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Abstract

—

Time series analysis is a vital aspect of data analysis exploration. The analysis of

variables through time is important to identify underlying impacts or shocks that can

impact observation values. Time series analysis is performed on the Acea Smart Water

Analytics data set, which observes the effect of features such as rainfall, temperature and

depth to groundwater through time. The data is preprocessed through stationarization,

transformations, differencing. Auto-correlation analysis is performed prior to modeling

under auto-ARIMA models and Prophet models. Results show that auto-ARIMA best

represents and forecasts the data set.

Time Series Analysis — Auto-correlation Analysis — auto-ARIMA — Forecasting
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1 Introduction

Time series analysis is a specific method of analyzing a sequence of observations collected

across a certain interval of time. Univariate time series are a very common form of time

series where there is only one dependent variable affected by several independent features.

Multivariate time series focuses on multiple dependent variables each affected by their

respective independent variables.

Our problem of choice is performing a time series analysis for the Acea Smart Water

data set. The problem presented by this data set is to estimate the influence of features

on the water availability of several water bodies (lakes, rivers, aquifers). By forecasting

accurate values of water availability per day, models should be able to effectively capture

volumes of water in each waterbody present.

The Acea Smart Water Analytics is comprised of 9 independent data sets, each rep-

resenting a certain water body with differing features that impact each respective water

body. We will be considering the petrignano waterbody for this analysis. This water-

body is of type aquifer, which is an underground layer of permeable rocks such as sand or

gravel. The aquifer waterbody is influenced by the following features: rainfall, humidity,

subsoil, temperatures, and drainage volumes.

This paper covers various statistical methods and techniques that will be employed

to perform sufficient time series analysis of our data. Statistical techniques such as data

visualization of our dependent variable through time. Data preprocessing to ensure our

data is clean and ready to be used for modeling and further exploration. Furthermore,

feature engineering will be deployed to identify the most significant features affecting

water availability, as well as exploratory data analysis using visuals and specific tests for

stationarity and other properties of time series data. Finally, we will perform modeling

using a healthy variety of time series models to interpret and identify which time series

model is most suitable for our data.

2 Statistical Methods & Analysis

This section covers an array of statistical methods and analyses performed on our time

series data set. Analyses including data visualization, preprocessing procedure, feature

engineering for identifying the most impactful features affecting our time series, as well

as exploratory data analysis, and finally the modelling process.

2.1 Data Visualization

Our first aspect of analysis is data visualization. Fig. (1) displays the time series in

a data frame format including the feature columns as well as the target variable. Our

independent variables are as follows: rainfall, temperature, drainage volume (volume of

water taken from drinking water treatment plant), and river hydrometry (groundwater
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level in m). Our dependent variable is the depth to groundwater, which is the groundwater

level from the ground floor in metres.

Figure 1: Data Overview

We plotted the time series plot of each column including our target variable to visualize

if there was any trend or pattern through time. Figs. (2-6) represents the time series

plot for all of our columns of the dataset. Fig. (2) shows that there is a series of peaks

and troughs throughout the period from 2009 to 2020 with numerous number of high

amounts of rainfall. This could potentially indicate seasonality but an independent test

will provide us with a more definitive result.

Figure 2: Rainfall TS Plot

Regarding fig. (3), the depth to groundwater plots a fluctuating trend in its values

over time. Furthermore, the y-axis values it is encompassing indicate a non-stationarity

in the mean and variance, which is something that may need to be remedied later on.

Concerning Fig. (4), we instantly notice a consistent set of peaks and troughs through-

out several years. There is a high probability of seasonality for our temperature variable,

which is to be expected. Regarding stationarity, the center of the data points is not

centered around 0. This indicates a non-stationarity in the mean, however, this can be

remedied. But the plot shows stationarity in the variance, which is promising.

