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Abstract— This paper presents a sound-based online localization method for an in-pipe snake robot with an inertial
measurement unit (IMU). In-pipe robots, in particular, snake
robots need online localization for autonomous inspection and
for remote operator supports. The GPS is denied in a pipeline,
and conventional odometry-based localization may deteriorate
due to slippage and sudden unintended movements. By putting
a microphone on the robot and a loudspeaker at the entrance
of the pipeline, their distance can be estimated by measuring
the time of ﬂight (ToF) of a reference sound emitted from the
loudspeaker. Since the sound propagation path in the pipeline is
necessary for estimating the robot location, the proposed soundbased online localization method simultaneously estimates the
robot location and the pipeline map by combining the distance
obtained by the ToF and orientation estimated by the IMU.
The experimental results showed that the error of the distance
estimation was less than 7% and the accuracy of the pipeline
map was more than 68.0%.

I. I NTRODUCTION
While most in-pipe robots for inspecting pipelines in
industrial facilities such as power plants and gas or water
supply [1]–[5] have been targeted to speciﬁc pipes, snake
robots are rather general purpose in the sense that they can
be deployed to different kinds of pipelines by twisting their
high-degree-of-freedom (DOF) bodies [1]–[3] (e.g. Fig. 1).
Since the maps of pipelines in old facilities may be either
lost or obsolete, these robots are often forced to work in
unknown pipeline environments.
Online localization of an in-pipe robot is essential for autonomous inspection and for remote operator supports. Conventional localization methods use encoders, visual sensors,
and inertial sensors [6]–[11]. For example, visual odometry
localizes an in-pipe robot by estimating its movements from
time series of video camera images [9]. Such integral-type
localization, however, incurs an accumulated error problem
and becomes inaccurate when the robot suddenly slips or is
unintentionally moved.
Pipeline environments disturb sensor systems that can
determine the absolute location outdoors and in most indoor
environments. The GPS or magnetometers cannot be used in
pipelines that disturb radio waves and magnetic ﬁelds [12];
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(a) 2-m in-pipe snake robot (b) Snake robot climbing a vertical pipeline
Fig. 1. In-pipe snake robot used in this paper.

laser range ﬁnders only provide local information around
the robot in a winding pipeline. Although several methods
use the length of the power cable between the robot and
the entrance of the pipeline [10], [13], the cable length is
unreliable in a large-diameter pipeline because the cable
curves or coils.
Sound-based distance estimation can measure the shortest
length along the pipeline between the robot and the entrance
of the pipeline. Putting a microphone on the robot and a loudspeaker at the entrance enables their distance to be estimated
by measuring the time of ﬂight (ToF) of a reference sound
emitted from the loudspeaker [14], [15]. Although reﬂection
causes sounds that have longer paths than the pipeline, the
estimation accuracy can be kept by detecting a sound that
propagates through the shortest path. Since the ToF of a
sound is affected mainly by the contents and surface of the
pipeline, it works in GPS-denied environments. Moreover,
the distance from the entrance can be measured even when
the pipeline is winding because the sound propagates with
diffraction.
This paper presents a sound-based localization method
that estimates the 3D robot location and pipeline map.
Since the ToF estimation provides only the distance from
the entrance, the sound propagation path in the pipeline is
necessary for estimating the robot location. The proposed
method simultaneously estimates the robot location and
pipeline map by combining the distance with the robot
orientation estimated from inertial measurement unit (IMU)
observations. To achieve this, we formulate a nonlinear statespace model that represents the relationships among the
observations, robot location, and pipeline map. The pipeline
map is represented as an inner space of the pipeline. The
robot location is estimated by using an extended Kalman
ﬁlter in an online manner [16], and the pipeline map is
estimated from the past locus of the robot location after
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TABLE I
M EANINGS OF MATHEMATICAL SYMBOLS
Symbol
C
k
t
dk ∈ R
ek ∈ R3
xk ∈ R 3
vk ∈ R
T
zk = [xT
k , vk ]
M ⊂ R3
S(p, r) ⊂ R3

