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Abstract: Predicting rice yield accurately is crucial for enhancing farming practices and
securing food supplies. This research aims to estimate rice yield in Peru’s Lambayeque
region by utilizing spectral and textural indices derived from unmanned aerial vehicle
(UAV) imagery, which offers a cost-effective alternative to traditional approaches. UAV data
collection in commercial areas involved seven flights in 2022 and ten in 2023, focusing on
key growth stages such as flowering, milk, and dough, each showing significant predictive
capability. Vegetation indices like NDVI, SP, DVI, NDRE, GNDVI, and EVI2, along with
textural features from the gray-level co-occurrence matrix (GLCM) such as ENE, ENT, COR,
IDM, CON, SA, and VAR, were combined to form a comprehensive dataset for model
training. Among the machine learning models tested, including Multiple Linear Regression
(MLR), Support Vector Machines (SVR), and Random Forest (RF), MLR demonstrated high
reliability for annual data with an R? of 0.69 during the flowering and milk stages, and an
R? of 0.78 for the dough stage in 2022. The RF model excelled in the combined analysis of
2022-2023 data, achieving an R? of 0.58 for the dough stage, all confirmed through cross-
validation. Integrating spectral and textural data from UAV imagery enhances early yield
prediction, aiding precision agriculture and informed decision-making in rice management.
These results emphasize the need to incorporate climate variables to refine predictions
under diverse environmental conditions, offering a scalable solution to improve agricultural
management and market planning.

Keywords: vegetation indices (VIs); textural indices (TIs); multiple linear regression (MLR);
support vector regression (SVR); random forest (RF); cross-validation; machine learning

1. Introduction

Rice is the most widely consumed staple food globally, feeding more than 50% of the
world’s population [1]. It plays a critical role in the diets of Asia, Latin America, and the
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Caribbean, while its consumption is significantly increasing in Africa, reflecting a growing
trend in global demand [2]. For the 2023 /24 period, world rice production is projected to
reach 526.2 million tons, representing a 0.4% increase compared to the revised estimate for
2022/23 [3].

In Peru, paddy rice production under continuous flooded irrigation (CF) reached 1.5
million tons in 2023, with the Lambayeque and La Libertad regions being the primary
contributors. Yields of 9.51 tha~! were recorded across over 220,000 hectares nationwide [4].
However, this production entails significant resource consumption, with water usage
ranging from 12,000 to 20,000 m® ha~! and nitrogen applications reaching 200 to 320
kg N ha~! [5]. These practices pose critical challenges, including water scarcity [6] and
inefficiencies in nitrogen management [7], which exacerbate production costs, greenhouse
gas emissions, and pest vulnerability, while threatening food security [8]. Addressing
these issues requires the development of pre-harvest rice yield prediction models to inform
national food policy and resource management strategies [6].

Numerous studies indicate that the pre-panicle emergence stage is optimal for pre-
dicting grain yield using vegetation indices (VIs) [9-11]. VIs derived from spectral data
have shown strong correlations with crop phenotyping and final yields [12-15]. Specif-
ically, the normalized difference vegetation index (NDVI) and Visible Atmospherically
Resistant Index (VARI) demonstrate high accuracy in estimating rice yields at the booting
stage [11,16].

High-resolution imagery captured by unmanned aerial vehicles (UAVs) equipped
with RGB and multispectral cameras has proven effective for rice yield prediction, utilizing
indices such as NDVI, Normalized Difference Water Index (NDWI), Radar Vegetation
Index (RVI), and difference vegetation index (DVI) [9,11,17,18]. These methods have
been successfully applied in diverse regions, including China [10,11,19], Spain [12], and
Malaysia [20]. Furthermore, incorporating canopy structural parameters, such as plant
height and canopy cover, alongside VIs enhances predictive accuracy, as demonstrated by
Su et al. [15].

Beyond rice, these approaches have shown utility in other crops, including wheat [21],
maize [14], and beans [13]. Various VlIs, such as the Chlorophyll Index Red Edge (Clred-
edge), Chlorophyll Index Green (Clgreen), enhanced vegetation index (EVI), two-band
enhanced vegetation index (EVI2), and MERIS Terrestrial Chlorophyll Index (MTCI), have
also been effectively utilized for yield predictions in rice fields [9,11,15,17,22,23]. However,
their sensitivity typically diminishes during the reproductive growth stages [15].

UAV-derived RGB imagery provides detailed textural information, enabling the pre-
cise quantification of vegetation parameters [24]. Among the various approaches, textural
analysis focusing on the Normalized Difference Texture Index (NDTI) has shown signifi-
cant potential for biomass estimation in rice crops, outperforming conventional vegetation
indices in some cases [11]. In northeastern Colorado, USA, textural characteristics com-
bined with field measurements were effectively used to predict aboveground biomass that
could not be captured by spectral indices alone [25]. Moreover, textural data have proven
valuable in estimating panicle formation, a critical parameter for field-level crop yield
prediction [21].

A widely adopted method for extracting textural features is the gray-level co-
occurrence matrix (GLCM), which applies statistical techniques to analyze spatial rela-
tionships within an image [24]. The GLCM framework allows for the derivation of 28
distinct textural measures, of which eight are most commonly used: Energy (ENE), Entropy
(ENT), Correlation (COR), Homogeneity (HOM), Contrast (CON), Dissimilarity (DIS), Sum
Average (SA), and Variance (VAR) [25-29]. These measures are instrumental in enhancing
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the understanding of textural patterns, further supporting biomass estimation and yield
prediction.

Studies have demonstrated the effectiveness of integrating data from the visible and
infrared spectrum with textural information to enhance the accuracy of paddy rice yield
predictions [30]. The combination of textural and spectral features in high-resolution
imagery has proven valuable for applications such as crop classification modeling, leaf
area index estimation, and crop growth monitoring [19,29,31]. Composite indices derived
from this integration provide a robust theoretical framework for subsequent crop yield
assessments [19,29]. While spectral features primarily describe pixel intensity in each
band, textural features capture the spatial distribution of these pixel intensities, offering
complementary insights into crop conditions [24].

In this setting, employing hyperspectral and LiDAR sensors on UAVs has been demon-
strated to greatly enhance yield prediction across different crops. For instance, in maize, the
synergy between hyperspectral images and LiDAR information resulted in R? values rang-
ing from 0.75 to 0.79, surpassing the effectiveness of using each sensor independently [32].
Similarly, in bean cultivation, merging these two technologies led to an adjusted R? of 0.83
in the harvest period [33]. Furthermore, studies on rice crops emphasized that deploying
UAVs equipped with hyperspectral sensor technology markedly boosted the capacity for
yield prediction, showcasing an improvement in the precision of the acquired data [34].

In recent years, multispectral and optical remote sensing technologies using UAVs
have gained prominence as efficient tools for crop assessment due to their ability to capture
high-resolution images in real time [11,15,35]. Despite their advantages, such as superior
spatial resolution, UAVs face limitations in cost and their ability to cover extensive ar-
eas. Consequently, open-access satellite imagery, including Sentinel and Landsat, with
a resolution of 30 m, has emerged as a viable alternative. These satellite platforms have
demonstrated reliable accuracy in crop yield predictions, albeit slightly lower than that
of UAV imagery. However, satellite imagery is constrained by lower temporal resolution,
restricting its capability for continuous, plot-level monitoring [12].

Given these advancements, this study aims to develop a yield prediction model for
commercial rice areas in the Lambayeque region. By combining spectral indices and textural
measurements obtained from UAVs, the research seeks to optimize agricultural practices
in arid ecosystems. The proposed approach highlights the potential of integrating remote
sensing technologies for real-time decision-making, ultimately contributing to improved
agricultural management and food security.

2. Materials and Methods
2.1. Study Sites

The study was conducted in the Lambayeque region, focusing on commercial areas
well known for rice farming. This area is situated in the province of Ferrefiafe and includes
five distinct zones, where 37 plots were analyzed in 2022 and 35 plots in 2023 (refer to
Figure 1), as outlined in Table 1. The climate in the research area is categorized as BWh,
which signifies a warm desert climate under the Koppen classification system [36]. The
region experiences an average yearly temperature of 22 °C and receives an annual rainfall
of 20 mm.
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Figure 1. Study area: (a) geographical location of Peru; (b) Lambayeque region; and (c¢) commercial
zones: Caballito, Garcfa, Santa Julia, Totora, and Zapote.
Table 1. Characteristics of the study area.

