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Abstract: Urban water distribution systems are critical infrastructures, and their failure can lead 15 

to significant economic, environmental, and social losses including flood streets and loss of treated 16 

drinking water. Identifying the failure patterns of water mains over time under various conditions 17 

is an inexpensive approach for estimating the structural deterioration of water distribution systems. 18 

It is also an alternative method for direct inspection that requires intensive efforts and budget. 19 

Time-dependent factors such as temperature and precipitation variations can lead to changes in 20 

frost depths and ground movements resulting in stresses that exceed design values and increasing 21 

the potential of water main failures. A few studies have addressed the impact of climatic variations 22 

on the failure prediction of water mains. To fill this gap, a temporal approach for the failure 23 

prediction of water mains under climatic variations is presented. The proposed approach can 24 

predict the failure of water mains at selected locations (not only one location) and allow to not 25 

only predict the failure by a one time-step ahead but also obtain accurate failure predictions up to 26 

nine months ahead. Another purpose of the proposed model is to accommodate additional variables 27 

to predict the failure of water mains at selected locations. To achieve this objective, a vector 28 

autoregression model with exogenous variables that incorporates the impact of climatic variations 29 

was developed. Spatiotemporal data of water mains failure events and climate data are collected 30 

for this study from Quebec and Ontario, Canada. Monte Carlo method was applied to validate the 31 

reliability of the predictive model. In other words, the failure prediction of water mains 32 

uncertainties were generated using Monte Carlo simulation. Results show that climatic variations 33 

can provide valuable information for the failure prediction of water mains. Results also prove that 34 

the proposed model can accurately predict the temporal failure patterns of water mains at two water 35 

distribution systems simultaneously.   36 
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1. Introduction  42 

Water mains are critical infrastructures (CIs) and more than 300 failures of water utilities (100-43 

300 mm) could occur in a year and thus require urgent repair or replacement in North America [1]. 44 

Failure of water mains can cause long-term failure of water distribution systems, thus losing a 45 

huge amount of drinking water [2]. Over two trillion gallons of treated drinking water is wasted 46 

owing to an estimated 240,000 annual water main breaks in the United States [3]. According to 47 

the Water Infrastructure Report Card published by the American Society of Civil Engineering 48 

(ASCE) in 2017, the water systems such as water mains in the US have attained an overall grade 49 

of “D.” This means that the water mains infrastructures are in poor to fair condition and a large 50 

portion of the infrastructure at risk of failure  [3] . Similarly, the Canadian Infrastructure Report 51 

Card revealed that 23% of water infrastructures are in poor to fair condition [4] . Additionally, $1 52 

trillion is needed for the maintenance of water infrastructure to meet the future demand for water 53 

over the next 25 years [3]. 54 

Climatic variations may cause damage to critical infrastructures such as water mains [5]. 55 

Temperature variations can lead to changes in frost depths and ground movements, resulting in 56 

stresses that exceed design values and increasing the potential of failure [6]. The failure of water 57 

mains may result from dynamic factors and static factors. Dynamic factors are varied over time, 58 

including environmental and operational factors such as soil moisture, temperature, landslide, 59 

external loads, and water pressure. Whereas, static factors are fixed over time, such as pipe 60 

diameter, pipe age, and pipe material [2]. Environmental factors, including temperature and 61 

climate change can lead to the deterioration and failure of water mains. Damage to buried 62 

infrastructures such as water mains may result from climate events (e.g., flood) and climate 63 

variations in temperature and rainfall patterns [7].   64 
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Affecting of Climate Variability on Water main Failures  65 

As pointed out by Vreeburg et al. [8], the number of breaks of water mains that made of cast iron 66 

increases during the winter season, which suggests the association between temperature and failure 67 

occurrences. On the one hand, Bruaset and Saegrov [9] found that the failure rate of water mains 68 

generally increases with the decrease in temperature. On the other hand, Makar [10] concluded 69 

that frost loading is an essential factor in evaluating the failure of water mains. Frost heaves can 70 

impose significant strains on pipe walls and thus lead to distresses and possibly failure. Soil 71 

freezing and thawing cycles due to seasonal changes in temperature can lead to water leakage and 72 

eventually failure [9]. The association between the failure of water mains and influential factors 73 

such as pipe age, pipe diameter, water pressure, soil corrosivity, external loads, and temperature 74 

have been studied by previous studies [11-13]. In particular, results showed that the drop in 75 

temperature enhances the number of water main breaks. In other words, temperature fluctuation 76 

tend to increase the number of water main breaks in winter. Goodchild et al. [14] developed a 77 

linear model to predict the water main breaks as a function of environmental and climate variables 78 

such as solar radiation, minimum grass temperature, daily rainfall, soil moisture deficit, 79 

evapotranspiration, water content on the topsoil, water wind, and actual evaporation. Results 80 

proved that minimum grass temperature, daily rainfall, soil moisture deficit, and actual evaporation 81 

can significantly contributed to the prediction of pipe breaks for cast iron and asbestos cement pipe 82 

materials buried in clay and loam. In another study,  Rajani et el. [11] developed a non-83 

homogenous Poisson model to study the impact of temperature variations on water mains breaks 84 

that made of cast iron (CI), ductile iron (DI), and galvanized steel. They found that temperature 85 

variations may impact the failure of water mains. One of their study limitations is that the 86 

developed model addressed only one climate variable that may contribute to the failure of water 87 
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mains. Other studies [15, 16] conducted a statistical analysis to prove the association climate 88 

variations  (e.g., temperature and precipitation) and pipe failure in cold regions. Results proved 89 

that the freezing index is one of the most significant climate covariates that may contribute to the 90 

failure of water mains. Kabir et al.  [17] found that water mains made of metallic material are at high 91 

risk of failure in summer and winter seasons. Kleiner and Rajani [18, 19] studied three climate 92 

variables to predict the annual breaks of water mains including cumulative annual rain deficit 93 

(RDc), annual freezing index (FI), and snapshot rain deficit (RDs). FI is a surrogate measure for 94 

winter severity in a given year, RDc is a surrogate measure for average annual soil moisture, and 95 

