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 51 

Cassava (Manihot esculenta Crantz) is an important food security crop in sub-Saharan Africa 52 

and other tropical regions, but its genetic improvement is hindered by long breeding cycles and 53 

labour-intensive phenotyping procedures. This study aimed to develop a rapid phenotyping 54 

protocol and assess its predictive capacity for yield and plant architecture traits in cassava using 55 

Normalized Difference Vegetation Index (NDVI) data obtained with affordable handheld 56 

sensor (Trimble GreenSeeker). A diverse panel of 453 cassava accessions was evaluated across 57 

two contrasting agroecological zones in Nigeria; Mokwa (Southern Guinea Savannah) and 58 

Onne (Humid Forest) during the 2021/2022 planting season. NDVI data collected at 3, 6, and 59 

9 months after planting (MAP) were integrated with ground truth phenotypic measurements of 60 

26 agronomic traits. 61 

 Genetic parameters including broad-sense heritability and genotype-by-environment 62 

interactions were estimated. Results showed moderate to high heritability for important traits 63 

such as fresh root yield (FYLD), dry matter content (DM), and harvest index (HI). NDVI data, 64 

especially at 6 months after planting, demonstrated strong predictive power (R² up to 0.9) for 65 

yield components, with prediction accuracy varying across locations. Significant negative 66 

correlations between lodging (LODG) and yield traits highlighted the influence of plant 67 

architecture on productivity in cassava. These findings affirm the applicability of handheld 68 

NDVI sensors as cost-effective tools for enhanced phenotyping and selection in cassava 69 

breeding programs for rapid genetic gains and varietal development under diverse field 70 

conditions. 71 

Keywords: NDVI, High-Throughput Phenotyping, Plant Architecture 72 

 73 
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 75 
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 80 

 81 

Background 82 

Cassava (Manihot esculenta Crantz) is a an important staple crop that is widely 83 

cultivated in sub‑Saharan Africa, Latin America, and parts of Asia for domestic consumption 84 
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and industrial raw materials  (Parmar et al., 2017; Tize et al., 2021). Its resilience to drought, 85 

poor soils, and erratic rainfall makes it a strategic food security crop in the face of climate 86 

change ( Jarvis et al., 2012; EPA, 2016; Amelework et al., 2021; Dordley, 2022; IPCC, 2023). 87 

However, the turnaround time for genetic improvement in cassava through conventional 88 

breeding technique is limited by its heterozygous nature, asynchronous flowering and long 89 

breeding cycles (Maxmen, 2019; Ceballos et al., 2020).  90 

Conventional cassava breeding relies on phenotypic evaluation of traits such as yield, dry 91 

matter content and plant architecture, which is labour-intensive, time-consuming and costly 92 

(Ceballos et al., 2020; Conceicão et al., 2023; Fei & Mahama, 2023).  93 

These limitations hinder the scalability of breeding programs and delay the release of improved 94 

varieties. Breeding gains can be accelerated by employing high-throughput phenotyping tools 95 

that enable rapid, non-destructive assessments at scale. 96 

Remote sensing, spectral vegetation indices have been effectively deployed in monitoring crop 97 

growth and predictively relating canopy vigour to yield (Dash, 2021; Machwitz et al., 2021; 98 

Marzougui et al., 2023; Tattaris et al., 2016). Normalized difference vegetation index (NDVI) 99 

is the most widely used of all the vegetation data for predicting crop yield (Huang et al., 2014; 100 

Panek & Gozdowski, 2020; Ji et al., 2021; Roznik et al., 2022).  101 

Satellite and Unmanned Aerial Vehicle (UAV) platforms are effective in capturing NDVI data, 102 

their cost and complexity limit adoption in resource-constrained research institutes. Handheld 103 

sensors such as the Trimble GreenSeeker provide a low-cost, user-friendly solution for NDVI 104 

data collection (Trimble, 2023). Prior studies have demonstrated that NDVI correlates with 105 

cassava yield and biomass traits, making it suitable for use in breeding trials (Ayu Purnamasari 106 

et al., 2019; Rattanasopa et al., 2022). However, variability due to environmental factors and 107 

genotype-by-environment interactions (GEI) necessitates multi-location validation and the 108 

development of robust predictive models. 109 

This study aims to (i) develop a rapid phenotyping protocol by integrating the Trimble 110 

GreenSeeker NDVI data with ground truth phenotypic data, (ii) quantify genetic parameters 111 

including heritability and G×E interactions for key traits and (iii) evaluate NDVI’s predictive 112 

capacity for cassava yield and plant architecture in contrasting agroecological zones. The 113 

outcomes will inform cost-effective breeding strategies to enhance cassava productivity. 114 

Methods 115 

A total of 453 cassava accessions which include 448 obtained from clonal evaluation trials and 116 

five commercial checks were evaluated across two locations in Nigeria, Mokwa (Southern 117 
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Guinea Savannah) and Onne (Humid Forest). Trials were conducted during the 2021/2022 118 

planting season using an augmented block design with two replications per location. Each plot 119 

consisted of three rows with three plants planted per row and a spacing of 1M between ridges 120 

and 0.8M within rows.  121 

Phenotypic Data Collection 122 

Traits measured included shoot weight (SHTWT), root weight (RTWT), dry matter 123 

content (DM), starch content (STARCH), fresh root yield (FYLD), dry yield (DYLD), top yield 124 

(TYLD), harvest index (HI), NDVI data at 3 months after planting (NDVI3), NDVI data at 6 125 

months after planting (NDVI6), NDVI data at 9 months after planting (NDVI9), number of 126 

lodged plants per plot (LODG), plant height at 3 months after planting (PLTHT3), plant height 127 

at 6 months after planting (PLTHT6), plant height at 9 months after planting (PLTHT9), angle 128 

of branching (ANGBR), stem diameter (STMDI), number of harvested roots (RTNO), number 129 

of plants per stand (PPSTD9), height at first branch at 9 months after planting (BRNHT9), 130 

height at first branch at 6 months after planting (BRNHT6), number of harvested plants per 131 

plot (NOHAV), height at first branch at 3 months after planting (BRNHT3), level of branching 132 

at 3 months after planting (BRNLEV3), level of branching at 6 months after planting 133 

