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AbstractÐReliable identification of pipe material in under-
ground sewer networks is essential for targeted maintenance
and asset management. This paper presents a probabilistic
framework for classifying clay, concrete, and plastic pipes by
fusing LiDAR intensity with IMU-based joint detection. LiDAR
intensity is normalised for range and scan angle effects using
a shared bivariate polynomial model fitted across all materials,
producing residuals that are sensitive to material type and whose
distributions are captured by kernel density estimation (KDE).
Independently, the Inertial Measurement Unit (IMU) detects me-
chanical perturbations at pipe joints. The gaps between detected
joints are compared with the expected segment length for each
material. Long gaps can be interpreted as missed-joint cases
when they are close to integer multiples of the expected segment
length, while unreliable gaps are down-weighted by an outlier
component. Both modalities share a unified Bayesian framework
with uniform priors, and are combined in the log domain
using mean log-likelihoods with an adjustable modality weight.
Experiments use six controlled runs across three single-material
pipe networks with distinct segment lengths. In this setting,
intensity alone achieves posterior confidence of approximately
49-60%, while distance alone reaches 69-86.5%. Fusion increases
posterior confidence relative to either single modality in all cases,
assigning 93.5%, 93.5%, and 86.2% posterior probability to the
true concrete, clay, and plastic classes, respectively.

Index TermsÐPipe inspection, material classification, LiDAR
intensity, IMU, Bayesian inference, data fusion

I. INTRODUCTION

Underground sewer networks are critical components of

civil infrastructure, yet their effective management is often

constrained by incomplete knowledge of the assets themselves.

In many systems, pipes have been installed, repaired, and
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extended over several decades, resulting in networks that

contain a heterogeneous mixture of materials, including vit-

rified clay, concrete, and plastic. Identifying the material type

of each pipe segment becomes a fundamental requirement

for asset management, since it directly informs rehabilitation

strategy selection, estimation of remaining service life, and

the prioritisation of maintenance and renewal budgets [1].

In practice, however, asset and inspection records are fre-

quently incomplete, inconsistent, or otherwise unreliable [2],

a challenge that is widely acknowledged in the sewer asset

management literature [3], [4].

To address these information gaps, robotic inspection has

become the primary tool for sewer asset assessment [5], [6].

Inspection robots can traverse pipes that are inaccessible to

human operators and collect rich streams of sensor data in

GPS-denied environments. As a result, much of the robotics

research in this domain has focused on localisation and map-

ping, typically using combinations of wheel odometry, inertial

sensing, acoustics, and laser profiling to support operation in

long, featureless pipe networks [7], [8]. At the same time,

these robots carry sensing modalities that capture information

beyond geometry and motion, creating an opportunity to

estimate pipe properties such as material type directly from

existing inspection data streams, without requiring additional

hardware or dedicated inspection passes.

This opportunity is attractive, but material identification

from inspection data remains challenging because no single

sensing modality is sufficiently reliable under all operating

conditions. LiDAR-equipped inspection robots, for instance,

provide both range and return intensity measurements [9].

Because different pipe materials exhibit different optical re-

flectance characteristics at infrared laser wavelengths, raw

intensity values carry useful information about material type



[10], [11]. However, the measured intensity is also strongly

affected by geometric factors - specifically range and angle of

incidence - as well as surface conditions including moisture,

dirt, and biofilm [12]. These confounds must be addressed

before intensity can reliably classify pipe materials.

A complementary source of material information arises

from the physical structure of the network. When an inspection

robot crosses a joint between pipe segments, the discontinuity

produces a transient perturbation in the Inertial Measurement

Unit (IMU) signal. By detecting these perturbations and mea-

suring the distance between detected joints, it is possible to

estimate segment length and use it as an indirect indicator of

material type. Unlike LiDAR intensity, this signal is insensitive

to optical surface contamination. Its weaknesses though are

sparsity and dependence on reliable joint detection, since

missed detections can produce longer observed gaps.

In this work, segment length is not treated as a universal

rule for each material. It can vary with the manufacturer, pipe

type, installation era, and local repairs. Instead, we use the

reference runs to learn the segment lengths characteristic of

the tested networks, and the model expresses uncertainty when

this evidence is weak.

These complementary limitations motivate a fusion ap-

proach in which the two modalities compensate for one

another. This paper presents a unified probabilistic Bayesian

framework that combines geometrically normalised LiDAR

intensity with IMU-derived distances between joints to clas-

sify sewer pipe material. The two modalities are modelled

independently and fused in the log domain with adjustable

weighting, producing calibrated posterior probabilities over

material classes without requiring additional sensing hardware.

Three networks (one concrete, one clay, and one plastic) are

used to build reference models for both sensing modalities,

and three additional networks serve as held-out targets for

classification. In these controlled experiments, fusion improves

confidence and resolves ambiguities that persist when LiDAR

intensity or IMU segment length cues are used in isolation.

