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Improving SLAM in Pipe Networks by

Leveraging Cylindrical Regularity⋆
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Abstract. Monocular visual Simultaneous Localisation and Mapping
algorithms estimate map points and frame poses simultaneously based
on video data. The estimated map point locations do not contain any
structural information. Due to the measurement noise, the estimated
trajectory is slightly different from the ground truth. This paper improves
the estimation accuracy of trajectory in a pipe network by leveraging
structural regularity. An optimisation-based method is used to detect a
cylinder among map points in the SLAM back-end. When the cylinder is
detected, the system enforces cylindrical regularity to the points from the
cylindrical pipe surface, which is named cylindrical points. The estimated
trajectory and map points will benefit from this structural information.
This method is verified and evaluated on both synthetic data and real-
world pipe video datasets.

Keywords: SLAM · Structural regularity · Pipe networks inspection ·

Structure from motion.

1 Introduction

Pipe networks play an important role in transporting resources such as water, oil,
and natural gas. Due to their low cost and efficiency, pipelines are widely found
in cities and industry. However, pipe networks may suffer from defects, such as
blockages or leakage, leading to economic losses, environmental contamination,
and damage to health [2]. Nondestructive inspection or testing is an essential
task, which can provide early detection of defects and avoid undesirable results.

Cameras are low-cost, effective sensors providing detailed appearance in an
immersive fashion, and there is an extensive existing literature on Structure from

Motion (SfM) and visual Simultaneous Localisation and Mapping (SLAM) [3].
The majority of vision-based methods focus on SfM [17], which take advantage
of the structural information of pipes, but impose strong constraints on the robot
motion or cannot perform in real-time. Visual SLAM methods enable an agent
equipped with a camera to explore its environment and build a sparse point cloud
simultaneously [4,6,16]. These can be divided into feature-based methods, which
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track features between video frames and estimate frame poses and map points
by reducing reprojection error [16], and direct methods, which track informative
points and estimate the frame poses by minimizing the photometric error [4].

In the narrow space of the pipe, visual SLAM algorithms suffer from low par-
allax. The estimated pipe becomes less cylindrical and shapes more like a cone,
and the travel distance is underestimated. In order to improve the accuracy in
a man-made environment, a natural choice is structure SLAM algorithm which
uses structural information such as knowledge of lines or planes. However, pre-
vious SLAM algorithms do not consider cylinders, and the SfM methods cannot
be used directly for visual SLAM in pipe networks.

In this paper, we propose a new extension to the popular ORB-SLAM2 sys-
tem [16] to leverage cylindrical regularity in a pipe network. The main contri-

butions of this work include: 1) An iterative cylinder detection method based
on sparse points, selecting cylindrical points within 95% confidence intervals; 2)
In order to leverage the cylindrical information through all related frames, our
method estimates the cylinder based on optimised map points, which is different
from existing structure SLAM algorithms which detects structural regularities
among local map points; 3) The method is verified on synthetic and real-world
data. The results demonstrate that the cylindrical regularity improves the accu-
racy of estimated camera trajectories and sparse points clouds.

The remainder of the paper introduces related work in Section 2, and the
proposed method is described in Section 3. Section 4 introduces how the system
detects the cylinder. Section 5 presents the cost function and the cylindrical regu-
larity. Section 6 describes the experiment setups and results. Finally, conclusions
and plans for future work are summarised in Section 7.

2 Related Work

In man-made environments with many higher-level features and structural reg-
ularities, many robots use SLAM algorithms designed to exploit this informa-
tion to improve localization accuracy. There are two main ways to incorporate
structural regularities. The first approach uses the Manhattan world [20] which
abstracts the man-made environment as a set of blocks. However, many require-
ments for this approach are not met in the pipe environment, such as lines in
orthogonal directions and the vanishing points. The second approach is to add
structural regularities to landmarks, including points, edges, and lines, in the
optimisation [7,9,13]. These algorithms also optimise the structural parameters
in the local optimisation, including other landmarks. However, these specific
structural regularities are not present in the buried pipe environment.

