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Abstract—Lane detection is an important process in 

autonomous vehicle systems. Noise in the image, such as object 

shadows and terminating lane lines, make lane detection 

difficult.  This study proposes a Convolutional Neural Network 

architecture with a dimension reduction method that has not 

been used before in lane detection. The proposed method has 

been tested with the open-source TuSimple dataset. The results 

showed that the proposed Fast-Independent Component 

Analysis based model training improved performance in lane 

detection and reduced the mean percent error by 42.2%. 

 
Index Terms—Autonomous vehicles; Deep learning; 

Independent component analysis; Lane detection. 

I. INTRODUCTION 

The main reasons for traffic accidents are driver-related 

faults and failure to pay attention to traffic rules. Functions 

in advanced driver assistance systems help prevent driver 

error of accidents and reduce the impact and cost of the 
accident. One of the most important functions is the lane 

tracking system, which allows the vehicle to move forward 

and change lanes safely. At this point, many traditional 

computer vision techniques have been used for lane 

detection, and studies have been carried out to transform 

data from devices such as sensors and cameras into 
meaningful results. Studies have provided successful results 

for lane detection, but there have been problems requiring 

manual correction to set parameters when the scenario has 

changed. With the development of computer hardware in 

recent years, deep learning-based studies have started to be 

used in lane detection [1]. More successful results were 

obtained by reducing the need for parameter adjustment. 
There are three essential stages in machine vision when 

lane detection is performed with Convolutional Neural 
Networks: image preprocessing, feature extraction, and 
model extraction.  Image preprocessing is one of the 
essential methods of lane detection. Images may contain 
undesirable factors such as noise, shadows, or inconsistent 
lighting. With preprocessing, noise is removed and features 
are enhanced, increasing success in the following steps. 

In deep learning, overfitting may occur while training the 
model. In this case, the model performs well on the training 
data and poorly on the test data. Predictive models have a 
variable factor called a feature. As the number of features 
increases, working on the dataset becomes more 
challenging.  The presence  of irrelevant  features in the data  
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can reduce the accuracy of the models. For this, basic 
features are obtained from the dataset using dimension 
reduction methods [2].  

The PCA and ICA methods, which are often used for 
dimension reduction, appear to be related but have different 
functions. PCA usually compresses the information. ICA 
transforms the input into an independent basis to separate 
the information [3]. In some machine vision studies, the ICA 
method performed better than PCA and higher recognition 
rates were obtained [4], [5].  

In this paper, we propose a CNN-based model using the 
dimension reduction method Fast-ICA and the data 
augmentation method to detect the lane. We used the 
popular CNN architecture AlexNet to compare their 
performance in lane detection.  

This paper is organized as follows: In the second part, 
CNN components are given and the CNN architecture used 
in the study is explained. In the third section, the dataset and 
experimental work steps are presented. Then the results 
were compared.  

II. RELATED WORKS 

While detecting lanes with traditional methods, lanes 
were modeled geometrically using a gradient, color, and 
texture features. Selver et al. applied the Gabor filter to the 
images taken from the videos in the preprocessing stage for 
lane detection and removed unwanted gaps by applying 
morphological operations [6]. In another study, 
Homayounfar et al. performed pattern matching to detect 
lane candidates, then color clustering to remove lanes using 
a multilayer detector [7]. Another frequently used method 
for lane tracking is the Kalman filter [8-10]. Kalman filter 
helps to predict the position value of the lanes and gives 
accurate results in predicting the position and curvature of 
the lanes. One frequently used method for estimating 
multiple lanes is the particle filter [11]. Loos et al. showed 
that using the Kalman filter and particular filter together 
gives better results in cases where there is more than one 
lane [12]. 