The main contributions of this work are:

1) a LiDAR intensity normalisation approach based on

bivariate polynomial modelling of range and scan angle

effects, producing material-sensitive intensity residuals

suited to the cylindrical pipe geometry,

2) an IMU-based method that detects pipe joints and com-

pares the inter-joint gaps with expected segment lengths,

while explicitly allowing a long gap to represent one or

more missed joints rather than treating it as noise,

3) a log domain fusion strategy with adjustable modality

weighting that produces calibrated posterior probabilities

over material classes for each segment, and

4) an experimental validation across single material sewer

networks demonstrating that fusion improves classifica-

tion confidence relative to intensity alone and resolves

ambiguities between modalities.

The rest of the paper is organised as follows. Section

II reviews related work. Section III presents the proposed

probabilistic classification framework, covering the shared

Bayesian formulation, the LiDAR intensity and IMU distance

modalities, and their fusion. Section IV describes the experi-

mental setup. Section V presents the classification results, and

Section VI discusses the findings and outlines future work.

II. RELATED WORK

A. Robotic localisation and the role of joints

Localisation in GPS-denied, geometrically repetitive pipe

networks typically relies on dead-reckoning from wheel odom-

etry and inertial sensing, sometimes augmented with topolog-

ical constraints.

Aitken et al. [13] surveyed localisation and mapping meth-

ods for pipe inspection robots across a range of sensor

modalities and identified IMU odometry fusion as a robust and

widely used baseline in these environments. Corominas Murtra

and Mirats Tur [14] proposed a graph optimisation approach

that fused IMU measurements with cable encoder length data,

demonstrating robust pose estimation in a tethered sewer

inspection scenario. Edwards et al. [15] exploited pipe joint

spacing as a one degree of freedom localisation signal, using

visual joint detection and demonstrating robustness advantages

over ORB-SLAM3 in feature-sparse pipes.

Across this literature, pipe joints appear as some of the

most reliable discrete features available to the robot. Because

joints occur at approximately regular intervals and produce

observable signatures in visual or inertial data, they have

been used as landmarks for drift correction and localisation

support [16], [17], but not as indicators of pipe material. The

present work exploits the distance between detected joints as

a material-dependent signal. To the authors’ knowledge, inter-

joint distance has not previously been used as a probabilistic

cue for pipe material classification in the sewer robotics

literature.

B. LiDAR intensity for material classification

A central finding of the broader LiDAR literature is that raw

intensity cannot be interpreted directly as a material signature

because it is confounded by data acquisition geometry, most

importantly target range and beam incidence angle.

HÈofle and Pfeifer [11] provided an early systematic treat-

ment of these confounds and proposed correction strategies

based on the radar range equation. Jutzi and Gross [10]

proposed a data-driven correction model that estimates the

combined effects of range and incidence angle simultaneously

via log-domain linear regression, without requiring external

calibration targets. Kaasalainen et al. [18] showed that nor-

malisation is necessary before intensity values can be mean-

ingfully compared across measurements. Kashani et al. [19]

provide a comprehensive review of the field, distinguishing

intensity correction, normalisation, and rigorous radiometric

calibration as distinct processing levels. A relevant finding for

sewer environments specifically is that moisture can substan-

tially reduce near infrared reflectance [20], highlighting the

importance of empirical correction in wet and fouled pipes.

These issues are particularly pronounced in the cylindrical

sewer pipe geometry, where the sensor to wall distance and the



incidence angle vary systematically within every scan profile.

The present work follows Jutzi and Gross [10] in adopting an

empirically fitted joint model of range and angle, but replaces

their log-linear parametric form with a bivariate polynomial

that makes no assumption about the functional form of the

combined dependence.

Although LiDAR intensity has been exploited for surface

material classification in other domains [12], [21], its applica-

tion to pipe material classification in sewer inspection remains

limited.

C. Probabilistic sensor fusion

Combining complementary but imperfect sensor cues within

a probabilistic framework is a longstanding theme in robotics

and pattern recognition [22], [23]. Duran et al. [24] surveyed

sensor technologies for sewer inspection and highlighted the

limitations of any single modality. However, such work fo-

cuses on detecting damage or quantifying condition, not on

identifying pipe material.

The fusion of LiDAR intensity residuals with IMU-derived

inter-joint distances for pipe material classification remains

unexplored. The framework proposed in this paper fills this

gap, leveraging signals already present in standard inspection

payloads without requiring new hardware.

III. PROBABILISTIC CLASSIFICATION FRAMEWORK

This section presents the shared Bayesian formulation that

applies to any sensing modality (Section III-A), then develops

the LiDAR intensity model (Section III-B), the IMU-based

distance model (Section III-C), and finally the fusion strategy

that combines both (Section III-D).

