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Abstract
Perennial grain sorghum [Sorghum bicolor (L.) Moench] has potential to produce

grain and forage while improving soil health, ecosystem services, and carbon soil

sequestration but requires further genetic improvement. Unoccupied aerial systems

(UAS, also known as drones and unmanned aerial systems) provide opportunities

to quickly evaluate plant traits on a large scale with precision. Unoccupied aerial

system flights were used to evaluate biomass yield and rhizome characteristics of

100 diverse sorghum hybrids, most being from an interspecific hybridization pro-

gram, in the establishment year and first year of regrowth. Twenty-one vegetation

indices (VIs) with canopy height measurements (CHMs) were processed from seven

UAS flights made temporally during each growing season. Regression of the tem-

poral data (VI and CHM) and phenotypic traits, including rhizome characteristics

based on plant stand count (PSC), rhizome-derived shoots (RDS), and fresh and dry

biomass yields, showed useful predictions when combining temporal VI with CHM

and machine learning. Blue chromatic coordinate index (BCC) best predicted all mea-

sured traits. If predictions could be generalized, UAS would reduce field evaluation

time for perennial sorghum or breeding perennial grasses in general and allow breed-

ers to evaluate additional genotypes. In this study, we found that optimizing flights

to specific dates after planting could minimize resource requirements and costs in

prediction of regrowth and biomass yield of perennial sorghum.

1 INTRODUCTION

Perennial grain crops provide opportunities for environmen-

tal conservation by forming plant stands with dense root

Abbreviations: BCC, blue chromatic coordinate index; CHM, canopy

height measurement; LASSO, least absolute shrinkage and selection

operator; MAE, mean absolute error; PSC, plant stand count; RDS,

rhizome-derived shoot; RGB, red–green–blue; TBLUP, temporal best linear

unbiased prediction; UAS, unoccupied aerial systems; VI, vegetation index.
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structures, reducing soil erosion, conserving soil organic

matter, reducing inputs, and sequestering carbon (Jessup,

2009; Nabukalu & Cox, 2016). Perennial grain breeding has

also registered success in improving grain yield for example

kernza, or intermediate wheatgrass (Thinopyrum intermedium
(Host) Barkworth & DR Dewey subsp. intermedium) (Baj-

gain et al., 2020; Lanker et al., 2020). Several groups have

made interspecific crosses in maize (Zea mays L.), wheat

(Triticum aestivum L.), pearl millet [Pennisetum glaucum
(L.) R. Br.], rice (Oryza sativa L.), and sorghum [Sorghum
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bicolor (L). Moench] in an attempt to combine rhizome-based

perenniality from wild relatives with seed production of

domesticated cultivars (Cox et al., 2002; Murray & Jessup,

2013; Scheinost et al., 2001). Rhizomes are horizontal under-

ground storage stems with the capacity to enter a dormant

phase under unfavorable weather, typically the cold of win-

ter, followed by regrowth when conditions are conducive (Cox

et al., 2002). Dormant season survival is a major challenge for

perennial grain and perennial dual-use grain and forage crops.

There is ongoing research in breeding perennial sorghum

for grain, forage, and bioenergy. Among the three peren-

nial sorghum species, Johnsongrass [Sorghum halepense
(L.) Pers] was originally introduced to the United States

specifically as a forage species before it became a major

weed (McWhorter, 1972). The two other perennial sorghum

species [S. propinquum (Kunth) Hitch. and almum sorghum

(S. ×almum Parodi)] are less common (De Wet, 1978;

Doggett, 1976; Pritchard, 1965). Domesticated sorghum is

traditionally grown as an annual crop for grain, grazing,

and baling (Saeed et al., 1986). Sorghum/Johnsongrass and

Sorghum/S. propinquum crosses are reported to have interme-

diate phenotypes between the parents, that is, taller than either

parent, producing numerous aerial tillers with <10% rhizome

mass vs. the perennial parent sufficient for overwintering, but

not enough to become aggressive weeds (Piper & Kulakow,

1994).

Characterizing rhizomes in perennial sorghum has been

done by counting the number of plants per line, plant stand

count (PSC), the number of rhizome-derived shoots (RDS),

underground rhizome buds, and measuring the distance from

the plant crown to the RDS (Paterson et al., 1995; Wash-

burn et al., 2013). Estimating aboveground biomass yield in

these materials is a destructive process performed at harvest,

which is directly relevant for evaluating forage or bioenergy

potential of genotypes. The field activities involved in charac-

terizing rhizomes and estimating biomass, as explained above,

are expensive and laborious.

