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Abstract

Introduction. The projected growth of the global population poses a significant challenge in ensuring sufficient
food production. Crop genetic improvement, essential to meet this demand, relies on advanced technologies to
accelerate field phenotyping processes. Objective. To predict plant height and biomass yield in sorghum using
photogrammetry and multispectral data acquired through small unmanned aircraft system (sUAS) flights. Materials
and methods. Six sorghum genotypes were evaluated in Cafias, Guanacaste, Costa Rica, using a completely
randomized design with eight replications per genotype. Multispectral sensor flights were conducted at selected
phenological stages to generate vegetation indices, digital terrain models (DTMs), and digital surface models
(DSMs). Manual plant height measurements were used for correlation and simple linear regression analyses, while
biomass was predicted using random forest regression. Results. The DTMs and DSMs enabled reliable estimation
of plant height during early growth stage (R? = 0.53) and achieved higher accuracy at later stages (R>= 0.76; RMSE
= 0.13 m). Biomass prediction was most accurate at the booting stage (r= 0.72; RMSE = 1.40 t-ha!), with NDRE
(Normalized Difference Red-Edge Index) and IKAW (Kawashima Index) identified as the most relevant spectral
indices. Conclusions. The DTMs and DSMs derived from multispectral imagery accurately predicted plant height
during later growth stages but were less accurate in early stages. Incorporating plant height alongside spectral indices
into predictive models enhanced biomass yield prediction. The findings demonstrate that sUAS-mounted sensors and
multispectral indices are valuable tools for phenotyping in sorghum breeding programs in Costa Rica.
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Resumen

Introduccion. El crecimiento proyectado de la poblacion mundial representa un desafio significativo para
garantizar una produccidén alimentaria suficiente. El mejoramiento genético de cultivos, esencial para satisfacer esta
demanda, depende de tecnologias avanzadas para acelerar los procesos de fenotipado en campo. Objetivo. Predecir
la altura de planta y el rendimiento de biomasa en sorgo utilizando fotogrametria y datos multiespectrales adquiridos
mediante vuelos con pequefios vehiculos aéreos no tripulados (VANT). Materiales y métodos. Se evaluaron seis
genotipos de sorgo en Cafias, Guanacaste, Costa Rica, en un disefio completamente aleatorizado con ocho réplicas
por genotipo. Se realizaron vuelos con un sensor multiespectral en etapas fenoldgicas seleccionadas para generar
indices de vegetacion, modelos digitales de terreno (MDT) y modelos digitales de superficie (MDS). Las mediciones
manuales de la altura de la planta se utilizaron para andlisis de correlacién y regresion lineal simple; la biomasa se
predijo mediante regresion con random forest. Resultados. Los MDT y los MDS proporcionaron una estimacion
confiable de la altura de la planta durante la etapa de crecimiento inicial (R? = 0,53) y alcanzaron una mayor precision
en etapas posteriores (R? = 0,76; RMSE = 0,13 m). La prediccion de biomasa fue mds precisa durante el estado de
bota (r = 0,72; RMSE = 1,40 t-ha'). Se identificaron el indice de diferencia normalizada del borde rojo y el indice
de Kawashima como los espectrales mds relevantes. Conclusiones. Los MDT y MDS derivados de imdgenes
multiespectrales predijeron con precision la altura de planta en etapas posteriores de crecimiento, pero fueron menos
precisos en etapas tempranas. La incorporacién de la altura de la planta junto con los indices espectrales en los
modelos mejord la prediccion de la biomasa. Los sensores montados en VANT y los indices multiespectrales son
herramientas potenciales para el fenotipado en programas de mejoramiento de sorgo en Costa Rica.

Palabras clave: sensores remotos, mejoramiento, bosques aleatorios, fenotipado.

