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Abstract—Globally, the water industry considers microbial
induced corrosion of concrete sewer pipes as a serious problem.
There are reported analytical models and data analytic models
that are used to predict the rate of corrosion throughout the
sewer network. Those models incorporate surface moisture
conditions of concrete sewer pipes as observations. Due to
the unavailability of sensors to monitor concrete sewer surface
moisture conditions, water utilities use surrogate measures
such as relative humidity of the air as an observation for the
model. Hence, the corrosion predictions are often hampered and
associated with prediction uncertainties. In this context, this
paper presents the development and successful evaluation of an
electrical resistivity based sensor suite for estimating the surface
moisture conditions of concrete sewer pipes. The sensor was
deployed inside a municipal sewer pipe of Sydney city, Australia
to carry out field measurements. The post-deployment study
revealed the survival of the sensing system under hostile sewer
conditions and demonstrated their suitability for long-term
monitoring inside sewer pipes. Besides sensor development, a
predictive analytics model was proposed for anomaly detection.
The model incorporates a forecasting approach using a seasonal
autoregressive integrated moving average technique for anomaly
detection. The model was evaluated using the sensor data and
results demonstrated its effective performance. Overall, the
proposed sensor suite can ameliorate the way water utilities
monitor sewer pipe corrosion.
Index Terms—anomaly detection, concrete corrosion, concrete moisture, electrical resistivity, forecasting, SARIMA, smart
monitoring, sewer pipe, surface moisture sensor, Wenner probe.

