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Abstract

This paper studies the problem of mobile robot map-
building using a low-accuracy RFID sensor. In re-
cent years, there has been increasing number of mobile
robot systems using RFID landmarks. A difficulty arises
from the fact that the characteristics of RFID sensors
are quite electrically-sensitive, which makes the map-
building process difficult to converge. Our solution is to
integrate a robust multiscan-based online sensor model
within an SGD framework of map-optimization, which
significantly improves the convergence and accuracy.

1. Introduction

This paper addresses the problem of mobile robot
map-building using low-accuracy RFID sensors. In re-
cent years, there have been increasing number of mo-
bile robot systems using RFID landmarks [1]-[7]. The
goal of map-building is to reconstruct the configuration
of viewpoints and landmarks given a sequence of ego-
motion and landmark measurements along an observa-
tion path. A difficulty arises from the fact that the char-
acteristics of typical RFID sensors are quite electrically-
sensitive, which makes the map-building process diffi-
cult to converge. This work focuses on the accuracy
problem and improves the convergence by introducing
a robust multiscan-based sensor model.

Existing approaches to map-building are classified
into online or offline ones. The online approaches em-
ploy Kalman filters as well as particle filters [8] to up-
date the map estimate in real time given the latest sensor
measurement and the previous estimate. A drawback
is that they are often trapped at local optimum due to
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the limitation of available information. The offline ap-
proaches employ optimization algorithms [9] to build
the map from scratch given the entire sequence of mea-
surements. The robustness of optimization relies on two
assumptions, known data association and known sen-
sor model. Our case is classified as offline but the sec-
ond assumption is violated as mentioned above, which
makes a direct implementation difficult to converge.

There are also several lines of works on RFID map-
building tasks. The most popular setting is that the robot
is equipped with not only a low-accuracy RFID sen-
sor but also a high-accuracy sensor such as laser range
finder (LRF) [1][2]. This is similar with the standard
laser mapping tasks [8]. Only the difference is that the
data-association is augmented by the ID measurements.
Another setting is that the robot is equipped with some
special RFID range finder [3][4]. This setting is simi-
lar with the standard range-only mapping tasks [10]. A
variant of Kalman filter is adapted to deal with range
measurements. Unlike above, our work is purely on
typical RFID detectors with low spatial accuracy [11].

The main contribution of this paper is an integration
of a robust sensor model within the framework of map
optimization. In our previous work [5][11], the sensor
model is assumed to be a priori learned. In fact, a super-
vised learning process (”training phase”) lets the robot
learn a set of SVM classifiers, which approximate the
probability density of viewpoint conditioned on short-
term sequence of RFID measurements. Although ro-
bust, the supervised approach essentially requires sup-
ports from a human operator, not applicable to unsu-
pervised systems as in this paper. Based on the above
consideration, we introduce a novel regressor based on
a simple boundary model that can be learned in an un-
supervised manner. Our algorithm is a combination of
robust multiscan approach [12][13][14] and a state-of-
the-art map optimizer based on stochastic gradient de-
scent (SGD) [15]. Experiments using real RFID data
are conducted in order to evaluate the convergence and
accuracy of map-building in large-scale environments.
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Figure 2. Proposed multiscan scheme

ego-motion errors can be negligible. The conditional
densities of measurements in a sub-sequence are then
integrated into a single conditional density, represent-
ing a single pseudo-measurement. The resulted pseudo-
measurement is called multiscan and used in place of
the original sub-sequence.

In our method, a multiscan is generated as fol-
lows. See Fig.2 for an intuitive example. Let (xa, ya)
and (xb, yb) respectively denote the locations of the
first and the last viewpoints in the sub-sequence from
where the target RFID tag is detected. A pseudo-
viewpoint (xv, yv, sv) is introduced whose observing
location (xv, yv) is (xa, ya) and angle sv is the direc-
tion of (xb, yb) observed at (xa, ya). Consider a local
coordinate system fixed to (xv, yv, sv). With respect to
the local coordinate, we introduce a region called ob-
servable area where the RFID tag is expected to be ob-
servable when the observer is inside the area and unob-
servable when outside. Once such an observable area is
defined, a number of samples are randomly distributed
inside the area in order to simulate the distribution of
the tag’s location. Finally, the Gaussian distribution is
learned from the simulated distribution.

In this paper, the shape of observable area is as-
sumed to be rectangle. The forward length (height) hv

of the rectangle is the Euclidean distance from (xa, ya)
to (xb, yb). The sideward length (width) is assumed to
be a fixed value 2 ∗ wv . wv is an upper bound of range
of possible RFID tags. Although this is a rough approx-
imation, wv is usually a very large value and therefore
its influence is very small in the Gaussian approxima-
tion as well as the SGD framework.
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Figure 3. Trajectories and estimation er-
rors (left: estimate, right: answer)

3 Experiments

A set of map-building experiments are conducted in
large-scale environments. As a preparation, a library
of RFID data (e.g. Fig.1) are developed using an ac-
tive RFID system SPIDER V at known viewpoints in
a real environment (a 20m x 50m area in Kyushu Uni-
versity building). Based on the real data, thousands of
tags with the realistic characteristics are randomly dis-
tributed in a large area ([0,1000]x[0,1000] in Fig.3) in a
simulated environment. In the map-building tasks, the
robot moves on circular trajectories with around 500m
radius with 1m travel distance per viewpoint.

Fig.3(a) shows a plot of actual trajectory and its
odometry-only estimate, i.e. dead-reckoning. To visual-
ize the estimation errors, a set of straight line segments
between the actual and the estimated viewpoints (sam-
pled at every 100 viewpoints for clarity) are overlaid on
the right figure. It can be viewed that the odometry-
only estimate is quite different from the actual one. The
ego-motion errors are accumulative and increase in un-
bounded fashion. The increase is more than linear order
to the travel distance due to the angular error effects.

Fig.3 (b),(c) show results of the map-optimization
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Figure 4. Location error vs viewpoint ID

using the conventional singlescan model and the pro-
posed multiscan model. The odometry errors are re-
duced when a previously observed tag is re-observed.
It can be said that the error-resetting effect of map-
building is quite effective in our case. It is also viewed
that the location errors are mostly smaller for the pro-
posed method than the conventional method. This is
due to the rate of successful convergence is much higher
for the proposed method.

For further investigation, similar map-building tasks
are performed in 100 different environments. The er-
rors are summarized as well as the standard deviations
in Fig.4. The horizontal and the vertical axes respec-
tively are the viewpoint ID and location error [m]. For
the odometry-only method, it can be seen that the loca-
tion error can be very large, at most 700m when the to-
tal distance traveled is 10km. Comparing the proposed
method with the other two, it can be seen that the pro-
posed method clearly outperforms the odometry and the
conventional methods in convergence performance as
well as accuracy.

4 Conclusions

We have studied the problem of mobile robot map-
building using a low accuracy RFID sensor. Firstly, we
have investigated the RFID characteristics and found
that the measurement noises are quite case sensitive.
To solve the problem, we have introduced a multiscan-

based sensor model that can be learned in online, then
integrated the robust sensor model within the frame-
work of SGD map optimization. We have conducted
experiments based on real RFID data in large-scale en-
vironments and found that the proposed method clearly
outperforms the conventional ones in convergence per-
formance as well as accuracy.
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