Meaning
Speed of sound in a pipeline (set to 340 m/s in this paper)
Measurement index
Time
Distance between the microphone and loudspeaker
Unit vector representing the robot orientation
Location of the robot
Velocity of the robot
Robot state
Pipeline map
Sphere (S(p, r) = {x ∈ R3 ||x − pi | < ri })

Pitch axis
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(c) Layout of the sensor module and snake robot
Fig. 3. Design of the in-pipe snake robot used in this paper.

each update. The effectiveness of the proposed sound-based
localization method was evaluated using a prototype in-pipe
snake robot (Fig. 1).
II. R ELATED W ORK
This section overviews conventional in-pipe localization
methods and indoor sound-based localization methods.
A. In-pipe Localization Methods
To cope with GPS-denied pipeline environments, several
localization methods have been developed by using visual
sensors [9], [17]. Hansen et al. [9], for example, used a
ﬁsheye camera to perform simultaneous localization and
mapping (SLAM). Since the visual odometry in a pipeline
is degraded by limited image textures of the pipeline wall
and visual aliasing, this method suppresses odometry errors
by introducing a pipeline-shape constraint that assumes the
model that a pipeline is composed of straight sections and
T-intersections.
To correct accumulated errors without using the pipelineshape constraints, landmark extraction algorithms are tuned
to in-pipe SLAM [7], [11], [18]. When the same landmark is
reobserved, the robot is assumed to revisit the same location
where the landmark is ﬁrstly observed [16]. Krys et al. [7]
extracted visual landmarks on the wall of a pipeline to
correct accumulated errors of the inertial navigation system.
Ma et al. [18] reported an algorithm that detects unique
void patterns in or beyond the wall of a pipeline by using
ultrasonic echoes. The in-pipe robots used in the above
mentioned methods were designed to ﬁt target pipes, and
thus slippage or sudden fall were rather rare. Therefore,
continuous textures are available. On the other hand, an
in-pipe snake robot often encounters slippage and sudden
unintended movements such as falling.
B. Indoor Sound-based Localization Methods
Sound-based localization can estimate the distance between a loudspeaker and a microphone immediately without
978-1-5090-4349-1/16/$31.00 ©2016 IEEE

accumulated errors [19]–[21]. The most common features
are the time of ﬂight (ToF) and time difference of arrivals
(TDoAs) of a reference signal among the microphones.
Bando et al. [21] attached loudspeakers, microphones, and
IMU on a ﬂexible hose-shaped rescue robot and estimated
its 3D shape in a messy damaged environment with TDoAs
obtained by recording a special sound from one of the
loudspeakers.
III. O NLINE S OUND - BASED L OCALIZATION
FOR AN I N - PIPE S NAKE ROBOT
The proposed sound-based method estimates the robot
location and pipeline map by combining the ToF-based
distance estimation and IMU-based orientation estimation as
shown in Fig. 2. The robot location is estimated by using an
extended Kalman ﬁlter [16] and the pipeline map is estimated
from the past locus of the robot location in an online manner.
A. Design and Implementation of In-pipe Snake Robot
Fig. 1 shows the in-pipe snake robot used in this paper. The
robot body consists of 20 modules of 120 mm in diameter,
serially connected with a gap of 95 mm between adjacent
modules. Each module has two half joints in yaw and
pitch axes, connecting to the previous and next modules,
respectively (Fig. 3-(a)). It is covered with foam rubber tape
increasing friction with the wall of a pipeline (Fig. 1-(a)). The
robot moves forward by making a helical rolling motion [3].
As shown in Figs. 3-(b) and (c), a sensor module with a
microphone and IMU is attached to the tail cable of the
robot. The microphone on the module is connected to a
synchronized stereo A/D converter. The other input of the
A/D converter is connected to an audio cable that indicates
the onset time of the reference signal emitted from the
loudspeaker at the entrance of the pipeline. The IMU sensor
has a three-axis gyroscope and a three-axis accelerometer
with the axis indicated in Fig. 3-(b).
B. Problem Statement
The sound-based localization problem in this paper is
deﬁned as follows:
Input: 1) The distance between the microphone on the
robot and loudspeaker at the entrance dk ∈ R.
2) The orientation of the snake robot ek ∈ R3 .
Output: 1) Location of the robot xk ∈ R3 .
2) Pipeline map M ⊂ R3 .
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Fig. 5. Graphical model of the online sound-based localization framework.