Unoccupied aerial systems (UAS, also known as drones)

are now used in some plant breeding programs to measure

various phenotypic traits (Bort et al., 2005; Singh et al.,

2019). This technology has been shown to increase preci-

sion and reduce evaluation time of different plant traits from

large fields (Lane & Murray, 2021; Lee et al., 2010). We

hypothesize that UAS data could be predictive and useful in

rhizome characterization in addition to estimating biomass

accumulation nondestructively throughout crop growth. This

study attempted to address time and resource constraint chal-

lenges in regrowth and biomass evaluations by employing

UAS flights temporally throughout plant growth.

Unoccupied aerial systems phenotypic traits, including

plant height, leaf area index, biomass and grain yield,

among others, have been predicted temporally from vegeta-

tion indices (VIs) with canopy height measurements (CHMs)

extracted from UAS data (Anderson et al., 2019; Hunt et al.,

Core Ideas
∙ Vegetation indices (VIs) can predict plant stand

counts for regrowth.

∙ Blue chromatic coordinate index predicted all

assessed traits best.

∙ Machine learning improved predictive ability.

∙ Combining VIs with canopy height improved

predictive ability for all traits.

∙ Unoccupied aerial systems can reduce field evalua-

tion time and costs for breeding perennial sorghum.

2005; Marino & Alvino, 2021; Svensgaard et al., 2021). Veg-

etation indices with CHM can provide important information

on the growth, light interception, and organic carbon from

both vegetation and the environment (Li et al., 2015). Defined

as quantitative measurements indicating the vigor of vegeta-

tion, VIs consist of ratios of different spectral bands of canopy

reflectance (Campbell, 1987), which are more effective than

individual spectral bands (Asrar et al., 1984; Hansen & Schjo-

erring, 2003; Kross et al., 2015; Rasmussen et al., 2016;

Svensgaard et al., 2021). Vegetation absorbs solar radiation

from the visible spectrum (400–700 nm); specifically, chloro-

phyll a and b absorb the blue–violet and red–blue regions

to provide energy for photosynthetic activity. Estimates of

CHMs are defined as distance above the terrain surface;

CHMs have been used to estimate plant height of crops such as

sorghum, maize, and wheat (Campbell, 1987; Li et al., 2016;

Watanabe et al., 2017; Yue et al., 2017). When measured

repeatedly across growth, temporal measurements of VI with

CHM can reveal trends throughout the season that arise from

interactions between genotypes and the environments (Adak,

Conrad et al., 2021; Anderson et al., 2019).

Prediction modeling of agronomic traits improves when

temporal measurements of VIs with CHMs are used instead

of manual single time-point measurements (Báez-González

et al., 2002; GopalaPillai & Tian, 1999). Regression models

that can dissect factors involved in phenotypic expression

are useful in studying crop traits. Machine-learning methods

are important in prediction modeling for decision making in

high-throughput phenotyping and genotyping studies when

large numbers of factors are involved and without overfitting

(Esposito et al., 2020). Ridge, elastic net, and least absolute

shrinkage and selection operator (LASSO) models have been

widely applied in prediction of quantitative traits and found

to have relatively high predictive ability (Arruda et al., 2015;

Ogutu et al., 2012). These machine-learning models minimize

the problem of multicollinearity, including temporal, within

datasets when compared with linear regression (partial least

square regression) (Adak, Murray et al., 2021). In addition,

ridge regression is reported to minimize error variance
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within very small datasets (Bayo et al., 2021). Given the

above advantages, this research evaluated ridge, LASSO, and

elastic net regression models in addition to linear regression

to predict rhizome characteristics and biomass of perennial

sorghum.

The main objective of this study was to investigate the

ability of UAS to predict regrowth and assess biomass accu-

mulation for interspecific sorghum hybrids derived from S.
bicolor/S. halepense and S. bicolor/S. propinquum. We specif-

ically (a) evaluated and compared regression approaches to

predict rhizome characteristics and biomass yield and (b)

assessed the predictive ability of VIs with CHMs to predict

early season regrowth and biomass yield.