Zones Longitude Latitude é;t::lslclli Area (ha) Sub-Plots Variety
Caballito  06°35/38.82"S  79°47'5.32"W 47 14.19 15 T‘é‘?};’;‘t‘z ;:d
Garcia 06°35'2.51"S  79°47'3.50"W 47 5.23 3 Tinajones

Santa Julia 06°36'25.99”S  79°47'31.85"W 42 8.55 7 Mallares
Totora 06°35'35.16""S  79°47'32.74"W 44 5.38 6 Puntilla
Zapote 06°35'44.20"S  79°47'8.04"W 46 6.01 6 Pakamuros

2.2. Meteorological Characteritics

The meteorological data for the study area during the months of rice crop development,
from January to June 2022 and 2023, include relative humidity (%), maximum temperature
(°C), minimum temperature (°C), precipitation (mm), and wind speed (m s~!). These data
were recorded at the automatic weather station of INIA-Vista Florida (Figure 2).
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Figure 2. Meteorological variables recorded during the rice growing season in 2022 and 2023:
(a) maximum temperature (°C), minimum temperature (°C), and precipitation (mm); (b) relative
humidity (%) and wind speed (m s~1). These data were collected at the automatic weather station of
INIA-Vista Florida.

2.3. Soil Characterization

Table 2 provides an overview of the soil’s physical properties in the commercial rice
fields analyzed in the study. Sampling was carried out at depth of 25 cm in five distinct
locations: Caballito, Garcia, Santa Julia, Totora, and Zapote. The data include information
on soil texture, bulk density, true density, field capacity, and permanent wilting point for
each location. The findings reveal variations in soil characteristics, such as bulk density,
ranging from 1.40 g cm 3 to 1.53 g cm 2, and field capacity values varying between 17.79%
and 29.50%. These variations highlight the diverse soil conditions present in the commercial
rice cultivation areas.

Table 2. Soil physical characteristics of commercial rice fields.

Permanent Wilting

Zones Soil Texture Bulk Density (g cm—3) Real Density (g cm—3) Field Capacity (%) Point (%)
Caballito Sandy loam 1.45 2.33 24.24 4 0.96 22.54 +1.33
Garcia Sandy loam 1.47 2.47 23.31 +0.73 12.33 £0.27
Santa Julia Clay loam 1.46 2.56 20.38 +0.53 11.79 £ 0.37
Totora Clay loam 1.53 2.6 17.79 £ 1.01 10.24 £ 0.50
Zapote Clay loam 1.4 2.53 29.50 4 1.96 16.58 & 0.53
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2.4. Crop Management

During the 2022 and 2023 growing seasons, work was conducted in five commercial
zones: Caballito, Totora, Garcia, Santa Julia and Zapote. In 2022, 37 subplots were evaluated,
while in 2023, the number was reduced to 35 due to salinity problems. The subplots ranged
from 5 to 12 hectares and the rice varieties Tinajones, Capotefia, Puntilla, Mallares, and
Pakamuros (Table 1), known for their tolerance to water stress, were grown. Tinajones,
with a semi-early cycle, has recorded yields of up to 14.0-15.0 t ha~!, while Capoteia,
with an intermediate cycle, has reached more than 12.0-13.0 t ha~! under commercial
conditions. Puntilla, Mallares, and Pakamuros have achieved up to 13.0 t ha~! under
optimal agronomic management. Transplanting was carried out 35 days after sowing (DDS)
with a planting frame of 25 x 25 cm and 2 seedlings per stroke, under a continuous flooding
(CI) system. In Zapote, fertilization was 265 N-72 P-50 K, while in the other zones, 263 N-92
P-75 K was used. Fertilizer application was distributed at three points: before transplanting
(5% N, 85% P and 100% K) and at 18 DDS (42% N and 15% P), and the rest of the nitrogen
was applied in equal parts during the tillering and cotton point stages.

Crop phenology was assessed using growing degree days (GDD), a highly effective
index for tracking and understanding crop development [37]. This method provides a
quantitative measure of heat accumulated over time, which is crucial for identifying key
milestones in crop growth. Figure 3 depicts the phenological cycle of the Capotefia rice
crop and Table 3 shows the flights during the phenological cycle of the study plots.
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Figure 3. (a) Flights carried out in the commercial areas; (b) phenology of the Capotefia variety
according to days post sowing (DPS).
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Table 3. UAV flights for the corresponding two-year growth phases in the commercial areas.
& p 8 year g p
Flight Date and Days Post Sowing (DPS)
Variet .. -
anety Tinajones y (.:aPOtena Tinajones (Garcia) Mallares (Santa Julia) Puntilla (Totora) Pakamuros (Zapote)
(Caballito) ) P
Growth
Stage 2022 2023 2022 2023 2022 2023 2022 2023 2022 2023
a1 06-March 06-March
T1llermg * (67) * (67) * * * * * *
Panicle " 10-March " 10-March . . " " . .
Initiation (71) (71)
Heading " 20-March " 20-March . " " " . 06-March
Stage (81) (81) (81)
Heading 17-March 24-March " 24-March " 20-March " 06-March . 10-March
Stage (83) (85) (85) (89) (83) (85)
Flowering 22-March 02-April 17-March 02-April . 24-March N 20-March . 20-March
Stage (88) (94) 97) (94) (93) 97) (95)
Flowering 01-April 06-April 22-March 06-April 17-March 02-April 17-March 24-March 17-March 24-March
Stage (98) (98) (102) (98) (100) (102) (98) (101) (102) (99)
Milk Stage 09-April 17-April 01-April 17-April 22-March 06-April 22-Mar 02-April 22-March 02-April
8 (106) (109) (112) (109) (105) (106) (103) (110) (107) (108)
Milk Stage 20-April 21-April 09-April 21-April 01-April 17-April 01-April 06-April 01-April 06-April
8 (117) (113) (120) (113) (115) (117) (113) (114) (117) (112)
Dough 26-April 07-May 20-April 07-May 09-April 21-April 09-April 17-April 09-April 21-April
Stage (123) (129) (131) (129) (123) (121) (121) (125) (125) (127)
Dough 06-May 11-May 26-April 11-May 20-April 07-May 20-April 21-April 20-April 31-May
Stage (133) (133) (137) (133) (134) (137) (132) (129) (136) (167)
. 06-May 11-May 26-April 07-May 26-April
Maturity i ! (147 * i (141) (138) (145) (142) i
Harvest . . . . . . 06-May 11-May 06-May .

(148) (149) (152)

* No drone flights were conducted during the 2022 and 2023 growing seasons for the corresponding phenological
stages.

2.5. Data Acquisition and Processing

Figure 4 presents the workflow designed for predicting rice yield based on data col-
lected during the 2022 and 2023 growing seasons. The process begins with the acquisition
of multispectral and RGB images using UAVs (unmanned aerial vehicles), complemented
by ground measurements. As indicated in Table 3, images were captured at a minimum
frequency of one flight every one to two weeks, between 10:00 a.m. and 2:00 p.m., to
ensure optimal lighting conditions for data acquisition. From these images, various spectral
indices are computed, including the normalized difference vegetation index (NDVI), nor-
malized difference red-edge vegetation index (NDRE), normalized difference vegetation
index green (GNAVI), simple index (SP), difference vegetation index (DVI), and enhanced
vegetation index 2 (EVI2). Additionally, texture indices such as energy (ENE), entropy
(ENT), correlation (COR), inverse difference moment (IDM), contrast (CON), mean sum
(SA), and variance (VAR) are extracted to accurately capture the conditions and variability
of the crops.

The extracted indices are then processed using Python, where feature selection meth-
ods, such as sequential forward selection, are applied to refine the model inputs. Machine
learning techniques, including Multiple Linear Regression (MLR), Support Vector Machine
Regression (SVR) with linear and radial basis function kernels, and Random Forest (RF),
are employed to develop predictive models. A “grid search” procedure is used to fine-tune
hyperparameters for optimal model performance.

The validation of the model was conducted using Leave-One-Out Cross-Validation
(LOOCYV) instead of traditional validation due to the limited sample size, allowing for
optimal utilization of available data and generating more robust performance estimates.
Furthermore, LOOCV minimizes information loss and reduces variability compared to
other methods, ensuring a more reliable and accurate assessment. In the final stage of
the workflow, the selected features and the most effective model are integrated to predict
rice yield. This approach leverages advanced remote sensing data and machine learning
techniques to produce accurate and reliable yield forecasts.
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Figure 4. Flow diagram of the methodology followed in this study.