Introduction

Food security is essential for ensuring the well-being of the global population through access to safe and
nutritious food. The United Nations estimates that the world population will reach 9.8 billion by 2050, posing
significant challenges to agricultural sustainability and crop production (United Nations, 2017). Sorghum (Sorghum
bicolor L. Moench) is a crop notable for its adaptability to adverse environmental conditions and its high nutritional
value; it is also a strategic alternative to maize for both human and animal consumption in developing countries
(Orozco Barrantes & Sanchez Ledezma, 2018). However, sorghum production faces global challenges, including
climate change, degradation of natural resources, and competition for land use, which threaten both yields and food
security, particularly in vulnerable regions (Hagen et al., 2022).

Crop breeding programs play a crucial role in addressing these challenges by developing new varieties with
improved traits, such as higher yields, disease resistance, drought tolerance, and enhanced nutritional value (Aswini
et al., 2023). Phenotyping, defined as the assessment of a plant’s observable characteristics influenced by genetic
and environmental factors, is a critical component of crop breeding programs, as it allows for the identification of
superior genotypes with desirable traits (Aswini et al., 2023). However, traditional phenotyping methods present
significant limitations in terms of cost, time efficiency, and accuracy (Hall & Richards, 2013; Watt et al., 2020).

Conventional phenotyping relies on destructive sampling and visual assessments to measure important traits
such as biomass yield and plant height. These methods can pose logistical challenges in terms of cost and time
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for genetic breeding programs (Mbaye et al., 2022). In recent years, while these approaches have been valuable,
they can lead to human error, particularly in visual assessments, due to the large number of measurements required
across diverse populations. These limitations delay the development of improved varieties and prolong the
screening and release of lines suitable for agricultural production (Gano et al., 2021).

As a result of these limitations, several studies have explored alternative phenotyping methods, including the
use of multispectral sensors mounted on small unmanned aircraft systems (SUAS) to accelerate field phenotyping,
as demonstrated by Jiang et al. (2021) in rice, Randelovi¢ et al. (2023) in soybean, and Watanabe et al. (2017)
in sorghum. These sensors can capture high spatial resolution imagery, enabling the monitoring of key crop
traits (Shi et al., 2016; Yang et al., 2017). Moreover, vegetation indices can be calculated from radiometrically
calibrated orthomosaics derived from sUAS imagery, such as the normalized difference red-edge (NDRE), which
is commonly used to estimate biomass and stress levels in crops (Yang et al., 2017).

Furthermore, images acquired by these sensors can be processed using UAS-based photogrammetry to generate
digital elevation models (DEMs), from which digital surface models (DSMs) and digital terrain models (DTMs)
can be derived. These elevation products facilitate the estimation of crop growth by enabling the accurate detection
of morphological changes and continuous monitoring of crop development (Malambo et al., 2018). Promising
results have been reported in Costa Rica by Alemdn Montes et al. (2021), who successfully predicted sugarcane
yield using sUAS-derived DSMs and DTMs, achieving more accurate predictions three months before harvest.

Similarly, outside Costa Rica, Stavrakoudis et al. (2019) reported a strong correlation (R? =0.80) between sUAS-
derived vegetation indices and rice biomass. In wheat, Yue et al. (2017) improved biomass prediction accuracy (R? =
0.74) by integrating plant height with vegetation indices such as the NDVI (normalized difference vegetation index),
the enhanced vegetation index (EVI), and the ratio vegetation index (RVI). These findings underscore the potential of
sUAS-based phenotyping in sorghum breeding programs, offering a rapid and accurate approach for trait assessment
under diverse environmental conditions (Araus & Kefauver, 2018; Chivasa et al., 2020).

Despite the growing adoption of sUAS-based phenotyping, its application in sorghum breeding programs
under tropical conditions remains largely underexplored. Previous research has primarily focused on other crops
such as wheat, rice, and maize across various latitudes, leaving a critical gap in understanding how remote sensing
technologies can improve sorghum biomass prediction and plant height monitoring for genotype selection in local
breeding programs. In this context, the objective of this study was to predict plant height and biomass yield in sorghum
using photogrammetry and multispectral data acquired through small unmanned aircraft system (sUAS) flights.

