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Abstract:  Condition assessment is extremely important for development of suitable plans for maintenance, retrofit or 
replacement of assets. However, the most significant challenge for water utility asset managers is to obtain accurate 
condition information of the asset, particularly when the inspection points are physically difficult to access or 
inaccessible. Therefore, a reliable and cost-effective asset monitoring (sensor) system, preferably real-time with 
ability to streaming online, is in search for asset management, particularly for water utilities. It is well accepted that 
moisture ingress in concrete reduces durability and life span of water assets. This project describes our approach to 
develop a distributed humidly sensor for condition assessment and environmental monitoring of structures both inside 
and outside, such as inside the concrete and surrounding soil. In addition, this research also takes a machine learning 
approach to use the sample sensor data to predict the potential pipe burst events. The result shows that a machine 
learning approach has a great potential to predict the burst and enable preventative maintenance. It is also expected 
the accuracy will increase overtime with ongoing data capture. 
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1. INTRODUCTION 

Water utilities are generally asset intensive organisations and actively seek innovative methods 
to become more proactive in managing their assets for the best cost-benefit outcomes. Asset 
management is now becoming part of our daily life and its importance is growing in all industries, 
particularly the water industry, which is currently under very strict economic scrutiny and control 
(Chang et al., 2001). In addition, with an ageing water asset portfolio, water utilities are struggling 
to manage the cost of maintenance and renewal while trying to improve customer satisfaction 
(Apperl et al., 2017). For instance, the South Australia state water utility company, SA Water, 
providing water services to more than 1.7 million South Australian customers, is facing an 
increasing number of pipe bursts in the last few years, having a peak burst density of 22.5 bursts / 
100 km in 2016. Our own analysis using statistics driven historical burst data shows that there is a 
significant correlation of increases in pipe burst with the winter rainfall. These unscheduled repairs 
have huge impact on the water utilities’ reputation and the budget bottom line. Therefore, an 
effective management system is essential to operate their assets over the whole life-cycle, 
guaranteeing a suitable return and ensuring defined level of service and security standards. 

Sensors are widely used in detecting pipe failures. For example, Choi et al. (2017) tried to detect 
leaks by using vibration sensors. In other industries, such as construction, humidity sensors are 
well-established (Andrade et al., 1999; Sergi et al., 2004). However, recent studies of using 
advanced humidity sensors, such as Sun et al. (2012) and Alwis et al. (2013), have shown great 
potential in detecting underground leaks.  

This research also introduces machine learning in pipe fault prediction based on the sensor 
readings. Machine learning is an application of artificial intelligence (AI) that provides systems the 
ability to automatically learn and improve from experience without being explicitly programmed 
(Alpaydin, 2009). Machine learning focuses on the development of computer programs that can 
access data and use it to learn for themselves. Predictive analytics (Kuhn and Johnson, 2013) 
utilises techniques such as machine learning and data mining to predict what might happen next. It 
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can never predict the future with 100% accuracy, but it can look at existing data and determine a 
likely outcome. Predictive analytics differs from data mining because the latter focuses on 
discovery of the hidden relationships between variables, whereas the former applies a model to 
determine likely outcomes.  

In summary, the main objective of this research is to identify possible factors influencing pipe 
burst and to investigate a new detection methodology based on humidity sensors. This paper 
describes a step by step procedure to illustrate the integration process using a case study approach.  

2. RESEARCH DESIGN 

2.1 Multi-stage research 

The overall project consists of three stages: 
1. Case study for factor analysis – historical data analysis on pipe burst events; 
2. New detection method experiment – deploying humidity sensors in concrete pipe; and 
3. Preventative maintenance strategy developing – using advanced analytics to link sensor 

readings for burst prediction 
 
After reviewing a number of advanced analytics algorithm, Ridge Regression was chosen as the 

machine learning analytics algorithm in this project. Ridge Regression (Hoerl and Kennard, 1970) 
is a “variation of linear regression”. It is a technique for analysing multiple regression data that 
suffer from multicollinearity (the existence of near-linear relationships among the independent 
variables). When multicollinearity occurs, least squares estimates are unbiased, but their variances 
are large, so they may be far from the true value. By adding a degree of bias to the regression 
estimates, ridge regression reduces the standard errors. 

Ridge Regression has same assumptions as linear regression: linearity, constant variance, and 
independence. Thus, in addition to the basic requirements to perform Ridge Regression such as 
variable standardization, the research team has utilised several normalisation methods during data 
pre-processing stage to improve prediction results.  