Due to the success of deep learning in computer vision, 
many studies on lane detection have been proposed. Kim 
and Park performed lane detection with the transfer learning 
method. The authors built an end-to-end encoder-decoder 
network based on pre-trained ImageNet for road scene 
object segmentation [13]. Neven et al. performed a 
segmentation study that detects lanes using the LaneNet 
network built on the Segnet [14]. In another study, semi-
artificial images were produced using CNN architecture and 
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lane detection was performed [15]. Li et al. using CNN and 
RNN together, the road image was first divided into a series 
of continuous slices, then the feature was extracted using a 
convolutional neural network [16]. The recurrent neural 
network was used to detect the lane from the obtained 
features. Using CNN and RNN together, the authors 
achieved better results than using CNN alone. Ghaforyan et 
al. studied lane predictions and evaluation from input 
images for semantic segmentation using the EL-GAN 
method [17].  The training dataset consists of real data and 
synthesized data. For lane detection, the CNN model was 
applied without pre-processing and post-processing [18]. 
Lee et al. used VPGNet architecture for lane detection. The 
authors tried to identify the lanes in harsh weather and 
lighting conditions with the created architecture. In the 
proposed study, lane and road signs were defined and 
classified, and in addition, the vanishing point was estimated 
[19]. Haris and Glowacz used object feature distillation for 
lane detection. The method was tested with different deep 
learning models on the CuLane dataset. The approach 
performed better on the F1 Measure of success relative to 
the methods compared [20]. Chen and Xiang proposed a 
new network for lane detection that takes pre-aligned 
multiple successive frames as input. Their aim in the study 
is to improve performance in different scenarios such as 
shadow and lane marking degradation. Experiments show 
that the proposed method improves lane detection when 
tested on the TuSimple and ApolloScape dataset [21]. In 
[22], CNN-Encoder-Decoder Network, CNN Encoder-
Decoder network with the application of Dropout layers and 
CNN Encoder-LSTM-Decoder network were used for lane 
detection. The results showed that the hybrid Encoder-
LSTM-Decoder network performs better than other 
networks. The open-source TuSimple dataset was trained on 
the CNN model in another lane detection study. In the study, 
they determined the lane classes and performed clustering 
and classification at the same time [23]. Lee et al. proposed 
a lightweight and fast model. They used the TuSimple 
dataset to test their model. The results obtained showed that 
their model adapted successfully to recent technology [24].  
PCA, the dimension reduction method, improves the lane 
detection results [25]-[26].  

In this study, the effect of the Fast-ICA method, 
which is one of the popular ICA methods that have not been 
used before, on the success rate of lane detection was 
investigated.  

III. METHOD 

A. Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNN), one of the deep 
learning methods, is an artificial neural network that gives 
successful results in analyzing images. CNN's require 
minimal preprocessing. A separate process is carried out in 
each layer of the convolutional neural network, which has a 
multi-layered structure, and data is transferred to the next 
layer. Traditional CNN architecture consists of five main 
layers. These are Input Layer, Convolution Layer, Pooling 
Layer, Fully Connected Layer and Output Layer. The 
operations performed by the neural network differ according 
to the type of input data. 

AlexNet is one of the popular CNN architectures. A deep 
learning algorithm was proposed by Alex Krishevsky, Ilya 
Sutskever, and Geoffrey Hinton [27]. This deep 

convolutional neural network consists of 25 layers, five 
convolution layers, three maxpooling layers, two dropout 
layers, three fully connected layers (dense), seven relu 
layers, two normalization layers, and a softmax, input and 
classification (output) layer. The image that will take place 
in the input layer is 224x224x3. It is a deep learning 
algorithm with an accuracy rate of 80% in the ImageNet 
database. 

B. Fast-Independent Component Analysis (Fast-ICA) 

Independent Component Analysis (ICA) is a statistical 
method that expresses multivariate data as a linear 
combination of independent components. Independent 
component analysis was first introduced by Herault et al. in 
a study to develop a simplified model of the motion in 
muscle contraction [28]. Today's independent component 
analysis has many applications in various disciplines such as 
image processing, brain tomography, communication, 
finance, and seismology [29]. 

Fast-ICA has been named "Fast" ICA as it has fast 
convergence capability, which means faster estimation and 
improvement of individual components [30]. Fast-ICA 
algorithm, which is one of the popular methods of ICA, is 
simple and gives good results in many applications with its 
convergence speed [31]-[32]. The symmetric version of 
some of the features in the FastICA algorithm is also shared 
[33]. 

ICA is closely related to multivariate methods such as 
principal component analysis (PCA), factor analysis (FA), 
and minimum/maximum autocorrelation factors (MAF) 
analysis. While PCA, FA and MAF produce unrelated and 
normally distributed factors, ICA produces independent and 
at the same time non-normally distributed factors [34]. 
Independence is a much stronger trait than dissociation. 
Therefore, while second-order statistics such as covariance 
and variogram are used to find unrelated factors, higher-
order statistics are needed to estimate factors with ICA. 
Another difference between ICA and other multivariate 
methods is interpreting the obtained factors. In ICA, 
components are not ordered by size. In other words, there is 
no wrong or good component. Secondly, the produced 
components do not change according to the sign of the 
source. For example, a white letter on a black background is 
the same as a black letter on a white background in image 
processing [35]. 

IV. EXPERIMENTS 

A. Dataset 

The open-source TuSimple dataset was used in the study 
[36]. The resolution of the images in this dataset is 
1280x720. Some images of the dataset are shown in Fig. 1. 

High resolution increases the computational cost and 
makes it difficult to render on the network. That is why we 
reduced the size of the original images to 128x128. A set of 
pixel coordinates (x,y) was created as a tag for each image 
to label the images. While training, the images were 
separated as 2604 for training, 720 for validation, 300 for 
tests. 

New versions of images were created with the data 

augmentation method. That helps generalize the model's 

training data to images rather than appearing in a specific 

way. Images were randomly rotated, width-height shifted 

and zoomed during data augmentation. In this way, the 
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number of images in the training dataset increased to 5104. 

