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HIGHLIGHTS:
The estimation of water flow rate can be derived from measurements taken at the control panels of pumping systems.
Electrical parameters serve as an alternative for estimating water flow rates in irrigation systems.
Neural networks and multiple linear regression can be used to estimate the flow rate of motor-pump sets.

ABSTRACT: Studies on flow rate estimation techniques in irrigation systems are crucial for effective water resource
management, shaping the economic interactions among water users. In this context, artificial neural networks and multiple
linear regression methods have been applied in various agricultural fields and can be employed in flow rate monitoring and
estimation projects. This study aimed to estimate the water flow rate in motor-pump sets using artificial neural networks
and multiple linear regression. The data were collected from electrical parameters measured at the power supply of different
motor-pump sets. The electrical variables included voltage, current, power, and energy at a 1-minute interval. Observed
and estimated data were compared and evaluated using 1:1 scatter plots, coefficient of determination (R?), and statistical
indicators such as mean squared error and root mean square error. R* results were more favorable for the artificial neural
network models in the 1.103 and 7.355 kW motor-pump sets, with R* values exceeding 0.98 and mean squared error and root
mean square error close to zero. Data computing, processing, and prediction methods such as artificial neural networks and
multiple linear regression proved useful in developing predictive models for estimating water flow rates. However, artificial
neural networks yielded better statistical performance in flow rate estimation when compared to multiple linear regression.
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RESUMO: Estudos sobre técnicas para estimar a vazdo em sistemas de irrigacdo, sdo cruciais para o gerenciamento de
recursos hidricos, impactando nas relagdes econdmico-financeiras entre os consumidores de d4gua. Neste sentido, os métodos
de redes neurais artificiais e regressao linear multipla, vém sendo aplicados nos diferentes campos da agricultura, podendo
ser utilizados em projetos de monitoramento e estimativa da vazdo. Objetivou-se com este estudo estimar a vazdo de dgua
em conjuntos motobombas usando redes neurais artificias e regressdo linear multipla. Foram utilizados dados coletados a
partir da leitura de grandezas elétricas fornecidas pela rede de alimentagio de distintas motobombas. As grandezas elétricas
usadas foram tensdo, corrente, poténcia e energia em 1 min. Os dados observados e estimados foram comparados e avaliados
através da andlise grafica 1:1, coeficiente de determinacgdo (R?) e pelos indicadores estatisticos: erro quadrado médio e raiz
quadrética do erro médio. Os resultados de R* foram melhores para as redes neurais artificiais nas motobombas de 1,103
e 7,355 kW, com valores de R* superiores a 0,98 e erro quadrado médio e raiz quadrética do erro médio bem préximos
de zero. Métodos de computagio, processamento e predi¢ao de dados, como as redes neurais artificiais e regressdo linear
multipla, provaram ser tteis no desenvolvimento de modelos preditivos para a estimativa de vazdo de d4gua. Porém, as redes
neurais artificiais apresentaram melhores resultados estatisticos na estimativa da vazdo quando comparadas a regressio
linear multipla.
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INTRODUCTION

Irrigated agriculture is one of the largest consumers of
water, and most systems are powered by the electrical grid
(Xu & Chen, 2024), with the pumping station as the primary
energy consumer. In these systems, electrical parameters such
as voltage, current, power, and energy are linked to the electric
motors of motor-pump (MPs) sets and their control panels
(Gherbi et al., 2017; Goman et al., 2019).

In irrigation systems, especially those with high water
demand, there is often a lack of monitoring, implementation of
methods, and installation of instruments at pumping stations
capable of estimating flow rates. Flow rate must be quantified
to optimize system performance, aiming for greater efficiency
with less water use (Yin et al., 2022).

Flow rate estimation methodologies can be classified as
direct or indirect, with each category allowing for point-based
or continuous measurements. In irrigation water management,
continuous measurements are more suitable due to the
variability in water consumption throughout the crop cycle
(Koech & Langat, 2018).

