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ABSTRACT
A method of simultaneous determination of temperature and salinity of water by Raman spectra
was tested and validated on natural waters from the White Sea area. The basis of the method is
the solution of this multi-parametric inverse problem by a modern technique of pattern recognition:
artificial neural networks. Testing of the presented method was carried out on natural waters of
unique meromictic lakes of the White Sea coast. The accuracy of determination of natural water
parameters is 0.1°C for temperature and 0.2 psu for salinity in laboratory conditions in the investigated ranges of variation of parameters.
INTRODUCTION
The problem of remote determination of such key parameters of natural waters as temperature and
salinity has become very important in recent years. This is due to the fact that salinity (S) and temperature (T) can indicate the transfer of energy and mass in conterminous layers of oceans, rivers
and lakes, they determine the degree of desalination of the surface layer of water reservoirs because of global warming, melting of ice and other reasons.
For real-time determination of temperature and salinity of water in field conditions, non-contact
radiometric methods of determination of either salinity or temperature of the water surface currently
widely used (1,2). However, due to the surface roughness, and changes of the emissivity of the
water surface under the influence of wind, cloudiness, presence of oil films, the radiometric measurement of seawater salinity and temperature, based on the dependence of the emissivity of the
water surface on the concentration of salts, allows us to determine S with an error not better than a
few tenths of the practical salinity unit (psu) and T with an error of 1°C (3). As opposed to this,
methods of laser vibrational and fluorescent spectroscopy are free from these shortcomings and
they can provide information about parameters of water from a distance of some metres or from
any point of the water column by using of waveguide cable.
The possibility of using Raman and fluorescence spectroscopy for the diagnosis of aquatic environments is owing to the fact that the quantitative characteristics of the spectral bands are highly
sensitive to the type and concentration of dissolved organic matter (DOM) in water, as well as to
changes of the water temperature (4,5) and salinity. That is why laser spectroscopy is the basis of
methods for determining the presence and amount of inorganic and organic compounds in water
and determining water temperature and salinity.
Thus, the method of determining water temperature and salinity in the presence of DOM is based
on the influence of these parameters on the water Raman spectrum, in the first place, on the valence band of water (2800 - 3800 cm-1). Such multi-parametric inverse problems can be solved
using pattern recognition methods. The method of simultaneous measurement of temperature and
salinity in natural waters using the technique of artificial neural networks (ANN) was elaborated in
(6,7,8,9). In addition, a large experimental database was created and the optimal ANN was
trained (see the section “ANN technique”) in these works.
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In this work, the method of simultaneously determining the temperature and salinity of natural waters by Raman spectroscopy was carried out on water samples from natural sources. Due to the
required wide range of changes of salinity, meromictic lakes were chosen for water sampling. The
characteristic feature of meromictic lakes is the absence of mixing between layers with different
mineralization. Moreover, a huge diversity of dissolved organic matter is present in the different
layers. Thus, for quality testing of our method, samples were taken from seven meromictic lakes
near the White Sea Biological Station of Moscow State University (WSBS, Kandalakshsky Bay,
White Sea) (see Figure 1). Information about these lakes is given below (see the section Results,
Figure 4).

