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Rice (Oryza sativa L.) is a staple crop for sustaining global food security and is particularly important in tropical
and subtropical regions. In this context, precision agriculture enables more efficient crop management to in-
crease productivity and sustainability. This study proposes an integrated framework for monitoring the
phenological development and estimating the yield of O. sativa by combining agronomic variables, vegetation
indices (VIs), and meteorological data. Six rice varieties (Victoria, Esperanza, Bellavista, Puntilla, Capotena, and
Valor) were evaluated across six phenological stages using field data, 20 VIs and meteorological parameters.
Field data revelated greater tillering of the Puntilla and Valor varieties (9-28 tillers), with Esperanza having the
most stable chlorophyll values (21.5-38.7, 6 = 10.46) during ripening. The temporal dynamics of the VIs
consistently increased from the seedling to inflorescence emergence stage, followed by a decrease during
flowering and ripening, which aligns with known physiological transitions in rice, however, significant differ-
ences in the NDVI index were detected during ripening (p > 0.05). For yield estimation, feature selection was
performed using principal component analysis (PCA) and the least absolute shrinkage and selection operator
(LASSO) to increase model efficiency and interpretability. Among the regression algorithms tested, support
vector regression (SVR) demonstrated the highest predictive accuracy (R = 0.81) for the Bellavista variety at the
maximum tillering stage. Furthermore, the Valor variety presented the highest grain yield (13.70 t/ha). These
results underscore the potential of integrating multisource data with machine learning techniques for high-
resolution phenological monitoring and varietal performance assessment.

1. Introduction

Rice is the third most widely produced crop worldwide and serves as
a staple food for >3.5 billion people globally [1,2]. Global rice pro-
duction has shown an increasing trend in recent decades, reaching 512.9
million tons in 2022 [1,3]. The leading rice-producing countries
worldwide are China, India, and Indonesia [1,3]. Although Latin
America and the Caribbean are not among the top rice-producing re-
gions, rice remains the primary source of calories in many of the
countries in these regions [4]. A specific case is Peru, where rice is a

fundamental component of the basic food basket [1,4]; it ranks third in
national agricultural production [1] placing the country among those
with the highest average rice yields (8.4 t/ha) [5].

Rice demand has increased significantly worldwide, approaching the
volume available in the market [3]. Demographic projections estimate
that by 2050, the world population will reach 9.7 billion people [6]
requiring a 70 % increase in rice production to meet global food demand
[7]. At a more regional scale, Latin America and the Caribbean are ex-
pected to face complex socioeconomic scenarios [8]. Within this
context, considering the growing global population and rice
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Fig. 1. Location of the experimental plot and design scheme at the Yanayacu Experimental Center, Jaén, Cajamarca, Peru.

consumption, ensuring the supply of this staple crop is essential for
guaranteeing food security [9,10]. To address these challenges, two
main strategies have been adopted: expanding agricultural land and
increasing productivity indices. The latter approach depends on the
development of rice varieties adapted to specific edaphoclimatic and
agroclimatic conditions, combined with appropriate cultural practices,
including the use of fertilizers and integrated pest and disease man-
agement [2], as external factors such as climate and soil directly influ-
ence the development, yield, and grain quality of rice [11,12].

On the other hand, climate change and its associated effects such as
prolonged droughts, intense rainfall, and increased prevalence of pests
and diseases, have led to significant reductions in crop yields and pro-
ductivity [13,14]. As a consequence, these factors create uncertainty for
farmers, who growing challenges in adapting their agronomic practices
to increasingly variable and unpredictable conditions [15]. In response
to these challenges, various technologies have been implemented and
adopted in recent years to optimize resource use and improve yields
[16]; among these technologies, remote sensing has emerged as a
promising tool because of its capacity to monitor agroclimatic variables
in real-time and across multiple spatial scales [17,18], Remotely piloted
aircraft systems (RPASs) provide data at significantly higher spatial
resolution than satellites do [17], and although both technologies can be
used to assess crop health status [17,19,20] and to predict agronomi-
cally important variables [21,22], RPAS-derived data generally allow
for greater precision in estimations [17].

The potential of data mining in modeling the complex patterns in
diverse research domains [23], is a notable consideration. Machine
learning models, including nonlinear or autoregressive neural network
(NAR-NNs) [24,25] and Gaussian process regression [26,27], allow the
prediction of commodity price changes. Among the most relevant

agronomic variables, crop yield stands out because of its direct impact
on decision-making in crop management, particularly when timely in-
formation is available [20]. At a larger scale, early yield estimation
enables the assessment of the productive capacity of a plot before har-
vest [28], the identification of low-yielding areas, and the optimization
of fertilizer application—contributing to cost reduction and decreased
environmental impacts [22,28]. In addition, accurate yield prediction
aids the logistical planning of harvesting, storage, and marketing pro-
cesses, facilitating negotiations with buyers [21]. In rice cultivation,
yield has been effectively estimated through the modeling of
RPAS-derived imagery combined with field data such as plant height
[10,29-32]. The most commonly used modeling algorithms include
artificial neural networks, linear regression models, random forests
regression and support vector machines, all of which have demonstrated
efficiency in predicting crop yields [10,33].

In summary, sensors integrated into RPAS platforms enable highly
accurate monitoring of crop development throughout their phenological
stages [34,35]; the integration of mathematical modeling techniques
facilitates the estimation of phenological metrics [15,36,37], the map-
ping of responses to external factors such as diseases or water stress [20,
38]; and the estimation of foliar indices [39] and agronomic variables
such as nitrogen concentration, total biomass [10] and yield [21,29,
40-42]. While this represents a significant advancement in modern
agriculture, leading to higher production yields, maintaining or
reducing production costs, and optimizing agronomic, economic, and
environmental efficiency through the proper application of agricultural
inputs [33,43], there remains a need to evaluate its effectiveness and
performance across different environments and crop varieties [21];
furthermore, it is essential to explore alternatives on the basis of
field-derived data to improve the fit of models [44]. Notably, in many
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Fig. 2. General methodological framework applied to rice yield prediction. a) Data acquisition, which encompasses the collection of spectral, agronomic, meteo-
rological, and yield information; b) processing, involving the computation of vegetation indices (VIs) per experimental unit; ¢) modeling and analysis, which includes
the implementation of regression algorithms, model evaluation, and identification of key predictive variables; and d) implementation of regression algorithms

conducted in the Google Colaboratory environment.

cases, the available models exhibit limited explanatory power owing to
the “black box” nature of the data mining algorithms they employ [45].

