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Abstract - Climate change causes rising temperatures, changes in precipitation and other climatological variables that are
related to reference Evapotranspiration (ET,). The estimation of ETo is crucial for irrigation scheduling and water resource
management. In this sense, the Penman-Monteith (PM) method is considered the most precise for ETo calculation, but the use
of the method is often constrained by limited climatological data. In Peru, the PISCOeo_pm dataset provides ETo values for the
period 1981-2016 that apply the PM method and presents a baseline to train machine learning models that can use limited data
to extend ETo estimates to recent years and make precise calculations of water demand requirements for irrigation systems. In
this research, a random forest model and a multilayer perceptron neural network are developed using PISCOeo_pm data and
then used to estimate recent ETo values. Daily estimation performance and climatological consistency revealed that the MLP is
superior to the RF model. The MLP-estimated ETo values for the 2017-2025 period is then used to calculate and update the
water demand in the Pucapuquio irrigation system located in the district of Pucara, in Huancayo province, Peru. The results
revealed that water demand has increased in recent years and that the previous water demand for the critical month of August,
originally 20,769 m3, has increased to 24,150 m3 under current climatological conditions. Potential mitigation strategies are
presented that include increasing irrigation application efficiency or reducing cultivated areas by 15% for critical months, until
more robust solutions are implemented, such as evaluating supplementary water sources that can potentially satisfy the new
demand or the implementation of more efficient irrigation systems.

Keywords - Reference evapotranspiration, Highlands, irrigation requirements, E7,, Water requirement.

Organization [6] recommends the FAO56 Penman-Monteith
(FAO56-PM) method to calculate ETo. The FAO56-PM is
considered the most accurate method and requires multiple
meteorological inputs, including air temperature, wind speed,
humidity, and solar radiation, which, in regions with
incomplete or poor-quality meteorological data, have

1. Introduction

Evapotranspiration refers to the phenomenon that
involves plant transpiration and evaporation from soil and
plant  surfaces [1]. Furthermore, the Reference
evapotranspiration (ETo) concept permits evaluation of
evapotranspiration without considering crop characteristics of

a determined region [2].

Climate change causes rising temperatures and shifts in
precipitation patterns that influence evapotranspiration trends
[3]. As a consequence, ETo estimation is essential for
irrigation scheduling, water resource management and
hydrological studies [4].

The ASCE (American Society of Civil Engineers)
standardizes the Penman-Monteith equation for ETo
estimation [5]. In the same way, the Food and Agriculture

OSOE)

motivated ETo alternative estimation methods [7].

In Peru, air temperature data are readily available and
reported by the National Service for Meteorology and
Hydrology of Peru (SENAMHI) meteorological stations,
while the other variables are quite limited or unmeasured [8].
The Hargreaves-Samani (1985) method relies only on air
temperature data, disregarding the influence of other
variables, and has demonstrated poor performance in ETo
calculation for Peruvian highlands in comparison to the
FAO56-PM method or Machine Learning (ML) approaches
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[9]. In response to that, a previous study improved the
Hargreaves-Samani equation by calibrating the radiation
coefficient for high-altitude conditions [10]. To estimate ETo
and consider Peru highland conditions, irrigation project
technical studies often rely on the Hargreaves (1975)
radiation-temperature with altitude and humidity corrections
at high-elevation conditions. A historical review and
description of the Hargreaves evapotranspiration equation can
be found in reference [11].

ML models have been successfully used to estimate ETo
with limited meteorological data. In Minas Gerais, Brazil,
various ML algorithms were compared to estimate ETo using
limited meteorological data; the ASCE Penman-Monteith was
used as a baseline to compare the estimated ETo values [12].
Similarly, in India, a comparison between multiple machine
learning models to ETo estimation was carried out [13]. In
addition, the authors found that ML models that used the
gridded climate reanalysis product (ERA5) outperformed
those relying solely on meteorological stations for longer
estimation horizons. This highlights the value of leveraging
high-resolution gridded datasets to overcome meteorological
limited data. In that sense, SENAMHI developed the grided
ET, dataset called PISCOeo_pm for the Peruvian territory at a
high spatial resolution of approximately 1km [14]; by using
spatial grids, the FAOS56-PM is applied grid-by-grid,
converting the available variables into the exact FAO-56-PM
required inputs.

In this research, using the PISCOeo_pm gridded ETo
database as a baseline, Random Forest (RF) and Multilayer
Perceptron (MLP) ML algorithms are compared for ETo
estimation; the updated ETO estimations are then used to
evaluate the water balance in an irrigation system, which
represents a novelty in literature as most presented ML models
are often limited only to obtaining ETo but an application to
irrigation systems is not always considered. The
meteorological variables used to train ML models are obtained
from the SENAMHI meteorological station located in the
Viques district in Huancayo Province, Peru. Since the
PISCOeo_pm dataset is only available for the period 1981-
2016, the trained ML models are used to extend ETo values for
the 2017-2025 period using recent meteorological
observations as input; this represents a second methodological
novelty, as, to the authors’ knowledge, no other study in Peru
has been published that shows the application of the
PISCOeo_pm data on irrigation systems.

