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Deep Sensor Fusion between 2D Laser Scanner and
IMU for Mobile Robot Localization
Chi Li, Sen Wang, Yan Zhuang, Member, IEEE, Fei Yan, Member, IEEE,

Abstract—Multi-sensor fusion plays a key role in 2D laser
based robot location and navigation. Although it has achieved
great success, there are still some challenges, e.g., being fragile
when having large angular rotation. In this paper, we present a
deep learning based approach to localizing a mobile robot using
a 2D laser and an Inertial Measurement Unit. A novel Recurrent
Convolutional Neural Network (RCNN) based architecture is
developed to fuse laser and inertial data for scan-to-scan pose
estimation. A scan-to-submap optimization is also introduced to
optimize the poses estimated by the RCNN for enhanced robust-
ness and accuracy. Extensive experiments have been conducted in
both simulation and practice with a real mobile robot, verifying
the effectiveness of the proposed deep sensor fusion system.

Index Terms—Data fusion, Pose estimation, 2D laser scanning,
Inertial measurement unit (IMU).

I. INTRODUCTION

LAser scanners are widely used for robot localization
and mapping [1]. However, localization algorithms solely

based on laser data may be unreliable when facing challenging
scenarios [2]. One of the main techniques to improve the
robustness of laser based robot localization and navigation is
multi-sensor fusion.

Multi-sensor fusion plays a key role in the field of robot nav-
igation and localization, especially when considering uncer-
tainty from noisy sensor readings. Bayes filters, e.g., Kalman
and particle filters, have been designed to fuse multiple sources
of information for optimal estimation of robot poses [3], [4].
In [5], Kalman filter is used to fuse laser based Iterative
Closest Point (ICP) registration algorithm with an Inertial
Measurement Unit (IMU). Similar ideas are also introduced in
[6], [7]. Other kinds of sensor combinations are also popular
for sensor fusion, such as ultrasonic sensors with IMU [8],
laser scan with stereo vision [9], and ultra-wideband system
with IMU [10]. Although impressive performance has been
achieved by these methods, they usually require rigorous time
synchronization and extrinsic calibration between sensors [11].
Meanwhile, they lack a learning capability to automatically
benefit from the large amount of sensor data collected over
time. How to directly learn sensor fusion from laser and
inertial data for robot localization remains an open question.
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Fig. 1. System overview of the proposed sensor fusion algorithm for robot
localization. The laser and inertial data are fused by a Recurrent Convolutional
Neural Network (RCNN), and pose prediction of the RCNN is further
optimized by a scan-to-submap scan matching.

One of the main elements of laser based robot localization
systems is laser odometry, whose accuracy and robustness to
some extent determine the performance of the whole system.
Unfortunately, laser odometry tends to be unreliable when
encountering a motion with significant angular changes. One
of the possible solutions is to train deep learning models
with sensor data collected from these challenging scenarios.
However, there is very limited work on learning laser odometry
using deep models.

In this paper, we propose a novel Recurrent Convolutional
Neural Networks (RCNN) based sensor fusion framework
for robot localization using a laser scanner and an IMU.
The framework is formulated as a sequence-to-sequence pose
regression problem. Our main contributions are as follows:

• A novel RCNN based sensor fusion algorithm is designed
for laser inertial pose estimation. To the best of our
knowledge, this is the first deep learning based sensor
fusion of laser and inertial data.

• A hybrid framework incorporates optimization based scan
matching with deep learning, which achieves high accu-
racy and robustness even in challenging scenarios.

The proposed deep learning based data fusion can fuse sensors
with different sampling rates (in this work laser and IMU run
at 40Hz and 100Hz, respectively), and does not require an
accurate time synchronization or extrinsic calibration between
sensors.

The rest of this paper is organized as follows. Section II
reviews related work. Following an overview of the system
in Section III, Section IV presents the proposed RCNN based
laser and inertial sensor fusion method. In Section V, a pose
optimization is introduced to refine poses predicted from the
network. Experimental results are given in Section VI. The
conclusions are drawn in Section VII.
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II. RELATE WORKS

Multi-sensor fusion aims for optimal state estimation by
considering the characteristics of different sensors. Classical
odometry measures often combine wheeled odometry with
IMU. In this paper, we fucus on the laser and IMU data as
the observation to estimate the robot pose.