In this context, the integration of agronomic data, vegetation indices
(VIs), and meteorological information constitutes a robust approach for
monitoring phenological development and estimating rice yield. Unlike
previous studies, this study includes field variables in addition to VIs,
and feature selection techniques are used to identify key variables that
contribute to improving yield prediction accuracy. The Shapley Additive
exPlanations (SHAP) method is also implemented to assess the indi-
vidual contribution of each variable to model performance, thereby
enhancing the interpretability of the results.

2. Materials and methods
2.1. Study area

This study was conducted at the Yanayacu Experimental Center,
which is located in the district and province of Jaén, Cajamarca region,
Peru. This experimental center is part of the Estacion Experimental
Banos del Inca which belongs to the Instituto Nacional de Innovacién
Agraria (INIA). The study area is characterized by a climate with tem-
peratures ranging from 19 °C to 33 °C and an average annual rainfall
between 350 mm and 1000 mm [46], as well as soils classified as eutric
Regosols and haplic Calcisols.

The experiment was carried out using a randomized complete block
design (RCBD). Six rice varieties (Victoria, Esperanza, Bellavista, Pun-
tilla, Capotena, and Valor) were evaluated, referred to as treatments.
These were distributed across three blocks, with experimental units
measuring 4 m x 3 m, resulting in a total of 18 experimental units. All
the plots were managed under uniform irrigation and fertilization

conditions. The varieties were sown in seedbeds on August 10, 2024.
Fertilization was applied in four stages, with a total of 282 kg/ha of
nitrogen (N), 115 kg/ha of phosphorus (P), and 52 kg/ha of potassium
(K). Harvesting was carried out on November 22 of the same year
(Fig. 1).

2.2. Methodological flow

The methodological design of this research is based on an integrated
multivariate approach that systematically articulates four key compo-
nents: (1) agronomic variables, (2) historical meteorological data, (3)
VIs derived from remote sensors, and (4) machine learning algorithms
developed specifically for rice yield prediction. This comprehensive
methodological framework is illustrated in Fig. 2a—d, which outlines the
data processing workflow from acquisition to the generation of predic-
tive models.

2.3. Monitoring the phenological stages of rice using agronomic variables

The rice varieties were evaluated across six phenological stages 11,
30, 48, 68, 86, and 104 days after sowing (DAS) in the final field plot
(Fig. 3). The collection of agronomic data began with the georeferencing
of 180 plants, which were evenly distributed across 18 experimental
units corresponding to six rice varieties, with three replicates each
(Fig. 1). The plants were subsequently labeled with unique identification
codes to facilitate measurements and ensure consistent tracking
throughout the study period. The in-situ measurements included plant
height (pH), number of tillers (NT), and chlorophyll content (CL), the
latter of which was measured using a portable SPAD 502 chlorophyll
meter — (Japan).
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Fig. 3. Evaluation time points according to phase, phenological stage, and days after sowing (DAS).

The collected data were then utilized to generate boxplots, which
were employed to visualize the temporal evolution. A One-way analysis
of variance (ANOVA) was used to determine statistically significant
differences, followed by Tukey’s multiple comparison test (p < 0.05) to
identify groups of rice varieties that exhibited significantly different
characteristics. Statistical analyses and data visualization were per-
formed in Google Colaboratory using the following Python packages:
pandas, matplotlib, seaborn, scipy.stats, and statsmodels.

2.3.1. Monitoring the phenological stages of rice using VIs

Multispectral images were acquired using a DJI Matrice 350 RTK
RPAS - (China) equipped with a Micasense RedEdge-P sensor (six bands:
475 nm, 560 nm, 668 nm, 717 nm, 842 nm, and 634.5 nm) — (United
States). Flights were conducted at an altitude of 15 m and a speed of 2
m/s, with 70 % lateral and 80 % frontal overlap. This resulted in
photogrammetric products with an approximate spatial resolution of 1
cm/pixel. Data acquisition was performed under optimal atmospheric
conditions, between 10:00 and 14:00 h.

The processing of multispectral data began with the generation of
six-band orthomosaics using Pix4Dmapper 4.5, which is based on geo-
spatial images captured during the RPAS flights. To ensure accurate
georeferencing of the orthophotos, three ground control points (GCPs)
were established in the field using a South Galaxy G7 GNSS receiver —
(China). Subsequently, 20 VIs (Table 1) were calculated on the basis of
the spectral reflectance values processed in ArcGIS Pro 3.4 (Fig. 2b).
Buffers (0.20 m) were created around the georeferenced plant points,
and the specific index values within each buffer were averaged to obtain
a representative value per plant. After the VIs were calculated, a
normalized difference vegetation index (NDVI) map was generated to
graphically illustrate the changes in the index across the different
phenological stages of the crop. A boxplot was then produced to display
the formation of significantly different groups, as determined by Tukey’s
HSD test. In addition, VIs were classified according to the spectral bands

they utilize and their intended purpose. The values were averaged and
visualized using heatmaps.

2.3.2. Monitoring the phenological stages of rice using meteorological data

Meteorological data were recorded daily throughout the entire crop
cycle, from sowing to harvest, using a weather station from the National
Service of Meteorology and Hydrology of Peru (SENAMHI), which is
located 160 m from the experimental plot. The evaluated parameters are
displayed as line charts; for their inclusion as independent variables in
yield estimation models, temperature and relative humidity were aver-
aged, while precipitation was recorded as cumulative [63]. Addition-
ally, wind speed data were collected; however, this parameter was not
included in the yield prediction models because of its low correlation
with response variables, such as Temp = temperature ( °C), RH =
relative humidity ( %) and P = precipitation (mm). The three variables
of interest were measured using the same collection method, which is
known as indirect measurement.