2.5.1. Multispectral and RGB Imaging with an Unmanned Aerial Vehicle (UAV)

The aerial photographs were obtained using a DJI Matrice 300-RTK UAV from Shen-
zhen, China. This drone weighs 8.37 kg and measures 810 x 670 x 430 mm (length X
width x height). It features a Global Navigation Satellite System (GNSS) receiver along
with real-time kinematic (RTK) positioning systems that work with the Global Positioning
System (GPS). The UAV boasts a hovering accuracy of £0.1 m vertically and horizontally
in D-RTK mode, when there is no wind. A distinct multispectral sensor was used for
each survey year, as shown in Figure 5. In 2022, the sensor employed was the Micasense
RedEdge-MX, produced by MicaSense, Inc. in Seattle, WA, USA, which includes a down-
ward light sensor (DLS2). In 2023, the Parrot Sequoia, developed by Parrot S.A. in France,
was used. Both sensors are equipped with a sunlight sensor that assesses the light intensity
for their specific spectral bands, as detailed in Table 4. The captured images underwent
radiometric, atmospheric, and geometric adjustments. For radiometric calibration, a cali-
brated reflectance panel specific to each sensor and a sunlight sensor that automatically
modifies the readings based on ambient light were utilized [5]. The flight plan was crafted
considering the climatic conditions and the characteristics of the study area, as outlined in
Table 5.
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Figure 5. Flight platform and sensors. (a) DJI Matric 300 RTK, (b) Micasense RedEdge-MX multi-
spectral sensor, and (c) Parrot Sequoia multispectral sensor, together with their respective calibration
panels.

Table 4. Wavelength bands of multispectral sensors.

Band Name MicaSense RedEdge-Mx Parrot Sequoia
Blue 459491 nm -
Green 546.5-573.5 nm 480-520 nm
Red 661-675 nm 640-680 nm
Red-edge 711-723 nm 730-740 nm
Near-infrared 813.5-870.5 nm 770-810 nm

Table 5. Flight plans for commercial areas.

Resolution Frontal and Lateral Velocity Height . . Area

Zones (cm Pixel 1) Overlap (%) (ms1) (m) Time of Flight (m?)
Caballito 7 85 x 80 8.6 120 12'51" 181,000
Garcia 7 85 x 80 8.6 120 5 76,000
Santa Julia 7 85 x 80 8.6 120 7' 50" 109,000
Totora 7 85 x 80 8.6 120 541" 74,000
Zapote 7 85 x 80 8.6 120 19'54" 72,000

The images that were captured were processed using the Pix4Dmapper Pro software
(Pix4D S.A., Prilly, Switzerland), specifically version 4.4.12. This process was executed
through a series of sequential steps. Initially, the flight parameters were inputted, and
the camera specifications were configured, allowing the software to identify and process
the images accurately. Following this, the georeferencing of ground control points (GCPs)
placed on the ground was conducted, ensuring that at least four control points were present
for every monitored area. The next step involved adjusting the mesh’s density and texture
to create a point cloud that represented the surface. Afterward, the elevation model and
orthomosaic were developed. Finally, a georeferencing error analysis was conducted,
ensuring that the margin of error did not exceed 5 cm. To achieve this level of accuracy,
RTK or an optimal distribution of a sufficient number of GCPs was utilized. If the margin
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of error exceeded this threshold, the process was restarted from the beginning, potentially
increasing the number of images used in the georeferencing process [5].

2.5.2. Measurement of Rice Grain Yield

To assess the yield of rice, the initial step involved determining the moisture content
of the dehusked grains using a WILE-55 moisture meter manufactured by Farmcomp Oy
in Finland. This instrument provides moisture readings within the range of 8% to 30%,
maintaining an accuracy of +0.5%, and functions effectively between temperatures of 0 °C
and 40 °C. Measurements were taken once the grains achieved a moisture level of around
16%, ensuring that the moisture content was standardized to approximately 14% during
the weighing process. The commercial fields were harvested using mechanical methods,
occurring between days 140 and 166 of the crop growth cycle (DPS) in 2022, and between
days 139 and 157 DPS in 2023, contingent upon the specific subplot being assessed (refer to
Figure 6).

16 .
EE Yield-2022

Yield-2023

— = —
(=} N L
\|

@

Yield (tha™1)

Plot N*®

Figure 6. Rice yield data in tons per hectare (t ha~!) in commercial fields of Ferrefiafe for the years
2022 and 2023.

2.5.3. Spectral and Textural Index Calculations

VIs were extracted from multispectral orthomosaics obtained via UAV technology,
utilizing the green, NIR, red, and red-edge bands. Six specific VIs were chosen for the
study—NDVI, SP, DVI, NDRE, GNDV], and EVI2 (Table 6)—all of which are frequently used
in research to forecast crop yield. To derive Tls, RGB orthomosaics were analyzed using
the gray-level co-occurrence matrix (GLCM) approach [38,39]. This research utilized seven
well-established TIs: ENE, ENT, COR, HOM, CON, SA, and VAR (Table 7). The extraction
of texture based on GLCM was conducted with QGIS version 3.16.3-Hannover, using
the texture-GRASS plugin (https://grass.osgeo.org/grass-stable/manuals/r.texture.html,
accessed on 10 October 2024) [40]. Both VIs and TIs served as input variables for the model
predicting yield.
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Table 6. Applied spectral indices for yield evaluation in rice.
Spectral Indices Calculation Formula Sources
Normalized Difference _ NIR-Red
Vegetation Index (NDVI) NDVI = KR+ Red [16,18,19,41]
Simple Ratio (SP) sp =R [1,11,19,29]
Difference Vegetation Index (DVI) DVI = NIR — Red [11,17,19]
Normalized Difference Red Edge (NDRE) NDRE :%ﬁgggi [13-15]
Green Normalized Difference _ NIR—Green
Vegetation Index (GNDVI) GNDVI = RiR+Green [14,15]
Enhanced Vegetation Index 2 (EVI 2) EVI2 = 24 x %& [15,17,21]
Table 7. Textural indices applied for rice yield evaluation.
Texture Indices Calculation Formula Sources
Angular Second Moment (ENE) Y p(i, ])2 [1,29]
t]
Entropy (ENT) =LY p(i, j)log(p((i,])) [25]
t]
Correlation RN CICICHETN™
(COR) i o [25,31]
Inverse Difference Sy W) [31]
. P
Moment (IDM) T+ (- ])2
Contrast Ne—1 Ng—1 «—Ns—1 ..
(CON) ZHLOHZ{SZ,-L Zj8:1 }7(1,])} [1,29]
Sum Average (SA) ):lzﬁ Y .px+y(i) [1]
Variance (VAR) Y Y (i —u)?p(i,j) [25,31]
i

p(i, j) represents the probability of each pixel pair (7, ), where i and j are the gray levels within the window and
coordinates in the co-occurrence matrix. Ng denotes the number of unique gray levels in the quantized image,
corresponding to the original image’s gray value range. y and ¢ represent the mean and standard deviation of
p(i, j), respectively.

2.6. Modeling Methods
2.6.1. Multiple Linear Regression with Sequential Forward Selection (SFS-MLR)

MLR is commonly used to create calibration models; however, it may not be suitable
for datasets with numerous independent variables [42]. To enhance its performance, linear
models that can be interpreted through multiple linear regression with sequential forward
selection (SFS-MLR) analysis were utilized. This modeling approach was executed using the
Mixtend Sequential Feature Selector module (https://github.com/rasbt/mlxtend, accessed
10 March 2024) [43] within the Python programming environment (Version 3.13).

2.6.2. Support Vector Machine-Based Sequential Forward Selection Regression (SFS-SVR)

The sequential forward selection (SFS) algorithm begins by employing a single feature
to model the data using the given model [44]. A significant benefit of SFS is its capacity
to automatically choose a subset of more pertinent features, enhancing computational
efficiency and lowering generalization error by eliminating irrelevant or noisy features.
This is especially advantageous for algorithms lacking support for regularization [45].
Paired with the SVR [44], the variable selection process initially utilizes SFS. The procedure
initiates with an empty set and progressively incorporates the variable that most enhances
model performance [46]. This continues until the optimal input combination, based on
an evaluation function, is discovered. In this research, SFS-SVR with ‘linear’ and ‘rbf’
kernels, set with C parameters of 1, a tolerance of 0.001, and epsilon of 0.1, served as
the induction model. Mean square error was used as the criterion for minimization, and
resampling techniques were applied at each iteration to stabilize feature rankings. The
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variables chosen by SFS were then used as inputs for regression modeling. The processes
of variable selection and regression modeling were executed using the Python packages
‘Mixtend” and ‘Sklearn’.