Figure 1: Area map of the expedition 2014 in the area of the White Sea Biological Station with
marked lakes where the samples were taken from. Lakes: 1 - Upper Yershovskoye, 2 - Lower Yershovskoye, 3 - lake in the Green Cape, 4 - Kislo-sladkoye, 5 - Verkhneye, 6 - Vodoprovodnoye, 7 Krugloye.
METHODS
The method of simultaneously determining the temperature and salinity of natural waters is based on
the effect of these parameters on the Raman spectrum of water. To solve this inverse problem of the
recognition of T and S by changes in spectra, the artificial neural networks technique was used.
Experiment
The Raman scattering signal was excited using an argon laser (wavelength 488 nm, power 450
mW, linear polarization). Integral spectra (polarized and depolarized) were obtained in 90° geometry using a monochromator (Acton 2500i, grating 900 lines/mm, focal length 500 mm), and a CCD
camera (Jobin Yvon, Synapse1024 128 BIUV-SYN). To suppress the elastic scattering signal an
interference edge filter (Semrock) was used, which made it possible to approach the excitation
laser line down to 100 cm-1. The practical resolution of the Raman spectrometer was 2 cm-1. The
thermostabilizational system provides a control and measurement of water temperature with an
accuracy of 0.1°C.
Measurement conditions were the following: the camera exposure time was 5 s for valence bands
and 10 s for low-frequency bands (average of 10 spectra). All spectra were corrected by the spectral sensitivity of the spectrometer measured using a light source with a continuous spectrum
based on a temperature lamp operating at 2850 K. The obtained spectra were also normalised by
the laser power and by the spectrum accumulation time.
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Figures 2 and 3 from (9) show the Raman valence bands and low-frequency Raman bands of aqua
solutions with the different sets of T, S and DOM (Humic acid sodium salt H16752, Aldrich) values
recorded under identical conditions. These spectra are part of the training set for the ANN (see the
section “ANN technique”).
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Figure 2: Raman valence bands of aqua solutions with the following set (T, S, DOM) of parameter
values: 1 – (0°C, 25 psu, 0 mg/l); 2 - (25°C, 15 psu, 175 mg/l); 3 - (15°C, 45 psu, 350 mg/l), from (9).
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Figure 3: Low-frequency Raman bands of aqua solutions with the following set (T, S, DOM) of parameter values: 1 – (15°C, 40 psu, 0 mg/l); 2 - (25°C, 15 psu, 175 mg/l); 3 - (21°C, 15 psu, 58.3
mg/l), from (9).
Multiparametric inverse problem
The basis of the method is the effect of temperature and salinity on the Raman spectrum of water.
As can be seen from Figure 2, this effect changes the shape and position of the water Raman valence band: When the water temperature and/or the concentration of dissolved salts is increased, the
intensity of the high-frequency region of the valence band is increased and the intensity of the lowfrequency region is decreased. At the same time, the band narrows and shifts to higher frequencies.
These effects on the shape of the water Raman valence band were described and their use for determining the temperature was shown in (10,11,12) and for determining the salt concentration in
(13).
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However, trends in the behaviour of the valence Raman band of water under the influence of temperature and various salts are quite similar. Nevertheless, temperature and different ions cause
different quantitative changes in the position and shape of the valence Raman band of water, and it
enables us to successfully solve the inverse problem, i.e., the measurement of temperature and
salinity of the samples via Raman spectroscopy using a special technique. As can be seen in Figures 3 and 4, a fluorescence pedestal (200 - 3500 cm-1) due to the presence of DOM in water exerts some influence on the shape of the valence band of water (9). Therefore, the problem of determining T and S must take into account the presence of DOM in waters. Such multi-parametric
inverse problems are successfully solved using pattern recognition methods.
ANN technique
To solve the announced multi-parametric inverse problem, the technique of artificial neural networks (ANN) has been used. ANN represent a powerful data analysis algorithm that provides an
efficient solution of inverse problems and problems of pattern recognition, including those in optical
spectroscopy (14). In this study, the most widespread type of artificial neural networks - the multilayer perceptron (MLP) - was used. Every layer of the MLP consists of N elementary units that are
so-called formal neurons, units with several inputs and single output. Each of the inputs is characterized by its own weight coefficient, wj. The value y at the output of a neuron is calculated as a
weighted sum of the values xj at its inputs, put through a non-linear monotonically increasing step
function F called activation function:

⎛ N
⎞
y = F ⎜ w jxj ⎟ ,
⎜ j =0
⎟
⎝
⎠

∑

x0 ≡ 1

(1)