(BRNLEV6), level of branching at 9 months after planting (BRNLEV9), chlorophyl content at 134 

3 months after planting (CHL3), chlorophyl content at 6 months after planting (CHL6) and 135 

chlorophyl content at 9 months after planting (CHL9). Measurements were taken at 3, 6, 9, and 136 

12 months after planting (MAP) using standard protocols described by Fukuda et al. (1998) 137 

and in CassavaBase (www.cassavabase.org). 138 

Collection of NDVI Data  139 

NDVI Data Collection with Trimble handheld sensor 140 

The Trimble GreenSeeker (Figure 1), a vegetation sensor manufactured by the agricultural 141 

division of the Trimble Inc USA, was used to capture the spectral properties of the cassava 142 

canopy. The sensor is made up of electroluminescent diodes (LEDs) that emit radiation in the 143 

red and near-infrared (NIR) regions. NDVI values were calculated based on the relationship 144 

between the red and near-infrared bands: (NIR-R)/(NIR+R), where NIR and R refer to the near-145 

infrared and red reflectance, respectively (Farias et al., 2023). The normalized difference 146 

vegetation index (NDVI) values were measured using the Trimble GreenSeeker handheld 147 

NDVI meter device. The device emits red light at wavelengths within 660 nm, 25 nm FWHM 148 

(full width at half maximum), and near-infrared light at 780 nm and 25 nm FWHM. The device 149 
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has two FOV (field of view) options: 25 cm at 60 cm: This means that when the device is 150 

positioned 60 cm away from the target, it captures an area with a width of 25 cm. 151 

50 cm at 122 cm: Alternatively, when placed 122 cm away, it covers a wider area with a width 152 

of 50 cm. (Sahin, 2022). 153 

The sensor was held at a height of 1 m above the canopy and pointed at a 45° angle towards 154 

the plants. The sensor was triggered at three points across the plants in the middle row within 155 

each plot, and the average NDVI value was recorded. The NDVI values can vary numerically 156 

from -1 to +1, with positive values indicating the vegetative vigour of the cassava plant, while 157 

negative values indicate the absence of vegetation or soil exposure. The data were collected at 158 

3 months intervals, viz: 3, 6 and 9 months after planting. 159 

The plant height, height at first branch, and other plant architecture traits data were also 160 

collected at the same intervals, using the conventional methods. 161 

 162 

 163 

 164 

 165 

 166 

 167 

 168 

 169 

 170 

 171 

 172 

Figure 1| Trimble GreenSeeker, a vegetation sensor 173 

 174 



 6 

Data Analysis 175 

Data Pre-processing: 176 

The data was split into training (80%) and testing (20%) sets using the `createDataPartition` 177 

function from the `caret` package (Kuhn, 2019) of the (R Core Team, 2020). The seed was set 178 

to 123 for reproducibility. Reproducibility is crucial in data analysis, machine learning, 179 

simulations, and computational experiments to ensure reliability and validity.  180 

Model Building and Calibration: 181 

Two regression models (linear regression and polynomial regression model) were used 182 

for this analysis. A linear regression model (`lm`) was fitted with ground truth data of each of 183 

the yield and plant architecture traits used as the dependent variable and NDVI data obtained 184 

at 3, 6 and 9 months after planting used as the independent variable using the training data. 185 

This was done using the `lm` function from the `rms` package (Harrell, 2023) of the (R Core 186 

Team, 2020). The mathematical formula of the linear regression model is herein stated: 187 

FYLD = 0 + 1 * NDVI +  188 

FYLD – is the response variable, which is the fresh root yield 189 

NDVI – is the predictor variable, which is the NDVI data taken at 3, 6 or 9 months after planting 190 

0 – is the intercept term 191 

1 – is the coefficient of the predictor variable NDVI 192 

 - is the error term 193 

A polynomial regression model was developed to predict the cassava fresh root yield (FYLD) 194 

based on several predictor variables. This was done using the `lm` function from the `leaps` 195 

package, version 3.1 (Miller, 2022) of the (R Core Team, 2020). The model included second-196 

degree polynomial terms for each predictor variable to capture potential non-linear 197 

relationships. The predictors used in the model were: Normalized Difference Vegetation Index 198 

(NDVI), plant height (PLTHT), chlorophyll content (CHL), stem diameter (STMDI), angle of 199 

branching (ANGBR), number of lodged plants per plot (LODG), number of harvested plants 200 

per plot (NOHAV), and number of plants per stand (PPSTD). The mathematical formula of the 201 

polynomial regression model is herein stated: 202 

FYLD = 0 + 11 * NDVI + 12 * NDVI2 + 21 * PLTHT + 22 * PLTHT2 + 31 * CHL + 32 203 

* CHL2 + 41 * STMDI + 42 * STMDI2 + 51 * ANGBR + 52 * ANGBR2 + 61 * LODG + 204 

62 * LODG2 + 71 * NOHAV + 72 * NOHAV2 + 81 * PPSTD + 82 * PPSTD2 +  205 
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Each predictor variable X (for  = 1,2,…,12) is modelled with both its linear and quadratic 206 

terms to capture any non-linear relationships between the predictor variables and the response 207 

variable 208 

Where: 209 

FYLD – is the dependent variable, which is the fresh root yield 210 

0 – is the model intercept term 211 

1( = 1 to n+1) – these are the model coefficients for each independent variable and its squared 212 

term. There are a total number of n+1 coefficients, where n is the number of independent 213 

variables (n=8) 214 

 - is the error term 215 

 216 

NDVI – normalized difference vegetation index 217 

PLTHT – plant height 218 

CHL – chlorophyll content 219 

STMDI – stem diameter 220 

ANGBR – angle of branching 221 

LODG – number of lodged plants per plot 222 

NOHAV – number of harvested plants per plot 223 

PPSTD – number of plants per stand 224 

All these traits represent the independent variables used in developing the second-order 225 

polynomial regression model. For these three traits, normalized difference vegetation index, 226 

plant height, and chlorophyll content, measurements were taken at 3, 6 and 9 months after 227 

planting. There corresponding values were used for the model development at these growth 228 

stages. 229 

 230 

Model performance was evaluated using summary statistics and diagnostic plots generated by 231 

the `lm` function.  232 

The model was calibrated using bootstrapping with 100 iterations using the calibrate function 233 

from the `rms` package (Harrell, 2023) of the (R Core Team, 2020). The calibrate function in 234 

the `rms` package enhances resampling model calibration. It produces estimates of predicted 235 

versus observed values that have been corrected for bias or overfitting. The calibration results 236 

were printed and plotted using the print and plot functions. 237 
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Model Validation and Evaluation: 238 

