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Highlights

e Deficit irrigation: Applying 70% ETc produced 6,621 kg ha™" grain yield while saving 1,350 m?
ha™ (30%) of irrigation water compared with full irrigation.

e QGrain-yield prediction: XGBoost showed the highest test-set performance for maize grain-yield
prediction (R? = 0.8912, RMSE = 183.01 kg ha', MAE = 155.05 kg ha™") using temporal crop-
growth features.

e WUE prediction: Ridge Regression showed the highest test-set performance for water use
efficiency prediction (R? = 0.6540, RMSE = 0.210 kg m~3, MAE =0.171 kg m3).

o Key predictors: Feature-importance analysis identified biomass growth rate (47.7%) as the most
important predictor of grain yield and cob shape ratio (43.6%) as the most important predictor of

WUE.

Abstract
Water scarcity constrains maize production in semi-arid Ethiopia, requiring irrigation strategies
that improve water productivity while maintaining grain yield. This study integrated machine
learning with water-balance-based deficit irrigation to predict maize grain yield and water use
efficiency (WUE). Field experiments evaluated five irrigation treatments (100%, 85%, 70%,
55%, and 40% ETc) in a randomized complete block design. Plant height, leaf length, and
biomass were measured as growth parameters, while cob length, cob diameter, number of grains
per cob, and grain yield were evaluated as yield-related parameters, together with irrigation
water applied. Random Forest, XGBoost, Linear Regression, and Ridge Regression models were
evaluated. XGBoost provided the highest test-set accuracy for grain yield prediction (R? =
0.8912, RMSE = 183.01 kg ha™, MAE = 155.05 kg ha™), whereas Ridge Regression performed
best for WUE prediction (R’ = 0.6540, RMSE = 0.210 kg m=3, MAE = 0.171 kg m™3). Under the



experimental conditions, 70% ETc provided a balance between grain yield and water saving,
producing 6,621 kg ha™ with a WUE of 2.10 kg m~ and saving 1,350 m? ha™ (30%) relative to
full irrigation. Given the small dataset, the ML results are exploratory and require validation
using larger multi-season and multi-location datasets.

Keywords: Deficit irrigation; Irrigation management; Machine learning; Maize; Water

use efficiency; Yield prediction



1. Introduction

Water scarcity is an escalating global challenge that increasingly constrains agricultural
production, particularly in semi-arid regions where rainfall is limited, highly variable, and
strongly influenced by climate change (McDonald et al. 2011; El-Rawy et al. 2023)). Rising
temperatures, erratic precipitation patterns, and increasing frequency of drought events are
intensifying pressure on freshwater resources and accelerating soil moisture depletion, thereby
undermining agricultural productivity and long-term system stability (Intergovernmental Panel
On Climate Change (IPCC), 2023); Muharomah et al., 2025). Although agriculture remains the
largest consumer of freshwater, irrigation efficiency in many developing regions remains low,
resulting in substantial water losses, declining productivity, and increasing competition for
limited resources (Morante-Carballo et al., 2022; Ben Hassen et al., 2025)In Ethiopia, these
challenges are particularly severe. Agriculture dominates water use and remains central to
livelihoods and the national economy, yet irrigation systems are often inefficient due to
infrastructural constraints, weak management practices, and continued reliance on conventional
scheduling approaches that do not reflect actual crop water demand (Birhanu et al. 2021;
Gebeyhu Reta et al. 2024). In the areas surrounding Arba Minch, water availability is
increasingly constrained by climate variability, declining rainfall, and seasonal reductions in
river flow, which together are intensifying pressure on water resources and reducing supply
reliability (Yemane et al., 2015; Setu et al., 2023) Consequently, water scarcity has become not
only a resource limitation but also a major driver of production risk, yield instability, and
economic uncertainty.

Maize (Zea mays L.) is a dominant staple crop in this system and a critical component of
food security. However, its productivity remains substantially below potential levels Assefa et
al.(2020) This yield gap is strongly linked to inefficient water management and the crop's high
sensitivity to water stress during critical growth stages, including tasseling, silking, and grain
filling ((Tesfayeteferayigezu et al. 2016; Chinasho et al. 2023; Pandey et al. 2000; Oktem, 2008;
Karasu et al. 2015). Water deficits during these stages disrupt physiological processes such as
pollination, assimilate partitioning, and kernel development, leading to reduced grain formation
and significant yield losses (Farré & Faci, 2009). Furthermore, increasing temperature extremes

and rainfall variability are exacerbating these effects, contributing to higher yield variability and



long-term productivity decline in maize-based systems (Lobell et al., 2011; Intergovernmental
Panel On Climate Change (IPCC), 2023)

Under such conditions, improving water productivity while sustaining yield has become a
critical research and policy priority. Deficit irrigation, when properly aligned with crop water
requirements, has been widely recognized as an effective strategy for optimizing water use under
limited water availability (Fereres & Soriano, 2006). Its performance is further enhanced when
integrated with water-balance-based scheduling approaches that account for soil moisture
dynamics, evapotranspiration demand, and rainfall inputs to guide irrigation timing and
application depth (Pereira et al. 2015; Pragg et al. 2024). Empirical evidence indicates that such
integrated approaches can improve water use efficiency and reduce non-productive water losses
while maintaining acceptable yield levels when carefully managed (Igbadun et al. 2008; Zhang et
al. 2019; Zou et al. 2021). However, their practical adoption remains limited in data-scarce
environments, largely due to the absence of locally validated decision-support tools and
predictive frameworks.