The temporal extension captures the effect of recent
meteorological variables on ETo and represents an
improvement over the original technical study of the
Pucapuquio irrigation system, which relied on the empirical
temperature-based Hargreaves (1975) method with records
limited to the 2000-2015 period. The resulting extended ETo
series is then applied to evaluate and update the water balance
of the Pucapuquio irrigation system in Pucara district,
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Huancayo; this includes a sensitivity analysis of different
irrigation efficiencies for different cultivated areas and the
impact on the water demand.
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Fi. 1(a) Viques and Pucara location in Huancayo Providence,
(b) Reservoir of the Pucapuquio irrigation system.
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2. Materials and Methods
2.1. Case Study

Figure 1(a) shows the location of the Pucara district and
the Viques district in the province of Huancayo. The
SENAMHI meteorological station “Viques “is located at a
latitude of 12°09'21.7"S and a longitude of 75°13'41.9"W, and
at an elevation of 3186 m. The Viques meteorological station
is the nearest station to the Pucapuquio irrigation system, and
it provides the meteorological features necessary to calculate
the water demand and offer. Figure 1(b) illustrates the
reservoir of the Pucapuquio irrigation system.

The Pucapuquio irrigation system is in the community of
Pucapuquio in the Pucara district, at approximately 3,500 m
above sea level. The system was built through a cooperation
agreement between the Peru-Japan Counterpart Fund and the
Pucara district municipality. The infrastructure was completed
and inaugurated in November 2022 and comprises one intake
structure, 3,026 m of conveyance pipeline, a 230 m3 overnight
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storage reservoir (as shown in Figure 2), 23 pressure-break
chambers, and 2,970 m of primary lateral lines with sprinkler
units.

N - v
Fig. 2 Overnight storage reservoir

2.2. Meteorological Features

As mentioned, to train ML models, meteorological
features are obtained from the SENAMHI meteorological
station in Viques. These include three meteorological features:
daily maximum, minimum temperature, and precipitation. The
period 2002-2014 was selected as it corresponds to the range
with near-complete daily records for all three variables at
Viques station and overlaps with the PISCOeo_pm dataset
availability. Specifically, a total of 4,247 daily values from 10-
14-2002 to 5-31-2014 were used; the meteorological records
are available on the SENAMHI website [8]. From the
temperature records, it was calculated daily Delta_T and
T_mean, as additional features. The extraterrestrial radiation
for daily periods (R,) and daylight hours or theoretical
sunshine (N) were also calculated. In total, 7 meteorological
features were used to train the ML models.

Daily meteorological values from the Viques station,
2002-2014, contained sporadic missing values for the three
meteorological features. The missing values were imputed
using Kalman smoothing on the state-space representation of
ARIMA models via the na_kalman function from the imputed
TS R package) [15], The model order for each feature is
selected by minimizing AIC (Appendix A, Table 1). This
approach has been validated for meteorological data
imputation [16].

Unlike temperature and precipitation meteorological
features, R, and N are deterministic quantities that depend
solely on the station latitude and the day of the year. These
were calculated following the FAO-56 methodology. R, was
calculated by using the solar constant, the inverse relative
Earth-Sun distance, the solar declination, and the sunset hour
angle. N was calculated as a function of the sunset hour angle.
The detailed equations can be found in reference [17].

163

2.2.1. Temperature Trend

The annual mean maximum temperature for the last 9
years (2017-2025) shows an increase over the training period
(2002-2014), as shown in the boxplot of Figure 3. The median
temperature for the latest years is 21.13°C, while the median
temperature for the training period is 20.48°C, supporting the
premise that rising temperatures could cause ETo variations in
recent years.

Evidence of Temperature Shift: Historical vs. Recent Period
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Fig. 1 Comparison of the annual mean maximum temperature between
the historical baseline (2002-2014) and the recent period (2017-2025).

2.3. Methodological Framework

Figure 4 depicts the proposed methodological framework.
In phase 1, the Viques station meteorological data (extracted
from the SENAMHI website) and the PISCOeo_pm data
(from the GitHub repository) [18] are prepared. Phase 2
includes developing ML algorithms and comparing the
R?,qin and R%,.., To ensure robustness of algorithms, the
climatological consistency and daily predictive performance
are evaluated considering the PISCOeo_pm data (which
applies the FAO56-PM method and is physically based).

