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Outline
There are three main contributions in the thesis, and are as follows:

● Contribution #1 focuses on building machine learning models to predict 
daily water consumption for existing multi-family residences in the city of 
Abbotsford, British Columbia.

● Contribution #2 introduces a new methodology for building machine 
learning models to predict daily water consumption for new multi-family 
housing developments.

● Contribution #3 investigates the use of deep learning models, such as 
recurrent neural networks and convolutional neural networks, to predict 
daily water consumption for existing multi-family residences.



Background
● Dissemination Areas
● Multi-Family Residences
● Smart Water Meters
● Datasets



Dissemination Areas
● Cities in Canada, including 

Abbotsford, British 
Columbia, are partitioned 
into dissemination areas.

● A dissemination area (DA) 
is a small geographic area 
which contains a 
population of 400 to 700 
people from which census 
data is obtained.

● Total of 193 DAs in 
Abbotsford

● We investigate 87 DAs



Multi-Family Residences

Multi-family residence building types in Abbotsford [8]

Duplex Fourplex Townhouse House

Multiple Residence Strata Apartment - Frame Strata Apartment - High-Rise



Smart Water Meters
Beginning in 2010, smart 
water meters were installed 
across Abbotsford with the 
purpose of reducing costs for 
meter reading, detecting 
leaks, and to collect data for 
water conservation programs 
[4].



Datasets
Datasets used throughout the thesis:

● Water consumption data recorded at an hourly rate and collected from 900 
multi-family residences during the period starting on September 1, 2012 and 
ending on August 31, 2013 for the city of Abbotsford.

● Climate data obtained for the years 2012 to 2013 for the city of Abbotsford.
● Property assessment data obtained from BCAssessment. Contains several 

property attributes recorded at the household scale for the year 2012.
● Demographic data obtained from the 2011 National Household Survey. The NHS 

is distributed to a sample of households across Canada, with the results 
aggregated at the dissemination area level.



Introduction Contribution #1
Objective: Building machine learning models to predict daily water 
consumption for existing multi-family residences in the city of Abbotsford.

Results: 

● Obtained models with accurate predictive accuracy 
● Investigated the determinants of water consumption for multi-family 

residences
○ Contribution contains a prediction part and an explanation part

Next: Discuss motivation, problem statement, and model building process



Motivation
● Due to the lack of data available, there has been little research done in 

predicting water consumption for multi-family residences [6], [10].
● Recently, the general trend has been an increase in the development of 

denser living spaces in the form of multi-family residences. This has been 
observed in New York [10], Seattle [12], Auckland [6], Kuala Lumpur [3], 
and California’s coastal areas [9].

● Over the short-term, water consumption predictions are useful in the 
daily operation and management of water supply systems.



Problem Statement



Model Building Process
● Data Collection
● Data Preprocessing

○ Prepared datasets to be suitable for our machine learning task

● Feature Engineering
○ Engineered water consumption, calendar, climate, property, and demographic features

● Feature Selection
● Grid Search & Training Models
● Evaluation



Feature Selection

● To perform feature selection, we use a technique called recursive feature 
elimination with cross-validation (RFECV)



Grid Search & Training Models
● We train machine learning models using the selected features to predict 

daily water consumption for multi-family residences in the city of 
Abbotsford.

● We perform k-fold cross-validation where the number of folds is set
to the number of dissemination areas.
○ Do not train on the dissemination area we are trying to predict

● The performance metric (mean absolute error) for the test set is averaged 
over all the cross-validation folds.
○ Mean absolute error (MAE) is the average difference between actual and predicted values

● Grid search: exhaustive grid search and randomized grid search



Model Performance

● On average, the difference between the actual and predicted values for daily water 
consumption per unit at the dissemination area level is 42.05 litres.

● Typical water consumption in Abbotsford for multi-family residences is 592 litres per day 
per unit. The test error makes up only 7% of the average daily water usage.



Model Predictions
● Actual vs. predicted water 

usage using SVR model with 
selected features for DA 
59090068

● Peaks and dips of water 
consumption are difficult to 
predict well

● Water utilities are interested in 
determining peak daily water 
usage, since this information 
helps utilities determine 
capacity requirements and 
water rates [2].



● We find that peaks tend to occur on the weekends and dips tend to occur 
on Fridays.

● The technique used to do feature selection, RFECV, did not select the 
Weekend or holiday feature or the Friday feature since it does not consider 
every possible feature set.



Actual vs. predicted water usage using SVR model with Friday and Weekend
features for DA 59090068



We removed the Average of water usage at three, two, and one day ago feature from the 
model since including this feature seemed to have the effect of smoothing out the 
larger weekend peaks



Explanation

r and ⍴ are the Pearson correlation coefficient and Spearman rank correlation 
coefficient respectively





Future Work Contribution #1
Results: 

● Obtained models with accurate predictive accuracy 
● Investigated the determinants of water consumption for multi-family 

residences
○ Useful for water utilities when optimizing water supply and for developing water 

conservation programs [6]

Future Work:

● The methodology for building the model can also serve as a template for 
other cities given the availability of data.

