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Abstract— Water quality in the river or in ground well is highly correlated and influenced by human activities. In order to determine w ater quality and
other materials, several methods are widely employed. However, most of these method are based on standard laboratory analysis which normally
laborious, time consuming, expensive, and involve chemical materials. Thus, a rapid, robust, effective and simple alternative method is required to
assess water quality. Near infrared spectroscopy (NIRS) is considered to be applied due to its advantages. The main aim of this present study is to
investigate the potential ability of NIRS technology in assessing water quality indices: Salinity and total dissolved solids. Transmission spectra data were
acquired for water samples from 9 different site points along Krueng Aceh river basin in wavelength range from 1000 to 2500 nm. Spec tra data were
corrected and enhanced using mean normalization (MN) standard normal variate (SNV) and baseline shift correction (BSC). Prediction models, used to
determine and predict TDS content were established by using principal component regression (PCR) and validated by leverage validation method.
Obtained results showed that NIRS technology appears feasible to determine TDS rapidly. Achieved maximum correlation coefficient (r) and RPD index
were 0.91; and 2.41 for TDS prediction. It may conclude that NIRS technology has the potential ability to determine total dissolved solids satisfactory.
Keywords— Water, NIRS, Krueng Aceh, River, Prediction.
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1

INTRODUCTION

Water is one of the most important natural resources to all
living maters. Beside used for drinking, water was also used
for washing, building, irrigating, cleaning and many other
activities. Furthermore, water normally can be found almost in
any place, especially in the river [1]. The water table can be
deep or shallow; and may rise or fall depending on many
factors. Heavy and strong rains or snow melting can cause the
rise of water table, or heavy pumping of groundwater supplies
may cause the water to fall [2].
Water in aquifers is brought to the surface naturally through a
spring or can be discharged into lakes and streams. Water can
also be extracted through a well drilled into the aquifer [3]. A
well is a pipe in the ground that fills with groundwater. This
water can be brought to the surface by a pump. Shallow wells
may go dry if the water table falls below the bottom of the well.
Some wells, called artesian wells, do not need a pump
because of natural pressures that force the water up and out
of the well [4], [5].
People need to be ensure that they provide with pure, healthy
and non-toxic water for daily used, especially for drinking.
Water quality is quite related with soil conditions since water
flows inside beneath porous rocks and soil or aquifers. Thus,
water need to be analyzed as it acts as water resources [6].
Water quality is highly correlated and influenced by human
activities [7]. To determine water quality parameters, several
methods are widely employed. Nonetheless, most of them are
based on standard laboratory analysis which normally time
consuming, expensive, and involve chemical materials from
which may cause another environmental pollution [8]. Thus, a
rapid, effective and simple alternative method is required to
assess water quality [9].
Near infrared spectroscopy (NIRS) is considered to be
employed due to its advantages: simple sample preparations,
fast, robust and pollution free since there are no chemical
materials involved [10]–[12]. NIRS has been widely studied
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and employed to predict several quality parameters on organic
and an-organic materials with satisfactory performances [13]–
[15]. Therefore, the main purpose of this present study, is to
investigate the potential ability and feasibility of NIRS
technology in determining water quality parameter where in
this case we determine the total dissolved solids (TDS)
parameter.

2

MATERIALS AND METHODS

2.1 Water samples
Water samples were collected from 9 different sites in Krueng
Aceh river basin along Banda Aceh and Aceh Besar district
area in Aceh Province, Indonesia. Those samples cover
different purposes in daily life for rice field, planted field and
sanitary purposes. Water samples were taken to the lab and
stored for two days before spectra acquisition and further data
analysis.
2.2 Near infrared spectra data acquisition
Near infrared spectra data of all soil samples were acquired in
form of transmittance spectral data in wavelength range from
1000 to 2500 nm or in wavenumbers range from 4000 to 10
000 cm-1. To ensure acquisition stability, background spectra
correction was performed every hour automatically [10].
Transmittance spectra data were collected and recorded in
NIR wavelength region as referenced above with the
increment of 0.02 nm resolution. Water samples were scanned
32 times and the averaged data were recorded and stored in
local computer.
2.3 TDS prediction models
Water quality attribute in form of total dissolved solids (TDS)
were predicted by developing prediction models through
calibration. Those models were established using principal
component regression (PCR) and validated by means of
leverage validation [16].
In order to achieve optimum and robust prediction models, two
different spectra correction were employed namely standard
normal variate (SNV) and baseline shift correction (BSC).
Prediction model performance were quantified using several
statistical indicators namely: coefficient determination (R2),
coefficient correlation (r), the root mean square error (RMSE)
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and residual predictive deviation (RPD) index which
corresponds to prediction accuracy and robustness indicators
respectively [17], [18].

performance of all those spectral data can be seen in Table 1.

3

Table 1. Prediction performance of TDS parameter of water
samples using principal component regression (PCR) method

RESULTS AND DISCUSSIONS

3.1 Spectra feature of water sample
Water spectrum in near infrared region was shown in Fig. 1.
Water spectral features in the NIR wavebands are highly
correlated to the vibration energy of chemical bonds due to
molecular vibrations of several properties and functional
groups.

