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1 Introduction

The configuration manual consists of a detailed description of the environmental setup
while implementation of the research project: Prediction of Suspended Particulate Matter
Using Machine Learning-Configuration Manual.

The configuration manual section 2 is about hardware and software configuration.
Section 3 is about data source, whereas section 4 is about implementation.

2 System Configuration

2.1 Hardware Specification

• Operating system: Windows 10 Education (2019 Microsoft Corporation)

• Processor: Intel(R) Core(TM) i5-6200U CPU @ 2.30GHz

• RAM: 16 GB

• System type: 64- bit Operating System, x64-based processor

• Hard drive: 1TB

2.2 Software Specification

The research implemented based on two software environment R studio for statistical
methods based on R language, whereas the Jupyter notebook of Anaconda used for
machine learning models based on Python language. The libraries used during research
implementation are as follows.

2.2.1 R studio

The R studio version 1.3.959 and R version 4.0.2 is used for implementation of R code.
The installed packages in R studio are as follows.

• dplyr1

1https://cran.r-project.org/web/packages/dplyr/dplyr.pdf
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• ggplot22

• imputeTS3

• tseries4

• urca5

• forecast6

• vars7

• tsDyn 8

• TSA 9

• lubridate10

• MLmetrics11

2.2.2 Anaconda

The Anaconda version used is 1.9.12 and Jupyter notebook 6.0.3 web application plat-
form is used to demonstrate the python code. The Python environment used in Jupyter
notebook is 3.7.6. The installed python libraries are as follows.

• Pandas 1.0.1 12

• Numpy 1.19.0 13

• Scikit-learn 0.22.114

• Keras 2.4. 15

• Matplotlib 3.1.316

• Tensorfow 2.2.017

2https://cran.r-project.org/web/packages/ggplot2/ggplot2.pdf
3https://cran.r-project.org/web/packages/imputeTS/imputeTS.pdf
4https://www.rdocumentation.org/packages/tseries/versions/0.10-47
5https://cran.r-project.org/web/packages/urca/urca.pdf
6https://cran.r-project.org/web/packages/forecast/forecast.pdf
7https://www.rdocumentation.org/packages/vars/versions/1.5-3
8https://www.rdocumentation.org/packages/tsDyn/versions/0.9-44
9https://www.rdocumentation.org/packages/TSA/versions/1.2.1

10https://www.rdocumentation.org/packages/lubridate/versions/1.7.9
11https://cran.r-project.org/web/packages/MLmetrics/MLmetrics.pdf
12https://pandas.pydata.org
13https://www.numpy.org
14http://scikit-learn.org
15https://keras.io/
16https://matplotlib.org
17https://www.tensorflow.org/
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3 Data Sources

The water quality data from the Environmental protection agency (EPA)18 and precip-
itation data from Met Éireann19, combined and formed the data set for forecasting of
pH level. The data repository consists of multiple data sets for counties in Ireland, the
Wicklow county data from 2015 to 2018 is considered. Similarly, the rainfall of the sample
site from Wicklow county is considered from Met Éireann. On the other side, the water
quality data from New York’s open data20 and the daily precipitation data from the Na-
tional Climate Data Center21 combined and formed the data set for turbidity forecasting,
the similar sample site is considered for water quality and rainfall amount data. Table 1
shows the data repository.

Category
Data source Description Features Target variables

Weather data Met Éireann Meteorological
data

Daily rainfall
amount in mm

Rainfall amount
(mm)

Water quality
monitoring
data

Environmental
protection
agency (EPA)

Water quality
monitoring data

Sample Date,
Water supplier,
Scheme code
,Water quality
parameters

pH level

Weather data National Cli-
mate Data
Center

Meteorological
data includ-
ing Rainfall,
temperature

Daily rainfall
amount in mm

Rainfall amount
(mm)

Water quality
monitoring
data

NYC open
data

Water quality
monitoring data

Sample Date,
Water quality
parameters,
Sample site,
location

Turbidity(NTU)

Table 1: Data repository

18http://erc.epa.ie/safer/resourcelisting.jsp?oID=10206&username=EPA%20Drinking%

20Water
19https://www.met.ie/climate/available-data/historical-data
20https://data.cityofnewyork.us/Environment/Drinking-Water-Quality-Distribution-Monitoring-Dat/

bkwf-xfky
21https://www.ncdc.noaa.gov/cdo-web/
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4 Implementation

The collected data from water quality monitoring databases and meteorological stations
merged for forecasting Turbidity and pH level. Two separate code execution maintained
for forecasting of Turbidity and pH level. The autoregressive models (VAR, VECM,
ARIMAX) are implemented in R, whereas for LSTM python programming is used.