The calibrated model was used to predict the values of plant architecture and yield traits for the 239 

testing data set. This was done using the `predict` function from the `rms` package. 240 

Model performance was evaluated using the following statistical metrics:  241 

R-squared (R2) calculated using the `cor` function from the `base` package. It measures the 242 

proportion of variance in the plant architecture and yield traits explained by the NDVI 243 

predictor. 244 

Root Mean Squared Error (RMSE) calculated using basic mathematical operations. It 245 

quantifies the average deviation between predicted and observed values of plant architecture 246 

and yield traits. 247 

Mean Absolute Error (MAE) calculated using basic mathematical operations. It provides an 248 

average of the absolute errors between predicted and observed values of plant architecture and 249 

yield traits. 250 

Validation results were presented for R2, RMSE, and MAE. 251 

Analysis of variance of the plant architecture and yield traits was performed using the ` 252 

statgenGxE` package of the R software (R Core Team, 2020). The mathematical formula of 253 

the adopted model is herein stated: 254 

 255 

The mathematical formular for the ANOVA model (linear mixed model) 256 

 257 

Yijk = μ + αi + βj + (αβ)ij + eijk 258 

 259 

Yijk is the response for the i-th genotype in the j-th environment and the k-th replicate. 260 

μ is the overall mean  261 

αi is the fixed effect of the i-th genotype.  262 

βj is the random effect of the j-th environment.  263 

(αβ)ij is the random interaction effect of the i-th genotype and the j-th environment.  264 

eijk is the residual error. 265 

The random effects βj, and (αβ)ij are assumed to be independent and normally distributed 266 

with mean 0 and variance components σ2a, and σ2ea, respectively. The residual error eijk is 267 

also assumed to be independent and normally distributed with mean 0 and variance 268 

component σ2e. 269 
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The broad sense heritability (H2) values were calculated as follows: 270 

 271 

 272 

 273 

Where H2 is the broad sense heritability estimate, σ2g is the genetic variance component of 274 

the accession effect, σ2e is the variance component of the residual error, and r is the number 275 

of replicates. 276 

 277 

The estimation of genetic advance as a percentage of mean (GAM) was performed using the 278 

formula described in (Johnson et al., 1955).  279 

 280 𝐺𝐴ܯ = σp×H100×ܭ  281 

Where: 282 

K = 2.06 at 5% selection intensity. 283 

H = Heritability. 284 

σp = Phenotypic standard deviation. 285 

 286 

Genotypic correlation analysis for plant architecture and yield traits were performed using the 287 

statistical software  Meta-R Version 6.0 (Alvarado et al., 2020). 288 

Using the following model: 289 

yijk = μ + αi + βj + (αβ)ij + γk + eijk 290 

 291 

yijk is the observation for the i-th genotype in the j-th block and the k-th replication  292 

μ is the overall mean  293 

αi is the fixed effect of the i-th genotype  294 

βj is the random effect of the j-th block  295 

(αβ)ij is the random interaction effect of the i-th genotype and the j-th block  296 

γk is the random effect of the k-th replication within block  297 

eijk is the residual error. 298 

The estimates of the genetic and phenotypic correlations were obtained using the variance 299 

components from the linear mixed model: 300 

2ܪ = ఙ೒2ఙ೒2+഑೒೐2೐ +഑೐2೐ೝ  
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y = Xβ + Zu + e 301 

y is the vector of observations 302 

β is the vector of fixed effects  303 

u is the vector of random effects  304 

e is the vector of residuals  305 

X and Z are the design matrices.  306 

 307 

The genetic correlation between two traits is calculated as: 308 

 309 

݃ݎ 310  = ௚12ߪ√௚1௚2ߪ ௚22ߪ  311 

 312 

σg1g2  is the covariance between the random effects of the two traits 313 

σ2
g1 and σ2

g2 are the variances of the random effects of the two traits 314 

Data visualization was performed with the R package ‘corrplot’ version 0.92 (Wei & Simko, 315 

2021).  316 

 Path Analysis was performed with the R package ‘lavaan’ version 0.6-17 (Rosseel, 2023). 317 

 Data visualization was performed with the R package ‘semPlot’ version 1.1.6 (Epskamp, 318 

2022). 319 

 320 

Results 321 

The summary statistics of the NDVI data, plant architecture and yield traits for Mokwa 322 

trial (Table 1) and Onne trial (Table 2) showed that the accessions had differentially expressed 323 

performance for NDVI, plant architecture (angle of branching, stem diameter, shoot weight, 324 

number of lodged plants per plot, plant height at 3 months after planting, plant height at 6 325 

months after planting, and plant height at 9 months after planting) and yield traits (root weight, 326 

dry matter content, starch content, fresh root yield, dry yield, top yield, and harvest index) in 327 

respect to each trial environments. Based on the mean values of these traits, higher values were 328 

reported from the trial conducted in Onne compared to that of Mokwa for all the traits except 329 

fresh root yield (FYLD) which was (24.08 t/ha) in Mokwa compared to (23.45 t/ha) in Onne, 330 
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top yield (TYLD) 35.89 t/ha compared to 18.41 t/ha, NDVI at 3 months after planting 0.85 to 331 

