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ABSTRACT

Indoor localization technology based on the Received Signal Strength
Indicator (RSSI) holds significant practical promise for mobile robots.
However, accuracy is directly diminished due to the challenge of
precisely establishing correlations among 3D positional data (build-
ings, floors, and coordinates) from RSSI, as well as RSSI fluctua-
tions caused by numerous signal interferences. This demonstra-
tion proposes MMLoc, a 3D indoor localization system for mo-
bile robots. To enhance positional features, MMLoc reshapes one-
dimensional RSSI data into images and jointly utilizes them as in-
puts to a prediction model. To further optimize the model’s per-
formance, the building prediction task works as a prerequisite for
floor and coordinate prediction tasks, followed by staged feature
extraction and multidimensional data fusion. Experimental results
on a JetBot demonstrate that MMLoc has achieved high-precision
3D indoor localization.
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1 INTRODUCTION

RSSI-based indoor localization technology for mobile robots is widely
applied due to its cost-effectiveness and ease of deployment. How-
ever, factors such as pedestrian movement and object obstructions
result in significant variations in RSSI signals, further complicat-
ing the extraction of location features. To address this issue, Sad-
hukhan et al. proposed a clustering strategy based on weighted
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fusion [1]. Nevertheless, this approach focuses on extracting fea-
tures from one-dimensional information, ignoring the spatial po-
sitioning relationships of wireless transmitters. Considering the
performance benefits of two-dimensional convolutional kernels,
Ye et al. transformed one-dimensional RSSI fingerprints into two-
dimensional images, enhancing localization performance by estab-
lishing a multi-step data flow [3]. But such method only imple-
ments plane positioning and disregards factors such as buildings
and floors, which is unable to meet the requirement of 3D indoor
localization.
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Figure 1: An overview of MMLoc.

To achieve high-precision 3D indoor localization, the primary
motivations behind this work are: (1) In order to reduce the multi-
ple interferences caused by complex indoor environments and en-
hance the position features in RSSI signals, this work attempts to
design a mechanism involving multi-dimensional reshaping and
data augmentation of RSSI to enhance the position features and
achieve effective extraction of position features. (2) Features such
as buildings, floors, and coordinates can be extracted from RSSI
data is critical for 3D indoor localization task. Based on this think-
ing, this work attempts to analyze multi-dimensional RSSI data and
improve the accuracy of 3D positioning by identifying the correla-
tion among these features.

This demonstration presents MMLoc as a 3D indoor localization
system designed for mobile robots and relies on multidimensional
RSSI. Firstly, MMLoc performs data reshaping and augmentation
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on the RSSL. Then, separate feature extraction and fusion processes
are carried out to obtain accurate position information related to
3D position data and finally achieve high-precision 3D indoor lo-
calization.

2 DESIGN AND IMPLEMENTATION

MMLoc primarily comprises three processing stages, as illustrated
in Figure 1. A. Data Capture: The one-dimensional RSSI finger-
print database is created by moving through the environment with
JetBot. B. Model Training: The one-dimensional RSSI data un-
dergoes two-dimensional feature reshaping and augmentation, fol-
lowed by model-based feature extraction and fusion. C. Synchro-
nous Prediction: The JetBot performs localization tasks while com-
pleting mobility, hardware control, device performance monitor-
ing, and video stream acquisition.
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Figure 2: Data Flow for RSSI.

2.1 Data Preprocessing

As depicted in Figure 2a, MMLoc performs the following opera-
tions on the raw RSSI data. (1) Feature Reshaping: Using a one-
dimensional sliding window to iterate through each fingerprint
data, MMLoc obtains segments of the specified size and stacks
them vertically to create two-dimensional RSSI images. (2) Data
Enhancement: MMLoc introduces random interference noise to in-
dividual one-dimensional RSSI data points and incorporates multi-
ple noise blocks into the two-dimensional image.

2.2 Position Prediction Model

As illustrated in Figure 2b, MMLoc has two flows in the model. (1)
Image stream: MMLoc performs initial feature extraction to the in-
puts and employs convolutional layers for building-related feature
extraction. After finishing the image flattened, feature alignment,
and fusion, MMLoc extracts deeper features while computing the
building’s position results using Softmax. Notably, it merges the
results again with the data from the previous layer, which serves
as one-dimensional features guiding the completion of the floor
and coordinate tasks. Regarding the two-dimensional feature in-
puts for the latter two tasks, MMLoc directly utilizes the building
features that have not undergone flattening. (2) Data stream: The
processing logic is fundamentally symmetrical to that of images,
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while dense layers replace the convolutional layers and flattened
layers removed.

2.3 Operations Analysis

The operational demonstration displays the JetBot in its normal
phase, during model training, and during the prediction phase, rep-
resented by A, B, and C, respectively, as shown in Figure 3. The
results indicate that battery consumption and memory usage at
any stage remain within manageable limits. Simultaneously, we
validated the MMLoc’s accuracy with the UJlIndoorLoc [2] dataset
that training and testing data have a 4-month interval, which can
demonstrate the system’s generalization performance effectively.
Table 1 shows that the proposed method achieves localization ac-
curacy of 99.97% for buildings and 92.99% for floors on the test set.
Additionally, the position error is 7.91m, and the prediction time
for each data point is 18.93 ms, outperforming the current state-of-
the-art methods.

Table 1: Accuracy on publicly available dataset UJI

Building Floor
(%) (%)
99.97 92.99

Position Detection Speed
(m) (ms)
7.91

18.93

Figure 3: Demonstration of the MMLoc Operation.

3 DEMONSTRATION

As MMLoc is fully deployed on the JetBot, we will showcase all its
functionalities through JetBot and record a demonstration video.
In the video, all module functionalities will be accessible via a mo-
bile web page, with a particular focus on the positioning model, as
shown in Figure 1.

REFERENCES

[1] Pampa Sadhukhan, Keshav Dahal, and Pradip K. Das. 2023. A Novel Weighted
Fusion Based Efficient Clustering for Improved Wi-Fi Fingerprint Indoor Position-
ing. IEEE Transactions on Wireless Communications 22, 7 (July 2023), 4461-4474.
https://doi.org/10.1109/TWC.2022.3225796

Joaquin Torres-Sospedra, Raul Montoliu, Adolfo Martinez-Uso, Joan P. Avariento,
Tomas ]. Arnau, Mauri Benedito-Bordonau, and Joaquin Huerta. 2014. UJIn-
doorLoc: A new multi-building and multi-floor database for WLAN fingerprint-
based indoor localization problems. In 2014 International Conference on Indoor
Positioning and Indoor Navigation (IPIN). IEEE, Busan, South Korea, 261-270.
https://doi.org/10.1109/IPIN.2014.7275492

Qianwen Ye, Hongxia Bie, Kuan-Ching Li, Xiaochen Fan, Liangyi Gong, Xiangjian
He, and Gengfa Fang. 2022. EdgeLoc: A Robust and Real-Time Localization Sys-
tem Toward Heterogeneous IoT Devices. IEEE Internet of Things Journal 9, 5
(March 2022), 3865-3876. https://doi.org/10.1109/JI0T.2021.3101368

(2]

&





