image Itop .

where Ibd is the image of road markings being brighter than
the surrounding area, and Idb image results in the dark-onbright image. From this point we perform the exact same

While this part of the algorithm is not crucial for the
overall true positive detection and recognition performance
(the proposed algorithm would produce comparable results

Idb = (1 − Iedge ) − Itop ,

Table 1. Features for reduction of candidates
Feature
Min. value Max. value
1. Ratio of filled area to MAR
0.1
0.95
2. Aspect Ratio of MAR
0.1
10
3. Width
0.033
0.98
4. Height
0.02
0.4

without this property), it plays a significant role in removing false region proposals and, consequently, decreases the
processing time of the whole algorithm. The values of these
contraints are summarized in Table 1.
3.3.3

Merging of region proposals

The third property provides us with the insight on how to
merge region proposals together. We can observe that some
of the symbol-based road markings consist of several compounds. While some of the research works combine the
region proposals into a joint region by defining grouping
constraints [9], and others treat every possible detected region individually [11, 22], we propose an elegant solution
to tackle this challenge.
In particular, we use a revised Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) developed by Tran et al. [19]. Originally, DBSCAN is a clustering algorithm that makes clusters from samples of high density after the radius ε of the neighborhood where the search
is performed and the minimum number of points in the cluster minP ts are specified. This algorithm accomplishes it
by picking an arbitrary point in the dataset and recursively
expanding the current cluster which is subject to a minimum
number of points minP ts constraint by adding more points
which lie within a distance ε from originally selected point.
Eventually, when the algorithm runs out of points to add
to the cluster, a new arbitrary point is selected and the process is repeated. However, the algorithm becomes unstable
when detecting border points of adjacent clusters. The work
described in [19] solves this issue and demonstrates robust
performance for data with adjacent clusters. This makes
density-based clustering an effective fit to accomplish the
grouping of regions which lie close to each other and possibly belong to the same class. The clustering algorithm is
applied to the center coordinates of every road marking region proposals after filtering out inappropriate regions. The
use of density-based clustering eliminates the need for treating each region separately and merging regions together by
relying on the empirically determined constraints.

4. Road marking recognition
After ROIs are extracted, we want to classify every region as a specific road marking. Due to a limited number of
road marking training data, heavy regularization is needed
in case of AlexNet or VGGNet to tackle the overfitting. In

order to overcome this issue, we have tested three methods for classification which do not undergo severe overfitting due to their relative “shalowness”: PCANet+SVM,
PCANet+Logistic Regression, and a Shallow CNN.

4.1. PCANet and SVM
The PCANet+SVM classification method [2] is composed of the PCANet and a one-versus-all SVM. PCANet
resembles the convolutional neural networks, except that
convolutional filters are replaced by PCA filters, the nonlinear layer is the binary hashing, and the pooling layer is
the block-wise histogram of the decimal values of the binary vectors. The feature vector obtained from the PCANet
is fed to the SVM which performs final classification.
Since we process a pair of images in parallel, after the final classification stage, we need to merge regions obtained
from each image in the pair. The easiest method to merge
regions together is to check overlapping area and merge
them together by comparing their class score. We compare box i from the first image and box j from the second image and use common bounding box overlap measure:
area(Bi ∩Bj )
th
and jth bounding box
area(Bi ∪Bj ) where Bi and Bj is i
from first and second image in the pair, respectively. Subsequently, regions are merged together if the overlap is greater
than 70%. Otherwise, no action is taken. Important to note,
while this implementation marginally increases computational complexity, it most certainly does not produce false
positives, since overlap measure takes care of this issue.
Unfortunately, during the classification stage, the SVM
classifier only returns decision boundary values rather than
class specific scores. This results in a biased label assignment during the merging stage since the merging rule is
challenging to define. In order to eliminate this bias, we
have incorporated methods [16] which provides a simple
approach to derive probabilities which are equivalent to the
confidence value of a specific class by training the parameters of an additional sigmoid function to map the SVM
outputs into probabilities. The class label of the merged
region is then assigned by comparing the scores of the specific overlapping regions. Finally, the label with the higher
probability is assigned.

4.2. PCANet and Logistic Regression
While PCANet and SVM with a calibrated posterior
probability described in Section 4.1 achieves competitive
results, the probabilities derived from training additional
sigmoid function provide an approximation and often does
not guarantee reliable confidence in the region classification. For instance, the region might be classified as a road
marking using the boundary decision values from the SVM,
while the confidence probability value might be as low as
45%.