2.6.3. Random Forest Regression (RFR)

RF is a supervised learning algorithm that combines multiple decision trees (ntree)
generated from random samples of predictor variables [46]. Furthermore, RF is robust
against collinearity among variables, which enhances prediction accuracy and minimizes
overfitting [47]. In this research, three key parameters were fine-tuned using a “grid search”
approach—the number of rounds (ranging from 1 to 150), the maximum depth of the trees
(between 3 and 20), and the maximum number of branching features (from 2 to 16)—to
forecast rice crop yield utilizing VIs and Tls. The model was developed using the Python
‘Sklearn’ library.

2.7. Model Validation

To evaluate the precision of the models in forecasting rice yield values at the plot level,
the coefficient of determination (R?), root-mean-square error (RMSE), and relative-mean-
square error (rRMSE) were employed. These measures enable the estimation of errors in
rice yield predictions. To ensure a comprehensive evaluation in this research, LOOCV was
utilized [44]. The calculation of these metrics was performed as follows:

- 1(Yj %‘)2

2_
RP=1- - — 1)
(1)
AN 2
o1 (Yj - Yj)
RMSE = - ()
rRMSE :RI\fSE x100% (3)

Y

where n is the total number of plots; Yj and Yj denote the jth measured and predicted values
of rice yield, respectively; Y is the average of measured yield.

3. Results
3.1. Relationships Between Yield and Vegetation Indices (VIs) and Textural Indices (Tls)

Figure 7 presents data on the number of plots assessed and the R? obtained by simple
linear regression between yield and VIs and TIs throughout various rice growth stages in
2022, 2023, and a combined analysis of both years. The prediction models were developed
by considering the average values of the flowering, milk, and dough stages, as these are
crucial for ensuring accurate predictions.

In Figure 7a, there is a noticeable increase in the number of plots evaluated as the
phenological stages progress, with the milk and dough stages in 2023 showing the highest
numbers. This increase in plot numbers contributed to more reliable yield predictions,
especially during these significant stages. Figure 7b illustrates the distribution of the R
for each growth stage in 2022 and 2023. In the 2022 season, flowering stage 2 proved to be
the most reliable for model development, with consistently higher R? values compared to
other stages. Conversely, in 2023, flowering stage 1 was identified as the best, showing a
similar trend of high R? values. When data from both years were combined, the flowering
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stage continued to demonstrate strong predictive reliability, emphasizing its importance in
yield prediction models.

Number of plots

Years (b)

. 2022 N 2023
1.0

0.8+

0.6

0.4

Coefficient of determination (R%)

0.2

Figure 7. Coefficient of determination (R?) of vegetation indices (VIs) and textural indices (TIs) in
relation to measured rice yield during phenological stages. (a) Number of plots evaluated for each
phenological stage in 2022 and 2023. (b) Distribution of R? values across phenological stages for 2022
and 2023.

It is important to note the absence of data for the tillering, panicle initiation, and
heading stages in 2023. This lack of information is due to the limited availability of
images during these phases, either due to unfavorable weather conditions, operational
constraints in data acquisition, or insufficient image quality. Despite this limitation, the
results suggest that post-tillering stages, particularly flowering and milk, remain crucial for
yield prediction.

These findings emphasize the importance of choosing the correct phenological stages
for model calibration and validation, along with the impact of sample size (number of plots)
on the consistency and dependability of predictions. The flowering stages consistently
proved effective across both years, highlighting their significance in yield modeling.

3.2. Correlation Analysis Between Multiple-Period Vegetation Indices (VIs) and Textural Indices
(TIs) and Rice Yield

These results underscore the potential of vegetation and texture indices as predictive
tools for assessing rice yield, with variations observed based on phenological stage and
the period of analysis. Table 8 summarizes the correlation coefficients between VIs, TIs,
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and rice yield across the 2022 and 2023 growing seasons, as well as the combined dataset
(2022-2023).

Table 8. Specific values and significance levels of correlation coefficients for spectral and textural
characteristics with rice yield in 2022, 2023 and both years combined (2022-2023).

Correlation Coefficients (r)

Spectral and 'Te?dural Flowering Milk Dough
Characteristics
2022 2023 2022-2023 2022 2023 2022-2023 2022 2023 2022-2023
NDVI 0.01 ns 0.15ns —0.14 ns 0.55 *** 0.27 ns 0.40 *** 0.59 *** 0.02ns 0.42 ***
NDRE 0.06 ns 0.46 ** 0.11ns 0.63 *** 0.35* 0.57 *** 0.71 *** 0.14ns 0.56 ***
GNDVI —0.16ns 0.28 ns —0.24* 0.61 *** 0.44 ** 0.45 *** 0.73 *** 0.12ns 0.49 ***
SP 0.02ns 0.11ns —0.13ns 0.47 ** 0.26 ns 0.38 *** 0.49 ** 0.03ns 0.43 ***
DVI 0.50 ** 0.01ns —0.04ns 0.69 *** —0.17 ns —0.04ns 0.60 *** 0.01ns 0.18 ns
EVI2 041* 0.01ns —0.04ns 0.68 *** —0.13ns 0.03ns 0.59 *** —0.01ns 0.28*
ASM 0.11ns —0.09ns 0.22ns 0.43 ** —0.40* 0.40 *** 0.59 *** —0.15ns 0.52
CONTR —0.49 ** —0.29ns —0.29* —0.07 ns 0.40* —0.09 ns —0.34* 0.20ns —0.08 ns
CORR —0.25ns —0.01ns —0.32* —0.17 ns —0.31ns —0.32** —0.59 #** —0.09 ns —0.47 #**
ENTR —0.12ns 0.07 ns —0.23* —0.32ns 0.34* —0.34** —0.64 ** 0.19 ns —0.49 **
IDM 0.15ns —0.04ns 0.26* 0.24ns —0.50 ** 0.30* 042* —0.24ns 0.36 **
SA —0.16ns 0.23ns —0.24* —0.21ns 0.04ns —0.33 ** —0.45** —0.14ns —0.48 ***
VAR —0.50 ** —0.30ns —0.29* —0.07 ns 0.39* —0.10ns —0.36* 0.20 ns —0.09ns

Note: ns is not significant at the p > 0.05 level; * is significantly correlated at the p < 0.05 level; ** is significantly
correlated at the p < 0.01 level; and *** is significantly correlated at the p < 0.001 level.

In 2022, VIs proved to be more effective yield predictors compared to TIs, particu-
larly during the milk and dough stages. In the flowering stage, most indices showed no
significant correlations, except for DVI (r = 0.50, p < 0.01) and EVI2 (r = 0.41, p < 0.05),
which exhibited a moderate relationship with yield. During the milk stage, NDRE (r = 0.63,
p <0.001), GNDVI (r = 0.61, p < 0.001), DVI (r = 0.69, p < 0.001), and EVI2 (r = 0.68, p < 0.001)
were the most reliable for yield estimation. In the dough stage, NDRE (r = 0.71, p < 0.001)
and GNDVI (r = 0.73, p < 0.001) maintained their strong predictive capacity. On the other
hand, textural indices displayed greater variability in their correlations, with significant
negative relationships in the flowering and dough stages, such as CONTR (r = —0.49,
p <0.01) and VAR (r = —0.50, p < 0.01), suggesting that higher texture heterogeneity might
be associated with lower yields. Overall, the milk and dough stages were the most relevant
for yield estimation, with NDRE and GNDVI emerging as the most consistent spectral in-
dices, while textural indices had a lesser influence and, in some cases, a negative correlation
with crop productivity.