where k represents the measurement index. We estimate the
location of the sensor module as the robot location. Note
that we can estimate the head location of a robot instead of
the tail location by putting the sensor unit to the head of
the robot. The orientation ek is a unit vector representing
the x-axis of the sensor module in the absolute coordinate
system. The pipeline map M represents the inner space of
the pipeline. The distance dt is estimated by measuring the
ToF of a reference signal (Sec. III-C), and the orientation
ek is estimated from the IMU measurements (Sec. III-D).
In this paper we assume that the radius of pipelines is
known in advance and pipelines are straight or connected
at right angles for suppressing the accumulative errors of the
IMU-based orientation estimation. The other notations are
summarized in Table I.
C. ToF-based Distance Estimation
The distance dk between the robot and the entrance of the
pipeline is estimated by measuring the ToF of a reference
signal emitted from the loudspeaker. As shown in Fig. 4,
the ToF is measured as the onset time difference between
the microphone and an audio cable that transfers the audio
signal emitted by the loudspeaker.
The onset estimation for the ToF estimation in a pipeline
raises following three problems:
1) Environmental noise: The industrial facilities where the
robot will be used generate numerous noise sounds.
2) Reverberation and reﬂection: Long and narrow pipelines
cause high reﬂection and reverberation sounds.
3) Content of the pipeline: The speed of sound depends on
the gas or liquid ﬁlling the pipeline.
In this paper we assume that the pipeline is ﬁlled with gas,
and the temperature and pressure are constant in the pipeline.
This assumption enables us to estimate the distance between
the loudspeaker and microphone by assuming that the speed
of sound is the same everywhere in the pipeline:


dk = τkmic − τkref C
(1)
where τkmic and τkref represent the onset times of the reference signal in the microphone and audio signal recording,
respectively, and C is the speed of sound in the pipeline.
For the onset estimation robust against the ﬁrst two problems, we use the onset estimation method proposed in [21].
To tackle the environmental noise problem, a time stretched
pulse (TSP) [22] is used as a reference signal emitted by
the loudspeaker. Since the auto-correlation of a TSP signal
becomes an impulse signal, we can detect the onset time of
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a TSP signal with high time resolution by taking the crosscorrelation between an original TSP signal and its recording.
For the reverberation and reﬂection problem, the onset time
of the reference signal is calculated using the generalized
cross correlation method with phase transform (GCC-PHAT)
which is robust against reverberation [14]. Since the direct
sound of a reference signal is observed earlier than reﬂection
sounds, the reﬂection problem is tackled by extracting the
ﬁrst peak of the GCC-PHAT coefﬁcient.
D. Orientation Estimation from IMU Observations
The current orientation of the robot is estimated by accumulating the angular velocity observed by the gyroscope and
correcting the accumulated error with the linear acceleration
observed by the accelerometer. These two types of measurements are integrated by a complementary ﬁlter proposed
by Velanti et al. [23]. This ﬁlter is known to have a fast
convergence and low calculation cost.
The orientation information is used for detecting the
direction of the robot movement. In this paper, x-axis of
the sensor module ek , which represents the orientation of
the module, is assumed as the movement direction. Since
IMU-based orientation estimation has accumulated errors,
the raw x-axis vector êk ∈ R3 ( |êk | = 1) estimated
by the complementary ﬁlter is assigned to one of the axis
directions in the absolute coordinate system for suppressing
the errors. This assignment is conducted by maximizing the
cosine similarity as follows:


ek = arg max eT · êk
(2)
e∈E

where E = {ex , −ex , ey , −ey , ez , −ez } represents a set of
the unit vectors of the candidate axis directions.
E. State-space Model of Robot Location and Pipeline Map
We formulate a state-space model representing relationships among the robot location, pipeline map, and observations (Fig. 5). The latent variables of the proposed state-space
model consists of 1) a robot state and 2) a pipeline map.
The robot state zk ∈ R4 consists of the location of the robot
xk ∈ R3 and its velocity vk ∈ R:
(3)
zk = [xTk , vk ]T
3
The pipeline map M ⊂ R represents the inner space of the
pipeline. For the convenience, it is represented as a union of
N spheres (Fig. 6):