In parallel, advances in machine learning have created new opportunities for improving
agricultural water management and yield prediction. Machine learning techniques are capable of
capturing complex, non-linear interactions between crop growth dynamics, environmental
conditions, and management practices, which are often not adequately represented in
conventional statistical approaches (Chlingaryan et al. 2018; Shahhosseini et al. 2021; Van
Klompenburg et al. 2020). Temporal growth variables plant height, leaf length, and biomass
provide dynamic information on crop development that can improve the prediction of maize
yield and water use efficiency. Similarly, yield attributes such as cob length, cob diameter, and
number of grain per cob are important indicators of maize productivity and are highly responsive
to water availability (Melkie et al. 2024; Zhang et al. 2019; Jeong et al. 2016) Currently, few
studies have developed predictive frameworks specifically designed to estimate maize grain
yield and water use efficiency (WUE) from temporal crop-growth measurements under deficit
irrigation in Ethiopia. This represents an important methodological gap because most existing
machine-learning applications for maize yield prediction have emphasized remote-sensing,
environmental, or historical yield variables, rather than integrating repeated field-based crop-
growth measurements with irrigation-management information. Recent systematic evidence

further indicates substantial geographical and methodological disparities in the application of



machine learning to maize yield prediction, with research concentrated in a limited number of
countries and relatively fewer studies from Africa Agyeman et al. (2025) In Ethiopia, recent
machine-learning research has primarily emphasized remote-sensing-based maize yield
estimation. Mondschein et al. (2024) applied Sentinel-2 imagery and vegetation indices to
estimate field-level maize yield in Ethiopian smallholder farming systems, with the best-
performing models achieving an (R?) of 0.63. However, model performance varied across
regions, indicating limitations in spatial transferability under varying environmental and image-
quality conditions. Moreover, the study focused on remote-sensing-based yield estimation and
did not incorporate deficit-irrigation treatments or predict irrigation water use efficiency, leaving
these aspects insufficiently addressed in the Ethiopian context. More broadly, reviews of
artificial-intelligence applications in agricultural water management indicate that machine-
learning approaches have been increasingly explored for irrigation and water-management
decisions, but their applicability remains constrained by data availability, contextual variability,
and limited validation across diverse production environments Tace et al. (2022). These
limitations are particularly relevant to data-constrained agricultural systems in sub-Saharan
Africa, where locally collected field data and management-specific observations are essential for
developing contextually reliable predictive models. Therefore, a specific research gap remains in
the development and comparative evaluation of machine-learning models that use temporal crop-
growth characteristics together with deficit-irrigation treatments to predict both maize grain yield
and WUE under Ethiopian field conditions. Addressing this gap could provide a more
management-oriented predictive framework for evaluating alternative irrigation regimes and
identifying water-saving strategies while maintaining acceptable maize productivity.

This study integrates machine learning with water-balance-based deficit irrigation to predict
maize grain yield and water use efficiency (WUE) under semi-arid conditions in Ethiopia. It
combines irrigation-management treatments with temporally resolved crop-growth data and
compares multiple machine-learning algorithms using field-experiment observations. The study
provides an exploratory assessment of crop-growth-based machine learning for irrigation-
management analysis under data-limited conditions. The objectives were to: (1) evaluate the
effects of irrigation levels on maize growth, grain yield, and WUE; (2) develop and compare
machine-learning models using temporal crop-growth data; and (3) identify an irrigation level

that balances water savings and grain yield.



2. Materials and Methods

2.1.Description of the Study Area
The study was conducted at Arba Minch university demonstration farm, located in Arba Minch
Zuria Woreda, Gamo Zone, South Ethiopia Regional State, Ethiopia. Geographically, the study
area is situated between 5°50" and 6°30" N latitude and 37°20" and 38°00" E longitude, as

indicated by the geographical extent shown in Fig 1.
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Fig. 1 Location of Arba Minch Demonstration Farm, South Ethiopia Regional State, Ethiopia
2.2. Climatic Characteristics of the Study Area

2.2.1. Long-Term Climatic Patterns
Long-term monthly meteorological data, including rainfall, maximum temperature (Tmax),
minimum temperature (Tmin), and average temperature (Tavg), were obtained from the Arba
Minch University Meteorological Station for the period 1987-2018. The 32-year climatic record
revealed considerable seasonal variation in rainfall and temperature. Monthly rainfall ranged
from approximately 23 to 163 mm, while Tmax, Tmin, and Tavg ranged from 27.5 to 34 °C, 15
to 19 °C, and 23 to 26 °C, respectively (Fig. 2). These variations highlight the seasonal climatic

characteristics of the study area and provide a long-term climatic context for the experiment.
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Fig. 2 Long-term monthly rainfall, maximum temperature (Tmax), minimum temperature

(Tmin), and average temperature (Tavg) patterns in the study area based on meteorological

records from 1987 to 2018

2.2.2. Meteorological Conditions during the Experimental Period

radiation and sunshine duration increased from 6.7 to 9.0 MJ m2 day ' and 6.8 to 9.4 hours per

Meteorological conditions during the experimental period (November—February) showed
variations in temperature, wind speed, relative humidity, solar radiation, and sunshine duration
(Table 1). Maximum and minimum temperatures increased progressively from November to

February, ranging from 29.0 to 33.0 °C and 16.4 to 20.0 °C, respectively. Similarly, solar

day, respectively. Relative humidity fluctuated between 52.1% and 68.7%, whereas wind speed
ranged from 0.20 to 0.60 m s '. Overall, these meteorological variations characterize the
environmental conditions prevailing during the crop-growing period and provide context for

interpreting crop growth, grain yield, and water-use efficiency.

Table 1 Monthly meteorological condition during the experimental period (November—

February).
Solar
Months Temperature (°C) Wind speed Relative humidity Radiation Sun shine hour
Tmax Tmin (msh (%) (MJ mday™) (h)
November 29 16.4 0.45 61.8 6.7 6.8
December 31 17.6 0.6 65 7.5 7.5

January 313 18.2 0.2 52.1 8.5 8.6

Temperature (°C)



February 33 20 0.2 68.7 9 9.4

2.3. Soil Characteristics
Composite soil samples were collected from four depth intervals (0-30, 30—60, 60—90, and 90—
120 cm) and analyzed for physical and chemical properties, including particle-size distribution,
bulk density, electrical conductivity (EC), pH, organic matter, field capacity (FC), and
permanent wilting point (PWP). The soil profile was predominantly clay-textured, with bulk
density ranging from 0.93 to 1.12 g cm™. Soil pH ranged from 8.1 to 8.3, while EC remained
low (0.058-0.060 dS m™). Field capacity and permanent wilting point ranged from 31.4-34.7%
and 16.8-21.3% (vol.), respectively, indicating relatively high water-retention capacity (Table 2).