0.79, and plant height at 3 months after planting (PLTHT3) 110.58cm to 109.22cm. The error 332 

variance was lower than the genotypic variance for all the traits except for NDVI at 6 months 333 

after planting and levels of branching at 3 and 9 months after planting (Table 3). Broad sense 334 

heritability values ranged from 0.0 for NDVI data at 3 months after planting to 0.87 for height 335 

at the first branch at 3 months after planting. Moderately high values of broad sense heritability 336 

were recorded for important yield and quality traits like starch and dry matter content (0.61) as 337 

well as harvest index (0.66). The phenotypic coefficient of variation ranged from 0% for NDVI 338 

data at 3 months after planting to 69.88% for the number of lodged plants per plot, while 339 

genotypic coefficient of variation values ranged from 0% to 49.21% for these two traits 340 

respectively. The highest value of genetic advance as a percentage of the mean (71.57) was 341 

obtained for the number of lodged plants per plot while the least value of (0) was obtained for 342 

NDVI data at 3 months after planting. The analysis of variance (Table 4) for the NDVI, plant 343 

architecture (angle of branching, stem diameter, shoot weight, number of lodged plants per 344 

plot, plant height at 3 months after planting, plant height at 6 months after planting, and plant 345 

height at 9 months after planting) and yield traits (root weight, dry matter content, starch 346 

content, fresh root yield, dry yield, top yield, and harvest index) traits across the two 347 

environments showed that the accessions performed differently from one another for all the 348 

traits except for NDVI value at 6 months after planting. 349 

 350 

 351 

 352 

 353 

 354 

 355 

Table 1| Summary statistics of the NDVI data, plant architecture and yield traits for the 356 

Mokwa trial 357 

Trait Min Max Mean Variance Coefficient 

     of 

          Variation 
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SHTWT 1.74 68.55 26.92 113.88 39.64 

RTWT 0.55 46.25 18.06 70.1 46.36 

DM 21.21 38.7 30.21 7.86 9.28 

STARCH 3.93 27.23 15.92 13.93 23.44 

FYLD 0.73 61.67 24.08 124.63 46.36 

DYLD 0.97 18.61 7.63 11.22 43.9 

TYLD 2.32 91.4 35.89 202.47 39.65 

HI 0.05 0.81 0.4 0.01 25 

NDVI3 0.37 0.92 0.85 0 5.26 

NDVI6 0.24 0.8 0.6 0.01 14.91 

NDVI9 0 0.79 0.61 0.01 13.72 

LODG 0 9 1.35 2.75 122.84 

PLTHT3 21 202.4 110.58 779.71 25.25 

PLTHT6 52 231 130.44 802.12 21.71 

PLTHT9 65 258 144.18 848.11 20.2 

ANGBR 0 117.05 69.3 594.4 35.18 

STMDI 9.82 33.14 21.47 10.67 15.21 

 358 

SHTWT – shoot weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – 359 

fresh root yield, DYLD – dry yield, TYLD – top yield, HI – harvest index, NDVI3 – NDVI data at 3 months after 360 

planting, NDVI6 - NDVI data at 6 months after planting, NDVI9 - NDVI data at 9 months after planting, LODG 361 

– number of lodged plants per plot, PLTHT3 – plant height at 3 months after planting, PLTHT6 - plant height at 362 

6 months after planting, PLTHT9 - plant height at 9 months after planting, ANGBR – angle of branching, and 363 

STMDI – stem diameter. 364 

 365 

 366 

 367 

 368 

 369 

 370 

 371 

 372 

 373 

Table 2 | Summary statistics of the NDVI data, plant architecture and yield traits for the 374 

Onne trial 375 

Trait Min Max Mean Variance Coefficient 

     of 

          Variation 

SHTWT 1.02 66.2 18.41 93.76 52.6 
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RTWT 1.15 63.25 23.45 115.35 45.8 

DM 25.1 43.75 33.62 8.16 8.5 

STARCH 9.12 33.96 20.47 14.47 18.58 

FYLD 1.15 63.25 23.45 115.35 45.79 

DYLD 1.03 22.36 8.27 13.22 43.97 

TYLD 1.02 66.2 18.41 93.73 52.59 

HI 0.09 0.94 0.56 0.01 17.86 

NDVI3 0.52 0.88 0.79 0.002 5.66 

NDVI6 0.5 0.91 0.86 0.06 28.48 

NDVI9 0.5 0.93 0.84 0.002 5.32 

LODG 1 12 2.24 3.2 79.86 

PLTHT3 48 186 109.22 385.7 40.92 

PLTHT6 75 284 158.29 766.7 17.49 

PLTHT9 106 366 203.71 1183.16 16.89 

ANGBR 0 125.17 72.68 1295.6 49.52 

STMDI 12.43 41.14 24.62 22.42 19.23 

 376 

SHTWT – shoot weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – 377 

fresh root yield, DYLD – dry yield, TYLD – top yield, HI – harvest index, NDVI3 – NDVI data at 3 months after 378 

planting, NDVI6 - NDVI data at 6 months after planting, NDVI9 - NDVI data at 9 months after planting, LODG 379 

– number of lodged plants per plot, PLTHT3 – plant height at 3 months after planting, PLTHT6 - plant height at 380 

6 months after planting, PLTHT9 - plant height at 9 months after planting, ANGBR – angle of branching, and 381 

STMDI – stem diameter. 382 

 383 

 384 

 385 

 386 

 387 

 388 

 389 

Table 3 | Estimates of variance components, broad sense heritability, PCV, GCV, and 390 

genetic advance for NDVI data, plant architecture and yield traits for all the cassava 391 

accessions evaluated across two environments in Nigeria. 392 

Trait Mean σ2g σ2
GxE σ2e σ2p H2 PCV(%) GCV(%) GA GAM 

DM 31.90 3.02 1.37 0.59 4.98 0.61 6.99 5.45 2.80 8.76 

NOHAV 6.50 1.07 0.48 0.81 2.35 0.46 23.58 15.91 1.44 22.17 

RTNO 48.00 130.37 46.82 73.05 250.24 0.52 32.96 23.79 17.02 35.46 

SHTWT 22.65 26.28 9.50 15.06 50.84 0.52 31.48 22.63 7.61 33.60 
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RTWT 20.77 26.11 10.53 11.28 47.92 0.54 33.33 24.60 7.79 37.50 