2.3.3. Measurement of yield in rice varieties

On day 104 after sowing, 180 evaluated plants were harvested, and
individual plant yield values were obtained. These values were
employed as inputs in regression algorithms to develop yield estimation
models. Additionally, all 18 experimental units were harvested to
project yield per hectare and the average yield per variety was calcu-
lated. To determine significant differences in yield among the six rice
varieties, a normality test was conducted using the Shapiro-Wilk test,
and homogeneity of variance was assessed with Levene’s test. Once
these assumptions were met, an analysis of variance (ANOVA) was
performed using the Google Collaboratory platform.

2.3.4. Yield estimation
Crop yield was estimated using agronomic information, VIs, and
meteorological data as input variables. To explore which combinations
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Table 1

List of vegetation indices (VIs) calculated in this study, including their formulas
and respective references. The indices were derived from spectral bands: red (R),
green (G), blue (B), red edge (RE) and near-infrared band (NIR) bands.

N° Indices Formula Reference
1 Normalized difference NIR — R [47]
L NDVI = ———
vegetation index NIR+R
2 Difference vegetation DVI =NIR—-R [47]1
index
3 Ratio vegetation index RVI — % [48]
4 Transformed NDVI NIR —R [49]
TNDVI = NIR +R+ 0.5
5 Renormalized DVI RDVI — NIR —R [50]
(NIR+R
6 Modified simple ratio NR 1 [51]
msR = —R
)
R
7 Soil adjusted vegetation SAVI — (NIR - R)(1+0.5) [471
index NIR+R+05
8 Optimized SAVI NIR — R [52]
OSAVI = 1.16.N71R TRI016
9 Modified soil adjusted MSAVI = 05.[2NIR+ 1 — [53]
vegetation index
\/(2NIR 1) — 8(NIR - G)
10  Enhanced vegetation EVI = [48]
index NIR - R
25% ——————
(NIR + 6R — 7.5B) + 1
11 Green normalized NIR - G [54]
difference vegetation GNDVI = NIR + G
index
12 Green DVI gDVl =NIR- G [51]
13  Normalized green index = NGI =G/(R + G + B) [55]
14  Chlorophyll index green Clgreen — (Ig) 1 [56]
15  Chlorophyll index Clre = (NIR /RE)—1 [57]
rededge
16  Leaf chlorophyll index Icl — NIR — RE [58]
NIR +R
17  Transformed TCARI = 3.[(RE —R)— 0.2(RE — [59]
chlorophyll absorption G)(RE /R)]
ratio index
18  Modified chlorophyll MCARI = [(RE —R)— 0.2%(RE — [60]
absorption in reflectance )+ RE
index 1
19  Chlorophyll vegetation oI — (NIR x R) [61]
index (CVI) G?
20 Structure insensitive SIPI — NIR — B [62]
pigment index NIR —R

of variables were most suitable for yield estimation, the following sce-
narios were considered: (1) agronomic, (2) meteorological, (3) VIs, (4)
AG + ME, (5) AG + VIs, (6) ME + VIs, and (7) AG + ME + VIs. Com-
binations that included VIs underwent a principal component analysis
(PCA) to identify the 12 most important features. The LASSO algorithm
was subsequently applied to reduce the number of features, prevent
overfitting, and improve model interpretability [34]. Finally, the
following regression algorithms were implemented: linear regression
(LR), polynomial regression (PR), support vector regression (SVR), de-
cision tree regression (DTR), and random forest (RF), using Python
scripts executed in Google Colaboratory (Fig. 2d).

Regression algorithms were applied in Google Colaboratory, pri-
marily using the scikit-learn library [64] along with NumPy and Pandas.
For linear regressions, the linear regression function was used [65]. To
implement decision tree regression, the decision tree regressor function
was imported from the sklearn.tree module, with a random state value of
0 and a maximum depth of 5 [66]. For random forest regression, the
random forest regressor function was imported from the sklearn.
ensemble module [67], which uses 100 trees (n_estimators = 100) and
sets the random state to 0. Polynomial regression was constructed using
the polynomial features function with a second-degree polynomial [68].
For support vector regression (SVR), the input data were first

Smart Agricultural Technology 12 (2025) 101203

standardized using the standard scaler [44]. The SVR function was then
imported from the sklearn.svm module, and the radial basis function
(RBF) kernel was used as the kernel function for SVR [69,70].

To evaluate the regression models, the coefficient of determination
(R?) was calculated (Eq. (1)), via the implementation available in scikit-
learn [71], and the models with the best fit were selected. In this context,
yi represents the predicted value of the i th sample, and y; is its corre-
sponding observed value in a dataset of n samples (Eq. (2)). The values of
this goodness-of-fit metric range from —oo to 1, with 1 indicating a
perfect fit, whereas negative values suggest that the model performs
arbitrarily worse than a horizontal mean line does [72].

$SSSS (@]

$SSSS 2)

Finally, for the best-performing models by variety, the Shapley Ad-
ditive exPlanations (SHAP) technique was implemented. SHAP allows
for the interpretation of decisions made by data mining models and
helps identify the key features contributing to their predictions [72].

3. Results
3.1. Agronomic variables

3.1.1. Plant height and number of tillers

The rice varieties presented significant differences (p < 0.05) from
the seedling stage, with Valor exhibiting a significantly greater plant
height (25-41.5 cm) than the other varieties did (Fig. 4a). During the
tillering stage, Victoria, Capotena, and Valor (38.3-69.5 cm) were
significantly taller than the other varieties were. From the flowering
stage onward, growth stabilized until the Ripening phase. In this final
stage, Victoria (110-135 cm) was significantly taller than Bellavista
(96-119 cm), Puntilla and Capotena (92-110 cm), and Esperanza and
Valor (79-108 cm) were (Fig. 4a). The Victoria and Bellavista were
classified as intermediate in height, whereas Puntilla, Capotena, Esper-
anza, and Valor were classified as semidwarf.