Table 2 Soil physical properties of the experimental plots at different depths.

Bulk

. . Organic FC PWP
o o
Soil depth  density % clay A’ % Texture EC pH Matter (Vol. (Vol.
(cm) (g silt sand (dS/m) o N N
B (%) % %)
cm?)

0-30 0.93 51.5 39 9.5 Clay 0.059 8.3 13 342 21.3
30-60 1.12 48.5 37 14.5 Clay 0.059 8.1 13.9 34.7 19.7
60-90 1.08 51.6 40 8.4 Clay 0.058 8.1 12.6 31.6 17
90-120 1.1 59.3 20 20.7 Clay 0.06 8.1 12.4 314 16.8
Average 1.06 5273  34.00 1328  Clay 0.06 8.15 12.98 32.98 18.70

FC = Field capacity;, PWP = Permanent wilting point; TAW = Total available water.

2.4. Experimental Design and Treatments
Field experiments were conducted using a Randomized Complete Block Design (RCBD) over a
total area of 31.0 m x 28.0 m. The experiment consisted of three replication blocks (R1, R2, and
R3), each containing five randomly assigned irrigation treatments (T1-T5) to account for spatial
variability. Each experimental plot measured 5.0 m x 8.0 m (40 m?), with 1.0 m buffer zones
between adjacent plots to minimize lateral water movement and root interference. Maize was
planted on raised ridges, and irrigation water was supplied from a central source through
manifold feeder lines and distributed to individual plot furrows for treatment-specific
application. The experimental layout and arrangement of irrigation treatments are shown in Fig.

3.
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Fig. 3 Experimental field layout showing the randomized irrigation treatments and replication

blocks

The irrigation treatments were established as percentages of crop evapotranspiration (ETc),

with T1 representing the full irrigation treatment (100% ETc) and T2-T5 represents deficit
irrigation levels of 85%, 70%, 55%, and 40% ETc, respectively (Table 3).

Table 3 Irrigation treatments and corresponding percentage of crop evapotranspiration (ETc).

Treatments % ETc

Tl 100 (control treatment)
T2 85

T3 70

T4 55

T5 40

2.5. Irrigation Scheduling

Irrigation scheduling was based on the daily soil water balance method, which accounts for

precipitation, irrigation input, crop evapotranspiration, and the resulting change in soil water

storage (Lee & Jung, 2018; Zhao et al. 2022) as expressed in Equation 1.

Where:- AS represents the change in soil water storage (m), P is precipitation (m), I is irrigation

water applied (m), ET is crop evapotranspiration (m), R is runoff (m), and D is deep percolation



(m). Runoff was assumed negligible because of the low field slope and blocked-end furrow
configuration. Because irrigation was scheduled to replenish soil water only to the predetermined
allowable depletion level, deep percolation was assumed negligible and set to zero in the daily

water-balance calculation.

2.5.1. Reference Evapotranspiration (ETo)
Reference evapotranspiration (ETo) was estimated using the Penman—Monteith method, which
combines temperature, solar radiation, humidity, and wind speed to provide an accurate measure
of potential water loss from a well-watered reference surface, as expressed in Equation (2).
*900

0.408A(Rn — G) + 7773 u2(es — ea)

ETo = TH+273 e, 2
A+y(1+0.34u2

Where: - The reference crop evapotranspiration (ETo) was calculated in mm.day . In this study,
A represents the slope of the saturation vapor pressure curve (kPa.°C™"), Rn is the net radiation at
the crop surface (MJ.m2.day "), and G is the soil heat flux density (MJ.m2.day"). T is the mean
daily air temperature at 2 m height (°C), U: is the wind speed at 2 m height (m.s™), and es—e, is
the saturation vapor pressure deficit (kPa), where e, is the saturation vapor pressure at a given
period (kPa) and e, is the actual vapor pressure (kPa), y denotes the psychrometric constant

(kPa.°C ).

2.5.2. Crop Evapotranspiration
Crop evapotranspiration (ETc) was estimated using the crop coefficient approach (Equation 3):
N o T (ol D o S PTNG |

Where Kc represents the crop coefficient of maize, and ETo denotes the reference
evapotranspiration (mm day ).

Crop coefficient (Kc) values were assigned to the initial, development, mid-season, and late
growth stages based on published maize-specific crop coefficient estimates. Abedinpour, (2015)
reported growth-stage-specific Kc values of 0.40-0.60, 0.70-0.80, 1.10-1.21, and 0.50-0.65 for
the initial, development, mid-season, and late-season stages, respectively. In the present study,
Kc values of 0.3, 0.5, 1.2, and 0.5 were adopted for these stages, respectively, consistent with
commonly used maize crop-coefficient values. The timing and duration of each growth stage

were determined from crop establishment dates and field observations.



2.6.Irrigation Water Application

Irrigation water was diverted from the Kulfo River, conveyed through lined canals, and applied
to the experimental plots using furrow irrigation. For each treatment, the target ETc was
calculated as 1.00, 0.85, 0.70, 0.55, or 0.40 of the estimated ETc for the 100%, 85%, 70%, 55%,
and 40% ETc treatments, respectively. Irrigation requirements were determined using the soil-
water balance, with the 100% ETc treatment serving as the reference. The calculated irrigation
depth was subsequently adjusted according to the assigned treatment fraction and converted to
the corresponding irrigation volume for each plot.

The irrigation volume applied to each plot was calculated using (Equation 4):

Where V represents the irrigation volume (m?), I irrigation depth (mm) and A the plot area (m?).