STARCH 18.20 5.36 2.42 1.05 8.83 0.61 16.32 12.72 3.73 20.47 

FYLD 23.76 34.97 11.83 15.23 62.03 0.56 33.15 24.89 9.17 38.59 

DYLD 7.95 2.62 1.46 1.66 5.74 0.46 30.12 20.36 2.26 28.42 

TYLD 27.12 34.90 12.59 22.45 69.94 0.50 30.84 21.78 8.62 31.78 

HI 0.48 0.0048 0.24 0.0012 0.2412 0.66 17.7 14.434 0.12 24.29 

NDVI3 0.82 0.0002900 0.00 0.0018200 0.00 0.00 0.00 0.00 0.00 0.00 

NDVI6 0.73 0.0000000 0.00 0.0100000 0.01 0.00 13.70 0.00 0.00 0.00 

NDVI9 0.73 0.0000000 0.00 0.0000000 0.00 0.00 0.00 0.00 0.00 0.00 

LODG 1.60 0.62 0.12 0.52 1.25 0.50 69.88 49.21 1.15 71.57 

PLTH3 109.87 202.38 14.70 88.40 305.48 0.66 15.91 12.95 23.91 21.76 

BRNHT3 55.85 304.95 3.71 41.48 350.14 0.87 33.50 31.27 33.65 60.26 

BRNLEV3 1.60 0.01 0.04 0.05 0.09 0.11 18.75 6.25 0.07 4.30 

PLTHT6 144.60 340.40 36.59 96.98 473.97 0.72 15.06 12.76 32.29 22.33 

BRNHT6 68.10 95.33 206.51 41.31 343.15 0.28 27.20 14.34 10.63 15.60 

BRNLEV6 2.00 0.13 0.09 0.05 0.27 0.49 25.74 18.03 0.52 26.07 

PLTHT9 174.60 402.33 62.29 127.01 591.62 0.68 13.93 11.49 34.16 19.56 

BRNHT9 85.10 473.15 102.22 60.97 636.34 0.74 29.64 25.56 38.73 45.51 

BRNLEV9 2.50 0.02 0.12 0.04 0.18 0.11 16.73 5.66 0.10 3.95 

CHL3 49.00 4.77 0.07 1.30 6.13 0.78 5.05 4.46 3.98 8.12 

CHL6 47.89 3.02 0.51 1.28 4.81 0.63 4.58 3.63 2.84 5.94 

CHL9 45.60 5.16 2.97 1.85 9.98 0.52 6.93 4.98 3.37 7.40 

ANGBR 171.00 492.45 99.22 50.86 642.52 0.77 14.82 12.98 40.12 23.46 

STMDI 23.10 6.34 1.42 2.02 9.78 0.65 13.54 10.90 4.19 18.13 

PPSTD 2.00 0.10 0.02 0.08 0.20 0.51 22.22 15.81 0.46 23.23 

 393 
STMDI - stem diameter, FYLD - fresh root yield, DYLD - dry yield, STARCH – starch content, DM – dry matter content, RTWT – fresh root 394 

weight, SHTWT – shoot weight, PLTHT9 – plant height at 9 months after planting, LODG – number of lodged plants per plot, HI – harvest 395 

index, ANGBR9 – angle of branching, RTNO – number of harvested roots, PPSTD9 – number of plants per stand, BRNHT9 – height at the 396 

first branch at 9 months after planting, PLTHT6 – plant height at 6 months after planting, TYLD – top yield, BRNHT6 – height at the first 397 

branch at 6 months after planting, NOHAV – number of harvested plants per plot, NDVI3 – NDVI at 3 months after planting, NDVI6 - NDVI 398 

at 6 months after planting, NDVI9 - NDVI at 9 months after planting, PLTHT3 – plant height at 3 months after planting, BRNHT3 – height 399 

at the first branch at 3 months after planting, BRNLEV3 – level of branching at 3 months after planting, BRNLEV6 – level of branching at 6 400 

months after planting, BRNLEV9 – level of branching at 9 months after planting, CHL3 – chlorophyl content at 3 months after planting, 401 

CHL6 – chlorophyl content at 6 months after planting, CHL9 – chlorophyl content at 9 months after planting, σ2g – genotypic variance, σ2e – 402 

residual variance, σ2p – phenotypic variance, H2 - broad sense heritability, PCV, phenotypic coefficient of variation, GCV- genotypic 403 

coefficient of variation, GA - Genetic advance, GAM -  genetic advance as a percentage of mean.404 
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Table 4 | Analysis of variance (ANOVA) of the NDVI data, plant architecture and yield traits across two environments405 
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The exploratory analysis revealed the interrelationships among the plant architecture and yield 406 

traits. Based on the Pearson correlation coefficient values (r), correlation coefficient plots were 407 

used to visualize and quantify these relationships.  408 

Based on the output of the genetic correlation analysis of the data obtained from the trial 409 

conducted in Mokwa (Figure 2), there exists a strong and significant negative relationship 410 

between HI and LODG (r = -0.72, p < 0.001). In addition to this, moderate, significant negative 411 

relationships were observed between LODG and FYLD (r = -0.56, p < 0.001), RTWT (r = -412 

0.56, p < 0.001), and RTNO (r = -0.50, p < 0.001) respectively. This shows that the higher the 413 

number of lodged plants per plot, the lesser the values of the key yield traits such as FYLD, 414 

RTNO, RTWT and HI. Also, there exists high positive and significant relationships between 415 

LODG and PLTHT3 (r = 0.75, p < 0.001), PLTHT6 (r = 0.87, p < 0.001), and PLTHT9 (r = 416 

0.79, p < 0.001). This shows that the taller the plant grows, the more it is prone to lodging.  417 

The output of the genotypic correlation among yield and plant architecture traits in the Onne 418 

trial (Figure 4) showed weaker, negative, and significant relationships between LODG and HI 419 