A. Robot Localization

1) laser odometry: In recent years, there are more and
more approaches in the geometric field of laser data, such as
Point Cloud Registration, location, and laser odometry. Most
of popular solutions of 2D laser Simultaneous Localization
and Mapping (SLAM) such as Gmapping [12], Hector-SLAM
[13], and Google Cartographer [14], use wheel odometer
to improve accuracy. Hector-SLAM uses IMU data for the
platform not exhibiting roll/pitch motion, cartographer and
some 3D laser SLAM (LOAM[15]) used IMU data as an
initial value before laser points registration which makes the
registration more quickly and robust. Earlier, Zebedee [16]
used 2D laser scanner and IMU to generate a 3D SLAM.

2) Deep Learning based methods: Most of existing deep
learning based robot localization methods are vision based
[17], [18], [19]. Other machine learning techniques are em-
ployed for the loop-closure problem, such as [20], [21]. Nicolai
et al. [22] utilized deep learning for laser based odometry
estimation. [23], [24] achieved the deep learning based laser
registration, and Elbaz et al. [25] used the deep Auto-Encoder
for point cloud localization. Deep learning based 2d scan
matching method is proposed by Li et al.[26], in which using
the Hector SLAM to achieve a good result. However, the
benefits of deep learning for laser and inertial data have not
been fully explored in the field of geometric matching of 2D
laser data.

B. Deep Learning based Multi-Sensor Fusion

Because of limited benefits from data fusion, Hos-
seinyalamdary et al.[27] presented the deep Kalman filter
which is based an RNN to fuse the IMU and Global Navigation
Satellite System (GNSS). To increase the accuracy of the
vision based depth estimation, Gianluca et al.[28] utilized deep
learning for extracting confidence maps from a camera and a
stereo vision system. Deep learning based fusion method also
is used in other fields. For instance, a network is trained to
fuse images and point cloud for 3D object detection [29], [30].

Rambach et al.[31]used an RNN to fuse the output of a
standard marker-based visual pose system and IMU, thereby
eliminating the need for statistical filtering. Clark et al.[32]
presented visual-inertial odometry by using a deep-learning
network to fuse video and IMU data.

III. SYSTEM OVERVIEW

In this section, an RCNN based sequence-to-sequence data
fusion pose estimation system is briefly described. Fig. 1
shows the proposed system framework. It consists of two parts:
an RCNN based data fusion for scan-to-scan pose estimation
and an ICP based scan-to-submap pose optimization.

The RCNN based sensor fusion is composed of a CNN
based point cloud feature extraction, an RNN based IMU
registration and an RNN based the data fusion. The CNN
is designed to extract features from two laser scans for
fusion. Meanwhile, the RNN for IMU registration processes
sequences of IMU data between two laser scans. Since laser
and IMU sensors usually run at quite different sampling rate,
one of the challenges is the sensor data streams being multi-
rate. To tackle this problem, we use an additional RNN to fuse
features learnt from the laser CNN and IMU RNN. The RNN
not only combines the information of laser and IMU sensors
but also learns a motion model of a robot.

Scan-to-scan pose estimation tends to be accurate as it is an
estimate for a short period between only two consequtive laser
scans. However, the global pose which accumulates scan-to-
scan errors suffers from drifts over time. In order to further
optimize the pose prediction from the RCNN, an ICP based
scan-to-submap algorithm is utilized. The ICP based pose
optimization can reduce the accumulated error of scan-to-scan
estimation and eliminate some outliers.

IV. LASER INERTIAL FUSION THROUGH RECURRENT
CONVOLUTIONAL NEURAL NETWORKS

This section presents the proposed RCNN based sensor
fusion for robot localization in detail. The cost functions
designed for training the RCNN are also described.

