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Abstract: Algae are a significant component of a biological monitoring program in an aquatic ecosys-
tem. They are ideally suited for water quality assessments because of their nutrient requirements,
rapid reproduction rate, and very short life cycle. Algae composition and temporal variation in
abundances are important in determining the trophic level of lakes, and those can be estimated
by the Chlorophyll-a (Chl-a) concentration of the species. In this work, a non-destructive method
was employed to estimate the Chlorophyll-a concentration of multiple algae species using electrical
impedance spectroscopy (EIS). The proposed EIS method is rapid, cheaper, and suitable for in situ
measurements compared with the other available non-destructive methods, such as spectrophotome-
try and hyperspectral or multispectral imaging. The electrical impedances in different frequencies
ranging from 1 to 100 kHz were observed using an impedance converter system. Significant observa-
tions were identified within 3.5 kHz for multiple algae species and therefore reported in the results.
A positive correlation was found between the Chlorophyll-a and the measured impedance of algae
species at different frequencies. Later, EIS models were developed for the species in 1–3.5 kHz. A
correlation of 90% was found by employing a least squares method and multiple linear regression.
The corresponding coefficients of determination were obtained as 0.9, 0.885, and 0.915, respectively
for 49 samples of Spirulina, 41 samples of Chlorella, and 26 samples of mixed algae species. The
models were later validated using a new and separate set of samples of algae species.

Keywords: electrical impedance spectroscopy; chlorophyll-a concentration; algae density; coefficient
of determination

1. Introduction

Algae are a diverse group of aquatic organisms that can conduct photosynthesis. The
algae species in water are classified with the colors or pigments. The Arthrospira Platensis
Spirulina is a blue-green algae culture that is well-known as Cyanobacteria. Spirulina is
0.5 mm in length and rod- or disk-shaped. It is mostly found in mineral-rich alkaline lakes,
rivers, and ponds. It is multicellular and the main photosynthetic pigment is phycocyanin,
which makes it blue in color [1–3]. On the other hand, Chlorella Vulgaris is a genus of
single-celled green algae belonging to the division Chlorophyta. It is mostly found in
small polytrophic inland water bodies. It is spherical in shape, about 2–10 micrometers in
diameter, and is without flagella [4–6].

Spirulina contains proteins (up to 70%), fatty or amino acids, minerals, vitamins
(B12), antioxidant pigments, and Chlorophyll-a (Chl-a) [2,3,7]. Spirulina habitat with alkali
water and require 27–32 degrees Celsius for growth. Nitrate is the main factor influencing
both Chlorophyll and protein contents in Spirulina [3,7,8]. On the other hand, Chlorella
contains green photosynthetic pigments, Chl-a and -b in its chloroplast, and small amounts
of magnesium, zinc, copper, potassium, folic acid, and other B vitamins (1, 3, 8) [4,5].
Chlorella habitat with fresh water and require 25–27 degrees Celsius for growth [5,6,9].

Eutrophication is a very common phenomenon in dam reservoirs. It happens because
of the enhancement of nutrients in the water. This has negative impacts on the water
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quality of an aquatic system. The production of algae and aquatic plants is increased, and
as a result algal blooms are formed [10]. Chl-a and transparency (Secchi depth) are the
indicators of eutrophication and turbidity in aquatic ecosystems [10–13]. Prediction of
these indicators helps us to know the trophic state of the reservoirs. The trophic levels
can be managed efficiently by incorporating key environmental variables such as water
temperature, nutrients, biological oxygen demand, and total suspended solids [13–15]. In
addition, Secchi depth provides an estimate of the volume of the habitat of phytoplankton,
which plays an important role in regulating the energy available to higher trophic level
consumers in aquatic ecosystems. A rapid increase in phytoplankton biomass often results
in nuisance algal blooms [16]. Chl-a is used as a proxy of phytoplankton biomass and is an
important indicator in assessing the trophic status of freshwater ecosystems [11,12].

In addition, the nutritional components, such as carbon, nitrogen, phosphorus, and mi-
cronutrients, directly affect the algal growth, especially under high-density conditions [17–21].
Chlorophyll as a group of pigments is involved in all phototrophic organisms, including
algae and some species of bacteria. The surface waters that show high Chl-a concentra-
tions simultaneously contain high levels of nutrients, such as phosphorus and nitrogen.
Therefore, Chl-a can be utilized as an indirect indicator of nutrient levels. Chl-a is the
photosynthetic pigment that causes the green color in algae and plants [12,13]. Therefore,
through the determination of Chl-a in water, the water quality status and the amount of
algae in water can be known [14,15,22]. The overall algal biomass in a water body can be
known by measuring Chl-a, which is extensively used as an indirect measurement. Thus,
the existence of algae is indicated by Chl-a and turbidity, which in turn characterize the
water quality [13,14,23]. The Chl-a concentrations are dependent upon many factors, such
as water temperature, light level, nutrients, and the algal biomass and growth rate [13,24].