The images after the data augmentation process are shown 

in Fig. 2.

Fig. 1.  Sample images from TuSimple dataset.

(a) (b)
(c

)

(d) (e) (f)

Fig. 2.  Some images after the data augmentation process. Original image 
(a) and images created with data augmentation (b, c, d, e, f).

Fig. 3.  Some images after Fast-ICA process.

Feature extraction was performed before the CNN training 
by applying Fast-ICA with a component value of 50. Some 
images of the dataset after applying Fast-ICA are shown in 
Fig. 3.

B. Training the Network

AlexNet, the popular CNN architecture, was used in the 

study. Adam optimizer and mean square error (MSE) loss 

function was used in the designed network. The epoch value 

was set to 100 and the batch size was set to 32. The 

generated datasets were trained separately. The loss function 
graphs obtained from the training are shown in Fig. 4.

C. Evaluation Metric

After the training phase, the model was evaluated and 

measured mean percent error (MPE). MPE is the average 

percentage of the difference between the model's predicted 
and actual values.

,

where at is the actual value, is the estimated value, and n

is the number of different times the variable is estimated.

V. EXPERIMENTAL RESULTS

The TuSimple dataset was trained on the network 
designed based on AlexNet. The performance of this model 
was calculated with the MPE metric for the test images. 
First, the 128x128 size dataset (original dataset) was trained. 
Training the original dataset yielded an MPE of 6.25%. 
Then, the data augmentation process was applied and the 
results were compared. Data augmentation did not improve 
the performance. MPE was increased by 10.5%, which was 
an unwanted result. Then, the recorded dataset was trained 
by applying the Fast-ICA method, and an MPE result of 
3.61% was obtained, which is a 42.2% improvement. 
Finally, it was trained by applying the data augmentation 
method and the Fast-ICA method. Using the two methods 
together gave 5.8% result. Fast-ICA method alone yielded 
better results. MPE results are shown in Table I.

TABLE I. COMPARISON OF MPE RESULTS.

Data MPE

Original Data 6.247326

Augmented Data 6.906771

Fast-ICA Data 3.611743

Augmented + Fast-ICA Data 5.797020

The experimental results of the FICA method, which we 
applied to the original dataset that gave the best results, are 
shown in Fig. 5. The green and red points represent the 
ground truth and the predicted lane points. As it can be seen, 
they match with the lanes accurately.

TABLE II. COMPARISON OF DETECTION ACCURACY (%) 
BETWEEN PROPOSED METHOD AND PAPER [1].

Techniques Accuracy References and Year

Data Augmentation + 
AlexNet

85% Ekşi and Gökmen [1]

Fast-ICA + AlexNet 96% This Work

The proposed method was compared with another study 
using the same dataset and model [1]. In the other study, 
data augmentation was applied before the training. When the 
results were compared, it was seen that the proposed method 
gave better results than the other study. The comparison of 
the results is shown in Table II.

(1)
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Fig. 4.  AlexNet training loss function changes. 

  

  

Fig. 5.  CNN outputs for lane detection by the process of Fast-ICA. 

VI. DISCUSSION 

In this study we present and evaluate the performance of 

Fast-ICA and data augmentation methods on lane detection.  
The above methods were applied on the TuSimple dataset. 
The resultant dataset after the application of two methods on 
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the TuSimple dataset were then trained using AlexNet. 
Experiments on the dataset show that the proposed Fast-ICA 
method can improve lane detection. [1] obtained 85% using 
data augmentation whereas we obtained 96% using our 
proposed method. When the proposed method (Fast-ICA) is 
tested, lanes are successfully detected even among images 
with shadows. However, there is room for improvement. For 
example, images taken in different weather conditions and 
or recorded at night were not analyzed. Different situations 
can be used in training by adding various scenarios to the 
dataset. 

VII. CONCLUSION 

Accurately detecting lanes under some conditions such as 
presence of extra lighting and shadows is challenging. It is 
therefore essential to extract information from limited lane 
visuals. In this study, we improve lane detection using Fast-
ICA, which transforms the input into an independent basis 
for separating information as a dimension reduction method. 
We evaluated the method's performance using the AlexNet 
model on the TuSimple dataset. It was observed that the 
Fast-ICA method gave 42.2% better results than the data 
augmentation method. Although data augmentation in 
conjunction Fast-ICA method improved the final result, they 
did not give better results than those obtained using Fast-
ICA alone. As a result, it is seen that the Fast-ICA method 
gives better results compared to the data augmentation 
method and improves the performance in lane detection 
when compared with the original dataset results. Using the 
proposed approach, 96% accuracy was achieved. 

In the future, it is planned to perform real-time lane 
detection and tracking using a dimension reduction-based 
CNN architecture on an autonomous vehicle with an 
embedded computer such as NVIDIA Xavier NX. 
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