Fig. (5) seems to show a much more interesting plot, with a somewhat consistent trend

through time. However, there may be some potential outliers around 2011 and 2012 with

some more near 2019. However, without these outliers, there may be stationarity in the
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Figure 3: Depth to Groundwater TS Plot

Figure 4: Temperature TS Plot

Figure 5: Drainage Volume TS Plot

variance, unlike in the mean, which can be mitigated using remedial techniques covered

later.

Fig. (6) shares similar characteristics to the previously mentioned figure. We have a

somewhat consistent set of fluctuations through time with a few potential outliers. We

may have stationarity in the variance however, the data points are not centered around

the mean.
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Figure 6: Hydrometry TS Plot

2.2 Data Preprocessing

2.2.1 Chronological Order and Equidistant Time Intervals

Our first step in the data preprocessing aspect of this project is to ensure our date

column is in chronological order and that we have constant time intervals between ob-

servations. We achieved the chronological order of our dataset by sorting the data frame

by timestamps. Regarding the equidistant timestamps, we performed a check between

each pair of consecutive observations to see if the difference was constant throughout the

entire dataset as shown in Fig. (7). We ended up having a total of 4198 timestamps or

observations in our data.

Figure 7: Time Series Observation Time Interval
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2.2.2 Missing Values

Secondly, we checked for missing values in our dataset and found some columns with

missing values. This is also supported by fig. (9, 10, another).

Figure 8: Missing Values in Drainage Volume Feature

Figure 9: Missing Values in River Hydrometry Feature

There are various methods to handle missing values in our data set. Such methods

include filling empty values with extremely high values to classify that observation as

an outlier. Other methods are also available such as filling with the mean value of the

observations, as well forward filling, and also interpolating using nearby observations in

time. As shown in fig. (4 from app), we tried to plot a feature through time with every

single remedial action and it seems that our best strategy to handle missing values is by

interpolation as it produces the closest modified set of observations to the original data.

2.2.3 Smoothing / Resampling

Smoothing or resampling is another vital stage of preprocessing to help us understand

the data more thoroughly. We have opted to resample our data. There are two kinds

5



of resampling: upsampling, where we increase the frequency of samples by shortening

the time interval, and downsampling, where we decrease the frequency of samples by

lengthening the time interval of the data. We decided to choose to downsample to ensure

we are dealing with a discrete time series problem rather than a continuous problem. We

are downsampling to weekly intervals to help with analyzing the data.

Figure 10: Data After Downsampling

2.2.4 Stationarity

Stationarity describes the time series that has a constant mean, constant variance, and

constant covariance. We will check stationarity for our time series via three different

approaches:

1. Plotting time series to check for trends or seasonality

2. Series partitioning to compare the mean and variance for each partition of the data

3. Formal test using Augmented Dickey-Fuller (ADF) Test

Regarding time series plots, we can see from fig. (11) that there is non-stationarity

in the mean and standard deviation. However, this can be mitigated.

Concerning a formal test, we will use a unit root test such as the ADF to check for non-

stationarity. A unit test is a characteristic of a time series that makes it non-stationary.
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Figure 11: Non-Stationarity in Data

The ADF tests whether a time series has a unit root as its null hypothesis and the reverse

as its alternative hypothesis. There are two ways for the null hypothesis to be rejected

as shown in equations (1) and (2). One case is when the p-value of a feature is less than

or equal to α, which is defaulted to 0.05. Similarly, if the ADF statistic is less than the

critical value, then the null hypothesis is also rejected. This indicates no unit root and

thus stationarity. Fig. (from app) illustrates the output of the Augmented Dickey-Fuller

test and the critical values for different values of α.

p ≤ α (1)

ADFStatistic < CriticalV alue (2)

We also drew graphs for each variable through time along with their respective ADF

statistic and p-values. These are shown in Fig. (12). We can see that some variables

will reject the null hypothesis at a value of 0.01 for α. However, we need them all to

be stationary at a certain value. Therefore, α set to 0.05 is an appropriate value for

continuing our analysis.
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Figure 12: ADF Statistic Graphs

2.2.5 Transformations

To run time series models such as ARIMA, they require that our data is stationary.