A. Bayesian Formulation

Both LiDAR intensity and IMU derived distances between

joints are treated as independent sources of information about

the same unknown quantity: the material m of the pipe

segment under inspection. The framework developed here

applies to either modality individually and, in Section III-D,

to their combination. Let x denote the observations from a

single source, and let M = {Concrete, Clay, Plastic} be the

set of candidate materials.

1) Posterior Probability via Bayes’ Rule: The posterior

probability of material m given observations x is:

p(m | x) = p(x | m) · p(m)
∑

m′∈M

p(x | m′) · p(m′)
, (1)

where p(x | m) is the likelihood of the observations under

material model m, and p(m) is the prior probability of that

material. In the absence of prior information about which

material is present at a given location, a uniform prior is

adopted. So the posterior simplifies to:

p(m | x) = p(x | m)
∑

m′∈M

p(x | m′)
. (2)

The posterior is therefore driven entirely by the likelihood

under each material model. If two likelihoods are similar, the

posterior reflects genuine ambiguity rather than favouring one

material, motivating fusion to resolve such cases.

Working directly with likelihoods p(x | m) can be numer-

ically unstable, because these values can become very small

for large observation sets. We therefore work with the log-

likelihood:

ℓm = log p(x | m). (3)

The posterior probabilities are then computed by normalising

these log-likelihoods over the candidate materials. This is done

using the log-sum-exp identity:

log p(m | x) = ℓm − ℓ∗ − log
∑

m′

exp(ℓm′ − ℓ∗), (4)

where ℓ∗ = maxm′ ℓm′ . Subtracting ℓ∗ before exponentiation

keeps the computation numerically stable, because the largest

exponent becomes exp(0) = 1. The averaging over measure-

ments is performed inside the log-likelihood for each sensing

modality, as shown for LiDAR intensity in (15) and for IMU

distance in (22).

2) Classification Decision and Confidence: The predicted

material is the one with the highest posterior probability:

m̂ = argmax
m∈M

p(m | x). (5)

The confidence of the prediction is defined as the posterior

probability assigned to the winning class:

c = max
m∈M

p(m | x). (6)

A value of c ≈ 1 indicates that one material is strongly

favoured while a value of c ≈ 1/3 indicates that the ob-

servations are equally consistent with all models and the

classification is unreliable.

B. LiDAR Intensity Classification

LiDAR scan intensity forms a repeatable signal along the

pipe that can indicate material type. The main difficulty is

that the measured intensity also changes with measurement

geometry, principally the distance to the wall r and the scan

angle θ. With the LiDAR mounted at a fixed tilt (30◦), range

and angle vary predictably across each scan, so two points on

the same material can produce different measured intensities.

The method estimates how intensity changes with distance and

scan angle, subtracts this expected variation, and the remaining

residuals are then compared between materials.

1) Spatial Coordinate and Intensity Normalisation: Each

LiDAR measurement is timestamped, and the robot moves

at a known, approximately constant speed v. Timestamps are

converted to a coordinate x representing distance along the

pipe. Let t denote the LiDAR timestamp and t0 the first

timestamp of a run. The LiDAR reference position along the

pipe is approximated as:

x(t) = v (t− t0) + x0, (7)



where x0 is a constant offset used to align the start of the

measurement with the physical pipe coordinate.

A LiDAR beam typically strikes the wall slightly ahead

of the sensor reference point, depending on beam angle and

measured range. Ignoring this causes measurements near a

material boundary to be assigned to the wrong distance bin,

blurring the transition. A forward projection corrects the

assigned position of each return. Let r be the measured range

and θ the scan angle in radians. The projected hit coordinate

becomes:

xhit(r, θ, t) = x(t) + ∆x, (8)

with:

∆x =

{

0, r cos θ ≤ 0,

r cos θ, r cos θ > 0.
(9)

All points are assigned to fixed spatial bins along the pipe.

Points are filtered by range using r ∈ [rmin, rmax], with rmin =
0.05m and rmax = 0.25m, to keep only stable returns. No

angular sector restriction is applied as the range gate alone is

sufficient to exclude invalid measurements in this geometry.

2) Accounting for Geometry in LiDAR Intensity: Let IM
denote the measured LiDAR intensity for a valid return. Even

when the material is unchanged, IM varies with r and θ
because measurement geometry affects return strength. The

expected intensity due to geometry is modelled by a smooth

function IE(r, θ), approximated as a low-order bivariate poly-

nomial. For numerical stability, inputs are first standardised:

zr =
r − µr

sr
, zθ =

θ − µθ

sθ
, (10)

where µr, µθ are empirical means, and sr, sθ are empirical

standard deviations, computed over the pooled reference data.

