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Abstract 

The detection identification of the lane line is an important part of automatic driving and 
advanced driving assistance. It is well known that the computer is not as simple as 
human beings for the identification of lane lines. Although there are many lane detection 
processing methods based on traditional computer vision. However, these processing 
methods are not ideal in the state of road conditions or poor illumination conditions. 
This paper discusses a method of detecting recognition based on deep learning. A 
convolutional neural network (CNN) is used, a neural network that is good at processing 
image data. The idea of the project is to make the network with the ability to calculate 
the road polynomial coefficient, and use these coefficients to predict the lane cable. 
Finally, draw the current driving lane based on the predicted road line. This is similar to 
a regression problem. And use average variance to narrow the loss of training. After the 
final experiment, the model of this paper has a good performance in complex 
circumstances, combining time-effective, high accuracy, and high robustness. 
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1. Introduction 

1.1 Research background and significance 

In today's society, cars are no longer a luxury that is difficult for ordinary people to reach as they 

were when they were first invented. They have become the most important means of transportation 

for people to travel. As of the end of 2018 , the number of cars in China has reached an astonishing 

240 million. Such a huge inventory has brought about problems such as traffic accidents and traffic 

congestion. According to a study by the World Health Organization (WHO), about 1.25 million 

people die in traffic accidents worldwide each year . The occurrence of traffic accidents will bring a 

huge blow to individuals or families. The light ones are physically traumatized due to traffic accidents, 

and the severe ones are permanently disabled due to traffic accidents and lose the ability to work, and 

even lose their lives due to traffic accidents. The occurrence of traffic accidents is something that no 

one wants to see (1). 

According to a survey conducted by the American Automobile Traffic Safety Foundation: In all 

traffic accidents, the proportion of the total caused by the driver's fatigue driving reached 21% . After 

a long time of driving, people's physiological functions and mental functions will inevitably decline. 

According to research, human attention span is roughly distributed between 20 and 90 minutes. After 

long driving, people will appear unconsciously. Actions such as yawning and being in a daze will 

inevitably increase the probability of danger. 

While the possibility of traffic accidents is increasing, the problem of traffic congestion brought about 

by the continuous growth of car ownership should not be ignored. The increase in traffic flow has 

brought tremendous pressure to the urban traffic management system, especially during peak hours, 

when people intensively drive and travel, causing a surge of traffic on urban roads. Due to the 

independence of each individual, it is difficult to effectively control the traffic flow; in such a peak, 
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so many vehicles are prone to traffic accidents. If an accident occurs, it will undoubtedly make the 

already congested road environment worse. Road congestion will undoubtedly bring economic losses 

to society. Take Beijing as an example. According to research, the average annual economic loss 

caused by traffic jams in Beijing, China is nearly RMB 10,000. 

As an emerging technology, unmanned driving technology makes it possible to solve the above-

mentioned problems. As we all know, the work efficiency of computers will not change significantly 

over time, and the effective management of driverless cars through big data is also a major solution 

to future traffic congestion. Among them, lane line detection and recognition is an important part of 

unmanned driving technology. The computer knows the current lane and keeps it is the first step in 

driverless technology. This shows that vehicle IT recognition has far-reaching significance for road 

safety and future urban development (2). 

1.2 Current research status at home and abroad 

For the detection and recognition of lane lines, the current research directions are roughly divided 

into three categories. They are: lane line detection technology based on traditional computer vision, 

model-based lane line detection and recognition, and lane line detection and recognition based on 

deep learning. 

1.2.1 A conventional lane detection technique 

The traditional lane detection based on computer vision is a widely used solution, and the technology 

is becoming more mature. The solution mainly relies on sensors and corresponding control modules 

to detect the real-time texture and other information of the scanned vehicle driving road, and use 

traditional image processing methods such as threshold segmentation to analyze the road information 

(3). Make the vehicle have a certain perception of its surrounding environment. However, traditional 

lane recognition has poor reliability in complex road conditions, such as poor light and road 

congestion, and cannot meet the requirements of automatic driving for detection accuracy. 

1.2.2 Lane line detection based on model 

The subsequent development is model-based lane line detection. The main idea is to abstract the 

detection of lane lines into a problem of geometrically solving parameters. By processing the road 

image information collected by the sensor, common processing methods include RANSAC algorithm, 

Hough transform, least dichotomy, etc. Determine the road model to be used. Such methods usually 

have good real-time performance and relatively strong anti-interference ability. 