Subsequently, in phase 3, the best-performing algorithm
is used to calculate water demand, and in phase 4, the
calculated water demand is compared to the one obtained
using the temperature-based Hargreaves (1975) empirical
approach; the water supply is based on the Lutz Scholz Model,
assuming unchanged water supply conditions for the
evaluated period 2017-2025.

Finally, the water balance is obtained for each month, and
a sensitivity analysis is carried out for different irrigation
efficiencies and cultivated areas. The research is limited to
evaluating the new ETo methodological approaches
recommended by the American Society of Civil Engineers to
calculate water demand; the design or enhancement of the
irrigation infrastructure is out of the scope of this research.
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Phase 1: Data Acquisition & Target Definition

Viques Station Data (2002-2014)

. PISCOeo pm Dataset (2002-2014
Tmam Tminy Preclp. p ( )

Derived: Trean, AT Ra, N FAO56-PM (Physically-based)

Phase 2: ML Modeling & Selection

Model Training & Tuning

5-fold CV & Randomized SearchCV

Random Forest (RF) Multilayer Perceptron (MLP)

Model Evaluation & Comparison
Training check: R%in VS. R%est
Metrics: RMSE, Diff. (\%)
Seasonal R & Seasonal RMSE

Select Best-Performing
ML Algorithm

Phase 3: ETo Projection & Demand Calculation

Recent Met.

Data. (2017-2025) Current ETo Projection

Water Demand Calculation
(CIR & Total Water Use)

Phase 4: Comparative Analysis & Water Balance

Original Study Demand Demand Comparison & Water Supply ( Qsupply )
Hargreaves 1975 (Empirical) Water Balance Evaluation Lutz Scholz Model

Phase 5: Mitigation Strategies

Sensitivity Evaluation
(Critical Months)

Propose Mitigation Strategies
(Application Efficiency 1& Area |)

Fig. 2 Methodological framework starting from data acquisition and target definition to water balance evaluation in the Pucapuquio irrigation
infrastructure
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2.4. Machine Learning Models
2.4.1. Random Forest Model

The RF regressor algorithm is an ML technique based on
decision trees, and it is the first model used to estimate ETo.
To ensure generalization and avoid subjective manual tuning,
the optimal hyperparameters of the RF model are determined
using RandomizedSearchCV, a hyperparameter tuning
technique provided by the scikit-learn library in Python. The
search process was carried out via a 5-fold Time Series Split
cross-validation to respect the chronological order of the
meteorological data.

The optimized RF regressor consists of 1250 independent
decision trees or estimators, generated using bootstrap
sampling. Where each tree independently processes the seven
daily meteorological input features to estimate ETo. The final
model’s prediction is computed as the average output of all the
trees.

To promote diversity among the estimators, the algorithm
evaluates a random subset of 50% of the seven features at each
splitting node. To avoid overfitting, the maximum depth of
each tree was restricted to 8 levels. Furthermore, an internal
node is allowed to split if it contains a minimum of 20 daily
observations, while final leaf nodes are required to hold at
least one sample.

2.4.2. MLP Model

For the MLP model, the RandomizedSearchCV
hyperparameter tuning technique combinate with Time Series
cross-validation was also utilized. Figure 5 illustrates the
optimized MLP architecture, which is defined by an input
layer with the seven meteorological features, two hidden
layers with 64 and 32 neurons and the predicted ETo as the
output layer. The hidden nodes use the Rectified Linear Unit
(ReLU) activation function. Model training uses the Adam
optimization algorithm with a constant learning rate of 0.005
and a batch size of 256.

To mitigate overfitting during the training phase, an L2
regularization penalty a = 0.1 is applied to constrain the
magnitude of the network weights. This constraint prevents
any single feature from disproportionately dominates over
each other at the ETo prediction. In addition, an early stop
mechanism is used to monitor 10% of the validation subset.
This means that if no improvements are observed over 20
consecutive training cycles, the training process automatically
halts before reaching the maximum of 1000 iterations.

2.5. Water demand and offer Calculation Procedure

Figure 6 shows the crop schedule in Pucapuquio. For each
month, individual crop coefficients K, ; were assigned. This is
defined for base crops and rotation crops and their respective
cultivated areas. The weight-average crop coefficient Kc is
calculated as follows:
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Fig. 3 Conceptual architecture of the optimized MLP neural network

showing the seven meteorological input variables and the ETo output
variable

The weight-average crop coefficient is later used to derive
total crop evaporation, ET,., by multiplying by the monthly
mean ET, as shown in equation 2.

ET, = ET, K, ()
Using the USDA SCS method, the mean monthly

precipitation is related to the effective precipitation as shown
in equations 3 and 4 [19, 20].

(125 — 0.2 P)P

<
175 for P < 250 mm/month (3)

Pers =

Perr =125 +0.1P for P > 250 mm/month 4

The Crop Irrigation Requirement (CIR) is the water
supplied by irrigation that is not provided by precipitation. The
CIR values are calculated using equation 5. When Pz, >
ET,, no irrigation is required.