Materials and methods

Location

The study was carried out at the Enrique Jiménez Nufez Research Center of the National Institute of
Agricultural Technology (INTA) of Costa Rica in the Guanacaste province (Figure 1). The site is located at 10° 20’
39.73” N and —-85° 08’ 8.62” W, with an elevation of 14 m above sea level. The region, classified as a Premontane
Humid Forest life zone, experiences temperatures ranging from 22 to 33 °C and receives an annual precipitation
between 1500 and 1900 mm (Instituto Meteoroldgico Nacional, 2023).

Genetic material and experimental design

The experiment was conducted from September to December 2023, evaluating six sorghum genotypes: BMR-
0936, PCR-3-22, CENTA CF, CENTA RCY, Surefio, and a local cultivar commonly known as ‘“sorgo negro”
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Figure 1. Experimental site and field plots at Enrique Jiménez Nufiez Research Center. Cafias, Guanacaste. 2023.

Figura 1. Sitio experimental y parcelas de campo en el Centro de Investigacion Enrique Jiménez Nufiez. Cafias, Guanacaste. 2023.

(Sorghum almum), which is widely grown by farmers across the country. A total of 48 experimental units were
established using a completely randomized design, with eight replications per genotype. Each experimental unit
consisted of four rows, each five meters in length and spaced 70 cm apart. To minimize border effect, a 120 cm
separation was maintained between plots. The soil in the experimental area is classified as Mollisol order, with a
clay-loam texture, slightly alkaline pH, with available concentrations of Ca, Mg, P, Fe and Cu, and showed Zn and
K values slightly below the critical level (Table 1), which were considered for nutritional adjustment.

Table 1. Soil fertility indicators obtained in the experimental area. Enrique Jiménez Nufiez Experimental Innovation Center, Caiias,
Guanacaste. 2023.

Cuadro 1. Pardmetros de fertilidad del suelo obtenidos en drea experimental. Centro de Innovacién Enrique Jiménez Nuiiez, Caiias,
Guanacaste. 2023.

KCl-Modified  pH . cmol(+) L % mg L
ol HO Acidity
sen 2 Ca Mg K ECEC AS P Zn Cu Fe Mn
Critical level 5.50 0.50 4.00 1.00  0.20 5.00 10 10.00 3.00 1.00 10.00 5.00
Soil 6.60 0.15 12.40 440 0.12 16.92 0.90 13.00 2.80 19.90 206.50 10.50

pH H,0: Soil pH measured in water. ECEC: Effective cation exchange capacity. AS: aluminum saturation. / pH H,O: pH del suelo
medido en agua. ECEC: Capacidad de intercambio catidnico efectiva. AS: Saturacién de aluminio.

UAS data acquisition

Field control markers were initially established, and five ground control points (GCPs) were georeferenced
using a GEOMAX Zenith40 geodetic receiver station. A flight plan was designed using the DJI Pilot Application
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and a 50-meter buffer around the experiment perimeter was defined to ensure proper data acquisition. Multispectral
data were collected using a MicaSense Altum 05 sensor mounted on a DJI Matrice 210 multirotor sUAS. The sensor
captured data in narrow spectral bands: blue (475 nm + 32 nm), green (560 nm + 27 nm), red (668 nm + 14 nm),
red-edge (717 nm + 12 nm) and near-infrared (NIR; 842 nm + 57 nm). Although the sensor is equipped with a
thermal long-wave infrared band (11 pm + 57 pm), thermal imagery was not used in the present study.

The sUAS operated autonomously following predefined flight parameters. Flights were conducted at a speed
of 10.8 km/h, with 80 % lateral and frontal overlap, and an altitude of 45 m, achieving an average ground sampling
distance (GSD) of 2.04 cm/pixel. Data collection was performed during distinct crop phenological stages (Table 2)
between 11:00 and 12:00 hours under clear, sunny conditions to ensure optimal illumination. Additionally, images
of a calibrated reflectance panel were captured before and after each flight to enable radiometric calibration of the
multispectral data.