There are several direct and indirect methods of measuring Chl-a in water. In a direct
method, dry weight measurements are usually performed after collecting water samples
and the algal biomass is estimated [25,26]. Although the method is cost-effective, it is
time consuming and destructive. On the other hand, optical characteristics of water sam-
ples are analyzed using different indirect and non-destructive lab-based methods such
as spectrophotometry, fluorometry, high-pressure liquid chromatography (HPLC), and
flow cytometry or hemocytometry (cell counting) [27–31]. Compared with fluorometry,
spectrophotometry has a much higher detection limit (lower sensitivity). Spectrophotom-
etry is widely used as an analytical method and preferable for monitoring microalgae
culture systems [27,28]. A good estimation is also found using fluorometry, HPLC, and
hemocytometry for water quality monitoring [29–31]. Although these methods have high
accuracy, they are time consuming and require expensive instruments.

Previously, the Chl-a concentrations of algae species were determined using portable
hyperspectral systems and multi-wavelength optical sensors with the help of several
promising tools such as multiple linear regression (MLR), support vector machine (SVM),
and artificial neural network (ANN) [22–24,32,33]. Principle Component Analysis (PCA)
was utilized to reveal the relationship between Chl-a and its associated parameters [10].
Several portable sensors were utilized for remote sensing applications to estimate Chl-a
using multispectral/hyperspectral imaging; however, those required extra circuitry for
large data storage, which makes the system complex, heavier, and more expensive [34–36].
Although in situ measurements are possible using these imaging methods, they are not
highly accurate like the other optical methods.

In recent years, electrical characteristics of algae species in water samples have been
analyzed using impedance spectroscopy for different applications, such as monitoring
microalgal cell health, the extraction of algae as a corrosion inhibitor, quantification of
microalgal biomolecule content, and biosensing of algal toxins in water. The method of
electrical impedance spectroscopy (EIS) was found to be non-destructive and suitable for
algal research by the impedance measurement of a water sample. The electrochemical
impedance of electrode material silica obtained from sea water diatom algae was studied
using EIS [37]. Microalgal cell health was studied, and the corresponding phenotypes
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were identified by measuring electrical impedance [38]. The electrical impedances of algae
species were measured at different frequencies and the cell properties were studied. It was
found that in a low-frequency range, cell size dominates the impedance. A large cell size
exhibits a large impedance response at a lower frequency. The flow of current is obstructed
when the cell size is closer to the dimensions of the sensing region, resulting in impedance
changes on a large scale [38]. Hence, the current between two electrodes decreases and in
turn the impedance increases. Extraction of Spirulina and red algae as a corrosion inhibitor
of carbon steel was studied using impedance spectroscopy [39–41]. The properties of
biomolecules in microalga cells were studied using a faster EIS method compared with
conventional techniques. Algal toxin detection in water based on a biosensing technique
using EIS was also studied [42,43]. The method was found to be suitable for repeatability
and applicable for in situ measurements. A multichannel EIS analyzer was also considered
for measuring the impedance of microfluidic cells and the proposed sensor was sensitive
to differential measurements of small particles [44]. Hence, the EIS method can be used
as an alternative to optical spectroscopy for water quality monitoring. Furthermore,
the estimation performance can be potentially improved by considering multispectral
impedance imaging using an electrical impedance tomography (EIT) system. An efficient
multi-task structure for multi-frequency EIT and anomaly detection based on real and
imaginary images was studied previously [45,46].

Furthermore, the EIS method has been widely applied in determining soil moisture
content [47], plant nitrogen status [48,49], plant moisture content [50], and root biomass [51],
in biological analysis [52], and in pH measurement [53]. Recently, EIS was used for the
determination of leaf nitrogen concentrations and relative water contents for multiple
crops [54,55]. The computation using EIS is complex, but it is model-dependent with high
accuracy, and it works in a wide range of frequencies. The method of EIS is cost effective,
fast, non-invasive, in situ, and makes possible on-board implementation and real-time
monitoring compared with other non-destructive methods. The EIS sensor is less sensitive
to environmental variables than other non-invasive tools. A suitable EIS sensor was chosen
in this work for the impedance measurement of algae species in water samples with the
target of determination of the amount of algae by estimating Chl-a, which is required for
continuous assessment in water quality monitoring. The two most prominent algae species,
Spirulina and Chlorella, are the sources of most of the nutrients in lakes. Hence, a method
using an EIS sensor to estimate the Chl-a concentration of multiple algae species (Spirulina,
Chlorella, and a mix of algae) is presented in this work.

2. Materials and Methods
2.1. Growing of Algae Species

In our study, we grew all algae species (Spirulina and Chlorella) in a controlled
environment at room temperature (20 ◦C). The culture kits for the species were ordered
from Algae Research Supply, CA, USA [56]. Each kit included a 50 mL volume culture flask
with a breathable cap, 1 mL of dense culture inoculum equivalent to approx. 0.1 gm/L
dry weight, f/2 nutrients with sodium nitrate (NaNO3) and sodium phosphate (NaPO4),
and salts for growing algae species. The salts are a combination of sodium bicarbonate
(NaHCO3), sodium chloride (NaCl), magnesium sulfate (MgSO4), and calcium chloride
(CaCl2) and provide a needed carbon source for algae [20]. The experiment was carried
out during June–August 2020. At first, a volume of 500 mL of culture media was prepared
by adding salt and nutrients with half a liter of drinking water. The Spirulina were in
higher pH media than the Chlorella. Algae species were grown in culture flasks by adding
the culture inoculum with culture media. The stock solution was prepared by adding the
culture media on different days of the growing stage of algae species. For the growing
of algae, sunlight was used during the daytime, and at night a LED grow panel and a
fluorescent light were used as light sources. A temperature of 25–32 degrees Celsius with
external heating and a 16:8 light:dark condition were maintained [17–19]. Approximately
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four weeks were required to grow the species, and the stock solution of algae culture was
ready for further experiments.