2.2 Case study selection 

Through the use of SA Water data, two case studies have been created both exhibiting similar 
soil properties consisting of largely sandy silty clays (Figure 1). The first case study undertaken is a 
joint suburb named Area 1 with a size of approximately 1.53 m2, which has been found to have low 
pipe failure rates. This area will be analysed and compared to case study 2, namely Area 2, of 
similar size 1.49 m2. However, this area exhibits very high pipe failure rates. These case studies 
were analysed using a number of factors leading to pipe failure that were discovered through the use 
of literature and data provided from SA Water. Factors such as age, material, diameter and 
surrounding soils have been determined to be the most prominent in leading to consequent failures. 
When a water pipe failure occurs, a large amount of data is recorded and is stored in an Asset 
Management system which holds all information surrounding SA Water’s assets and is used to 
generate work orders for their repair or replacement. As part of these work orders, the repair teams 
collect information regarding the failure. This includes a description of the failure (leak or failure), 
the mechanisms of failure (longitudinal break, etc.), how the pipe was repaired and the exact 
location, among others. Once the exact location is determined, the GIS ID of the pipe can be jointed 
to the work order. This allows for the data that is collected in the water pipe failure work order to be 
combined with the water pipe’s properties.  

This data set is used to complete regular reporting for SA Water’s key performance indicators 
that are published in National Performance of Urban Water Utilities. This joined dataset allows for 
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a shapefile to be created that can be layered on top of base maps in GIS programs such as ArcGIS. 
Unfortunately, this data collection method only started in 2011 when the current Asset Management 
System was first introduced by SA Water, meaning that long term data analysis will not be possible 
in this report. SA Water’s Asset Management Unit was able to provide access to their GIS systems. 
This allowed us to obtain a holistic view of SA Water’s water pipe network and pipe properties. A 
large data set that analysis could be performed on was also provided. This included the raw data set 
of completed breakdown work orders on water pipes for the whole state over a 7-year period and 
the connected shape file that contained the exact location and the pipe’s failure properties. Overall, 
24,251 water pipe failures were provided with 11,059 occurring in metropolitan network, with the 
remainder occurring in 311 different regional water networks. 

 

Figure 1. Metropolitan Adelaide water pipe network and the case study areas. 

Due to the large amount of data that was provided by SA Water and the limited timespan, it was 
decided that a case study approach would be appropriate to be able to analyse selected data to 
attempt to determine trends between two areas that have very similar characteristics, but one has a 
relatively high-water pipe failure rate and the other has a relatively low rate. The decision was made 
to select the case study areas to be within the Adelaide Metropolitan water network area. The next 
step was to determine two study areas having the same soil characteristics, as soil characteristics 
have a large impact on failure rates. Due to the limitations of the research, it was decided that the 
impact of soil will not be investigated. To facilitate this, soil was used as a control variable. A soil 
map that was produced as part of the 1991 soil atlas of Australia was created into a shape file and 
overlayed in ArcGIS Map to obtain Areas 1 and 2 as case studies. 
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3. RESULTS AND DISCUSSION 

The case studies conducted using SA Water data yielded very useful outcomes with regards to 
pipe failure. As mentioned in the Research Design section that data was extracted from the Asset 
Management system and also from the National Performance of Urban Water Utilities (SA Water’s 
key performance indicators). Table 1 summarises the characteristics of the two case study areas, 
whereas Figure 2 provides the age profile of pipes in these two areas. It was found that age and 
material are heavily linked, with older pipes being primarily made up of CICL material being far 
more susceptible to failure. It was determined that pipes under the age of 30, primarily composed of 
new age PVC materials are extremely unlikely to experience failures. Pipes aged 50 years begin to 
experience an increase in failure rates and 80 years of age was deemed critical (see Figure 3). It was 
further discovered that diameter has very little impact on the failure rates of water main pipes. 
However, it was found that when these failures do subsequently occur, they are more likely to occur 
in smaller pipes of 100 mm and 150 mm diameter, due to the significant portion of water main 
pipes being of these sizes. 

 
Table 1. Comparison of the two study areas 

 Area 1 Area 2 
Total Pipe Length 26.6 km 28.8 km 
Number of Failures 21 54 
Burst per km 0.73 2.03 
Pipe materials:   

Asbestos Concrete (AC) 30% 28% 
Cast Iron Concrete Lined (CICL) 50% 51% 
Cast Iron Concrete in Situ (CICS) 11% 9% 
PVC 1% 7% 
Other 8% 5% 

Number of failure by materials:   
Asbestos Concrete (AC) 5 13 
Cast Iron Concrete Lined (CICL) 14 (66.7%) 37 (68.5%) 
Cast Iron Concrete in Situ (CICS) 2 (9.5%) 1 (1.9%) 
PVC + other 0 (0%) 3 (5.6%) 

 

 

Figure 2. Age profile of water mains in the case study areas 
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Figure 3. The relationship between pipe age and failure 

Once the major factors leading to failure are determined, it is possible to isolate those critical 
pipes that need real-time monitoring. The humidity sensor experiment related to concrete pipes 
discussed above is one such application that could be used for critical assets. Due to the inability of 
installing humidity sensor to underground pipes, sample data collection does not take pipe age and 
type into consideration. The chosen humidity sensor is a lab-created optical fibre sensor as 
described by Correia et al. (2012) and Alwis et al. (2013). 

This experimental study yielded sample data with 93 records and 2 columns. We mark the first 
column (humidity sensor readings) as feature “A” and the second column as feature “B” 
(normalised number of failures) for demonstration purposes. We use the first column “A” as the 
predictive feature and predict the second column “B” values. It must be noted that since the 
humidity sensor is highly sensitive, we decided to retain 4 decimal points reading values. 