RDs is a surrogate measure for locked-in winter soil moisture. They applied deterministic and 96 

probabilistic models to predict the annual breaks of water mains using a time step of one year. 97 

Additionally, the developed models are able to predict the failure of water mains under the defined 98 

climate variables. Gould et al. [20] found that soil shrinkage in nonfreezing regions that result from 99 

lower soil moisture enhances the pipe failure rate. Statistical methods [5, 21] performed to study 100 

the impact of climate variations on the integrity of water distribution systems. 101 

 102 

Failure Prediction Model of Water Mains 103 

Numerous studies have addressed the failure prediction of water mains based on static and 104 

dynamic factors, such as pipe diameter, materials, length , pipe age, and temperature. Kleiner and 105 

Rajani [22] presented a method to forecast the failure rate of water mains by taking into account 106 

pipe aging, climate (including freezing index and rain deficit), and operation conditions (e.g., the 107 

cumulative length of replaced mains). Freezing index and rain deficit were calculated, given 108 

climate data, and then used to predict the failure of water mains. The results proved that the 109 

proposed method can be used to predict the failure rate based on climate and operational factors. 110 
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Al-Barqawi and Zayed [23] applied ANN to study the impact of temperature, rainfall, number of 111 

breaks, and operating pressure on the condition of water mains. Yamijala et al. [24] applied 112 

multilinear, multivariate exponential regression and logistic generalized linear model (GLM) to 113 

estimate the likelihood of pipe breaks, considering various variables, such as pipe diameter, 114 

materials, length, land use, temperature, soil moisture, and soil type. The results demonstrated that 115 

GLM performed well compared with other models. Jafar et al. [25] applied artificial neural 116 

networks (ANN) to predict the failure rate of water mains based on operational and static variables. 117 

The ANN was trained on data collected from a city in Northern France. The results showed that 118 

the ANN can be effectively utilized in the failure prediction of water mains. Nishiyama [26] 119 

applied ANN to forecast the failure of water mains based on pipe age, length, and soil type. Francis 120 

et al. [27] used Bayesian belief networks (BBNs) to predict the failure of water mains, considering 121 

several variables, such as pipe materials, diameter, age, demographic variables, and temperature. 122 

Shirzad et al. [28] suggested the use of support vector machine (SVM) over ANN to predict the 123 

failure rate of water mains. Both models were developed on the basis of several factors, including 124 

hydraulic pressure, pipe diameter, length, age, and depth. In another work, Kabir et al. [29] 125 

developed a model to predict the failure of water mains using Bayesian and multiple linear 126 

regressions based on soil resistivity, land use, freezing index, rain deficit, average temperature, 127 

pipe age, and length. The results showed the significant contribution of these factors on the failure 128 

prediction of water mains. Furthermore, Bayesian linear regression performed better than multiple 129 

linear regression. Demissie et al. [30] developed dynamic Bayesian network (DBN) to predict the 130 

number of pipe failures on the basis of static (e.g., pipe material and diameter) and environmental 131 

(e.g., freezing index and thawing index, rainfall deficit, and soil corrosion) variables. Farmani et 132 

al. [31] studied the impact of static (e.g., pipe diameter and length) and dynamic (e.g., pipe age 133 
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and temperature) variables on the failure of water mains. K-mean clustering approach was applied 134 

to divide the dataset into homogenous groups according to the similarity in water main features. 135 

Afterward, the Evolutionary Polynomial Regression (EPR) model was developed to predict the 136 

number of failures based on soil type, diameter, and age. Winkler et al. [32] developed ensemble 137 

decision tree model using historical data from Austria to predict the failure of water mains on the 138 

basis of static and operational variables. Sattar et al. [33] developed an extreme learning machine 139 

(ELM) to predict the failure of water mains based on the pipe length, material, pipe protection 140 

method, and diameter. The model was trained using 9,500 instances of historical failure records 141 

from the Greater Toronto Area, Canada. Shirzad and Safari [34] predicted water main failures 142 

using Bayesian model applied multivariate adaptive regression splines and random forest to predict 143 

pipe failure in two water distribution systems based on pipe age, pipe length, depth, and average 144 

hydraulic pressure. Vališ et al. [35] proposed a dynamic linear approach based on Kalman 145 

recursion to forecast the failure rate of water mains using incomplete time series data. Almheiri et 146 

al. [2] developed models to predict the time of failure of water mains using intelligent approaches, 147 

including ANN, ridge regression, and ensemble decision tree (EDT). The developed models were 148 

trained using data collected from Quebec City water mains, considering variables, such as the 149 

materials, length, and diameter of pipes.  150 

 151 

Motivation  152 

The deterioration of water mains is a complex process that may results from critical factors can be 153 

climate variations, dynamic traffic load, internal pressure and corrosion. The impact of these 154 

factors may lead to different failure modes, holes due to corrosion, joint failure, circumferential 155 

break, longitudinal cracking or split  due to high water pressure, and blow out. Partial and 156 
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incomplete information regarding the failure of water mains can lead to high uncertainties in the 157 

failure prediction of water mains [36, 37]. The integrity of pipelines and the prediction of the 158 

failure of water mains is essential to maintain the sustainability of water main networks and keep 159 

water safe for human consumption. In addition, it helps owners and decision makers to: (1) develop 160 

strategies that mitigate the risk of failure; (2) and avoid early replacement of a pipeline before the 161 

end of its economic life safe .  162 

Although the impact of climate changes on our infrastructures (e.g., water mains) has become a 163 

concern, only a few studies have addressed the failure prediction of water mains studying 164 

environmental and climate variables, such as temperature, freezing index, rainfall deficit, soil 165 

moisture, and soil type, for the failure prediction of water mains [22, 24, 27, 30, 31], Table 1. 166 