Table 2. Climatic conditions and purpose of each flight during the different phenological stages of sorghum. Cafias, Guanacaste. 2023.

Cuadro 2. Condiciones climaticas y propdsito de cada vuelo durante las diferentes etapas fenoldgicas del sorgo. Cafas, Guanacaste.
2023.

Phenological stage DAS (days after Image use Average temperature Average wind speed
sowing) °C) (km/h)

---------- 0 DTM 30.2 6.4
Visible flag leaf 42 Multispectral + DSM 30.0 1.6
Booting 56 Multispectral 31.9 8.0
Flowering 62 Multispectral 32.1 12.9
Milky grain 74 Multispectral 34.5 11.3
Dough grain 83 Multispectral + DSM 31.0 12.9

Field measurement of plant height

Plant height measurements were taken at two different times. At 42 DAS (visible flag leaf stage), the
measurement was taken from the base of the stem to the most exposed leaf surface (Figure 2A), while at 83 DAS
(dough grain stage), the measurement was taken from the same reference point to the panicle apex (Figure 2B),
depending on the phenological stage. Eight plants were randomly selected from the inner rows of each plot to
minimize border effects.

Biomass

All plants within a two-meter linear segment of the central rows of each plot were harvested at ground level on
23 December 2023. The total fresh biomass was measured using an electronic balance (Ocony SS). Approximately
500 g of a homogenized biomass sample was collected and placed in a labelled plastic bag for transportation to the
laboratory. The samples were dried in a forced-air circulation oven at 60 °C for 72 hours. A portion of the dried
sample was then placed in an oven at 105 °C to determine the total dry biomass.
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Panicle apex

Leaf apex

Figure 2. Description of field sorghum plant height measurements. A) Exposed leaf. B) Panicle apex. Caflas, Guanacaste. 2023.

Figura 2. Descripcion de la medicion de altura de la planta de sorgo en campo. A) Hoja expuesta. B) Panoja. Caflas, Guanacaste. 2023.

Multispectral photogrammetric process

Ground control points were processed using the online platform of the Leica Spider Business Center module,
operated by the National Geographic Institute of Costa Rica. All captured images were imported into Pix4Dmapper,
version 4.7.5 (Pix4D S.A., Lausanne, Switzerland), and the workflow specifically designed for multispectral
image processing was applied. The initial step consisted of identifying matching keypoints, followed by camera
localization, orientation, and optimization (Pix4D, 2017).

The resulting georeferenced GCPs were subsequently integrated into Pix4Dmapper following the initial
processing step. Each GCP was manually identified in at least four images corresponding to the field control
markers. The automatic adjustment process was then run, and the project was further optimized. The workflow
proceeded to the second step, where automatic tie points were generated, resulting in a dense georeferenced point
cloud. From this point cloud, a textured 3D mesh was constructed (Figure 3).

Figure 3. Three-dimensional mesh of the experimental plots generated from UAS imagery using Pix4D. Cafias, Guanacaste. 2023.

Figura 3. Malla tridimensional de las parcelas experimentales generada a partir de imdgenes UAS mediante Pix4D. Cafias, Guanacaste.
2023.
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Radiometric calibration and derived products

The calibration panel images were automatically recognized by the software and the panel calibration option
in Pix4Dmapper was selected, verifying the reflectance values for each spectral band value. Finally, three main
products were derived in the third processing step: the digital terrain model (DTM), the digital surface model
(DSM), and the orthomosaics. For the DSM, the inverse distance weighted interpolation method was applied. The
DTM resolution was set to five times the final GSD, as recommended by Pix4Dmapper. Furthermore, the spatial
resolutions of the generated products (orthophotos and models) were defined during the export process to ensure
consistency across products from different flights. In addition, 17 vegetation indices (VI) that have been used to
estimate biophysical parameters in previous studies were calculated, as shown in Table 3.

Table 3. Vegetation indices used in the study. R: red; G: green; B: blue; RE: red-edge; and NIR: near-infrared. Cafias, Guanacaste. 2023.