Among the six evaluated rice varieties, the average number of tillers
during the seedling stage was five, with no significant differences
observed at this stage (p < 0.05) (Fig. 4b). The number of tillers
increased progressively until the maximum tillering stage, with Puntilla
(+433 %) and Valor (+416 %) showing the greatest increases, whereas
Bellavista (+355 %) and Victoria (+349 %) presented the least tillering
development. After the maximum tillering stage, all the varieties pre-
sented evidence of tiller abortion. Victoria (—26.6 %) and Bellavista
(—24.2 %) presented the higher abortion rates, than Valor (—7.1 %) and
Puntilla (—14 %) did. During the inflorescence emergence stage, the
number of tillers tended to stabilize, with reductions ranging from —7 %
to —0.1 %. In the ripening stage, the varieties that recorded the greatest
number of fertile tillers were Puntilla and Valor (9-28), which were
significantly different from Esperanza (8-26), Victoria (8-25), and
Bellavista and Capotena (8-26) (Fig. 4b).

3.1.2. Chlorophyll

The SPAD values of the six rice varieties tended to increase from the
seedling stage (13-43.3) to the maximum tillering stage (30.5-49.0)
(Fig. 5). No significant differences were detected during the seedling,
maximum tillering, and flowering stages (p > 0.05). During ripening
stage, a generalized decrease in SPAD values was observed across all the
varieties, with significant differences detected among them (p < 0.05).
During this stage, the varieties with the highest chlorophyll content
were Bellavista (3.3-41.4), Valor (3.6-42.3), and Esperanza
(21.5-38.7), the latter exhibiting the lowest standard deviation (¢ =
10.46) (Fig. 5).
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Fig. 4. Phenological development of six rice varieties assessed through a) plant height (cm) and b) number of tillers across six growth stages: seedling, tillering,
maximum tillering, inflorescence emergence, flowering, and ripening. Each boxplot represents the median, interquartile range, and variability within each variety:
Victoria (blue), Esperanza (orange), Bellavista (green), Puntilla (red), Capotena (purple), and Valor (brown). The different letters above the boxes indicate statis-
tically significant differences among varieties within each phenological stage (p < 0.05, Tukey’s HSD test).

3.2. Vegetation indices

The NDVI map shows an upward trend in pixel values during the first
four phenological stages, starting with an average of 0.32 in the seedling
stage and reaching peak mean values of 0.93 and 0.95 during the
maximum tillering (Fig. 6a-c) and inflorescence emergence stages
(Fig. 6d), respectively. In the flowering and ripening stages, the greatest
declines were observed, with the NDVI values even reaching negative

levels (Fig. 6e and f).

The individually evaluated plants initially presented an increasing
trend in the NDVI values, with a homogeneous pattern observed during
the seedling and tillering stages (Fig. 7). From the maximum tillering
stage onward, the varieties began to; significantly differ; the variance
among them decreased from this stage through inflorescence emer-
gence.; the variances subsequently increased, with all varieties showing
statistically significant differences during the ripening stage (Fig. 7).
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Fig. 5. Chlorophyll content (SPAD units) of the six rice varieties across six phenological stages: seedling, tillering, maximum tillering, inflorescence emergence,
flowering, and ripening. The boxplots display the median, interquartile range, and variability of chlorophyll values for each variety: Victoria (blue), Esperanza
(orange), Bellavista (green), Puntilla (red), Capotena (purple), and Valor (brown). The letters above the boxplots indicate statistically significant differences among

varieties within each phenological stage (p < 0.05, Tukey’s HSD test).

Analysis of the mean values of VIs across the phenological stages of
the rice crop revealed a progressive increase from the seedling stage,
with values reaching peak values during maximum tillering, inflores-
cence emergence, and flowering, followed by a decrease during the
ripening stage (Fig. 8). This trend was consistent for the vegetation
indices based on the NIR and red bands (NDVI, RDVI, DVI, TNDVI, mSR,
and RVI) (Fig. 8a), as well as for the optimized soil-adjusted vegetation
indices (EVI, OSAVI, SAVI, and MSAVI) (Fig. 8b), and the green band
vegetation indices (GNDVI, GDVI, and NGI) (Fig. 8c). The pigment
indices (Clgreen, Clre, LCI, MCARI and CVI) also followed this general
trend (Fig. 8d). However, the SIPI and TCARI exhibited opposite or
partially opposite behaviors compared with the other VIs bands
(Fig. 8d). The SIPI was high during seedling (1.37 + 0.12), decreased
during tillering (1.03 + 0.03), stabilized in maximum tillering (1.00 +
0.00) stages, and inflorescence emergence (1.00 + 0.00), and then
increased again from flowering onward, reaching its highest values
during ripening (1.30 + 0.21). On the other hand, the TCARI showed a
fluctuating pattern, with its lowest values (—0.04 and —0.01) occurring
between maximum tillering and flowering (Fig. 8d).

Whit respect to the observed variability, the RVI index showed the
greatest dispersion, with standard deviations of ¢ = 6.89 during flow-
ering and 6 = 4.94 during maximum tillering (Fig. 8a). In contrast, mSR
showed less variability during flowering (¢ = 0.68) and ripening (¢ =
0.58) (Fig. 8a). Among the pigment indices, Clgreen presented the
greatest variability in inflorescence emergence (¢ = 1.82) and flowering
(6 = 1.65); the CVI presented the greatest variability during Ripening (¢
= 0.64) and Flowering (¢ = 0.51); Clre, similar to Clgreen, presented the
greatest dispersion in Inflorescence Emergence (¢ = 0.57) and Flowering
(6 =0.46) (Fig. 8d). Excluding these indices, the largest overall standard
deviations were recorded during the flowering (0.02-0.22) and ripening
stages (0.06-0.21). The variability decreased in the maximum tillering
(0.01-0.13), tillering (0.04-0.10), seedling (0.02-0.06), and inflores-
cence Emergence (0.01-0.05) stages (Fig. 8). This was followed by a
decline, with precipitation decreasing to 10.7 mm during the ripening
stage (Fig. 9b). The temperature remained stable throughout the period,
with an average of 27.8 °C and minimal variation (Fig. 9a). The relative
humidity, with an average of 43.8 %, exhibited a fluctuating pat-
tern—high values were observed during the seedling stage, followed by
a slight decrease in tillering, an increase up to the inflorescence emer-
gence stage, and a decline during flowering and ripening (Fig. 9c). These

patterns reflect the climatic fluctuations that influence the phenological
development of the crop.