Besides, a few studies [22, 26, 35] have forecasted the estimated yearly failure of water mains in 167 

the future. 168 

Unlike previous studies, we propose a new temporal framework to predict the failure of  water 169 

mains at selected locations that share similar monthly failure patterns. The proposed framework 170 

can predict the failure of any water mains and at two locations simultaneously. Besides, we 171 

examine the contribution of other climate variables in the failure prediction of water mains, such 172 

as frost days, frost depth, dry index, and heavy precipitation. The main objectives of this study are 173 

as follows: (1) is to propose a temporal framework that can capture the spatial and temporal pattern 174 

of failure frequency, and accurately predict the monthly failure of water mains up to nine-time step 175 

ahead at selected locations, (2) is to validate the model reliability and performance via Monte Carlo 176 

simulations. To achieve these objectives, we collect spatiotemporal data of failure frequency of 177 

water mains and climate for selected locations, calculate and define climate variables from given 178 

climate data, and apply Granger causality test to define climate variables that provide useful 179 
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information regarding the failure prediction of water mains in multiple cities. The definition of 180 

failure frequency here is the number of breaks per water mains that occurred at a specific time and 181 

location within a water distribution system (WDS). The failure modes of water mains at selected 182 

locations can be circumferential break, holes, joint failure, blow out, or longitudinal cracking. Pipe 183 

corrosion is the predominant reason for pipe failure modes [2].  184 

Spatiotemporal data specifying where and when the failure of water mains occurred are collected 185 

with respect to climate records. In other words, spatiotemporal data are an extension of spatial 186 

databases that manage time and space information [38, 39]. Climate change can substantially affect 187 

the condition and service life of buried utilities, including water infrastructures. Canada’s climate 188 

varies spatially (across regions) and temporally (from one season to another). Therefore, In this 189 

study, two Canadian cities (London and Quebec) are chosen as the selected locations for the failure 190 

prediction of water mains. As stated by Boyle et al. [7], these cities are prone to climate hazards 191 

(e.g., floods) and climate variables (e.g., changing in temperature and precipitations) that can cause 192 

damage to water distribution systems (e.g., water mains). Furthermore, Quebec and Ontario are 193 

the highest populated territories in Canada. Quebec and Ontario represent 23% and 39%  of the 194 

total Canadian population, respectively (see Fig. 1), [40]. 195 

<Fig. 1> 196 

<Table 1> 197 

In this study, we develop a model that predict the failure of water mains at two water distribution 198 

systems simultaneously. Through data exploration, we find that the multivariate series failure of 199 

water mains in both cities (a) Quebec (b) and London follows similar temporal patterns (as shown 200 

in Figure 2). The proposed model also can be extended to predict the failure of water mains at 201 
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more than two locations under climate variations. Besides, we propose two scenarios to predict the 202 

failure of water mains to prove that contribution of climate variations in predicting the failure of 203 

water mains (see section 2).  204 

<Fig. 2> 205 

2. The Proposed Framework  206 

In the real world, a time series is behaviorally dependent on other processes; therefore, it is 207 

essential to simultaneously consider several time series, which are referred to as multivariate time 208 

series. Besides, a time series at different spatial locations can be considered a multivariate time 209 

series.  210 

The linear interdependence among multivariate time series can be captured using different time 211 

series models, such as VAR. VAR is a stochastic process model that relates the values of the 212 

multivariate time series at a time t to some linear combinations of the multiple time series at 213 

previous times.  214 

Suppose a K-variate time series VAR(p) model is given by  215 

𝒀𝒕 = 𝜱𝟏𝒀𝒕−𝟏 + 𝜱𝟐𝒀𝒕−𝟐 + ⋯+ 𝜱𝒑𝒀𝒕−𝒑 + 𝑾𝒕 , (1) 216 

where 𝒀𝒕 ≡ ( 𝑌𝑡
(1)

, … , 𝑌𝑡
(𝐾)

), {𝚽𝑙: 𝑙 = 1,… , 𝑝} are 𝐾 × 𝐾 state-transition matrices and {𝑾𝒕} is a 217 

white-noise process for each K-variate with a mean of zero and a covariance matrix Q. This white 218 

noise is assumed to be Gaussian, which can be expressed as 𝑾𝒕~ 𝒊𝒊𝒅 𝑮𝒂𝒖 (𝟎, 𝑸), where 𝒊𝒊𝒅 219 

refers to independent and identically distributed. Moreover, the transition matrix 𝚽 contains 220 

weights that describe how the multivariate time series are linearly combined to influence the time 221 
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series at a certain time. For instance, the weights in the transition matrix 𝚽𝟏 define how the 222 

multivariate time series at 𝑡 − 1 are linearly combined to influence the time series at time 𝑡.  223 

Suppose VAR (1) process  224 

𝒀𝒕 =  𝜱 𝒀𝒕−𝟏 + 𝑾𝒕, (2) 225 

Assume that 𝐘𝐭 is a stationary process and has a mean of zero means; therefore, all the 226 

autocovariance and cross-covariance functions depend on the lag difference between temporal and 227 

spatial indices. The lagged covariance matrices for observations 𝐘𝟏, … , 𝐘𝐓 can be obtained by 228 

𝒄̂𝒀
(𝝉) ≡ 

𝟏

𝑻
∑(𝒀𝒕+𝝉 − 𝝁̂) (𝒀𝒕 − 𝝁̂

𝑻−𝝉

𝒕=𝟏

) , (3) 229 

where 𝐂𝐘
(𝛕) is to be the 𝜏th lagged covariance matrices of the process {𝒀𝒕} and 𝝁̂ is the K-230 

dimensional empirical mean. The parameter matrices 𝚽 and Q can be estimated via the maximum 231 

likelihood or method of moments . The 𝚽 and Q estimators of the method of moments are given 232 

by Eqs. (4) and (5) [38].  233 

In this study, the parameter estimation is based on the maximum likelihood. More details can be 234 

found in the study of [41].  235 

𝜱̂ =  𝑪̂𝒀
(𝟏)

 (𝑪̂𝒀
(𝟎)

)−𝟏.  (4) 236 

𝑸̂ =  𝑪̂𝒀
(𝟎)

− 𝜱̂ (𝑪̂𝒀
(𝟏)