The geometric intensity model is then:

IE(r, θ) =
Dr
∑

i=0

Dθ
∑

j=0

βij z i
r z j

θ , (11)

with degrees Dr = Dθ = 2. The polynomial is fitted by

least squares to the pooled dataset across all materials, using

measurements between the 5th and 95th percentile of intensity

to exclude outliers. Because the same geometric baseline is

subtracted from every measurement regardless of material

identity, the resulting residuals can be computed for unlabelled

data at classification time without requiring prior knowledge

of the pipe material.

The normalised residual is then:

IR = IM − IE(r, θ). (12)

A positive IR indicates a stronger return than geometry

predicts while a negative value indicates a weaker one. Sub-

tracting the geometric baseline IE(r, θ) reduces the influence

of range and scan angle, making residuals more comparable

across viewing angles and repeated runs. This correction is

purely geometric: it removes the systematic dependence on

range and scan angle, but it does not directly correct for

moisture, dirt, biofilm, ageing, or surface roughness. These

factors continue to affect the LiDAR intensity, which helps

explain why the intensity-only result can remain uncertain

even after correction. For this reason, the fusion weight w
is kept, so that the influence of the LiDAR channel can be

reduced when surface conditions are known or suspected to

be poor.

3) Probabilistic Classification from Intensity: The nor-

malised residuals from the reference networks are used to

build a probabilistic model of intensity for each material. For

material m ∈ M, the conditional density of IR, evaluated at

a residual value ξ, is estimated by kernel density estimation

(KDE) with a Gaussian kernel and Silverman’s bandwidth h
used for all material classes:

f̂m(ξ) =
1

Nm h

Nm
∑

i=1

K
(

ξ − I(m)
R,i

h

)

, (13)

where Nm is the number of reference residuals for material

m and K is the standard Gaussian kernel.

K(u) =
1√
2π

exp

(

−u2

2

)

. (14)

KDE is chosen over a parametric model because the residual

distributions can be skewed or multimodal, as visible in Figure

2(a). Each KDE is evaluated on a grid of 800 points spanning

the 1st-99th percentile range of the pooled reference residuals,

extended by a fixed margin to improve tail visualisation and

avoid truncation at the plot limits.

Given a target segment containing N intensity residual ob-

servations {IR,n}Nn=1, the mean log-likelihood under material

m is:

ℓ̄I(m) =
1

N

N
∑

n=1

log f̂m(IR,n). (15)

Dividing by N ensures that the intensity evidence is expressed

on a per-observation scale regardless of segment length, which

is essential for meaningful combination with the distance term

in Section III-D. Applying Bayes’ rule under the uniform prior

of Section III-A gives the intensity-only posterior:

PI(m) =
exp
(

ℓ̄I(m)
)

∑

m′∈M

exp
(

ℓ̄I(m
′)
)

. (16)

C. IMU Joint Detection Classification

While the LiDAR intensity model captures optical surface

properties, a complementary sensing modality based on a

different physical mechanism can resolve ambiguities where

intensity alone is insufficient. This subsection introduces such

a modality based on IMU data that exploits the mechanical

response of the robot as it traverses discontinuities at pipe

joints. The key observation is that different pipe materials are

manufactured in characteristic segment lengths that depend on

material, though the specific length also varies with manufac-

turer and era of installation. The nominal values used here

(2.0 m for clay, 2.5 m for concrete, 3.1 m for plastic) are repre-

sentative of the test networks. Measuring inter-joint distances

thus provides evidence about the underlying material. This



mechanical signal is entirely insensitive to surface conditions

such as moisture, fouling, and biofilm, which are the primary

confounds of the intensity channel.

1) Physical Principle and Joint Detection: When the robot

crosses a pipe joint, the geometric discontinuity produces

a transient response in the IMU orientation signal, most

prominently in the pitch axis. Let φ(x) denote the pitch angle

as a function of longitudinal position. The raw signal contains

both slow drift from the pipe geometry and sharp transients

from joint crossings. A moving median is subtracted to isolate

the perturbations:

φHP(x) = φ(x)− φ̃(x), (17)

where φ̃(x) is the moving median of φ evaluated over a sym-

metric sample window centred at x. The signal is then squared

to produce a non-negative energy envelope that amplifies larger

perturbations relative to noise regardless of their sign:

S(x) = φHP(x)
2. (18)

Joint positions are identified as local maxima of S(x) satis-

fying two constraints: a peak height exceeding the adaptive

threshold hmin, set to the 85th percentile of non-zero signal

values, and a minimum separation of dmin = 1.5m to prevent

double detections from signal ringing within a single joint

event.

2) Probabilistic Classification from Distance: Once the

joints have been detected, the inter-joint distances are denoted

d = [d1, . . . , dnd
], where nd is the number of detected gaps.