A. CNN based Feature Extraction
Feature extraction can be formulated as a nonlinear map-

ping problem. An efficient approach to automatically learning
useful feature representation is deep neural networks. It is
well known that convolutional layers can be interpreted as
transforming inputs into feature representations, which can
be used for regression or classification problems. In order to
learn useful features that are suitable for laser scans, a CNN is
developed to perform feature extraction on the concatenation
of a pair of two consecutive laser scans. Because odometry
systems need to be deployed in unknown environments, the
CNN in this work is to extract geometric features instead of
semantic ones.

TABLE I
CONFIGURATION OF THE CNN

Layer Kernel Size Padding Stride Number of
Channerls

Conv1 15 7 2 16
Conv2 15 7 2 16
Conv3 9 4 2 64
Conv4 9 4 2 64
Conv5 5 2 2 256
Conv6 5 2 2 256

The configuration of the CNN is outlined in TABLE I. The
input of the network is a stack of two laser scans. There are
six convolutional layers, each of which has a rectified linear
unit (ReLU) activation. Since 2D laser sensors are adopted
in work, the network uses 1D convolutional layers. Following
the last convolutional layer, a global max pooling is used to
extract a global feature which is part of the input for the RNN
network.
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Fig. 2. Architecture of the network in proposed data fusion system. The network consists of 1D convolutional layer, two LSTM layers with two fully connected
layers.

B. RNN based Sequence Learning and Fusion

Recurrent Neural Networks (RNNs) are one kind of neural
networks which have memories for temporal learning. It is
capable of processing sequential data since it can leverage
historical information for current state prediction, modeling
dependencies in a sequence. Therefore, RNN is well suited
for the localization problem which involves both temporal
model (motion model) and sequential data (laser scan sequence
and IMU sequence). For instance, estimating the pose of the
current frame can benefit from information encapsulated in
previous frames.

1) LSTM based Sequence Learning: Long Short-Term
Memory (LSTM) is one of the most popular types of RNNs
because it is capable of learning long-term dependencies by
introducing memory gates and units. Its gates automatically
decide when to store or discard data and memory while
training. Assure the LSTM’s input is xk at time k and its
hidden state is hk−1 and the memory cell is ck−1 of the
previous LSTM unit. LSTM updates at time step k according
to

ik = σ(Wxixk +Whihk−1 + bi)

fk = σ(Wxfxk +Whfhk−1 + bf )

gk = tanh(Wxgxk +Whghk−1 + bg)

ck = fk � ck−1 + ik � gk
ok = σ(Wxoxk +Whohk−1 + bo)

hk = ok � tanh(ck)

(1)

where � is element-wise product of two vectors, σ is sigmoid
non-linearity, tanh is hyperbolic tangent non-linearity, W
terms denote corresponding weight matrices, b terms denote
bias vectors, ik, fk, gk, ck and ok are input gate, forget gate,
input modulation gate, memory cell and output gate at time
k, respectively,

The LSTM network takes joint feature representation of
laser and IMU as input and learns the sequential model for

localization. We are now in the position of discussing how to
register and fuse laser and IMU data.

2) IMU Sequence Registration: The output of the system
is a scan-to-scan pose estimation, which takes laser frame as
a reference in our work. Since laser and IMU sensors run
at very different sampling rates (laser at about 40 Hz while
IMU at 100 Hz), their sensor data needs to be temporally
registered. Therefore, we use an additional LSTM network
to learn a global feature of a sequence of IMU data which
is collected between two consecutive laser scans. In practice,
the sequence length of IMU data corresponding to two frames
of laser scans may not be fixed. Thanks to the flexibility of
the RNN structure, IMU data with different lengths can be
natively processed by the LSTM network.

3) Laser and IMU Fusion: We use a structure similar to
IMU RNNs to achieve fusion between laser and IMU data. As
shown in the Fig. 2, the input of the main LSTM network is
the concatenation of the two global features extracted from
the CNN of laser scans and the LSTM of the IMU data,
respectively. The main LSTM network takes laser and IMU
sequences as input and realizes data fusion through sequential
learning. It can learn a complex motion dynamics of a platform
and also sequential dependencies which are difficult to be
modelled manually.