(r = -0.4, p < 0.001) compared to the value (r = -0.72, p < 0.001) obtained in Mokwa trial. 420 

Contrary to the positive relationships recorded between LODG and plant height in Mokwa, low 421 

to moderate, PLTHT3 (r = -0.1, p < 0.001), and PLTHT9 (r = -0.49, p < 0.001) respectively 422 

were observed. Unlike in Mokwa, this means that the taller plants in Onne grew, the lesser their 423 

propensity for lodging. 424 

The path coefficient analysis revealed the direct and indirect contributions of the plant 425 

architecture traits to fresh root yield and root weight in cassava.  426 

For the trial at Mokwa (Figure 3), RTWT had an absolute (1.0) positive contribution to FYLD. 427 

However, HI had a strong positive contribution to RTWT (0.67), while the contributions of 428 

PLTHT9 (0.41) and PLTHT3 (0.17) were also positive. Contrary to these, negative 429 

relationships were observed for LODG (-0.12) and PLTHT6 (-0.18) in respect of their 430 

contributions to RTWT. 431 

Likewise, RTWT had absolute contributions to FYLD in the path coefficient analysis 432 

conducted on the data from the Onne trial (Figure 5). PLTHT6 had strong positive contributions 433 

(1.06) to RTWT while the reverse is the case for ANGBR with negative contribution (-0.30) 434 

and PLTHT6 (-0.21). 435 

 436 

 437 

 438 

 439 
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 440 

Figure 2| Genotypic correlation coefficient plot of plant architecture and yield traits in 441 

Mokwa trial 442 

NOHAV -  number of harvested plants per plot, RTNO – number of harvested roots per plot, SHTWT – shoot 443 

weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – fresh root yield, 444 

DYLD – dry yield, TYLD – top yield, HI – harvest index, LODG – number of lodged plants per plot, PLTHT6 – 445 

plant height at 6 months after planting, BRNHT6 – height at first branch at 6 months after planting, PLTHT9 – 446 

plant height at 9 months after planting, BRNHT9 – height at first branch at 9 months after planting, BRNLEV9 - 447 

level of branching  at 9 months after planting, BRNHB9 – branching habit at 9 months after planting, ANGBR9 448 

– angle of branching, and STMDI9 – stem diameter. 449 

 450 

 451 

Figure 3| Path coefficient analysis plot of plant architecture and yield traits in Mokwa trial 452 

NOH - number of harvested plants per plot, RTN – number of harvested roots per plot, RTW – root weight, STA 453 

– starch content, FYL – fresh root yield, HI – harvest index, LOD – number of lodged plants per plot, PLTHT6 – 454 

plant height at 6 months after planting, PLTHT9 – plant height at 9 months after planting, ANG – angle of 455 

branching, and STM – stem diameter. 456 

 457 

 458 

Figure 4| Genotypic correlation coefficient plot of plant architecture and yield traits in 459 

Onne trial 460 

NOHAV -  number of harvested plants per plot, RTNO – number of harvested roots per plot, SHTWT – shoot 461 

weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – fresh root yield, 462 

DYLD – dry yield, TYLD – top yield, HI – harvest index, LODG – number of lodged plants per plot, PLTHT6 – 463 

plant height at 6 months after planting, BRNHT6 – height at first branch at 6 months after planting, PLTHT9 – 464 

plant height at 9 months after planting, BRNHT9 – height at first branch at 9 months after planting, BRNLEV9 - 465 

level of branching  at 9 months after planting, BRNHB9 – branching habit at 9 months after planting, ANGBR9 466 

– angle of branching, and STMDI9 – stem diameter. 467 

 468 

 469 

Figure 5| Path coefficient analysis plot of plant architecture and yield traits in Onne trial 470 

NOH - number of harvested plants per plot, RTN – number of harvested roots per plot, RTW – root weight, STA 471 

– starch content, FYL – fresh root yield, HI – harvest index, LOD – number of lodged plants per plot, PLTHT6 – 472 

plant height at 6 months after planting, PLTHT9 – plant height at 9 months after planting, ANG – angle of 473 

branching, and STM – stem diameter. 474 

 475 

 476 
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The linear regression model prediction statistics (Table 5) for the prediction of plant 477 

architecture and yield traits using the NDVI data showed that the value of NDVI3 predicted 478 

the PLTHT3 with high R2 values (0.94) and NDVI6 value for PLTHT6 (0.7) respectively but 479 

with high root mean squared error (RMSE) values of 29.3 and 13.2 respectively, and mean 480 

absolute error (MAE) values of 27.3 and 11.7 respectively. Meanwhile, high R2 value of (0.9) 481 

was recorded for the prediction of FYLD, DYLD and RTWT using the NDVI6 data, with 482 

relatively low values of RMSE (8.3, 2.2 and 6.2) respectively and MAE values of (7.4, 1.9 and 483 

5.5) respectively for these traits. In the same vein, high R2 value of (0.7) was recorded for HI 484 

for the prediction made using the NDVI6 and NDVI9 data with very low RMSE values of (0.09 485 

and 0.04) respectively and MAE values of (0.09 and 0.04) respectively. Similar result was 486 

reported from the prediction of STMDI from the NDVI3 data with R2 value of (0.7) and 487 

relatively higher values of RMSE (1.9) and MAE (1.6). 488 

Moderate values of R2 (0.6, 0.4, 0.4 and 0.4) were reported for DYLD and RTWT both 489 

predicted from NDVI9 data, STARCH and DM predicted from NDVI3 data, respectively. 490 

These traits also had relatively low values of RMSE (6.2, 4.7, 2.2 and 1.6) as well as MAE 491 

values of (4.5, 3.4, 1.8 and 1.3) respectively. 492 

The prediction metrics obtained from the trial at Onne (Table 6) revealed lower R2 values for 493 

the predicted traits compared to the values obtained from Mokwa trial.  494 

Moderate R2 values of (0.5) were obtained on the prediction of FYLD, DYLD, and RTWT, 495 

using the NDVI9 data. However, high values of RMSE (15.3, 5.3 and 15.3) were reported for 496 

these traits respectively as well as high values of MAE (13, 4.7 and 13). 497 

However, moderate R2 value of (0.5) was reported for the prediction of HI, using the NDVI3 498 

data with low RMSE value (0.1) and MAE value (0.07). 499 

Low R2 values of (0.3, 0.3 and 0.4) were reported for STARCH, DM and STMDI respectively 500 

from the NDVI3 data. Their RMSE values (3.8, 2.8 and 3.1) were relatively low as well as 501 