3.3. Yield evaluation

All experimental units were harvested, and the yield per hectare was
projected. The Valor variety presented the highest average yield 13.70 t/
ha, followed by Esperanza 13.41 t/ha and Puntilla 13.17 t/ha (Fig. 10).
Although Valor had the highest average, Puntilla and Esperanza reached
higher values in one of their replicates, with variances of 1.53 and 2.18,
respectively, both greater than the 0.69 variance observed for Valor. The
yield values for each replicate and variety were subjected to normality
and homogeneity of variance tests. The Shapiro-Wilk test indicated that
the residuals followed a normal distribution (W = 0.9403, p = 0.5288),
whereas Levene’s test confirmed that the variances were homogeneous
among varieties (p = 0.8837). ANOVA revealed a significant effect of
variety on yield (F = 3.39, p = 0.0386); however, Tukey’s HSD post-hoc
test did not detect any significant differences between specific pairs of
varieties (p > 0.05 in all comparisons).

3.4. Estimation and modeling for yield prediction

The combinations of agronomic variables (AG) and agronomic plus
meteorological variables (AG + ME) produced similar R* values, Vic-
toria (0.38-0.71) (Fig. 11a) and Esperanza (0.51-0.69) (Fig. 11b) per-
formed best, whereas lower values were obtained for Bellavista
(0.02-0.70) (Fig. 11c), and weak performance was observed for the
remaining varieties (0.00-0.45). The combination of agronomic vari-
ables and VIs (AG + VIs), as well as the combined agronomic variables,
meteorological variables, and VIs (AG + ME + VIs), showed identical
performance in all the cases, with the highest R? values recorded for the
Bellavista variety (0.72-0.80) (Fig. 11d), and the lowest recorded for
Capotena (0.00-0.19) (Fig. 11e). R? values for models using only
meteorological variables (MEs) were excluded because of negative
values. Finally, the combination of only VIs showed good performance
across most varieties, with particularly strong fits for Bellavista (0.81)
and Victoria (0.70).

In terms of algorithm performance, linear regression (LR) and
polynomial regression (PR) performed best for the Victoria, with R?
values ranging from 0.41 to 0.70 and 0.00 to 0.71, respectively (Fig
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Fig. 6. Normalized difference vegetation index (NDVI) maps of six rice varieties (V1: Victoria, V2: Esperanza, V3: Bellavista, V4: Puntilla, V5: Capotena, and V6:
Valor) across six phenological stages: a) seedling (11 days), b) tillering (30 days), ¢) maximum tillering (48 days), d) inflorescence emergence (68 days), e) flowering
(86 days), and f) ripening (104 days). The NDVI values are displayed using a standardized color scale ranging from -1 to 1, where higher values indicate greater
vegetation vigor and greenness. Spatial distributions were derived from drone-based multispectral imagery and georeferenced to assess intravarietal differences in

canopy development over time.

11a). For the remaining varieties, random forest regression (RFR) and
decision tree regression (DTR) yielded the best fits, with maximum
values of 0.80 for Bellavista (RFR) and 0.69 for Esperanza (DTR)
(Fig. 11b). Finally, support vector regression (SVR) showed modest
performance across most varieties but achieved the highest R* value

recorded in the study for Bellavista (0.81) (Fig. 11c). For the Valor va-
riety, SVR achieved a maximum R? of 0.61, with positive values in 4 out
of the 6 variable combinations.

The maximum R? values by variety and phenological stage indicate
that for Victoria, the tillering and flowering stages were the most
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Fig. 7. Normalized difference vegetation index (NDVI) values of six rice varieties (Victoria, Esperanza, Bellavista, Puntilla, Capotena, and Valor) across six
phenological stages: seedling, tillering, maximum tillering, inflorescence emergence, flowering, and ripening. Each point represents the mean NDVI value for a given
variety and stage. The vertical bars indicate standard deviations. The letters above the points denote statistically significant differences among varieties within each
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suitable for sampling, yielding R? values of 0.70 with linear regression
(LR) and 0.71 with polynomial regression (PR). A similar pattern was
observed for Esperanza, with R? values of 0.68 and 0.69. In contrast, for
Bellavista, maximum tillering was the optimal stage, achieving the
highest R? values with support vector regression (SVR) (0.81), random
forest (RF) (0.80), and polynomial regression (PR) (0.60). Bellavista was
also the variety with the two highest R? values recorded in the study
(Fig. 12).

On the other hand, Puntilla, Valor, and Capotena were the varieties
with the lowest maximum R? values, reaching peaks of 0.67 and 0.61
during seedling, and 0.51 during tillering (Fig. 12). The most common
optimal phenological stages for yield prediction were tillering (mode =
6), maximum tillering (mode = 6), and flowering (mode = 5). The va-
rieties that presented the highest R? values were Bellavista (0.81) during
the maximum tillering stage, and Victoria (0.71) and Esperanza (0.69)
during the flowering stage (see Table 2). The models for Victoria and
Esperanza were based on agronomic variables (AGs).

For the Victoria variety (Fig. 13a), the variable plant height was the
most important, showing considerable dispersion in SHAP values, both
positive and negative. Lower plant height values contributed the most to
model accuracy, as did higher chlorophyll content and a lower number
of tillers. On the other hand, for the Esperanza variety (Fig. 13b), the
impact of the evaluated variables was less compared than that for Vic-
toria, as reflected by the less dispersed and lower-magnitude SHAP
values. In this variety, the most important variable was the number of
tillers, indicating that greater numbers of tillers improved model accu-
racy, along with higher values of plant height and chlorophyll content.

