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Abstract 

Map construction, or mapping, plays an important role in robotic applications. Mapping relies on inherently noisy 

sensor measurements to construct an accurate representation of a surrounding environment. Generally, individual 

sensors suffer from performance degradation issues under certain conditions in the environment. Sensor fusion 

allows to obtain statistically more accurate perception and to cope with performance degradation issues by 

combining data from multiple sensors of different modalities. This article reviews modern sensor fusion methods 

for map construction applications based on optical sensors, such as cameras and laser range finders. State-of-the-art 

mapping solutions built upon different mathematical theories and concepts, such as machine learning, are 

considered. 
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1. Introduction 

Mapping is the process of constructing a map of an 

environment using robot perception. There exist 

multiple map representations, such as sparse point 

clouds, topological maps, and dense voxel grids. 

Mapping could be difficult due to adverse conditions 

(e.g., low lightning) and presence of dynamic objects. 

Each type of sensor has its own limitations. For example, 

cameras underperform in low-light environments, while 

laser scanners cannot provide high-resolution data. To 

obtain reliable maps, it is required to combine strengths 

of each sensor to cope with their weaknesses. Sensor 

fusion, or data fusion, is a technique for combining data 

from multiple sensors in a way that allows to obtain 

more reliable and accurate information about the system 

being measured (Fig. 1). Data fusion is used in many 

robotics and machine vision applications, such as 

autonomous navigation and localization of mobile 

robots[1]. 

This article reviews modern sensor fusion methods for 

map construction applications based on optical sensors, 

such as cameras and laser scanners. State-of-the-art 

mapping solutions built upon different mathematical 

theories and concepts, such as machine learning, are 

considered. 

 
Fig. 1. An illustration of a laser range finder and camera 

sensor fusion. Uncertainty of the state is reduced due to 

multiple sources of information. 
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2. Sensor Fusion 

High-level architecture of the sensor fusion system 

consists of the following components: 

1. sensors that independently measure an 

observed quantity; 

2. mathematical models that convert the observed 

quantity into a target value (e.g., calculating a 

position from distance measurements); 

3. an inference algorithm that calculates the 

resulting target value by combining data from 

all sensors. 

The inference algorithm combines all available 

measurements using provided sensor models and 

calculates an optimal state of a system with respect to 

specified criteria. The optimality of the solution and the 

criteria are determined by a cost function (e.g., an 

absolute error or a mean squared error). 

The problem of data fusion can be viewed as combining 

measurements from multiple sensors to obtain a more 

optimal assessment (from statistical point of view) of 

the system’s state. There are at least two reasons for 

data integration: data redundancy and completeness 

(complementarity). There are three main approaches for 

data fusion from sensors of various modalities[2]: a 

high-level (takes place on a decision-making level[3]), a 

mid-level (uses features of an environment[4]), and a 

low-level (operates with raw sensor data[5]). Methods 

can be also categorized into traditional and machine 

learning approaches[6]. 

Traditional approaches, such as statistical and 

probabilistic methods, create a model of a system being 

measured using various probability distributions. This 

enables to update an already initialized models when 

integrating new data. Probabilistic methods are built on 

Bayesian recursive rules, which enables to calculate and 

update a probability distribution function of an 

estimated state given sensor data. 

One of the basic Bayesian integration methods is the 

Probabilistic Occupancy Grid (POG)[7]. The occupancy 

grid map divides an environment into cells of equal size. 

Each cell carries information about a probability of its 

occupancy. The Bayesian rule allows to update the 

initially constructed map. Computational performance is 

highly dependent on a map resolution and on the 

number of degrees of freedom. In practice, 2D maps are 

often considered due to a lower complexity. 

Kalman filter is an analytical solution to the Bayesian 

approach, provided that a dynamical system is linear, 

and a state follows a Gaussian distribution. Dynamic 

systems with non-linear dependencies can be estimated 

using the Extended Kalman filter (EKF) – the state is 

linearized at each moment of time by expanding it into 

Taylor series and calculating the Jacobian matrix. In 

Unscented Kalman Filter (UKF) the problem is solved 

by linearization in a certain neighborhood – a group of 

weighted points (sigma points) is taken in a certain 

vicinity of a current state. Multi-state constrained 

Kalman Filter (MSCKF) is adapted to combine IMU 

data, extracted angles from a laser scanner, and features 

from a camera[8]. 