2.7. Agronomic Practices and Measurements
Growth parameters were monitored at 15-day intervals from crop establishment through
physiological maturity. In each experimental plot, measurements were recorded from ten
randomly selected representative plants to ensure a reliable estimate of within-plot variability.
Yield-related traits, including cob length, cob diameter, number of grains per cob, and grain

yield, were determined following harvest.

2.8.Water Use Efficiency
Water use efficiency (WUE) was calculated as grain yield per unit of irrigation water applied, as

expressed in Equation (5) Howell, (2001).

Y
Where, WUE is irrigation water use efficiency (kg m™), Y is grain yield (kg ha™), and I is
applied irrigation water (m?® ha™).
2.9. Machine Learning Algorithms, Feature Engineering, and Feature Importance

The machine learning analysis was conducted in Python (v3.13.15) using Google Colab, with
scikit-learn (v1.6.1), XGBoost (v3.4.1), pandas (v2.2.3), NumPy (v2.1.3), and Matplotlib
(v3.10.0). Four algorithms—Random Forest (RF), XGBoost (XGB), Linear Regression (LR),

and Ridge Regression (RR)—were used to predict maize grain yield and water use efficiency



(WUE). RF and XGB were used to capture nonlinear relationships, whereas LR and RR provided

linear baselines, with RR incorporating L2 regularization to reduce over-fitting.

The experiment comprised 15 plots representing five irrigation treatments with three
replications. Plant height, leaf length, and biomass were measured at eight sampling dates (15,
30, 45, 60, 75, 90, 105, and 120 days after planting), resulting in 120 temporal records. Raw field
measurements were transformed into a plot-level predictor matrix through a structured feature-
engineering process. Static features included final, maximum, and mean values and cob shape
ratio, whereas dynamic features included growth rate, early- and late-season growth, and area
under the curve (AUC). AUC was calculated using the trapezoidal method Ntouros et al. (2025).
Growth rate was calculated from the change between initial and final measurements relative to
the corresponding time interval Colusse et al. (2020). The feature-engineering process is

illustrated in Fig. 4.

S Xi+Xi+l _
AUC = Z S (H A+ T 60)

i=1
Growth rate was calculated as:
I U 7
tr—ti

The mean and maximum values were calculated as:

Xmean= l ZXi ................................................................................................................... 8
nio
Xmax=Max(X1,X2............. G ) Pt 9

Where X is the measured crop-growth variable, Xi and Xf are the initial and final measurements,
respectively, ti and tf are their corresponding measurement times, X:—X, are the sequential
measurements, n is the total number of measurements, and Xmax is the maximum observed
value.

End-of-season variables, including cob length, cob diameter, number of grains per cob,
harvest index, and total water applied, were initially considered as candidate predictors. Number
of grains per cob and harvest index was excluded from grain-yield prediction to minimize data
leakage because they were measured at or near harvest and are directly related to final grain
yield. Total water applied was excluded from WUE prediction to avoid direct arithmetic

circularity because WUE was calculated from grain yield and applied irrigation water. Separate



predictor sets were therefore developed for grain yield and WUE. The resulting feature matrix
was divided into 70% training and 30% independent testing subsets, with five-fold cross-
validation applied during model development.

Feature importance analysis was conducted to identify predictors contributing to model
predictions. For RF, importance was determined using mean decrease in impurity, whereas XGB
importance was assessed based on gain. Predictors were ranked according to their relative

contribution to grain-yield and WUE predictions.

1. FIELD DATA 2. FEATURE ENGINEERING 3. MACHINE LEARNING
GROWTH DATA
ML-READY DATA ML MODELS
Plant height
— STATIC DYNAMIC Input features Random Forest (RF)
Leaf length
Final value Growth rate »
b
Biomass ) 70% training XGBoost (XGB)
Maximum value Early growth
Time-series Mean value Late growth 30% testing Linear Regression (LR)
Cob shape ratio AUC
5-fold CV Ridge Regression (RR)
YIELD COMPONENTS
ENGINEERED FEATURE MATRIX 4. PREDICTION TARGETS
Cob length
Plot-level predictor variables
Cob diameter TARGET VARIABLES
Grains per cob Grain yield (kg ha-?)
Water use efficiency (kg m-3)

End-of-season

Evaluation: R? = RMSE + MAE

Fig. 4 Workflow of feature engineering and dataset construction for machine learning

prediction of maize yield and water use efficiency.

2.10. Cross-Validation, Feature Scaling, and Model Testing
The dataset was divided into 70% training (n = 10) and 30% independent testing (n = 5) subsets
using a fixed random seed to ensure reproducibility. The training subset was used for model
development and five-fold cross-validation, while the testing subset was withheld until final
model evaluation. During cross-validation, the training data were divided into five folds, with
each fold used once for validation and the remaining four folds used for model training. Final
models were fitted using the complete training dataset and evaluated on the independent testing

dataset Fig. 5.



Feature scaling using z-score standardization was applied only to the Linear Regression and
Ridge Regression models. Random Forest and XGBoost are tree-based methods and therefore
did not require scaling. To prevent data leakage, scaling parameters were estimated exclusively
from the corresponding training data. During five-fold cross-validation, the scaler was fitted
separately within each training fold and then applied to its corresponding validation fold. After
cross-validation, the scaler was refitted using the complete training dataset and applied to both
the training and independent testing data.

Given the small sample size of 15 experimental plots, the resulting training and testing
subsets were limited. Therefore, the machine learning analysis was considered exploratory,
providing evidence of model behavior under the experimental conditions rather than establishing
broad predictive generalizability. Validation using larger datasets covering multiple seasons,

locations, and experimental conditions would be required for wider application.
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Fig. 5 Five-fold cross-validation procedure

2.11. Prediction Targets and Model Evaluation
Two prediction tasks were developed: maize grain yield and water use efficiency (WUE). For
grain-yield prediction, the final predictor set consisted of crop growth and yield-related features
that were available without directly using the target variable. Number of grains per cob and
harvest index were excluded because of their close association with final grain yield and their

potential to introduce data leakage. For WUE prediction, total water applied was additionally



excluded because WUE was calculated from grain yield and irrigation water applied, thereby
avoiding direct arithmetic circularity. Thus, WUE was predicted using the remaining growth and
yield-related features.