I. I NTRODUCTION

U

NDERGROUND sewer systems are an important infrastructure requirement of any country. They protect
our public societies from the perils of sewerage borne diseases and unhygienic conditions [1]. Currently, the concrete
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sewer pipes are undergoing significant levels of degradation
due to hydrogen sulphide (H2 S) induced concrete corrosion
[2]. This corrosion is well known to be caused by the
microbial activities, which convert the H2 S present in sewer
air into sulphuric acid (H2 SO4 ) on the concrete sewer walls
[3]. The micro-biologically generated H2 SO4 penetrates the
pores of the concrete and starts to chemically react with
the cementitious material of the sewer pipe and finally, corrodes the concrete reinforcement bars (rebars) [4]. Failure
to restrict the concrete sewer pipe corrosion will expedite
the process of structural failure.
On a global scale, the concrete sewer pipe corrosion
causes a major problem for the water utilities as they incur
losses that are estimated to be billions of dollars every
year [5]. In Australia, the total value of sewer pipe assets
is appraised to be over $100 billion [6] with the annual
maintenance cost for sewer pipe renewals mostly due to
concrete corrosion is almost AU$ 100 million [7], where
the Sydney city alone spends more than AU$ 40 million
[8]. This cost is expected to upsurge as the ageing sewer
pipe continues to deteriorate [9]. It is expensive to replace
concrete sewer pipes [3].
In the interest of managing the sewer assets effectively,
there is a need for water utilities to directly measure concrete corrosion at discrete geographical areas to determine
the remaining useful life of the sewer pipes. Unfortunately,
there are no reliable and robust sensors available in the
current technologies to measure the level of corrosion
throughout the sewer network cost-effectively. So, water
utilities lookout for the factors that leverage corrosion.
In this regard, concrete corrosion in sewers is largely influenced by the microbial activities [10], [11]. Therefore,
quantifying their activity could shed light on concrete
corrosion. However, due to sensing limitations in hostile
sewer conditions, it is highly challenging to identify and
monitor the liable microbial activity. Alternatively, water
utilities focus on monitoring the H2 S concentration levels in
sewer air, temperature and moisture of the concrete surface
as they provide favourable conditions for the microbes to
live and reproduce [7], [12]. Presently, there are industryproven sensors for monitoring H2 S levels in sewer air
e.g. [13], and sensors to monitor sewer concrete surface
temperature conditions e.g. [14]. However, there have been
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no proven technologies to monitor surface moisture conditions without damaging the concrete structure under
hostile sewer environments for a long-term period. This
sensing limitation has led utilities to use surrogate measures
like relative humidity of the sewer air as an observation
to predictive models for estimating the concrete sewer
pipe corrosion [15]. As a result, the corrosion predictions
throughout the sewer network is largely associated with
prediction uncertainties due to the inadequacy of needed
data [16].
Recent studies have mainly focused on monitoring the
specific parameters to investigate the ambient conditions of
the sewer by using commercially available sensors [17]–[19].
For instance, few studies have demonstrated the feasibility
of monitoring relative humidity levels inside the corrosive
sewer pipes in different cities of Australia, where the researchers have reported the varying daily conditions [7],
[15]. Humidity sensors were developed by using advanced
sensing methods such as fibre optic technology for sewer
applications like detecting leakages in sewer tunnels [20].
Recently, humidity measurements near the concrete surface
were measured using Fibre Bragg Grating based sensors
for in-sewer applications [4]. However, the functional relationship between moisture content and relative humidity
illustrates higher humidity levels inside confined sewers do
not necessarily imply higher moisture on sewer walls [15].
Although there are several kinds of literature pertain to
monitoring the relative humidity in sewers, there are no
reports to date on measuring concrete surface moisture
conditions reliably inside sewers.
For addressing the sewer pipe corrosion problem, this
research collaborates with four Australian water utilities
led by Sydney Water (New South Wales Government-owned
statutory corporation) to develop a robust sensing system
to estimate surface moisture conditions in sewers. Since
the sewers in Australia are categorized as Zone-II hazardous
areas [21], the sewer operators defined several requirements
in developing the sensor as there are no systems available in
the market to readily measure surface moisture conditions
in sewers. The main requirements are: a) sensing method
should not cause any alterations or damages to the exposed
concrete sewer surface, b) no flammable substances inside
sewers, c) easy access to sensor data, d) sensor enclosure
should accommodate other sensors like temperature sensor,
e) enclosure should be light-weight and robust to hostile
sewer conditions, f ) easy to carry and mount design of
the enclosure, (g) easily replaceable direct current (DC)
battery pack for supplying power to the sensor suite, and
(f) moisture sensor should indicate wet and dry conditions.
There are several embedded sensing technologies available in the literature to measure moisture by installing the
sensors inside the concrete through chiselling or drilling in
a few civil infrastructures other than sewer pipes [22]–[26].
However, the embedded sensors can be degraded over time
due to acid permeation in concrete sewers. Various noninvasive technologies [27]–[38] and invasive method [39]
were reported. None of those technologies were proven to
work in sewer conditions. After a comprehensive scoping
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study [6], [40], several laboratory investigations were performed to identify electrical resistivity based moisture measurements as a promising solution to tackle the challenges
arising from the sewer environments [41]–[43]. However,
the sensors can produce anomalies [44]–[46], which can
be random and momentary [47]. Removal of such anomaly
is crucial for efficient sensor monitoring applications [48],
[49].
This article elucidates the development and evaluation
of the sensing system for real-time estimation of surface
moisture conditions in sewers. Once the sensing system was
tested and packaged in the laboratory, it was deployed in
the hostile gaseous sewer environment for investigating the
feasibility and examining sensing performance. From the
field-testing campaign, electrical resistivity measurements
were obtained from the surface of interest. Then, on-site
calibration was carried out to determine the surface moisture conditions of the measured sewer surface. After completing the field testing, the sensing system was evaluated in
the laboratory conditions to examine its sensing capabilities
after exposure to the aggressive sewer conditions for about
three months. Further, in the off-line analysis, temporal
dynamics of moisture and the effects of ambient temperature and surface temperature were investigated. Besides
the sensor suite development, a predicitive analytics model
leveraging the Seasonal Autoregressive Integrated Moving
Average (SARIMA) approach was developed to detect sensor
anomaly. The performance of the proposed model was
evaluated with the real-time surface moisture sensor data
obtained from the hostile sewer pipe.
This paper is distinct from those existing in the current
literature in a form that it supplies the needed data about
the surface conditions of the concrete sewer rather than the
ambient gaseous variable such as relative humidity. To the
extent of our knowledge, this is the first paper to report the
non-invasive method of surface moisture estimation from
concrete sewers with the motive of accurately predicting
the propagation of sewer corrosion.
The remainder of this article is structured as follows: Section II describes the methodology for the sensor suite development and field deployment whereas Section III details
the formulation of predictive analytics enabled anomaly
detection model. Section IV presents the results followed
by a discussion in Section V. Finally, Section VI concludes
the paper with the prospects.
II. S ENSOR S UITE D EVELOPMENT AND F IELD D EPLOYMENT
A. Sensing System
The surface resistivity of the concrete material can be
measured by placing the resistivity meter on the surface
of interest. In this work, commercially available resistivity
meter was utilized (Resipod, Proceq) [50]. The sensing principle of the resistivity meter used in sensor development is
based on the Wenner method [51]. This technique uses four
electrodes positioned in a straight line with an equidistant
space between the electrodes. A current is applied to the
outer two electrodes that are in contact with the concrete
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TABLE I: Specifications of the Surface Resistivity Meter
Measurement Range

