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A hybrid leak detection framework using variational autoencoder surrogates Leak detection in Water Distribution Networks (WDN) has been researched extensively in recent decades due to its significance in the sustainable management of water resources. In addition to the amount of water lost during transportation to the consumers via pipe networks, leaky WDNs are also a cause for energy wastage and contaminant intrusion. The leak detection and localization techniques can be broadly classified into three categories: (i) Conventional methods involving direct site inspection using acoustic logging, step testing, and ground penetrating radar [START_REF] Puust | A review of methods for leakage management in pipe networks[END_REF]. These methods are time-consuming, expensive, and may not be suitable for all types of networks. (ii) Model-based methods are based on response to changes in the state of hydraulic behavior of a network due to the presence of leak(s). This class of approach is essentially an inverse problem, wherein, the network parameters such as pipe roughness, diameters, and demands are known, and the location of the leak(s) and their flowrates are estimated by solving an optimization problem. Despite being one of the widely used techniques, the optimization problem becomes complex and computationally expensive for applications in larger networks. (iii) Data-driven methods are gaining traction in recent years due to the advent of low-cost measuring devices and efficient computational techniques. Most of the existing studies are limited to small-scale networks and require a large number of sensors to be installed in real-world networks. We propose a hybrid modelling framework in which a deep neural network in form of a variational autoencoder is trained on a calibrated hydraulic model for data generation and fault detection -allowing for decoupling hydraulics in determining solutions to the leak detection problem.Model calibration is done in two stagesdemand calibration followed by pipe roughness calibration. Next, a surrogate model is developed from the calibrated model using variational autoencoder for anomaly detection. The steps followed in the proposed framework are described in more detail in the following sections.

MODEL CALIBRATION

The accuracy of a hydraulic model determines the validity of its intended use in network analysis. The calibration of demand and pipe roughness parameters to approximately match the observed and computed pressure or flow rates are critical in improving the model accuracy [START_REF] Ormsbee | Calibrating hydraulic network models[END_REF]. Data from Automatic Meter Reading (AMR) meters are utilized for demand calibration by identifying and generating demand patterns for unmeasured locations as described in [START_REF] Steffelbauer | Dynamic Time Warping Clustering to Discover Socioeconomic Characteristics in Smart Water Meter Data[END_REF][START_REF] Steffelbauer | Dual Model for Leak Detection and Localization[END_REF].

Subsequently, pipe roughness calibration is formulated as a constrained weighted least squares problem as described in [START_REF] Piller | Water distribution system modeling and optimization[END_REF]. The pipes are grouped based on prior knowledge and the roughness parameter for each group of pipes are determined from solving an optimization problem.

SURROGATE MODEL FROM DEEP NEURAL NETWORKS

The calibrated hydraulic model is used to build a surrogate model based on variational autoencoders to circumvent the problem of high computational costs that stem from the inverse leak detection problem, especially for larger networks. Benefits and limitations of such an approach are then tested on two case study networks -(i) a part of the L-Town theoretical network model from the BattLeDIM competition [START_REF] Vrachimis | Dataset of BattLeDIM: Battle of the Leakage Detection and Isolation Methods[END_REF]) and (ii) a real-world network in Bodø City in Northern Norway.

Variational Autoencoders

Variational autoencoders (VAEs) are a special type of deep neural network primarily used for image & signal compression and anomaly detection [START_REF] Cody | Detecting Leaks in Water Distribution Pipes Using a Deep Autoencoder and Hydroacoustic Spectrograms[END_REF][START_REF] Kingma | Auto-encoding variational bayes[END_REF]. VAEs have an input layer (𝑥), an encoding dense neural network (𝐸), a bottleneck layer (𝑍), and a decoder network (𝐷) to reconstruct the inputs at output layer (𝑥 ̂). Instead of directly mapping original input data 𝑥 to the bottleneck layer (𝑍), VAE learns the parameters of the assumed prior distribution of input data. Hence a sample from the latent space(𝑍) in reduced dimension can be used to generate new outputs (𝑥 ̂) which follows the same distribution as training input (𝑥). In WDN applications, VAEs can generate unknown network states that are 'similar' to previously known states artificially within a finite error bound.

Leak detection using VAEs:

With nodal pressures estimated from the model set as input 𝑥 𝜖 ℝ 𝑛 , the VAE is trained with gaussian as a prior distribution to learn the parameter vectors (µ) and (σ). The latent vector 𝑍 𝜖 ℝ 𝑛 𝑧 where 𝑛 𝑧 < 𝑛 is sampled from parameters vectors (µ) and (σ). During the training phase, it is assumed that input data does not include leaky states. For the testing phase, a combination of leak and leak-free nodal pressures are used as inputs to determine the threshold for leak detection. If a leak is identified, integral squared error (ISE) is computed for each node in the input layer 𝑥 for a time window 𝑡 to 𝑡 + ∆𝑡. The nodes ranked with the highest ISE will be the most likely leaky node in the network. The proposed framework and all its steps are shown in Figure 1 and the efficacy of the approach will be tested and discussed based on the performance measures of VAE. 
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Figure 1 :

 1 Figure 1: Steps of leak detection in the proposed VAE surrogate framework