1.2.3 Lane line detection based on deep learning 

In recent years, the development and growth of lane line detection and recognition based on deep 

learning, and lane line detection and recognition based on deep learning have good performance in 

complex road conditions. Through deep learning, the computer can finally accurately determine the 

position of the lane line on each road. An excellent neural network can make the final result infinitely 

close to human judgment. The specific deep learning lane line detection and recognition will be 

explained in detail in Chapter 2. 

1.3 Research content and structure arrangement of this project 

The project is a lane line detection and recognition program based on deep learning. The overall 

configuration environment is shown in Table 1: 

 

Table 1. T: Operating environment of item I" 

Environment name Version number 

Python 3.7.1 

TensorFlow 1.13.1 

Numpy 1.15.4 

OpenCV 3.4.1 

Matpoltlib 3.0.2 

Keras 2.2.4 

Scipy 1.1.0 
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The overall arrangement is introduced in the first chapter of the meaning of lane line detection and 

the current development status of lane line detection at home and abroad. In the second chapter of the 

paper, we will introduce the principles of convolutional neural networks and explain in detail the 

principles and applications of convolutional neural networks used in this project. In the third chapter, 

it mainly discusses the collection and processing of the data set needed to train your own neural 

network, and at the same time writes a visual analysis method for the output of each layer of the 

neural network. At the same time, there is also the use of Tensorboard to monitor and improve the 

analysis of the learning process. In the fourth chapter, it is mainly a detailed analysis of the operating 

results, as well as possible external improvement directions. The last part is the general section and 

outlook of the project. 

2. Convolutional neural network and the principle of lane detection 

2.1 Convolutional Neural Network 

Convolutional neural network is a kind of artificial neural network that has gradually emerged in 

recent years. Since the Japanese scholar Fukushima proposed the concept of neural network in 1979 , 

convolutional neural network has been on the stage of history (4). Then LeCun in 1989 first used the 

"convolution" One word to describe the neural network architecture, convolution neural network, 

hence the name. And in the 10 years after 1998 years, the prototype of the modern neural network of 

eleven LeNet is LeCun proposed and others, and in 2012 was in Krizhevsky optimization 

improvements (5) et al. Convolutional neural networks can give better test results than traditional 

neural networks in language processing and image processing. 

2.1.1 Advantage convolution neural network 

Convolutional neural networks are different from traditional neural networks. Convolutional neural 

networks use fewer parameters than traditional neural networks. At the same time, the network is no 

longer limited to processing the input of a single pixel of the picture, but divides the input picture into 

Different input areas are processed for pixel areas. The realization of these functions mainly relies on 

the characteristics of convolution calculation that can realize the sharing of calculation parameters. 

After the traditional neural network outputs each layer, the weight value used in this layer will be 

directly discarded. In the convolutional neural network, when the convolution kernels with the same 

parameters act on the overlapping area of the image, their calculation parameters are shared, which 

can omit a large number of repeated calculations, which greatly improves the efficiency of the 

network. And this approach also strengthens the continuity of image information, so that the analysis 

of the neural network is no longer limited to each pixel, but graphics. This deepens the neural 

network's understanding of pictures. 

2.1.2 The structure of a convolutional neural network 

A series of neural layers constitute a familiar neural network, and each neural layer is composed of 

multiple neurons. The structure of a convolutional neural network generally consists of the initial 

input layer as the first layer of the network, followed by the convolutional layer and the excitation 

layer and the corresponding pooling layer added after the convolutional layer to optimize the final 

result, and sometimes Each convolutional layer will use the Dropout strategy to improve the 

efficiency of neural network learning, and the final one is usually composed of a fully connected layer 

and a classifier. 

The first introduction is the convolution layer. Convolution in the traditional mathematical sense is a 

weighted superposition of one function on another function. Its mathematical expression is as formula 

1, where /• and g are two different integrable functions involved in the convolution calculation on R, 

and at the same time g satisfies: £<0, g=0. 