C. Cost Function

The proposed RCNN based network can be considered as
a scan-to-scan pose regression function by learning suitable
hyperparameters. Therefore, the cost function is designed to
train the RCNN so that its predicted poses are close to the
ground truth. Specifically, the cost function contains three
parts: a scan-to-scan pose error, a sequence pose error and
a reconstruction error.

1) Scan-to-Scan Pose Error: Scan-to-scan pose error is
formulated as Mean Square Error (MSE) of all positions and
orientations. The function aims to minimize the Euclidean
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Fig. 3. Reconstruction error. pij is a point in scan si, and pc(ij) is its
corresponding points in scan si−k . The reconstruction error is the sum of
the distances between the transformed points ∆Tpij , j = 1, 2, 3...N and
their corresponding points. The more accurate the transformation ∆Ti is, the
smaller the reconstruction error would be.

distance between the ground truth poses and the estimated
ones from the network. The error function is as follows:

errors2s =
1

n

n∑
i=0

‖∆xi−∆x̂i‖22+‖∆yi−∆ŷi‖22+λ‖∆θi−∆θ̂i‖22

(2)
where ‖ · ‖22 is the 2-norm, and λ is a factor to balance the
weight of positions and orientations, and n is the batch size.

2) Global Pose Error of Sequence: Since robot localization
is to obtain global pose estimates of the robot concerning
the coordinate defined by an initial pose, the scan-to-scan
pose estimation error will accumulate errors on poses over
time. The global pose error of sequence is designed to reduce
the accumulated pose errors in a sequence, which further
reduces scan-to-scan errors. The experiment results suggest
the sequence error can drive the network training to converge
quickly. The sequence global errors can be calculated as

errorsg =
1

Q

Q∑
q=0

‖Tq − T̂q‖22 (3)

where Q is the number of sequences, Tq is the pose with
respect to the end pose of the sequence. Tq can be derived
from Tq = T0

∏k
i=0 ∆Ti where k is the number of laser scans

in each sequence. T̂q is the ground truth of this sequence.
The three degrees of freedom pose between two scan frames
is conventionally represented as an element of the special
Euclidean group SE(2) of transformations. SE(2) is a differen-
tiable manifold with elements consisting of rotation from the
special orthogonal group SO(2) and a translation vector:

T = {
[
R t
0T 1

]
∈ R3×3 | R ∈ SO(2), t ∈ R2} (4)

The relationship between T and pose vector [x, y, θ] is

T =

cosθ −sinθ x
sinθ cosθ y

0 0 1

 (5)

3) Reconstruction Error: Reconstruction error considers
the geometric matching errors of ICP based scan matching. It
performs a geometric consistency check to reduce the errors
on pose estimation. As shown in Fig. 3, the reconstruction

error minimizes the distances between the transformed laser
points in scan si and its corresponding points in the scan si−k:

errorrs =
1

n

n∑
i=1

N∑
j=1

‖∆Tipij − pc(ij)‖22 (6)

where pij ∈ si and pc(ij) ∈ si−k are laser scan points, N
is the number of points in each scan. ∆Ti is the relative
transformation predicted from the network.

In summary, the cost function considering these three dif-
ferent error functions for training is

Fc = α× errors2s + β × errorsg + γ × errorrs (7)

where α, β and γ are the weights to balance the error func-
tions.

V. POSE OPTIMIZATION USING SCAN-TO-MAP MATCHING

To further refine the pose estimation, a geometric method
is employed to fine tune the poses predicted by the network.
Since the localization errors are mainly produced by the ac-
cumulated errors from the scan-to-scan matching, we propose
to maintain a local map which can be used to locally match a
laser scan for geometric constraints. A basic ICP is designed
as the optimization for the scan-to-map matching.

1) Matching Laser Scan to A Local Map: An ICP fine-
tuning is initialized by the relative transformation estimated by
the RCNN. ICP takes two laser scans and a local map as input,
and outputs a best-fit transformation ∆T which minimizes
the distance between the transformed points in si and their
corresponding points in the local map:

∆T = arg min
∆T

1

2

N∑
j=1

‖∆Tpj − pc(j)‖22 (8)

Combining the relative transformation ∆T and the pose of the
local map Tlocal can get the global pose Tglobal of the current
frame.