2 MATERIALS AND METHODS

2.1 Germplasm

The study evaluated 100 sorghum pedigrees (genotypes),

primarily comprising perennial derived sorghums, including

80 BC1F1 progenies of ‘BTx623’ × ‘Gypsum’. This cross

was made using a tetraploid version of BTx623 (Sorghum)

hybridized to Gypsum (Johnsongrass). These progenies

were selected in Salina, KS, for rhizome characteristics

and grain yield using methods described by Nabukalu and

Cox (2016). In addition, 13 progenies derived from the

cross BTx623 × S. propinquum (Washburn et al., 2013),

one Johnsongrass line (Gypsum), and six Sorghum (one

BTx623 diploid line, one BTx623 tetraploid line, and four

grain sorghum hybrids [RTx436, RTx437, NP32_PI535776,

and Low-HCN-PRP2B]) (Rooney et al., 2003) were

included.

2.2 Experimental design and establishment

Field experiments were established at the Texas A&M AgriL-

ife Research farm in Burleson County, College Station, TX.

These tests were planted in 2019 (seed year) and maintained

through 2020 (regrowth year). A randomized complete block

design with two replications and single-row plots of 6-m

length and 1.5-m width was used. Agronomic practices stan-

dard for forage sorghum production were followed (Schnell

et al., 2019).

2.3 Data collection

2.3.1 Field phenotyping

The evaluation for rhizome characteristics was based on a

modified procedure described by Paterson et al. (1995) and

T A B L E 1 Dates of unoccupied aerial system flights along with

calendar months and days in relation to planting on 2 Apr. 2019 with

flights in 2019 seed and 2020 regrowth years

Flight date Days after planting

30 May 2019 58

4 June 2019 63

11 June 2019 70

19 June 2019 78

9 July 2019 98

12 July 2019 101

22 July 2019 111

14 May 2020 408

19 May 2020 413

5 June 2020 430

11 June 2020 436

20 June 2020 445

6 July 2020 461

12 July 2020 467

Washburn et al. (2013). Briefly, plants per plot were counted

(PSC) and three plants were randomly selected from which

the RDS per plant were counted.

Plant biomass yield was measured at the end of the grow-

ing season in August by harvesting the whole plot using a

John Deer 7300 forage harvester equipped with a 130S RCI

weigh bucket and sampler. In addition to fresh weight of the

plot, a 500-g sample was obtained and weighed. This sample

was dried in a forced air oven at 57 ˚C for 5 d. At this point,

the sample was reweighed as dry weight. The biomass yields

reported herein are on a dry matter basis.

2.3.2 Unoccupied aerial systems

Unoccupied aerial systems data were collected from the

sorghum field using a rotary wing-DJI Phantom 4 Pro V2.0

Quadcopter (DJI) with its native red–green–blue (RGB) cam-

era. The UAS was flown 25 m above the ground at 90%

forward and side image overlap. In each year, seven flights

were used to measure growth (and regrowth) from May

through July (Table 1).

2.4 Data analysis

The manually phenotyped measurements of PSC and RDS

(rhizome characteristics) and biomass yield were analyzed

to generate the best linear unbiased predictions for each

pedigree (genotype). A factorial design with random effects
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(row, range, replication, and pedigree) was used in JMP Pro

v15 (SAS Institute Inc.) using the following equation:

𝑟𝑌ijkl = μ + row𝑖 + range𝑗 + replication𝑘 + pedigree𝑙
+errorijkl

(1)

where Yijkl represents individual observations of each of the

100 pedigrees, μ is the grand mean, rowi is effect of the row,

rangej is the effect of the range, replicationk is the effect

of the replication, pedigreei is the effect of pedigree, and

errorijkl represents the pooled error for all the mentioned

factors in Equation 1. Repeatability was calculated as in

Equation 2:

Repeatability =
pedigree variance

pedigree variance + error variance
no. of replications

(2)

For the UAS data, georeferenced orthomosaics and three-

dimension point clouds were created from the RGB images

using Agisoft Metashape v1.6 (Agisoft LLC, 2020). Ortho-

mosiacs were used to estimate CHMs and biomass accu-

mulation as a function of time during the growing season.