MAE values (3.1, 2.3 and 2.9). 502 

The polynomial prediction statistics (Table 7) for the prediction of FYLD from the NDVI data, 503 

PLTHT, CHL, STMDI, ANGBR, LODG, NOHAV, and PPSTD showed the values of the 504 

model prediction statistics were quite similar across environment and the growth stage at which 505 

the data were collected. The R2 value 0.39 was obtained for the data collected from Mokwa 506 

trial at 3 and 6 months after planting and Onne at 6 months after planting while R2 value of 0.4 507 

was recorded on data collected from Onne at 3 and 9 months after planting and Mokwa at 9 508 

months after planting. Similarly, MAE values of 6.3 was obtained for the data collected from 509 

Mokwa and Onne at 3 and 6 months after planting, with values of 6.2 and 6.4 for data obtained 510 
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from Mokwa and Onne respectively at 9 months after planting. The RMSE values ranged from 511 

7.8 to 8.2 for data obtained from Mokwa and Onne respectively at 9 months after planting. 512 

 513 

 514 

 515 

 516 

 517 

 518 

 519 

 520 

 521 

 522 

 523 

 524 

 525 

 526 

 527 

 528 

 529 

 530 

 531 

 532 

 533 

 534 

 535 

 536 

 537 

 538 

 539 

 540 

 541 
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Table Error! No text of specified style in document. | Linear regression model prediction 542 

statistics for plant architecture and yield traits from NDVI data at MOKWA / 2021-2022 543 

Trial 544 

Trait 
NDVI MOKWA 

3MAP 

NDVI MOKWA 

6MAP 

NDVI MOKWA 

9MAP 

  R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Plant Height 0.94 29.3 27.3 0.7 13.2 11.7 0.1 20.3 15 

Fresh Root 

Yield 
0.08 13.4 11.9 0.9 8.3 7.4 0.4 6.2 4.5 

Dry Yield 0.1 4.1 3.5 0.9 2.2 1.9 0.6 1.4 1.1 

Root Weight 0.07 10.1 8.9 0.9 6.2 5.5 0.4 4.7 3.4 

Starch Content 0.4 2.2 1.8 0.2 1.5 1.2 0.3 2.2 1.4 

Dry Matter 

Content 
0.4 1.6 1.3 0.2 1.2 0.9 0.3 1.6 1 

Shoot Weight 0.08 9.5 8.8 0.2 8.2 7.4 0 10.7 8.4 

Harvest Index 0.01 0.1 0.1 0.7 0.09 0.09 0.7 0.04 0.04 

Number of 

lodged plants 

per plot 

0 0.7 0.6 0.1 0.9 0.9 0.2 0.9 0.7 

Stem Diameter 0.7 1.9 1.6 0.4 3.1 3 0.2 3 2.3 

Angle of 

Branching 
0.3 6.5 5.6 0.1 6 5.2 0.2 7.3 6.1 

 545 

R-squared (R2), root mean squared error (RMSE) and mean absolute error (MAE)Months after planting (MAP). 546 

 547 

 548 

 549 

 550 
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Table 6 | Linear regression model prediction statistics for plant architecture and yield 551 

traits from NDVI data at ONNE / 2021-2022 Trial 552 

Trait NDVI ONNE 3MAP NDVI ONNE 6MAP NDVI ONNE 9MAP 

  R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Plant Height 0.02 15.4 10.8 0.01 25 24.8 0.2 27.6 24 

Fresh Root 

Yield 
0.2 10.4 8.2 0.4 10.9 9.2 0.5 15.3 13 

Dry Yield 0.2 3.8 2.9 0.3 4.2 3.4 0.5 5.3 4.7 

Root Weight 0.2 10.4 8.2 0.4 11 9.2 0.5 15.3 13 

Starch Content 0.3 3.8 3.1 0 3 2.7 0.2 3.9 2.5 

Dry Matter 

Content 
0.3 2.8 2.3 0 2.2 2 0.2 2.9 1.9 

Shoot Weight 0.01 6.4 5.3 0.2 18.5 11 0.4 7.6 6.6 

Harvest Index 0.5 0.1 0.07 0.01 0.07 0.04 0.3 0.09 0.1 

Number of 

lodged plants 

per plot 

0.1 1.5 1 0.04 1 0.8 0.2 1.4 1.1 

Stem Diameter 0.4 3.1 2.9 0 2.1 1.9 0 2.8 2.8 

Angle of 

Branching 
0.04 35.7 31.5 0.1 50.5 48 0.2 42.2 40 

 553 

R-squared (R2), root mean squared error (RMSE) and mean absolute error (MAE)Months after planting (MAP). 554 

 555 

 556 

 557 

 558 

 559 
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Table 7 | Polynomial regression model prediction statistics for fresh root yield at 560 

MOKWA & ONNE / 2021-2022 Trials 561 

                       MOKWA     

Trait             3MAP 6MAP 9MAP 
 R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

FYLD 0.39 7.9 6.3 0.39 7.9 6.3 0.4 7.8 6.2 

          

                      ONNE     

Trait             3MAP 6MAP 9MAP 
 R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

FYLD 0.4 8 6.3 0.39 8.1 6.3 0.4 8.2 6.4 

 562 
R-squared (R2), root mean squared error (RMSE) and mean absolute error (MAE)Months after planting (MAP). 563 

 564 

 565 

 566 

 567 

 568 

 569 

 570 
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 574 

 575 

 576 

 577 

 578 
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Discussion 579 

 580 

The cassava accessions were planted out in two distinct environments: the humid forest 581 

zone and the southern Guinea Savannah zone. There was a strong genotype-by-environment 582 

interaction (GEI) for all the plant architecture and yield traits at (p < 0.001) except for the 583 

number of lodged plants per plot and plant height at 3 months after planting at (p < 0.01). This 584 

agreed with the findings of Bakare et al. (2022) who reported the presence of a strong 585 

interaction between cassava genotypes and test environments with respect to fresh root yield, 586 

dry yield, top yield, harvest index and dry matter content. Bakare et al. (2022) planted in five 587 

agroecological zones in Nigeria which included both the humid forest and the southern Guinea 588 