4.1 Data Pre-processing

Mean values of Turbidity and pH level per top 10 sites are plotted, and filtration is done
on one sample site to make research analysis more meaningful as described in research
report.

Figure 1: Turbidity data set Filter

Similarly, on pH level Data

Figure 2: pH Level data set Filter
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After filtration on sample sites, the plots of Turbidity and pH level as shown below.

Figure 3: plots of Turbidity and pH level

The daily data obtained and filled with the linear interpolation with the help of ”im-
puteTS” package as described in research report.

Figure 4: Interpolation in Turbidity data

Figure 5: Interpolation in pH level data
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The seasonal plots are plotted to check the seasonal effect of Turbidity and pH level.
The Line and polar seasonal plots are formed on two data sets. Code for visualization of
seasonal plots is as follows.

Figure 6: Seasonal plots for Turbidity data

Figure 7: Seasonal plots for pH level data
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The following plots are polar seasonal plots of Turbidity and pH level.

Figure 8: Polar seasonal plots of Turbidity and pH level

4.2 Data transformation

The data transformation transforms data from one form into another to make it suitable
for model construction. The data conversion into a time-series format is done as described
in research report. The seasonality check is done with the help of ”stl” function and
adjustments are done with ”seasadj” function from ”forecast” package.

Figure 9: Seasonality adjustment in Turbidity data
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Figure 10: Seasonality adjustment in pH level data

Figure 11: Seasonality in Turbidity and pH level
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Autocorrelation (ACF) and Partial Autocorrelation (PACF) plots for Turbidity are
as follows.

Figure 12: ACF and PACF plots of Turbidty level

Autocorrelation (ACF) and Partial Autocorrelation (PACF) plots for pH level are as
follows.

Figure 13: ACF and PACF plots of pH level

9



4.3 Model building and evaluation

The time series objects stationarity check has been done with the help of Augmented
Dickey-Fuller (ADF) test.

Figure 14: ADF Test on Turbidity and Rainfall data

Figure 15: ADF Test on pH level and Rainfall data
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4.3.1 VAR

The optimal lag selected with the help of VARselect and the model VAR is implemented
as shown in the figure 18 and 19. The forecast plots of actual versus predicted values are
described in the research report.

Figure 16: Varselect on Turbidity data

Figure 17: Varselect on pH data

Figure 18: VAR model on turbidity data set
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Figure 19: VAR model on pH data set

4.3.2 VECM

The Johansen cointegration test is applied to multivariate series and the VECM model is
implemented as shown in figure 22 for turbidity and figure 23 for pH level. The forecast
plots of actual versus predicted values are described in research report.

Figure 20: Johansen Cointegration test for turbidity and rainfall
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Figure 21: Johansen Cointegration test for pH level and rainfall

Figure 22: VECM model on turbidity data set
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Figure 23: VECM model on pH data set

4.3.3 ARIMAX

The ARIMAX model execution is as shown in figure 24 for turbidity and figure 25 for
pH level. The forecast plots of actual versus predicted values are described in research
report.

Figure 24: Arimax model on turbidity data set

Figure 25: Arimax model on pH data set
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4.3.4 LSTM

The pre-processed data extracted from R studio by names ”NewYork LSTM1” for Tur-
bidity, ”wicklow LSTM1” for pH level separately, and loaded in Jupyter notebook to
implement LSTM model. The time-series data converted into supervised learning data
with the help of method, as shown below for both Turbidity and pH data. The data is
scaled with the help of the ”MinMaxScaler” function and divided into an 80:20 ratio as
shown below.

Figure 26: Supervised learning data

Figure 27: Train test division of Turbidity and pH data
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The figure 28 is LSTM network used for both Turbidity and pH data set.

Figure 28: LSTM network for Turbidity and pH data set

After model training with the help of linear activation function, batch size of 32 and 200
epochs for both data sets, the loss of train and validation shows in the figure 29. The
forecast plots of actual versus predicted values are described in research report.

Figure 29: Loss plots train and test of Turbidity and pH level
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