Cuadro 3. Indices de vegetacion utilizados en el estudio. R: rojo; G: verde, B: azul, RE: borde rojo y NIR: infrarrojo cercano, Cafias,
Guanacaste. 2023.

Index Equation Reference
BCC B/(R+G +B) De Swaef et al. (2021)
CARI RE/R Ballester et al. (2019)
CIRE (NIR / RE) - 1 Wan et al. (2020)
CVI NIR (R / G?) Peroni Venancio et al. (2020)
DVI NIR - R Yang et al. (2017)
GCI (NIR/G) -1 Mandal et al. (2022)
GLI 2G-R-B)/2G+R +B) Louhaichi et al. (2001)
GNDVI (NIR - G)/ (NIR + G) Gitelson et al. (1996)
IKAW (R-B)/(R+B) Kawashima & Nakatani (1998)
NDRE (NIR — RE) / (NIR + RE) Marques Ramos et al. (2020)
NDVI (NIR - R) / (NIR +R) Rouse et al. (1974)
RCC R/(R+G+B) De Swaef et al. (2021)
RDVI (NIR —=R) /v (NIR + R) Roujean and Breon (1995)
REDVI NIR — RE Kanke et al. (2016)
RGRI R/G Tayade et al. (2022)
SAVI 1.5 (NIR -=R) / (NIR + R +0.5) Huete (1988)
SR NIR /R Jordan (1969)

BCC: blue chromatic coordinate index. CARI: chlorophyll absorption ratio index. CIRE: chlorophyll index red edge. CVI:
chlorophyll vegetation index. DVI: difference vegetation index. GCI: green chlorophyll index; GLI: green leaf index. GNDVI: green
normalized difference vegetation index; IKAW: Kawashima index. NDRE: normalized difference red-edge index. NDVI: normalized
difference vegetation index; RCC: red chromatic coordinate index. RDVI: renormalized difference vegetation index. REDVI: red edge
difference vegetation index; RGRI: red—green ratio index; SAVI: soil adjusted vegetation index. SR: simple ratio index. / BCC: indice
de coordenada cromadtica azul. CARI: indice de razén de absorcion de clorofila. CIRE: indice de clorofila borde rojo. CVI: indice de
vegetacion de clorofila. DVI: indice de diferencia de vegetacion.GCI: indice de clorofila verde. GLI: indice de hoja verde. GNDVI:
indice de vegetacion de diferencia normalizada verde. IKAW: indice de Kawashima. NDRE: indice de diferencia normalizada del borde
rojo. NDVI: indice de vegetacion de diferencia normalizada. RCC: indice de coordenada cromadtica roja. RDVI: indice de vegetacion
de diferencia renormalizada. REDVI: indice de vegetacion de diferencia del borde rojo. RGRI: indice de razén rojo verde. SAVI: indice
de vegetacion ajustado al suelo. SR: indice de relacion simple.
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Extracting soil, plant canopy and multispectral values

A geospatial analysis workflow, as described by Matias et al. (2020), was employed for vector-based plot
delineation and soil segmentation. Following this process, the segmented vector layer containing the delineated
plots was used to extract structural features, specifically the DTM and DSM. Sorghum plant height was
subsequently calculated as the difference between the mean DSM and DTM values for each plot, as shown in
equation 1. Furthermore, the mean values of spectral bands and vegetation indices (VI) from all flight datasets were
also extracted based on the plot delineation and segmentation methodology described above.

Plant height = Mean pixels (DSM) — Mean pixels (DTM) @))

Statistical analysis

Correlation and simple linear regression analyses were applied to assess the relationship between measured
plant height and plant height obtained through the photogrammetric process. All these analyses were carried out
using Navure software, version 2.7.1 (Navure Team, n. d.).

In addition, multitemporal correlation analyses were conducted between UAS-derived spectral indices at each
phenological stage and sorghum biomass. Spectral indices showing correlation coefficients greater than 0.50 were
selected, together with sensor-derived plant height, as predictor variables for biomass prediction using a random
forest (RF) regression model.

