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Abstract: the method of lidar data acquisition leads to the shadow and occlusion of point cloud data, 

resulting in low recognition rate and poor robustness of existing algorithms. In recent years, sparse 

coding has been used in lidar data denoising and data recovery, and achieved good results. This 

paper summarizes the sparse coding algorithms in recent years, expounds the basic theory, 

characteristics and development of sparse coding representation, and summarizes the representative 

algorithms, puts forward new research ideas for the data processing method of lidar based on sparse 

dictionary learning, and looks forward to the future research and development direction of sparse 

coding and dictionary learning. 

Keywords: Sparse representation; OMD; K-SVD. 

__________________________________________________________________________________________ 

 

1. INTRODUCTION 

Lidar sensors have been widely used in many industries, such as terrain survey, driverless vehicles 

and forestry monitoring [1]. Although lidar can easily obtain 3D information, due to the electrical and 

mechanical interference of lidar and the reflectivity characteristics of target, these data are affected by 

noise (or even data loss). Lidar point cloud data contains a lot of gross errors and systematic errors, 

which can not be used directly. In addition, the collected point cloud data contains a lot of redundant 

information, which is of little or no help to the subsequent data analysis,  it takes up a lot of storage 

space and consumes a lot of computing time. Therefore, noise reduction and simplification of lidar 

data is still a key problem. 

Sparse representation theory is one of the hot issues in recent years [5][6]. Due to its excellent ability 

of data feature representation and automatic extraction of main data features, it has achieved 

remarkable results in signal processing and image (or video) denoising, restoration and other fields 

[7][8][9]. In recent years, sparse representation is also used in range data processing, attracting more 

and more scholars to study. 

Sparse dictionary is the most important role in sparse representation theory. Its quality directly affects 

the effectiveness and performance of sparse coding [11], so the learning of sparse dictionary is an 

indispensable part of sparse representation 

Theory [13] [14] [15]. In these methods, dictionaries are learned on overlapping image blocks. In 

other words, each image block can be well approximated by the combination of several atoms in the 

learned dictionary. Intuitively, this framework can be directly applied to lidar range data by regarding 

the points (x, y, z) in three-dimensional space as pixels (x, y) with intensity z in the image. In the 

sparse coding model, whether we can use the characteristics of lidar range data, accurately recorded 
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range and reflectivity data to improve the performance of the algorithm? Some scholars have made 

research on this. This paper will summarize the work of these scholars.  

The structure of this paper is as follows: the second chapter introduces the basic theory and classical 

algorithm of sparse representation, the third chapter introduces the convolutional sparse coding 

algorithm combining sparse coding and convolutional neural network, the fourth chapter makes a 

summary of this paper, and makes a prospect of the development of sparse representation. 

 

2. BASIC MODEL AND SOLUTION OF SPARSE REPRESENTATION 

In the process of signal analysis, data processing and analysis, we hope to reduce the data dimension 

and redundant information, and at the same time, retain the feature information that describes the 

nature of the data, such as texture, boundary and so on. Sparse representation is to express the original 

signal as the sum of the linear combination and errors of a few dictionary atoms through a dictionary: 

y 1Ax               （）                                                            (1) 

Where: y is the original signal, A is the dictionary, x is the sparse linear combination of signal y on 

dictionary A, also known as sparse coding, and   represents the error. The most original and main 

function of sparse representation is to reconstruct the original signal y as sparsely as possible in 

dictionary A, that is to make the error   as small as possible,the formula is as follows: 
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Mathematically, the basic sparse coding model can solve the following optimization problems, as 

shown in equation (3): 

）（3||||..||||min 0

2

2
,

kxtsAxy
XA


                         (3) 

Where K is a constant, which is used to set the sparsity of coding. The smaller the value is, the sparser 

the sparse coding is. The solution of 0l -norm is a NP hard problem. A natural relaxation of this 

problem is to replace the non-convex 0l -norm with the convex 1l -norm, and rephrase this problem as 

an unconstrained problem, as shown in equation (4): 
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2.1 Classical Sparse Representation Method  

Synthetic sparse model has always been the focus of scholars, the dictionary learning method based 

on this model is a relatively mature part of the dictionary learning theory. Most of the algorithm 

solving methods (4) adopt the alternate optimization of coefficient updating and dictionary updating. 