Tglobal = Tlocal∆T (9)

2) Local Map Updating: The local map is a set of feature
points which are used to match laser scans. In the process of
updating the local map, new points are firstly added to the
local map. The points which are never or hardly used in ICP
fine-tuning are selected as new points.

Second, the pose of the local map is updated by using
the transformation computed from ICP. Points outside the
field of view are culled, thereby reducing the computational
complexity of searching for corresponding points.

Map points culling can improve computational efficiency
while ensuring that local maps do not excessively increase in
a low-speed or static state.

VI. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the proposed
system. The RCNN model is trained by using data collected
from a simulator, and tested in simulation and on a real Pioneer
3-DX robot running in indoor environments. Here we use
the Hector SLAM and an IMU enhanced Hector SLAM for
comparison.
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TABLE II
THE DATA COLLECTED FROM SIMULATION ENVIRONMENT.

Sequence g01 g02 g03 g04 g05 w01 w02 w03 w04 w05 w06 w07 w08
Length (m) 100.650 72.233 99.634 85.355 69.190 96.243 129.226 129.031 150.574 105.137 90.045 88.179 95.016
Laser Scan 8496 7437 8483 7541 5707 7737 9313 10488 12345 10482 8921 8544 9164

IMU 21233 18591 21204 18849 14267 19329 23246 26215 30854 26194 22290 21346 22904

(a) Scene G (b) Scene W

Fig. 4. Simulation environments. (a). Scene G is a maze-like scene. (b). Scene
W is an office-like scene.

A. Dataset and Training

In order to obtain enough data for training, we generate 2D
laser point clouds with poses in simulation.

1) Simulation Data: The simulated indoor environments, as
shown in Fig.4, are built on Robot Operating System (ROS)
Gazebo. There is a simulated Pioneer 3-DX robot mounted
with a Hokuyo UTM-30LX 2D laser scanner and an IMU. The
maximum linear and angular velocities of the robot are 0.6m/s
and 1.0rad/s, respectively. The maximum measurement range
of the laser scanner is 30.0m, and wide angle is 270, in
addition, Gaussian noise N(0, 0.12) is augmented into the
simulated laser scanner. The ground truth positions [x, y, θ]T

and the range measurements are recorded at the speed of 40Hz.
A training sample can be acquired according to Equation (10),

∆T = T−1
i−kTi (10)

where Ti is the position at time i, and k is an integer to define
the interval between two range measurements.

In total, 13 sequences are collected from scene G (G01-
G05) and scene W (W01-W08) as shown in Table II. The
Table II shows the length and the numbers of laser scan and
IMU sensor data of each sequence. The training and validation
data is generated from G01, G02, G03, W01, W02, W04 and
W06, while G04, G05, W03, W05, W07 and W08 are used
for testing. In order to train the RCNN network, the training
sequences are generated at different sampling frequencies, for
instance k = [4, 8, 12]. The network is implemented based
on the Pytorch framework and trained by using an NVIDIA
GTX1080 GPU. The Adam optimizer is employed to train the
network for up to 50 epochs with learning rate 0.001.

B. Experiments in Simulation

1) Simulation Results: The testing results in the simulation
are shown in Table III. We use averaged Root Mean Square
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Fig. 5. Simulation Results of the Pose Estimation Without and With Scan-
to-map Optimization.

Errors (RMSEs) of the pose errors to evaluate the performance
of our system. We compare several algorithms:

• Fusion Net is our proposed whole system;
• Laser Net is the Fusion Net without IMU fusion;
• Hector SLAM is an open source implementation of

geometric laser SLAM [13];
• Hector SLAM + IMU is Hector SLAM with EKF based

IMU fusion.

Table III shows the testing results of the 4 algorithms in the
simulation. It can be seen Fusion Net and Hector SLAM +
IMU produce better results than ones without fusion. Mean-
while, Fusion Net outperforms Hector SLAM + IMU for
the average accuracy, which verifies the effectiveness of the
proposed deep learning based fusion method.