N identical neurons, different only by their weights, are combined to layers. Each neuron is connected with each of the neurons of the preceding and the next layers (fully connected scheme). So,
every neuron takes for the inputs every value of all neurons from the previous layer. The signal is
fed, according to Eq. (1), from the input of the first layer of the MLP to the output of the last one.
The first layer of an MLP is called the input layer, as it is used to feed data into the MLP, and
serves as the input of the whole network. There are as many neurons in the input layer as there
are features describing each of the processed data samples. The neurons of the input layer perform no calculations; they simply distribute the input signal to all the neurons of the next layer. The
last layer of an MLP is called the output layer; it serves as the output of the whole network. There
are as many neurons in the output layer as values that are to be simultaneously determined for
each data sample. One or several layers between the input and the output layers are called hidden
layers. The numbers of neurons in the hidden layer(s) determine the complexity of the network; it
can be estimated by some half-empirical equations, but often it is determined by trial and error.
When the MLP is applied, its output depends on the values of the weight coefficients w in Eq. (1).
Therefore, to provide correct answers of an MLP, it should be trained prior to its application. This is
done by analysing the answers of the MLP on the samples of the training set of data, for which the
correct (desired) answers are known, with subsequent tuning of the weight coefficients. The goal of
training is to minimize the average error of the MLP over the training set, by changing the values of
the weight coefficients of all neurons. Mostly, this is performed by the so-called error backpropagation algorithm, which performs gradient descent in the space of weight coefficients (14).
In the final stage, the Raman spectra of a water sample is presented to the trained ANN as input
parameters, and the search parameters are obtained as output values of ANN. The input layer is
fed by all spectral points of one sample when the output layer consists of only two neurons which
present T and S of this sample.
In this work, the optimal ANN that was trained in (9) - five-layer perceptron - was used. To train
ANN a large base of experimental data - Raman spectra of water from 500 cm-1 to 4000 cm-1 at
different temperatures, salinities and different content of DOM (482 spectra) - was obtained. The
spectra for training, testing ANN sets (9) and for the validation set [this work] were obtained under
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identical conditions (see the section “Experiment”). The values of T, S and DOM concentration
changed in the following ranges: T: 0,5,…,30,35°C; S: 0,5,…, 40, 45 psu., DOM: 0,…,350 mg/l.
The preparation and characterisation of the samples for training are described in work (9). It was
demonstrated that the method of determining T and S of seawater using low- and high-frequency
regions of water Raman spectra and ANN (five-layer perceptron) enables T and S to be determined
in a wide DOM concentration range with mean absolute errors of 0.8°C and 1.1 psu, respectively.
Validation of the method

The validation of the method of simultaneously determining T and S comprises the following steps:
¾ Collecting a diverse set of water samples from lakes of the White Sea area.
¾ Contact measurements of samples’ salinity using a conductometer YSI-85 in the field conditions (accuracy 2%). Contact measurements of the sample temperature using a calibrated
probe based on a thermistor in the laboratory (accuracy 0.05°C).
¾ Spectral measurement of water samples. Application of the trained ANN (five-layer perceptron) to the water Raman spectra.
¾ Comparison of results of T and S measurements. Estimation of experimental errors.
RESULTS

Natural water samples were collected from the meromictic lakes of the coast of the White Sea on
the peninsula Kindo during a student expedition of Moscow State University, which took place near
the White Sea Biological Station of Moscow State University (WSBS) (Kandalakshsky Bay, White
Sea) from 26 January to 6 February 2014,. Natural waters of the White Sea area were taken from
seven meromictic lakes: Lower and Upper Yershovskoye (31.01.2014), lake in the Green Cape
(30.01.2014), Kislo-sladkoye (29.01.2014), Verkhneye (01.02.2014), Vodoprovodnoye (01.02.14)
and Krugloye (01.02.2014). Some lake characteristics lakes are presented in Figure 4. In this figure, h means the maximum depth of the lake. Position of the blue rectangle presents the altitude of
the lake above sea level. S is for the area of the lake and F is for the area of the lake basin. In accordance with their altitude, Verkhneye, Vodoprovodnoye and Krugloye lakes appear to be limnetic, while the other four lakes appear to have salt in some layers.

