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Abstract

In recent years,advanced driving assistance systems (ADAS)has received widespread attention and rapid development.1)The development of information technology in the human society and people's continuous new demands for travel experience.2)The collision between the artificial intelligence technology,which is an important part of computers,and the automobile manufacturing industry,which is at the top of the industrial manufacturing pyramid.ADAS is a comprehensive system integrating terminal computing,environment perception,decision planning and other modules.It is deployed on vehicles to provide drivers with forward collision reminders,traffic sign reminders,road maintenance and other functions to improve the safety of drivers during driving.It can effectively reduce the incidence of vehicle accidents.With the development of deep learning in the image field,ADAS based on visual perception has been favored by academia and industry due to its low hardware cost and excellent performance.This article focuses on lane detection,pedestrian detection and traffic sign recognition in ADAS machine vision.The specific work is as follows:

(1)Aiming at the problem of category imbalance and interference in lane detection,a lane detection model F-FCN is proposed.A pixel-level UCAR lane dataset is established.Based on the fully convolutional network (FCN),a fusion structure based on feature splicing is constructed to alleviate the interference problem.Focal loss is used to alleviate the category imbalance problem in lane detection.The genetic algorithm is used to search for the optimal parameter combination in Focal loss.The experimental results on the UCAR lane dataset show that F-FCN can improve the detection accuracy of the basic FCN from 83.6% to 88.9%(mPA).

(2)Aiming at the problems of small targets,occlusion and background interference in pedestrian detection,pedestrian detection models E-SSD and Mask-SSD are proposed.A UCAR pedestrian dataset labeled with bounding boxes is built.E-SSD uses a one-stage detection framework as the basic network.A feature fusion structure based on deconvolution to alleviate the problem of small targets is built.An attention mechanism based on channel attention and spatial attention to alleviate occlusion is built.Mask-SSD also uses a one-stage detection framework as the basic network.A semantic segmentation branch basedmon dilated convolution is constructed.It generates a mask based on semantic segmentation features and provides a target search area for the detection process.The experimental results on the UCAR pedestrian and Caltech pedestrian datasets show the excellent performance of E-SSD and Mask-SSD in detection speed and detection accuracy. The miss rate on Caltech pedestrian data set is 50.08%and48.20%respectively, and the detection speed is 0.11 s frame and 0.13 s/frame.

(3)Aiming at the problem of small targets and similar category interference in traffic sign recognition, a traffic sign recognition model Dense-RefineDet is proposed.A UCAR traffic sign dataset labeled by bounding box is built.Dense-RefineDet uses a one-stage detection framework as the basic network.A dense connection-based feature transfer structure is constructed to alleviate the similar
category interference problem. An anchor generation method suitable for traffic signs is designed to alleviate the small target problem. The experimental results on the UCAR traffic sign and Tsinghua-Tencent 100K datasets show the excellent performance of Dense-RefineDet in detection speed and detection accuracy. On the Tsinghua Tencent 100k dataset, the recall of small-size targets is 84.3% and the precision is 83.9%.

(4)Considering the future development direction of ADAS vision algorithm, a two-branch weakly supervised object detection model is proposed by the transition from supervised algorithm to weakly-supervised algorithm. The two-branch model structure includes a detection branch and a self-attention branch. The dual-branch structure is used to transform the weakly supervised detection problem into a supervised detection problem. The two branches use each other's segmentation mask as the pseudo label. The experimental results on the Stanford cars, CUB-200-2011 and VOC2007 datasets show the effectiveness of the two-branch weakly supervised object detection model. On the VOC2007 dataset, the pointing accuracy is 82.20%, and the result of Corloc is 30.65%.
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1 Status of research on lane line detection based on computer vision