Therefore, we will perform a transformation to stabilize the non-constant variance in our

series. We will perform a log transformation since we have no negative values in our time

series. Fig. (13) shows our data after the transformation. It resembles a more normal

distribution and the variance has been slightly mitigated.

Figure 13: Log Transformation Results
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2.2.6 Differencing

Concerning differencing, we will take only the first-order difference as too many will result

in some values of 0 in our data and loss of information. Fig. (14) shows the target variable

after transforming and differencing the data. It is now stationary in the mean as well as

the variance with some notable outliers present.

Figure 14: First Order Difference

2.3 Feature Engineering

Regarding feature engineering, we wanted to produce effective features and some neces-

sary actions before our modeling phase of the project.

2.3.1 Encoding Cyclical Features

A key step we performed on our data set was to encode our time features as cyclical

features. This means forming a monthly cycle for every single year as shown in Fig. (15).

A graph with incremental steps is illustrated showing the cycles throughout the period

of our data.

Figure 15: Cyclic Time Features

Furthermore, to improve our analysis of the data later on we tried to form through fig.

(15) a transformation into a sinusoidal function through time such that later on we can
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observe graphs such as the auto-correlation and partial auto-correlation function graphs

respectively, and find the cut-off points. Fig. (16) illustrates this in terms of taking the

sine and cosine of the month variable.

Figure 16: Sinusoidal Time Features

2.3.2 Time Series Decomposition

A time series is comprised of a combination of the following components:

1. Trend - the increasing or decreasing value in the series

2. Seasonality - the repeating short-term cycles in the series

3. Level - the average value in the series

4. Noise - the random variation in the series

Decomposing a time series helps us to generalize the series and understand its details

more thoroughly during analysis. In our case, we will use a seasonal decomposition
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function that uses a moving average as its underlying method. We are assuming an

additive model with a period frequency of 52 since we have 52 weeks per year.

Figure 17: Seasonal Decomposition of 2 Variables

2.3.3 Extracting Lags

For computing the lags, fig. (in app) shows the functions used to get them. Using the

shift function we were able to compute the lags of our data.

2.4 Exploratory Data Analysis

This section focuses on extracting some knowledge from our data. One of the things we

computed was the seasonal indices of our data features as well as the target variable. Fig.

(in app) illustrates the seasonal indices of features through a monthly time interval. As

we can see, there is seasonality in a lot of the features we have.

Furthermore, we computed and visualized the correlation matrix between all our core

features as well as the correlation matrix of the lagged features as shown in fig. (in app).

We can see that the lagged features are more highly correlated than the core features

from our original data set.

2.4.1 Autocorrelation Analysis

After stationarizing the time series by differencing as mentioned previously, we now use

an autocorrelation plot and partial autocorrelation plot to determine whether an autore-

gressive model (AR) or moving average (MA) is needed to fix any autocorrelation still
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present in the series. Fig. (18) shows the autocorrelation plot of our dependent variable,

and as we can see it alternates for each lag, so perhaps a value of MA(1). Similarly, with

the partial autocorrelation plot, we can conclude that lags are decreasing rapidly and cut

off at lag 3 approximately.

Figure 18: ACF Plot

Figure 19: PACF Plot

2.5 Modeling

For the modeling stage of this project, we performed a univariate time series on each of our

variables including depth to groundwater, rainfall, temperature, and so on through time.

We chose 2 models for our univariate analysis: Prophet, and Auto-ARIMA. Prophet is

an open-source library for performing univariate time series forecasting and it does this

using an additive time series forecasting model. Implementation details support all effects

of time series including trend, seasonality, and cyclability.

For Prophet, we computed the root mean squared error as our evaluation metrics while

for Auto-ARIMA, we attempted to show a summary of each variable by minimizing the

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). By using

different values of p, q, and d in our ARIMA models, we could decide which values are

most appropriate to minimize the AIC and BIC.