The simplest model assumes that each di corresponds to one

pipe segment, but this assumption breaks down when a joint

is missed: the corresponding gap then spans two or more

segments and should not be discarded as noise.

To handle this, we allow each observed gap to span k =
1, . . . ,K pipe segments. The case k = 1 corresponds to

a normal gap between neighbouring joints, while k > 1
corresponds to a gap that contains one or more missed joints.

For material m with expected segment length Lm and fixed

common distance tolerance σ, the likelihood of one observed

gap is:

p(di | m) = (1− ϵ)

K
∑

k=1

π(k)N
(

di | µk,m, σ2
k

)

+ ϵU(di),

(19)

where K is the largest number of segments allowed in a

single observed gap, π(k) is the prior probability that the

gap spans k pipe segments, U(di) is a uniform outlier density

used for unreliable observed gaps, and ϵ is a small outlier

probability. For material m, a gap spanning k pipe segments

has mean µk,m = kLm and variance σ2
k = kσ2, where Lm

is estimated from the reference run and σ is a fixed common

distance tolerance informed by the reference data. The outlier

term limits the influence of occasional unreliable gaps caused

by false detections, boundary effects, partial segments, or

odometry errors. The distance uncertainty is not re-estimated

separately for each candidate material on the target run, which

prevents an incorrect material from fitting the target gaps by

increasing its own tolerance.

The prior probability that a detected gap spans k pipe seg-

ments, denoted π(k), is modelled with a truncated geometric

distribution:

π(k) =
(1− ρ)ρk−1

∑K

j=1(1− ρ)ρj−1
, (20)

where ρ ∈ [0, 1) controls the penalty for missed joints: most

prior mass is placed on k = 1 while non-zero probability is

kept for k > 1 so that missed-joint cases can still be explained.

In our experiments we use K = 3, which covers the longest

gaps observed in the test networks, and ρ = 0.3.

Assuming that the observed gaps are conditionally indepen-

dent given the material m, the total distance log-likelihood is:

ℓd(m) =

nd
∑

i=1

log p(di | m). (21)

As in the LiDAR model, we use the mean log-likelihood:

ℓ̄d(m) =
1

nd

ℓd(m), (22)

so that the score is not dominated by the number of detected

gaps. The distance-only posterior is then obtained using Bayes’

rule with a uniform prior:

Pd(m) =
exp
(

ℓ̄d(m)
)

∑

m′∈M
exp
(

ℓ̄d(m′)
) . (23)

The mixture model also provides a diagnostic for each gap.

For material m, conditional on the gap being explained by

the pipe segment mixture, the probability that di spans k pipe

segments is:

p(k | di,m) =
π(k)N

(

di | µk,m, σ2
k

)

∑K

j=1 π(j)N
(

di | µj,m, σ2
j

)
. (24)

A high probability for k > 1 indicates that the gap is likely

to contain one or more missed joints. Thus, a long gap can

still support the correct material model when it is close to an

integer multiple of the expected segment length.

D. Sensor Fusion

Having defined both modalities within the shared Bayesian

framework, this subsection describes how they are combined.

The intensity channel contributes N ∼ 104 to 105 residual ob-

servations per classification window while the distance channel

contributes only nd ∼ 5 to 10 inter-joint measurements, so

combining raw log-likelihood sums directly would let intensity

dominate by sheer volume. The fusion therefore uses the mean

log-likelihoods ℓ̄I(m) and ℓ̄d(m) defined in (15) and (22),

which remove the sample-count imbalance. The intensity and

distance log-densities still live on different scales, so a scalar

weight w is retained to absorb this remaining scale difference.

The fused log-posterior score for material m is then:

ℓfused(m) = ℓ̄d(m) + w ℓ̄I(m) + log p(m), (25)



where w ≥ 0. The weighting is asymmetric by convention so

that w is interpreted directly as the trust placed in the intensity

channel at equal per-observation contributions. To interpret w,

define the geometric-mean likelihoods:

L̄d(m) = exp
(

ℓ̄d(m)
)

, L̄I(m) = exp
(

ℓ̄I(m)
)

, (26)

so that (25) corresponds to the posterior:

Pfused(m) ∝ L̄d(m) ·
[

L̄I(m)
]w · p(m). (27)

Setting w = 1 weights both modalities equally per observation.

Values w < 1 reduce the influence of intensity relative to

distance, which may be appropriate when surface fouling

degrades the optical signal. The fused posterior is recovered

from ℓfused via the log-sum-exp identity (4).