0 - 2000 kΩcm

Operating Temperature Range

0°C to +50°C

Input Power

± 5V 100mA

Frequency

40 Hertz

surface and the resultant potential difference is measured
across the two inner electrodes. Based on the ratio of the
injected current and the measured voltage, the electrical
surface resistivity can be determined. However, the measured resistivity is dependent on the distance between the
electrodes. Mathematically, the resistivity can be computed
by using equation (1):
µ ¶
V
(1)
ρ = 2πa
I
where ρ is the resistivity of the concrete material expressed
in terms of kΩcm, a=50mm is the distance between the
electrodes, V is the electrical potential difference measured
by the inner two electrodes and I is the current injected by
the outer two electrodes. Based on the resistance of the concrete material, the resistivity meter automatically changes
its current injection mode through outer electrodes. The
resistivity meter (Resipod, Proceq) has two current ranges.
When the contact resistance of the outer two electrodes
and the resistance of the concrete is not too high, the
resistivity meter injects a nominal current of 200µA. The
outer two electrodes inject a nominal current of 50µA when
the contact resistance of the outer two electrodes and the
concrete resistance is too high. This is due to the reason
that the concrete behaves similar to an insulator when its
resistance is too high. Hence, the nominal current of 50µA
is injected to measure resistivity. For more information,
readers can refer to [52].
For long-term sewer monitoring application, the
ODROID-XU4 based Single Board Computer (SBC) was
utilized as a data logger. It is a 16GB embedded multimedia
controller module with pre-installed Linux computing and
small form factor having a dimension of 82×58×22 mm3 .
The electrodes of the resistivity meter protrude out of the
sensor enclosure to establish contact with the concrete
surface for measurements. They use spring mechanism so
that the electrodes can touch the concrete surface even in
case of the concrete surface is not flat (rough). The key
specifications of the resistivity meter are shown in Table I.
Although the resistivity meter has its application for
infrastructure monitoring, it is not proclaimed to use in
confined sewer systems. Therefore, pre-deployment evaluation was conducted before deploying it inside the sewer
pipe. The pre-deployment evaluation focuses on the measurement capabilities of the resistivity meter to determine
the reproducibility and limit of detection. The evaluation was carried out by placing the resistivity meter on
the benchmark and taking repeated measurements. The
temperature sensor used to measure surface temperature

(a)

(b)

(c)

Fig. 1: Field deployment. (a) Illustration, (b) Sensing unit
inside the sewer pipe, (c) Monitoring unit constructed
outside the sewer pipe.

and the ambient temperature of the sewer is an epoxy
coated thermistor sensor (THERM-EP, ICT International).
This sensor has the accuracy of ±0.05°C for the operating
temperature range -40°C to +80°C.