In contrast, in the 2023 season, the relationship between VIs and yield was weaker
compared to 2022, indicating that environmental or management factors may have influ-
enced the predictive ability of spectral reflectance on rice productivity. In the flowering
stage, most indices showed no significant correlations, except for NDRE (r = 0.46, p < 0.01)
which exhibited a moderate association with yield. In the milk stage, NDRE (r = 0.35,
p <0.05) and GNDVI (r = 0.44, p < 0.01) were the most strongly related to yield, although
their values were lower than those in 2022. In the dough stage, VIs showed no significant
correlations, suggesting that in this year, reflectance at this stage was not closely linked
to rice yield. Regarding TIs, negative correlations were observed in the milk stage, partic-
ularly in ASM (r = —0.40, p < 0.05) and IDM (r = —0.50, p < 0.01), suggesting that lower
texture variability was associated with higher yields. In the dough stage, the relationships
between textural indices and productivity were inconsistent. Overall, the milk stage was
the phenological stage with the highest predictive capacity for yield, with NDRE and
GNDVI as the most reliable spectral indices, although with lower correlations than in 2022.
Textural indices had less influence on yield estimation and, in some cases, showed negative
correlations, suggesting that greater texture homogeneity could be associated with higher
crop productivity.
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For the combined dataset (2022-2023), VIs showed a stronger relationship with yield
compared to TIs, with the milk and dough stages being the most suitable phases for yield
prediction. In the flowering stage, most spectral indices were not significant, and some,
such as NDVI (r = —0.14, ns) and GNDVI (r = —0.24, p < 0.05), even showed negative
values, confirming that this stage is not optimal for yield estimation. In the milk stage,
NDRE (r = 0.57, p < 0.001), GNDVI (r = 0.45, p < 0.001), and NDVI (r = 0.40, p < 0.001)
were the most reliable predictors, although with a slight decrease in correlation magnitude
compared to 2022, suggesting an effect of interannual variability. In the dough stage, NDRE
(r=0.56, p < 0.001) and GNDVI (r = 0.49, p < 0.001) remained the strongest predictors,
although with slightly lower values than in 2022. On the other hand, TIs exhibited more
variable relationships with yield, with significant negative correlations in the milk stage,
such as ENTR (r = —0.34, p < 0.01) and CORR (r = —0.32, p < 0.01), indicating that lower
texture variability could be associated with higher yields. Overall, the combined analysis of
2022 and 2023 confirms that the milk and dough stages were the most suitable phenological
stages for yield prediction, with NDRE and GNDVI as the most consistent spectral indices,
although with a slight reduction in correlation strength due to interannual variability.

These findings highlight the dynamic relationships between spectral and textural
indices and rice yield, with substantial interannual variability. The results underscore the
value of integrating multi-season analyses and combining spectral and textural metrics to
enhance the robustness of predictive models under diverse environmental conditions.

3.3. Performance of Machine Learning Models for Rice Yield Prediction in 2022, 2023, and Their
Combination

3.3.1. Prediction Models with Multiple Linear Regression (MLR) and Support Vector
Machine (SVR) Using Sequential Forward Selection (SFS)

The prediction process employed MLR, support vector regression with a linear kernel
(SVR-linear), and support vector regression with a radial basis function kernel (SVR-rbf),
utilizing the SFS technique. Three distinct data scenarios were analyzed: VIs, TIs, and a
combination of both (VIs + TIs). Figure 8 displays the variables selected that correlated
with the optimal model performance, emphasizing those that achieved the lowest RMSE.
Meanwhile, Figures S1-59 present the selected variables and their performance for the
individual years 2022 and 2023, as well as the combined period of 2022-2023. Furthermore,
Tables S1-53 provide a detailed summary of the performance metrics for each model across
all scenarios and time periods assessed.

Figure 9 presents the results of the best-performing models for predicting grain yield
(tha~1!) across different phenological stages of rice cultivation. In 2022, the analysis was
conducted with a sample of n = 37 for the flowering, milk, and dough stages, while in 2023,
due to a reduction in the number of subplots, the study used n = 35 for the same stages.
For the combined period 2022-2023, a consolidated sample of n = 72 was analyzed.

These models, crafted using MLR and SVR-rbf, employed the SFS technique to de-
termine the best combination of VIs and TIs. Each subplot of the figure showcases the
models’ predictive capabilities through R>_CV values and root-mean-square error from
cross-validation (RMSE_CV), highlighting their effectiveness in accurately estimating grain
yield. Figure 9 underscores the selected features that were instrumental in reducing predic-
tion errors and enhancing model accuracy across different years and phenological phases.
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Figure 8. The optimal results from Sequential Feature Selection for Multiple Linear Regression (MLR)
and Support Vector Regression (SVR) models using vegetation indices (VIs), texture indices (TIs),
and their combination (VIs + TIs) across the flowering (a,d,g), milk (b,e,h), and dough (c,f,i) stages
for the years 2022 (a—c), 2023 (d—f), and the combined period of 2022-2023 (g-i).

3.3.2. Random Forest (RF)-Based Yield Modeling

An RF model was created to estimate rice yield during three key phenological stages:
flowering, milk and dough. In 2022, the analysis was conducted with a sample of n = 37 per
phenological stage, while in 2023, due to the reduction in the number of subplots, n = 35
was used. For the combined period 2022-2023, a consolidated sample of n = 72 was used.
The model optimization was conducted using a grid search approach, modifying both the
number of trees and the predictor variables related to VIs, Tls, and their combination (VIs +
TIs). The goal was to minimize the RMSE and enhance prediction accuracy.

In the flowering phase, the RF model achieved its best performance with 41 trees using
VIs, 146 trees with TI, and 121 trees when both indices were combined (VIs + TIs), as shown
in Figure 10. The selection process pinpointed three variables for VIs, 1 for TlIs, and four
for the combined indices. These results highlight the necessity of using diverse indices to
capture the complexity of variables during this vital stage of crop development.
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Figure 9. Predicted versus measured grain yield for Multiple Linear Regression (MLR) and Support
Vector Regression (SVR) models using vegetation indices (VIs), texture indices (TIs), and their
combination (VIs + TIs) across the flowering (a,d,g), milk (b,e h), and dough (cf,i) stages for the
years 2022 (a—c), 2023 (d—f), and the combined period 2022-2023 (g—i).
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Figure 10. Random Forest (RF) model for rice yield estimation during the flowering stage (2022-2023)
using vegetation (VIs) and textural indices (TIs): (a) out-of-bag error (OOB), (b) variable selection via
LOOCYV (RMSE), and (c) predictor importance.
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During the milk phase, the RF model needed 101 trees for VIs, 116 for TIs, and 46 for
the combined indices, as detailed in Figure 11. The chosen variables were three for VIs, four
for Tls, and one for the combination. At this stage, Tls had a greater predictive influence,
emphasizing their importance during this growth period.
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Figure 11. Random Forest (RF) model for rice yield estimation during the milk stage (2022-2023)
using vegetation (VIs) and textural indices (TIs): (a) out-of-bag error (OOB), (b) variable selection via
LOOCYV (RMSE), and (c) predictor importance.

For the dough phase, the model performed better with 146 trees using VIs, 41 trees
with TIs, and 71 trees with the combination of both indices, as illustrated in Figure 12. Here,
two variables were selected for VIs, seven for TIs, and three for the combined indices. These
findings suggest that Tls are particularly crucial during the maturation phase, significantly
enhancing model accuracy.
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Figure 12. Random Forest (RF) model for rice yield estimation during the dough stage (2022-2023)
using vegetation (VIs) and textural indices (TIs): (a) out-of-bag error (OOB), (b) variable selection via
LOOCYV (RMSE), and (c) predictor importance.
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The specific configurations and selected variables are detailed in Tables S4-56, offering
further insights into analysis and replication of the results obtained.

Figure 13 illustrates the predicted grain yield outcomes versus the measured yield,
incorporating various combinations of explanatory variables and crop phenological stages.
RF models are presented, utilizing VIs, Tls, and a combination of both (VIs + TIs), for the
phenological stages of flowering, milk, and dough for the 2022 and 2023 seasons, as well as
for the combined cycles of 2022-2023.
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Figure 13. Predicted versus measured grain yield for Random Forest (RF) models using vegetation
indices (VIs), texture indices (TIs), and their combination (VIs + TIs) across the flowering (a,d,g),

milk (b,e,h), and dough (c,f,i) stages for the years 2022 (a—c), 2023 (d—f), and the combined period
2022-2023 (g-i).