2.2. Sample Preparation and Extracting Chlorophyll-a

The algae culture (stock solution) was diluted using the same water media and 15 mL
samples of both algae species (Spirulina and Chlorella) with different densities (6.25–100%)
were prepared as shown in Figure 1. Then, the stock solutions of both species were mixed
in an equal ratio, and the stock was diluted to prepare 15 mL mixed algae samples of
different densities. Different samples of high to low concentrations were prepared by
varying the densities of the species. A total of 116 samples of the species were prepared
(Spirulina, 49 samples; Chlorella, 41 samples; mixed algae, 26 samples). The amount of
algae in the prepared samples was estimated by Secchi Disk Depth (SDD) measurements.
The depth at which the disk is no longer visible is known as the Secchi depth and is related
to water turbidity [12–15]. The SDD has been widely used to describe the variations in
water properties, which are linked to the variations in algal biomass [12]. The SDD is
still regularly used in lakes or reservoirs for the measurement of water clarity because the
Secchi Disk is cheaper, portable, easier to use, and the results from model predictions are in
good agreement compared with the other available tools [12–15,56,57]. It was found that
the SDD index increases with the decrease in density of algae species. The Chlorophyll-a
concentration of algae species is related to the SDD as follows:

1
SDD

= kw + kcChl-a (1)

where kw is the light attenuation of all components other than Chlorophyll-a, and kc is the
attenuation of light by Chlorophyll-a [12,58,59]. A modified relation was used to calculate
the Chl-a concentration for all of the samples of algae species using [11,12] as follows:

Chl-a = e(2.997−1.47 ln (SDD)) (2)

Figure 1. Spirulina and Chlorella samples at different densities (6.25–100%).

The SDD index for different concentrations of algae samples was recorded from 2.1
to 60.5 mm. The true Chl-a values of those were calculated as Spirulina, 1.65–114 mg/L;
Chlorella, 1.24–12.2 mg/L; and mixed algae, 10.47–174 mg/L. The Spirulina samples were
more highly concentrated than the Chlorella samples.

2.3. Experimental Setup

The electrical impedance spectroscopy (EIS) measurements of the algae samples were
carried out using a portable impedance sensor (part # EVAL-AD5933EBZ) by varying the
frequency from 1 to 3.5 kHz with 50 Hz intervals as shown in Figure 2. The EIS sensor used
in the work has an accuracy of 0.5% and the sensor has a frequency sweep capability within
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the frequency range of 1–100 kHz. Initially, the impedance profiles of the samples were
observed over the whole frequency band up to 100 kHz, and we found an insignificant
effect of the presence of salt, nutrients, and algae species in the water above 10 kHz.
High impedance profiles and significant changes in impedance for different samples were
observed within 3.5 kHz, and therefore considered for the models accordingly. In addition,
it was found that the impedance of the samples decreased with an increase in the frequency.

Figure 2. (a) EIS measurement setup for algae samples, (b) Chlorophyll-a for Spirulina samples,
(c) the corresponding impedance profiles, and (d) the phase angles at different densities of Spir-
ulina. The variation in algae density changes the impedance because of the different Chlorophyll-a
concentrations of the species.

The experimental setup is presented in Figure 2a and the calculated Chlorophyll-
a for different densities of Spirulina was recorded as shown in Figure 2b. At a lower
density, the Chlorophyll-a of a sample was low because of the higher SDD and in turn the
corresponding impedance was low as shown in Figure 2c. The impedance profiles were
varied for different densities (6.25–100%) of Spirulina, and the corresponding phase angles
are presented in Figure 2d. At a high density of algae species, the flow of current was
obstructed, which caused the impedance to increase. A maximum impedance of 9.53 kOhm
was obtained at 1.75 kHz for the algae density of 100% and with the decrease in density
to 6.25% the corresponding maximum impedance was also decreased to 8.2 kOhm. The
phase values were also decreased with the decrease in algae density.

The system voltage gain of AD5933 was calibrated with the output excitation voltage,
feedback resistor, and programmable gain amplifier (PGA) gain. The gain through the
system is given by

Gain = Output Excitation Voltage× Gain Setting Resistor
Unknown Impedance (Z)

× PGA Gain (3)

The sensor board has a flexible internal direct digital synthesizer (DDS) core and
a digital-to-analog converter (DAC) that together generate the excitation signal used
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to measure the unknown impedance (Z). The output excitation voltage was 0.2 V p–p.
The small potential avoids the major current flow and maintains the technique as non-
destructive. The PGA was set to times one (×1) and according to [54,55] the impedance
was obtained for different magnitudes by calibrating the analyzer gain factor with a known
resistance of 7.5 kOhm as:

Impedance, Z(Ohm) ∝
1

Gain Factor
(4)

A high impedance of the sample was obtained for a low value of gain factor, which
was adjusted by varying the frequency. The gain factor was obtained accordingly from
1 × 10−7 to 9.9 × 10−9. In this work, we considered the magnitude of impedance only
with the target of knowing the amount of algae in samples by the estimated Chlorophyll-a
concentrations; phase was not taken into account. It is worth mentioning that the phase
angle presents in detail the properties of biological matters, especially algal cell properties,
cell strength, and cell size. However, only the magnitude of the impedance was used to
develop the models, which reduced the computational complexity [45,60].