CIR = ET, — Py (5)

The Crop Irrigation Requirement (CIR) E;.,. is the
product of conveyance (E.= 0.95), distribution (E;=0.95) and
application efficiency (E,), as shown in equation 6. The E,
The value for the pressurized sprinkler system is 0.83.
Considering the reported efficiencies in the irrigation project
technical study, the overall E;,.. is 0.75.

Eir =E EqE, (6)
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The total water use for a month can be obtained from the
relation between E;,. and CIR [21]:

B = CIR
T " Total Water Use

Q)

Thereafter, the total irrigation volume in m3can be
obtained by multiplying by the irrigated area (ha) and by the
unit conversion factor of 10.

Viemaa = (Total Water Use)( A)(10) (8)
Finally, considering a 16h/day operation for the irrigation
system, and days in a month, the flow rate (L/s) is calculated
as:
V (1000)

QU9 = THe)E600)

€)

CROP SCHEDULE IN PUCAPUQUIO

BASE CROPS AI\:{]E-\ MONTIS
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov

POTATO 10 115 : 0:75‘ 040 7170.70 7]/ 0.95 1.10 | 0.75 0.;!1‘ 0.‘76 1.10 SWEET CORN 5
SWEET CORN 8 095+ 1+1.10:4-0.75 0.50 ~170.90 1.09/4,1.03//1,/,0.51 0.40.1-:0.70 FORAGE OATS 4
WHEAT 3 0.70 1.00 [ 1.20-°[°0.70 | 030 {040} 075 1.10//770.90°}.0.75 0.40 FABA BEAN 2
BARLEY 3 6.70 1.00 120 | 0.60 [ 020 |045}0.70-{ 1.10 1.159470.75 0.40 GREEN PEA 2

BEAN 2% 0.75 1.05 1.15 1.12::1.-0.50 0.55
FABA BEAN 5 1.10 [ 090 | 075 | 0.30 070} 7080 {/1.00 | 0.95 0.40 | 0.75 VEGETABLES 5
PEA 3 0.70 1.10 LIS | 075 | 040 {040} 0.70 | .0.95 110 }70.75 0.45 SWEET CORN 2
TOTAL 34 34 34 24 21 20 20 20 20 15 16 23 31 20

Ke 0.95 0.95 0.95 0.57 0.46 0.72 091 0.96 0.87 0.58 0.53 0.81

Base Crop

Rotation Crop

Fig. 4 Monthly crop schedule in Pucapuquio

To obtain the monthly water supply at Pucapuquio Creek
intake, the irrigation project technical study employed the
Lutz Scholz deterministic-stochastic rainfall-runoff model.
The model was developed for ungauged catchments in Peru
highlands, it combinate the deterministic water balance for an
average year with a first-order Markov process to produced 28
years series (1988-2015) that incorporates observed
precipitation from Viques station from the same years [22].
The synthetic series were used to generate flow duration
curves from which Q,se¢,and Qgs4,Design supply flow at 75%
exceedance probability, and ecological flow at 95%
exceedance probability, were extracted. The net available
supply flow (Qsupp1y) for the irrigation system is obtained as

Qsuppty = Q759 — Qosw —  Qthira (10)

Where Q.nirq represents existing upstream abstraction by
the Puyay Huanca and Pusa Puquio intakes. These are pre-
existing creeks diversion structures whose committed water
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rights must be respected. From Qgyp1,, The monthly supply

volume during daytime irrigation hours and the daily
nighttime storage are calculated as shown in equations 11 and
12, respectively.

_16(3600) dyy Qeuppiy

o = 2o an
8(3600) Q L
Vm’ght = 10005upp z (12)

Where d_m represents the number of days for a month,
and factor 16 is the daytime irrigation hours, while factor 8 is
the nighttime hours during which flow accumulates in the
reservoir.

The monthly values for Q,e, defined as Qs0, — Qosoy »
Qthirds Qsupplys Vish, and Vyigh, are presented in Appendix B,
Table 1. The annual supply volume amounts to 458,250 m3.
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3. Results
3.1. ML Models Comparison
3.1.1. Daily Predictive Performance of ML Models and
Residuals Evaluation

The Scatter plots of observed versus predicted ETo for
MLP in Figure 7(d) show a slope of 0.617, which is closer to
unity. In contrast, the RF slope is 0.584 and is shown in Figure
7(a). Regarding distribution and variance of errors, the
residual histogram, as shown in Figure 7(b) and Figure 7(e),

(a) RF: Observed vs Predicted

(b) RF: Residuals Distribution
1

reveals an approximately symmetric and normal distribution
for both models. The mean bias error is low for both MLP is
0.041 mm/day and RF, 0.035 mm/day, respectively.