Although recommended, continuous measurements are
rarely adopted due to the high cost of equipment for indirect
flow rate estimation, such as ultrasonic meters (Feng et al.,
2024). In most cases, measurements are taken at specific
points in time and may not accurately reflect actual water
consumption throughout use (Kumar & Sarangi, 2022).
Electrical parameter data may serve as an indirect alternative
for continuous water flow rate estimation in irrigation systems,
proposing a machine learning approach that estimates flow
rate by processing data such as voltage, current, power, and
energy consumption.

Artificial intelligence (AI) is currently being applied
effectively in the agricultural sector, enabling the development
of new technologies and the automation of processes, thanks
to advancements in electronics and computing (Shaikh et al.,
2022). This approach involves using computers to perform
tasks that exceed human cognitive capabilities (Ho et al., 2023).
Within this context, artificial neural networks (ANNs) stand
out for their unique learning capabilities and processing speed.

In this context, artificial neural network methods serve as
predictive tools for numerous applications in agricultural water
management. Their algorithms can be applied in predictive
models in agricultural production (Karimi et al., 2020; Abdel-
Fattah et al., 2021; Ellafi et al., 2021), including the prediction
of soil physical and hydraulic properties (Mozaffari et al., 2024),
among other uses.

Another data prediction method that has been in use for
a longer time is multiple linear regression (MLR), which also
analyzes the relationship between a dependent variable, the
value to be estimated, and multiple independent variables
(Dimitriadou & Nikolakopoulos, 2022). According to Zhang
et al. (2017), it is considered a simple method, and its results
are easy to interpret.

Its application is widespread in agricultural studies, such as
predicting water infiltration into the soil (Pahlavan-Rad et al.,
2020), forecasting organic potato (Solanum tuberosum) yield
(Abrougui et al., 2019), assessing chlorophyll content in wheat
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(Triticale sp.) (Song et al., 2021), and estimating parameters of
the Van Genuchten model (Kayser et al., 2024).

Given this, studies applying these two methods to estimate
flow rates from electrical parameter data have not been
explored. Therefore, this study aims to estimate the water
flow rate in motor-pump sets using electrical parameter data
by applying artificial neural networks and multiple linear
regression.

MATERIAL AND METHODS

The study was conducted in 2022 at the Agricultural
Hydraulics Laboratory of the Department of Rural Engineering,
Center for Rural Sciences, Federal University of Santa Maria
(UFSM), Santa Maria city, Rio Grande do Sul state, Brazil. For
the experiments, four motor-pump sets were used for water
pumping and conveyance, as described in Table 1.

Water was supplied through a closed-loop pumping system
composed of brown polyvinyl chloride (PVC) pipes (intended
for cold water, according to NBR 5648), with solvent-welded
joints and diameters of 50 mm for the suction line and 40 mm
for the discharge line.

A 1% gate valve was installed on the discharge pipeline,
allowing flow rate adjustment in the pumping system through
gradual openings. A water meter was installed on the discharge
line downstream of the gate valve to measure the actual flow
rate of the motor-pump sets, recorded as the observed flow
rate (Q_,.)-

The water meter was a turbine-type model with a 20 m* h™
nominal flow rate. Volume was quantified from one and a
quarter turns of the dial, measured from the onset of pointer
movement. The device was calibrated using the volumetric
method, with a collection tank of known dimensions (area
of 1.076 m” and height of 1 m), and a stopwatch was used to
measure the water collection time between two levels (initial
and final).

Ten gradual openings were performed for the 1.103, 2.207,
and 3.678 kW motor-pumps and eight openings for the 7.355
kW motor-pump set, with five tests and three repetitions for
each opening. Through a random selection process, the even-
numbered openings were chosen for data use.