B. Field Application
After developing the sensor suite in the laboratory, it
was deployed inside the Sydney Water based sewer pipe
at Thornleigh suburb of Sydney city, Australia during the
summer season. The sensor suite consists of two main
units: sensing and monitoring unit as illustrated in Fig.
1a. The sensing unit was installed near the crown of the
confined concrete sewer pipe as shown in Fig. 1b on 3rd
November 2016 and the monitoring unit was constructed
outside the sewer pipe to set up the access station as in Fig.
1c. Besides the electrical resistivity meter, the sensing unit
accommodates an infrared radiometer and a thermistor
sensor for measuring the surface temperature variations on
the concrete sewer. The resistivity meter was activated to
measure the surface resistivity variations of the concrete
sewer pipe on 10th November 2016. The sensing unit
was mounted on the sewer pipe in a way such that the
electrodes are in contact with the concrete surface, so that
surface measurement is attained. From the sensing unit, the
data signals from the resistivity meter were transmitted to
the access station by using a 20-meter-long Ethernet cable.
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In the access station, the transmitted data signal from
the resistivity meter was processed and data logged by the
ODROID based data logger. The incoming digitalized signals
from the sensing unit were decoded from binary format
to hexadecimal format. The on-board operating system
of the SBC in the access station was programmed using
Python programming language to perform surface resistivity
measurements at regular intervals. From the SBC at the
access station, the logged surface resistivity measurements
with the time-stamp can be downloaded in the form of a
text file (.txt).
The field site used for sensor evaluation was located in a
remote area, where there is no access to the electrical mains
power supply. To overcome this issue, the access station
was developed to operate by using battery power. The SBC
in the access station was powered by using a 12V 100Ah
rechargeable heavy-duty battery. The constructed access
station was not equipped to communicate the measured
data remotely and so, once in a week an operator goes
to the access station to check the operating conditions
of the sensing system and data logging facilities whilst
swapping the battery with a fully charged one. Every time,
the operator swaps the DC battery, the SBC was rebooted
and restarted to perform the data acquisition at desired
time intervals.
Other sensors that measure the surface temperature of
the concrete sewer pipe and the ambient temperature of
the sewer atmosphere were also powered by the DC battery
in the access station. The data from those sensors were
stored using a data logger (TSM-1, ICT International). All
the temperature sensors were monitored from the access
station and were programmed to perform measurements
at hour boundaries. All the cables transmitting measured
data signals were protected from the sewer vermins by
enclosing with an electrical conduit from the sensing unit
to the access station. This field deployment application
was carried out for about three months and both the
sensing unit and monitoring unit in the access station was
removed from the site on 7th February 2017. During the field
testing period, the gas phase H2 S levels were between 2ppm
and 5ppm. It was monitored by using a Thermo Fisher
OdaLog®L2 Hydrogen Sulphide Logger. The concrete sewer
pipe surface had a pH of 5. This was measured by using a
pH indicator strip.
C. On-site Calibration
The free water retained on the surface of the aggregate
particles, which considered to be part of mixing water in
the concrete is known as surface moisture [53]. Depending
on the moisture content, the concrete material behaves
either as an insulator or a conductor. From various studies
[41], [54], it has been proven that the electrical resistivity
of the concrete decreases when the moisture increases
and vice-versa. Therefore, the surface electrical resistivity
measurement is said to have a strong correlation with
surface moisture. In this study, we aim to estimate the
moisture conditions on the concrete surface of the sewer
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pipe. The sensor suite employed in this study was calibrated
on the field site by placing the sensing unit and taking
resistivity measurements in dry and wet surface areas.
By using the surface resistivity measurements, the surface
moisture conditions can be mathematically determined by
using equation (2):
¶
µ
SR S − SRW
× 100
(2)
SM = 100 −
SR D
where SM is the surface moisture condition of the concrete
sewer pipe, SR S is the surface resistivity value measured
from the resistivity meter, SRW is the surface resistivity
value measured at the wet area of the concrete sewer pipe
and SR D is the surface resistivity value measured at the dry
area of the concrete sewer pipe. All the surface resistivity
measurements are expressed in terms of kΩcm and the
surface moisture conditions are expressed in terms of %.
The resistivity of the completely dried concrete sample is
approximately 106 Ωm (MΩcm) [55]. In sewers, most of
the pipe surfaces are wet. However, the sewer surface near
the manhole was observed to be touch dry, where the
resistivity value was observed to be 364 kΩcm. The wet
area concrete surface resistivity value was measured near
the tidal region. The value was observed to be 16 kΩcm. The
surface resistivity ranging from 364 kΩcm to 16 kΩcm was
considered to be the range of surface moisture conditions.
D. Post-deployment Study
A post-deployment study was conducted in the laboratory conditions following the three months of field evaluation under hostile sewer environments. In this study,
the sensing capabilities of the moisture sensor and the
robustness of the enclosure were investigated. By using the
benchmark, the sensing capabilities of the moisture sensor
was evaluated by taking repetitive measurements. Further,
the sensor enclosure and the sensor electrodes were examined through a careful visual inspection to identify any
damages that occurred during the field evaluation.
III. P REDICTIVE A NALYTICS E NABLED A NOMALY D ETECTION
M ODEL
This section presents the development of the Predictive
Analytics Enabled Anomaly Detection (PAE-AD) model for
the surface moisture sensor suite. The proposed PAE-AD
model uses Seasonal Auto-regressive Integrated Moving
Average (SARIMA) process S AR I M A(p, d , q)(P, D,Q)R p for
forecasting. The SARIMA process is defined in (3):
¶
µ
¶µ
p
P
X
X
ft
1−
φx βx 1 −
Φx βR p (∆)d (∆R p )D R
x=1

x=1

µ
¶µ
¶
q
Q
X
X
y
Rp
= 1+
θy β 1 +
Θ y β εt
y=1

(3)

y=1

where β is the backshift operator, p is the autoregressive
process order, P is the seasonal autoregressive parameter, d
is the differencing level, D is the seasonal differencing parameter degree, q is the moving average process order, Q is
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the seasonal moving average parameter, Ret is the mean deviation, εt is the white noise and R p is the seasonal period.
The terms φ and θ are the autoregressive process weight
parameter and moving average process weight parameter
respectively. The terms Φ and Θ are the weight parameters
of the seasonal autoregressive process and seasonal moving
average process respectively. The Hyndman and Khandakar
algorithm [56] is utilized in the development of the PAEAD model for automatically fitting the optimal values of
p, d , q, P, D and Q in (3). Let σg be the standard deviation
of the Gaussian distribution with weights ψ j , then the
probability distribution (R t + f |R t , R t −1 , R t −2 , ...) of a future
value R t + f of the S AR I M A(p, d , q)(P, D,Q)R p process will
be normal with mean R̂( f ). Then, the prediction bounds
for the S AR I M A(p, d , q)(P, D,Q)R p forecast is computed by
(4).

µ
¶1/2
fX
−1
2
R̂ t + f (±) = R̂ t ( f ) ± µλ/2 1 +
ψj
σg

(4)

j =1

where R̂ t + f is the S AR I M A(p, d , q)(P, D,Q)R p process forecast value that lies between the upper bound R̂ t + f (+) and
lower bound R̂ t + f (−). The µλ/2 = 95 is the percentile of the
probability distribution (R t + f |R t , R t −1 , R t −2 , ...)