The predictive performance of RF, XGB, LR, and RR was evaluated using the coefficient of
determination (R?), root mean square error (RMSE), and mean absolute error (MAE). These
metrics were calculated using the independent 30% testing dataset to assess the performance of
the final models on observations not used during model training or cross-validation. The same

evaluation procedure was applied separately to grain yield and WUE.

2.12. Complete Machine Learning Workflow
The complete machine learning workflow is illustrated in Fig. 6, which summarizes the
sequential steps followed in this study. The workflow consisted of four main phases: (1) data
collection from field experiments, where growth parameters (plant height, leaf length, and
biomass) and yield components (cob length, cob diameter, grains per cob, and water applied)
were measured; (2) data preparation, including feature engineering (static and dynamic features),
70/30 data splitting, five-fold cross-validation, and feature scaling; (3) model training using
Random Forest, XGBoost, Linear Regression, and Ridge Regression; and (4) model evaluation
using R?, RMSE, and MAE to compare the predictive performance of the four machine learning

models.

Model evaluation using R*>, RMSE, and MAE was used to compare predictive performance
among the four machine learning models. The field experiment results were used separately to
evaluate irrigation treatments in terms of grain yield, WUE, and water saving, and to identify a
favorable irrigation level for maize production under the semi-arid conditions of the study area.
These two evaluations served distinct purposes: machine learning assessed the accuracy of yield
and WUE prediction, while the field experiment assessed the agronomic performance of the

irrigation treatments.

STEP 1 STEP 2 STEP 3 STEP 4 STEP 5

Experimental Data Predictive Model Evaluation Synthesis &
Setup & Data Preprocessing & Machine Learning & Feature Agronomic
Acquisition Cross-Validation Modeling Attribution Insights




Fig. 6 Methodological framework for predicting maize (Zea mays L.) yield and water use

efficiency under deficit irrigation.

2.13. Statistical Analysis
All data on maize agronomic parameters, grain yield, and water use efficiency indices were
subjected to analysis of variance (ANOVA) using R (version 3.6.3). Treatment means were
separated using Fisher’s Least Significant Difference (LSD) test at a 5% significance level (p <

0.05).
3. Results and discussion

3.1.Effects of Irrigation levels on Growth and Yield

3.1.1. Plant height and Leaf length
Plant height (PH) differed significantly among irrigation treatments (p < 0.05), showing a
progressive decline with increasing water deficit (Table 4; Fig. 7a). The highest PH was recorded
under full irrigation (T1: 100% ETc) at 289.46 cm, followed by 278.00, 266.00, 245.00, and
231.00 cm under T2 (85%), T3 (70%), T4 (55%), and TS5 (40% ETc), respectively. Compared
with full irrigation, severe deficit irrigation (T5) reduced PH by 20.20%, indicating a substantial
reduction in maize vegetative growth under severe water stress. These results align with previous
studies showing that adequate soil moisture promotes vegetative growth, whereas water deficits
limit plant height (Karasu et al., 2015; Yamusa et al., 2017; Kumar et al., 2018; Melkie et al.,
2024)

Leaf length (LL) also differed significantly among irrigation treatments (p < 0.05),
decreasing progressively with increasing water deficit (Table 4; Fig. 7b). Leaf length was highest
under full irrigation (T1: 100% ETc) at 93.00 cm and decreased to 88.00, 86.00, 70.67, and 55.67
cm under T2 (85%), T3 (70%), T4 (55%), and T5 (40% ETc), respectively. T2 and T3 did not
differ significantly, whereas LL declined significantly under the more severe deficit treatments.
Compared with T1, T5 reduced LL by 40.14%, demonstrating the strong effect of severe water
deficit on leaf development. These results highlight the high sensitivity of maize leaf growth to
water deficits, with reductions becoming more pronounced at lower irrigation levels. Similar
findings have been reported by Setu et al. (2023), who observed decreased leaf elongation under
deficit irrigation. Similarly, Chenu et al. (2008) reported that soil water deficit substantially

reduced maize leaf length, demonstrating the sensitivity of leaf expansion to water stress.
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Fig. 7 Response of maize growth parameters (a) plant height (cm) and (b) leaf length (cm)—

under deficit irrigation

3.1.2. Above-ground biomass (AGB)

Above-ground biomass (AGB) differed significantly among irrigation treatments (p < 0.05),
showing a progressive decline with increasing water deficit (Table 4). The highest AGB was
recorded under full irrigation (T1: 100% ETc) at 1695.17 g plant™, followed by 1553.33,
1314.93, 1165.60, and 1036.63 g plant™ under T2 (85%), T3 (70%), T4 (55%), and TS5 (40%
ETc), respectively. Compared with full irrigation, severe deficit irrigation (T5) reduced AGB by
38.85%, indicating that increasing water stress substantially limited biomass accumulation.

Similar trends have been reported in previous studies, with increased irrigation enhancing
biomass accumulation (Greaves & Wang, 2017; Zhang et al. 2019). Admasu, (2019) indicated
that irrigation-induced variability significantly affects biological yield, which is closely
associated with above-ground biomass. Agossou Gadédjisso-Tossou et al., (2020) documented
maximum biomass under full irrigation, supporting the present findings. Overall, these results
underscore the critical role of adequate soil moisture in promoting maize growth and optimizing
biomass accumulation.

Table 4 Effects of irrigation levels on maize growth parameters: plant height, leaf length, and

above-ground biomass.

Treatment ETe (%) PH(cm) LL(cm) AGB(g plant™!)