1) Target-Run Classification: For each target run, the de-

tected joints split the run into segments. The LiDAR residuals

inside each segment are used by the intensity model, and the

gaps between joints are used by the distance model. The two

likelihoods are then combined into a single posterior over

material classes. Let b0 < b1 < · · · < bN+1 be the positions

that split the run into N+1 segments: b0 is the run start, bN+1

is the run end, and b1, . . . , bN are the detected joints. For each

segment [bi, bi+1], i = 0, . . . , N , the intensity residuals are

collected as:

IR,n : xhit,n ∈ [bi, bi+1], (28)

and the mean intensity log-likelihood ℓ̄I(m) is evaluated by

querying the reference KDE models. The mean distance log-

likelihood ℓ̄d(m) is computed from (21) and (22), so that each

observed gap is treated as a single segment (k = 1), a missed-

joint case (k > 1), or an unreliable gap through the outlier

component. The fused posterior (25) is then computed, and

the classification decision (5) is applied.

IV. EXPERIMENTAL SETUP

A. Pipe Networks

All experiments are conducted on three single-material pipe

networks of 300 mm diameter, each consisting of consecutive

segments of a single known material: concrete (segment length

2.5 m), plastic (3.1 m), and clay (2.0 m). Each network was

traversed twice under the same conditions. The first run serves

as the reference, from which the material-specific KDE inten-

sity distributions and distance models are built. The second

run, collected independently, serves as the classification target

on which fusion is evaluated. Because reference and target

runs are drawn from the same physical networks, the exper-

iments provide a controlled test of repeatability rather than

generalisation to a new sewer network. Essentially, they show

whether the proposed probabilistic cues are repeatable under

controlled conditions, but they do not show whether a model

trained on one network transfers directly to another network

with different manufacturers, ageing, fouling, or repair history.

Field validation across operational sewer networks is therefore

needed as a next step. Table I summarises the six datasets.

The inter-joint distance statistics extracted from each refer-

ence run are as follows. The concrete network yields nd = 7

TABLE I
SUMMARY OF THE SIX DATASETS.

Run Material Length Joints Role

Concrete 1 Concrete 20.0 m 8 Reference
Concrete 2 Concrete 20.0 m 8 Target

Plastic 1 Plastic 15.0 m 5 Reference
Plastic 2 Plastic 15.0 m 5 Target

Clay 1 Clay 6.0 m 3 Reference
Clay 2 Clay 6.0 m 3 Target

distance measurements with sample mean d̄ = 2.52m and

standard deviation sd = 0.13m. The plastic network yields

nd = 4 measurements (d̄ = 3.24m, sd = 0.60m), and the

clay network yields nd = 2 measurements (d̄ = 2.03m,

sd = 0.13m). In this controlled dataset, the separation be-

tween the concrete and clay mean lengths is 0.49m, while

the plastic mean is 0.72m longer than concrete. These gaps

are sufficient for classification in this work, but in operational

networks segment lengths can vary within a material due to

in-situ repairs, motivating the fusion approach.

B. Robotic Platform

The inspection robot is a commercial Minicam crawler

carrying several sensors, of which this work uses the LD06

LiDAR scanner mounted at a fixed 30◦ tilt, an IMU-BNO085

providing orientation quaternions, and wheel odometry. The

LiDAR is rigidly calibrated to the robot body frame, and

odometry transforms are used to associate each scan and IMU

reading with the robot’s longitudinal position along the pipe

axis, which serves as the common spatial coordinate.

LiDAR

IMU

(a)

(b) (c)

Raspberry Pi

Fig. 1. The sewer inspection robot used in this study, equipped with the LD06
LiDAR scanner, IMU-BNO085, and wheel odometry.

All data are recorded as ROS 2 bags with nanosecond-

precision timestamps. Temporal alignment between sensor

messages and odometry transforms uses nearest-neighbour

matching with a maximum tolerance of 0.5 s. Each LiDAR

scan and IMU reading is associated with the robot’s longitu-

dinal position x, taken as the x-component of the odometry

translation, which serves as the spatial coordinate along the

pipe axis.



V. RESULTS

This section evaluates the classification performance of each

modality individually and of their fusion on the three target

pipe networks. All results use the reference models built from

the first traversal of each network, applied to the independently

collected second traversal.

A. Intensity-Only Classification

Figure 2(a) shows the empirical distributions of IR for

each pipe material built from the reference networks. Clay

produces a narrow, concentrated distribution shifted toward

positive residuals, indicating consistently higher reflectance

than the geometric baseline predicts. Concrete is broader and

centred near zero. Plastic exhibits the greatest spread, with a

low, wide profile that overlaps substantially with both other

materials.

To quantify the discriminative power of the intensity chan-

nel, the intensity-only posterior PI(m) from (16) is evaluated

on each target pipe network. Figure 2 and the LiDAR column

of Table II present the results.

Fig. 2. Intensity-only classification using the shared polynomial residual IR.
(a) Reference KDE for each material. (b) Posterior probabilities on the three
target networks. All targets are correctly classified but with limited confidence
(49-60%).