1.1 Computer vision-based lane line detection algorithms

The problem of lane line detection based on computer vision is mainly for the different types of travel road segmentation lines on the road, collected by visual acquisition equipment such as cameras, and using image algorithms to detect markings. The majority of lane lines in China are divided according to white and yellow colours for same-direction and opposite-direction lanes respectively; using solid and dashed lines to indicate non-crossable and crossable respectively. The traffic authorities' segmentation of lane lines effectively ensures the orderly movement of vehicles on the road, improving traffic efficiency while reducing the incidence of traffic accidents.
Currently, there are three main approaches to solving lane detection problems using computer vision algorithms.
(1) Traditional methods
The basic idea of most traditional lane detection algorithms is to identify and segment lane areas with the help of convolutional filtering methods, and then combine them with algorithms such as the Hough transform or Random Sample Consensus (RANSAC) for lane detection. Traditional lane detection methods can be divided into three steps: 1) image pre-processing; 2) feature extraction; and 3) lane line fitting. The main function of image pre-processing is to remove clutter, misleading imaging artefacts and irrelevant image parts. After pre-processing, colour or shape features are extracted by manually extracting features, and after obtaining the features, geometric models are used to effectively fit the features. etc. However, traditional lane line detection methods have some shortcomings in subsequent applications: 1) traditional detection methods require manual adjustment of algorithm parameters to the actual road environment, which can lead to a large workload and poor robustness; 2) the detailed logic of the algorithm is often complex and requires more computational resources. It is a computationally intensive process; (3) the detection results are greatly affected by segmentation, and the decrease in accuracy in the segmentation process will directly pull down the detection results.
(2) Traditional methods combined with deep learning algorithms
In response to the above problems of traditional algorithms, deep learning algorithms are an effective way to improve the performance of traditional methods. Yang et al. combined Convolutional NeuralNetworks (CNN) and wavelet methods in their study of the lane line detection problem. The method consists of two main steps: in the first step, the CNN is used to remove the non-lane line regions in the image; in the second step, the wavelet analysis is performed on the image obtained in the previous step to determine the lane lines in the image. Kim et al. propose a lane line detection method based on CNN and RANSAC. First, the edge information in the image is extracted using the Hat Shape Kernel. Next, the lane lines are detected using CNN and RANSAC, and the detection algorithm is selected according to the complexity of the road scene in the image: if the road scene in the image is relatively simple, then RANSAC is used directly to detect the lane lines; if the road scene is relatively complex and there is Kim et al. used CNN and RANSAC to detect lane lines on a highway, and CNN is used to enhance the image and remove noise and obstacles that affect edge extraction.
(3) Deep learning algorithms
At this stage, researchers are actively exploring lane line detection models based entirely on deep learning, and Huval et al. show that deep learning methods can be used for lane line detection and can meet the real-time requirements of unmanned vehicles. In the study, the authors used a monocular camera to capture lane line data in a highway driving environment and implemented a CNN-based Overfeat method to detect lane lines in real time. Based on this research, Lee et al. designed an end-to-end multitasking network, VPGNet, which can simultaneously detect and recognise lane lines and road signs. In this paper, Vanishing Point is introduced into VPGNet, which can effectively detect lane lines under adverse weather conditions such as rain and night. The authors used two network structures: 1) a multi-task deep convolutional neural network, which can simultaneously detect targets in the region of interest as well as geometric properties of the targets, such as position and orientation; 2) Recurrent Neural Networks (RNNs), which use RNNs for structured visual detection to deal with detection of those objects whose shape and structure are difficult to define Neven et al. treat the lane detection problem as an instance segmentation problem and propose the LANENET model. The model consists of a semantic segmentation branch, which outputs binary classification results for lane line pixels and background pixels, and a pixel embedding branch, which outputs pixel embedding results for different lane lines. The segmentation and pixel embedding results are combined with the clustering method to output instance segmentation results for the lane lines.
The aforementioned deep learning base lane detection method uses front view images, some researchers have also used other types of images. gurHIAN et al. obtained images from two horizontally mounted cameras to obtain a clear view of the lane markings. he et al. proposed a method to simultaneously process front view and top view the network DVCNN of graphs. the authors split the lane line detection into three steps, namely lane line candidate region extraction, DVCNN network feature body and global optimisation. Where the inputs to the DVCNN network are the front and top views and the outputs are the probabilities of real lane lines.

1.2 Evaluation metrics

For the lane line detection problem, this study uses a deep learning algorithm based on semantic segmentation to construct a lane line detection model. The detection accuracy is a common evaluation metric for semantic segmentation algorithms, including mean Pixel Accuracy (mPA) and mean Interscction over Union (mloU). mPA mainly evaluates the algorithm's missed detection, while mloU can evaluate both missed and false detection.
The specific formulas for mPA and mloU are as follows.
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where k -- is the number of categories;
pij -- one the number of pixels judging category i as category j.