)  . (5) 237 

In  VARX𝑘,𝑚(𝑝, 𝑠), {𝐘𝐭} is modeled in terms of its own previous 𝑝 and 𝑠 values of a stationary m-238 

dimensional vector series {𝐗𝐭}:  239 
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𝒀𝒕 = ∑𝜱𝒍

𝒑

𝒍=𝟏

𝒀𝒕−𝒍 + ∑𝑩𝒋

𝒔

𝒋=𝟏

𝑿𝒕−𝒋 + 𝑾𝒕, (𝟔)  240 

where 𝑝 refers to the number of preceding values, {𝚽𝑙 ∈  𝑅𝑘×𝑘}𝑙=1
𝑝

are the estimated endogenous 241 

parameter matrices, and {𝐁𝑗 ∈  𝑅𝑗
𝑘×𝑘}

𝑗=1

𝑠
are the estimated exogenous parameter matrices. 242 

 In this study, 𝑌 ∈ 𝑅𝑡×𝑑and 𝑋 ∈  𝑅𝑡×𝑑 refer to the multivariate time series (e.g., spatiotemporal 243 

failure records), and climate variables collected from sensors (weather stations) at a time step t (t 244 

refers to a time-of-month index). The main aim of this study is the failure frequency prediction of 245 

water mains 𝑦̂ ∈ 𝑅𝑛 (number of breaks per water mains that occurred within a WDS) under 246 

climatic variations 𝑋. Climate variables, as exogenous variables, were incorporated into the model. 247 

Two scenarios are proposed in this study. In scenario 1, the failure of water mains at selected 248 

locations relies on its previous values. In scenario 2, the failure also relies on climate variations. 249 

The proposed framework is a multivariate time series (VAR) model where the future prediction of 250 

a time series  𝑌𝑡 relies on its previous values, whereas in the (VARX) model,  𝑌𝑡 relies on the 251 

previous values of 𝑌𝑡−1 and 𝑋𝑡. The proposed framework for the failure prediction of water mains 252 

that incorporates the contribution of climatic variations, Fig. 3. Intensive reviews of the literature 253 

were conducted to identify critical climate variables that contribute to the failure of water mains. 254 

Failure records of water mains at selected locations (Quebec and London, Ontario) were collected 255 

from municipalities, and climate data were obtained from weather stations located at selected 256 

locations. The climate and failure events were connected through the date of the failure of the 257 

water mains. The Granger causality test was then applied to investigate the climate variables that 258 

can provide statistically significant information that can be useful in predicting the failure of water 259 

mains. Two models were developed to predict the failure of water mains: vector autoregression 260 
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(VAR) and vector autoregression with exogenous variables (VARX). Both models can be applied 261 

to predict the failure of water mains at selected locations. However, the VARX model incorporates 262 

the impact of climatic variations on the failure prediction of water mains. Model calibration was 263 

implemented to define the number and type of the parameters in the model. Several candidate 264 

models of VAR and VARX were developed to select the best model in terms of the performance 265 

based on the Akaike information criterion (AIC) and Bayesian information criterion (BIC) criteria 266 

(see Section 2). In addition, the models were designed to predict the failure of water mains up to 267 

nine months ahead. The developed models were evaluated using prediction mean square error, root 268 

mean square error, and accuracy. Finally, Monte Carlo (MC) simulation was applied to verify the 269 

reliability of the developed model. 270 

<Fig. 3> 271 

Granger Causality Test    272 

In this study, the prediction of future water main failures relies on their own previous values and 273 

climate variables that “Granger-cause” the failure. The Granger causality test was applied to ensure 274 

that climate variables were helpful in the failure prediction of water mains at both selected 275 

locations. More specifically, suppose that 𝑋𝑡 is a time series (or an “exogenous variable” in the 276 

present study) that can be used to predict the model target (𝑌𝑡). 𝑋𝑡 can then be said to “Granger-277 

cause” 𝑌𝑡 if the prediction of 𝑌𝑡 in terms of the previous values of  𝑌𝑡 and 𝑋𝑡 is statistically 278 

significant more than doing so with the previous values of  𝑌𝑡. An F-test was applied to obtain the 279 

p-value and find whether 𝑋𝑡 provides statistically significant information that can be useful in 280 

predicting the failure of water mains (𝑌𝑡). In F-test, the null hypothesis (𝐻0) assums that all 281 

estimated coefficients of climate variables are equal to zero. In other words, these climate variables 282 

are not contributing to the failure of water mains. Whereas, alternative hypothesis (𝐻𝑎) assumes 283 
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that at one estimated coefficient of climate variable is nonzero and thus contributing to the failure 284 

of WDS. We reject null hypothesis if p-value is less than the confidence interval (𝛼 = 0.05). 285 

Let {𝑋𝑡}𝑡=1
𝑇  be the lagged variables of 𝑋 and {𝑌𝑡}𝑡=1

𝑇  for Y. Furthermore, suppose the vector {𝑋𝑡}𝑡=1
𝑇  286 

can be donated as 𝑋𝑡
⃗⃗⃗⃗ , and the Granger casualty test was performed by conducting the following 287 

regressions (Eqs. (7) and (8)):  288 

𝑌𝑡 ≈  𝜱. 𝑌𝑡−1
⃗⃗ ⃗⃗ ⃗⃗  ⃗ + 𝑩. 𝑋𝑡

⃗⃗⃗⃗ .  (7) 289 

𝑌𝑡,𝑘 ≈  𝜱. 𝑌𝑡−1
⃗⃗ ⃗⃗ ⃗⃗  ⃗.  (8) 290 

Model Calibration and Selection Criteria 291 

Considering the completeness of the model in terms of the number and type of the parameters that 292 

were to be incorporated into the predictive model is crucial. Time lags were considered during the 293 

model calibration. To achieve this goal, a greater number of estimation parameters were specified 294 

at first, and then the number of parameters was reduced to avoid model complexity and overfitting. 295 