                        (1) 

For digital signal processing, that is, discrete environment processing, there are formula 2: 
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                          (2) 

The main effect of convolution in the above discrete environment is filtering. In the image processing 

neighborhood, the convolution calculation is transformed into a form that can be calculated under 

two-dimensional discrete conditions. This is because the image is composed of pixel points, and the 

essence of the pixels is actually a discrete number. The following convolution formulas exist in this 

state: 

                        (3) 

The convolutional layer is a unique structure of the convolutional neural network that is different from 

the general neural network. The convolutional layer can realize the feature extraction of the image or 

the improvement of the dimensionality. Generally, a convolutional neural network consists of several 

convolutional layers, and each convolutional layer generally corresponds to a pooling layer. The final 

output result enters the fully connected layer and the classifier. 

Taking convolutional neural network processing pictures as an example, the input picture generally 

consists of three parameters, namely: length, width and color parameters. If the input is a black and 

white photo, the color parameter is 1. If the image is a color photo, there will be three colors of red, 

green, and blue information. The color parameter for this is 3. The filter collects pixel blocks on the 

picture, that is, continuously performs this convolution calculation. After collecting all the 

information, it can be considered that the input picture should not be long and smaller, but with more 

color parameters. And the picture contains certain edge information, and then perform multiple 

convolutions in the same steps to continue to compress the long section in the picture, and the color 

parameters continue to increase, so the computer has a deeper understanding of the input picture. 

Finally, the final The information is embedded in the classification neural layer to complete the 

classification of the input picture. 

Since the lane line detection and recognition in this project can be regarded as a regression problem 

in the neural network, the work of the convolutional neural network is for edge recognition. Here is 

an example of convolution calculation for edge recognition: convolutional neural network usually 

exists A convolution kernel (kernel), which exists in the form of a two-dimensional array. The data 

in the convolution kernel refers to the weight of the convolution transformation. Different convolution 

calculations have different convolution kernels. The convolution kernel is the key to the convolution 

layer of the convolutional neural network. As shown in the figure below, a 3x3 filter is selected to 

perform convolution calculation on a 6X6 image. Through the knot 

 

 

Figure 1. Convolutional neural network edge recognition example 

 

But at the same time convolution calculation also has certain problems. The original 6X6 original 

image is transformed into a 4X4 size after convolution calculation, which means that the convolution 

calculation will reduce the resolution of the picture, causing the original image to lose some 

information. To solve this problem, a pooling layer was introduced. At the same time, it should be 

emphasized that the convolution calculation of the image is different from the convolution calculation 

in the mathematical sense. The calculation can be done directly, not necessarily through the inversion 

of the array. 
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Next is the activation function. The main function of the activation function is to make the neural 

network capable of modeling even under non-linear conditions. A neural network that loses its 

activation function will lose its non-linear learning and mapping ability. 

Common activation functions are Sigmoid function and ReLU function. The Sigmoid function is 

shown in formula 4: 

                             (4) 

Its main feature is the large amount of calculation. Compared with other activation functions, the 

gradient may disappear, which may lead to the failure of deep learning and training. 

The corresponding ReLU function is shown in formula 5: 

                               (5) 

Observing the formula of the function, it is not difficult to find that using this function as the activation 

function, when the input function is less than zero, the output is all zero, and in other cases the output 

is equal to the input. The advantage of this is that the efficiency of training is much faster than other 

activation functions, but the disadvantage is also obvious. If the learning rate parameter set during 

learning is too high, the entire network is prone to training saturation, that is After several learning 

cycles, the network cannot learn anything. 

The activation function selected in this project is the ReLU function. Compared with the network 

where the Sigmoid function is used as the activation function, ReLU does not have the problem of 

gradient disappearance. 

Other widely used activation functions include tanh function, SoftMax function and various improved 

functions based on them. It is necessary to select the corresponding activation function according to 

different projects. 

There is also a pooling layer. The main function of the pooling layer is to reduce the two-dimensional 

size (length and width) of the picture, improve the over-fitting of the result, and increase the 

computing speed to a certain extent. The principle adopted is to perform interval sampling on the 

two-dimensional array obtained by processing the input original picture pixels, and then splicing after 

the processing is completed. The spliced image can be compared with the original image and it can 

be found that the spliced image retains the original to a certain extent. The characteristics of the image. 