3 Results and Discussion

3.1 Results

Regarding the results of our modeling stage, we started with the depth to groundwater

variable, plotting the rolling window to see which training splits are most appropriate.
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After performing our training test split of 85 percent to the training and 15 percent to the

testing, we trained our Prophet model and used it for forecasting. fig. (31) illustrates the

forecast data as well as the confidence interval of the variable. Furthermore, we trained

the Auto-ARIMA model, and as shown in Fig. (32), we tested different values of p and

q for both the moving average and auto-regressive parts of our ARIMA model as well as

the integration of the ARIMA model.

The best model was ARIMA(1,1,1) based on a stepwise search to minimize the AIC

evaluation metric. SARIMAX results in Fig. (32) also display the BIC and Hannan-Quinn

Information Criterion (HQIC) as two other evaluation metrics for model selection. These

values support our decision that auto-ARIMA would outperform the Prophet model due

to lower values in their respective information criterion.

We also plotted the diagnostic plots of the ARIMA model for the variable depth to

groundwater. As fig. (33) shows, our standardized residuals are based around 0. The

Q-Q plot and histogram show univariate normality with some notable outliers present

toward the end of the graphs.

We performed the same procedures for the following variables:

• Rainfall

• Temperature

• River Hydrometry

• Drainage Volume

3.2 Conclusion

In conclusion, each variable data was trained using a variety of time series models and

each reported back with unique insights. Features such as depth to groundwater, river

hydrometry, and drainage volume show promising results for forecasting with low AIC,

BIC, and HQIC. They all present normal distributions post-modeling with a lack of

outliers.

The temperature feature displays a clear seasonality effect both in the analysis stage

as well as during the training process. Forecasting is also seasonal depending on the time

of the year. However, the rainfall feature lags as a lone variable. Plots for the prophet

forecast are unclear and scattered. AIC, BIC, and HQIC values are also significantly

larger than the other features. This could be due to the nature of the rainfall feature

alone, it might be dependent on other feature interactions to interpret or analyze it better.

Areas of improvement to be made in this project is to perform multivariate analysis on

this list of features to understand the various interactions involved as they simultaneously

pass through time. An appropriate measure for this would be Vector Auto Regression

(VAR) for multivariate analysis.
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4 Appendix

4.1 Annotated Computer Output (Tables & Figures)

Figure 20: Missing Values across Data Set

Figure 21: Remedy Missing Values by Outlier

Figure 22: Remedy Missing Values by Mean Value
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Figure 23: Remedy Missing Values by Forward Fill

Figure 24: Remedy Missing Values by Interpolation

Figure 25: Augmented Dickey-Fuller Test

Figure 26: Computing Lags
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Figure 27: Correlation Matrix of Original Features
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Figure 28: Correlation Matrix of Lagged Features
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Figure 29: Seasonal Components of Variables

Figure 30: Rolling Window Depth to Groundwater
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Figure 31: Prophet Forecast Depth to Groundwater

Figure 32: Auto-ARIMA Summary Depth to Groundwater
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Figure 33: Model Diagnostics Depth to Groundwater

Figure 34: Rolling Window Rainfall

Figure 35: Prophet Forecast Rainfall
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Figure 36: Auto-ARIMA Summary Rainfall

Figure 37: Model Diagnostics Rainfall
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Figure 38: Rolling Window Temperature

Figure 39: Prophet Forecast Temperature
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Figure 40: Auto-ARIMA Summary Temperature
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Figure 41: Model Diagnostics Temperature

Figure 42: Rolling Window Drainage Volume

Figure 43: Prophet Forecast Drainage Volume
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Figure 44: Auto-ARIMA Summary Drainage Volume

Figure 45: Model Diagnostics Drainage Volume
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Figure 46: Rolling Window River Hydrometry

Figure 47: Prophet Forecast River Hydrometry
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Figure 48: Auto-ARIMA Summary River Hydrometry

Figure 49: Model Diagnostics River Hydrometry
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