In the flowering stage of 2022-2023 (Figure 13g), the RF model based on VIs achieved
the best outcome, with a coefficient of determination (R2) of 0.45, an RMSE_CV of 1.39 t
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ha~!, and an RMSE-CV% of 14.20%. During the milk stage of 2022 (Figure 13b), a notable
result was obtained with an R>_CV of 0.52 and an error similar to that of the flowering
stage; additionally, for the same year, in the dough stage (Figure 13c), the performance
increased, with an R?_CV of 0.63 and an RMSE_CV of 1.40 tha™".

In summary, the RF models based on the combination of VIs and TIs demonstrated the
best predictive performance across all the phenological stages analyzed, especially during
flowering in 2022 and for the combined 2022-2023 cycle in the flowering stage, as shown in
Figure 13.

3.3.3. Performance of the Yield Prediction Models

Table 9 shows the effectiveness of the yield prediction models by employing three
different machine learning techniques: MLR, SVR, and RF. These models were validated
using the LOOCV method. The outcomes of the regression analysis are depicted in Figures 9
and 13, while the criteria for selecting variables are outlined in Sections 2.6.1-2.6.3. In
the RF model, the out-of-bag (OOB) method was used to determine the most impactful
variables, with the findings detailed in Tables S4-56.

Table 9. Assessment of machine learning model performance in forecasting grain yield at various
growth stages for 2022, using Leave-One-Out Cross-Validation (CV).

Validation (Leave-One-Out CV)

Machine Learning

Models Flowering Milk Dough
R2_CcV RMSE_CV (tha™1) rRMSE_CV (%) R2_CV RMSE_CV (tha™1) rRMSE_CV (%) R2_CV RMSE_CV (tha—1) *RMSE_CV (%)
Vegetation Index (VI)

Multiple L(i}f‘;ff{)l{eg’e“w“ 0.67 133 0.80) 12.94 (7.75) 0.58 1,50 0.86) 14.54 (8.36) 075 1.16 (0.62) 1129 (6.02)
s“prertVVIfffi‘r’\’e x)‘“hi“e 0.52 1.61 (1.06) 15.59 (10.31) 044 1.72 (1.03) 16.71 (10.05) 0.66 1.35 (0.86) 13.09 (8.38)
Supporfs‘src;_(:gg/fachi“e 047 1.68 (1.15) 1635 (11.14) 039 1.81 (1.19) 17.55 (11.60) 052 1,59 (1.02) 15.46 (9.91)

Random Forest (RF) 032 1.90 (1.36) 1845 (13.21) 043 1.75 (1.01) 16.95 (9.83) 050 1.64 (1.02) 1591 (9.94)
Texture Index (TT)

Multiple L(i;‘/f&r{)[{eg’e“i"“ 0.15 2.13(1.27) 2068 (12.31) 022 2,04 (1.25) 19.77 (12.15) 0.59 148 (0.92) 14.34 (8.96)
Sup Pi;‘v\ﬁi‘izregf;’cm“e 0.20 2,07 (1.36) 2007 (13.21) 0.25 2,00 (1.31) 19.45 (12.77) 0.60 1.45 (0.98) 14.12 (9.53)
SUPPM:S‘\’/EIC{E fl\)’la“hL“e 0.40 1.79 (1.19) 17.34 (11.59) 0.32 1.91 (1.21) 18.51 (11.75) 0.51 1.61 (1.08) 15.68 (10.52)

Random Forest (RF) 026 1.98 (1.19) 19.22 (11.53) 015 213 (1.43) 2072 (13.92) 050 1.64 (1.04) 1591 (10.13)
all (IV+TI)

Multiple Linear Regression 0.69 1.29 (0.76) 12.57 (7.33) 0.69 1.28 (0.80) 12.46 (7.75) 0.78 1.09 (0.69) 10.61 (6.68)
S“Fp‘zg‘\y[gfg‘:ex)"’c}‘i“e 050 1.63 (0.99) 15.86 (9.61) 0.63 1.40 (1.00) 13.61 (9.75) 072 1.21 (0.76) 11.77 (7.39)
SUPPM:S‘&C;% f“)’l“d‘h‘e 051 1.62 (1.10) 15.76 (10.64) 048 1.67 (1.08) 16.17 (10.50) 0.62 1.41 (0.98) 13.74 (9.49)

Random Forest (RF) 041 1.77 (1.05) 17.23 (10.22) 052 1,59 (1.07) 15.48 (10.40) 063 1.40 (0.85) 13.64 (8.30)

Note: Values in bold represent the best performance achieved by the machine learning models at each phenological
stage (Flowering, Milk, and Dough).

Based on the information presented in Table 9, the MLR model, which incorporates
both VIs and Tls, demonstrated the most exceptional performance in forecasting grain yield
across different growth stages in 2022. It achieved the highest R>_CV values at every stage.
Specifically, the model attained an R%_CV of 0.69 during the flowering stage, an R%_CV of
0.69 during the milk stage, and an R>_CV of 0.78 during the dough stage. Furthermore,
it exhibited the lowest RMSE and rRMSE values, indicating greater prediction accuracy.
When compared to other models, such as the SVR in both its linear and radial forms, the
MLR model using the combined indices consistently outperformed them, as evidenced by
its higher R? and reduced errors in the RMSE and rRMSE metrics with cross-validation.

Based on the data presented in Table 10, the SVR-rbf model, which utilizes a combina-
tion of VIs and TIs, demonstrated the best performance in forecasting grain yield at the
flowering and milk stages in 2023. This model reached the highest R?_CV values at these
stages, with an R2_CV of 0.26 during flowering and 0.24 during the milk stage. Conversely,
at the dough stage, the Random Forest model excelled, achieving the highest R?_CV with a
value of 0.20.
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Table 10. Assessment of machine learning model performance in forecasting grain yield at various
growth stages for 2023, using Leave-One-Out Cross-Validation (CV).

Machine Learning

Validation (Leave-One-Out CV)

Models Flowering Milk Dough
RZ_CV RMSE_CV (tha~1) rRMSE_CV (%) R2_CV RMSE_CV (tha~1) rRMSE_CV (%) R2_CV RMSE_CV (tha™) rRMSE_CV (%)
Vegetalion Index (VI?

Multiple L(‘I‘\‘/ffrr{;{eg’ess“’“ 0.11 0.96 (0.63) 10.37 (6.86) 0.12 0.95 (0.62) 10.32 (6.73) 0.10 0.96 (0.59) 10.43 (6.37)
S“Pp‘gvvl:jg‘r’]:‘l\f;‘cm“e 016 0.93 (0.61) 10.07 (6.59) 015 0.94 (0.64) 10.13 (6.89) —0.06 1.04(0.70) 11.30 (7.55)
S“PP‘“ES‘\’;‘[C;_‘;E f“)/["’d“““ 014 0.94 (0.53) 1017 (5.79) 011 0.96 (0.63) 1035 (6.88) 0.00 1.02 (0.63) 11.01 (6.78)

Random Forest (RF) 013 0.94 (0.59) 10.23 (6.39) —0.16 1.09 (0.68) 11.82 (7.35) —0.19 1.11 (0.68) 11.99 (7.35)
Texture Index (TI)

Multiple Linear Regression 0.06 0.98 (0.58) 10.64 (6.29) 0.05 0.99 (0.65) 1071 (7.07) —0.04 1.03 (0.70) 11.19 (7.58)
SUPP(;’S‘VVQS:\’E i\f)‘“hi“e 0.06 0.99 (0.62) 10.69 (6.66) 0.12 0.95 (0.59) 10.34 (6.42) —0.03 1.03 (0.67) 11.18 (7.27)
SUPP"';S\&?_‘:ESA“CM“Q 0.23 0.89 (0.59) 9.63 (6.43) 0.23 0.89 (0.54) 9.67 (5.89) 0.04 0.99 (0.64) 10.78 (6.89)

Random Forest (RF) ~0.06 1.04 (0.60) 1131 (6.53) 0.18 092 (0.51) 9.93 (5.56) 0.20 0.91 (0.59) 9.86 (6.36)
all IV+TI)

Multiple L(I;‘/f&r{)Reg’e“‘““ 012 0.95 (0.62) 1031 (6.74) 013 0.95 (0.65) 1024 (7.04) 0.10 0.96 (0.59) 1043 (6.37)
Suppjgv‘ﬁfl‘if‘regf)“d‘i“e 0.16 0.93 (0.61) 10.07 (6.59) 0.12 095 (0.59) 1034 (6.42) ~0.07 105 (0.68) 1136 (7.33)
S”PP"rES\\’fI‘{fZEfI\)Aa“hi“e 0.26 0.87 0.54) 9.45 (5.81) 024 0.88 (0.54) 9.56 (5.90) 0.02 101 (0.64) 1089 (691)

Random Forest (RF) 011 0.96 (0.58) 10.35 (6.32) 0.04 0.99 (0.62) 10.75 (6.73) 011 0.96 (0.59) 10.37 (6.40)
Note: Values in bold represent the best performance achieved by the machine learning models at each phenological
stage (Flowering, Milk, and Dough).