M=
S(pi , ri )
(4)
i
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where S(pi , ri ) = {x ∈ R3 ||x − pi | < ri } represents a
sphere with a center position pi ∈ R3 and a radius ri (i =
1, 2, 3, . . . , N ).
1) State Update Model: The state update model of the
robot state p(zk+1 |zk ) is formulated with two individual
update models: 1) robot location update model p(xk+1 |zk )
and 2) velocity update model p(vk+1 |zk ):
p(zk+1 |zk ) = p(xk+1 |zk )p(vk+1 |zk )

(5)

The current robot location xk is updated by the current robot
orientation ek and velocity vk :
p(xk+1 |zk ) = N (zk+1 | xk + vk ek , Σ

x|z

).

(7)

where σ v|z ∈ R is the standard deviation of the process
noise.
2) Measurement Model: Since the orientation measurement ek is directly formulated in the state update model
(Eq. 6), only the measurement model of the estimated
distance is formulated. The distance measurement model
p(dk |zk , M) is formulated by using the length of the reference signal’s propagation path between the microphone and
the loudspeaker:
p(dk |zk , M) = N (dk | f (M, xk ), (σ τ )2 )

(8)

where f (M, xk ) is the length of the propagation path of
the reference signal and σ τ is the standard deviation of the
measurement noise.
The length of the sound propagation path f (M, xk )
between the robot (microphone) location xk and the entrance
of the pipeline ([0, 0, 0]T ) is deﬁned as the shortest path
between them on the pipeline map M. Since it is hard to
ﬁnd the shortest path on the map analytically or numerically,
we approximate the path as a polyline connecting the center
positions pi of the spheres S(pi , ri ) of the map M as shown
in Fig. 6. f (M, xk ) is then easily calculated by Dijkstra’s
algorithm [24]. This algorithm ﬁnds the shortest path from
the list of the distances between each pair of two center
positions pi of the adjacent spheres.
978-1-5090-4349-1/16/$31.00 ©2016 IEEE

(b) Upper part

Fig. 7. The mockup pipeline used in the evaluation for ToF-based distance
estimation.
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(6)

where Σx|z ∈ R3×3 represents the covariance matrix of
the process noise of the robot location. The velocity update
model p(vk+1 |zk ) is represented as a random walk:
p(vk+1 |zk ) = N (vk+1 | vk , (σ v|z )2 )

(a) Bottom part
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F. Estimation Algorithm
The current robot state zk (the robot location xk and
velocity vk ) is estimated from the measurements d1:k and
e1:k in an online manner by using an extended Kalman
ﬁlter (EKF). Since EKF needs the derived function of
∂
∂zk fd (M, xk ), it is approximated by numerical derivation.
The pipeline map M, on the other hand, is estimated after
each update of the robot state. Since the robot is in the
pipeline, the space around the current location of the robot
can be assumed to be in the pipeline. Therefore the pipeline
map is updated by adding the space around the robot location
xk as follows:
M ← M ∪ S(xk , r)

(9)

where r > 0 is a parameter representing the radius of a
sphere to be added.
IV. E XPERIMENTAL E VALUATION
This section reports experimental results evaluating the
ToF-based distance estimation in a 6-m pipe, and the soundbased localization method with a moving in-pipe snake robot.
A. Evaluation 1: ToF-based Distance Estimation
The proposed ToF-based distance estimation method was
evaluated by varying the distance between a microphone and
loudspeaker in a 6-m pipe.
1) Experimental Settings: We evaluated the proposed
ToF-based distance estimation method with the recordings
in a pipeline as shown in Figs. 7 and 8. It had two elbow
sections and was 6 m long and 0.2 m in diameter. A loudspeaker was equipped at the entrance of the pipeline, and a
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Fig. 9. Estimated distances and their errors with the ToF-based distance
estimation.