However, Kalman filters (the entire family) are 

unimodal approaches. Particle filters go further and 

suggest to model multimodal probability distributions of 

the state. Methods based on Monte Carlo describe the 

probability density function in terms of weighted 

elements of a space of linear and non-linear states. 

Particle filters are a subclass of the Monte Carlo method 

that allow calculating an optimal estimate of the state of 

a nonlinear state space with a Gaussian distribution. 

Compared to Kalman filters, a complexity of the 

algorithm grows much faster with a dimension of the 

state space (an exponential growth). 

On the other hand, machine learning methods build a 

multi-layer network that allows extracting special 

features from a data stream. One of the most used 

architectures are convolutional (CNN)[9] and recurrent 

neural networks (RNN). For example, in[10] the authors 

propose a CNN-based approach, which combines data 

from a camera and a laser scanner to improve the object 

detection algorithm performance. 

The problem with the machine learning approach is the 

quality of data on which a model is trained. The data 

may not contain all possible real-world scenarios, it may 

be biased and contain noise. Also, it is noted that 

machine learning methods are highly susceptible to 

malicious attacks[11]. 

Simultaneous localization and camera-based mapping 

algorithms often use the Bundle Adjustment (BA) 

approach and its modifications, such as windowed 

BA[12]. It simultaneously optimizes a pose and a map, 

can include several data sources by modifying a cost 

function. Combining visual data with laser scanner data 

allows obtaining data on a depth of a scene, being 

reliable under bad weather conditions[13]. 

Earlier simultaneous localization and mapping (SLAM) 

algorithms use only one sensor, mostly a camera 

[14][15] or laser scanner[16]. Currently, SLAM 

algorithms go through a stage where data is combined 

from several sensors of different modality. The most 

popular options are multiple camera configurations and 

laser scanners. 
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Deep learning methods are being used in dynamic 

SLAM problems. In[17], it is proposed to segment 

dynamic objects in a frame for their further masking and 

separation from a static scene. This enables to construct 

a map of an environment without modelling dynamic 

objects. CNNs are being used to estimate a depth of a 

scene. The estimated depth can be combined with data 

from a laser scanner to refine a map of an environment. 

For example, in[18], a scene depth scene was estimated 

based on an integration of data from a monocular 

camera and a laser rangefinder based on CNNs.  

In[19], the authors proposed a monocular SLAM 

algorithm that used a one-dimensional LRF in 

conjunction with a camera to refine the distance to 

singular points in the image. 

The paper[20] proposed an algorithm for constructing a 

dense environment map based on combining data from a 

monocular camera and predicting a scene depth using 

CNNs. In some works, image features and scanner point 

clouds are matched using scan matching methods[21], 

which allows to obtain dense and accurate 3D-maps of 

an environment. In[22] the author built a voxel 

environment map to effectively refine poses of key 

points using data from a laser scanner. 

There are mapping algorithms that are based on the idea 

of associating point clouds from a laser and a camera. 

For example, in[23], a positioning system was proposed 

based on combining data from a camera and a laser 

scanner. The system searches for correlations between 

point clouds and images. In order to obtain accurate 

depths of point clouds methods such as segmentation of 

image areas (planar surfaces, foreground, etc.) are used. 

In[24] a method for constructing dense 3D occupancy 

grid maps was based on sparse data from a laser scanner. 

To model dynamic objects in the environment, it was 

proposed to use dynamic occupancy mapping[25]. 

Recently, there are works of dense surfel mapping 

systems that can operate on CPU[26]. 

3. Conclusion 

In conclusion, most of the reviewed sensor fusion 

mapping techniques are based on traditional methods, 

such as Extended Kalman Filtering and particle filters. 

In case of SLAM systems, where mapping and 

localization are done simultaneously, bundle adjustment 

optimization methods prevail. Most of the time, laser 

scanners are used to improve the camera depth 

estimation capabilities. Machine learning solutions 

enable to learn depth form images but lack accuracy and 

reliability. 
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