Finally, the scatter of residuals against predicted values
depicted in Figure 7(c) and Figure 7(d) confirms
homoscedasticity. The correlation between errors and
predictions is r= -0.024 for MLP and r=-0.028 for RF. These
values indicate that the models are stable and independent of
the magnitude of ETo.

(c) RF: Residuals vs Predicted
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Fig. 5 Daily predictive performance and residual analysis of ML models, (a) Scatter plot of predicted versus observed ETo values, where the dashed
1:1 line represents a perfect agreement between predictions and historical records, (b) The probability density histogram of the residuals,
(c) The scatter residuals across the range of predicted ETo values, (d) Scatter plot of predicted MLP values,
(e) Residual distribution histogram for the MLP model, and (f) Residual versus predicted values.

Table 1 shows the daily predictive performance and
climatological consistency for both RF and MLP models.
Based on R? values for the training and testing periods, the RF
model tends to overfit, as evidenced by the train-test gap of
0.1769. In contrast, the MLP model presents a train-test gap
of 0.059. Similarly, MLP shows lower RMSE metrics for both
daily and monthly ETo values, 0.335 mm/day and 6.22
mm/month, respectively, whereas the RF model presents
0.349 mm/day and 6.44 mm/month. However, both models
show a high seasonal correlation (R) with PISCOeo_pm. The
relative difference between the mean annual ET, (2002-2014)
and the predicted ETo for recent years (2017-2025) is
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marginal: -0.98% for RF and -0.65% for MLP. Although
global warming trends might indicate an increase in ETo, the
results imply a stable ETo. This suggests that the observed
increase in temperature may have been offset by changes in
other critical meteorological variables.

Table 1. Model evaluation

Metric RF | MLP
Daily Predictive Performance

R2 (Train) 0.742 0.658

R2 (Test) 0.565 0.599

RMSE (mm/day) 0.349 0.335
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Climatological Consistency
Relative difference (%) -0.98% | -0.65%
Seasonal Correlation (R) 0.832 0.846
Seasonal RMSE (mm/month) 6.44 6.22

3.1.2. Comparison of RF and MLP estimated ETo values
Table 2 depicts PISCOeo_pm monthly mean ET,, and the
obtained values using RF and MLP models. PISCOeo_pm ET,
Data show a high standard deviation for October and
November, 129.7 £ 47.6, and 122.9 + 37.7 mm/month,
respectively. Nevertheless, Figure 8(a) shows that MLP and
RF models follow the trend of PISCOeo_pm data. The high
standard deviation for October and November in the
PISCOeo_pm (2002-2014) is explained by the presence of
outliers in October 2003 and October and November 2007,

which presented a mean ET, of 216.06, 210.94, and 234.8
mm/month, respectively. These outliers can be explained as a
consequence of the EI Nifio-Southern Oscillation (ENSO) that
impacted those years. On the other hand, the T,,,, values for
October 2003 and October and November 2007 are 20.18 °C,
20.56°C and 21.44°C, respectively. These values are not
anomalous as they are near the historical average temperature
in October and November (2002-2014), 21.21 °C, and 21.41
°C, respectively. Similarly, no observed anomalous
precipitation values were observed that could explain these
outliers E.T,. This indicates that variables such as air
humidity, wind speed, or net solar radiation are likely the
cause of the observed outliers in the PISCOeo_pm database.
The monthly differences for both models with respect to
PISCOeo_pm are shown in Figure 8(b).

Table 2. PISCOeo_pm historical monthly mean ET,(2002-2014) and predicted RF and MLP ET, values

Month PISCOeo_pm RF MLP
(2002-2014) (2017-2025) (2017-2025)
Jan 1135176 109.3+4.7 108.4+4.8
Feb 96.8 +5.0 95.7+45 96.7 £ 4.7
Mar 101.4+£3.8 101.5+3.2 101.5+£3.3
Apr 95.2+5.2 98.7+ 3.5 99.4 £ 35
May 99.1+4.0 99.1+25 99.0+25
Jun 92.2+3.8 92.3+4.7 92.8+5.3
Jul 98.4+5.1 100.1+£2.7 100.6 £ 3.5
Aug 105.8 4.7 107.0+ 4.6 106.0+ 4.8
Sep 100.2 £ 6.3 103.9+3.3 104.6 £ 3.8
Oct 129.7 £ 47.6 110.7+ 3.0 112.8+3.9
Nov 1229+ 37.7 117.1+7.8 116.7+£7.9
Dec 107.7+4.8 115.0+6.9 116.1+7.4
Annual 1262.8 1250.5 1254.7
Diff % (reference) -0.98% -0.65%
(a) Mean Annual Cycle
e=4=P|SCOe0_pm (2002-2014)  ===MLP (2017-2025) ==he=RF (2017—2025)
140
130
=
g 120 /
IS
E 110 -
|2
w 100 A
90
80 T T T T T T T T T T T 1
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month
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(b) Monthly Deviation from Climatology
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o
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Fig. 6 (a) PISCOeo_pm , RF, and MLP monthly ET,trend,
(b) Monthly difference between the RF and MLP monthly ET, values and PISCOeo_pm values.