A key structural property of pipe environments are their cylindrical shape,
and some Structure from Motion (SfM) methods have been designed to exploit
this information. Some methods [8,19] estimate the map point location by com-
puting the intersection of the known cylindrical surface and the ray from the
camera centre to the observation when the camera moves parallel with the pipe
axis. Others methods [8,10] add cylindrical regularity to map points in the bundle
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adjustment (BA) algorithm to keep the points on the known cylindrical surface.
Further, this prior knowledge has been used in local pose optimisation, which
can optimise the camera poses and triangulate features iteratively [12].

To date, SfM approaches have typically assumed that the robot moves for-
ward parallel with the pipe axis, where the system benefits most from the cylin-
drical information [8, 12]. In some cases, the pose estimation is simplified by
assuming the robot moves in a straight line [3,8,19]. Those assumptions do not
typically hold in the SLAM problem. Cone detection among the triangular fea-
tures has been used to lift restrictions on camera movement [10], which can be
done without prior knowledge of the pipe axis, and is less sensitive to camera
calibration [14]. This method detects multiple pipe instances with temporary
map points incrementally per reconstructed model, which can not perform in
real-time.

In summary, although many SfM algorithms exploit cylindrical information,
SLAM algorithms cannot implement these methods directly since they incorpo-
rate some prior knowledge that is not available in the SLAM problem formula-
tion. Meanwhile, SLAM algorithms have yet to incorporate cylindrical structure
information. This paper aims to address this gap.

3 System Overview

The proposed system is derived from ORB-SLAM2 [16] which is a well-known vi-
sual SLAM algorithm. ORB-SLAM2 has three threads: tracking, local mapping
and loop closing. The conventional ORB-SLAM2 selects frames with much new
information as keyframes in the tracking thread. In the local mapping thread,
the system triangulates features and optimises keyframe poses and map points
in local optimisation. The proposed system applies cylinder-related operations
in the second thread. Optimised map points are defined as map points that are
optimised in the previous optimisation and excluded from current local opti-
misation. When enough optimised points are obtained since the beginning of
mapping or the end of the last cylinder model, the system estimates a cylin-
der among optimised map points and select cylindrical points among local map
points. The system punishes the distance of the cylindrical points from the cylin-
drical surface in local BA. Finally, the system culls some map points far outside
of the estimated pipe model, considered outliers. Once the ratio of cylindrical
points to all local map points is lower than a threshold, the system will stop
using cylindrical regularity and prepare to update the cylinder model with new
cumulative optimised points.

4 Cylinder Detection

Given a set of 3D map points, the cylinder is detected based on geometric proper-
ties. In order to leverage cylindrical regularity in local optimisation, it is essential
to estimate the cylinder accurately and distinguish the cylindrical points clearly.
This section introduces cylinder representation and cylinder detection.
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4.1 Cylinder Representation and Estimation

The cylinder estimation is based on cylinder representation. The cylinder is

denoted by ~π =
[

~Lc

T
~Oc

T

rc

]T

, where ~Lc ∈ R3 is a vector characterising the

direction of the cylinder’s axis, ~Oc ∈ R3 represents the 3D coordinates of the
intersection point between the pipe axis and the xy plane of the world coordinate,

and rc is the radius of the cylinder. Here ~P i
w ∈ R3(0 < i < n) represents a

cylindrical point. These elements are illustrated in Figure 1.

The ~Lc vector has three elements but only two degrees of freedom, so one
element can be fixed to avoid the singularity. During the initialisation, the co-
ordinate of the first keyframe is regarded as the world coordinate shown in
Figure 1.