The goodness of fit was used to test the performance of the statistical model. The best model can 296 

be selected among several candidate models. In a time series analysis, the AIC and BIC are 297 

common criteria used in model selection when the model parameters are estimated via the 298 

maximum likelihood method [42]. The candidate model with a minimum value of AIC and BIC 299 

can be chosen as the best model for predicting future values. AIC and BIC can be calculated using 300 

a set of model parameters (𝜃), the likelihood of the candidate model, the data evaluated at the 301 

maximum likelihood estimation of (𝜃), and the number of estimated parameters of the candidate 302 

model (𝑘) as expressed in Eqs. (9) and (10) [43, 44]. 303 

𝐴𝐼𝐶 =  −2 𝑙𝑜𝑔 𝐿(𝜃) + 2𝑘.  (9) 304 
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𝐵𝐼𝐶 =  −2 𝑙𝑜𝑔 𝐿(𝜃) + 2 𝑙𝑜𝑔 𝑘. (10) 305 

Predictive Model Performance 306 

The last two years of time series data are held out to validate the performance of the predictive 307 

model, and the remaining data were used to fit the model. A set of mathematical equations  308 

prediction mean square error (PMSE), root mean square error (RMSE), and accuracy was used for 309 

the model evaluation (Eqs. (11) and (12)). The model accuracy was measured by Eq. (13), where 310 

T refers to selected locations and time steps in the holdout sample.  311 

𝑃𝑀𝑆𝐸 =  
1

𝑇
 ∑(𝐹𝐹(𝑖) − 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡. 𝐹𝐹 (𝑖))2.

𝑇

𝑖=1

 (11) 312 

𝑅𝑀𝑆𝐸 =  √
1

𝑇
∑(𝐹𝐹(𝑖) − 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡. 𝐹𝐹 (𝑖))

𝑇

𝑖=1

.  (12) 313 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 1 −
1

𝑇
 ∑|

𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡. 𝐹𝐹 (𝑖) − 𝐹𝐹(𝑖)

𝐹𝐹(𝑖)
|

𝑇

𝑖=1

.  (13) 314 

3. Reliability of the Proposed  Model 315 

Monte Carlo (MC) simulation is applied to test for uncertainties in the developed predictive model. 316 

It is a class of computational algorithms that relies on drawing repeated S samples from the 317 

population distribution, referred as 𝑋1, 𝑋2,.. 𝑋𝑆. Given the samples, the distribution of 𝑓(𝑋) can be 318 

estimated using the empirical distribution of {𝑓(𝑋𝑆) }𝑠=1
𝑆  which called MC approximation. MC 319 

simulation can be used to compute the expected/predictive value of any function of a random 320 

variable. Basically, after the random samples have been drawn, the arithmetic mean of the function 321 

applied to the samples can be calculated according to Eq. (14), [45]. 322 
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𝐸[𝑓(𝑋)] =  ∫𝑓(𝑋)𝑝(𝑥)𝑑𝑥 ≈
1

𝑆
 ∑𝑓(𝑥𝑠),

𝑆

𝑠=1

  (14) 323 

where 𝑥𝑠~𝑝(𝑋) the MC integration that is based on evaluating the estimated function over a range 324 

of fixed points. In this study, Monte Carlo was used to approximate the predicted value of failure 325 

frequency of water mains. In other words, the model reliability of the developed model was 326 

computed using MC approximation. Accuracy of MC approximation was measured under different 327 

sample iterations, from 100 to 1000, to validate the reliability of the developed model (using Eq. 328 

13). The multivariate time series (e.g., spatiotemporal failure records) are assumed to be jointly 329 

Gaussian distributed with a mean of zero and covariance matrix Q. In this study, the developed 330 

temporal model was used to generate a set of random process samples that reflected the statistical 331 

properties of the actual data. The conditional simulation was performed using MC that required 332 

the cumulative distribution function of sample values (iterations) and the basic parameters input 333 

to be constant at each time t in the prediction horizon, and from iteration to another. The system 334 

was simulated from 400 to 1000 iterations to represent the possible distribution of the estimated 335 

of 𝑓(𝑋) using MC simulation. In other words, iterations of failure frequency were generated using 336 

MC simulation. Sample statistics was then estimated from the generated iterations at each time t 337 

in the prediction horizon. The predicted values of failure frequency of water main are the mean 338 

across the iterations.  339 

4. Spatiotemporal Data and Collection Method 340 

The proposed approach was developed to predict the failure of water mains at selected locations 341 

under climatic variations. Climate data were collected from a weather station located in selected 342 

locations, whereas the failure records of water mains were collected from municipalities. The 343 

climate and failure records were connected through the date of the failure of water main. Data 344 
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connection and collection procedures of the climate and failure of water mains are depicted in 345 

detail in Fig. 4. The subsequent sections explain the data aggregation and collection of climate 346 

data and failure records of water mains in detail. 347 

<Fig. 4> 348 

Failure Data of Water Mains 349 

The total monthly failure frequency of water mains at each spatial location was calculated from 350 

1987 to 2001 using historical failure records. As prior mentioned, failure frequency is the number 351 

of breaks per water mains that occurred at a specific time and location within water distribution 352 

systems (WDS). The failure data in London and Quebec were obtained from the City of London 353 

and Sainte-Foy, respectively. The failure data consist of recorded information, such as pipe 354 

material, diameter, and length, year of installations, and breaks for each pipe within WDS. 355 

According to the failure data obtained from Quebec, the study period was defined to be spanned 356 

15 years (1987-2001). Water mains in Quebec consist of different types of pipe material, namely, 357 

gray cast iron (CI), ductile iron with lining (DIL), ductile iron without lining (DIN), polyvinyl 358 

chloride (PVC), and concrete pipes. Similarly, pipe materials used in London are CI, PVC, 359 

concrete, copper, galvanized, polyethylene (PE), high-density polyethylene (PEX), steel, and 360 

cement asbestos pipes. The size of the water main is between 300mm and 600mm, and from 300 361 

to 450 mm in Quebec and London, respectively. Based on our analyzing the data, we decided to 362 

study the monthly failure patterns (the number of breaks per water distribution system per month). 363 