A pair of electrocardiogram (ECG) electrodes, connected to the sensor board with
a separation of 1 cm, was used to measure the impedance of the algae samples non-
invasively. At first, the distance between two electrodes was varied for the measurement
of impedances at 1–3.5 kHz. For example, the impedance profiles of a Chlorella sample
(C4) were obtained by varying the distance from 0.6 cm to 1.25 cm as shown in Figure 3.
It was found that the overall impedance of the sample increased with the increase in
separation of the electrodes. The capacitance between the two electrodes was decreased
with the increase in distance and, hence, the impedance was increased with the increase
in reactance. A good correlation was found at 1 cm for the measured impedances and,
for this, all the measurements were taken in this work by keeping the separation of the
electrodes at 1 cm. For the dipping electrodes, the effective area between electrode and
solution was considered, which was varied by varying the length and diameter of the
electrodes. The effective area was increased with the increase in either the effective length
or the diameter of the electrodes. Hence, the capacitance was increased, resulting in the
impedance of the sample being decreased [61]. By the subsequent experiments during the
impedance measurements, the effective length of 2 cm and the diameter of 0.03 inches for
the electrodes were chosen at the good correlation point.

Figure 3. EIS measurements of a Chlorella sample (C4) by varying the distance between two
electrodes from 0.6 to 1.25 cm. The impedance increases with the increase in the separation of the
electrodes and the optimized distance was set to 1 cm.
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The impedance at each frequency point was considered as a feature (k). Therefore,
a total of 51 features were selected for each sample considering frequencies of f 1, f 2, and
f 51, respectively. A total of 49 samples (n) of Spirulina, 41 samples (n) of Chlorella, and
26 samples (n) of mixed algae species were taken. For each sample, the measured dataset
consisted of 51 impedance values; therefore, the datasets were taken as 49 × 51, 41 × 51,
and 26 × 51, respectively. At first, the impedances of different samples of the species along
with the corresponding culture media were measured at 1–3.5 kHz considering negligibly
small impedances of crocodile clip wires or electrodes. The impedance of the culture media
was then subtracted from the measured readings of the samples to obtain the impedance of
individual algae species and the effect of clips and electrodes was therefore eliminated. The
dimensional dependencies of the electrodes and the corresponding effect on impedance for
the sample under analysis were taken into account as discussed earlier. Any additional
effect of the culture media components that can affect the algae impedance was cancelled
out automatically. As a result, the actual impedance response of the algae species was
obtained. It was then normalized to between 0 and 1 to avoid the negative values, if any.
After normalization, the minimum and maximum values in the dataset were transformed
into 0 and 1, respectively. A selectivity study was carried out to understand the effect of the
presence of organic and inorganic matters in the impedance response. The chemical aspect
between the water and the matters was also taken into account. The error was minimized
by multiple measurements in a period for each sample in the controlled environment at
room temperature and we maintained the measurement accuracy by checking the mean of
those readings.

2.4. Work Flow

A machine learning approach was utilized for the development of EIS models of
multiple algae species. Multiple regression using the least squares method was employed
with the help of PrimaXL ToolPak. The correlation (R) between the normalized algae
impedance (Zn) and the Chlorophyll-a concentration was determined using the XLMiner
Analysis ToolPak. The regression models were obtained and validated by analysis of
variance (ANOVA) T/F-tests. The coefficient of determination (R2), adjusted R2, and root
mean square error (rmse) were evaluated as performance parameters as follows:

R2 =
SSR
SST

=
∑n

i=1(ŷi − y)2

∑n
i=1(yi − y)2 (5)

R2
adj = 1− SSR/(n− k− 1)

SST/(n− 1)
= 1− ∑n

i=1(ŷi − y)2/(n− k− 1)

∑n
i=1(yi − y)2/(n− 1)

(6)

rmse =

√
SSE

(n− k− 1)
=

√
∑n

i=1(yi − ŷi)
2

(n− k− 1)
(7)

where SSR is the sum of the square regression, SST is the sum of the square total, SSE is
the sum of the square residual, y is the actual value, ŷ is the predicted value, y is the mean
of the actual value for n samples of algae species, and k is the number of features in a given
frequency range [54,55].

Multi-collinearity among multiple features was examined for multiple regression.
Most of the highly correlated features with a correlation of 95% or above, and the cor-
responding variance inflation factor (VIF) of 10 or above, were removed. The number
of features in a dataset was selected accordingly using a wrapper backward elimination
method. The importance of features were checked sequentially with the threshold proba-
bility of rejection of the null hypothesis p ≤ 0.05 using an individual T-test. The features
with a large p-value (i.e., greater than 0.05) were removed and the features with p-values
less than or equal to 0.05 were considered for the prediction. The null hypothesis states the
exact opposite of what an experimenter predicts. It indicates strong evidence against the
null hypothesis, as there is less than a 5% probability that the null hypothesis is correct.
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Therefore, we reject the null hypothesis, and accept the alternative hypothesis. After a few
iterations, the training and validations were performed using the least squares method
considering the overall F-test (p≤ 0.05), and the optimized multiple regression results were
obtained for the algae species. The overall workflow of this work is presented in Figure 4.
The predicted model of Chlorophyll-a using EIS was expressed with the help of multiple
regression results for k features as follows:

Chlorophyll-a = β0 + βiZi, where, i = 1, 2, 3 . . . k (8)

Figure 4. Workflow for the estimation of the Chlorophyll-a of multiple algae species using an EIS
sensor system.

