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A Basic Study on Robot Position Estimation in Indoor
Environment using Deep Neural Network based on the
Camera and LIiDAR Sensors
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Abstract: It is important to know its own position in order to the robot to move autonomously in the
environment. In the outdoor environment, GPS can be used to determine the position, but in the indoor
environment, the position is estimated by complicated calculation by LiDAR or image sensors. Currently,
SLAM (Simultaneous localization and mapping) method is used to create a map and estimate the position
for the robot navigation. This method is disadvantageous in that there is a risk of divergence in complicated
algorithm calculations, the processing time is long and uneven using various sensors having a large amount
of information relatively, and it is difficult to know the self-position when starting from any location.

In this paper, we propose a deep neural network model that outputs absolute position using Lidar and image
sensor data. The position estimation method using this deep neural network can predict the absolute position
immediately at every location, and the calculation of the model inference is executed periodically without
divergence. In the experiment, training dataset is builded by acquiring LiDAR data and images in the indoor
environment, and it is used to learn the deep neural network model for about one-month. As a result, the
top-5 accuracy of the inference is about 98%, and the estimated position error is about 14cm on average.

Key Words : Deep Neural Network, Multimodal Sensors, Simultaneous Localization and Mapping (SLAM),
Mobile Robot
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Fig. 1 The starting point of the map(red point)
and the trajectory of a mobile robot(red

line) in an indoor corridor environment

Fig. 2 An image of the training dataset in which

pre-processed data are arranged in a grid ((a)
top-left: color image, (b) top-right: LiDAR
visualization image, (c) bottom-left: depth

image, (d) bottom-right: IR image)
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Table 2 Cross-correlation for one-class/multi-class of

the random samples in the training dataset

Cross-correlation for one-class
Model of the training dataset
Name
Mean Stdev Min Max
ResNet50 0.896 0.100 0.553 0.972
VGGI16 0.897 0.134 0.448 0.985
Inception
ResnetV2 0.865 0.129 0.367 0.982
MobileNet | 0.859 0.060 0.682 0.980
DenseNet201 | 0.877 0.125 0.455 1.000
Cross-correlation for multi-class
Model of the training dataset
Name
Mean Stdev Min Max
ResNet50 0.702 0.091 0.432 0.869
VGG16 0.661 0.104 0.333 0.849
Inception
ResnetV2 0.613 0.151 0.143 0.885
MobileNet | 0.569 0.111 0.294 0.786
DenseNet201 | 0.627 0.091 0.388 0.821
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Fig. 3 Structural diagram of proposed DNN model

for position estimation
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Table 3 Top-N accuracy of a DNN model for

position estimation in an indoor environment

Top-N Accuracy
1 0.786
2 0.933
3 0.959
4 0.971
5 0.977
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Fig. 4 Absolute position estimation results of a
DNN model for test dataset

Table 4 RMSE(Root mean square error) for position

estimation inference results of a DNN model

RMSE [cm]
No. of

Test Dataset Top-1 Top-1 & 2
estimation estimation

1 49.78 12.22

2 56.67 14.37

3 54.99 13.86

4 65.35 15.93

(1)

(3b) (3¢0)

Fig. 5 Example of the feature vector visualization of
a DNN model for the input image ((a)left:
input original image, (b)center: visualization of

the feature vector, (c)right: overlapped image)
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