With the aid of an electronic multimeter, commercially
known as a voltmeter-wattmeter-ammeter (Peacefair, model
PZEM-0061, China), electrical parameters - voltage (V, volts),
current (A, amp), power (W, Watt), and energy consumption
(Wh, Watt-hour) - were measured at each valve opening. The
main technical specifications of the device were: operating
frequency of 45-65 Hz, voltage range of 80-260 V, test current
range of 0-100 A, and nominal power of 100 A / 22 kW. A key

Table 1. Centrifugal hydraulic pump (CHP) and three-phase
induction motor (TPIM) used in the experiment

CHP Maximum flow TPIM  Nominal power
Brand Model (m3 h) Brand (kW)
n/i n/i 39.6 - 7.355
Schneider ~ BC- 20R 17.0 WEG 3.678
WDM HE 1.5 14.4 WEG 2.207
WDM EEP 1.5 24.8 WEG 1.103

n/i - Not identified
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feature of this instrument is its ability to perform contactless
current measurements, as it includes a current transformer
(CT). Itis alow-cost device, easy to install, and user-friendly for
data reading. The measured values are related to the accuracy
of the equipment used and are therefore subject to possible
errors, even if of small magnitude.

The electrical parameter data obtained were used for
indirect flow rate estimation using artificial neural networks
and multiple linear regression (MLR). The software used to
implement both methods was IBM SPSS Statistics 22 (IBM
producer, New York, USA).

The input layer of the ANNs consisted of the following
variables: voltage, current, power, and energy consumption
over 1 min, while the output variable was flow rate (L s™),
the parameter to be estimated. The data were entered into the
software using a supervised learning model, in which an external
supervisor provides both the inputs and the corresponding
output of the network. The data were not normalized or
standardized, as they were already on a consistent scale.

The data recorded for flow rate estimation were randomly
divided into three sets: 60% for training, 20% for validation,
and 20% for testing (Kayser et al., 2024). Table 2 presents the
data points used in each process phase to estimate the flow rate
for the different motor-pump sets.

The artificial neural networks used were of the perceptron
type, trained using the backpropagation algorithm with a
hyperbolic tangent activation function. The ANN’s architecture
can be described as 4-n-1, with four neurons in the input layer,
n neurons in the hidden layer, and one in the output layer. The
training procedures were conducted with four neurons in the
input layer and one in the output layer. The hidden layer was
set to automatic, with the number of neurons varying according
to the network configuration. Four stopping rules were applied
to determine when to end neural network training, in the
following order: (i) a single step without error reduction, (ii)
a maximum training time of 15 min, (iii) a minimum relative
change in training error of 0.0001, and (iv) a minimum relative
change in the training error ratio of 0.001.

A fixed number of runs was pre-established for network
training; in this case, 10 runs. According to Kayser et al. (2024),
this procedure is characterized by the synaptic weights being
reinitialized at each run, resulting in different outcomes for
the same network configuration. The selected ANN was that
with the highest R? value on the validation data; in the event
of a tie, the network with the lowest root mean square error
(RMSE) was selected.

The stepwise (Forward) method was used for multiple linear
regression, with the electrical parameters (voltage, current,
power, and energy consumption) as independent variables and
the flow rate (Q) as the dependent variable, as shown in Eq. 1.

Table 2. Number of samples used for training, testing, and
validation of the electrical parameters for each motor-pump
set (MP)

MP 1.103 kW  2.207 kW  3.678 kW  7.355 kW
Training (60%) 180 180 180 48
Test (20%) 60 60 60 16
Validation (20%) 60 60 60 16
Total (100%) 300 300 300 80

Q=f (electrical quantities) (1)

In this procedure, the adopted modus operandi was
characterized as follows: the method is an iterative process
of incremental variable selection, in which the model starts
with no independent variables and, at each step, incorporates
the most statistically significant variable until no further
meaningful improvements can be made. The procedure was
concluded when no additional variables were selected for
inclusion or removal.

In multiple linear regression, the degree of correlation
between variables was assessed using the Pearson correlation
coefficient (r), identifying which variables were directly or
inversely correlated with flow rate estimation. The classification
is presented in Table 3.

For the artificial neural networks, the importance of each
variable in flow rate estimation was assessed by its percentage
contribution.