Figure 3. Shallow CNN for road markings recognition

To cope with this limitation, a modified road marking recognition approach is proposed. It is composed of
PCANet and Logistic Regression with an iterative road
marking recognition confidence assurance. Similarly to the
previous method, PCANet is used while SVM is replaced
with Logistic Regression. This enables us to interpret probability values as the confidence score of the region recognition. Precisely, if the probability of the region to belong to
the specific class is ≥ 95%, the region is considered as confident and added to the final results. On the other hand, if the
probability is < 95%, then two further regions are created
from the current ROI: the first region is increased by 10% in
size, while the second one is decreased by 10%. Newly created regions are iteratively fed to the classification network
until the recognition of the region is considered confident
enough.

4.3. Shallow CNN
Alternatively, we propose a shallow Convolutional Neural Network for road marking classification (see Figure 3).
The network is composed of only 1 convolutional layer, 1
max pooling layer, and 3 fully connected layers. ReLU is
used as the activation function in all layers except the last
fully connected layer, where Softmax is used to generate
class scores.
Shallow CNN is chosen instead of more complicated and
deeper networks for classification because road markings
are usually simple objects which do not require high-level
features in order to be correctly classified. Moreover, simpler architecture decreases chances of overfitting the data.
During the feedforward stage, the class scores are obtained and further region merging is performed as in the
PCANet+Logistic Regression method mentioned earlier.

5. Experiments and results
We have tested the proposed algorithms using the road
marking dataset provided by Tao et al. [22] which is composed of 1443 road images containing road markings manually labeled into 11 classes:
• 9 classes for distinct road markings
• 1 class combining road markings lacking enough instances to be trained on

Figure 4. Example of negative images used for classifier training.
Please note that flipped left turn arrow is a negative example since
it is located on the opposite side of the road.

• 1 class is the “NULL” class which represents negative
images which do not belong to any class
The pixel resolution of the images in the dataset is
800×600. However, after the IPM the resolution might become unreasonably large, therefore, the IPM image resizing is considered. In our case, the IPM image resolution is
2500×3000, and it is downsampled by a factor of 5 to the
size of 500×600 in order to reduce a computational time.
The parameters of the bilateral filter are emperically chosen to be σs = 5, σr = 40, where σs is the width of spatial
Gaussian, and σr is the width of range Gaussian.
Due to proposed image preprocessing, the parameters
of the MSER detector can be set in a way that it only detects the most stable regions. Experimentally, we found
the parameters of the MSER detector to be the following:
δ = 4 and maximum area variation between extremal regions equals to 0.25.
To ensure optimal performance, two parameters need to
be specified in the clustering algorithm: the radius ε of the
neighborhood where the search is performed, and the minimum number of points in the cluster minP ts. ε = 25 pixels is chosen to be the half the width of the lane (50 pixels),
while minP ts = 1 since the smallest number of rectangles
needed to include a single road marking is one.
In our experiments the PCA network is composed of 2
stages, with 8 PCA filters in each stage applied to image
patches of 7×7. Histogram block size is chosen to be 7×7.
Every single input RoI obtained from the region detection
step is resized to be 38×23.
For the experiments with shallow CNN, we apply
stochastic gradient descent with an initial learning rate of
0.01 and decrease it by a factor of 2 after every epoch. We
use the momentum of 0.95 and the weight decay 0.0005.

Batch size: 50. Since region proposals from road marking
detection stage come at an arbitrary size ( decided by the
size of the minimum area rectangle that is needed to contain the detected road marking region) and a shallow CNN
requires fixed size input every single input ROI is manually
resized to be 38×38 with bilinear interpolation. No extra
input image preprocessing is performed. The weights of all
convolutional layers are initialized with Gaussian distribution with standard deviation as 0.001.
The dataset is trained on the randomly sampled 60% of
the images while remaining 40% of the images are used for
the testing. The negative images for the “NULL” class are
created by randomly cropping regions from the training images, and corrected by human interference in order to ensure
that no images from the other classes belong to the negative
class. The example of negative images can be observed in
Figure 4.
Table 2 shows the performance comparison with the
baseline methods on the same dataset. The accuracy is determined by recall measure.
Table 2. Road Marking Detection and Recognition Results
Method
PCANet+SVM
PCANet+Logistic Regression
Shallow CNN
Baseline1 [22]
Baseline2 [4]