Environmental Systems Research Institute (ESRI) shape files

were created in R using the UAStools package according to

Anderson et al. (2020). The shape file consisted of a poly-

gon for a single-row plot to extract plot information and

point clouds for the VIs with CHMs, respectively, from the

images for each flight. The FIELDImageR package was used

to extract VI from the images (Matias et al., 2020). In conjunc-

tion with the shape file, the hue index was used to remove the

soil from the images (Escadafal, 1993). Twenty-one VIs were

extracted to identify the best predictors for rhizome character-

istics and biomass yield (Table 2). Three-dimensional point

clouds were used to extract CHMs following Anderson et al.

(2019). Extreme points above and below the bare ground were

removed from the point clouds using CloudCompare (v2.12

alpha). Software for FUSION/LDV (McGaughey, 2016) and

LAStools (Isenburg, 2014) were imported into R to create

an extraction pipeline for CHMs for each flight date. The

CHM was obtained by subtracting the digital terrain model

from the digital surface model (DSM), from which plot-based

heights were based as percentile metrics; the 99th percentile

is reported.

The UAS data (VI with CHM) from 2019 and 2020 were

analyzed separately because each flight date was unique; thus,

a combined analysis across years with synchronized dates

could not be performed. From these data, the temporal best

linear unbiased predictions (TBLUPs) for the VI with CHM

for each pedigree were obtained from each flight. Similarly,

a random model using a nested design was used in JMP Pro

v15 (SAS Institute Inc.) using Equation 3:

𝑌𝑖𝑗𝑘𝑙𝑚 = μ + f light𝑖 +
[
pedigree (f light)

]
𝑖𝑘
+
[
row (f light)

]
𝑖𝑙

+
[
replication (f light)

]
𝑖𝑚

+ error𝑖𝑗𝑘𝑙𝑚 (3)

where Yijklm refers to individual observation of each pedigree

at ith flight date (days after planting), μ is the grand mean,

flighti is the effect of the ith flight date, [pedigree(flight)]ij
is the effect of the jth pedigree within the ith flight date,

[range(flight)]ik is the effect of the kth range withing the ith
flight date, [row(flight)]il is the effect of the lth row within

ith flight date, [replication (flight)]im is the effect of the mth

replication within the ith flight date, and errorijkl represents

the pooled error for the mentioned factors in Equation 2.

In total, 154 predictors corresponding to the 22 tem-

poral measures (21 VIs with one CHM) and seven flight

dates were used in four regression-based approaches: linear

(partial least square regression) and three machine-learning

types (LASSO, ridge, elastic net) for each year. It was

expected that the machine-learning models would have

reduced error variation compared with linear regression

because these minimize multicollinearity of predictor vari-

ables. LASSO and elastic net minimize model overfitting.

In addition, because we were evaluating a segregating pop-

ulation, we expected some missing plots for the pedigrees

that would not regenerate; thus, ridge regression was included

to minimize error in a reduced dataset. The mentioned

regression models were run using the caret package in R.

A cross-validation was performed for each regression

model with the dataset split into training and validation sets of

70 and 30%, respectively, with 20 resampling iterations (folds

= 20) and three repeated k-fold cross-validations (repeats =
3). Comparisons between the regression models evaluated the

coefficient of determination (R2), lowest root mean square

error (RMSE), and lowest mean absolute error (MAE) for

each trait. Predictive ability for each regression model in pre-

diction of the assessed traits (PSC, RDS, and fresh and dry

biomass yield) was determined using 1,000 bootstrap iter-

ations. The predicted results were then correlated with the

actual values in each bootstrap.

A correlation analysis between each time point across

VI with CHM for each trait and between TBLUPs across

different VIs and time measurements was conducted to iden-

tify the best timing for flights and evaluate multicollinearity

among temporal data, respectively. In addition, temporal vari-

able importance of the TBLUPs was calculated using the

‘varImp’ function, ranging from 0 to 100, to demonstrate the

importance of VI with CHM in the prediction of rhizome

characteristics and biomass yield across the machine-learning

techniques (LASSO, elastic net, ridge) for 2019 and 2020.