Additionally, we assume that it will be possible to observe the impact of climate (seasonality) 364 

variations upon failure occurrence during single months ( as previously shown in Figure 2).  365 
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Climate Data and Climate Variables 366 

The climate data for a 15-year period (1987–2001) were collected from the Environment and 367 

Climate Change Canada (ECCC). These climate records were documented by weather stations that 368 

are located in different regions to monitor the climatic variations all over Canada. In this study, 369 

the climate records were obtained from Montréal–Mirabel International Airport station for Quebec 370 

and St. Thomas Water Pollution Control Plant for London. Each weather station has recorded 371 

climate information, such as air temperature (2 m from the surface) in Celsius (ºC), relative 372 

humidity (%), 10 m wind speed (WS) in (km/h), and P (mm). The weather station located in 373 

Quebec (named Montreal- Mirabel International Airport) is the closet weather station to Sainte-374 

Foy city without any missing records of climate data. Additionally, we compare multiple climate 375 

records collected from weather stations located in Quebec to prove that the climate records over 376 

Quebec almost the same. Thus, the validity of using climate data from Montreal- Mirabel 377 

International Airport weather station. Inn this study, T and P are used to calculate the climate 378 

variables in Table 2. Climate variables that provide significant information on the failure 379 

prediction of water mains are considered in this study (see Section 7.1). The daily climate data 380 

obtained from ECCC were aggregated into average monthly records per year. The characteristics 381 

of the climate of the two selected locations are presented in Table 2.  382 

Dry index (DI) was used as a surrogate measure for soil moisture over a defined period, according 383 

to Eq. (14) [16], where T̅ and P are the average temperature (°C) and cumulative P (mm) over a 384 

defined period, respectively. In this study, DI was calculated for the months from April to October. 385 

T and P were defined in the proposed model as they contributed to the failure of water mains [22].  386 

𝐷𝐼 =
3 × 𝑇̅

𝑃
 .  (14) 387 
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Freezing index (FI) and thawing index (TI), as also defined in the proposed model, are expressed 388 

in units of degree-days (°Cd). The FI is the total average daily temperature below zero and can be 389 

used as a measure of winter severity for the period from December to March (Eq. (15)). Whereas, 390 

TI is defined as the total average daily temperature above zero within a defined period (March to 391 

May) (Eq. (16)). The authors defined other climate variables that have not been studied in the 392 

failure prediction of water mains, including frost days and frost depth. In this study, frost days (F) 393 

is proposed by the authors and defined as a measure of the winter severity during winter where 394 

T < 0. Whereas, frost depth (FD) can be calculated given FIc, according to Eq. (17) [46], where 395 

FIc is the cumulative freezing index. The name, unit, and description of each variable are 396 

summarized in Table 2. The climatic characteristics and failure frequency range of water mains of 397 

the studied spatial locations are presented in Table 3. 398 

 399 

𝐹𝐼(𝑖) = |∑𝑇̅

𝑛

𝑖=1

| , 𝑇̅ < 0.     (15) 400 

𝑇𝐼(𝑖) = |∑𝑇̅

𝑛

𝑖=1

| , 𝑇̅ > 0.       (16) 401 

𝐹𝐷𝑓𝑟𝑜𝑠𝑡 = 0.0174 × 𝐹𝐼𝑐
0.67.  (17) 402 

 403 

<Table 3> 404 

 405 

 406 

 407 
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Data Preprocessing and Scaling 408 

Data aggregation was applied to calculate the total monthly failure frequency of water mains over 409 

the defined period (1987-2000) at selected locations. The failure frequency records and climate 410 

data were combined through the date of the failure of the water mains (1987 and 2001). The last 411 

two years of data were held out for the validation of the performance of the predictive model. 412 

Failure and climate data were normalized to be in the range of [0, 1] using Eq. 18 to maintain the 413 

performance of the developed model. 414 

𝑋normalized =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
, (18) 415 

where 𝑋 represents the input and the output of the model (failure frequency and climate 416 

variables). 417 

5. Results  418 

The failure of water mains can occur in summer and winter. However, the chance of failure of 419 

water mains in winter was higher than that in summer (as previously shown in Figure 2). Moreover, 420 

the failure frequency in London was higher than that in Quebec over the defined period (1987–421 

2001). This scenario may be caused by the diversity in geographical characteristics or other 422 

reasons. Additionally, the time series decomposition of water main failures in Quebec and London 423 

proves the seasonality trend in the failure pattern, Fig. 5. Seasonality means that the changes 424 

occurred at specific regular intervals, such as monthly, weekly, or quarterly. Thus, we aim to build 425 

a model that can capture seasonality trends.  426 

<Fig. 5> 427 

To reduce model complexity, climate variables that provide significant information regarding the 428 

failure of water mains were examined in this study. As previously mentioned, the Granger 429 
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causality test was applied to consider climate variables that are useful in the failure prediction of 430 

water mains. The null hypothesis for the Granger causality test is that 𝑋𝑡 does not Granger-431 

cause 𝑌𝑡, so an F-test was applied to obtain the p-value and find whether 𝑋𝑡 provides statistically 432 

significant information that can be useful in predicting the failure of water mains (𝑌𝑡). The Granger 433 

causality test shows that the failure of water mains is significantly influenced by some climate 434 

variables (p-value < 0.05). Climate variables (𝑋𝑡), such as T, F, FI, and FD, give significant 435 

information regarding the failure of water mains at selected locations. Thus, we use these climate 436 

variables in predicting the failure of water mains. 437 

The VAR model was developed to predict the failure of water mains and capture the 438 

interdependencies among the failures of water mains with lagged endogenous variables at selected 439 

locations. The VARX model, on the other hand, was developed to predict the failure of water 440 

mains under climatic variations using MATLAB version R2018a software. The failure of water 441 

mains relies on its previous values and climate variables, including T, FI, F, and FD. The best 442 

model of VAR and VARX that was selected yields the minimal AIC and BIC values, given a set 443 

of candidate models. Table 4 presents a set of VAR candidate models, where VAR16 was selected 444 

as the best model. Table 5 illustrates a set of VARX candidate models, where VARX3 was selected 445 

as the best model. The complexity of VARX3 is less as it required a smaller number of parameters 446 