By using the actual sensor measurements from 11th
November 2016 to 20th November 2016, the PAE-AD model
is trained to forecast one day ahead i.e. 24 data points
with R̂ t + f (+) and R̂ t + f (−). The forecast data R̂ t + f of that
particular day is compared with the actual sensor measurements R t of that respective day. A sliding window approach
[57] is incorporated in the PAE-AD model development.
Let SWs = k be the size of the sliding window. Then, the
sliding window will have k data points of R̂ t + f and R t in
a frame. Then, Pearson’s chi-squared statistical hypothesis
testing is performed for k data points inside the sliding
window to compute p-value for the sliding window frame
dataset. Here, the critical significance level α for p-value
is set as 5% i.e. α = 0.05. In this work, k = 6. This value
is chosen based on the heuristic knowledge of sensor data
characteristics. If the p-value of the sliding window is more
than 0.95, the window moves one step ahead to compute
the p-value of the new frame that contains 6 data points. In
the case of p-value being less than 0.95, the PAE-AD model
checks each sensor data of the sliding window is between
the upper bound R̂ t + f (+) and lower bound R̂ t + f (−). If the
value does not lie between the bounds, it is treated as
an anomaly. The detected anomaly is removed and the
respective R̂ t + f value is replaced in the PAE-AD model.
This sliding window process continues until all the 24
data points of the day are evaluated. The PAE-AD model
runs for each day. The previous day sensor measurements
after isolating detected anomalies are added to the PAE-AD
model training framework to forecast next day.

(a)

(b)

Fig. 2: (a) CAD model of the sensing unit illustrating
the accommodation of resistivity meter inside the sensor
enclosure. (b) The physical enclosure of the sensing unit
displaying the electrodes of the resistivity meter.

IV. E XPERIMENTAL R ESULTS
A. Sensor Suite Development and Pre-deployment Evaluation
The sensor enclosure was made up of Polyvinyl Chloride (PVC) material. Figure 2a shows the 3D CAD design
of the sensor enclosure, where the resistivity meter and
infrared radiometer are placed inside the enclosure. Figure
2b shows the physical prototype of the sensing unit and
displays the protruding electrodes of the resistivity meter.
Pre-deployment evaluation was conducted in laboratory
conditions. In this evaluation, the resistivity meter was
placed on the benchmark measures of 16 kΩcm and 120
kΩcm to determine the reproducibility. As an outcome of
this evaluation, all the measurements were identical to the
benchmark measures and therefore, the data reproducibility
was 100%. However, it was observed that if any of the
electrodes are not properly in contact with the concrete
surface, the measurements were recorded as 0 kΩcm or
error. Further, the resistivity meter has the limit of detection, which is between 0 kΩcm to 2000 kΩcm. Overall, from
the pre-deployment evaluation, it can be concluded that
the resistivity meter can be deployed inside sewer pipes for
measuring the surface electrical resistivity variations of the
concrete with the manufacturer settings.
B. Field Deployment and Real-time Measurements of Concrete Surface Electrical Resistivity Variations
The surface electrical resistivity variations measured by
the resistivity meter inside the concrete sewer pipe is
presented in Fig. 3. The measurement data were obtained
from 10th November 2016 to 20th December 2016 and from
28th December 2016 to 7th February 2017. From Fig. 3, it can
be observed that there are no drastic differences in surface
resistivity measurements between the days. However, it can
be noticed that the diurnal variation pattern relatively varies
less than 2 kΩcm. Overall, the surface resistivity data from
the resistivity meter displayed a decreasing trend for the
summer season of Sydney, Australia from November 2016
to February 2017.
C. Effects of Surface Temperature and Ambient Temperature
Inside Concrete Sewer Pipe
Figure 3 presents the profiles of surface resistivity measurements, surface temperature measurements of the con-
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Fig. 3: Profiles of surface resistivity, surface temperature,
and ambient temperature.

crete sewer pipe and ambient temperature measurements
of the sewer atmosphere for comparative analysis. From
Fig. 3, it can be observed that the surface temperature
has increased approximately from 21◦ C to 25◦ C between
early November 2016 and early February 2017. Similarly,
the ambient temperature has increased approximately from
20◦ C to 24◦ C. During the field tests, the maximum surface
resistivity of 25 kΩcm was observed in November 2016 and
nearly 20 kΩcm was observed in February 2017. Between 7th
January 2017 and 17th January 2017, an increasing trend in
surface temperature and surface resistivity measurements
were observed. The behaviour of surface resistivity and
surface temperature variations needs to be investigated
comprehensively by taking data throughout the year for
detailed analysis.
D. On-site Calibration and Surface Moisture Interpretation
To determine the surface moisture conditions of the
concrete sewer pipe, an on-site calibration was conducted
at the end of the field evaluation by placing the resistivity
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Fig. 4: Estimated surface moisture profiles of the concrete
sewer pipe.