The pooling layer in the CNN convolutional neural network uses a window similar to the convolution 

kernel in the convolutional layer, the scientific name is Pooling Window, and there are two main 

parameters: f Is the filter, and s is the step size. The pooling window is different from the 

convolutional layer that needs to be calculated. The pooling window of the pooling layer only slides 

in the set area to simplify the calculation. The operation of the pooling layer mainly includes two 

methods: maximum pooling and average pooling. The main difference between the two methods is 

that the selected resample values are not the same. Respectively, the maximum value and the 

arithmetic average value in the calculation window of the pooling layer. Comparing the two different 

methods, it is not difficult to find that maximum pooling has the advantages of small memory, low 

re-sampling probability, and low image distortion. Therefore, maximum pooling is the most common 

method of pooling in image processing. 

The pooling calculation follows the following formula. For an input array with a length of φ, a width 

of (3), and % . For an input array of channels, the dimension of the output array can be calculated by 

the following formula 6: 

                          (6) 

At the same time, it is worth noting that the emerging hybrid pooling method has gradually emerged 

in recent years. This type of pooling method combines the characteristics of maximum pooling and 
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average pooling, and has the ability of self-learning. The typical representative of this type of pooling 

is: Mixed max-average pooling and Tree pooling. 

The last layer of a neural network is usually a fully connected layer. For example, the function of the 

semantics, the fully connected layer, is to map the multi-channel and small-volume feature pictures 

processed by the convolutional layer and the pooling layer into the one-dimensional space layer to 

realize the classification and induction of the pictures. Common classifiers such as Softmax are used 

in the famous LeNet-5 model. Figure 2 is a schematic diagram of a neural network fully connected 

layer [7]. 

 

Figure 2. Fully connected diagram 

 

2.1.3 Gradient descent algorithm 

A certain training strategy is required when training the model. The most widely used training strategy 

is the gradient descent algorithm. There are many gradient descent algorithms that can be directly 

called in the TensorFlow library. Each algorithm is suitable for different conditions and has its own 

unique characteristics. The following briefly introduces several common algorithms. 

Batch gradient descent algorithm (Batch Gradient Descent) is a common training policy, the basis of 

comparison is a training strategy. Compared with other training strategies, Batch Gradient Descent 

training is slow, and it tends to take up more memory when there are more samples. So it is not very 

commonly used. Small batch gradient descent algorithm (Mini-batch Gradient Descent) Tong is 

another common strategy, the core idea is the training sample is divided into several subsets, 

compared to 

The previously mentioned strategy has faster speed and much less memory usage. Gradient Descent 

with Momentum is another advanced strategy. Unlike the first two types of gradient descent, which 

have a fixed value, Gradient Descent with Momentum uses different gradient descent speeds at 

different stages according to different gradient descent rates, which can reduce oscillations at the 

same time. Increasing speed is a typical example of an excellent descent strategy. Finally, the strategy 

named Adamic is introduced , which is also the gradient descent strategy used in this project. Adam 

is an adaptive strategy, and its mathematical expressions are shown in formula 7: 

                           (7) 

Where dagger is the average value of the first-order moment, and yi is the estimate of the second-

order moment (variance). Fourth, rot is the decay rate. When the decay rate is very close to 1, that is, 

when the decay rate is very small, both bidding and Yi will infinitely approach 0. Therefore, the first-

order matrix and the second-order matrix can be corrected with formula 8: 

                                 (8) 
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Therefore, the final formula of Adam's strategy is formula 9: 

                            (9) 

Adam strategy has high learning efficiency. It is also for this reason that Adam is currently the most 

widely used strategy for deep learning . 

2.2 Lane line detection 

2.2.1 A traditional lane line detection 

First introduce a traditional lane line detection method. Through the comparison between traditional 

methods and deep learning methods, we can better discover the advantages of deep learning in 

recognizing lane lines. 

The Canny edge detection method is widely used in traditional lane line detection and recognition . 

The principle of this method is based on threshold filtering of the input picture, so that the picture 

processing becomes a form that the computer can identify the position pixel of the lane line. The 

specific steps are to first convert the input picture into a grayscale picture, and then use OpenCV to 

calculate the directional derivative of the picture in the X direction and the Y direction. According to 

this, setting an appropriate filter threshold can convert the picture into a binary image that can clearly 

identify the lane line. The final step is to use a curve to fit as much as possible to the lane identified 

by the computer. 

In order to improve the processing speed and accuracy, the input pictures need to be preprocessed. 