B. Evaluation 2: Sound-based Localization of a Moving Robot
The proposed sound-based localization method was evaluated with a moving in-pipe snake robot.
1) Experimental Settings: As shown in Fig. 10, the proposed sound-based method was evaluated under the following three conﬁgurations:
1) C-shape: Two 1-m pipes and one 2-m pipe, both 0.2 m
in diameter, were connected with two elbow pipes to form a
horizontal C shape.
978-1-5090-4349-1/16/$31.00 ©2016 IEEE

ݕ

1m

(b) Estimation errors

microphone was suspended by a nylon cord in the pipeline.
The distance between the microphone and loudspeaker were
increased in 10 cm increments by drawing up the nylon
cord. The TSP reference signal used in this evaluation had a
length of 16384 samples (1.024 s) at 16 kHz. The reference
signals were sampled at 16 kHz and 24 bits. These parameters
were determined empirically. The proposed ToF-based estimation method (gcc-phat / ﬁrst-peak) was compared with the
following two baseline methods: 1) using cross correlation
instead of GCC-PHAT (cc), and 2) extracting the maximum
correlation coefﬁcient instead of extracting the ﬁrst peak
(max-peak) of the GCC-PHAT coefﬁcients.
2) Experimental Results: Fig. 9 shows the estimated distance at each distance setting. When the microphone was
placed in front of the ﬁrst elbow section, the estimation
errors of the proposed method (gcc-phat / ﬁrst-peak) were
less than 0.1 m. Moreover, when the microphone was placed
beyond the ﬁrst elbow section, the estimation errors of the
baseline methods became signiﬁcantly greater than those
of the proposed method. Although the estimation errors of
the proposed method increased when the microphone was
beyond the elbow section, the estimation errors were less
than 7 % of the distances between the microphone and loudspeaker. This result shows that our distance estimation works
precisely even in high-reverberant in-pipe environments.

ݔ

0.13m

(c) Conﬁguration 3: Z-shape
Fig. 10. Three conﬁgurations for the experimental evaluation.The robot
moved in the pipeline along the red line.
TABLE II
P RECISION , R ECALL , AND F- MEASURE OF THE E STIMATED P IPELINE
M APS
Method

Conﬁguration

Precision

Recall

F-measure

tof-imu-pc

C-shape
F-shape
Z-shape

68.2 %
72.7 %
57.7 %

90.0 %
97.8 %
83.0 %

77.6 %
83.4 %
68.0 %

tof-imu

C-shape
F-shape
Z-shape

12.6 %
23.7 %
18.5 %

16.2 %
31.8 %
27.1 %

14.1 %
27.1 %
22.0 %

2) F-shape: Four 1-m pipes 0.2 m in diameter were connected with one elbow pipe and one T-intersection to form
an F shape.
3) Z-shape: Three 1-m pipes 0.2 m in diameter were connected with two elbow pipes to form a vertical Z shape.
The accelerometer and gyroscope signals were sampled at
200 Hz and 16 bits. We used the same TSP signal we used
in Evaluation 1. The initial state z0 = [x0 , v0 ] was set to
x0 = [0.1, 0, 0] (m) and v0 = 0 (m/s). The other parameters
were determined experimentally.
In this experiment we evaluated the accuracy of the
estimated pipeline map because it was hard to determine the
ground truth location of the sensor module accurately. Since
the proposed method estimates the pipeline map as the space
inside of the pipeline, the pipeline map accuracy is evaluated
with the volume ratio of the precision and recall as follows:
V(M̄ ∩ M)
V(M̄)
V(M̄ ∩ M)
Recall(M̄, M) =
V(M)