Here, β0 is the intercept and βi is the coefficient for k features.

3. Model Development and Result Analysis
3.1. Development of EIS Models

The impedances of Spirulina and Chlorella species for different samples were mea-
sured using an EIS sensor and those were correlated with the obtained Chlorophyll-a
concentrations of the samples as shown in Figures 5 and 6, respectively. Overall, a positive
correlation between impedance and Chlorophyll-a was found for both algae species at
various frequencies. A high impedance was found for the high Chlorophyll-a concentration
of Spirulina and the maximum impedance was obtained at 114 mg/L Chl-a at 1.7 kHz.
When the concentration of Chlorophyll-a was decreased from 114 mg/L to 40.1 mg/L
for five samples, the impedances also decreased accordingly as shown in Figure 5b. The
correlation was 98% (R2 = 0.96) at 1.7 kHz as shown in Figure 5c. Multiple regression was
employed at frequencies of 1–3.5 kHz for 49 samples of Spirulina, and 12 features were
selected with positive ANOVA tests (p ≤ 0.05). The overall correlation was found to be
95% (R2 = 0.9) with an rmse of 7.7 mg/L and an adjusted R2 of 0.86 as shown in Figure 5d.
On the other hand, the overall impedances for seven samples of Chlorella were decreased
with the decrease in Chlorophyll-a from 6.37 mg/L to 1.84 mg/L as shown in Figure 6b.
The correlation was obtained as 94.3% (R2 = 0.89) at 3.05 kHz as shown in Figure 6c. For
the 41 samples of Chlorella, the overall correlation was 94% (R2 = 0.885) when employing
multiple regression at frequencies of 1–3.5 kHz as shown in Figure 6d, 13 features were
selected with positive ANOVA tests (p ≤ 0.05), and the obtained rmse and adjusted R2

were 1.13 mg/L and of 0.83, respectively.
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Figure 5. EIS measurements and performance analysis of Spirulina considering multiple regression:
(a) measurement by the electrodes, (b) normalized impedance spectra, (c) correlation at 1.7 kHz, and
(d) multiple regression at 1–3.5 kHz. Overall, a 95% correlation was found by the EIS measurements
for 49 samples of Spirulina.

Figure 6. EIS measurements and performance analysis of Chlorella considering multiple regression:
(a) measurement by the electrodes, (b) normalized impedance spectra, (c) correlation at 3.05 kHz, and
(d) multiple regression at 1–3.5 kHz. Overall, a 94% correlation was found by the EIS measurements
for 41 samples of Chlorella.
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As a result, a good estimation of Chlorophyll-a was found and the corresponding EIS
models for both Spirulina and Chlorella were extracted as given in Equations (9) and (10),
respectively.

Chlorophyll-a(Spirulina)
= 293− 3109Zn1.1 kHz + 3814Zn1.15 kHz − 1682Zn1.2 kHz
+2779Zn1.55 kHz − 5205Zn1.85 kHz + 11674Zn2.4 kHz
−9466Zn2.6 kHz + 3827Zn2.9 kHz + 11923Zn3 kHz
+27289Zn3.1 kHz − 35146Zn3.15 kHz − 7736Zn3.25 kHz

(9)

Chlorophyll-a(Chlorella)
= 5.5− 441Zn1.05 kHz + 1098Zn1.15 kHz − 550Zn1.2 kHz
−251Zn1.35 kHz + 510Zn1.45 kHz − 325Zn1.5 kHz + 413Zn1.9 kHz
−478Zn1.95 kHz + 119Zn2 kHz + 719Zn2.4 kHz − 677Zn2.45 kHz
−459Zn2.65 kHz + 322Zn2.85 kHz

(10)

In another experiment, the sensor was tested by measuring the impedances of mixed
algae species and the measurement data were correlated with the Chlorophyll-a values
as shown in Figure 7. Multiple regression was employed and considered for the same fre-
quencies of 1–3.5 kHz. The concentration of Chlorophyll-a was predicted for 26 samples of
mixed algae species by selecting 15 features; the correlation achieved was 96% (R2 = 0.915)
with positive ANOVA tests (p ≤ 0.05) for a rmse of 14.28 mg/L and an adjusted R2 of 0.79.
The predicted EIS model for the estimation of the Chlorophyll-a of mixed algae species
was extracted as given in Equation (11).