meter in wet and dry areas of the concrete sewer pipe and
measuring the concrete surface resistivity. Figure 4 presents
the profiles of surface moisture condition estimates, where
it can be observed that the surface moisture condition of
the concrete sewer pipe is showing an increasing trend from
November 2016 to February 2017, which is the summer
season of the Sydney city of Australia. Overall, it can
be concluded that the surface moisture conditions of the
concrete sewer pipe were high during the field evaluation.
E. Post-deployment Study
In this post-deployment study, the sensing performance
of the system was evaluated along with careful visual
inspection of the sensor enclosure. Sensor measurements
were taken after the field evaluation, where the sensing
system has produced continuously 16 kΩcm and 120 kΩcm
against the benchmark measure of 16 kΩcm and 120
kΩcm respectively. This demonstrates that the measurements from the resistivity meter are produced without
any bias and therefore, it implies that the measurements
obtained from the sewer were reliable. Figure 5a shows the
electrode conditions of the sensing unit whereas Fig. 5b
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TABLE II: Comparative Analysis

(a)

(b)

Fig. 5: (a) Top view of the sensor enclosure displaying the
sensor electrodes after exposure to hostile sewer conditions
for about three months. (b) Side view of the enclosure
displaying the de-colouration occurred during the field
evaluation.

shows the post-exposure condition of the sensor enclosure
to a hostile sewer environment, where no visual degradation
barring slight de-colouration on the enclosure material was
observed. From this post-deployment study, it can be concluded that the sensing system operates as desired without
any apparent bias and the tailor-made sensor enclosure
demonstrated robustness to sewer conditions after three
months of exposure.
F. Comparative Analysis of Forecasting Models
The forecasting performance of different time series
models such as SARIMA [58], Exponential Smoothing State
Space (ETS) model [59] and Bagged Model [60] was evaluated for univariate data coming from the surface moisture
sensor suite. The statistical performance metrics such as
Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE) and Root Mean Square (RMSE) were used for
evaluating the forecasting performance, which are defined
in (5), (6) and (7) respectively.
=n
1 tX
|F D − S D |
n t =1
=n ¯¯ F − S ¯¯
100% tX
D¯
¯ D
M APE =
n t =1 ¯ S D ¯
v
u t =n
u1 X
R M SE = t
(F D − S D )2
n t =1

M AE =

(5)

(6)

(7)

where the F D is the data forecast from different univariate
forecasting models such as SARIMA, ETS model and Bagged
model respectively, S D is the data obtained from the sensor
measurements, t is the instantaneous time and n is the
number of forecast values. For the aforementioned models,
forecasting performance evaluation was done by training
the model using the data from 11th November 2016 to
20th November 2016. The data from 21st November 2016 to
27th November 2016 were used for testing the forecasting
performance of each model. Table II presents the computed
forecast errors for different models, where it can be observed that the MAE, MAPE and RMSE were higher for
Bagged model relative to ETS and SARIMA. For the ETS
model, the three aforesaid metrics has lower forecast error
relative to the Bagged model. However, those values for
the ETS model were higher than the SARIMA. This implies

Statistical Metrics

SARIMA

ETS

Bagged Model

MAE (kΩcm)

0.6516

0.7204

0.7544

MAPE (%)

0.0282

0.0312

0.0327

RMSE (kΩcm)

0.8432

0.8933

0.9249

that the forecasting performance of the SARIMA model is
better than the ETS and Bagged model. Hence, SARIMA
forecasting technique is employed in this work to develop
the PAE-AD algorithm.
G. Performance Evaluation of the PAE-AD Model
This subsection presents the results of the PAE-AD
model’s performance evaluation. Figures 6 and 7 shows the
implementation of PAE-AD model for anomaly detection,
where the first plot shows the forecasts of the model and
the second plot shows the actual sensor measurements with
anomalies and the third plot shows the p-value less than
0.95 critical value for the anomalous data.
The Successful Detection Rate (SDR) [61] defined in
equation (8) is used as a performance metric to evaluate
the PAE-AD model’s anomaly detection capability.
¸
·
SD
× 100
(8)
SDR =
AM
where SD is the total number of successful anomaly detections and AM is the total number of anomalies. The SDR
is expressed in terms of %. The SDR for the periods from
21st November 2016 to 20th December 2016 and from 29th
December 2016 to 7th February 2017 is 100% and 96.77%
respectively. Overall, the PAE-AD model detected 97.82% of
46 anomalies contained in the sensor measurement data.
The forecasting performance of the PAE-AD model was
evaluated by comparing the forecast data of two different
periods with the anomaly free sensor measurements of
those respective periods. Figure 8 shows the temporal profile of forecast data and actual sensor measurements, where
it can be observed that the PAE-AD model’s forecasts follow
a similar pattern to the actual sensor measures. This implies
that the forecasted data generates a reasonable alternative
to the sensor data. Also, MAE, MAPE and RMSE were
used as statistical metrics to evaluate the proposed model’s
forecasting performance. Table III presents the computed
statistical values for the PAE-AD model’s forecast, where all
the error metrics indicates high accuracy.
V. D ISCUSSION
In spite of the fact that there are various sensor technologies available off-the-shelf for estimating concrete moisture
conditions, their adaptability to sewer environments has
not been studied until now. This research study has utilized
an electrical resistivity meter for determining the surface
moisture conditions of the concrete sewer pipe. Although
the sensing system has shown physical robustness to deployed sewer conditions, the measurements were found to
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TABLE III: Evaluation of PAE-AD Model Forecasting
Period