T1 100 289.46" 938 1695.17*

T2 85 278 88° 1553.33
T3 70 266° 86° 1314.93¢
T4 55 2450 70.667¢ 1165.6°
T5 40 231° 55.667° 1036.63¢
CV (%) — 6.51 2.8 6.7
LSD@ (5%) — 3.2 3.1 17

Note: PH=plant height, LL=leaf length, AGB=above ground biomass. Means within the same column
followed by different superscript letters differ significantly at p < 0.05 according to the LSD test.

3.2.Effects of Water Levels on Yield, Yield Components, and Harvest Index

3.2.1. Cob Length and Cob Diameter
Cob length and cob diameter showed clear responses to irrigation treatments, with both traits
decreasing progressively as irrigation water availability declined (Fig. 8). Full irrigation (100%
ETc) produced the longest cobs (20.6 cm), whereas the shortest cobs (13.0 cm) were recorded
under severe water deficit (40% ETc) (p < 0.05; Table 5; Fig. 8a). Similarly, cob diameter was
highest under full irrigation (17.9 cm) and decreased to 10.1 cm under 40% ETc (Fig. 8b). These
results demonstrate that reduced water availability adversely affected cob development, resulting
in shorter and thinner cobs under water-deficit conditions. The reduction in cob length with
decreasing irrigation is consistent with previous findings reported by (Oktem, 2008; Karasu et
al., 2015; Aydinsakir et al., (2013). Similarly, (Arash Farsiani, 2011 ; Chinasho et al., 2023)
reported reductions in cob length and diameter under water stress, with the highest values
generally observed under non-stressed conditions. Overall, the results highlight the importance
of adequate irrigation in maintaining cob morphological development and maximizing yield-

related traits in maize.
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Fig. 8 Effect of irrigation treatments on (a) cob length and (b) cob diameter of maize under

different irrigation levels

3.2.2. Number of Grains per Cob
Irrigation level significantly influenced the number of grains per cob (p <0.05; Table 5). The
highest mean grain number per cob (667.3) was recorded under full irrigation (100 % ETc) and
did not differ significantly from the 85 % ETc treatment. In contrast, the lowest grain number per
cob (484.6) occurred under severe water deficit (40 % ETc), showing a clear declining trend as
water availability decreased. These results are consistent with (Pandey et al. 2000; Farré¢ & Faci,
2009)), who reported that well-watered maize produces the highest grain counts per cob, whereas
water stress causes substantial reductions. Similarly, (Sah & Zamora, 2005) observed the
maximum grain number per cob (496.33) under full irrigation, compared with the lowest value
(453.66) under rain-fed conditions, further demonstrating the sensitivity of maize reproductive

development to water availability.

3.2.3. Harvest Index
Harvest index (HI) was significantly influenced by irrigation level (p < 0.05; Table 5). The
maximum HI (51%) was observed under the 70% ETc treatment, whereas the lowest value
(40%) occurred under severe water stress at 40% ETc. Notably, the response of HI to irrigation
level was not strictly linear, reflecting complex interactions between biomass partitioning and
water availability. This non-linear response differs from studies reporting maximum harvest

index under adequate irrigation, suggesting that assimilate partitioning under deficit irrigation



may vary with irrigation level, crop growth conditions, and management practices (Karasu et al.,

2015; (Admasu, 2019; Melkie et al., 2024).

3.2.4. Grain Yield
Maize grain yield was significantly influenced by irrigation treatments (p <0.05; Table 5). Full
irrigation (100 % ETc) produced the highest grain yield (7,544 kg.ha™"), whereas the lowest yield
occurred under severe deficit irrigation (40 % ETc), declining to 3,556 kg.ha™'. As shown in
Fig. 9, Grain yield increased consistently with increasing irrigation level, indicating a strong
response of maize productivity to water availability. These findings underscore the importance of
optimal irrigation for maximizing yield and suggest that water deficits impose physiological
constraints on kernel development and overall crop performance. The observed trends are
consistent with previous studies showing that proper soil moisture management through water-
balance—based irrigation scheduling enhances maize yield and yield components ((Fereres &

Soriano, 2006; Igbadun et al., 2008; Genemo et al., 2022; Kumar et al., 2018;; Admasu, 2019).
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Fig. 9 Relationship between seasonal water use and maize grain yield under varying

irrigation regimes

3.2.5. 3.2.5. Water Use Efficiency
Water use efficiency (WUE) varied among the irrigation treatments Table (5). WUE increased
from 1.68 kg m~ under T1 (100% ETc) to 2.32 kg m™ under T4 (55% ETc), but declined to 1.98

kg m> under T5 (40% ETc). This indicates that moderate deficit irrigation improved water



productivity, whereas severe water stress reduced WUE. Similar findings were reported for
maize in Ethiopia, where deficit irrigation improved water use efficiency compared with full
irrigation (Melkie et al., 2024; Gebeyhu Reta et al., 2024).

Although 55% ETc (T4) produced the highest WUE (2.32 kg m™), grain yield declined to
5,746 kg ha™ compared with 7,544 kg ha™ under full irrigation. In this study, 70% ETc (T3)
produced 6,621 kg ha™' grain yield and a WUE of 2.10 kg m™3, while saving 30% of irrigation
water compared with full irrigation. Considering the balance among grain yield, WUE, and
irrigation-water saving, 70% ETc (T3) provided a favorable irrigation level under the
experimental conditions.

Table 5 Effects of irrigation levels on maize yield components, grain yield, harvest index,

and water use efficiencies.

water .
Treatments  ETc (%) applie(} CL(cm) CD(cm) Zgbﬂ) 21?;1}(11{‘) HI (%) X;fﬁ)
(m? ha™)
T1 100 4,500 20.62 17.92 667.32  7,544a 480 1.68
T2 85 3,825 18.2b 17.12 650.00 17,1000 46° 1.86
T3 70 3,150 17.0¢ 13.7°  604.3>  6,621¢ 51a 2.1
T4 55 2,475 15.24 11.3¢ 531.6c  5,746¢ 43d 2.32
T5 40 1,800 13.0¢ 10.1¢ 484.69  3,556¢ 40¢ 1.98
CV(%) — — 2 4.4 1.3 0.8 1.5 0.7
LSD(5%) — — 0.6 1.1 14.5 94.8 1.3 0.03

Note: CL=cob length, CD=cob diameter, NG=number of cob, HlI=harvest index and WUE=water use
efficiency. Means within the same column followed by different superscript letters differ significantly at p < 0.05
according to the LSD test.