Chlorophyll-a(mix algae)
= −3249 + 2205Zn1.1 kHz − 2489Zn1.2 kHz + 2071Zn1.4 kHz
+1341Zn1.45 kHz − 2507Zn1.5 kHz − 10098Zn2.25 kHz
+13085Zn2.3 kHz − 2128Zn2.35 kHz − 9834Zn2.4 kHz
+12348Zn2.45 kHz + 4326Zn2.55 kHz − 9267Zn2.7 kHz
+42522Zn2.8 kHz − 26386Zn2.85 kHz − 10615Zn2.9 kHz

(11)

Figure 7. EIS measurements and performance analysis of mixed algae considering multiple regres-
sion: (a) measurement by the electrodes, and (b) multiple regression at 1–3.5 kHz. The overall
correlation obtained was 96% for 26 samples of mixed algae species.

3.2. Validation of EIS Models

The extracted EIS models were validated by measuring the impedances for three new
test samples of Spirulina, Chlorella, and mixed algae species. The true Chlorophyll-a con-
centrations of these three 15 mL samples of species were calculated using Equation (2) and
the corresponding EIS measurements were carried out in the frequency range of 1–3.5 kHz.
The culture media impedances were subtracted from the impedances of the samples and
the corresponding impedances of three different algae species were obtained. The extracted
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EIS models of Equations (9)–(11) of the species were fitted with the measured impedances
at selected frequencies for the validation. The estimated Chlorophyll-a concentrations
of the three different algae species found using the above EIS models were verified by
comparing them with the true Chlorophyll-a values. The absolute error and the percentage
accuracy were calculated and are shown in Table 1. The accuracy for Spirulina, Chlorella,
and the mixed algae species was calculated as 85.7%, 84.4%, and 94.1%, respectively. The
results show that the proposed EIS models performed well with high accuracy.

Table 1. Chlorophyll-a for the new test samples of algae species and validation of the EIS models.

Test Samples of
Algae Species

True Chlorophyll-a
Using Equation (2)

Estimated Chlorophyll-a
Using EIS

Absolute Error =
|True Value−Estimated Value|

Percentage
Accuracy

Spirulina 22.3 mg/L 25.5 mg/L 3.2 mg/L 85.7%

Chlorella 3.2 mg/L 3.7 mg/L 0.5 mg/L 84.4%

Mix Algae 61.5 mg/L 57.9 mg/L 3.6 mg/L 94.1%

3.3. Performance Evaluation of the Sensor

The performance of the EIS sensor was evaluated by the repeatability and sensitivity
of the measurements. The measurements of the sensor were tested by taking the impedance
readings of the same sample at least 10 times in half an hour in a controlled environment
at room temperature. The accuracy of the measurements was found by obtaining similar
readings and the mean of those was calculated as a final measurement, which reflected the
repeatability of the EIS sensor. The impedances of algae species were measured, and the
sensitivity of the sensor was calculated by the variation in Chlorophyll-a in the samples.
The sensitivity is the slope of the output characteristic, which was measured at a particular
frequency. A good sensitivity performance of the sensor was found for a wide range of
Chlorophyll-a concentrations (1.24–174 mg/L) of the samples. At 1.7 kHz, the lowest
sensitivity was calculated as 5.3 ohm per mg/L Chl-a (Figure 5c). A good prediction
of Chlorophyll-a for different samples was found by the measured readings using the
sensor and the error was checked by comparing them with the true values of those. The
mean absolute error (MAE) for the extracted regression models of 49 samples of Spirulina,
41 samples of Chlorella, and 26 samples of mixed algae species was calculated as 5.23,
0.75, and 7.7 mg/L, respectively. Further, the error can be minimized by removing the
anomalous data on the individual species.

The sensor was tested for distilled, spring, and tap water media and the electrical
conductivity was studied with the variation in water salinity along with different matters
in water. The presence of chemical and physical components in water may affect the
sample impedance. The distilled water was mineral free and we found higher impedance
because of the low number of electrolytes compared with the others. On the other hand,
tap water and spring water contain a significant amount of minerals, resulting in a higher
number of electrolytes. The natural spring water was found to be suitable for the growing
of algae species and the algae culture was also diluted accordingly. A natural water
system may contain several types of soluble, partially soluble, or insoluble matter along
with algae species. An experiment of selectivity using the EIS sensor was conducted
considering organic and inorganic matters in water. Beet powder, clay, spinach, and vinegar
samples were taken along with algae based on the available minerals and Chlorophyll-a
concentrations as shown in Figure 8. Algae of different sizes and colors may be present
in lake water along with other soluble or insoluble matters. Spirulina contains a higher
amount of minerals, such as calcium, potassium, and magnesium, than Chlorella and we
found their impedance response at different frequencies. Other minerals, such as sodium,
bicarbonate, phosphorus, and chloride, may also be present in the matters and the turbidity
of the water sample may vary accordingly.
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Figure 8. Samples of insoluble and soluble matters considered in the experiments: (a) beet powder, (b) clay, (c) spinach,
(d) algae, and (e) vinegar, respectively.

The solubility and the corresponding electrolytes vary with respect to the available
minerals, age, size, activity level, and water consumption of the matters. When the minerals
dissolve in the water (partially or fully), they provide electrolytes with positive or negative
ions, and the impedance of the corresponding sample can be found with the applied output
excitation voltage. Among the selected matters, vinegar provides less electrolytes because
it does not dissolve in water, but makes a homogenous solution. A high level of minerals is
available in beet powder. Although it is not soluble in water, its red pigment is soluble. It is
possible to have some red algae in water and, hence, the sample of beet powder was taken
in the measurement. Clay is insoluble in water and its small particles absorb water slowly.
Spinach provides a high number of electrolytes and is a very good source of Chlorophyll-a.
Different turbid samples were prepared to resemble lake or river water samples.