1.3 Summary

Considered from a data perspective, the UCAR lane line dataset covered in this study (described in detail in the following sections) provides pixel-level labels. Considered from an algorithmic perspective, deep learning algorithms have more advantages in terms of speed and accuracy compared to traditional algorithms. Based on this, the semantic segmentation algorithm based on deep learning was chosen for the construction of the lane line detection model in this study, and the accuracy of the algorithm was evaluated using mPA and mloU.


2 Research status of traffic sign recognition based on computer vision

2.1 Traffic sign recognition algorithm based on computer vision

There are many types of traffic signs and there are situations where different categories of traffic signs have similarities. Researchers have carried out two levels of classification operations on traffic signs when classifying them into categories. Taking the Tsinghua-Tencent10OK (TT100K) traffic sign dataset as an example, the traffic signs in the dataset were classified into three major categories based on colour, namely warning, prohibited and mandatory. " and "w2" in the warning category. 
Traffic sign recognition consists of two main tasks: detection and classification. The concepts of detection and classification in traffic sign recognition are somewhat different from broad target detection and classification in the following ways: as far as classification is concerned, broad classification means providing a label for an image and its focus is on the whole image in traffic sign recognition, whereas classification means classifying traffic sign objects in a particular category (e.g. warning, prohibited and mandatory, etc.) and its focus is on the Traffic sign objects. In the case of detection, broad target detection means determining the bounding box of an object that has a distinguishable category label. In the case of traffic sign recognition, detection means determining the bounding box in an image that contains a specific category of traffic signs (eg. warning, prohibited, mandatory, etc.). Detection in traffic sign recognition means extracting the traffic signs with the first level of category labels from the input image, and classification in traffic sign recognition means further classifying the traffic signs with the first level of category labels and determining the second level of category labels for each object. Traditional detection algorithms for traffic sign recognition usually include colour segmentation and shape detection. In terms of colour segmentation, the commonly used colour spaces include RGB space, HSI space, YCbCr space and so on. In terms of shape detection, the commonly used methods include: Hough transform to detect specific shapesGeometric models based on image gradient orientation information, etc.
Traditional classification algorithms for traffic sign recognition usually include template matching, machine learning based classifier methods, etc. Template matching is to standardise the candidate area image and then perform similarity calculation with traffic sign templates of the same size, and select the template classification with the greatest similarity as the final classification result, which is affected by the brightness, sharpness and size of the image candidate area. The classifier method based on machine learning first extracts features from the images in the candidate area, and then later uses SVM classifier, BP neural network, Adaboost cascade classifier and other machine learning method to train traffic signs and classify candidate areas based on the trained model.
In traffic sign recognition, existing deep learning-based algorithms can be divided into two categories.
(1) traffic signs are first detected and then classified. luo et al. propose a traffic sign recognition system which consists of three stages: 1) region of interests (ROIs) extraction of traffic signs, using grey-scale and normalisation techniques to process RGB data and extract the image based on the maximum stable polar region on the channel for Zhu et al. proposed a framework for traffic sign recognition based on FCN and CNN. The role of CNN is to classify the traffic sign regions provided by FCN, and Yang et al. propose a traffic sign recognition framework that can meet the real-time requirements. system. The authors constructed a fast traffic sign detection model based on a colour probability model and a colour HOG. The output result of the detection model is the input of a subsequent CNN, which serves to segment the detected traffic signs and classify them into the corresponding subclasses.
(2) Using -a network to simultaneously detect and classify traffic signs, the final recognition result is directly given. Meng et al. proposed Small-Object-Sensitive-CNN (SOS-CNN), the basic principle of this method is: decompose the original image into small 200×200 images, use the small images as the input of SOS-CNN, and finally the Zhu et al. created the traffic sign dataset TT100K, which has 100,000 images and 30,000 traffic sign instances. the authors used an Overfeat-based approach to simultaneously detect and classify traffic signs. li et al. proposed a framework structure for solving the small target detection problem Liu et al. used Faster RCNN as the base framework to propose a DR-CNN model, in which the two shallow features (Conv4 and Conv5) in the backbone network are upsampled to the same size as the Conv3 layer using a deconvolution operation, followed by L2 normalization of the three layers with the same size, and finally the normalized three layers are stitched together as the subsequent The normalised features are finally stitched together and used as input for the subsequent detection process. Li et al. proposed an MR-CNN model to investigate the effect of contextual information on the classification accuracy of traffic signs. The contextual information is obtained by keeping the centre of the target candidate region unchanged and amplifying the area of the region by a factor of 1.2 and 1.6. The generated candidate region containing contextual information is stitched together with the original candidate region and passed to the next layer of the network (f6 and f7) to provide more semantic information for identifying small target traffic signs providing more semantic information.