4. Discussion

Crop monitoring is a key tool for agronomic management, as it en-
ables the optimization of cultivation practices and supports evidence-
based decision-making [73]. The integration of in situ monitoring,
remote sensing techniques, and meteorological data allows for a more
robust analysis of crop development [63], providing essential insights
into crop growth and productive performance [18,63]. In this study, in
situ observations, remote sensing techniques, and meteorological data

were combined to assess the performance of six rice varieties throughout
a full production cycle, offering detailed information on their pheno-
logical development, morphophysiological traits, and responses to spe-
cific environmental conditions.

During the monitoring of agronomic variables, differences among
rice varieties were observed across phenological stages. The plant height
followed an expected pattern, with accelerated growth occurring during
the early stages and stabilization occurring during flowering and
ripening (Fig. 4a). The heights of the varieties Esperanza, Bellavista, and
Puntilla were within the expected range [74-76], while Capotena, pre-
sented higher values [77], which was likely due to nitrogen over-
fertilization [78], as the applied dose slightly exceeded the
recommended levels [79]. In addition to serving as an indicator of
overfertilization [78], plant height is a particularly important trait
especially in regions with high rainfall or strong winds, where the risk of
lodging increases. In such environments, the cultivation of semidwarf
varieties is more appropriate [80,81]. Therefore, Esperanza and Valor
could represent promising alternatives for tropical areas with adverse
climatic conditions, as well as opportunities for identifying genes asso-
ciated with lodging resistance.

The number of tillers tended to increase from the seedling stage to
maximum tillering stage and stabilized during the flowering stage
(Fig. 4b), which is characteristic of rice development [82]. The Valor
and Puntilla varieties presented the greatest number of fertile tillers
(20.0 and 20.3 per plant, respectively). These values are less than those
reported in India for the TKM 13 (26.9 per plant) and CO (R)50 (28.8 per
plant) varieties, which are classified as medium-maturing, and CR 1009
Subl (36.2 per plant) and ADT 50 (34.4 per plant) varieties, which are
late-maturing varieties [83]. The number of tillers is primarily a
genetically determined trait; however, timely nitrogen fertilization also
plays a critical role in its development [82,84]. Although tiller pro-
duction is largely governed by genetic factors, fertilization significantly
influences its expression [85]. Increasing nitrogen fertilizer doses can
increase the number of tillers [86], which in turn leads to greater panicle
production and higher crop yield [85] ultimately benefiting rice pro-
ducers [87].

In terms of chlorophyll content, low values were observed during the
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development.

initial stages, followed by an increase during vegetative growth and a
progressive decline during senescence (Fig. 5), in accordance with
canopy development and photosynthetic activity [10,88]. The Esper-
anza, Bellavista, and Valor varieties maintained high chlorophyll levels
even during the ripening stage, which may be attributed to their
semi-early maturity characteristics [74,75,89]. These findings suggests
that these varieties had not yet reached full physiological maturity at the
time of evaluation [90]. In contrast, the Capotena, Puntilla, and Victoria
varieties [76,77], which are not necessarily classified as early maturing
varieties, presented more abrupt and irregular declines in chlorophyll
levels (Fig. 5). This behavior may represent a developmental

disadvantage that could affect yield. Previous studies on the adaptation
of genetically modified rice varieties support these findings [91], sug-
gesting that chlorophyll dynamics are a key factor in the selection and
management of cultivars with superior performance under varying
agroclimatic conditions [90,91].

In relation to the monitoring of phenological stages using VIs, the
NDVI is widely used because of its sensitivity to green biomass [92].
NDVI maps allow for the spatial and temporal visualization of crop
physiological status [34]. In this study, the NDVI exhibited a unimodal
growth pattern, with low values during the seedling stage (0.32) that
increase until maximum values are reached during inflorescence

10



J.A. Fernandez-Jibaja et al.

Smart Agricultural Technology 12 (2025) 101203

---- Max temp.
—— Mean temp.
Min temp.
40 :
a) Temperature ~ PN o :
- - LN, \ g . - P IS 21 S -,
o, R \\"// ‘I\‘,\/\‘, \\,’\’I S \\II\\/ (AN / \i '\/\‘/«\/ AN N N\ K4 \ ’,‘E\\/\_z SV \\l,
30 Y N 1 v v (AP
20 1 :
6 —— Rainfall
b) Rainfall
(mm) 1
2
04
80 1

c) Relative humidity ¢ |

(%)

40

\f\/\/\f\/\/\/\/

RH

8
d) Wind speed
(m/s)

44

24

—— Max. wind speed

Seedling
(11 DAS)

Tillering
(30 DAS)

Inflorescence
(68 DAS)

Maximum Tillering
(48 DAS)

Flowering
(86 DAS)

Ripening
(104 DAS)

Fig. 9. Daily weather conditions recorded during the rice crop cycle, covering six phenological stages: seedling (11 DAS), tillering (30 DAS), maximum tillering (48
DAS), inflorescence emergence (68 DAS), flowering (86 DAS), and ripening (104 DAS). a) Temperature trends showing daily maximum, mean, and minimum values (
°C); b) daily rainfall (mm); c) relative humidity ( %); and d) maximum wind speed (m/s). These variables characterize the microclimatic dynamics influencing crop

development throughout the growing season.

Valor - X=13.66 0=0.69 |—|—|

Esperanza A X=13.45 0=1.53 |—|—I
3 Puntilla X=13.17 o=2.18] } |
(&)
§ Capotefia X=12.12 0=0.67 |—|—|

Victoria - X=10.98 0=1.34 |—|—|
Bellavista - X=10.12 0=1.12 |—|—|
0 2 4 6 8 10 12 14 16
Yield (t/ha)

Fig. 10. Projected yield per hectare for the Valor, Esperanza, Puntilla, Capotena, Victoria, and Bellavista rice varieties. X  represents the mean yield, whereas ¢
denotes the standard deviation. Valor presented the highest projected yield (13.66 + 0.69 t/ha), followed by Esperanza (13.45 + 1.53 t/ha) and Puntilla (13.17 +
2.18 t/ha). In contrast, Bellavista presented the lowest mean yield (10.12 £ 1.12 t/ha). The error bars indicate variability among replicates.

emergence (0.95) (Fig. 7), corresponding to increased leaf canopy
coverage [38]. After the onset of flowering, the NDVI values began to
decease, with the greatest difference observed during the ripening stage.
These declines are associated with the beginning of the reproductive
phase and the redistribution of resources toward grain filling [93]. By
the ripening stage, clear differences were observed, particularly in the
experimental units of Replication 3, which experienced lodging (Fig. 6).
This issue was detected through NDVI mapping and has been previously
reported, which complementing NDVI analyses using indices such as the
NDRE, EVI, and MSAVI is recommended for more accurate assessments
[351.