Visualization of the predictions was done using the ggplot2

package in R studio (v1.3.959).
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T A B L E 2 Red–green–blue-based vegetation indices (VIs) with their respective band ratios used in this study

VI Common name Equation Reference
R Red R Bending et al., 2015

G Green G Bending et al., 2015

B Blue B Woebbecke et al., 1995

NGRDI Normalized green–red

difference index

(𝐺 − 𝑅)∕(𝐺 + 𝑅) Hunt et al., 2005

RGBVI Red–green–blue vegetation

index

(𝐺2 − 𝐵𝑅)∕(𝐺2 + 𝐵𝑅) Bending et al., 2015

MGVRI Modified green–red

vegetation index

(𝐺2 − 𝑅2)∕(𝐺2 + 𝑅2) Bending et al., 2015

VARI Visible atmospherically

resistant index

(𝐺 − 𝑅)∕(𝐺 + 𝑅 − 𝐵) Gitelson et al., 2002

BGI Blue–green pigment index B/G Zarco-Tejada et al.,

2005

BI Brightness index
√
(𝑅2 + 𝐺2 + 𝐵2)∕3 Richardson & Wiegand,

1977

EXG Excessive green index 2𝐺 − 𝐵 −𝑅 Woebbecke et al., 1995

EXGR Excess green minus excess

red index

EXG2 − EXR Meyer & Neto, 2008

GLI Green leaf index

(2𝐺 −𝑅 − 𝐵)∕(2𝐺 + 𝑅 + 𝐵)
Louhaichi et al., 2001

NGBDI Normalized green–blue

difference index

(𝐺 − 𝐵)∕(𝐺 + 𝐵) Du & Noguchi, 2017

VEG Vegetative index 𝐺∕(𝑅0.667𝐵0.334) De Swaef et al., 2021

BCC Blue chromatic coordinate

index

𝐵∕(𝑅 + 𝐺 + 𝐵) De Swaef et al., 2021

RCC Red chromatic coordinate

index

𝑅∕(𝑅 + 𝐺 + 𝐵) De Swaef et al., 2021

EXR Excess red index

(1.4𝑅 − 𝐺)∕(𝑅 + 𝐺 + 𝐵)
De Swaef et al., 2021

EXG2 Excess green index v2

index (2𝐺 − 𝐵 −𝑅)∕(𝑅 + 𝐺 + 𝐵)
De Swaef et al., 2021

BRVI Blue–red vegetation index (𝐵 − 𝑅)∕(𝐵 +𝑅) De Swaef et al., 2021

G/R Green–red ratio index G/R De Swaef et al., 2021

G-R Green–red difference index G − R De Swaef et al., 2021

3 RESULTS

3.1 Field phenotyping outputs

In both 2019 and 2020, pedigrees were not significantly dif-

ferent (p = .076 and .72, respectively) for RDS. In 2020, RDS

were reduced compared with 2019. Pedigrees were signifi-

cantly different for PSC in both years (p < .001 and .012,

respectively). Biomass yields (fresh and dry) varied with pedi-

grees in 2019 (p < .001) but not in 2020. In general, means for

all traits were lower in 2020 than in 2019, resulting in overall

fewer significant differences between pedigrees (Table 3).

In 2019, the contribution of pedigree was the largest to

variation for PSC, fresh and dry matter yields, with a high

degree of repeatability. Rhizome-derived shoots had a very

low repeatability and was explained by the high percentage

error variation. In 2020, a moderate-to-high percentage error

variation was recorded across all phenotypic traits, reducing

their repeatability substantially. Repeatability for RDS was

practically zero (Table 4).

3.2 Evaluation of vegetation indices VI with
CHM

Among UAV extracted data, pedigrees were significantly dif-

ferent for all 21 VIs across the seven flights (p < .001) in

2019, but pedigrees had no effect on any VI in 2020. For
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T A B L E 3 Summary statistics for raw field phenotypic data for 2019 and 2020

Year
2019 2020

RDS PSC
Fresh matter
yield

Dry matter
yield RDS PSC

Fresh matter
yield

Dry matter
yield

No. kg ha−1 No. kg ha−1

Min. 0 1 1,171 510 0 0 195 0

Max. 9 33 67,770 31,446 6 14 33,397 15,931

Mean 3 15 26,612 11,710 1 8 12,725 6,140

SD 2 6 15,207 6,760 1 3 6,388 3,100

Note. RDS, rhizome derived shoots; PSC, plant stand count.

F I G U R E 1 Temporal best linear unbiased predictions (TBLUPs) of the assessed vegetation indices (VIs) with canopy height measurements

(CHM)-upper right corner of the pedigrees for 2019 (left) and 2020 (right). The y axes shows the range of TBLUPs while x axes shows the flight

dates as days after planting (DAP) with the rhizome derived shoots (above) and plant stand count (left) BLUP values of the pedigrees

CHM, pedigrees were significantly different in both 2019 and

2020 (p = .0002 and p = .019, respectively). The flight dates

between years (the day the UAS was flown) were also signif-

icantly different for CHM (p < .001). In 2020, TBLUPs for

VIs were compressed likely because of the lower means and

winter mortality.