2.2Commonly used datasets for traffic sign recognition

The mainstream databases in the field of traffic sign recognition are the German Traffic Sign Database and the TT100K traffic sign dataset. 
The German Traffic Sign Database: includes the German Traffic Sign Detection Benchmark (GTSDB) and the German Traffic Sign Recognition Benchmark (GTSRB). The GTSRB consists of over 50,000 frames and the number of traffic sign categories is 43. The data in the German traffic sign dataset was collected earlier and the detection and classification data are available as two datasets, which reduces the complexity of the problem while making it more difficult to apply in real-life scenarios. In addition, the overall amount of data in the dataset is relatively small. The above reasons have led to a long period of the German traffic signage dataset has played a catalytic role in algorithmic innovation, while its role from an application perspective is not as prominent.
TT100K: This dataset is a relatively new opensource traffic signage dataset built by a team from Tsinghua University, with data collected from real road environments. There is a diversity of street environments, weather conditions and lighting environments. The dataset consists of 100,000 frames covering up to 30,000 traffic sign instances. The traffic signs in the dataset are labelled in a variety of ways including location labels, category labels and pixel-level mask labels. The traffic signs in the dataset are divided into three broad categories, namely warning, prohibited and indication, and each broad category is further divided into sub-categories, which are the actual category labels for the traffic signs. The TT100K dataset used for model evaluation consisted of a training set and a test set with 6105 and 3071 frames respectively. The amount of traffic sign categories used in the evaluation is 45, which is the result of filtering the different traffic sign categories to filter out traffic sign categories with less than 100 instances.

2.3 Summary

From a data perspective, the traffic signage datasets covered in this study (TT100K etc.) provide bounding box labels. From the perspective of algorithms, deep learning algorithms have more advantages in terms of speed and accuracy compared to traditional algorithms. Based on this, this study chose a deep learning-based target detection algorithm for building a traffic sign recognition model, which simultaneously detects and classifies traffic signs, and evaluates the model recognition effectiveness using metrics such as accuracy and recall.


3 Full convolutional networ based lane line detection model F-FCN

In this chapter, a full convolutional network base lane line detection model F-FCN is proposed for lane line detection in ADAS vision perception systems, where a feature fusion structure based on feature stitching is constructed to enrich the contextual information of shallow features in the network. Focal loss is used to reduce the effect of non-equilibrium between lane pixels and background pixels in the lane line dataset on the detection results, and a genetic algorithm is used to search for the optimal combination of parameter values in the Focal loss. To validate the effectiveness of the F-FCN model, experiments are conducted on the UCAR lane line dataset in this chapter.

3.1 Introduction to the UCAR lane line dataset

The UCAR lane line dataset is mainly used for in-house research and has not been open-sourced. 19,672 frames are available in the UCAR lane line dataset, with an image resolution of 720 x 1280. The main weather conditions in the captured images are: sunny, hazy and rainy days. In terms of lighting conditions, the number of images is high during the day and relatively low at night. The lane lines in the dataset are manually labelled, treating each lane line as a polygon, with each lane line corresponding to a pixel-level label. All images in the UCAR lane line dataset were randomly divided into two groups, with 70% of the images used as training data and the remaining 30% as test data.
There are 13 types of lane lines in the UCAR lane line dataset, including road edge, double yellow solid lines, double yellow dashed lines, double yellow lines that can be crossed on the right, double yellow lines that can be crossed on the left, single yellow solid lines, single yellow dashed lines, double white solid lines, double white dashed lines, double white lines that can be crossed on the right, double white lines that can be crossed on the left, single white solid lines and single white dashed lines.
Table 2.1 Statistics on the actual number of different types of lane lines in the UCAR lane line dataset
	road edge
	32984