3.1 Pre-processing 

The feature A values range from 12.2613 to 12.7777. The difference among A values is too 
small to get good prediction results, so we did a slight processing on the feature A: minus 12 from 
each value of feature A to enlarge the relative difference among those values. 

3.2 Prediction approach 

As discussed in the research design section, we used Ridge Regression as our prediction 
approach. Note that there is only one predictive feature, so it would not make a big difference of 
prediction accuracy with different regression approaches. 

3.3 Prediction outcome 

Ridge Regression can be performed by many different tools. In this project, the open source 
scikit-learn toolkit was used to perform this task. Among 93 records, we randomly capture 80% of 
the data, a total of 74 records (93 records x 80% = 74 records) as our training data and build 
prediction model on them. Then we test our model on the remaining 20% of the data (93 records x 
20% = 19 predictions) by applying the trained model in the 19 testing data records (run our 
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experiments for 10,000 times). Each prediction value is an average of 10,000 prediction results 
based on the corresponding input data. Table 2 shows the difference in predicted failure value and 
actual failure value. The average MAE (Mean Absolute Error) is 0.070. Given that the actual 
normalised failure value ranges from 0.01 to 0.6, a MAE of 0.07 represents a significant difference. 
Thus, it is not a desirable prediction outcome. 

 
Table 2. Predicted results (sensor reading → normalised number of failures) 

Prediction results Actual values 
0.0561 0.0329 
0.1221 0.0168 
0.0183 0.0069 
0.0881 0.0154 
0.0900 0.1518 
0.1202 0.0670 
0.0994 0.0438 
0.0353 0.0058 
0.0089 0.0112 
0.0108 0.0031 
0.0975 0.1047 
0.0862 0.0315 
0.1503 0.6503 
0.0014 0.0094 
0.0749 0.0392 
0.1258 0.0168 
0.0711 0.0545 
0.0730 0.0109 
0.1353 0.0150 

 

We notice that the data is quite imbalanced. For the values of B, 82 of 93 records are lower than 
0.2 (general cases), and 11 remaining records have much higher values (potential outliers). Such 
imbalanced data would make a big limitation to our prediction accuracy. Thus, we did another set of 
experiments to only predict B values that are lower than 0.2. Similarly, we also run our experiments 
for 10,000 times and get average prediction results as shown in Table 3. The new average MAE 
(Mean Absolute Error) is 0.017. 

 
Table 3. Example of predicted results after removing outliers (sensor reading → normalised number of failures) 

Prediction results Actual values 
0.0433 0.0424 
0.0248 0.0203 
0.0576 0.1301 
0.0509 0.0310 
0.0113 0.0148 
0.0366 0.0773 
0.0071 0.0009 
0.0711 0.0312 
0.0097 0.0127 
0.0332 0.0329 
0.0147 0.0137 
0.0341 0.0204 
0.0602 0.1013 
0.0307 0.0087 
0.0635 0.0478 
0.0139 0.0068 
0.0315 0.0350 

 
We could see that the MAE with this approach is much lower than the previous one. Given that 

the values of prediction results are measured between 0.01 to 0.1, the prediction algorithm with a 
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MAE value of 0.017 is considered accurate for general real-world scenarios.  
It is noted that the normalised number of failure value in the above tables may not be 

meaningful, however, the results of this experiment shows a strong link between humidity sensor 
readings and pipe failures. Thus, in real practices, the normalised failure value can be substituted 
with failure risk threshold values or other failure indicators. By applying the same method, the new 
Ridge Regression prediction models can accurately predict pipe failures based on the humidity 
sensor readings and form an effective preventative maintenance strategy accordingly. 

4. CONCLUSION 

This research has used historical data to identify possible factors influencing pipe burst, such as 
age and materials. Since it is found that concrete-based pipes have a higher failure rate, it is thought 
that optical humidifiers sensors can be used to detect underground pipe failures at early stages. The 
sensor experiment has consequently demonstrated the humidity reading capability. However, in 
order to establish the link between humidity readings to pipe failure, a machine learning approach 
was adopted to use Ridge Regression to predict pipe failures based on the sensor readings. The 
results clearly show that an adequate preventative maintenance strategy can be formed based on the 
adoption of real-time humidity sensors with advanced analytics. 

Integrated real-time asset condition monitoring is a new concept and will provide an innovative 
tool for asset managers to be able to manage assets in an effective and proactive way. The project 
links well with the Industry 4.0, it has a strong focus on using Internet of Things (IoT) sensors to 
collect Big Data and building advanced data analytics capabilities such as machine learning (ML) 
for predictive maintenance. As an emerging artificial intelligence field, ML is a way of “training” 
(involves feeding huge amounts of data) to an algorithm, so that it can “learn how”. Unlike the 
traditional data mining methods, ML has a unique advantage of self-learning and improving, which 
can provide proactive assessment and monitoring. It is also expected that the future machine 
learning models will take pipe age, type and past incidents into consideration, thus, resulting in a 
much more accurate prediction for more efficient and effective pipe maintenance activities. 
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