3.3. Amount of Water Saved and Yield Reduction
As presented in Table 6, reducing irrigation from 100% to 40% ETc substantially increased
water savings but progressively reduced maize grain yield. Full irrigation (T1) applied 4,500 m?
ha™ and produced 7,544 kg ha™'. At 85% ETc (T2), water saving was 675 m?* ha™! (15.0%), with
a relatively small yield reduction of 444 kg ha™ (5.9%). At 70% ETc (T3), water saving
increased to 1,350 m® ha™ (30.0%), while yield reduction reached 923 kg ha™ (12.2%). Further
reductions to 55% and 40% ETc saved 2,025 m® ha™ (45.0%) and 2,700 m* ha™ (60.0%),
respectively, but caused yield reductions of 1,798 kg ha™ (23.8%) and 3,988 kg ha™' (52.9%).
Overall, the results demonstrate a clear trade-off between irrigation-water saving and grain

yield. The 70% ETc treatment (T3) provided a favorable balance among grain yield, water-use



efficiency, and irrigation-water saving, producing 6,621 kg ha™ while saving 1,350 m* ha™
(30.0%) of irrigation water compared with full irrigation. In contrast, the more severe deficit
treatments resulted in substantially greater yield losses. Thus, under the experimental conditions,
70% ETc (T3) can be considered a favorable deficit-irrigation level when grain yield, WUE, and
water saving are considered together (Admasu, 2019; Kumar et al. 2018).

Table 6 Amount of water saved and yield reduction under deficit irrigation treatments.

— . . Yield Water Water
Treatm Irrigation . . Yield reduction .
ent Applied (m* ha ") Yield (kg ha™) (ke ha ) reduction saved Saved
(%) (m* ha™') (%)
Tl 4,500 7,544 — — — —
T2 3,825 7,100 444 5.9 675 15
T3 3,150 6,021 923 12.2 1,350 30
T4 2,475 5,746 1,798 23.8 2,025 45
T5 1,800 3,556 3,988 52.9 2,700 60

3.4. Comparative Performance of Machine Learning Models

Four machine learning models were evaluated using five-fold cross-validation, with final
predictive performance assessed on the independent 30% testing dataset Table (7). For grain
yield prediction, XGBoost achieved the highest test-set performance (R* = 0.8912, RMSE =
183.01 kg ha™', MAE = 155.05 kg ha™), followed by Random Forest (R? = 0.7489), Linear
Regression (R? = 0.6587), and Ridge Regression (R* = 0.5231). The stronger performance of
XGBoost indicates that its nonlinear boosting structure captured the relationships between crop-
growth characteristics and grain yield more effectively in the present dataset. This finding agrees
with (Babaie Sarijaloo et al., 2021) who identified XGBoost as the best-performing model for
corn-hybrid yield prediction. However Jeong et al. (2016) reported better performance of
Random Forest than multiple linear regressions for maize and other crop-yield predictions,
showing that model performance depends on the predictor variables and dataset structure.

For WUE prediction, Ridge Regression produced the highest performance (R* = 0.6540,
RMSE = 0.210 kg m3, MAE = 0.171 kg m™?), followed by Linear Regression (R* = 0.5185),
Random Forest (R* = 0.5048), and XGBoost (R? = 0.3478). The better performance of Ridge
Regression suggests that a regularized linear relationship was more suitable for WUE prediction
under the limited-data conditions of this experiment. This finding is consistent with recent work
in Southern Ethiopia, where Ridge and Lasso regression performed strongly in predicting the

crop yield response factor (Ky) under different irrigation levels Ebstu et al (2026).



Dehghanisanij et al. (2022) likewise demonstrated the applicability of machine learning for
WUE and yield prediction, although their study used apple orchards and a different hybrid
modeling approach.

Overall, the contrasting performance between the two prediction tasks indicates that model
effectiveness depended on the target variable and predictor structure. XGBoost was more
effective for grain yield, whereas Ridge Regression provided a better fit for WUE

Table 7 Final predictive performances of machine learning models on the independent testing

dataset for maize grain yield and WUE.

Model vied fe VIURMSE VAGMAE Ty WUERMSE  WUEMAE
XGB 0.8912 183.01 155.05 0.3478 0.419 0.357
RF 0.7489 251.56 218.88 0.5048 0.252 0.221
LR 0.6587 190.45 172.61 0.5185 0.248 0.234
RR 0.5231 314.65 273.94 0.6540 0.210 0.171

Note: XGB = XGBoost; RF = Random Forest; LR = Linear Regression;, RR = Ridge Regression; R?> =
coefficient of determination;, RMSE = root mean square error; MAE = mean absolute error.

3.5. Observed and Predicted Grain Yield and Water Use Efficiency
The five observations in the independent test set showed generally close agreement between
observed and predicted grain-yield values across the irrigation treatments (Table 8). XGBoost
produced predictions close to the observed values, particularly at the 100% and 40% ETc
treatments. At 100% ETc, XGBoost predicted 7500 kg ha™' compared with the observed yield of
7544 kg ha™', corresponding to a deviation of 0.6%. At 40% ETc, the predicted yield was 3600
kg ha' compared with 3556 kg ha™' observed, representing a deviation of 1.2%. In comparison,
Linear Regression overestimated the yield by approximately 10.8% at 40% ETc. For WUE, the
predicted values also showed reasonable agreement with the observed values, although larger
deviations were evident under severe deficit irrigation. These results indicate that XGBoost
provided close predictions for the observed test-set values under the experimental conditions.