All three networks are correctly classified in the sense that

the true material receives the highest posterior, but the confi-

dence is limited: concrete is identified with 59.9% posterior

probability, clay with 49.4%, and plastic with 58.3% (Table

II, LiDAR column). In each case, substantial posterior mass is

distributed across the competing materials. For the clay target,

29.0% of the posterior is assigned to plastic and 21.7% to

concrete, producing near-maximum uncertainty for a three-

class problem. These results confirm that intensity residuals

carry material information but cannot support confident clas-

sification in isolation.

B. Distance-Only Classification

Figure 3 shows the joint detection results across all three ref-

erence networks. The concrete network produces eight clearly

separated peaks at approximately 2.5 m spacing (d̄ = 2.52m,

sd = 0.13m, nd = 7 distances). The clay network produces

two strong detections consistent with the expected 2.0 m seg-

ment length (d̄ = 2.03m, sd = 0.13m, nd = 2 distances). The

plastic network yields four detections with greater variability

(d̄ = 3.24m, sd = 0.60m, nd = 4 distances), reflecting the

wider spread of plastic joint perturbation amplitudes.
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Fig. 3. Joint detection from the squared pitch perturbation signal S(x) for
the three reference pipe networks. Filled circles mark detected joint positions.
Spacing between consecutive joints is consistent with the nominal segment
length of each material: 2.0 m (clay), 2.5 m (concrete), and 3.1 m (plastic).

Figure 4 visualises the nominal single-segment distance

cue (k = 1) for the three materials, alongside the measured

inter-joint distances from all reference networks. Although

the figure shows only the single-segment case, classification

uses the full mixture model in (19), which also accounts for

multi-segment gaps caused by missed joints. The distance

channel provides strong separation between all three materials,

in direct contrast to the overlapping intensity distributions in

Figure 2(a).

The distance channel assigns the highest posterior proba-

bility to the correct material in all cases, but with moderate

confidence: 73.8% for concrete, 86.5% for clay, and 69.0%

for plastic. These values are lower than in the single-Gaussian

distance model because the revised likelihood is more conser-

vative: it allows missed-joint explanations, includes an outlier

component, and avoids re-estimating a separate uncertainty

for each candidate material on the target run. This prevents

the IMU channel from becoming overconfident when only a

small number of detected gaps is available or when one gap

is unreliable.



Fig. 4. Distance likelihoods under the single-segment assumption (k = 1)
for each material. Dashed vertical lines mark the expected segment length
Lm, and tick marks below the axis show the inter-joint distances measured
in the reference runs. During classification, the model also evaluates the multi-
segment terms k > 1 in (19), so a gap close to µ2,m = 2Lm or µ3,m =
3Lm contributes evidence as a likely missed-joint case. Gaps that are not close
to a plausible multiple are instead down-weighted by the outlier component.

The mixture model in (21) also produces a per-gap diagnos-

tic through the probabilities in (24). Most gaps in the reference

runs concentrate their mass on k = 1, indicating that the

detected joints are genuinely neighbouring. This is consistent

with the clean joint detection visible in Fig. 3. When a joint is

missed, a longer gap can shift probability onto k = 2 or k = 3
if it is close to an integer multiple of the expected segment

length. If a gap is not close to any plausible multiple, the

outlier component reduces its influence on the posterior.

C. Fused Classification

Table II presents the complete classification results on the

three target runs, comparing distance-only, intensity-only, and

fused conditions at w = 1.0. All three target networks are

TABLE II
CLASSIFICATION RESULTS ON THE TARGET PIPE NETWORKS.

Target Material IMU LiDAR Fused

Concrete
Clay 21.9% 7.8% 3.6%
Concrete 73.8% 59.9% 93.5%
Plastic 4.3% 32.3% 2.9%

Clay
Clay 86.5% 49.4% 93.5%
Concrete 12.9% 21.7% 6.1%
Plastic 0.6% 29.0% 0.4%

Plastic
Clay 8.9% 21.2% 4.1%
Concrete 22.1% 20.5% 9.7%
Plastic 69.0% 58.3% 86.2%

correctly classified under all three conditions, indicating that

each modality alone is sufficient for coarse material discrim-

ination in this controlled setting. The value of fusion lies not

in changing the predicted class, but in reallocating posterior

mass away from competing materials when one channel is

ambiguous.

For the concrete target, both sensing modalities favour

concrete with moderate confidence: 73.8% from IMU distance

and 59.9% from LiDAR intensity. The intensity channel leaks

substantial probability to plastic (32.3%) and a small amount

to clay (7.8%), while the distance channel spreads residual

mass between clay (21.9%) and plastic (4.3%). Fusion gives

a posterior of 93.5% on concrete with 3.6% assigned to clay

and 2.9% to plastic.