Classifier Accuracy
99.1%
98.9%
94.7%
96.8%

Detection and
Recognition Accuracy
92.4%
93.1%
90.8%
90.1%
-

Our method demonstrates better road marking detection
and recognition accuracy than any other baseline method. It
is noticeable that our PCANet+SVM method demonstrates
higher classification accuracy upon training than [4] method
which uses similar classification network. The reason for
this lies in the essence of data that was used for training.
Specifically, we use the bird’s-eye view image to get the
road marking for training, which results in a very clean rectangular shape region with no redundant information like
lane segment, or other road marking segment. While [4]
uses a crop region from the original image from the onboard
camera that often contains redundant information irrelevant
to the road marking classification. Furthermore, each of
our proposed methods achieves higher detection and recognition accuracy than [22]. This proves that the proposed
framework with machine learning techniques is more fit to
such task than hand-crafted features as introduced before.
Interesting to note, even though PCANet+SVM method
shows better classifier accuracy upon training compared to
other methods, PCANet+Logistic Regression method performs better during the detection and recognition test. It
reassures the claim that the probability of an object to belong to a specific class that is derived from SVM decision
boundaries, is not necessarily confident. Instead, using logistic regression with the proposed iterative region confi-

Table 3. The recognition confusion matrix of all road markings
35
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RAIL

40
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RIGHTTURN
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94.1

NULL
5.9
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97.6
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2.4
89.5

5.3
83.3

5.3
16.7

97.7

0.3
90

2
10

82.1

17.9
68.9

31.1

dence assurance ensures that only the most appropriate regions remain.
The confusion matrix of all the detected road marking
results computed using our PCANet+Logistic Regression is
displayed in Table 3. The cell at the ith row and the jth
column gives the percentage that the ith sample is recognized as jth . It shows that overall performance is high except for the “OTHERS” class which is composed of various
road markings with an insufficient number of instances for
the training as an individual class. We believe that “OTHERS” class recognition accuracy is relatively lower than
other classes because the classification algorithm could not
extract proper features to represent all of the road markings
within this class. Interestingly, we have performed a road
marking detection and recognition test without “OTHER”
class and achieved a true positive rate (i.e. recall) of 95.1%.
Visual results of our road marking detection and recognition are undoubtedly reassuring and can be observed in
Figure 5. Currently, our algorithm is sensitive to occlusion
by vehicles on the road, since the information is not enough
to provide consistent classification score. Additionally, the
algorithm fails when the road markings are merged with the
lane segment, due to human error during the road marking
painting process. This happens because the MSER feature
detector extracts true road markings together with a lane
segment into one region since they appear to be connected.

6. Conclusion
In this paper, we presented a robust approach for road
marking detection and recognition. The proposed algorithm
is proven to be robust to various common challenges like
an extreme variation in lighting conditions and shadowing,
while it generalizes well to any new road markings that
are needed to be introduced. Recapping the contribution,
the proposed framework takes a single image and creates a
pair of images to increase the robustness of the detection.
Furthermore, density-based clustering is used to group regions lying closely together in a single road marking region.
Lastly, various machine learning techniques with interactive
region confidence assurance have been successfully applied
and tested. Region classification is done without prior differentiation into a symbol- and text-based road markings.
We have demonstrated the effectiveness of our algorithm by testing it on the publicly available road marking
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Figure 5. Examples of various road marking detection and recognition results colored with red box. (a) Successful results on the general
dataset. (b) Successful results on the dataset under following challenging conditions: shadow, saturation, erased road mark, small size, and
perspective distortion. (c) Failure cases originated by occlusion or strong shadow conditions.

dataset [22] and showed that our method compares favorably to existing baselines. While our approach does not use
prior information about road and lane location, the accuracy and processing speed can be greatly improved if such
information is provided. Furthermore, our approach can
be integrated easily to ADAS and ADS systems and, hopefully, can facilitate the development and performance of autonomous vehicles.
Encouraging results of the proposed method open up
new opportunities to explore and improve road markings
detection and recognition. In the future work, we will detect and recognize road markings purely based on convolutional neural network applied to the front-view image from
the camera on the vehicle.
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