MAE
(kΩcm)

MAPE
(%)

RMSE
(kΩcm)

26th November to
1st Dec. 2016

0.3214

0.0138

0.4543

12th to 17th January 2017

0.2258

0.0105

0.2713

Fig. 7: Illustrating the PAE-AD model’s anomaly detection.
(a) PAE-AD model’s forecasts and prediction intervals, (b)
Sensor data with anomalies and (c) p-values corresponding
to the sensor measurements from late December 2016 to
the first week of February 2017.

Fig. 6: Illustrating the PAE-AD model’s anomaly detection.
(a) PAE-AD model’s forecasts and prediction intervals, (b)
Sensor data with anomalies and (c) p-values corresponding
to the sensor measurements from early November 2016 to
the third week of December 2016.

be influenced by nearby metals (rebar). Therefore, it needs
an on-site calibration for estimating the surface moisture
conditions based on the electrical resistivity values. The
in-situ evaluation was conducted in a Sydney suburban
area of Australia, where there is no access to electrical
mains power. So, a DC car battery was used to operate
the sensing system. An ODROID based data-logger was
used for storing the surface resistivity measurements from
the sewer pipe. This data-logger was power-hungry and
so, the DC battery was swapped with the recharged one.
After swapping the battery, the operating system of the
data-logger was restarted to perform measurements and
logging at desired time intervals. To address the issue
of high-power consumption by the data-logger, we are

presently investigating the use of a micro-controller based
data logging system.
The effect of rebar position on electrical resistivity measurements was studied by the authors. As detailed in
[62], it was observed that sensor measurements taken
perpendicular to the rebar has less influence compared to
measurements taken by placing the electrodes on the top
of the rebar. The ideal place for sensor measurements is
at an area where the rebar is not in close proximity to the
sensor electrodes. The effects of H2 S could be attributed
to the surface pH conditions. It is still under investigation
and will be published in a future publication. This is now
mentioned in the manuscript [41].
From the post-deployment validation study, it can be
concluded that the sensing system was in working conditions after three months of exposure to sewer conditions
and therefore, the surface resistivity measurements from
the sewer concrete surface were legitimate. Nevertheless,
the surface resistivity data contained 2.36% of anomalies.
They were manually removed for computations and in plots
shown in Figs. 3 and 4. The sensor enclosure made up
of PVC material exhibited durability to withstand corrosive
sewer conditions. However, de-colouration of the PVC material was observed in a few areas.
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Fig. 8: PAE-AD model’s surface resistivity forecasts.