In addition to NDVI maps, VIs allow for real-time, nondestructive
assessment of crop physiological status, serving as indicators of biomass,
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vigor, chlorophyll content, and stress levels [94]. VIs respond differently
depending on the crop’s phenological stage [36]. During the seedling
stage, the NDVI (0.06) and GNDVI (0.05) (Fig. 8a and 8c) were greater
than the other normalized indices. These indices tend to overestimate
values under conditions of sparse vegetation [47,95]. In contrast, opti-
mized soil-adjusted vegetation indices (Fig. 8b) produced lower values,
more closely reflecting actual biomass content and proving useful for
identifying plants that failed to establish properly due to sowing-related
factors [47]. During the maximum tillering and inflorescence emergence
stages, the NDVI values reached saturation, with the standard deviation
decreasing to 0.01(Fig. 8a), which is a common limitation of this index
[29,40,95]. Among the indices used, the EVI does not saturate with
increased biomass [47], it shows greater standard deviation across
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Fig. 11. Maximum coefficient of determination (R?) values obtained from yield prediction models across six rice varieties: a) Victoria, b) Esperanza, c¢) Bellavista, d)
Puntilla, e) Capotena, and f) Valor. The models were constructed using five machine learning algorithms namely, linear regression (LR), decision tree regression
(DTR), random forest regression (RFR), polynomial regression (PR), and support vector regression (SVR) and evaluated based on six different combinations of input
features: agronomic data (AG), vegetation indices (VIs), agronomic + meteorological data (AG+ME), agronomic + vegetation indices (AG-+VIs), meteorological +
vegetation indices (ME+VIs), and Agronomic + Meteorological + Vegetation Indices (AG+ME+VIs). The bars represent the maximum R? values achieved for each
feature set and algorithm combination per variety, highlighting the variability in model performance and feature importance across genotypes.

individual plants (Fig. 8b). This variability may be associated with sig-
nificant differences in plant height (Fig. 4a) and chlorophyll content
(Fig. 5) among varieties. The inflorescence emergence stage represents a
critical point for nitrogen fertilization, as an adequate nitrogen supply
ensures proper panicle formation and grain filling [93]. Although the
NDVI values remained high during this stage, the GDVI was correlated
with the chlorophyll content and was used to determine nitrogen re-
quirements [96], with a standard deviation of 0.05 (Fig. 8c). This sug-
gests that not all varieties or individual plants respond uniformly to
nitrogen application [60], indicating the need for variety-specific
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fertilization strategies. This finding is further supported by the in-
crease in the standard deviation to 0.08 during the flowering stage.
Ripening is the final stage of the rice cycle, during which the crop
completes grain filling, reaches physiological maturity, and progres-
sively dries before harvest [97]. This stage presented the greatest degree
of differentiation among the varieties and the highest standard deviation
values (Fig. 8). During ripening, the NDVI values were negative in the
NDVI map (Fig. 6f), which can indicate harvest readiness [37] or un-
derlying physiological problems affecting crop health [35], both of
which ultimately impact yield.
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Table 2

Summary of the best-performing yield prediction models for each rice variety,
on the basis of the highest coefficient of determination (R?). The table outlines
the algorithm used, the phenological stage at which the best model performance
was achieved, the type of input combination, and the specific variables that
contributed most to model accuracy.

Variety Algorithm Stage Combination Inputs R?
Victoria PR Flowering AG High plant, 0.71
tillers,
chlorophyll
Esperanza  TD Flowering AG High plant, 0.69
tillers,
chlorophyll
Bellavista MSV Maximum Vis mSR 0.81
tillering
Puntilla RF Seedling ViIs NDVI 0.67
Capotena TD Tillering VIs GDVI 0.51
Valor RF Maximum Vis RVI 0.61
tillering

The crop progressed from the seedling to maximum tillering stage
during the dry season. During the vegetative growth phase, the average
temperature did not exceed the critical threshold of 35 °C (Fig. 9a),
which can inhibit shoot and root development as well as tiller prolifer-
ation [98]. The inflorescence emergence stage coincided with the onset
of the rainy season; during this period, rainfall and relative humidity
increased (Fig. 9b and 9c), helping to mitigate water stress a factor
known to reduce the number of branches and spikelets, especially when
temperatures exceed 33 °C, which can impair panicle development [99];
additionally, daytime temperatures above 35 °C or nighttime tempera-
tures exceeding 32 °C are known to reduce pollen viability in rice [100].
During the flowering stage, one of the most climate-sensitive phases
[101], the daytime temperatures did not exceed the sterility-inducing
threshold of 37.2 °C [101], and the relative humidity remained close
to 45 %, which is considered optimal. However, the occurrence of
rainfall during flowering may have caused pollen washout or led to
florets remaining closed [102], running the risk of prolonged rainy pe-
riods reducing light availability and increasing disease incidence, both
of which can negatively affect grain settlement. During the ripening
stage, environmental conditions influence the rate and duration of grain
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filling, as well as the final grain weight and quality [103]. The tem-
peratures ranged between 20 and 35 °C (Fig. 9a), remaining close to the
optimal range of 20-30 °C for grain filling [103]. However, the inci-
dence of rainfall and strong winds caused lodging in the Puntilla and
Capotena varieties, a condition that tends to reduce yield [104].
Therefore, it is essential to select varieties that are suited to local envi-
ronmental conditions and to develop crop calendars that align sowing
periods with favorable weather windows, minimizing the risk of adverse
climatic impacts during critical growth stages.