For the input picture, the most concerned part is the road surface information. The other information 

of the input picture is all interference items for the project. The reduction of interference items is 

obviously beneficial to the efficiency of the entire project. Therefore, the coordinates of the input 

picture can be changed to facilitate further processing. 

At the same time, it should be noted that there is a certain degree of lens distortion in the pictures 

taken by different camera equipment. The human eye may not be able to detect these differences, but 

these distortions have a great impact on the accuracy of computer output. Therefore, it will be 

necessary to correct the corresponding distortion of the input image. 

3. Model training and visualization 

For deep learning, the importance of data used in training is self-evident. To complete a neural 

network, most of the time will be spent on data processing and collection. The quality of the data will 

directly affect the quality of the final result. 

3.1 Training in the use of data sets 

Due to the design of unmanned driving technology as a commercial secret, the number of ready-made 

data sets on the Internet is scarce, and the large data sets that are currently open: 

- TuSimple unmanned Image database: The most comprehensive of the lane detection identification 

database. 

- Culane data sets: with each time period, the lane line road picture label scene. But there is less 

information on the corners. 

-California Institute of Technology data: The scene is rich but the number of pictures is small. 

In today's society, the popularity of home driving recorders makes the acquisition of data used in 

training no longer a difficult task. The data set used in this project intercepts the video taken by the 

bicycle recorder. Including different scenes, road conditions, and time. Because in reality, the road is 

generally not an absolute straight line. Under different conditions, the road will bend to different 

degrees according to the actual situation. In the data set used in this modeling, straight lines account 

for 27% of all road curvatures . This is the most basic road condition considering straight lines , and 

it is also the easiest way for neural networks to learn. Too much of this data is needed. Curves and 
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straight lines mixed data accounted for 30% of the total , and the most complicated pure curve data 

accounted for 43% . The results of many implementations prove that the neural network that is finally 

trained is the most prone to errors in the recognition of the curve part of the road. Therefore, the data 

used this time has specially added data for extreme corners, which accounted for more than the other 

two. The content of the classification is listed in Figure. 

At the same time, regarding the data under different climates, the data set used this time, the image 

data of night driving accounted for 18%, and the driving time during the day accounted for 16%. This 

is because in clear weather, the neural network is The data processing efficiency is very high, and 

usually there are relatively ideal results. The remaining 66% of the data are cloudy afternoons. Cloudy 

The detection and recognition of deep learning network lane line recognition is a big challenge, 

because the sun is blocked and the camera conditions are limited, the input data obtained is often 

blurry, and the contrast of light and dark is far less good under clear conditions. Therefore, in this 

data set, cloudy driving videos are selected as the most important data, hoping to improve the accuracy 

of the final model in complex conditions such as cloudy days.  

Through software processing, the selected and edited approximately 12- minute driving video is 

finally converted into more than 21,000 individual image frames for neural network training. But 

these Chaoguo 2 Wan image frames there is some road bumps due to other causes, such as image 

blurring, screening needs to be considered in order to ensure the efficiency of neural network training. 

The following situations are the most common situations in which the input of this image 

misalignment training must be abandoned: 

-Blur (the main reason is that the image is blurred due to the bumps in the driving process of the 

vehicle) 

-Rugged and uneven roads (delete some parts and keep a small part to improve the robustness of the 

model) 

-Lane line is blocked 

-Extreme curves 

-When the vehicle speed is extremely slow 

In the end, about 12,764 images can be used to train the model after screening. For the anti-

interference of the final model, the training atlas includes complex conditions such as buildings or 

intersections. 

At the same time, the neural network training used this time includes two inputs. When inputting 

different driving pictures, the label data is also necessary. The label is to manually mark the lane lines 

in the picture with prominent colors. Then get the picture information of the road line through 

computer processing. In the marking process, traditional lane line recognition is used to help complete 

the label production more quickly. It also helps correct the wrong part of the label data. 

3.2 Processing training data 

The previous section has introduced how to obtain the pictures used for training, in this section we 

will introduce how to process these data. 

The image data used in this project is saved in the form of a Numpy array, so you must use Pickle to 

read it before using it. The Pickle module can be loaded in Python. The data set file can be read 

through the command pickle. Load>, and then the np.array command can be used to convert the read 

information into the form of a Numpy array. The size of the data obtained by viewing the conversion 

is (12764, 80, 160, 3), and if polynomial coefficients are used for curve fitting, the corresponding 

training label data size is Q2764, 6). If the lane is marked directly, the input training data size should 

be 3764, 80, 160, 7). Take a set of inputs as an example: Figure 3 is a picture of training. 