The camera will move along the pipe, looking along the pipe axis. Since the z
axis of the world coordinate will not be perpendicular to the pipe axis, the pipe
axis is likely to intersect the xy plane of the world coordinate. Thus the third
element of vector ~Lc would not be zero and is set to a fixed nonzero number to

avoid the singularity. The cylinder vector ~Lc =
[

ac bc 1
]T

, where ac and bc are
the elements of Lc along the x and y axes of the world coordinate, always inter-

sects xy plane of the world coordinate in the point ~Oc =
[

xc yc 0
]T

, at distances
xc and yc in the x and y axes of the world coordinate. The system therefore uses
five numbers to parameterise a cylinder, which is the minimum number of vari-
ables, where are estimated in unconstrained optimisation [18]. There are some
other line representation methods, such as Plücker coordinates and orthonor-
mal representation [13]. The former has a constraint to their parameters, and
it is hard to illustrate the cylindrical regularity with both mathematically. The
nonlinear geometry fitting is solved by g2o [1] which is used by ORB-SLAM2.

Fig. 1. Cylinder representation, with parameters describing a cylinder in space. Two
image frames are shown; the world coordinates are set to those of the first frame.

Theoretically, all cylindrical points are equidistant from the cylinder axis.
This property is used to estimate the cylinder and add constraints to the map

points in later optimisation. For a cylindrical point ~P i
w, as the cross product

between two vectors is the area of a parallelogram with the vectors as sides, the
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following equation holds

S = | ~Lc × ( ~P i
w − ~Oc)| = | ~Lc| · rc (1)

where | · | is the magnitude of a vector. According to this cylindrical property,
an error function is obtained for a feature i as follows, where ∆x = x − xc and
∆y = y − yc,

g(P i
w) = | ~Lc × ( ~P i

w − ~Oc)|
2 − | ~Lc|

2|rc|
2

= [bcz −∆y]2 + [∆x− acz]
2 + [ac∆y − bc∆x]2 − rc

2(a2c + b2c + 1)
(2)

This is minimized by the Gauss-Newton or Levenberg–Marquardt algorithm

[11,15], using the Jacobian J( ~P i
w) of g(

~P i
w) with respect to ~π

J( ~P i
w) =

∂g

∂~π
=













2acz
2 − 2∆xz + 2ac∆y2 − 2bc∆x∆y − 2acrc

2bcz
2 − 2∆yz + 2bc∆x2 − 2ac∆x∆y − 2bcrc
−2∆x+ 2acz − 2bc

2∆x+ 2acbc∆y

−2∆y + 2bcz − 2ac
2∆y + 2acbc∆x

−2rc(ac
2 + bc

2 + 1)













T

(3)

4.2 Cylinder Detection

Cylinder detection is to estimate a cylinder among selected 3D points. Noise
in the map points can lead to a poorly estimated cylinder, providing incorrect
information through cylindrical regularity and causing misclassification in the
future selection of cylindrical points. This sensitivity to noise makes cylinder es-
timation different from other landmarks. For accuracy, this cylinder is estimated
from optimised map points instead of local map points observed by the current
keyframe and its covisible keyframes. The local map points are noisy before op-
timisation. The local optimisation not only optimises the local map points but
also filter out some points far outside the estimated cylinder as outliers at the
end of the optimisation. Since that, the optimised map points are more reliable
and accurate.

The system iteratively estimates the cylinder with updated cylindrical points
close to the cylindrical surface. The points far from the cylindrical surface are re-
garded as non-cylindrical points. It is assumed that these distances of cylindrical
points satisfy a Gaussian distribution, and the variance should be smaller than an
appropriate threshold τ . This system select points whose distances are within
95% confidence intervals as cylindrical points. An alternative to this method
could be to use an algorithm such as RANSAC [5], which could improve ac-
curacy with higher computational cost. With a set of map points, the system
detects the cylinder with Algorithm 1:
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Algorithm 1 Cylinder Detection

1: Clean up the set G
2: Add all the map points to set G
3: Initialise the parameters
4: while σ >threshold σt do