The clay target shows the strongest complementarity. While

intensity alone produces near-maximum uncertainty for a

three-class problem (49.4% clay, 29.0% plastic, 21.7% con-

crete), the distance channel is more confident, assigning 86.5%

to clay. Fusion raises the clay posterior to 93.5%, with 6.1% on

concrete and 0.4% on plastic, demonstrating how the distance

evidence pulls posterior mass away from the competing classes

that intensity alone could not resolve.

For the plastic target, both modalities favour plastic but with

moderate confidence: 69.0% from IMU and 58.3% from Li-

DAR. The reduced IMU confidence is caused by one observed

gap of 4.12 m, which is not close to either one or two nominal

plastic segment lengths. The revised distance model therefore

limits the influence of this gap rather than forcing it into a

missed-joint explanation. The remaining three gaps are close

to the expected plastic segment length and support the plastic

class. Fusion combines this agreement and raises the plastic

posterior to 86.2%, with residual mass on concrete (9.7%) and

clay (4.1%).

VI. DISCUSSION AND CONCLUSION

The results confirm that LiDAR intensity and IMU inter-

joint distance provide complementary information. Their fail-

ure modes are largely orthogonal: intensity is sensitive to

surface optical conditions and produces only moderate confi-

dence, with substantial posterior mass assigned to competing

materials. Distance is insensitive to surface conditions but is

limited by the number and reliability of detected joints. Fusion

improves robustness by combining both sources of evidence,

while keeping uncertainty when one channel is less reliable,

as seen in the plastic case.

The strong performance of the IMU channel in this study

reflects the fact that the three tested materials have distinct

nominal segment lengths in a controlled laboratory setting.

In live sewer networks, segment lengths can vary within a

material due to differences in manufacturer, cut pipes and

in-situ repairs, reducing the power of distance alone. Under

such conditions, the complementary intensity channel becomes

essential and the fusion framework is designed to accommo-

date this by shifting posterior mass according to whichever

modality provides stronger evidence.

Normalising log-likelihoods by sample count removes the

imbalance between the two channels: intensity contributes

∼104 − 105 residuals per segment, while distance contributes

only ∼ 5− 10 gaps, so without normalisation intensity would

dominate the fused score regardless of w. After normalisation,

w instead controls the relative trust between channels at the

per-observation level. The LiDAR correction only accounts

for geometry, not all surface conditions. Moisture, dirt, and

biofilm can still affect the intensity measurements. In such



cases, setting w < 1 provides a principled way to reduce the

influence of the LiDAR channel and lean more on the distance

channel.

Although this study uses equal prior probabilities for clay,

concrete, and plastic, the same Bayesian framework could also

include soft prior information from asset records, pipe age,

diameter, nearby materials, or repair history. Such information

must be used carefully because sewer records can be incom-

plete or wrong.

Several limitations bound the scope of the current results.

The experimental validation uses laboratory networks with

clean surfaces and single known materials per run, whereas

operational sewers contain dirt, moisture, fouled surfaces,

standing water, mixed materials, repairs, and irregular segment

lengths. The two sensing modalities fail independently, sup-

porting robustness, but reference and target runs traverse the

same pipes, testing repeatability rather than generalisation. The

number of inter-joint distance samples per reference network is

small, so the estimated segment lengths Lm may be influenced

by individual detections. With larger field datasets, pooled or

Bayesian estimators could provide a more systematic way to

estimate Lm and select the common distance tolerance σ.

Joint detection is also a boundary condition: The mixture

model in (21) helps handle missed joints by allowing each

observed gap to represent up to K pipe segments. Therefore,

a long gap close to kLm can still support material m instead

of being treated as noise. The per-gap probabilities in (24)

can also indicate likely missed joints. The outlier component

reduces the influence of gaps that are not close to any plausible

multiple, but false joint detections, cut pipes, or local repairs

with non-standard lengths may still reduce classification con-

fidence.

In summary, this paper presents a probabilistic framework

that fuses LiDAR intensity with IMU-derived distances be-

tween detected joints for pipe material classification. A shared

bivariate polynomial normalises intensity for range and scan

angle effects. Residuals from the shared normalisation are used

to fit one KDE per material. A distance model compares each

inter-joint gap with integer multiples of the expected segment

length and limits the influence of unreliable gaps through an

outlier component. Both channels are combined in the log

domain via mean log-likelihoods, with a tunable weight. On

the three target pipe networks, a sensor data fusion algorithm

assigns posterior probabilities of 93.5%, 93.5%, and 86.2%

to the true concrete, clay, and plastic classes, respectively,

exceeding both the LiDAR-only posteriors (59.9%, 49.4%,

58.3%) and the IMU-only posteriors (73.8%, 86.5%, 69.0%)

in every case..

Future work will focus on field validation across operational

sewer networks with fouling, repairs, mixed materials, and

manufacturer-dependent segment lengths, where the practical

value of the proposed approach will be validated.
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