The performance of the proposed methods was evaluated
using 1:1 scatter plot analysis comparing observed and
estimated data, the coefficient of determination (R?), and
error-based indicators—mean squared error (MSE) and root
mean square error (RMSE)—which range from 0 to infinity.
The indicators are defined in Egs. 2 and 3.

MSE =li“(oi -P) )
n

i=1

RMSE = /lZn:(Oi ~P) 3)
ni5
where:

O; - observed data;
P; - estimated data, and;
n - number of observations.

Table 3. Classification of the correlation coeflicient (r) based
on the analyzed variables

>09 Nearly perfect
0.7-09 Very high
05-07 High
0.3-0.5 Moderate
0.1-0.3 Low
0.0-0.1 Very Low

Source - Adapted from Camargo & Sentelhas (1997)

RESULTS AND DISCUSSION

Figure 1 shows the artificial neural network architectures
generated from the electrical parameter data (independent
variables) to estimate the flow rate (dependent variable). For the
1.103 kW motor-pump set, the artificial neural network architecture
consisted of four neurons in the input layer, one in the hidden layer,
and one in the output layer. The same architecture (4-1-1) was
observed for the 2.207 kW motor-pump set. In contrast, the 3.678
and 7.355 kW motor-pump sets exhibited a 4-2-1 architecture.

Asalso shown in Figure 1, flow rate estimation was achieved
using only one or two neurons in the hidden layer for all motor-
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Figure 1. Artificial neural network architectures for the input variables in motor-pump sets of 1.103 kW (A), 2.207 kW (B),

3.678 kW (C), and 7.355 kW (D)

pump sets. These results suggest that the quality of the artificial
neural network model fit to the data does not necessarily
depend on using many neurons in the hidden layers.

These simple architectures demonstrate that one or two
neurons in the hidden layer were sufficient to estimate the
dependent variable. Similarly, more complex neural network
architectures, characterized by a greater number of hidden
layers and neurons per layer, can perform well in data
prediction, as demonstrated in studies such as those by King et
al. (2016), Dalkili¢ & Hashimi (2020), and Selim et al. (2024).

Table 4 presents the models generated by MLR for flow rate
estimation in the different motor-pump sets.

Table 4. Models generated by MLR for flow rate estimation in
motor-pump sets

Motor-pump Models R?

1103 KW y = 6.567 + 0.012 x Power - 0.040 x Voltage *  0.887

' y =-2.074 + 0.12 x Power 0.873

y = 20.722 + 0.006 x Power - 0.103 x Voltage * 0.389

2L y = -1.157 + 0.005 x Power 0.317
3.678 kW ¢ =-2.100 + 0.229 x Energy * 0.229
7.355 kW ¢ = 5.810 + 0.004 x Power * 0.999
' y = 6.899 + 0.005 x Power - 0.159 x Current 0.999

* - Selected model.

Rev. Bras. Eng. Agric. Ambiental, v.30, n.3, €296440, 2026.

Among the independent variables, the models were
built based on those with the highest statistical significance,
which were retained in the final model. Variables that did not
significantly contribute to improving predictive performance
were excluded.

For the 1.103 kW motor-pump set, two models were
generated: one using only the power variable and another
using two variables, power and voltage. To select the model
used for flow rate estimation, the software chose the one with
the highest R? value, Model 2, with an R? 0f 0.887. Two models
were also generated for the 2.207 kW motor-pump set: one with
only the power variable and a second including both power
and voltage. The model selected for flow rate estimation was
Model 2, which presented an R” of 0.389.

For the 3.678 kW motor-pump set, the MLR generated only
one model, using energy as the variable, with an R* of 0.229,
as shown in Table 4. For the 7.355 kW motor-pump set, two
models were generated, and Model 1 was selected. This model
included only the power variable and demonstrated a strong
relationship with an R? of 0.999.

The models for the 1.103 and 7.355 kW motor-pump sets
showed a good fit to the data, indicating that the independent
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varijables studied explained the variability of the estimated flow
rate and provided greater reliability in the estimates.