Given the relatively small dataset, the data were randomly partitioned into 70 % for model training and 30
% for validation. Models were built using the regressoR package developed by Rodriguez (2023) within the R
statistical software environment, version 4.4.3 (R Core Team, 2020). RF models were fitted using the default
hyperparameter settings of the regressoR package, with a sufficiently large number of trees to ensure model
stability. Model performance was evaluated using the correlation between observed and predicted values and the
root mean square error (RMSE). Variable importance was assessed only for the best-performing RF model using an

error-based (permutation) approach, quantified as the increase in prediction error based on the mean squared error
(MSE) when each predictor was permuted while keeping all other variables unchanged. All formulas are provided
in equations 2-4.

Y bi—yD®

RR=1-=12 7~
Y (yi—i)? &
RMSE = 3)
I~
MSE = ;Z(y; —$i) )
i=1

Where 7 is the number of samples in the model; yi is the actual measured value; Yi is the mean of the measured
values; and yi represents the predicted value.
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Results
Plant height

The measured plant height at 42 DAS ranged between 0.20 m and 1.06 m (mean = 0.55 m and SE = 0.03 m)
(Figure 4A). At 83 DAS, plant height ranged from 1.32 m to 2.54 m (mean = 1.83 m and SE = 0.04 m) (Figure 4B).
The results indicated a strong relationship between manual and sensor-estimated measurements, with correlation
coefficients of r =0.74 and r = 0.88 at 42 and 83 DAS, respectively (Figure 4). When this relationship was assessed
using simple linear regression analysis, the model fit was moderate at 42 DAS (R? = 0.53; RMSE = 0.12 m), and
improved at 83 DAS (R? = 0.76; RMSE = 0.13 m).
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Figure 4. Scatter plot between manually measured plant height and sensor-derived plant height at different days after planting (DAS).
A) 42 DAS. B) 83 DAS. Caiias, Guanacaste. 2023.

Figura 4. Diagrama de dispersion entre la altura de la planta medida manualmente y la altura de la planta derivada del sensor en
diferentes dias después de la siembra (DDS). A) 42 DDS. B) 83 DDS. Caias, Guanacaste. 2023.
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Biomass yield

The Spearman correlation between sorghum biomass yield and vegetation indices varied across phenological
stages. During the visible flag leaf stage, several indices showed moderate correlations with biomass, including
GNDVI (r=0.51), GCI (r = 0.49), CIRE (r = 0.45), and NDRE (r = 0.45). During the booting and flowering stages,
correlation coefficients for several indices increased. IKAW showed a relatively strong negative correlation at the
booting stage (r = —0.70), while NDRE (r = 0.59 and 0.58), and CIRE (r = 0.58 at both stages) exhibited moderate
correlations with biomass yield. In contrast, correlations decreased during the milky grain and dough grain stages,
and at the latter stage, most values were low or not statistically significant (Table 4).

Table 4. Spearman correlation between spectral indices and biomass yield during phenological stages. Cafias, Guanacaste. 2023.

Cuadro 4. Correlacion de Spearman entre indices espectrales y rendimiento de biomasa durante etapas fenoldgicas. Cafias, Guanacaste.
2023.

Indice Visible flag leaf Booting Flowering Milky grain Dough grain
CARI 0.06 —-0.01 0.08 0.32* 0.14
CIRE 0.26

CVI 0.27

DVI 0.16

GCI 0.32%

GLI -0.16 -0.17 0.02 0.21 0.07
GNDVI
IKAW
NDRE
NDVI 0.36*

RCC 0.01 —-0.06 —0.32%* —0.32* -0.12
RDVI 0.22 0.33* 0.26 0.21
REDVI 0.24 0.36%* 0.22 0.17
RGRI 0.08 -0.23 -0.31* -0.14

SAVI 0.24 0.32% 0.26 0.22
SR 0.29 0.22

%p <0.05; *p < 0.01.