The method of determination of a matter without any interference from other ingredi-
ents in a sample is called selectivity. The sensing of any molecular substances of the matter
depends on the structure of the molecule and the temperature may affect the performance.
The selectivity decreases with the increase in temperature. The molecular structure varies
depending on the available minerals of soluble or insoluble matters. The selectivity was
tested by measuring the impedances of the samples of different insoluble and soluble mat-
ters individually and comparing the readings with the measured impedance of the algae
sample. Matters equivalent to 5 mg were added to the 15 mL of water media individually
and the resulting impedances of all the samples were obtained as shown in Figure 9a.
Spinach is soluble in water and three leaves were taken to prepare a sample. In addition,
5 mL of vinegar was taken in the measurements. The experiment was conducted at room
temperature in a controlled environment. The response of the sensor was varied based
on the selected matters in the samples. The sensor responded highly to the impedance re-
sponse of the algae species (Spirulina) compared with the others. The corresponding phase
values were also observed, and the samples were separated by the selective frequencies as
shown in Figure 9b. The phase of the impedance changes because of the variation in the
dimensions of the matters. The reactance varies, and in turn the impedance changes and
responds to the different frequencies.

The clay particle was around 2 µm in diameter, which is close to some lower-sized
algae species and the sensor responded at 1.95 kHz for a sample. On the other hand, the
beet powder particle had a larger diameter (approx. 3–4 µm) than the clay particle, which
responded at 1.9 kHz. Spirulina is around 8 µm in diameter and responded at 1.75 kHz. In
addition, the response for the samples with higher and lower numbers of electrolytes, i.e.,
spinach and vinegar, was found at 1.85 kHz and 2 kHz, respectively. Thus, the impedance
response may vary depending on the size of the available species in a sample and it was
found that the response of the sensor for larger-sized particles in the sample shifts to the
lower frequency [38]. The impedance response may also vary with the concentration of the
species and was studied for all the individual matters accordingly. A frequency shift was
observed because of the change in the reactance with the size and amount of the matters in
water. The phase was also varied and shifted accordingly (Figure 9b). The flow of current
was obstructed because of the larger cell size of algae species compared with the others
and a high impedance was found as shown in Figure 9a. Even when the algae sample was
diluted, the response was identified and discriminated from that of the other matters by
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taking the exact concentration. As the other matters in a sample can be sensed by the EIS
sensor (although it is not designed to do so), EIS is selective to algae (Chl-a) but not specific
to it.

Figure 9. The EIS sensor’s selectivity for the measurement of algae species in water: (a) the impedance
response of the matters at different frequencies (Spirulina, 1.75 kHz; Spinach, 1.85 kHz; Beet, 1.9 kHz;
Clay, 1.95 kHz; and Vinegar, 2 kHz), and (b) the corresponding phase of the impedance of the matters.

In addition, the robustness of the method was also tested as shown in Figure 10. Three
different insoluble and soluble matters (beet powder, clay, and salt (NaCl) equivalent to
5 mg of the individual matters) were added to the 15 mL algae sample separately. A diluted
algae sample and approximately similar matters to those in a lake sample were taken in
the measurements. The impedances were measured before and after adding the matters
to the algae sample as shown in Figure 10. A maximum impedance response of the algae
ample was found at 1.8 kHz. No significant change in impedance was observed after
adding the insoluble matters to the algae sample because of their smaller-sized particles
compared with the algae species. The method was found to be selective as the sensor was
able to measure the impedance of algae species for the given concentration in the presence
of other ingredients in the sample. The addition of a high amount of matters may affect
the performance on selectivity. On the other hand, the impedance of the algae sample
decreased with the addition of NaCl (salt). Salt is soluble, and the conductivity increased
in the mixed sample because of the higher number of electrolytes, which decreases the
overall impedance. In addition, the response was shifted to 1.7 kHz. Overall, the method
of using the EIS sensor was found to be robust and reliable for multiple unknown species.

Figure 10. Robustness of the EIS sensor selectivity method in the presence of other ingredients in
the sample.



Water 2021, 13, 1223 14 of 18

4. Discussion

A non-destructive EIS method was used to estimate the Chlorophyll-a concentrations
of Spirulina, Chlorella, and mixed algae species at frequencies of 1–3.5 kHz. ANOVA tests
were performed and EIS models were developed by selecting 12 features for Spirulina,
13 features for Chlorella, and 15 features for the mixed algae species. We considered the
probability of rejection of the null hypothesis to be p ≤ 0.05 in T/F tests using the wrapper
backward elimination method [54,55]. Overall, a positive correlation was found between
algae impedance and Chlorophyll-a concentration at different frequencies.