Because it is an RGB picture, the parameter value of the picture ranges from 0 to 255. Here, the array 

obtained by transforming the Labels picture used for training is divided by 255 to obtain a value in 

the range of 0 to1. This transformation helps to speed up The efficiency of online learning. 
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Figure 3. Training picture               Figure 4. Artificially marked lanes 

 

And in the recognition amplification using polynomial fitting, this article can use Numpy's built-in 

"numpy. polyfit" command, combined with the sliding window algorithm, so that the polynomial 

equations desired in this article can be obtained to represent as accurately as possible the lane lines 

that this article needs to identify Specific location. The purpose of using polynomial equations here 

is to make the recognition accuracy of the neural network behave the same as that of straight roads 

when it comes to corners. The whole output has six polynomial coefficients, corresponding to o, force 

and c in the two sets of ax 1+ bx +c. Each group of q, force, and c corresponds to a lane line. A total 

of six sets of lane lines are input into the network as annotation data for training and image data for 

training. 

In another improved model, the neural network predicts the possible road lines, as shown in the figure, 

draws a green road and adds this to the detected picture. This method uses convolutional layers to 

directly generate road images, and it has been verified that the effect is better than the first method. 

3.3 The output of the middle layer of the neural network 

After completion of the training the neural network is good, this project uses Keras a visualization 

tool Keras-VIS. Through Keras-vis, the observation of the output of each layer of the neural network 

can be realized. What can be observed is the activation maps of the neural network, and each image 

corresponds to a single category. 

By observing the activation images of each layer, it is found that the convolutional neural network 

mainly determines the final output result through the lane lines in the input image. 

The specific operation steps of this project are to read the Json file obtained from the previous training 

and the weight file obtained from the training. h5 format. The structure of the neural network can be 

observed through the Keras command model. summary(). The next step is to read the picture. This 

article uses OpenCV to read the picture that you want to observe. The image is adapted into a Numpy 

array to facilitate network processing. Keras's visualize_cam() command can observe the output of 

each layer of the model. After defining the name of the output of each layer, this article can use the 

imshowQ command to observe each layer of the desired neural network. 

 

 

Figure 5. Observe the output of layers 2 and 4 in Keras 

 

Here are a few pictures selected from the output of all layers for detailed explanation. Because the 

road line is usually composed of continuous and intermittent lines. From the results of each layer, it 

can be seen that the recognition effect of convolutional neural network for continuous lane lines is 

still very ideal, but for intermittent lane lines, the recognition of convolutional neural network will 

make mistakes, but the final result is 



 

 

648 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 6, 2021 

DOI: 10.6919/ICJE.202106_7(6).0075 

The convolutional neural network for the 2019 graduation project of Shanghai Maritime University 

can successfully predict the correct lane line only by relying on a single lane line. And it is very 

interesting that the neural network seems to recognize the sky. In the activation image output of the 

first few layers, it is found that the sky is also activated. In this project, the fourth, sixth, and eighth 

layers of the network seem to play a relatively large role in the recognition of lane lines. 

At the same time, another big advantage of doing this is that you can know what kind of training 

images are training the network during training. 

The efficiency is relatively high. Give a set of examples of unsatisfactory detection pictures. 

 

 

Figure 6. Unsatisfactory situation.     Figure 7. Corresponding layer output in Keras 

 

It can be seen in Figures 6 and 7 that due to the influence of the surrounding vehicles and the influence 

of the road signs ahead, a certain layer of the neural network has been activated incorrectly: the 

shadow of the vehicle along the edge is identified incorrectly. Lane line. It even recognizes the route 

on the sign as a lane line. These are what the net trained in the end should avoid. 