Figure 8 presents the monthly variability of MLP-
predicted ETo values as boxplots compared against the
PISCOeo_pm climatological mean + lo. Median values,
Interquartile Range (IQR), 25th percentile (Q25), 75th
percentile (Q75), and percentage deviation are shown in Table
3.

In the predicted data set, the following months exhibited
outliers ET,: April, June, and December as shown in Figure 9.
In the April months (2017-2025), the lowest mean daily
maximum temperature ( T4, ), 20.08 °C, was registered in
April 2025; in contrast, the mean daily precipitation was the
highest, 2.94 mm/day. A plausible explanation is that high
daily precipitation implies increased cloud cover, blocking
solar radiation. Consequently, the temperature dropped during
that year, leading to a predicted ET, = 92.761 mm for that
month, and becoming an outlier value. The baseline April
mean daily. T,,,, and daily precipitation, excluding the April
2025 anomaly, were 21.26°C, and 0.97 mm/day, respectively.

Regarding the June months (2017-2025), June 2017
exhibited the lowest. T,,,,, 18.65 °C, at a low mean daily
precipitation value of 0.19 mm/day. Although the
precipitation values in June showed low interannual
variability, the unusually cold month led to the outlier ET, =
80.591 mm prediction. The baseline June mean daily. Ty,qx
and daily precipitation, excluding the 2017 anomaly, were
21.01 °C and 0.19 mm/day.

December 2025 exhibited the highest. T4, 24.11 °C,
and an unusually low mean daily precipitation value of 1.11
mm/day. Because of the lower precipitation and the unusually
warm conditions, the predicted ET, = 134.229 mm was
identified as an outlier. The boxplot in Figure 10 clearly shows
these three ET, outlier values.
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Fig. 7 Anomalous mean daily maximum temperature values that
caused outlier values in the predicted MLP dataset (2017-2025).

(a) In April 2025, (b) June 2017, and (c) December 2025.
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MLP Predicted Monthly ET, Variability (2017-2025) vs PISCOeo_pm Climatology
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Fig. 8 Boxplot diagram for MLP predicted monthly ET, values (2017 — 2025) and PISCOeo_pm dataset (2002 — 2014) historical standard deviation

Table 3. Monthly ET, climatological comparison (mm/month)

Month Pll/?;\(r?ioipam I\£I2I6F1>7I\-/I2%dzgn [gzlgp_ I(SQYR;] Deviation (%) Ouitliers
Jan 1135+7.6 108.7 [103.9 - 110.9] -4.2% —
Feb 96.8+5.0 97.2 [93.3-100.8] +0.5% —
Mar 101.4+3.8 102.0 [99.3 - 103.3] +0.6% —
Apr 95.2+5.2 98.7 [98.2-101.2] +3.6% 2025
May 99.1+4.0 99.1 [97.4-101.1] -0.0% —
Jun 92.2+3.8 94.1 [91.3 - 96.8] +2.1% 2017
Jul 98.4+5.1 99.5 [98.6 - 104.0] +1.2% —
Aug 105.8+4.7 107.0 [104.0 - 109.5] +1.1% —
Sep 100.2 + 6.3 105.5 [103.1-107.5] +5.3% —
Oct 129.7+47.6 112.7 [109.9 - 115.8] -13.1% —
Nov 122.9+37.7 114.3 [110.3-124.2] -7.0% —
Dec 107.7+4.8 1145 [111.9 - 115.9] +6.3% 2025

3.2. Water Balance Results

Using the MLP-predicted monthly mean ET, For water
demand calculation, as explained in section 2.4, the total
irrigation volume demand (Viemana) Was obtained as
presented in Appendix C, Table C1. The total irrigation
volume for each month is compared to the available monthly
supply volume for irrigation. V. The resulting monthly and
daily balances are shown in Table 4. The balance analysis
identifies July, August, and September as deficit months.
August represents the most critical case: the total volume
demand is 24,150 m?3 against an available month supply of
only 13,856 m3. As a result, this month, evidence a negative
month balance of -10,294 m? and a daily deficit of -332.1 m3.
Furthermore, in August, the overnight reservoir filling
capacity only reaches 223.5 m3, yielding a net daily balance of
-108.6 m3. This negative balance will result in the reservoir
eventually emptying within a few days under sustained
demand.
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In contrast, the previous irrigation volume demand
obtained by using the Hargreaves method was 20,769 ms3,
which, under the same August volume supply, resulted in a
daily balance of -223 m?® and, considering the same filling
capacity if 223.5 m3, the net reservoir volume is 0.5 m3.