The VIs blue–green pigment index, blue chromatic coor-

dinate index (BCC), blue–red vegetation index, brightness

index, Blue, Green, Red, excessive green index, excess green

minus excess red index, green–red difference index, normal-

ized green–red difference index, red–green–blue vegetation

index, , vegetative index (Table 2) typically followed a con-

cave pattern (curving inwards) of overgrowth in both years

where sparse or senesced plants had the highest values and

healthy plants the lowest. The VIs excess green index v2

index, green–red ratio index, green leaf index, , normalized
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T A B L E 4 Percentage variation and repeatability for the field phenotypic data for 2019 and 2020

n

Year
2019 2020

RDS PSC
Fresh matter
yield

Dry matter
yield RDS PSC

Fresh matter
yield

Dry matter
yield

%

Pedigree 100 15.099 59.424 71.837 73.371 0 22.135 1.018 8.47

Row 13 0.925 13.78 8.257 8.428 6.519 2.851 16.647 11.176

Range 16 14.726 10.548 5.042 3.489 17.783 23.563 14.151 16.674

Replication 2 4.481 3.087 0.983 0.428 0 0 0 0

Error − 64.769 13.16 13.88 14.283 75.698 51.451 68.184 63.681

Repeatability − 0.091 0.953 0.912 0.834 0 0.462 0.029 0.21

Note. n, number of levels of observations; RDS, rhizome derived shoots; PSC, plant stand count.

green–blue difference index, normalized green–red difference

index, red chromatic coordinate index, red–green–blue vege-

tation index, , vegetative index, and, green–red ratio index,

normalized green–blue difference index, red chromatic coor-

dinate index had a convex pattern (curving outwards), where

sparse or senesced plants had the lowest values and healthy

plants the highest. Vegetation index BCC showed the clearest

pattern across the growing season for the RDS, PSC, and fresh

and dry matter yields compared with other indices in both

years. The CHM displayed a sigmoid pattern in both years

(Figures 1 and 2).

Temporal correlations of each time point across VIs with

CHMs for each trait (Figure 3) showed wide variation seen

from the different trends displayed in 2019 and 2020. Tempo-

ral correlations for RDS ranged from −0.25 to 0.1 across all

VIs with CHMs, most registering zero across the flight dates

in both years. The PSC and fresh and dry matter yields dis-

played a wider range from−0.5 to 0.5, fluctuating across flight

dates for VIs with CHMs in 2019. This range halved to −0.25

to 0.25 in the regrowth year (2020), reducing predictability

of PSC and fresh and dry matter yields from the temporal

measurements. Correlation analysis between TBLUPs across

different VI and time measurements showed values changing

between −1 to 1 (Figure 4). Temporal correlations in 2019

fluctuated less than in 2020. Overall, correlations were low to

moderate between VIs, demonstrating different VIs were not

redundant and provided different information. Similarly, for

some VIs, moderate correlations were observed temporally

within a single trait. When the same VIs are less correlated

at different time points, this means more unique information

is provided by additional time points to use in prediction; thus,

temporal variable importance was emphasized.

For the temporal variable importance, some VIs predicted

RDS, PSC, and fresh and dry matter yields across all flight

dates throughout growth, whereas others predicted these phe-

notypes better at specific flight dates and stages. The VI BCC

best predicted RDS at 101 d (Year 1) and 430 d (regrowth,

Year 2) in 2019 and 2020, respectively, using ridge regres-

sion (Figure 5). The PSC was consistently best predicted by

BCC throughout (63, 78, and 98 d) with ridge regression and

by the RCC at 101 d for the elastic net and LASSO regres-

sion models in 2019. In 2020, the BCC moderately predicted

PSC at 430 and 461 d; at 467 d, the red–green–blue vege-

tation index for the LASSO and EXG2 and green leaf index

for the elastic net gave consistent and best predictions. This

was at maturity when the plants were fully established. For

both fresh and dry matter yields, BCC consistently best pre-

dicted biomass in 2019, specifically at 63 and 70 d across all

regression models. Throughout days 63, 70, 78, and 98, BCC

consistently predicted dry and fresh matter yield well using

elastic net regression. In 2020, BCC consistently predicted

both dry and fresh matter yield well using ridge regression at

430 d. Vegetation indices BCC and green leaf index predicted

dry and fresh matter yield well at 430 and 467 d, respectively,

for the elastic net regression.