The predicted trajectories of the simulation experiments are
given in Fig. 5, where the black dashed line is ground truth,
the red line is the RCNN predicted poses without the scan-
to-map optimization, and the blue line is the RCNN predicted
poses with the scan-to-map optimization. It can be seen that
the proposed RCNN network can predict poses accurately
using laser and IMU data, which validates the design of the
deep learning based sensor fusion algorithm. The frame-to-
submap optimization can achieve higher accuracy by reducing
the accumulate errors and eliminating the outliers.



1558-1748 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2019.2910826, IEEE Sensors
Journal

6

TABLE III
ABSOLUTE TRANSLATION ERRORS (RMSE) OF THE TEST DATA COLLECTED FROM SIMULATION ENVIRONMENT.

Sequence G04 G05 W03 W05 W07 W08 Average
Fusion Net 0.153344 0.162791 0.687987 0.180551 0.234858 0.321351 0.290147
Laser Net 0.272754 0.180043 0.661636 0.417849 0.248305 0.889022 0.444934833

Hector SLAM 0.217349 10.495914 0.260873 7.390917 2.423515 0.561514 3.558347
Hector SLAM + IMU 0.134898 0.510529 0.173633 0.350534 0.301404 0.1128 0.3392715
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Fig. 6. Predicted trajectories of Fusion Net and Laser Net in simulation. Top row: Prediction without scan-to-map optimization. Bottom row: The corresponding
prediction with scan-to-map optimization.

2) Pose Estimation of Data Fusion Results: Fig. 6 shows
the results of Fusion Net and Laser Net. The blue lines are
the results of the Fusion Net, while the green ones are from
the Laser Net. It can be seen that the Laser Net can estimate
the poses of the robot. However, its accuracy is lower than
the Fusion Net, which uses laser and IMU data. This means
the deep learning based multi-sensor fusion is capable of
improving accuracy.

Fig.7 shows the comparison between the network-based
method, Hector SLAM (red line) and IMU enhanced Hector
SLAM (purple line). Although Hector SLAM provides nice
results in general, it fails in some scenarios where a large
angular velocity (such as 1 rad/s) presents. IMU enhanced
Hector SLAM performs more robustly than the Hector SLAM,
which means the data fusion is useful for pose estimation.
In contrast, the proposed RCNN based method can estimate
the poses robustly in extreme cases. This proves the proposed
RCNN architecture is capable of learning to localize, even in
some challenging environments.

C. Experiments on Real Robot Platform

1) Robot Setup: To evaluate the performance in a prac-
tical environment, a real Pioneer 3-DX robot is set for the
experiments. As shown in Fig.8, it is mounted with a Hokuyo
UTM-30LX 2D laser scanner and an IMU, similar to the con-
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Fig. 7. Trajectories of comparison in simulation. Both Fusion Net and Laser
Net use the scan-to-submap optimization.
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Fig. 8. The setup of the mobile robot equipped with a Hokuyo laser scanner
and an IMU sensor.

Fig. 9. Floor plan of the real environment used for testing.

figuration in the simulation. A Mini-PC (Intel c© CoreTMDual
Core i7-8550U and 8GB RAM) is installed to run a ROS
based navigation software which provides the ground truth for
evaluation.

2) Results in Real Environments: The network is fine-
tuning with the real data before testing in practice. The
data gathered for fine tuning is summarized in Table IV. In
order to verify the impact of different motions, the sequences
R01, R03 and sequences R02, R04 are collected with various
robot tuning orientations in an indoor environment shown
in Fig. 9. The experimental results of the proposed system
in real environments are shown in Fig 10. It can be seen
the results of the Fusion Net outperform the ones of the
other three algorithms. Since corners usually cause sudden
geometry changes, traditional geometry based methods, e.g.,
Hector SLAM, may suffer from large errors at corners. This
is demonstrated in Fig. 10(c). Therefore, the reliability of the
prediction has been improved through the RCNN based sensor
fusion architecture.

TABLE IV
ABSOLUTE TRANSLATION ERRORS (RMSE) OF DATA COLLECTED FROM

REAL ENVIRONMENTS FOR TESTING.