Figure 4: Description of the lakes of the peninsula Kindo.
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Water samples were collected with a Whale Premium Submersible Pump GP1352 from every upper to every lower layer of the lakes at steps of 0.5 m. This procedure allowed us to avoid mixing
and collect a diverse set of data. Salinity was measured in situ using a field conductometer YSI-85.
Following collection, the samples were carefully packed to prevent evaporation and pollution. Due
to this, it was assumed that salinity had not changed from the time of sampling to the time of
measurements in the laboratory.
Our targets were to test and verify the method on most diverse samples. Due to small differences
between limnetic lakes and between Upper and Lower Yershovskoye lakes the samples were selected from only four lakes for the validation. In addition, the properties of the lakes vary strongly
between different layers. According to these arguments, 16 samples were chosen (Table 1). Figures 5 and 6 show the obtained Raman spectra of selected samples. The graphs obtained from a
given sample are shown by the same colour. The samples 1, 26, 36, 41 and distilled water are
marked by a strait line. They are chosen to demonstrate the most different salinities of the set. As
can be seen, it is impossible to understand immediately, which sample has a higher S. The difference in appearance of the low-frequency pedestal is caused by the different content of DOM (see
Figures 2 and 3).
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Figure 5: Low-frequency Raman bands of natural waters. Lake colours: red - Kislo-sladkoye, green
- Lake in the Green Cape, blue - Lower Yershovskoye, dark green - Vodoprovodnoye.
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Figure 6: High-frequency Raman bands of natural waters. All spectra are normalized to the maximum intensity. Lake colours are the same as in the Figure 5.
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Table 1 presents the results of measuring temperature and salinity of natural water samples by
contact methods and the results of using ANN. As can be seen, the ANN technique provides a
determination of T and S without knowing the DOM content. It is due to training ANN on the samples with different DOM concentration.
Table 1: The results of measuring temperature and salinity of natural water samples using remote
and contact methods.
Sample
1
2
4
9
14
21
26
31
35
36
41
42
43
45
46
47

Date/lake/depth, m
29.01.14 / Kislo-sladkoye / 0
29.01.14 / Kislo-sladkoye / 0,5
29.01.14 / Kislo-sladkoye / 1,5
29.01.14 / Kislo-sladkoye / 4
30.01.14 / Lake in the Green Cape / 0
30.01.14 / Lake in the Green Cape / 3,5
30.01.14 / Lake in the Green Cape / 5,8
31.01.14 / Lower Yershovskoye / 0
31.01.14 / Lower Yershovskoye / 2
31.01.14 / Lower Yershovskoye / 2,5
01.02.14 / Vodoprovodnoye / 0
01.02.14 / Vodoprovodnoye / 0,5
01.02.14 / Vodoprovodnoye / 1
01.02.14 / Vodoprovodnoye / 2
01.02.14 / Vodoprovodnoye / 2,5
01.02.14 / Vodoprovodnoye / 2,7

Contact methods
T, °C
S, psu.
26.8
19.3
27.1
26.9
26.3
27.4
26.8
27.8
27.0
27.9
27.1
28.0
27.1
28.8
25.9
0.06
26.3
1.0
27.8
4.6
27.4
0.025
26.5
0.025
27.0
0.035
27.1
0.04
26.9
0.045
27.4
0.053

T, °C
27.1
27.1
26.5
26.6
26.8
27.0
27.1
25.8
26.2
27.7
27.5
26.5
26.8
27.0
26.8
27.2

ANN
S, psu.
19.3
27.0
27.6
27.7
27.7
28.0
28.3
0.0
1.4
4.5
0.0
0.0
0.0
0.0
0.0
0.0