Precision(M̄, M) =

(10)
(11)

where M̄ and M are the ground truth and estimated pipeline
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Fig. 11. The estimated pipeline map and self-location at each measurement, and corresponding picture of the robot and pipeline. The point, line, and
circles indicate the estimated location, sound propagation path, and spheres of pipeline map, respectively. Black solid lines indicate the ground truth pipeline
map. The sensor module ended up at the dashed black line at each conﬁguration. The red circles in the pictures indicate the location of the sensor module.

maps, respectively, and V(A) represents the volume of A.
Since in the F-shape conﬁguration the robot did not get
into the middle 1-m pipe (Fig. 10-(b)), the pipeline map
was estimated as L-shape. Therefore, we did not take into
the volume of this pipe in this evaluation. To investigate
the effectiveness of the perpendicular condition that assumes
pipelines to be straight or connected at right angles, we
compared the proposed method (tof-imu-pc) with a baseline
method (tof-imu) that does not assume the perpendicular
condition. That is, tof-imu uses the raw orientation êk
estimated by the IMU-based estimation (Sec. III-D).
2) Experimental Results: TABLE II shows the precision,
recall and F-measure for the estimated pipeline map at each
conﬁguration. In the all three conﬁgurations, the precision
and recall of the proposed method (tof-imu-pc) have at least
57.7 % and 83.0 %, respectively. Fig. 11 shows the estimated
robot location and pipeline map at each time. Although the
estimated robot location at the last measurement in each
conﬁguration had more than 10 cm of the errors from the
actual location, tof-imu-pc correctly estimated the locations
978-1-5090-4349-1/16/$31.00 ©2016 IEEE

of the elbow sections. These results showed the proposed
method could robustly estimate the pipeline map even when
the pipeline vertically or horizontally curved (C-shape or Zshape), or the pipeline had a branch (F-shape).
On the other hand, compared to the tof-imu-pc, the
precision and recall were signiﬁcantly degraded when the
perpendicular condition was not assumed (tof-imu). Fig. 12
shows the 3D projections of the estimated pipeline maps.
The pipeline maps estimated by the tof-imu curved even
at the straight sections because the IMU-based orientation
estimation has accumulated error problem and ToF information only provides the distance information. One way
to improve the proposed sound-based localization method
is combining it with visual sensors for estimating curving
pipelines. The pipeline shape, such as how the pipeline is
curving, can be observed by using the visual odometry or
visual-SLAM [9]. Although such a visual-based method also
has the accumulated error problem, it will be overcame by
integrating sound, IMU, and visual sensors on a uniﬁed statespace model as a SLAM framework.
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(a) Conﬁguration 1: C-shape
(b) Conﬁguration 2: F-shape
(c) Conﬁguration 3: Z-shape
Fig. 12. 3D projections of the ground truth pipeline (transparent white) and estimated pipeline maps (red: tof-imu-pc, blue: tof-imu).

V. C ONCLUSION
This paper presented a sound-based online localization
method for an in-pipe snake robot. The proposed method
simultaneously estimates the robot location and pipeline
map in an online manner by combining ToF-based distance
estimation and IMU-based orientation estimation. The results
of the preliminary experiments showed that our robot moved
through the various mockup pipelines and the proposed
sound-based method correctly conducted the localization and
pipeline mapping. More speciﬁcally, the error of the distance
estimation was less than 7% in a mockup pipeline and the
accuracy of the pipeline map was more than 68.0%.
The next step is to design and implement a wireless soundvisual-based SLAM for an in-pipe snake robot. The reference
audio cable that limits the movements of a robot can be
replaced with a wireless radio transmitter. The wireless
version will be used for more different types of in-pipe
robots. Our method will be able to work without the perpendicular assumption by combining visual sensors that can
directly observe the conditions of a pipeline. The integration
of sound, IMU, and visual sensors will be conducted in
a SLAM manner for complementing each other. We will
also conduct more detailed evaluations to compare with
conventional IMU- or visual-based frameworks, and more
practical experiments in simulated pipelines to evaluate the
effectiveness in the inspection tasks.
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