In terms of yield, the ANOVA test revealed significant differences
among the rice varieties; however, Tukey’s HSD post-hoc test was un-
able to clearly identify the best-performing varieties. This likely
occurred because the significant differences were not sufficiently large
[105]. In terms of the projected yields, the Valor (13.66 t/ha), Esperanza
(13.45 t/ha), and Puntilla (13.17 t/ha) varieties presented the highest
values (Fig. 10). Nevertheless, these yields are lower than those reported
in some Asian regions, where production can reach 20 t/ha [106]. These
differences may be attributed to genetic factors and differences in crop
management practices [41]. While projected data are useful for
extrapolating information from experimental trials, crop performance
must be evaluated under real field conditions to obtain more represen-
tative and reliable results [107]. Therefore, research on larger-scale
planting areas, which would allow for the generation of more accurate
values that better reflect actual agronomic management practices, is
recommended.

In terms of yield estimation, the performance of the variable com-
binations varied across the different rice varieties; however, Bellavista,
Esperanza, and Victoria presented the best model fits (Fig. 11c, 11b and
11a). In general, combinations that included meteorological data were
excluded because the LASSO algorithm implemented in the methodol-
ogy disregards constant variables and selects only the most relevant
features for the model [108]. Although other studies have used meteo-
rological variables to increase model accuracy, these variables are
typically included as nonconstant values, particularly at broader scales
such as regional level analyses using satellite imagery [63]. Among the
remaining combinations, the agronomic variables presented the best
performance for the Victoria and Esperanza varieties, suggesting that
this group of variables is more closely related to the yield of these spe-
cific genotypes. In contrast, for Bellavista, the VIs yielded the highest
model performance, followed by the combination of VIs and agronomic
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Fig. 13. SHAP summary plots showing the contributions of key agronomic variables to yield prediction models during the flowering stage for two rice varieties: a)
Esperanza and b) Victoria. The x-axis represents the SHAP values, indicating the magnitude and direction of each feature’s impact on the model’s output. Each dot
represents a single observation, colored according to the feature value (blue = low, pink = high).

variables. For the remaining varieties, the model fits were poor, which
may be attributed to a weak correlation between the dependent variable
(yield) and the predictor variables [109].

For Victoria and Esperanza varieties, the agronomic variables pre-
sented the best fit during the flowering stage (Fig. 12), likely because the
plants tend to maintain their structural integrity up to the ripening stage,
which is positively correlated with yield [10]. SHAP analysis revealed
that the importance of predictive variables varies among varieties,
indicating that plant height, number of tillers, and chlorophyll content
are key factors to consider when developing yield prediction models
(Fig. 13). In contrast, the Bellavista, Puntilla, Capotena, and Valor va-
rieties achieved better performance with VIs, particularly during early
phenological stages from the seedling to maximum tillering stages
(Fig. 12) likely because VIs do not reach saturation during these phases.
This allows algorithms such as support vector regression, random forest,
and decision tree algorithms to effectively utilize the available data to
estimate yield. Our best-performing model used the mSR index values
obtained during the maximum tillering stage, implemented through
support vector regression. This finding is consistent with several studies
[110] that also identified this phenological stage as optimal [10].
However, other authors have suggested Inflorescence Emergence as the
most suitable stage for yield prediction [42], although the R? values
reported in those cases (0.75) were lower than those obtained in this
study (0.81). While our results are modest in a monotemporal evaluation
approach, multitemporal studies have shown the potential to signifi-
cantly improve model prediction accuracy, reaching R? values as high as
0.95 [29]; therefore, we recommend conducting studies with extended
evaluation periods to collect more data and increase the predictive ac-
curacy of yield estimation models.

The monitoring of agronomic variables, VIs, and meteorological
conditions forms the basis for crop research, providing scientific evi-
dence to support decision-making processes [73]. Although this study
covered a full production cycle, making robust recommendations
regarding the implementation of specific varieties requires evaluating
their performance over at least three years and in different locations, as
pest pressures, phenotypic responses, and yields may vary depending on
seasonal conditions [107]. Additionally, the evaluation of a single
fertilization rate limits the ability to determine optimal nutrient levels to
maximize crop yield [78]. Nevertheless, the results obtained in this
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study provide a solid foundation for future research aimed at optimizing
the management of high-performing rice varieties, thereby contributing
to the development of more efficient and sustainable strategies for
agricultural production.

5. Conclusions

This study evaluated six rice varieties throughout a complete pro-
duction cycle, revealing distinct phenological responses under the spe-
cific environmental and agronomic conditions of the study area.
Monitoring enabled the classification of varieties on the basis of plant
height (the Victoria and Bellavista varieties exhibited intermediate
heights, whereas the Puntilla, Capotena, Esperanza, and Valor varieties
were categorized as semidwarf), the identification of varieties with
greater tillering capacity (Puntilla and Esperanza, with 9-28 tillers), and
the recognition of the variety with the most stable chlorophyll content
during the ripening stage (Esperanza, with SPAD values ranging from
21.5to 38.7, and 6 = 10.46). The use of vegetation indices (VIs) allowed
for the detection of distinct spectral responses among varieties across
developmental stages, with significant differences emerging particularly
during ripening. Furthermore, the inclusion of meteorological variables
contributed to explaining lodging events in the Capotena and Puntilla
varieties, which were associated with environments characterized by
less precipitation. This monitoring approach underscores the impor-
tance to evaluate local varieties in a holistic manner to inform decision-
making in rice cultivation. The integration of agronomic, spectral, and
meteorological data demonstrated the potential of machine learning
approaches for yield estimation, with support vector regression (SVR)
exhibiting the highest predictive accuracy (R*> = 0.81) for the Bellavista
variety at the maximum tillering stage. The limitations of this work
include the lack of historical field reports to standardize the application
of inputs for each variety at the evaluation site. To increase the
robustness and applicability of these methodologies, future research
should consider broader spatial and temporal scales and further refine
the use of VIs in relation to specific crop management practices.
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