(30 parameters) to be estimated compare to the best candidate model of VAR (66 parameters). 447 

Besides, VARX3 incorporates the contribution of climate variations on water main failure.  448 

<Table 4> 449 

<Table 5> 450 

 451 
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The performance of VARX3 was tested using error matrices (Eqs. (11) to (13)). The average 452 

prediction error (PMSE, RMSE, and RMSE %) and percentage accuracy for the multivariate of 453 

the failure prediction of water mains at selected locations (Quebec and London), see Table 6. A 454 

nine-month prediction was issued every one month using the most recent actual failure dataset. 455 

The results prove that the model can predict up to nine months ahead with a good average accuracy 456 

(Table 6). Fig. 6 depicts the time series plots of three-month (a and b) and nine-month (c and d) 457 

predictions of water mains at selected locations (Quebec and London). A high failure frequency 458 

for the three-month prediction will be accrued in winter. The failure frequency  in London is almost  459 

four times that in Quebec. Although the failure frequency is higher in winter, it is still high in 460 

London during summer. Additionally, Fig. 6 (c and d) shows that the proposed framework can 461 

predict the failure of water mains up to nine months ahead. The model can also capture the 462 

seasonality of the failure of water mains. Fig. 7 shows the performance of the failure prediction of 463 

water mains at selected locations. Overall, the accuracy of failure prediction up to nine months 464 

ahead is steady for Quebec and London (see Table 6 and Fig. 7).  465 

<Table 6> 466 

<Fig. 6> 467 

<Fig. 7> 468 

 469 

The system can be simulated thousands of  times between 103 and 106 using MC simulation [47]. 470 

However, MC simulations were implemented at various numbers of iterations from 100 to 1000 471 

to avoid expensive computational costs. MC simulations, on the other hand, were performed to 472 

verify the performance of the proposed model and measure model reliability. Results prove that 473 

the MC simulations converge to a good average accuracy from 100 to 1000 iterations (Fig. 8a). 474 

However, the MC simulation was performed at iterations of 400 to avoid computational cost. 475 
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Results prove that the MC simulations and proposed model have approximately the same accuracy 476 

(see Fig. 7 and 8b). Additionally, the actual and the mean predicted failure frequency of water 477 

mains at selected locations using different iterations of MC simulations is nearly the same, Fig. 9. 478 

The stacked values of actual and predicted failure of water mains for all iterations of MC 479 

simulation follow the same patterns over time, Fig. 9. Results of MC simulations prove the 480 

reliability of the proposed model. Therefore, the proposed model is reliable and can be applied to 481 

predict the failure of water mains nine months ahead at selected locations. In addition, the model 482 

incorporates the impact of climatic variations on the failure of water mains. Thus, municipalities 483 

can apply the developed model to predict the failure patterns of water mains given climate data 484 

and historical failure frequency of water mains at any water distribution system.  485 

<Fig. 8> 486 

<Fig. 9> 487 

6. Conclusions 488 

Failure prediction of water mains under climate variations is essential to avoid economic and 489 

environmental losses that may result from failure. The proposed approach can help decision-490 

makers in municipalities to understand and predict failure of water mains under climate variations 491 

in any water distribution systems. Failure prediction of water mains, on the other hand, is an 492 

inexpensive approach compare to direct inspection for estimating the structural deterioration of a 493 

water distribution system. It may also help decision-makers come up with strategies and plans that 494 

will mitigate the failure of water mains under climatic variations. In future work, we will 495 

investigate the failure of water mains in other territories that do not share similar climate 496 

conditions. Additionally, we will study the characteristic of each induvial pipe within WDS and 497 
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include other critical factors that may contribute to the failure of water mains. Although long-term 498 

failure prediction is possible, we believe that the failure of water mains relies on other critical 499 

factors. Hence, we will extend the model for long-term predictions (10 years ahead) with the 500 

incorporation of the most critical factors. Besides, we will utilize a powerful mathematical tool 501 

such as artificial neural networks (ANN) using big data to predict the failure of water mains. 502 

In this study, we select Quebec and London that are the most populated territories in Canada. Based 503 

on data exploration and the proposed framework, the following conclusions can be made:  504 

• Similar to previous studies [9, 17], the failure of water mains may occur during all seasons 505 

and reach its peak during winter seasons. 506 

• The failure frequency of water mains in London is higher than that in Quebec. This 507 

condition may be due to other factors, such as soil types at each spatial location (the water 508 

mains in London may be buried inside active soil that experiences shrinkage when winter 509 

is over).  510 

• A similarity in pipe failure patterns was found at both selected locations (Quebec and 511 

London).  512 

• The failure pattern of failure frequency follows a monthly periodicity at both selected 513 

locations may be due to climate variations. Results of Granger causality analysis, on the 514 

other hand, prove that the fluctuations of climate factors such as FI, DI, F, and T may 515 

significantly (p-value < 0.05) contribute to the failure of water mains.   516 

• The proposed temporal model can provide an accurate failure prediction of nine months 517 

ahead (𝑡 + 9)  of water mains at two locations simultaneously with data arriving at a 518 

frequency of one month. Although the failure events at two water distribution systems are 519 
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independent, yet the model shows a promising capability of predicting the failure of water 520 

mains under climate variations.  521 

• Many critical factors other than climate variations may affect the failure of water mains 522 

that are hard to obtain most of the time. Thus, long-term failure perfection can be 523 

inaccurate.  The proposed model, on the other hand, can be extended to predict the failure 524 

of water main at more than two locations and incorporate the impact of other factors.  525 

• MC simulation was implemented to quantify the predicted mean of failure frequency of 526 

water mains. Results of MC simulations show how the failure of water mains at both 527 

selected locations changes over time at different iterations. Besides, the results of MC 528 

simulations prove the reliability of the developed model. 529 
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Table 1. Summary of failure prediction models of water mains based on climate and environmental variables 

 

 

 
 

Table 2. Summary of climate variables, name, unit, and description. 