3.4 Visual analysis of training data 

This article can analyze the loss value and accuracy of each cycle of training through the built-in 

Tensorboard module of TensorFlow during the training process. After multiple sets of experimental 

comparison and verification, let the neural network model directly identify the lane line in the road 

area and compare the polynomial coefficients to fit the lane line. The results are better, and the 

training visualization based on this is mainly explained here. The training parameter settings of this 

project: 

•Batch parameters (batch size) = 150 

-Training period=30 

•Pooling size=(2, 2) 

 

 

Figure 8. Loss reduction in Tensorboard 
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After 30 cycles of training, you can see that the value of loss is close to 0.004. Since the original 

output of the 6 binomial coefficients is cancelled, and the network is trained to draw the predicted 

lane line, the loss of loss decreases faster than when polynomial coefficients are used. You can see 

the specific decline curve of the loss value in Tensorboard, as shown in the figure below is a 

screenshot of the Tensorboard interface. The result of this training is an improved data set, mainly 

adding more curve data, which is also the 43% curve data mentioned earlier. Compared with most of 

the training sets that I used to block the car in a straight line, the loss this time has a significant 

decrease in value. In the same period, the loss will only drop by about 0.001 in the end. It can be seen 

that the addition of corners is still very effective. The specific results are shown in Figure 8. 

3.5 Convolution neural network training completed 

In Keras, through Keras-vis, the completed neural network structure diagram can be obtained to 

realize the visualization of neural network structure. Use the neural network structure table that Keras 

can get. The type and name of each layer of the corresponding neural network, the output size of each 

layer, and the number of parameters can be obtained from the table. This has greatly helped the design 

and optimization of neural networks in this paper. The final road model used in this project is directly 

obtained by calling the model in the Keras library, and the entire network is shown in the form of a 

table as shown in Table 2 below. The corresponding structure diagram is shown in Figure 3-7. 

 

Table 2. Neural network structure table 

Types of neural network layers Output size parameter 

batch_normalization_l (None, 80, 160, 3) 12 

Convl (Conv2D) (None, 78, 158, 8) 224 

Conv2 (Conv2D) (None, 76, 156, 16) 1168 
max_pooling2d_l (MaxPooling2) (None, 38, 78, 16) 0 

Conv3 (Conv2D) (None, 36, 76, 16) 2320 

dropout_l (Dropout) (None, 36, 76, 16) 0 

Conv4 (Conv2D) (None, 34, 74, 32) 4640 

dropout_2 (Dropout) (None, 34, 74, 32) 0 

Conv5 (Conv2D) (None, 23, 72, 32) 9248 

dropout_3 (Dropout) (None, 32, 72, 32) 0 

max_pooling2d_2 (MaxPooling2) (None, 16, 36, 32) 0 

Conv6 (Conv2D) (None, 14, 34, 64) 18496 

dropout_4 (Dropout) (None, 14, 34, 64) 0 

 

2019 graduation project of Shanghai Maritime University 

Conv7 (Conv2D) (None, 12, 32, 64) 36928 

dropout_5 (Dropout) (None, 12, 32, 64) 0 

max_pooling2d_3 (MaxPooling2) (None, 6, 16, 64) 0 

up_sampling2d_l (UpSampling2) (None, 12, 32, 64) 0 

Deconvl (Conv2DTranspose) (None, 14, 34, 64) 36928 

dropout_6 (Dropout) (None, 16, 36, 64) 0 

Deconv2 (Conv2DTranspose) (None, 16, 36, 64) 36928 

dropout_7 (Dropout) (None, 16, 36, 64) 0 

up_sampling2d_2 (UpSampling2) (None, 32, 72, 64) 0 
Deconv3 (Conv2DTranspose) (None, 34, 74, 32) 18464 

dropout_8 (Dropout) (None, 34, 74, 32) 0 

Deconv4 (Conv2DTranspose) (None, 36, 76, 32) 9248 

dropout_9 (Dropout) (None, 36, 76, 32) 0 

Deconv5 (Conv2DTranspose) (None, 38, 78, 16) 4626 

dropout_10 (Dropout) (None, 38, 78, 16) 0 

up_sampling2d_3 (UpSampling2) (None, 76, 156, 16) 0 

Deconv6 (Conv2DTranspose) (None, 78, 158, 16) 
2320 

Final (Conv2DTranspose) 
(None, 80, 160, 1) 

 145 
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4. Results and analysis 

4.1 Experimental results 

Compared with the traditional lane line detection and recognition method, this project has greatly 

improved the overall efficiency due to the introduction of convolutional neural network. At the 

beginning, the project idea was to use polynomial coefficients to fit the lane lines, but because the 

coefficients obtained are only applicable to a single camera device, that is, the input road angle 

requirements are very strict, and it is not suitable for most scenes in real life. In the end, I chose to 

train the neural network to directly output the lane information drawn based on the predicted lane 

lines. The network no longer contains the input of the fully connected layer, that is, the green area in 

the picture, and add it to the original video. This solution will no longer be restricted by factors such 

as the angle of video shooting, and has a wider range of application scenarios. The entire program 

can basically accurately identify the lane line and deduces the lane that the current vehicle is driving. 