The extracted Chlorophyll-a for different densities of the species indicated the presence
and growth of algae [22,23,62]. Turbidity and trophic state are indicators used to monitor
water quality in lakes or ponds [12]. Chlorophyll-a is a good candidate to study these two
phenomena [12,13,15]. A high trophic state index (TSI) value of water indicates a high
concentration of algae and poor lake water quality [12]. In addition, a high concentration
of Chlorophyll-a indicates a high degree of turbidity and a high trophic state in a water
body. The increase in biomass in a water body can be estimated using [11,12,58,59] with
the calculation of TSI as:

TSI = 9.81 ln(Chl-a) + 30.6 (12)

Algae species dominate in a lake if the TSI ranges from 60 to 100 or above, and the
corresponding water quality varies (fair or poor) based on the concentrations of algae
species [12]. Highly concentrated algae samples were taken in this work, which indicated a
high trophic state because of the high Chlorophyll-a concentration of 1.24 mg/L or above.
A lake consisting of these values of Chl-a with a high TSI may be considered as having poor
water quality in the class of hypereutrophic. Samples with a maximum SDD of 60.5 mm
were taken in this work based on the available volume of stock solutions of grown algae
species. The method using the EIS sensor can also be used to identify low concentrations
of algae with Chlorophyll-a of less than 1.24 mg/L according to another study [61]. The
rapid growth of algae can be identified by taking EIS measurements on a daily basis and
the obtained data may help to develop warning indicators of algal blooms. TSI changes in
a lake based on the suspended solids in the water body and the value deceases with the
increase in the SDD [12]. Chl-a concentrations of algae can be extracted by obtaining the
SDD from the surface to any depth of the lake. Usually, Chl-a is high near the top of the
lake because the nutrient concentrations may be higher in this position than those deeper
in the lake [12]. The over-enrichment of nutrients in water bodies may lead to an algal
bloom because of a high amount of algae [12]. Moving towards the bottom of the lake, the
SDD increases and the corresponding Chl-a concentration decreases because of the lower
amount of algae species.

Several suspended solids, such as silt, sediment, bacteria, clay, and algae species,
are available in the lake water. Algae species are photosynthetic organisms whose most
important and major pigment is Chlorophyll-a that causes a green color in water [12,13,63].
The concentration of Chlorophyll-a present in the water is directly related to the amount of
algae living in the water [12]. Hence, Chlorophyll-a is responsible mostly for the variation
in impedance for different concentrations of algae species in water. A successful estimation
of algae species was possible by this indirect measurement of Chlorophyll-a. The EIS
method is model-dependent and reliable for the multiple algae species available in water.
By obtaining the impedance spectrum and the peak intensities in a range of frequencies, a
specific algae species can be identified. However, in this work, we considered pure and
mixed cultures of two algae species (Spirulina and Chlorella) only. However, other algae
species, such as diatoms and red algae species, may be available in lake water. From the
measurements, a high impedance of Spirulina was found between 1 and 2 kHz (Figure 5b)
and a high impedance of Chlorella was found between 2 and 3.5 kHz (Figure 6b). The
cell size of Spirulina is larger than that of Chlorella and, hence, at a low frequency the
flow of current was obstructed, and a high impedance of Spirulina was observed. The
obtained results are in good agreement with the previous research [38]. The method of EIS
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was found to be reliable because the models were tested and we found a good accuracy of
higher than 84%. Other algae species can be studied in a similar manner.

A comparative study of EIS with the other methods for the estimation of Chl-a of algae
species is presented in Table 2. It can be seen that the EIS technique is a good candidate
and a cheaper (approx. $150 USD) alternative to other available non-destructive methods.

Table 2. Comparative study of EIS with other non-destructive methods for the estimation of Chlorophyll-a in algae species.

Excitation
Source Response Detector Cost Operating Time Accuracy (Affecting

Factors)

Spectrophot-
ometry
[27,28]

LED/Laser
(lower sensitivity) absorbance photodiode expensive approx.

2–3 min (lab)
accurate (optical

distortion)

Fluorometry [29]
LED/Laser

(higher sensitivity
than spectro)

fluorescence photodiode more than
spectro

approx.
5–6 min (lab)

more accurate than
spectro

HPLC [30] Laser
(highly sensitive) fluorescence photodiode highly

expensive
approx.

15–20 min (lab) highly accurate

Hemocytom-etry
[31]

LED
(sensitive to cell

counts)
no. of cells counting

chamber higher than EIS approx. 5–10 min
(lab)

accurate (miscounts
large cells)

Multispectral
Imaging [34–36]

LED
(wavelength
sensitivity)

reflectance sensor probes higher than EIS approx. 1–2 min
(in situ) Accurate (data losses)

EIS (This Work)
voltage

(frequency
sensitivity)

impedance electrodes low cost approx. 1 min
(in situ)

Accurate
(model-dependent)

5. Conclusions

In this work, a rapid, portable, and non-invasive method using electrical impedance
spectroscopy (EIS) is proposed to estimate the Chlorophyll-a concentration of multiple
algae species. The measurements were carried out at the end of the fourth week of the
growth stage of all algae species, and a good correlation with Chlorophyll-a in the species
was obtained by measuring the impedances in different frequencies ranging from 1 to
3.5 kHz. More than a 90% correlation with a high coefficient of determination (0.885 or
above) was obtained considering multiple regression. The developed EIS models of the
species were later validated using a new set of samples of Spirulina, Chlorella, and mixed
algae species. The obtained accuracy for the models of the algae species ranges from 84%
to 94%. Therefore, the proposed sensor performed well with high accuracy and offers itself
as a useful candidate for water quality monitoring.
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