 
 
 

 
 

Table 3. Monthly record of Climatic Characteristics and failure frequency range of water mains of the selected 

locations (1987-2001). 

amaximum value of climate variables. 

 

 

 

 

 

Reference Variables Output 

Kleiner and Rajani [22] Operational and climate variables including freezing Index and rainfall 

deficit 

Failure Rate 

Yamijala [24] 
 

Diameter, material, length, land use, soil type, soil moisture, temperature Likelihood 

of break 

Francis et al. [27] material, diameter, age, demographic variables and temperature Pipe breaks 

Kabir et al. [48] # of bursts, age, diameter, length, soil resistivity, soil corrosion Failure rate 

Demissie et al. [30] Length, Diameter, number of previous failures, type of service connection, 

freezing index, thawing index, rainfall deficit and soil corrosion 

Pipe breaks 

Farmani et al.[31] Length, diameter, age, temperature, freezing index Pipe breaks 

Climate Variable Unit Description 

Temperature (T) degree (°C) Average Monthly T 

Precipitation (P) mm Average Monthly Pre 

Dry Index (DI); [16] Degree(°C)/mm Eq. (14) 

Frost (F); Assumed by the authors Days T<0; from November to March (Winter 

period) 

Freezing Index (FI) [22] Degree-days 

(°Cd) 

Eq. (15) 

Thawing Index (TI) [49] Degree-days 

(°Cd) 

Eq. (16) 

Frost Depth (FD) [46] m Eq. (17) 

Variable Average  

T 

aDI aFI aTI aFD Failure 

frequency 

Quebec -18.04-

21.52°C 

1252 

(°C)/mm 

559.33 °Cd 504.01 °Cd 1.21 m 0-30 

London -9.98-

23.11°C 

3124 

(°C)/mm 

309.4 °Cd 543.7 °Cd 0.81 m 0-170 
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Table 4. Set of VAR candidate model. 

*bold: refers to the best model. 

 

Table 5. Set of VARX candidate models. 

*bold: refers to the best model. 

 

Table 6. Average failure prediction error and accuracy in Quebec and London. 

 

 

 

 

 

 

 

 

 

 

 

 

Models Lag Order AIC BIC 

VAR16 Lag-16 -334.53 -140.38 

VAR20 Lag-20 -301.82 -62.98 

VAR24 Lag-24 -285.32 -2.811 

VAR30 Lag-30 -254.49 91.53 

Models Lag Order AIC BIC 

VARX3 Lag-3 -497.98 -406.48 

VARX9 Lag-9 -389.36 -227.88 

VARX16 Lag-16 -399.23 -158.02 

VARX20 Lag-20 -373.17 -87.73 

City Prediction horizon 

Quebec 1-month 2-month 3-month 4-month 5-mnoth 6-month 9-month 

PMSE 0.01 0.164 0.105 0.081 0.067 0.057 0.062 

RMSE 0.085 0.125 0.261 0.216 0.165 0.174 0.374 

RMSE% 0.122 0.181 0.363 0.423 0.464 0.524 0.65 

Accuracy 0.83 0.81 0.66 0.66 0.65 0.66 0.67 

London 1-month                       2-month                 3-month                   4-mnoth           5-mnoth             6-mnoth         9-mnoth 

PMSE 0.072 0.059 0.041 0.031 0.025 0.025 0.011 

RMSE 0.270 0.240 0.184 0.149 0.124 0.124 0.068 

RMSE% 0.270 0.337 0.318 0.352 0.329 0.329 0.237 

Accuracy 0.72 0.66 0.64 0.62 0.65 0.68 0.69 



 

Fig 1. Population weight  of Canada by territory estimated in January 2020 [40]. 
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(a) Failure frequency of water mains at Quebec City. 
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(b) Failure frequency of water mains at London City.

 Fig 2. Failure frequency of water mains at selected locations. 
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Fig 3. Proposed framework for the failure prediction of water mains under climatic variations. 

 To verify the model performance 

Climate Data (ECCC) 
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Fig 4. Data collection method of water main failure and climate records. 

Failure records of water 
mains were obtained 
from municipalities 

(Quebec and London)

The total monthly failure 
frequency (number of 

breaks that occurred per 
water mains within a 
water distribution)

Climate data that 
recorded by weather 

stations (senors) were 
collected from ECCC

Daily climate data were 
aggregated into average 
monthly records per year

The climate and failure 
data were connected 

through the date of water 
main failure



 

(a) Quebec 

 

 

 

 

 

 

 

 

 

 

 



(b) London

Fig 5. Seasonal trend of failure frequency of water mains at (a) Quebec and (b) London (1987-2001). 



(a) Three months ahead of failure prediction of water mains in Quebec City, Quebec.
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(b) Three months ahead of failure prediction of water mains in London City, Ontario.
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(c) Nine months ahead of failure prediction of water mains in Quebec City, Quebec.
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(d) Nine months ahead of failure prediction of water mains London City, Ontario.

Fig 6. Time series plot of the failure of water mains at selected locations (Quebec and London) (a), 

(b) three months and (c), (d) nine months ahead, respectively. FFQ: failure frequency in Quebec, 
FFL: failure frequency in London, blue line: actual data (Jan-87—Dec-00), green line: held-out data 

(Jan-00—Dec-01), red line: prediction (Jan-02—Sep-02). 
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Fig 7. Average prediction accuracy of nine months ahead. 
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(a) MC simulations vs. number of iterations. 
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(b) Average accuracy of MC simulations (400 iterations).

Fig 8. (a) Average accuracy of MC simulations vs. number of iterations, and (b) average accuracy of 

MC simulations of nine months ahead at selected locations. 
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(a) Actual and predicted values of FFQ. 
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(b) Actual and predicted values of FFL.

Fig 9. Stacked charts of actual and the mean predicted failure frequency of water mains in (a) Quebec and (b) London 

using different iterations of MC simulations. 
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