The following figure shows two of the ideal operating results: Figure 9 and 10. 

 

 

Figure 9. Excellent output                Figure 10. Junction result 

 

It can be clearly noticed from the figure that when the lane line is a solid line, the final result of this 

situation is relatively perfect. When the lane is not realized, burrs may appear on the edge of the 

recognition result. This needs to be further optimized and improved. 

4.2 Further analysis of the results 

The results found that the biggest problem of the current model is that the current road lane lines are 

often only the lane lines on both sides are composed of continuous straight lines, and the lane lines 

in the middle part are composed of intermittent line segments, so in the lane line There is no continuity 

between each segment, the model's prediction of the lane line will be wrong, which is reflected in the 

running result, that is, the predicted lane (the marked part) generated based on the predicted lane line 

will jitter in the final video result. 

Moreover, in the subsequent experimental verification, it was found that the results presented are not 

ideal when it is in the uphill and other stages and the angle is large. Preliminary analysis revealed that 

this may be due to the lack of training pictures such as uphill in the initial training samples. Due to 

the limited time of this project, I hope that someone will optimize this direction in the future. 

The above three pictures are the unsatisfactory output results. The main reason for the unsatisfactory 

output results is that the data set of the previous training is too single. 

4.3 Current application of the project in practice 

This project can currently be applied to road recognition for unmanned vehicles. This article tested 

this possible application scenario in the school's smart car laboratory. The test results are quite good. 

Although the trained neural network model has not been specially trained for roads that can only be 

driven by cars, the neural network model trained only through road pictures can still have excellent 

recognition results in the smart car track. The results are shown in Figure 11 and Figure 12. 
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Figure 11. Test on the smart car track.            Figure 12. Picture of the result 

 

This article selects a set of excellent processing results. It can be seen that the neural network trained 

in this article has a good recognition effect on the simulated roads of the smart car laboratory under 

the appropriate shooting angle. But it also found that this model exist in the case of a larger problem, 

namely the way for a merger in two road, the neural network will be Blank case for recognition lane. 

This is due to insufficient training pictures and labels for such situations during training. By adding 

road-like pictures in the training set, the results of the project should be greatly improved. The ideal 

output result (in the red box) is artificially supplemented in Figure 14. Due to the limited time of this 

project, the content of this part has not been in-depth, and I hope that latecomers can improve this 

part of the content. 

Similarly, playing everywhere in the extreme of the smart car track, the result is not very ideal. This 

may be due to the fact that the picture collection used for training is gathered in reality, and such 

extreme continuous curve environment is rarely encountered in real life. Therefore, if this situation 

is taken into account in the initial training and the corresponding data set is added, the results can be 

greatly improved. 

The processing speed of the neural network used in this project reached a processing speed of 12 

frames per second under the condition of purely using the CPU: Intel i7-3632QM memory 8G. There 

can be higher efficiency on higher performance platforms. 

 

 

Figure 13. The ideal output of artificial completion   Figure 14. Smart car track extreme track 

 

5. Conclusions and prospects 

With the popularization and development of artificial intelligence, the use of intelligent machines to 

replace humans to drive cars will surely be realized and promoted in the future society. Aiming at the 

general trend of future development of unmanned driving, this project proposes a lane line detection 

and recognition method based on deep learning. Although the final output is still ideal, there are many 

areas for improvement in the project, and there is a lot of room for improvement. First of all, the data 

set used for training is not perfect enough, lacking training pictures and labels from different angles 
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such as uphill and downhill, so it is not perfect in these scenarios. For example, a neural network with 

another RNN structure can be used to write a model theoretically to get better results. A neural 

network with this structure will make the model better at predicting lane lines. At the same time, 

another room for improvement in this project is that the real-time performance of the results should 

be improved. In the future, it can be applied to the lane line recognition in the field of unmanned 

driving, and it is necessary to have real-time input and real-time output. 
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