● The accuracy of our models can be further improved by collecting and 
training across more data.



Introduction Contribution #2
Objective: Introduce a new methodology for building machine learning 
models to predict daily water consumption for new multi-family housing 
developments.

These new housing developments are in the planning stage. Properties and 
water infrastructure are being planned and yet to be built.

Results: 

● Obtained a machine learning model which significantly improves over 
industry baseline models using the methodology introduced

Next: Discuss motivation, problem statement, and methodology



Industry Baseline

● In the industry, a typical baseline that is used consists of using the observed per capita 
water usage of existing developments in the city [2], [9], [13]

● Predicted total water use in a new development = Water use per person * Estimated 
number of customers

● The water usage for a new development is predicted by using this simple baseline

[9]



Motivation
● Per capita water consumption forecasts have a tendency to consistently 

overestimate water demand. This has occurred in numerous American 
cities [9].

● Overestimation can lead to unnecessary investment in infrastructure, 
which can cost cities millions of dollars.

● There is much work on predicting water consumption for existing 
developments, but none on predicting water consumption for new 
developments.



Problem Statement



New Methodology
● Data Collection
● Data Preprocessing
● Feature Engineering

○ Limited to climate, property, and demographic features
○ Do not use previous water consumption features since this knowledge is not known for 

new developments

● Feature Selection
○ Based on conducting a literature review

● Baseline Models
● Grid Search & Training Models
● Evaluation

○ Compare our models with baseline models



Feature Selection
● Feature selection methods such as RFECV did not return consistent 

results across multiple runs due to the small size of the dataset and the 
limited number of values for the property and demographic features.

● Looked at the current literature which investigates the determinants of 
water consumption for multi-family residences.

● Selected features based on those found to be statistically significant 
determinants of water consumption and were present in our datasets.



Feature Selection

r and ⍴ are the Pearson correlation coefficient and Spearman rank correlation 
coefficient respectively





Baseline Models

● The top baseline is calculated for a dissemination area by taking the median 
daily water usage per unit for weekdays only, across all dissemination areas 
except the dissemination area being predicted for, in the period between 
September 1, 2012 to August 31, 2013.

● The top baseline makes up 27.83% of the average daily water usage in 
Abbotsford of 592 litres per day per unit.



Model Performance

● Conduct exhaustive and randomized grid searches to obtain optimal model parameters
● All models have superior performance compared to the best baseline model
● We obtain the best performance using a neural network with two hidden layers, which sees a 32.35% 

improvement over the top baseline



Model Predictions

● For this dissemination area there is a tendency to overestimate daily usage
● However, the overestimation is less severe with the neural network model



Future Work Contribution #2
Results: 

● Obtained a machine learning model which significantly improves over 
industry baseline models using a new methodology
○ Leads to developing water infrastructure which will more appropriately serve the needs 

of a new development

Future Work:

● This new methodology can also serve as a template for other cities given 
the availability of data.

● The accuracy of our models can be further improved by collecting and 
training across more data.



Introduction Contribution #3
Objective: Investigate the use of deep learning models, such as recurrent 
neural networks and convolutional neural networks, to predict daily water 
consumption for existing multi-family residences.

Results: 

● Obtained comparable results to traditional machine learning techniques

Next: Discuss motivation, problem statement, and model building process



Motivation
● Deep learning models are able to learn features automatically without the 

need for a machine learning practitioner to engineer features and 
perform a feature selection step [1].

● Obtaining comparable or improved performance over traditional machine 
learning techniques may save water utilities valuable time and resources 
put towards the model building process.

● No work has been done on using deep learning models to conduct water 
consumption forecasting [5].



Deep Learning Models
● Recurrent neural networks (RNN)
● Long short-term memory (LSTM)
● Gated recurrent unit (GRU)
● Convolutional neural networks (CNN)



Problem Statement



Model Building Process
● Data Collection
● Data Preprocessing
● Feature Engineering
● Feature Selection
● Grid Search & Training Models
● Evaluation



Model Inputs



Grid Search & Training Models
● We use early stopping as a regularization technique to prevent overfitting

○ Stop training when the performance on the validation dataset starts to degrade

● Grid search is conducted on one particular dissemination area
● Select parameter values based on recommendations from Goodfellow et 

al. [7] and LeCun et al. [11], and perform a grid search based on these 
recommendations

● A shallow network structure facilitates the best performance
○ Deeper network structures lead to overfitting



Model Performance

Deep learning models perform comparably to traditional machine learning models



Future Work Contribution #3
Results: 

● Deep learning models obtained comparable results to traditional machine 
learning techniques
○ Presents a solution which saves valuable time and money for water utilities

Future Work:

● Deeper network structures can be investigated as more data is collected
● Transfer learning

○ Train deep learning models on other dissemination areas



Final Conclusion
There are three main contributions in the thesis, with the following results:

● Contribution #1: Obtained models with accurate predictive accuracy and 
also investigated the determinants of water consumption for multi-family 
residences

● Contribution #2: Obtained a machine learning model which significantly 
improves over industry baseline models using a new methodology

● Contribution #3: Obtained comparable results to traditional machine 
learning techniques



Questions
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