Based on the information provided in Table 11, the machine learning models that
demonstrated superior effectiveness in forecasting grain yield across various phenological
phases for the 20222023 period were the RF and MLR models. At the flowering stage, the
RF model obtained the leading R?>_CV value of 0.45. Conversely, during the milk stage,
the MLR model excelled, achieving the top R?_CV value of 0.52, surpassing other models.
Lastly, in the dough stage, the RF model once again emerged as the leader, attaining
the highest R>_CV value of 0.58. These results underscore the RF model’s outstanding
performance in the dough stage and the MLR model’s superiority in the milk stage.

Table 11. Assessment of machine learning model performance in forecasting grain yield at various
growth stages for 2022-2023, using Leave-One-Out Cross-Validation (CV).
Validation (Leave-One-Out CV)
Mach]i\:[\;;:lzming Flowering Milk Dough
RZ_CV RMSE_CV (t hafl) rRMSE_CV (%) RZ_CV RMSE_CV (t hafl) rRMSE_CV (%) RZ_CV RMSE_CV (t hafl) rRMSE_CV (%)
Vegetation Index (VI)

Multiple L(‘If‘/fi‘f{)Reg‘esm“ 036 150 (0.94) 1532 (9.64) 047 1.36 (0.85) 13.92 8.71) 042 1.43 (0.93) 14.57 (9.55)

Supp TS‘V\;:CI‘}ZZ i\f)‘“h“‘e 030 1.57 (1.12) 16.07 (11.44) 0.40 1.46 (0.96) 14.90 (9.78) 039 1.47 (0.96) 15.00 (9.85)

S“PP(";S\\/fl;t_(r’gg/[“Chi“e 041 1.44 (0.99) 14.70 (10.11) 036 1.51 (1.03) 15.39 (10.49) 0.50 132 (0.92) 13.52 (9.37)
Random Forest (RF) 045 1.39 (0.92) 14.20 (9.39) 037 149 (0.93) 15.26 (9.51) 047 1.36 (0.88) 13.95 (9.00)
Texture Index (TI)

Multiple Linear Regression 0.15 173 (1.17) 17.72 (11.99) 025 1.62 (1.10) 16.59 (11.27) 0.30 1.57 (1.01) 16.09 (10.35)
S“Pf’”(rs‘v\ﬁfl‘;‘re:’rl)“d‘h‘e 0.10 1.78 (1.30) 18.20 (13.32) 0.18 1.70 (1.21) 17.34 (12.37) 022 1.66 (1.18) 16.95 (12.10)
S“Pp"rfs\\/;’gigg/mm“e 0.16 1.72 (1.23) 17.60 (12.62) 0.18 1.70 (1.19) 17.37 (12.22) 0.44 1.40 (0.98) 14.31 (9.99)

Random Forest (RF) 0.25 1.62 (1.06) 16.58 (10.87) 0.28 1.60 (1.16) 16.34 (11.82) 0.45 1.40 (0.96) 14.29 (9.77)
Callav+tn

Multiple Linear Regression 042 142 (0.89) 14,55 (9.13) 0.52 1.31 (0.84) 13.35 (8.62) 0.56 125 (0.82) 12.73 8.35)
Supp‘zrst\yrgj‘i‘:e:f)"’d‘i““ 0.28 1.59 (1.13) 16.29 (11.56) 0.48 1.36 (0.90) 13.89 (9.25) 0.49 1.35 (0.84) 13.75 (8.61)
S“Pp“r:s‘ﬁf‘r’i fl\)’lad‘i“e 0.40 1.45 (0.99) 14.86 (10.14) 035 152 (1.03) 15.52 (10.58) 057 1.24 (0.84) 12.63 (8.64)

Random Forest (RF) 0.44 1.41(0.89) 14.39 (9.13) 046 138 (0.92) 1410 (9.44) 0.58 1.21 (0.81) 12.41 (8.24)

Note: Values in bold represent the best performance achieved by the machine learning models at each phenological
stage (Flowering, Milk, and Dough).

4. Discussion
4.1. Importance of Vegetation and Texture Indices in Rice Yield Prediction

Analysis of the R? relationship between rice yield and VIs and TIs (Figure 7) highlights
the impact of phenological stages on predictive performance. In Figure 7a, the number
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of plots evaluated during 2022 is consistently higher in later phenological stages, which
likely contributes to better model stability and accuracy compared to 2023. This aligns with
previous findings suggesting that larger sample sizes improve yield predictions [15,24,48].
Additionally, the number of evaluated plots significantly influenced prediction stability,
with stages involving a greater number of plots exhibiting improved predictive accuracy.
This emphasizes the critical role of sample size in enhancing model reliability. Previous
studies have recommended a minimum of 10-20 subplots [48], with successful rice yield
predictions using sample sizes ranging from 22 to 122 subplots [9,11,15,18]. These findings
underline the importance of representative sample sizes (>15 subplots) for accurate and
reliable model development.

4.2. Temporal Variability of Correlations and Their Impact on Prediction

The Pearson correlation coefficient (r) analysis for 2022, 2023, and the combined 2022—
2023 period confirms that the milk and dough phenophases were the most suitable for yield
prediction in both years (Table 8), with NDRE and GNDVI being the most reliable spectral
indices, although interannual variability slightly reduced correlations in the combined
analysis. In 2022, the milk stage showed the highest correlations with NDRE (r = 0.63) and
GNDVI (r = 0.61), while in the dough stage, NDRE (r = 0.71) and GNDVI (r = 0.73) emerged
as the best predictors. In 2023, correlations at the milk stage were lower but still significant,
with NDRE at r = 0.35 and GNDVI at r = 0.44, while in the dough stage, most spectral
indices showed no significant relationships with yield. In the combined 2022-2023 analysis,
the same indices maintained their relevance, with NDRE (r = 0.57) and GNDVI (r = 0.45) in
the milk stage and NDRE (r = 0.56) and GNDVI (r = 0.49) in the dough stage. In contrast, the
flowering phenophase was not a reliable stage for yield estimation in either year, showing
weak or negative correlations in most indices, such as NDVI and GNDVI in the combined
analysis. However, TIs showed more variable and inconsistent correlations with yield in
both years, with significant negative values in the milk stage, such as ENTR (r = —0.34)
and CORR (r = —0.32) in the combined period, suggesting that lower texture variability
is associated with higher yields. In 2022, some TIs showed negative correlations in the
milk stage, such as CONTR (r = —0.49) and VAR (r = —0.50), while in 2023, correlations
were weaker or not significant, indicating that the relationship between canopy texture
and yield may depend on environmental and structural factors of the crop. These results
highlight the importance of integrating spectral and textural information to improve yield
prediction under variable climatic conditions. The higher performance of textural indices
in 2023 likely reflects their ability to capture canopy structural variability, which becomes
more pronounced under extreme climatic conditions. This underscores the complementary
role of TIs alongside VIs in enhancing the accuracy of yield prediction models, particularly
in challenging environmental scenarios [25,31].