Although most correlations between spectral indices and biomass yield were not significant during the late
stages of the crop cycle, a significant Pearson correlation (r = 0.60) was observed between sensor-derived plant
height at 83 DAS and biomass yield (Figure 5). Based on this finding, plant height at 83 DAS was included as a
predictor variable in random forest (RF) regression models developed for selected phenological stages to predict
sorghum biomass yield, using vegetation indices alone and in combination with plant height.
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Figure 5. Pearson correlation matrix between sorghum measured plant height, sensor-derived plant height and sorghum biomass yield.
Canas, Guanacaste. 2023.

Figura 5. Matriz de correlacion de Pearson entre la altura de la planta medida, la altura de planta derivada del sensor y el rendimiento
de biomasa de sorgo. Cafas, Guanacaste. 2023.

The predictive performance of the RF models, evaluated using the correlation between predicted and observed
values and RMSE, varied across phenological stages, with correlation coefficients ranging from r = 0.42 to r =
0.72, and RMSE values ranging from 1.40 to 2.20 t-ha! (Table 5). Incorporating sensor-derived plant height as an
additional predictor alongside vegetation indices consistently improved the performance of all models, increasing
the correlation by 0.12 to 0.20 units and reducing RMSE values by 0.11 to 0.59 t-ha! across phenological stages.
While the flowering and milky grain stages exhibited improved accuracy with the addition of structural information,
their predictive accuracy remained below that achieved at the booting stage. The RF model combining vegetation
indices and sensor-derived plant height at booting achieved the highest predictive performance, reducing the RMSE
by 0.33 tha! and increasing the correlation to r = 0.72 (Table 5).

Table 5. Predicted models for sorghum dry biomass based on phenological stages. Cafias, Guanacaste. 2023.

Cuadro 5. Modelos predichos para la biomasa seca del sorgo en funcion de etapas fenoldgicas. Cafias, Guanacaste. 2023.

Model DAS Phenological Stage Variables Correlation RMSE

1 Only VI 0.60 1.73
56 Booting

2 VI + Sensor plant height 0.72 1.40

3 Only VI 0.49 2.20
62 Flowering

4 VI + Sensor plant height 0.63 1.61

5 Only VI 0.42 1.64
74 Milky grain

6 VI + Sensor plant height 0.62 1.53
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Additionally, variable importance was assessed for the best-performing RF model (Model 2), which
incorporated vegetation indices and sensor-derived plant height. The results indicated that sensor-derived plant
height was the most influential predictor of biomass compared to the spectral indices (Figure 6). Among the
vegetation indices, IKAW, NDRE, and BCC were identified as the most important, based on their percentage
contribution to the increase in mean squared error (MSE).
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8.8
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Figure 6. A) Observed versus predicted dry biomass based on the best-performing random forest model using spectral indices and
photogrammetric plant height. B) Variable importance for Model 2. Cafias, Guanacaste. 2023.

Figura 6. A) Biomasa seca observada versus predicha con base en el modelo de random forest de mejor desempeiio, utilizando indices
espectrales y altura de planta fotogramétrica. B) Importancia de las variables en el modelo 2. Caiias, Guanacaste. 2023.

Discussion

The correlation between measured plant height and sensor-derived height at 42 DAS was strong (r = 0.74),
while a higher correlation was observed at 83 DAS (r = 0.88). These results are consistent with those of Malambo
et al. (2018), who reported correlations exceeding 0.80 between field-measured plant height and sensor-derived
height from sUAS in sorghum. Similarly, Shu et al. (2023) observed strong correlations when combining growth
stages but noted increased estimation errors as the crop advanced through its development. The authors attributed
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these errors to inaccuracies in DTM generation caused by increased crop canopy coverage. In the present study,
such errors were minimized by generating the DTM prior to crop establishment.

Plant height measurements during early growth stages are critical for understanding genotype responses to
environmental conditions (Griffiths et al., 2012). The relatively lower correlation observed between manually
measured and sensor-derived heights at 42 DAS is likely associated with the inclusion of soil data in the digital
surface model during segmentation and subsequent pixel extraction. This methodological limitation may result in
over- or underestimation of canopy elevation, as noted by Hassan et al. (2019).