Figure 11(a) compares the monthly water supply with the
irrigation demand calculated using the Hargreaves method and
the MLP estimated. ET,. It is clear that the demand has
increased in the critical months of July and August, when the
available supply is at its lowest.

Figure 11(b) shows the daily supply-demand balance for
each month. For August, the daily deficit shifted from -223 m?3
to -332.1 m3, while for July it was originally -85.8 m3 and now
is -269.6 m3. However, September now shows a more
favorable situation than before, originally -42.5 m3, and now -
4.1 md,



Table 4. Water balance results for each month

Giancarlo Fernando Meza Terbullino et al. / IJCE, 13(7), 161-175, 2026

Month V gemand Vien Mo. bal. Daily bal. Night fill Net res.
(m3/mo) (m3/mo) (m3/mo) (m3/d) (m3/d) (m3/d)

Jan 1910 73208 +71298 +2299.9 - -
Feb 0 98373 +98373 +3513.3 - -
Mar 4838 50671 +45833 +1478.5 - -
Apr 6211 31337 +25126 +837.5 - -
May 8549 21695 +13146 +424.1 - -
Jun 14839 15403 +564 +18.8 - -
Jul 22173 13816 -8357 -269.6 222.8 -46.7
Aug 24150 13856 -10294 -332.1 223.5 -108.6
Sep 11504 11380 -124 -4.1 189.7 +185.5
Oct 1331 41486 +40155 +1295.3 - -
Nov 618 38388 +37770 +1259.0 - -
Dec 5904 48637 +42733 +1378.5 - -

Total 102027 458250 +356223

3.3. Scenario Sensitivity Evaluation

The critical months of July and August have a scheduled
cultivated area of 20ha. Under the current system’s irrigation
efficiency E;, = 0.75 , the only efficiency term with an
improvement margin is the application efficiency E, = 0.83
as the other efficiency terms E. = 0.95 and E; = 0.95 would
require major pipeline modification, and the improvement
margin is almost nonexistent. A modest improvement in the
current aspersion efficiency is achievable through pressure
regulation at each sprinkler head, regular nozzle maintenance
and replacement, and optimal sprinkler overlap adjustment.
Considering a modest application efficiency increase from
E, =083 to E,=0.85 which represents a 2.3%
improvement through sprinkler management practice, three
scenarios are evaluated:
e Scenario 1: Improved efficiency of E, = 0.85 and the

same cultivated area of 20ha.
e Scenario 2: Same efficiency of E, = 0.83 and cultivated

area reduced to 16 ha.

e Scenario 3: Improved efficiency of E, = 0.85 and a
cultivated area of 17 ha.

Figure 12(a) shows that for the Hargreaves method, the
entire parameter space Yyields positive reservoir balances. In
sharp contrast, Figure 12(b) reveals that the MLP-based ETo
demand presents restricted improvement areas. Under
scenario 1, improving only the application efficiency still
results in S1 being located in the negative net daily reservoir
balance area. Although S2 is in a feasible area, it requires an
area reduction from 20 to 16 ha. S3 which includes E,
Improvement and an area reduction to 17 ha is the most
equilibrated scenario to mitigate the increasing demand in
recent years for the critical months. Specifically, in August the
under the S3 configuration, the volume demand shifted from
the original 24,150 m3 to 20,069 m3, as a consequence, the net
daily reservoir balance changed from -108.6 m3 to 23.1 m3,
which shows that the reservoir no longer operates at a deficit.
Table 5 shows the current vs S3 values for the critical months.

(a) Monthly water supply and irrigation demand

60 4 Net supply (Qr5%— Qs5%— Qhird)

—®- Demand — Hargreaves (original study)
—4&— Demand — MLP (this study)

50 ~

40

301

20 4

Flow rate (L s™!)

10 4
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(b) Daily supply—demand balance (positive = surplus)
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Fig. 11 Water balance for irrigation system, (a) monthly supply volume versus irrigation demand calculated using the Hargreaves method and the
MLP-estimated ETo, (b) daily supply-demand balance for each month under both methods and night fill capacity.