Sequence R01 R02 R03 R04
length(m) 95.129 95.213 107.408 109.919
Fusion net 0.173728 1.607354 0.248956 0.480199
Laser net 0.812354 0.823306 0.850727 0.793432

Hector SLAM 0.276757 0.321314 0.768335 1.091287
Hector SLAM + IMU 0.184775 0.178936 0.375193 0.823869
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Fig. 10. Trajectories in real environmental. We use the data in Table IV
evaluate our system.

D. Real-Time Performance

We test our system on a laptop (Intel c© CoreTMDual Core i7-
4720HQ and 12GB RAM) for the real-time performance. Our
system can run at about 10 Hz without the GPU. Compared
with geometric methods, it is roughly similar speed with a
laptop. However, with the aid of GPU, the deep learning based
methods can be more effective. With an NVIDIA GTX1080
GPU, the network of our system can process more than
4000 laser scan per second, which is significantly faster than
coventional methods.

E. Discussion

1) Better Frame to Frame Matching from RCNN: It is well
known that geometry based ICP methods are sensitive to initial
values. It may suffer from local minimums with large errors
when the initialization is bad. In contrast, the neural network
based methods match a pair of scans by extracting their global
feature of scans, which may improve the robustness in some
cases. Fig.11 gives two examples which demonstrate situations
that the network performs more robust than traditional ICP
algorithms.

The network-based method is data-driven which does not
require the exact geometric correspondence. The laser scanner
obtains discrete point cloud data in which there is no consistent
one-to-one matching between each other. The geometry based
ICP may fail to match points accurately when the consistent
points cannot be found. It is also well known that dramatic
rotation motion could cause problems for ICP algorithms
because of the search function of the ICP. The disadvantage
of the proposed deep learning based method is that the model
needs a large amount of data for training.



1558-1748 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2019.2910826, IEEE Sensors
Journal

8

−5 0 5 10 15 20
−10

−5

0

5

10

15

(a) Example 1: Original scans

−5 0 5 10 15 20

−10

−5

0

5

10

15

(b) Example 1: Ground truth

−5 0 5 10 15

−10

−5

0

5

10

(c) Example 1: ICP

−5 0 5 10 15 20
−10

−5

0

5

10

15

(d) Example 1: Proposed RCNN

−5 0 5 10 15 20

−15

−10

−5

0

5

10

(e) Example 2: Original scans

0 5 10 15 20

−15

−10

−5

0

5

10

(f) Example 2: Ground truth

−5 0 5 10 15 20

−15

−10

−5

0

5

(g) Example 2: ICP

0 5 10 15 20

−15

−10

−5

0

5

10

(h) Example 2: Proposed RCNN

Fig. 11. Two exemplars of frame to frame matching. Note the proposed RCNN algorithm works better than the traditional ICP.

2) Essential to Have the RCNN Fusion.: Fig.12 shows the
experimental results without and with the proposed deep neu-
ral network. It is obvious that the results of the scan-to-submap
method degenerates without the initialization provided by the
RCNN fusion. On the other hand, an excellent initialization
value can facilitate faster ICP convergence with better results.
This means it is essential for the whole system to have the
proposed RCNN architecture.
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Fig. 12. Experimental results without and with the proposed RCNN. Note
how the results degenerate without the RCNN.

VII. CONCLUSION AND FUTURE WORK

In this paper, we proposed a deep learning based fusion
framework to estimate robot pose. It fuses 2D laser scanner
with IMU to implement an odometry system. According to
the experiments in simulation and on a real mobile robot,
our system can effectively estimate the poses of the robot by
using sequence data from the 2D laser scanner and the IMU.
It also performs more robustly than traditional geometry based
methods in some challenging situations, such as moving with
a large angular velocity.

In the field of 3D laser odometry, the geometric method also
has problems with the large rotation angle. Therefore, the deep

learning based method are still relevant. In order to improve
the accuracy of the odometry, learning the motion dynamics
of the robot by combining RNNs and CNN should be a
promising direction. In further, we will continue to explore
the deep learning based 3D laser odometry combined with the
geometric method.
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