5: Fit a cylinder to the map points from set G
6: Compute the distance of all map points from the cylinder axis
7: Compute the mean µ and variance σ of the distances dj(j ∈ G)
8: Clean up the set G, and add all points close to the mean µ, given by

|dj − µ| ≤ 1.96σ, which is a 95% confidence interval
9: end while

After cylinder detection, the estimated cylinder is fixed during the subse-
quent local bundle adjustment until the low ratio of current cylindrical points
to all local map points. The estimated cylinder changes slightly if the system
optimises it in every local bundle adjustment due to the measurement noise.
This instability will give the system a false impression that the robot moves in
a curve pipe, which contradicts reality. With the estimated cylinder, the map
points close to the cylindrical surface are classified as cylindrical points, which
have a cylindrical regularity in the local bundle adjustment.

5 Bundle Adjustment with Cylindrical Regularity

Formulation The state of the proposed augmented ORB-SLAM2 system in-
cludes local frame poses, local map points, and the estimated cylinder parame-
ters. When the kth keyframe is accepted, the full state set is defined as follows:

X = {Twi, ~pj , ~π}i∈αk,j∈βk
(4)

where the variable αk denotes the covisible keyframes for the current keyframe k,
the set βk contains the map points observed by frames αk, and ~π is the estimated
cylinder. Covisible keyframes share more than a certain number of map points.
The following cost function

f = argmin
X

∑

i∈αk

∑

j∈βk

ρ(eijv
2

Σv
) +

∑

l∈γk

ρ(|elc|
2

Σc
) (5)

is optimised via the local bundle adjustment method, with respect to X and with
a fixed ~π, using the g2o solver [1]. Here eijv is the reprojection error of feature
j observed by the keyframe i, and elc is the cylindrical regularity of cylindrical
point l from the set γk. The kernel function ρ is used to suppress outliers. Σv

is the covariance matrix of a feature observation and is set to be an identity
matrix; Σv is the variance of the point-to-surface constraint.
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Reprojection Error The reprojection error is the distance between the pro-
jected map point and observed feature in the image plane, for frame i and feature
j, this is given by

eijv = zij − κ(TiwPwj) (6)

where κ(·) is used to map a 3D map point Pij to a 2D pixel coordinate fij , Tiw

is the transformation matrix between the camera pose and the world coordinate.

Cylindrical Regularity The cylindrical regularity is same as equation (2).
Given a cylindrical point Pj and the cylinder parameters Lc, oc and rc, the
cylindrical regularity is given by

ejc = |Lc × (P i
w − oc)|

2 − |Lc|
2rc

2 (7)

In the following experiments, it is assumed that the distances of cylindrical
points are within the interval [−0.05rc, 0.05rc] from the cylindrical surface. The
uncertainty of the regularity is set to 0.00065r2c .

6 Performance Validation and Evaluation

The proposed algorithm is evaluated over different testing scenarios on syn-
thetic and real data. ORB-SLAM2 and ORB-SLAM2 with cylindrical regularity
(CRORB) are compared in terms of trajectory accuracy and running time on a
computer with Intel Core i7-8700 @ 3.2GHz, 16GB memory.

6.1 Synthetic Data

A synthetic environment is shown in Figure 2. There is a straight 20-meter long
pipe with an inner diameter of 1 meter. The lower part of the straight pipe
is embedded in the ground. The virtual robot moves horizontally in the pipe,
and the camera observes the inner pipe surface. To provide features for SLAM,
a colourful image covers the inner pipe surface (Figure 2). Every second, the
virtual camera collects 30 images of 1280 × 720 pixels, with added Gaussian
noise. The true trajectory of the robot is exported from ROS Kinetic.

6.2 Real Data

The real data is acquired from a small unmanned ground vehicle (UGV) which
moved along a long-buried straight pipe. The UGV (Figure 3) is equipped with
a pin-hole camera collecting images of 720× 576 at 20 FPS (Figure 3). A length
of rope from a rope drum attaches to the UGV. When the robot moves, the rope
drum turns and calculates the distance travelled shown on the images. This
recorded travel distance is used as a reference instead of frame poses.
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Fig. 2. Left: The synthetic pipe environment, with a flattened bottom surface to allow
easy robot motion, and a cylindrical shape to represent the real pipe environment. The
robot is pictured. Right: The pipe’s inner surface with a synthetic texture to allow
visual SLAM algorithms to detect features.