The R? values for the 2.207 and 3.678 kW motor-pump sets
indicate that the power and energy variables represent only a
small part of the variation in the flow rate. This means that,
for a better fit of the model, it would be advisable to consider
using or adding other independent parameters.

Figure 2 presents the percentage contribution of each input
variable (voltage, current, power, and energy consumption) in
the ANN model proposed for flow rate estimation.

For the 1.103 kW motor-pump set (Figure 2), the electrical
parameter with the highest relative contribution to flow rate
estimation was current (78.5%), followed by voltage (7.7%),
energy (7.4%), and power (6.4%). For the 2.207 kW motor-
pump set, a similar pattern was observed, with current again
showing the highest contribution at 55.9%, followed by voltage
(23.9%), energy (8.4%), and power (7.8%).

In the 3.678 kW motor-pump set, the contribution of the
variables was more evenly distributed: current (32.3%), voltage
(29.9%), energy (20.3%), and power (17.5%). Only the 7.355
kW motor-pump set displayed a different pattern, with power
(35.1%) and energy (31.4%) showing the highest contributions,
followed by current (28.9%) and voltage (4.3%).

Table 5 presents the Pearson correlation coefficient (r)
values between the independent and dependent variables
(flow rate) for the multiple linear regression models across the
different motor-pump sets.

As shown in Table 5, for the 1.103 kW motor-pump set, the
variables energy consumption, power, and current exhibited
positive correlation coeflicients greater than 0.9, close to 1,

Table 5. Pearson correlation coefficients (r) of independent

variables with flow rate estimation

Pearson correlation (r)
Motor-pump

2.207 kW  3.678 kW

Independent

variable

1.103 kW 7.355 kW

Voltage -0.050 -0.104 -0.047 -0.816
Current 0.930 0.551 0.470 0.996
Power 0.934 0.563 0.479 1.000
Energy consumption ~ 0.934 0.563 0.479 0.999

classified as “very high”, indicating a direct relationship with
flow rate estimation. Voltage was the only variable to show a
negative correlation across all four motor-pumps, indicating
an inverse relationship in the flow rate estimation.

For the 2.207 kW motor-pump set, the highest correlations
were observed with power and energy consumption, with
values of 0.563, classified as “high’, followed by current at 0.551,
also classified as “high”. A similar pattern was observed in the
3.678 kW motor-pump, with power and energy consumption
showing the highest values (0.479), classified as “moderate,’
and current at 0.470, classified as “high”. For the 7.355 kW
motor-pump set, power showed the highest correlation, with a
value of 1.00, indicating a “near-perfect” relationship. Notably,
voltage showed negative correlations in all motor-pump sets.

According to Schneider (1998), the Pearson correlation
coefficient measures the strength of the relationship between
two variables, with values close to 1.0 indicating strong
predictive performance. Overall, current, power, and energy
are the variables that show the strongest correlation with flow
rate estimation across all motor-pump sets.

Figure 2. Percentage contribution of input variables in the flow rate estimation model for motor-pump sets of (A) 1.103 kW,

(B) 2.207 kW, (C) 3.678 kW, and (D) 7.355 kW

Rev. Bras. Eng. Agric. Ambiental, v.30, n.3, €296440, 2026.
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Figure 3 shows the 1:1 relationship between the observed
flow rate values (Q ) and estimated flow rate values (Q,,)
obtained using artificial neural networks and multiple linear
regression for motor-pump sets of 1.103, 2.207, 3.678, and
7.355 kW.

Comparisons between observed and estimated distributions
for the 1.103 kW motor-pump set are presented in Figures 3A
and B. It can be observed that the values are closely aligned
with the 1:1 line between observed and estimated data, with
a coefficient of determination of R*> = 0.987 for the ANN and
R*=0.999 for the MLR. The deviations between observed and
estimated results were minimal, with MSE and RMSE values
close to zero. According to Sobenko et al. (2022), the values
of these indicators range from 0 to +eo, and the smaller the
values, the better the performance. This demonstrates that

for the 1.103 kW motor-pump set, the results highlight the
accuracy of both methods in estimating flow rate, with model
values close to the observed data.