(a) Hargreaves ET,

(b) MLP ET,
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Fig. 12 Sensitivity analysis at an application efficiency and cultivated area for august under,
(a) Hargraves, and (b) MLP-based ETo. Ec=0.95 and Ed=0.95 are held constant.
Table 5. Monthly water balance comparison between the current and design conditions and scenario 3
. V_demand V_supply DailyBal V_night Net
Month Scenario (m#/mo) (m#/mo) (mé/d) (mé/d) (m¥/d) Status
Current 14,840 +18.8 -- Feasible
Jun S3 14,509 15403 +29.8 296.7 - Feasible
Current 22,174 -269.6 -46.8 Deficit
ul S3 18,427 13816 1487 2228 741 Feasible
Current 24,150 -332.1 -108.6 Deficit
Aug S3 20,069 13,856 -200.4 223.5 +23.1 Feasible
Current 11,504 -4.1 +185.5 Feasible
Sep S3 11,247 11,380 +44 1897 - Feasible

172




Giancarlo Fernando Meza Terbullino et al. / IJCE, 13(7), 161-175, 2026

4. Conclusion

In the presented study, RF and MLP models were
developed using seven meteorological features to estimate
monthly ETo for the period 2017-2025. The PISCOeo_pm ETo
dataset were used as the target variable for both models. The
MLP model showed better performance in daily predictive
performance and climatological consistency. For the MLP,
the R? on test was 0.6, while for the RF was 0.56, meanwhile
the relative annual difference was -0.98% for RF and -0.65%
for MLLP with respect the PISCOeo_pm dataset. These results
indicate MLP daily ETo estimations are sufficient for water
demand calculation, as it is used the mean monthly ETo and
daily predictive errors tend to cancel out at the monthly scale.

August is identified as the most critical month, as it
exhibits the highest total volume demand. The irrigation
project technical study originally used the Hargreaves (1975)
method and temperature records from 2000-2015, and
estimated an August demand. Vygnana Of 20,769 md. In
contrast, by using the MLP and temperature records from
2017-2025 and the other meteorological features, the
estimated August demand is 24,150 m3. The difference in the
demand values reflects the change climatological conditions
over time and the methodological improvement of training the
MLP model using the PISCOeo pm ETo dataset, which
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Appendix A

The intermittent missing values on the daily records of maximum temperature, minimum temperature and precipitation from
the Viques stations are shown in Figure Al. (a-c). The missing values were imputed using the na_kalman function from the
imputeTS in R studio [15], which applies Kalman smoothing on the state-space representation of an ARIMA (p,d,q) model. For
each meteorological feature the optimal ARIMA order was select using auto. arima [23], which minimized the Akaike
Information Criterion (AIC). The selected models and their performance are shown in Table Al. The imputed values are
visualized in Figure 1 A1(d-f)
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Fig. Al Identified missing values on the training data set (a-c) and imputed values (d-f).

Table Al. Optimal ARIMA model orders and performance metric for missing values imputation

Variables AR D MA AIC RMSE
d)Temp. max 3 0 4 12696.98 1.77 °C
e) Temp. min 2 0 1 13076.02 1.8°C

f) Precipitation 3 0 1 17505.02 3.59 mm
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Appendix B
Table B1. Calculated available water supply values
Month Q _NET Q _THIRD Q_SUPPLY V_16h V_night
(L/s) (L/s) (L/s) (m3/mo) (mé/d)
Jan 47.0 6.00 41.00 73208 1180.8
Feb 61.0 0.00 61.00 98373 1756.7
Mar 31.9 3.52 28.38 50671 817.3
Apr 21.3 3.17 18.13 31337 522.3
May 16.3 4,15 12.15 21695 349.9
Jun 15.5 6.59 8.91 15403 256.7
Jul 15.0 7.26 7.74 13816 222.8
Aug 16.2 8.44 7.76 13856 223.5
Sep 13.4 6.81 6.59 11380 189.7
Oct 24.9 1.67 23.23 41486 669.1
Nov 24.3 2.08 22.22 38388 639.8
Dec 33.6 6.36 27.24 48637 784.5
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Appendix C
Table C1. Calculated the monthly water demand for irrigation
Month ETo K, ETc P | CIR Area Net Vol. Flow
(mm) (mm) (mm) (mm) (mm) (ha) (m3) (L/s)
Jan 108.365 0.95 102.95 122.9 98.73 4.21 34 1910 1.1
Feb 96.747 0.95 91.91 130.5 103.25 - 34 0 0.0
Mar 101.517 0.95 96.44 96.1 81.32 15.12 24 4838 2.7
Apr 99.365 0.57 56.64 36.6 34.46 22.18 21 6211 3.6
May 99.034 0.46 45.56 13.8 13.50 32.06 20 8549 4.8
Jun 92.831 0.72 66.84 11.4 11.19 55.65 20 14839 8.6
Jul 100.587 0.91 91.53 8.5 8.38 83.15 20 22173 12.4
Aug 105.995 0.96 101.76 11.4 11.19 90.56 20 24150 13.5
Sep 104.599 0.87 91.00 35.5 33.48 57.52 15 11504 6.7
Oct 112.809 0.58 65.43 66.2 59.19 6.24 16 1331 0.7
Nov 116.669 0.53 61.83 67.0 59.82 2.02 23 618 0.4
Dec 116.143 0.81 94.08 93.9 79.79 14.28 31 5904 3.3
Total 1254.66 966.0 693.8 594.3 102028
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