MN: mean normalization, SNV: standard normal variate, BSC:
baseline shift correction (BSC), LVs: number of latent variables, r:
2
correlation coefficient, R : coefficient of determination, RMSE: root
mean square error, RPD: residual predictive deviation index.

Fig. 1. Spectra features of water samples in infrared region.

Figure axis labels are often a source of confusion.
The highest peak from the infrared wavebands of water
samples were observed in 5327 cm-1 and 6120 cm-1 which are
associated with several structures and molecules. Moreover,
water quality parameters like total dissolved solids (TDS),
minerals and others were absorbed light radiation and
electromagnetic radiation in wavebands range in all infrared
regions. Similar findings also noted by other publications
stated that several quality parameters and other water
nutrients like minerals can be predicted in early to middle IR
wavebands and wavenumbers region since those quality
attributes reached highest light peak absorption.
3.2 Total dissolved solids prediction
The core part of infrared technology application is to develop
calibration models used to predict studied quality attributes of
considered objects rapidly and simultaneously. These models
were established ny regressing spectral data and actual
reference data obtained from the laboratory analysis. The
models were then used for further prediction bypassing
laboratory analysis. Suppose we had a batch contained 100
samples. We can use 75 samples as training data to develop
prediction models. The remaining 25 samples can be used as
testing data in order to test prediction accuracy independently.
In this study, we attempted to develop prediction models used
to determine the TDS content of water samples from Aceh
river by employing principal component regression (PCR)
regression approach.
First, TDS prediction model was constructed using raw original
untreated spectra data. Then, to observe the impact of spectra
enhancement to the prediction performance, we also
attempted to predict TDS using different enhanced spectra
methods namely: mean normalization (MN) standard normal
variate (SNV) and baseline shift correction (BSC). Prediction

Fig. 2a. Reference and predicted TDS using raw spectra data.

As shown in Table 1, TDS content of water samples can be
predicted quite well even using raw untreated spectra data. It
generated the correlation coefficient between actual reference
TDS and predicted TDS is 0.77 with robustness RPD index is
1.68 in which categorized as sufficient prediction performance.
Scatter plot of prediction performance for TDS prediction using
raw spectra data is presented in Fig 2a.
Moreover, prediction models for TDS were also constructed
using enhanced spectral data: MN, BSc and SNV. Prediction
performance accuracy and robustness for all those three
spectra enhancement methods were also shown and
described in Table 1. The MN spectra correction method was
significantly improved prediction accuracy and robustness.
The correlation coefficient was increased to 0.84 and RPD
index was also increased to 1.93 respectively. As
consequences, the error coefficient, RMSE was definitely
decreased. Scatter plot for TDS prediction using MN spectra
data is presented in Fig 2b.
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Fig. 2d. Reference and predicted TDS using BSC spectra data.
Fig. 2b. Reference and predicted TDS using MN spectra data.

Another prediction model for TDS was also developed using
SNV correction method. As shown in Table 1, prediction
accuracy and robustness was slightly improved compared to
MN spectra correction method. As presented in Fig 2c, the
correlation coefficient was increased to 0.88 and RMSE error
was decreased to 10.46.

The main reason behind this improvement is that in BSC, the
method trying to find best correlation between X variable
(spectra data of all samples) and Y variable (respected quality
attributes) by correcting baseline and valleys from which
generated minimum noises.
In term of the number latent variables (LVs) required to
construct prediction models, all spectra data required same
number for LVs, that is 3. The number LVs often considered
and taken into account to evaluate the effectiveness of
prediction models in infrared spectroscopy application. It is
obvious that lower number of latent variable is more
considerable as model effectiveness and preferable to avoid
over optimistic prediction models.

4

Fig. 2c. Reference and predicted TDS using SNV spectra data.

Furthermore, the best prediction performance was achieved
when the model is established using BSC spectra correction
method. It generated the maximum correlation coefficient of
0.91 and residual predictive deviation indexes was 2.43. The
PCR method regressed the infrared spectral data of water
samples and actual quality parameters obtained from
laboratory analysis. Prediction performance for TDS are
generally acceptable even using raw spectra data.
Judging from the prediction performance, it seems that BSC
correction approach generated more accurate and robust
prediction results than that in other spectra enhancement
methods.
It shows that BSC improved prediction accuracy by lowering
prediction error (RMSE), and thus resulting high correlation
coefficient and robustness RPD index as presented in Fig 2d.
Similar findings also reported by other researchers that BSC is
generally provided and generated more accurate and robust
prediction results when it deals with liquid samples [9], [19].

CONCLUSION

This study aimed to apply the infrared spectroscopy as an
alternative fast and robust method to determine quality
attributes of water samples. Based on obtained results, it may
conclude that infrared reflectance spectroscopy can be used
to determine TDS of water sample with maximum correlation
coefficient of 0.91 and robustness index RPD of 2.48
respectively.
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