Thus, it is clear that the ANN method provides results quite similar to those provided by the contact
method.
The estimation of the error in parameter determination for chosen samples showed that the application of ANN provides average values of the absolute error of determination equal to 0.1°C for
temperature and 0.2 psu for salinity. It should be mentioned that the errors were estimated under
the changes of the parameters T from 25.9 to 7.8 ºC and S from 0.025 to 28.8 psu. Even so, a
combination of laser Raman spectroscopy and ANN technique appears to provide a high accuracy
of T and S measurement in water.
DISCUSSION

The average values of the absolute error of determination are 0.1°C for temperature and 0.2 psu
for salinity for natural waters from meromictic lakes. For comparison, the mean absolute errors in
the examination set obtained for the modelling probes were 0.8°C and 1.1 psu for the same ANN.
ANN was trained in the ranges T = 0…35°C, S = 0…45 psu in steps of 5°C and 5 psu. On the other hand, the variations of these parameters were smaller in the lake waters.
ANN is a technique that provides a good measurement accuracy of parameters in the centre of the
trained range of parameters with increasing errors in the edges. In addition, results should be more
precise near parameters values of the trained set. From this point of view, such precious measurements are caused by the temperature range: The validation was carried out under changing
temperatures from 25.9 to 27.8°C which is too far from the edges.
Furthermore, we should mark the results for the Vodoprovodnoye Lake that appears to be limnetic.
Despite the fact that the salinity value in this lake is quite near the edge, ANN provides a good ac-
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curacy of salinity and temperature. The reason of such high accuracy is the fact that a temperature
of 0°C belongs to the training set. Thus, the mean error for other ranges can be greater than that
for our range (0.1°C and 0.2 psu), but it cannot be greater than the errors for the examination set
of ANN (0.8°C and 1.1 psu).
Sources of errors and the characteristic time of getting a result are of interest. The main problem of
the ANN technique in this field is the noise in the spectra. The common way to obtain more precise
results from ANN is to provide a larger training set with more frequent points of parameters. On the
other hand, some errors can occur, when the spectrum of the sample of interest is measured under
conditions that differ from the spectra of the training set. Moreover, the accuracy of ANN cannot
exceed the accuracy of the parameters by which it was trained.
For getting a result by the method under investigation, two steps should be taken: The spectrum of
the sample must be obtained and this normalized spectrum must be presented to ANN. The time
required for a result from ANN after presentation does not exceed some seconds. Thus, the main
time is spent on obtaining the spectrum and the total time of measurement is one or two minutes.
Hence such characteristics of the presented method, contactless and rapid, enable us to work in
real time aboard.
The method under investigation provides T and S data simultaneously. The authors do not know
any other works where this has been demonstrated before. At least a comparison can be performed for the temperature measurements. As an example, we can consider recent results of Lidar
applications. Based on Brillouin scattering an information about temperature can be obtained with
an accuracy of about 0.1°C from a range of 100 m in water with a 1 m distance resolution (15).
However, a disadvantage is the need of a constant known salinity. So it cannot be used, for example, in estuaries and inland waters where salinity can vary greatly and where fluorescence from
dissolved organics may distort the backscattering spectra.
CONCLUSIONS

The validation of the method of simultaneously determining water temperature and salinity on natural water samples from the White Sea area by Raman spectroscopy demonstrated the efficiency of
using the ANN technique. The accuracy of determination of natural water parameters is 0.1°C for
temperature and 0.2 psu for salinity in laboratory conditions. The errors were estimated under
changes of the parameters T from 25.9 to 7.8°C and S from 0.025 to 28.8 psu. The high stability of
ANN to noise was demonstrated for the determination of T and S in water samples from meromictic lakes with different DOM content and S between layers.
This study represents one of numerical stages of elaborating the method of remote determination
of T and S in seawater in results for solving a two-parameter problem using the “experimentbased” approach of training ANN. It is planned to describe the dependence of the Raman spectra
intensity in each point on the relevant parameters by a polynomial “quasi-model”. It is also planned
to increase the representativeness of the data sets for ANN training by modelling the necessary
amount of Raman spectra using the “quasi-model” approach.
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