	double yellow solid lines
	1302

	double yellow dashed lines
	124

	double yellow lines that can be crossed on the right
	64

	double yellow lines that can be crossed on the left
	75

	single yellow solid lines
	2380

	single yellow dashed lines
	1017

	double white solid lines
	190

	double white dashed lines,
	18

	double white lines that can be crossed on the right
	97



3.2 Difficulties and solution strategies for lane line detection in the driving environment

There are certain challenges in vision-based lane line detection, which are mainly reflected in the following two aspects.
(1) unbalanced categories
In this chapter, lane line detection is considered as a semantic segmentation problem, and a deep learning-based semantic segmentation algorithm is proposed to detect lane lines in images. The images in the UCAR lane line dataset are first processed for statistical analysis, and the main purpose of the analysis is to understand the proportional distribution of lane line pixels and background pixels. From a practical application point of view, the ADAS involved in this study focuses only on the vehicle in motion when Front lanes information. Based on this, all lane line pixels are considered as foreground class and all background pixels as background class, regardless of the specific class of lane lines. Based on the results showing the ratio between lane line foreground pixels and background pixels for each frame in the UCAR lane line dataset, it can be found that the ratio between lane line foreground pixels and background pixels in each frame is mainly between (0, 0.05), indicating that most of the images in the dataset are in an unbalanced state between lane line pixels and background pixels.
The essence of the semantic segmentation algorithm is a classification problem at the pixel level. In this chapter, there are two classes of pixels in the input image, namely lane line pixels (without considering the specific class of lane lines) and background pixels. In classification problems, the problem of imbalance between samples is often encountered. Existing research addresses the sample imbalance problem from two main perspectives.
1) From the perspective of data, the core idea is to try to balance the data of different orders of magnitude of samples. On the one hand, the numbers of data from a small number of samples Is increased; on the other hand, the numbers of data from a large number of samples can be reduced through sampling operations, thus leaving the data from different categories in a relatively balanced state.
2) From the perspective of loss, with the help of loss-sensitive methods (Cost Sensitive), mainly including: Loss Max-Pooling method, adaptive according to the contribution of the pixel to the loss for its configuration of the appropriate weight Focal loss, not only can balance the impact of positive and negative samples on the loss, but also effectively control the impact of difficult to divide samples and easy to divide samples on the loss. Bounded inverse class weighting, which uses bounded weights to weight the loss; Hard Negative Mining, which samples the hard samples in training to control the proportion of positive and negative samples.
(2) Different types of interference
In the vehicle driving environment, vision-based lane line detection often encounters different types of interference, mainly including: 1) interference from other markers on the road that are similar to lane lines, such as zebra crossings and arrows, 2) other vehicles and pedestrians may obscure part of the lane lines, and 3) lane lines are more likely to be missing when exposed to sunlight for a long time.
In this chapter, the lane line detection is carried out from the perspective of semantic segmentation, and the base model chosen is the Fully Convolutional Netwok (FCN). the data analysis results of the UCAR lane line dataset show that there is a category non-equilibrium between the lane line pixels and the background pixels, in order to effectively alleviate the above problem, the loss function in the FCN is replaced by the Focal loss. In order to alleviate the interference problem in the lane line detection process, a fusion module based on feature stitching will be constructed in this chapter, whose role is to mine the contextual information and improve the detection accuracy.

3.3 The underlying model FCN

The FCN is a representative deep learning framework for image segmentation, where all layers are convolutional layers. In the FCN network structure, as the number of layers deepens, the size of the feature map becomes smaller and smaller, and the features contained in the feature map become more and more abstract. The final output feature map Conv7 is 1/32 of the size of the original input image, and when classifying images at the pixel level, the output feature map needs to be scaled to the size of the original input image. For this reason, FCN uses an up-sampling operation (Up-Sampling). This is done by.
(1) Performing a 32-fold deconvolution on the Conv7 layer to make it the same size as the original input image, and outputting the feature map FCN-32S for detection.
(2) Performing a 2-fold deconvolution operation on the Conv7 layer, fusing the resulting feature map with the Pool4 layer, performing a 16-fold deconvolution operation on the fused feature map to make its size the same as the original input image, and outputting the feature map FCN-16S for detection.
(3) Perform a 4-fold deconvolution operation on the Conv7 layer, a 2-fold deconvolution operation on the Pool4 layer, and fuse the resulting feature map with the Pool3 layer to perform an 8-fold deconvolution operation on the fused feature map to make its size the same as the original input image, and output a feature map for detection FCN-8s for detection.
The experimental results show that among the three layers of detected features FCN-32s, FCN-16s and FCN-8S, the more detailed and accurate result is FCN-8s in comparison.