Fig. 3. Left: The UGV with camera used to collect data. Right: An example image
from the pipe environment. The texture on the sides of the pipe can be seen.

Fig. 4. The 3D points from actual data and the cylinder fit to them. The non-cylindrical
points can be seen which are not fit to the cylinder, and the cylindrical points which
will be fit to the estimated cylinder are seen ahead of the most recent keyframe.

Dataset Synthetic Data Real Data

Method ORB-SLAM2 CRORB ORB-SLAM2 CRORB

rmse 0.026m 0.007m 0.378m 0.285m

Cylinder Detection 0.0158s 0.00533s

BA 0.199s 0.324s 0.059s 0.073s

Local optimisation 0.411s 0.505s 0.08s 0.104s
Table 1. Comparison between the two SLAM algorithms
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6.3 Discussion

The experiments proved that the CRORB is more accurate than the ORB-
SLAM2 in a pipe at the cost of additional computation. The figure 4 show
mapping with actual data, and the cylinder fit to the data points. The error
between the ground truth and the estimated trajectory is difficult to visualise.
Table 1 compared accuracy and computation between two SLAM algorithms.
The root means squared error (RMSE) of the absolute pose error from two
estimated trajectories are provided. These numbers indicate the performance of
the estimation. Also, the running time of local optimisation, BA and cylinder
detection are compared, each of which is the average time over ten runs on
the same data. The local optimisation includes cylindrical points classification,
optimiser initialisation and BA.

The running time of local optimisation and BA differs significantly between
the two algorithms. The difference is because the BA in CRORB has additional
cylindrical regularity. Also, the algorithms in actual data cost less computation.
In the scale-free map, the robot’s speed is faster in the actual data than in
synthetic data. The local optimisation in synthetic data involves more covisible
keyframes, and they share more common map points, which means a larger op-
timisation problem with more variables and more constraints. So the running
time of synthetic data is longer. The conventional ORB-SLAM2 tends to un-
derestimate the trajectory. The cylindrical regularity cannot solve this problem,
but it can slow down this trend.

7 Conclusion

In this paper, a novel SLAM framework is proposed to leverage cylindrical regu-
larity in a straight pipe. The cylindrical regularity can improve the localisation
accuracy. In the future, we plan to use a new flexible cylinder representation
method and include other structural information from a pipe network.
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R.: Automatic Analysis of Sewer Pipes Based on Unrolled Monocular Fish-
eye Images. In: Proc. 2018 IEEE Winter Conference on Applications of
Computer Vision, WACV 2018. vol. 2018-Janua, pp. 2019–2027 (2018).
https://doi.org/10.1109/WACV.2018.00223

13. Li, X., He, Y., Lin, J., Liu, X.: Leveraging Planar Regularities for Point Line
Visual-Inertial Odometry (2020), http://arxiv.org/abs/2004.11969

14. Lopez-Escogido, D., De La Fraga, L.G.: Automatic extraction of geometric models
from 3D point cloud datasets. In: Proc. 014 11th International Conference on
Electrical Engineering, Computing Science and Automatic Control (CCE). IEEE
(2014). https://doi.org/10.1109/ICEEE.2014.6978316

15. Marquardt, D.W.: An Algorithm for Least-Squares Estimation of Nonlinear Pa-
rameters. Journal of the society for Industrial and Applied Mathematics 11(2),
431–441 (1963)

16. Mur-Artal, R., Tardos, J.D.: ORB-SLAM2: An Open-Source SLAM System for
Monocular, Stereo, and RGB-D Cameras. IEEE Transactions on Robotics 33(5),
1255–1262 (2017). https://doi.org/10.1109/TRO.2017.2705103
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