Both methods yielded similar R* values; however, the ANN
achieved lower MSE and RMSE values. In a study on hourly
flow rate modeling in a photovoltaic water pumping system
with two input variables, Haddad et al. (2015) reported that
ANNs achieved high accuracy and can reliably estimate flow
rate. Similarly, Flores et al. (2020), when estimating flow rate
through indirect feedback in a water pumping network using
artificial intelligence, concluded that this indirect measurement
system can effectively estimate flow rate.

Flow rate estimation using ANN for the 2.207 kW motor-
pump (Figure 3C) yielded an R? 0f 0.9694, indicating excellent
agreement between the data. The MSE and RMSE values were

Error bars represent standard deviation (n = 2); ** - Significant by F test at p < 0.01; * - Significant by F test at p < 0.05; ™ — Not significant. MSE - Mean squared error; RMSE - Root

mean square error

Figure 3. Observed flow rate (Q_, ) and estimated flow rate (Q_,) values using artificial neural networks (ANNs) and multiple
linear regression (MLR) for motor-pump sets of 1.103, 2.207, 3.678, and 7.355 kW
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0.096 and 0.309, respectively. The MLR (2.207 kW motor-
pump set) showed inferior performance with R*> = 0.541 and
equation § = -1.3238 + 1.3891™x. These results highlight the
superior performance of ANN compared to MLR. A study by
Huang et al. (2019) on predicting groundwater recharge also
reported better results using a multilayer perceptron network,
providing more accurate groundwater recharge estimates than
the linear regression method.

Figure 3D presents the estimated and observed values for
the 3.678 kW motor-pump set. The ANN achieved a coeflicient
of determination of R* = 0.8108, while the MLR model yielded
an R? of 0.3618 and the equation y = -2.0928 + 1.5451™x.

Figures 3E and F show the 7.355 kW motor-pump results,
where the narrow band around the 1:1 line indicates strong
agreement between the observed and estimated data for both
methods. Both ANN and MLR demonstrated strong predictive
capacity for flow rate estimation, with R? values exceeding 0.9,
and MSE values were equal. Only the MLR model showed a
lower RMSE value, at 0.025.

Kassem et al. (2021), in a study on monthly rainfall
estimation in Northern Cyprus, demonstrated that the artificial
neural network model was considered the most effective
method for predicting precipitation and was more accurate
than multiple linear regression. Similarly, Rehman et al. (2024)
compared models for estimating soil erodibility in Peninsular
Malaysia and concluded that ANN produced better results,
outperforming MLR.

The ANN was trained individually for each motor-pump
set, as their technical specifications precluded a generalized
training model. The same procedure was adopted for the MLR,
with estimates generated separately for each unit.

The practical application of this study is feasible, and the
device studied could be installed directly in the control panels
of pumping systems to obtain real-time electrical parameters
from the motors. This information can be integrated into an
application through automation systems, enabling flow rate
monitoring.

CONCLUSIONS

1. Flow rate estimation in water pumping systems using the
artificial neural network methodology yielded better results
than multiple linear regression. Artificial neural networks
proved to be more precise and accurate in estimating flow rate,
showing higher determination coefficient values and lower
mean squared error and root mean square error values than
the multiple linear regression methodology.

2. Inirrigation systems, applying estimation methods such
as artificial neural networks and multiple linear regression can
serve as an alternative for indirectly quantifying water use,
meeting the water requirements of crops.

3. Although several devices can assist in flow rate
estimation, this parameter can also be estimated indirectly
using these two methods and simpler, more cost-effective
variables such as electrical parameters (voltage, current, power,
and energy consumption).

4. There is a lack of comparative studies on flow rate
estimation using this type of data, and this study offers an

alternative approach characterized by ease of measurement,
installation, and use.
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