3.4 F-FCN model based on feature fusion structure and Focal loss

Using the FCN as a base framework, this chapter constructs a lane line detection model based on feature fusion and Focal loss, the F-FCN. the backbone network in the F-FCN is the Squeezenet compression network, which is used to reduce the model parameters and the computational effort. the deepest layer in the F-FCN backbone (Fire9 layer) has an output feature size of 1/16 of the input The output feature Upsamped Fire-2 is obtained as follows.
(1) A 2-fold deconvolution operation is performed on the Fire9 layer, and the resulting feature map and the fused features of the Fire5 layer are summed and fused in such a way that the elements at the corresponding positions are added to obtain the feature Upsamped Fire-5 of the same size as the fused Fire5 layer.
(2) The fused feature layer obtained in the previous step is subjected to a 2-fold deconvolution operation, and the resulting feature map and Fire2 layer are summed and fused by adding the elements at the corresponding positions to obtain the feature Upsamped Fire-2 with the same dimensions as the Fire2 layer.
The feature fusion module in F-FCN can pass deep features (Fire6 layer) to shallow features (Fire5 layer), providing some additional contextual information to the shallow features. the loss function in F-FCN is Focal loss, which can mitigate the impact of unbalanced foreground and background pixels on lane line detection accuracy to a certain extent.

3.4.1 Feature fusion module

In the field of deep learning-based target detection, feature fusion is a very effective means to improve the detection effect of the network. The two types of feature fusion play different roles: feature stitching can effectively reduce the impact of background noise in the image on the detection process, while feature summation can better highlight the role of semantic information.
In this section, the feature fusion strategy in target detection is introduced into the lane line detection based on semantic segmentation algorithm, and a feature fusion module based on feature stitching is constructed. The two feature layers involved in fusion are Fire5 and Fire6 layers. when the size of the input image is 480×640, the feature sizes of Fire5 and Fire6 layers are 60×80×256 and 60×80×384 respectively. the fusion process is as follows.
(1) Pass the Fire6 layer into a convolutional layer with a kernel size of 1×1x256, and then pass the Batch Normalization (BN) layer and the Relu layer, whose output feature size is 60×80×256;
(2) The output features obtained in the previous step and Fire5 are stitched together to obtain a stitched feature size of 60×80×512.
(3) The spliced features obtained in the previous step are passed into a convolutional layer with a kernel size of 1×1×256, and then through the BN and Relu layers to obtain the final fused features with a size of 60×80×256.

3.4.2 Focal loss and genetic algorithm

The one-stage target detection algorithm has a large number of potential target regions in the detection process. The regions where the target to be detected actually exists in these candidate regions are positive samples, and the rest of the regions are negative samples, with a relatively large gap between the number of positive and negative samples. The problem brought by this unbalanced phenomenon is that in the actual training process of the model, the negative samples have a relatively large impact on the loss, thus making the model's
Focal loss solves this problem from two perspectives.
(1) controlling the contribution of positive and negative samples to the overall loss function.
(2) Reduce the contribution of a large number of simple background samples to the overall loss function, and relatively increase the contribution of difficult samples to the loss function.
Taking the dichotomous classification problem as an example, the Focal loss takes the following form.
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where FL one by one Focal loss:
pt -- the output of the output feature after the activation function, which has a value between 0 and 1;
y -- the actual label;
a i -- parameter controlling the weights of positive and negative samples, with a value between 0 and 1;
y i -- parameter, controlling the weights of the hard and easy-to-score samples, y ≥ 0.
When the value of a is small (<0.5), it indicates an increased penalty for negative samples. (1 i pt) y represents the Modulating Factor. When y=0, the Focal loss also becomes the traditional cross-entropy loss function. The role of the parameter y is mainly reflected in the following: if a sample can be very easily judged in the model training, then its p value is larger, then the value of 1 apt is smaller, and the value of the modulating factor (1 apr) y is close to 0, indicating that the impact of such samples on the overall loss is relatively small; if a sample is incorrectly classified, then its p value is smaller, then the value of 1 apt If a sample is misclassified, its p value is relatively small, at which point the value of 1 a pt is larger and the value of the modulation coefficient (1 a p) y is close to 1, indicating that the effect of this category of samples on the overall loss is unchanged.
Focal loss first appeared in RetinaNet, where the parameters were determined by artificially setting the values of the parameters a and γ and conducting experiments using the full data, adjusting the parameter values according to the evaluation metrics, from which the optimal combination of a and y values was selected. In order to reduce the time cost of determining the values of the parameters a and y.
A random selection of 1000 frames from the UCAR lane line training data constitutes the dataset for searching the Focal loss parameter. The images in this dataset are randomly divided into training data and validation data, with the number of training data being 900 frames and the number of validation data being 100 frames. Referring to the values of the Focal loss parameters in RetinaNet, the initial values in this section are set to: a=0.25, y=2.0. the maximum number of iterations is 30 retain=0.4, random_select=0.1, mutate_chance=0.2. running the genetic algorithm, the final results are: a=0.30, y= 3.0.