3.3 Regression model evaluation

Linear regression of VIs with CHMs in prediction of the RDS,

PSC, and fresh and dry matter yields had the highest RMSE

and MAE (Table 5) in both years. Elastic net and LASSO

regression were also ineffective in modeling RDS in 2019 and

in both years, respectively.

3.4 Predictive ability

The predictive ability of VIs combined with CHMs was

greater for the machine-learning models than linear regres-

sion (Figure 6). Slight differences were observed between

machine-learning models (elastic net, ridge, and LASSO)

with respect to predictive ability for the VIs with CHMs.

All machine-learning methods had predictive abilities >70%,
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NAKASAGGA ET AL. 2115Crop Science

F I G U R E 2 Temporal best linear unbiased predictions (TBLUPs) of the assessed vegetation indices (VIs) with canopy height measurements

(CHM)-upper right corner of the pedigrees for 2019 (left) and 2020 (right). The y axes shows the range of TBLUPs while x axes shows the flight

dates as days after planting (DAP) with the fresh (above) and dry (below) matter yield BLUP values of the pedigrees

whereas the linear model had <10% predictive ability for the

PSC and dry and fresh matter yields in 2019 (Figure 6). The

predictive abilities decreased in 2020 across all models for the

PSC and dry and fresh matter yield. A similar trend was seen

for the RDS, which also had a much lower predictive ability

than the rest of the traits in the previous year (2019) and was

essentially not predictable in 2020.

4 DISCUSSION

A general trend in reduction of RDS, PSC and fresh and dry

matter yields was observed in 2020 across all pedigrees. This

reduction was likely a result of winterkill; however, many fac-

tors can contribute to plant death and these appeared to be

uneven, substantially lowering even the repeatability between

replicates. The average survivability from the establishment

year to the second year was 53%, likely because many of these

progenies were still segregating for rhizome and perennial

characteristics including within plots. This could be a limi-

tation to predicting regrowth from UAS data; however, with

additional selection and less segregation, UAS could still be

very useful in providing objective measures. Yield reductions

in regrowth compared with the main crop are common and

have been reported in many short-lived herbaceous perennials

(Singh & Singh, 2002; Singh et al., 2005; Sundara, 1997).

The different temporal measurements (VIs with CHMs)

displayed varied patterns across growth (Figures 1 and 2). The

compression of RDS, PSC and fresh and dry matter yields

in 2020 TBLUPs likely were due to the lower plot means.

Vegetation indices typically display a concave pattern (inward

curve) across a full growth season and are characterized with

low values at early growth stages, because of a very sparse

canopy, and in the late stage because of leaf senescence. The

VI increases as the plant develops and accumulates vegetative

biomass and then decreases during postanthesis to physiolog-

ical maturity of seed (Stanton et al., 2017; Vina et al., 2004).

The CHM is characterized by a sigmoidal pattern, with initial

increment at a decreasing rate followed by a rapid increase to

a critical point then to a constant or eventual decline (Adak,

Murray et al., 2021; Anderson et al., 2019; Chang et al., 2017).

Because we obtained atypical patterns (convex) for some VIs,

additional flights would likely improve the statistical power

in predicting the temporal UAS breeding values of VIs with
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2116 NAKASAGGA ET AL.Crop Science

F I G U R E 3 Temporal correlation of each time point for 2019 (above) and 2020 (below). The y axes shows the range of flight means unique to

each trait, whereas the x axes shows the flight dates

CHMs, but this would also increase resources required. To

address this constraint, optimizing flights to specific dates

after planting would minimize resource requirements and

costs in prediction of the traits of interest. Toward this, infor-

mative correlations for each trait between each VI with CHM

time point would help in optimizing flights to specific dates

after planting. However, many correlations obtained in this

study were too low and inconsistent (Figure 3) to identify

suitable time points for flights in assessment of RDS, PSC

and fresh and dry matter yields. Correlation analysis between

TBLUPs across different VIs and time measurements was

highly inconsistent (Figure 4), meaning multicollinearity was

not a problem and the entirety of temporal data collected can

be used for prediction in subsequent studies.