Fixed dictionary A while updating sparse coefficient X is standard sparse coding problem. 

OMP algorithm is a classic algorithm to optimize sparse representation coefficients. In the calculation 

process of OMP algorithm, firstly, the error vector, active set and iteration times need to be initialized; 

secondly, the index is searched, in which the next atom is selected based on the need to minimize the 

function value of the objective; then, the calculation results are updated; finally, the iteration 
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conditions are judged, If it's less than K, continue the iterative calculation, otherwise end the 

calculation and exit the cycle. 

The MOD algorithm simultaneously learns a dictionary and finds the sparse representation matrix of 

the training data to minimize the error between the original signal and the reconstructed data. MOD 

algorithm is an iterative process, and its iterative operation is mainly completed by two steps. In the 

first step, sparse coding phase, the implementation method is to fix the dictionary to solve the optimal 

sparse representation of the reconstructed original data; in the second step, dictionary update phase, 

fix the current sparse coding matrix to solve the dictionary of the optimal representation satisfying the 

current sparse coding matrix condition. K-SVD algorithm updates all atoms of the dictionary one by 

one under the condition of sparsity [2][4]. The main idea is to use the greedy idea to find the "optimal" 

form of each atom, and then assemble all the "optimal" atoms to form a dictionary, and use the local 

optimization to approach the overall optimization, that is to maximize the role of each atom to jointly 

reduce the overall reconstruction error. 

2.2 Lidar Data Processing Based on Sparse Coding 

In 2015, Zhi Gao proposed an adaptive robust sparse coding method for laser range data denoising 

and restoration, which takes advantage of the characteristics of typical lidar with range data and 

reflectance data at the same time. They first estimate the information level of each image block 

according to the changes of distance and reflectance, and then they train the adaptive dictionary to 

assign different sparse weights to the image blocks according to the information level. In addition, 

they also applied 1l -norm to make the algorithm more robust to outliers: 
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3. THE COMBINATION OF SPARSE CODING AND INTELLIGENT ALGORITHM  

In recent years, deep learning and convolutional neural networks have produced advanced results 

across many fields. At the same time, convolutional sparse coding (CSC) has also received more and 

more attention in the field of sparse approximation [3][10]. 

CSC is a linear combination of a set of dictionary vectors instead of the sum of a set of convolutions 

of feature maps [12][16][17]. Let X be the training set of two-dimensional images with dimensions 

nm . Let  K

kkdD
1

  be a two-dimensional convolution filter bank contain K filters, each of kd   is a 

convolution kernel of hh  . 

The purpose of CSC is to decompose the input image x into a sparse feature map kz  convoluted with 

the kernel function of filter bank kd  by solving the following objective function: 
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Where, the first term and the second term represent the reconstruction error and 1l -norm penalty 

respectively;  is the regularization parameter controlling the relative weight of the sparse term;  is a 

two-dimensional discrete convolution operator; in order to avoid trivial solutions, the filter is limited 

to unit energy. Note that 
1kz stands for the entrywise matrix norm, which is constructed by balancing 

the reconstruction error and 1l -norm penalty. 

The multi-layer convolutional sparse coding (ML-CSC) model is a natural extension of the above 

CSC. It assumes that the signal can be sparse expressed in different layers by nested convolutional 

filters. 

 

4. SUMMARY AND PROSPECT  

This paper introduces the basic theory and classical solution of sparse representation. In recent ten 

years, sparse representation theory has been widely used in image processing, signal data processing 

and other fields. With the development of sparse representation theory, scientists and engineers 

gradually apply these theories to distance data, and have achieved some results. This paper also 

introduces some of the results. In addition, this paper also introduces the research results of the 

combination of sparse representation and intelligent algorithm. 

In the future, with the development of sensors, the amount of data obtained by sensors will be larger 

and larger. Therefore, it is necessary to study the multi-scale learning dictionary and the combination 

of intelligent algorithm and sparse representation. 
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