4.3. Performance of Machine Learning Models in Different Scenarios

The analysis highlights the effectiveness of different prediction models in estimating
grain yield across various phenological stages, as detailed in Tables 9-11. In 2022, the MLR
model, which integrates VIs and TIs using LOOCYV, achieved the highest R>_CV (0.69)
during the flowering phase when combining VIs and TIs (VIs + TIs). In the maturation
phase, particularly during the dough stage, which is closer to the harvesting period, the
highest RZ_CV recorded was 0.78. Additionally, MLR demonstrated higher accuracy with
lower RMSE and rRMSE values, underscoring its robustness and reliability. These results
align with those of Duan et al. [17], who reported R>_CV values ranging from 0.48 to 0.62
using LOOCYV, as well as with Wang et al. [24], who demonstrated the effectiveness of
integrating VIs and TIs in specific phenological phases, achieving an R2_CV = 0.86. In
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2023, model performance varied due to extreme meteorological conditions. The Support
Vector Machine with a radial basis function kernel (SVR-rbf) was the best predictor during
the flowering (R>_CV = 0.26) and milk (R>_CV = 0.24) phases, whereas the RF model
performed best in the dough phase (R?_CV = 0.20). However, model reliability in 2023
was affected by extreme climatic events, particularly Cyclone Yaku, which significantly
disrupted yield prediction in northern coastal Peru [49]. The intense and sudden rainfall
associated with this event led to soil saturation, reducing aeration and impairing the ab-
sorption of essential nutrients for rice growth, while also disrupting phenological cycles by
delaying critical stages such as flowering and grain filling, ultimately reducing productivity.
These extreme climatic conditions expose the limitations of conventional models, which
struggle to accurately capture climate variability and uncertainty. According to Shourie
et al. [50], extreme weather events can significantly alter soil physical properties, affecting
its water and nutrient retention capacity, compromising fertility, and potentially leading to
salinization, reduced nutrient and water availability, disruptions in carbon and nitrogen
cycles, and biodiversity loss, all of which increase crop vulnerability and reduce agricul-
tural yields. Given that rising temperatures, intense rainfall, and soil saturation directly
impact agricultural productivity, yield modeling should incorporate holistic approaches
that integrate dynamic environmental variables and extreme climatic events. Additionally,
studying species highly sensitive to extreme weather conditions provides valuable insights
into the interplay between climate, biodiversity, and agricultural sustainability, supporting
more resilient and adaptive farming systems [51].

In the combined 2022-2023 period, the RF and MLR models were the most prominent.
During the flowering phase, the RF model achieved the highest R*_CV (0.45), while in
the milk phase, the MLR model performed better (R>_CV = 0.52). In the dough phase,
RF regained dominance with R?_CV = 0.58. These results align with the study by Quille-
Mamani et al. [16], who used Sentinel-2 images and phenological metrics based on NDVI
to predict rice yield. Although their RF model showed lower accuracy (RZ_CV = 0.44)
and a higher RMSE (1.66 t ha™!), these differences could be attributed to variability in
input variables and the frequency of satellite data acquisition. Unlike this study, which
integrates both VIs and TIs, Quille-Mamani et al. [16] focused exclusively on NDVI-derived
metrics, potentially limiting their model’s predictive capability. On the other hand, studies
such as Wan et al. [52] have demonstrated that incorporating additional variables, such as
canopy height and multiple vegetation indices, improves the performance of RF models
(R? = 0.85; RMSE = 0.39 t ha—!). However, these models remain vulnerable to extreme
climatic events, such as Cyclone Yaku and El Nifio Costero, which introduce significant
variability in agricultural yields. Historical events, such as El Nifio 2017, have highlighted
the widespread impact of these anomalies on agriculture, the economy, and public health,
emphasizing the need to integrate climatic and socioeconomic variables into agricultural
planning [53].

These findings underscore the complementarity and adaptability of the RF and MLR
models in capturing yield variability across different phenological phases. While MLR
performed better under stable conditions, its sensitivity to climatic variations highlights
the importance of integrating meteorological variables to enhance its robustness in diverse
scenarios. Previous studies have demonstrated that incorporating environmental factors
can significantly improve predictive accuracy [6,18], reinforcing the potential of hybrid
approaches that combine spectral, textural, and climatic datasets for yield modeling.

4.4. Applicability of the Models and Considerations for Future Prediction

Commercial fields and the most cultivated rice varieties in the Lambayeque region
were considered, which allowed the development of models based on real production
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conditions with potential for scalability throughout the rice-growing area. However, data
collection for yield estimation faced limitations due to the difficulty of obtaining yield data
from a sufficient number of subplots, which impacted the accuracy of the predictions. In
addition, in 2023, Cyclone Yaku caused significant weather anomalies that altered yield
patterns and highlighted the need to integrate meteorological variables into prediction
models. Future research should incorporate these variables (precipitation, relative humidity,
temperature and others), as their inclusion could improve the accuracy of models and
their resilience to environmental fluctuations [15,24]. In this context, extreme events such
as Cyclone Yaku underline the importance of developing adaptive and dynamic models
capable of capturing extreme climate variability, ensuring the sustainability of agricultural
production in regions vulnerable to sudden environmental changes.

5. Conclusions

This study demonstrates that the integration of spectral and textural indices derived
from UAV imagery significantly enhances rice yield prediction in the Lambayeque region,
Peru. The evaluated machine learning models exhibited variability in performance de-
pending on the phenological stage and the dataset analyzed. In 2022, MLR achieved the
best performance during the dough stage, with NDVI, NDRE, and DVI identified as the
most relevant spectral indices, while ENT and CON were the most influential textural
indices. In 2023, SVR-rbf was the most accurate model during the milk stage, where NDRE
and GNDVI were the most important spectral indices, and VAR and COR were the most
significant textural indices. The combination of data from both years established RF as
the most robust model, producing the best predictions in the milk and dough stages, with
NDRE, GNDVI, ENT, and VAR as the key predictive indices. The models were validated
using LOOCYV, ensuring their stability and minimizing estimation bias, thus providing a
robust assessment of predictive capability.

A key factor influencing the effectiveness of predictive models is the rate of fertilizer
application, particularly nitrogen, phosphorus, and potassium (NPK). Although the eval-
uated fields used similar NPK doses (as described in Section 2.4), previous studies have
demonstrated that different nitrogen application rates can improve yield prediction accu-
racy. For instance, Wang et al. [24] found that variations in nitrogen fertilization not only
affected crop yield but also influenced the textural characteristics captured in UAV images,
suggesting that differentiated fertilizer management could further optimize predictive
models.

These findings highlight the importance of integrating spectral, textural, and agro-
nomic data, as well as the necessity of incorporating meteorological and edaphic variables
to enhance model generalization across different production cycles. Future research should
focus on exploring advanced modeling strategies, such as hybrid approaches and deep
learning, while also considering variability in fertilizer management as a key factor in
yield prediction. This study provides valuable insights for the implementation of precision
agriculture and contributes to more efficient and sustainable crop management.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/1s17040632/s1: Figure S1: Results of sequential feature selection for MLR and
SVR models using vegetation indices (VIs), texture indices (TIs), and their combination (VI+TI) at the
2022 flowering stage; Figure S2: Results of sequential feature selection for MLR and SVR models using
vegetation indices (VIs), texture indices (TIs), and their combination (VI+TI) at the 2022 milk stage; Figure
S3: Results of sequential feature selection for MLR and SVR models using vegetation indices (VIs), texture
indices (TIs), and their combination (VI+TI) at the 2022 dough stage; Figure S4: Results of sequential
feature selection for MLR and SVR models using vegetation indices (VIs), texture indices (TIs), and their
combination (VI+TI) at the 2023 flowering stage; Figure S5: Results of sequential feature selection for MLR
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and SVR models using vegetation indices (VIs), texture indices (TlIs), and their combination (VI+TI) at
the 2023 milk stage; Figure S6: Results of sequential feature selection for MLR and SVR models using
vegetation indices (VIs), texture indices (TIs), and their combination (VI+TI) at the 2023 dough stage;
Figure S7: Results of sequential feature selection for MLR and SVR models using vegetation indices
(VIs), texture indices (TIs), and their combination (VI+TI) at the 2022-2023 flowering stage; Figure S8:
Results of sequential feature selection for MLR and SVR models using vegetation indices (VIs), texture
indices (TTs), and their combination (VI+TI) at the 2022-2023 milk stage; Figure S9: Results of sequential
feature selection for MLR and SVR models using vegetation indices (VIs), texture indices (TIs), and their
combination (VI+TI) at the 2022-2023 dough stage; Table S1: Comparative assessment of machine learning
models for forecasting crop outcomes at different phenological stages in 2022; Table S2: Comparative
assessment of machine learning models for forecasting crop outcomes at different phenological stages
in 2023; Table S3: Comparative assessment of machine learning models for forecasting crop outcomes
at different phenological stages in 2022-2023; Table S4: Optimization of Random Forest parameters
(number of trees and variables) to predict crop yields using different combinations of indices at different
phenological stages of 2022; Table S5: Optimization of Random Forest parameters (number of trees and
variables) to predict crop yields using different combinations of indices at different phenological stages of
2023; Table S6: Optimization of Random Forest parameters (number of trees and variables) to predict crop
yields using different combinations of indices at different phenological stages of 2022—-2023.
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