Despite the expected increase in leaf area and the incorporation of ground control points (GCPs), the RMSE
between predicted and measured plant height at 83 DAS was 13.0 cm. This deviation is likely associated with
two main factors. First, wind-induced movement of the sorghum canopy can reduce image acquisition quality
and compromise the identification of matching points during photogrammetric processing (Mesas-Carrascosa et
al., 2015). Second, and more likely given the high positional accuracy achieved with GCPs, is the variability in
leaf angles and canopy structure among the manually sampled genotypes. These structural differences affect the
consistency between manual and sensor-derived measurements (Li et al., 2018).

Spectral indices have been widely recognized as relevant predictors of biomass in various annual crops such
as wheat and rice (Jiang et al., 2019; Yue et al., 2017). In this study, the integration of crop height with spectral
index values improved model accuracy across different phenological stages within the random forest framework.
Similar findings were reported by Varela et al. (2021) in sorghum, where geometric information was identified
as one of the most important biomass predictors, regardless of phenological stage. In barley, Bendig et al. (2015)
demonstrated that combining plant height derived from surface models with spectral values also improved biomass
prediction accuracy.

The Normalized Difference Red-Edge Index (NDRE) shares the effectiveness of NDVI as an indicator of crop
nitrogen content (Fitzgerald et al., 2006). However, the replacement of the red band with the red-edge band in its
calculation enhances NDRE’s sensitivity to biomass variations, particularly during growth stages characterized
by maximum foliar area. This heightened sensitivity is attributed to the strong energy absorption in the red-edge
spectrum caused by chlorophyll content. As plants transition into senescence, reflectance in the red-edge band
increases due to a decline in chlorophyll content (Xie et al., 2018). The findings of this study regarding red-edge-
based indices are consistent with those of Cheng et al. (2017) in rice, who highlighted the strong association
between red-edge-based vegetation indices and leaf biomass dominance.

The present study identified the IKAW index as an effective indicator for biomass estimation using RGB-
based information. Previous studies have similarly highlighted the potential of RGB-based vegetation indices
for biomass modeling. For instance, Bendig et al. (2014) demonstrated higher biomass estimation accuracy at
early growth stages using visible-band indices, while Li et al. (2018) reported moderate correlations (r = 0.57)
between dry biomass and the RGB vegetation index (RGBVI). The use of RGB-based approaches has the potential
to significantly reduce costs, as sensors capturing visible-spectrum data are more affordable compared to those
equipped with additional spectral bands.

Biomass prediction was most accurate during the booting stage, a critical growth phase when the plant reaches
maximum leaf area and accumulates approximately 60% of its total dry matter (Gerik et al., 2003). This pattern
is consistent with the findings by Zheng et al. (2018), where biomass predictions using multispectral indices were
significantly more accurate prior to the R3 stage in rice compared to later stages. Furthermore, most vegetation
indices selected in this study exhibited reduced prediction accuracy after the flowering stage due to biomass
saturation, which limits index sensitivity. Additional factors contributing to this reduction include the reallocation
of assimilates from leaves and stems to grains, complicate biomass predictions in advanced growth stages (Zheng
et al., 2018).
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Conclusions

This study demonstrates that sorghum plant height can be accurately predicted from digital terrain and surface
models derived from multispectral images, particularly during later development stages. Early growth stages showed
lower correlations, likely due to canopy variability between manual measurements and sensor-derived estimates.

Vegetation indices incorporating the near-infrared (NIR) and red-edge bands, as well as the IKAW index, were
strongly correlated with dry biomass yield. Including sensor-derived plant height as a predictor variable in predictive
models significantly improved model accuracy. The booting stage was identified as optimal for dry biomass predictions.

These results support the use of remote sensing technologies to enhance agronomic trait evaluation. Further
research incorporating larger datasets is recommended to improve the broader applicability of this technology in
breeding programs.
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