Temporal variable importance was useful in identifying the

most important time points and VIs across the growth season

for flights and evaluation of phenotypic traits. In some cases,

a VI predicted RDS, PSC and fresh and dry matter yields

across a series of dates, whereas others predicted RDS, PSC

and fresh and dry matter yields at specific dates and stages

across the growth season (Figure 5). For example, VI BCC

best predicted RDS at 101 d (Year 1) and 430 d (Year 2),

which is consistent with previously reported timing for rhi-

zome development (Horowitz, 1972) where more RDS are

expected at flowering and later in the season. In 2020, most

of the regrowth regenerated from the rhizomes, so RDS were

expected earlier in the season; however, RDS ended up being

inconsistent. Overall, the most valuable flights were in the

early-to-middle season for VI, whereas for CHM, no partic-

ular flight dates could be identified as the best for predicting

RDS, PSC and fresh and dry matter yields. Further studies are

needed to determine if such times exist.

Vegetation index BCC was identified as the best predictor

of all traits in both years. The BCC measures blue light rela-

tive to red and green light (De Swaef et al., 2021). Woebbecke

et al. (1995) reported that chromatic coordinates provided

more variation than individual RGB coordinates (Woebbecke

et al., 1995), and for this study, BCC was the most predic-

tive. If BCC predictions can be generalized, it could reduce

time required to manually phenotype these traits, which would

speed up the selection process.

Plant stand counts for the regrowth predicted rhizome char-

acteristics much more efficiently than RDS across VIs and

CHMs. Plant stand counts also are easier to evaluate than

examining individual plants for RDS, which had very low

to negligible repeatability. Plant stand counts in the spring

are an indirect measure of the previous RDS measurement

because 90% of perennial growth in sorghum regenerates

from rhizomes (Nabukalu & Cox, 2016). Further, plants orig-

inating from the crown, in addition to rhizomes, would be

included; thus, PSC is likely the most robust means for mea-

suring perennial characteristics. A limitation is that because
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NAKASAGGA ET AL. 2117Crop Science

F I G U R E 4 Pearson correlation coefficients between Temporal best linear unbiased predictions across different vegetation indices and time

measurements for (a) 2019 and (b) 2020
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2118 NAKASAGGA ET AL.Crop Science

F I G U R E 5 Heatmap of temporal variable importance of the predictor traits across seven flight dates in 2019 (above) and 2020 (below) for

elastic net, ridge, and LASSO regression models. The y axes are identical and represent predictor traits for each regression model, vegetation indices

with canopy height measurements. The x axes are identical and are flight dates represented as days after planting. Model failed to converge for the

greyed out boxes

individual plant assessments are not conducted, desirable

plants may be missed in plots still segregating. If UAS meth-

ods can be applied to single plants rather than at the plot level,

this would improve selection ability, especially for highly

genetically segregating plots as measured here. For biomass

yield evaluation as well, PSC could be used to select pedigrees

that accumulated biomass earlier in the season. This would

be especially useful in the early phases of evaluation when

genotype numbers are large.

In a breeding program, it is essential to have models that

minimize error and correctly rank pedigrees (Adak, Murray

et al., 2021). Machine-learning methods minimized error bet-

ter and had a higher predictive ability than the linear model

(Figure 6). Specifically, the ridge regression had the low-

est error and showed consistency at modeling all traits in

this study (Table 5). Elastic net and LASSO regression were

also ineffective in modeling RDS in 2019 and in both years,

respectively, possibly because the models failed to converge

because of individual year differences. Ideally, years could be

combined in training, and a subset of these samples would

be tested to predict rhizome characteristics and biomass with

improved predictive ability. However, differences in flight

dates across environments make combining complicated and,

to date, remains a barrier in analysis. Furthermore, because

of biological differences in growth rates within and between

environments, plants may be at different physiological stages.

Determining methods to appropriately deal with these issues

would be a major statistical innovation in phenomics-assisted

breeding.

In conclusion, combined VIs with CHMs and machine-

learning outperformed linear regression. Blue chromatic

coordinate index best predicted all measured traits. Optimiz-

ing flights to specific dates after planting would minimize

resource requirements and costs in prediction of regrowth and

biomass yield of perennial sorghum.
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