3.5 Experimental results and analysis

3.5.1 Experimental setup

The GPU used for training the F-FCN network was a GeForce GTX1060 and the deep learning programming framework was Tensorflow. the size of the input image was 480x640, the value of the small batch input data (Mini-Batch) during training was 32, the network initialization method was chosen as the Xavier method, and the optimal the transformer used is the Adam method. The main data enhancement techniques used in the training include: random left-right flipping, random cropping, and random interference in the colour space.

3.5.2 Experimental results for the UCAR lane line dataset

With Focal loss, the mPA of FCN improved by 1.7% and the mIoU improved by 1.4%. With the feature fusion module, the detection accuracy of FCN was further improved by 3.6% for mPA and 0.9% for mIoU. In terms of detection speed, the detection speed of F-FCN and FCN is the same, indicating that the splicing-based feature fusion module constructed in this chapter does not affect the detection speed of the underlying model.

3.6 Summary of this chapter

This chapter has carried out data analysis on the UCAR lane line dataset, and the analysis results show that there is a certain imbalance between the lane line pixels and the background pixels in the UCAR lane line dataset. In order to solve the above non-equilibrium problem, this chapter used Focal loss to control the weights of positive and negative samples as well as the weights of difficult and easy samples during the training process, and used a genetic algorithm to search for the optimal combination of parameters in Focal loss. Based on the model FCN, this chapter constructs a fusion structure based on feature stitching to improve the detection accuracy of FCN for lane lines and alleviate the interference problem in lane line detection. The effectiveness of the lane line detection model F-FCN constructed in this chapter is demonstrated by conducting experiments on the UCAR lane line dataset.


4 Conclusion and outlook

With the continuous development of deep learning technology, ADAS based on machine vision has also been developed rapidly. In this paper, we have conducted research on the key technologies of visual perception in ADAS, mainly including lane line detection, pedestrian detection and traffic sign recognition. Firstly, this study presents a review of the current deep learning algorithm-based lane detection models, pedestrian detection models, traffic sign recognition models and weakly supervised target detection models as an exploration of the future development of ADAS vision algorithms. Next, lane line detection models, pedestrian detection models, traffic sign recognition models and weakly supervised target detection models are constructed based on deep learning techniques. The innovation points of this paper mainly include.
(1) A lane line detection model F-FCN based on feature stitching fusion structure and Focal loss is proposed. using full convolutional network FCN as the base model, a feature stitching base feature fusion structure is constructed to better utilise contextual information in order to alleviate the interference problem in lane line detection. To alleviate the class non-equilibrium problem between lane line pixels and background pixels in lane line detection, Focal loss is used to control both the weights of positive and negative samples and the weights of hard-to-score samples and easy-to-score samples, and a genetic algorithm is employed to search for the optimal combination of parameters in Focal loss.
(2) The pedestrian detection model E-SSD based on the deconvolutional feature fusion structure and attention mechanism and the pedestrian detection model Mask-SSD based on semantic segmentation branching are proposed. in the E-SSD model, the small target problem in pedestrian detection, a feature fusion module based on the deconvolution structure is constructed to mine the contextual information in the features. To alleviate the occlusion problem in pedestrian detection, an attention mechanism based on channel attention and spatial attention is constructed to guide the network to focus on the unobstructed parts of the pedestrian. In the Mask-SSD model, to alleviate the background interference problem in pedestrian detection, a semantic segmentation branch based on null convolution is constructed, whose output semantic segmentation features not only enhance the contextual information of the detected features, but also provide a semantic segmentation mask (Mask), whose role is to guide the detection process to search for the pedestrian target to be detected in the region demarcated by the Mask.
(3) Dense-RefineDet, a traffic sign recognition model based on dense connection and anchor frame design, is proposed. using the one-stage target detection algorithm Refine as the base framework, a series of anchor frames suitable for traffic signs are designed in order to alleviate the problem of small targets in traffic sign recognition. In order to alleviate the problem of similar category interference in traffic sign recognition, a feature transfer structure based on dense connections is constructed to better exploit the contextual information in the features.
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