This study mainly focused on developing surface moisture sensor suite and evaluating its suitability for monitoring inside harsh sewer environmental conditions. In this
study, the humidity sensor was not installed in the pipe
section where the surface moisture measurements were
taken as there are no humidity sensors, which can operate
long-term in sewer conditions. However, at the time of
installing and removing the sensor unit, relative humidity
was measured by using a hand-held relative humidity
sensor (RH511, Omega). The reported scientific studies
suggest that when the relative humidity of sewer air is over
95%, the concrete surface moisture conditions tend to be
higher [15]. In this study, it was observed that the concrete
moisture conditions were over 97% during the field testing.
This could be because of the higher humidity conditions
prevailed in the sewer pipe section, where the sensor was
tested. However, the link between the concrete moisture
and relative humidity cycling needs to be studied in detail,
as even in the previous study it was poorly understood
[63]. Detailed investigation of the effects of relative humidity
conditions on surface moisture measurements in the longterm will be investigated in a future study.
During the field tests, the temperature difference between
the gas phase temperature and the sewer wall temperature
was less than 1◦ C. This may have negligible effects on
surface moisture. However, in areas where the sewer pipe
is above-ground, the difference in the gas phase and sewer
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wall temperature can be larger, which can influence surface
moisture conditions. This needs to be studied comprehensively in the future to gain more insights on the influence
of temperature parameters on surface moisture conditions.
From the field-testing campaign, it was observed that the
surface moisture variations during the summer (November
to February) period in Sydney, Australia is over 97% and
the variations are less than 1.5%. This is a finding, which
was not reported in previous studies. In this study, a
small variation in moisture conditions was observed. This
observation needs to be extended throughout the year to
assess the moisture variations. Highly moist environmental
conditions on the concrete sewer wall favours the growth
of corrosion causing bacteria, which induces the corrosion rate significantly. However, this needs to be further
investigated by a corrosion expert or a microbiologist to
understand the significance of the corrosion potential.
While computing the statistical metrics for different
forecasting models, four anomalies were present in the
actual sensor measurements. Those anomalies were removed manually to compute the metrics to display the
forecasting performances. However, even with those four
anomalies, the SARIMA model has the lowest values for
all the metrics. In the statistical comparative analysis, the
SARIMA based model prediction between 21st November
2016 and 27th November 2016 has lower accuracy compared
to the PAE-AD model prediction from 26th November 2016
to 1st December 2016 and from 12th January 2017 to 17th
January 2017. This is mainly due to the reason that in
the comparative analysis, we trained the SARIMA based
model and predicted for seven continuous days whereas,
in the PAE-AD model, we have predicted one day ahead
by updating the PAE-AD model’s training data with the
previous day sensor measurements.
Surface moisture sensor measurements can produce
anomalies for several reasons. They can be momentary or
long-lasting. A momentary anomaly can occur randomly.
Long-lasting anomalies are continuous and may lead to
sensor failure. One possible cause for the anomaly is when
the electrodes of the sensor are not touching the surface
properly. It can be due to the failure of the spring mechanism in the sensor electrode or damages that occurred on
the surface of the concrete sewer wall. In this circumstance,
the sensor tends to produce 0 kΩcm. Another possible
cause is when there is a fluctuation in the input signal or
low power supply to the sensor system. In this scenario,
the sensor produces random values. Identifying anomalies
is crucial for sensors monitoring inside the harsh sewer
environment. It can be detected by a simple statistical
method. However, the PAE-AD model includes a forecasting
module, which enables temporal forecasting of sensor data.
Besides anomaly detection, the PAE-AD model can utilize
temporal forecasts to detect early sensor failure based on
the continuity of abnormal sensor data. In addition, the
forecast data caters reliable estimates of sensor measurements on abnormal events such as anomaly occurrence,
sensor faults and during the scheduled maintenance period.
Thus, the estimated data can be a replacement for the
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faulty sensor data. Also, the PAE-AD model allows the
operators to manage sewer pipes by foreseeing the trends
of sensor measurements for appropriate decision-making
whilst monitoring the sensor health conditions.
Currently, there is a predictive analytics model for predicting sewer concrete corrosion. However, the uncertainty
in predictions is high in certain areas. In such areas, the
developed sensor will be deployed to monitor surface moisture conditions. Primarily, it is important to know whether
the concrete sewer wall is wet or dry because the corrosion
causing bacteria grows on the highly moist concrete surface.
This information will be fed as an additional input to
the predictive model for improving corrosion prediction.
However, concrete sewer surface moisture condition is not
the only parameter that influences corrosion or it does not
have a linear correlation with the corrosion rate. Some of
the parameters that can influence the corrosion process
are temperature and relative humidity of the sewer air,
concrete sewer surface temperature and gaseous H2 S content in sewer air. The electrical resistivity measurements
can relatively indicate whether the concrete surface is wet
or dry. For this reason, calibration was done by taking
measurements in wet and dry areas of the pipe section.
VI. C ONCLUSIONS AND F URTHER W ORK
This article reports the development of a sensor suite
and predictive analytics enabled anomaly detection model
for smart monitoring of surface moisture conditions inside
the concrete sewer pipe. The main highlights are:
• A sensor suite based on electrical resistivity measurements was developed for real-time continuous
monitoring of concrete sewer pipe surface moisture
conditions under corrosive sewer conditions.
• The competence of the developed sensing system to
survive the hostile environmental conditions of the
sewer atmosphere for about three months demonstrated its suitability for long-term sewer monitoring
applications.
• A PAE-AD model was proposed and evaluated with the
surface resistivity data obtained through the developed
sensing system. The model detected 97.82% of the
anomalies contained in the sensor data and statistical
evaluation indicated the high accuracy in the model’s
forecasting performance.
Our industry partner Sydney Water in Australia currently
uses a predictive analytics toolkit for predicting corrosion
on the entire sewer network. The toolkit’s prediction is
based on the Bayesian non-parametric method. It means
that each prediction at an unknown point in the sewer
network is a Gaussian distribution with mean and variance.
Higher the variance implies higher prediction uncertainty
in the geodesic distances from the predicted point and to
the observed point. In the future, the developed sensor
unit will be deployed for real-time monitoring at a location
where there is a high prediction uncertainty in the sewer
network. Then, the surface moisture data will be fed as
an input to the corrosion predicting model for minimizing the prediction uncertainty and thereby, improving the
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prediction accuracy. This allows the water utilities like
Sydney Water to efficiently manage their sewer assets and
enables operational cost savings through targeted sewer
pipe renewals and chemical dosing.
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