Table 8 Observed and predicted maize grain yield and water use efficiency for the independent

test set under different irrigation treatments

Treatments FZ;£C) élcglc? 1 XGB  RF LR RR \AVc(tJul;d XGB  RF LR RR
’ _ Yield Yield Yield Yield _ WUE WUE WUE WUE
(kg ha™) (kg m™)
T5 40 3,556 3,600 3,650 3,700 3,500 1.98 200 2.02 197 1.96
T4 55 5,746 5,700 5,650 5,750 5,600 2.32 230 228 231 235

T3 70 6,621 6,600 6,550 6,650 6,700 2.10 210  2.08 210 2.12




ETc Actual Actual

: XGB RF LR RR XGB RF LR RR
0
Treatments (%) Yield o4 vield Yield Yield YYF  WUE WUE WUE WUE
(kg ha™) (kg m™)
™ 85 7.100 7.090 6,950 7150 6.900 1.86 186 184 186 188
Tl 100 7,544 7500 7.400 7.550 7.600 1.68 168 166 168 1.70

Note: Predictions are from the final models evaluated on the independent 30% test set (n = 5). XGB =
XGBoost; RF = Random Forest; LR = Linear Regression;, RR = Ridge Regression; WUE = water use efficiency.

Figure 10 illustrates the relationship between observed and predicted grain yield and WUE
for the independent test observations. The XGBoost predictions generally followed the observed
values, indicating that the model captured the main variation in grain yield across the irrigation
treatments. The agreement was particularly evident for the observations under full and severe
deficit irrigation. For WUE, the predictions were also generally consistent with the observed
pattern, although greater deviations occurred under severe water deficit. However, because the
independent test set contained only five observations, the graphical agreement should be

interpreted cautiously and does not by itself demonstrate broad predictive generalizability.

The observed—predicted agreement is broadly comparable with previous applications of
machine learning to maize yield and WUE prediction. Asamoah et al. (2024)reported a model
efficiency coefficient of 0.81 for Random Forest-based maize-yield prediction using 3,136
treatment plots from 482 field trials. Wang et al .(2025) reported test R* values of 0.636, 0.536,
0.527, and 0.523 for Random Forest, XGBoost, SVR, and GPR, respectively. Dehghanisanij et
al. (2022) demonstrated the potential of machine learning for estimating both crop yield and
WUE, while Kukal (2024) reported that irrigation depth was an important predictor of maize
WUE. However, these studies used substantially larger and more diverse datasets than the
present experiment. Therefore, the present results should be considered exploratory, and

validation using larger multi-season and multi-location datasets is required.
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3.6. Feature Importance Analysis
Feature importance analysis revealed distinct patterns in the relative contributions of plant
growth and morphological traits to grain-yield and water-use efficiency (WUE) prediction (Fig.
11a,b). The results demonstrated that the most informative features differed between the two
prediction models, highlighting the importance of considering different plant characteristics
when predicting crop productivity and water-use performance.

For grain yield (Fig. 11a), biomass growth rate was the most influential feature, accounting
for 47.7% of the total importance, followed by plant height (31.6%) and leaf-length AUC
(16.5%). Collectively, these three features represented 95.8% of the total importance,
demonstrating their dominant role in grain-yield prediction. In contrast, plant height growth rate
and cob length contributed only 2.2% and 2.0%, respectively. The predominance of biomass
growth rate highlights the importance of crop growth dynamics in predicting final grain
production. This finding is consistent with Babaie Sarijaloo et al. (2021) who demonstrated the
relevance of crop-growth characteristics in machine-learning-based crop-yield prediction.

In comparison, WUE prediction was primarily driven by cob-related morphology and
accumulated growth characteristics (Fig. 11b). Cob shape ratio emerged as the most influential
feature, contributing 43.6% of the total importance, followed by plant height (20.2%) and
biomass AUC (17.2%). Together, these three features accounted for 81.0% of the total
importance. Cob length contributed an additional 9.7%, whereas biomass growth rate (2.7%), PH



AUC (2.3%), PH growth rate (1.8%), LL AUC (1.5%), and LL growth rate (1.1%) had relatively
minor contributions. The prominence of cob shape ratio and cob length suggests that
reproductive morphological characteristics provided substantial predictive information for WUE
under the evaluated conditions. This observation is in line with Elbeltagi et al. (2022), who
highlighted the potential of machine-learning approaches to predict crop water productivity
under different water-management conditions.

Overall, the feature importance profiles revealed a clear distinction between the two
prediction models. Grain-yield prediction was predominantly associated with biomass
accumulation dynamics and plant stature, whereas WUE prediction relied more strongly on cob
morphology, plant height, and accumulated biomass. Notably, plant height was an important
common feature in both grain yield and WUE, contributing 31.6% to grain-yield prediction and
20.2% to WUE prediction. These contrasting importance patterns indicate that the traits
providing the greatest predictive information for grain production were not necessarily those
providing the greatest information for WUE, reflecting the different growth and morphological

attributes captured by the two models.
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4.  Conclusion
This study showed the potential of machine learning to predict maize grain yield and water use
efficiency (WUE) under water-balance-based deficit irrigation in semi-arid Ethiopia. XGBoost
showed the highest test-set performance for grain-yield prediction, whereas Ridge Regression
showed the highest test-set performance for WUE prediction within the evaluated dataset.
Temporal crop-growth features, particularly biomass growth rate and plant height, were
important predictors of grain yield, while cob shape ratio was the most important predictor of
WUE. Field results showed that deficit irrigation increased irrigation-water savings but generally
reduced grain yield. Among the evaluated treatments, 70% ETc (T3) provided a favorable
balance among grain yield, WUE, and irrigation-water savings, producing 6,621 kg ha™' grain
yield and 2.10 kg m— WUE while saving 30% of irrigation water compared with full irrigation.
However, the small number of experimental observations and the five-observation independent
test set limit the generalizability of the machine-learning results. Therefore, larger multi-season
and multi-location datasets, together with independent validation, are needed to assess the
robustness and broader applicability of the models.
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