Savannah zone. Similar results were reported by Amelework et al. (2022) on trials conducted 589 

in three distinct locations that encompass both tropical and subtropical agro-ecological zones 590 

in South Africa. Amelework et al. (2022) observed significant variation among the test 591 

environments, genotype, and genotype-by-environment among the cassava accessions in 592 

respect to number of roots, root weight, fresh root yield, dry matter content, plant height, shoot 593 

weight and harvest index. In another trial, Ogwuche et al. (2023) reported similar results for 594 

the following traits; root number, fresh root yield, dry yield, dry matter content at (p < 0.01). 595 

Ogwuche et al. (2023) conducted their trials in eight locations in Nigeria that cut across four 596 

agroecological zones in which both the humid forest and the southern Guinea Savannah zones 597 

were represented. 598 

The presence of genotype-by-environment interaction (GEI) for plant architecture and yield 599 

traits makes it difficult for cassava breeders to adequately select superior cassava genotypes 600 

for advancement in breeding programs. With the presence of GEI, effective selection of 601 

genotypes is rarely achieved due to disparity in the rankings of genotypes across different 602 

environments and introduction of bias that diminishes selection gains (Begna, 2022; Sampaio 603 

Filho et al., 2023).  604 

Rattanasopa et al. (2022) used normalized difference vegetation index (NDVI), simple 605 

ratio vegetation index (RVI), and chlorophyll vegetation index (CIRedEdge) to predict the 606 

fresh root yield and height of cassava plants. The authors found out NDVI with R2 value of 607 

0.58 for fresh root yield and R2 value of 0.87 for plant height produced the best prediction 608 

accuracy for fresh root yield. This 0.58 R2 value was quite low, compared to the 0.9 R2 value 609 

for the prediction of fresh root yield recorded at the trial in Mokwa using NDVI data collected 610 

at 6 months after planting. However, it was close to 0.5 R2 value from the data collected at 611 

Onne trial at 9 months after planting. Unlike the R2 value obtained for yield prediction, the 612 
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plant height values were closer to both values obtained from the data collected at Mokwa trial 613 

which were 0.94 and 0.7 for plant height at 3 and 6 months after planting respectively. 614 

Although, the models have high RMSE and MAE values which require revalidation on a new 615 

set of accessions and trials. In a similar study conducted by Ayu Purnamasari et al. (2019), on 616 

the use of vegetation indices data such as Normalized Difference Vegetation Index (NDVI), 617 

Soil Adjusted Vegetation Index (SAVI) and Infrared Emission Chlorophyll Index (IRECI) in 618 

predicting cassava yield, the authors reported that NDVI had the highest accuracy for cassava 619 

yield prediction with R2 value of 0.62. 620 

According to Grados & Schrevens (2020), the NDVI values taken from the cassava fields 621 

between 2 – 10 months after planting ranged between 0.3 – 0.4. These values were quite low 622 

compared to the lowest mean value of 0.60 recorded at 6 months after planting on the trial in 623 

Mokwa, and 0.79 at 3 months after planting recorded on the trial in Onne. 624 

In the same vein the prediction accuracy of starch content and dry matter content using the 625 

NDVI data collected from Mokwa has the R2 value of 0.4, though a little below average (0.5). 626 

The model is characterized by very low values of RMSE which ranged from 1.6 – 2.2 and RAE 627 

values which ranged from 1.3 – 1.8. These give much credence to the reliability of this model. 628 

This makes it possible to have a fair estimate of these important traits right from the field and 629 

allows for on-the-spot assessment and initial selection. 630 

According to the research conducted by León et al. (2021), a mean value of dry matter 631 

content as low as 27.9 was reported with the highest mean value of 41. However, in the trial 632 

conducted at Mokwa and Onne, mean values of 30.21 and 33.62 were recorded respectively. 633 

This is an indication that the accessions have the inherent potential for exploration of genetic 634 

gains for dry matter content. Dry matter content is not only an important determinant of yield 635 

in cassava, but also highly correlated with starch content ( Peprah et al., 2020; Silva et al., 636 

2023; Malai et al., 2024), which is an important indicator for cassava varieties that are suitable 637 

for industrial use. This was confirmed with the genetic correlation coefficient value of 0.99. 638 

By implication, effective selection for starch content could be carried out using the dry matter 639 

content. Given this moderately high estimate of broad sense heritability (0.61), for starch and 640 

dry matter content, there is significant potential for genetic improvement of these traits in 641 

cassava through selection. Johnson et al. (1955) grouped GAM into 3 categories as follows: 642 

GAM values that were less than 10% were low, values between 10-20% were classified as 643 

moderate while values that were more than 20% were high. The moderately high value of broad 644 

sense heritability (0.61) recorded for these traits and moderate genetic advance as a percentage 645 
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of mean (GAM) value of 20% for starch content indicate that the trait would respond 646 

favourably to selection, thereby resulting into enhanced improvement.  647 

For example, selection for starch content, which has a heritability of 0.61 and genetic advance 648 

as a percentage of mean (GAM) value of 20% implies that imposing selection pressure on the 649 

top 5% of the base population could result in significant gains of 20% in starch content over 650 

time. This will enhance the improvement of the quality of cassava roots for industrial 651 

processing and consumption. 652 

Plant height and stem diameter are also important plant architecture traits. Impressive 653 

prediction accuracy was obtained for these traits with plant height at 3 months after planting 654 

using the NDVI data collected in Mokwa at 3 months after planting with an R2 value of (0.94) 655 

but relatively high values of RMSE (29.3) and MAE (27.3) and R2 (0.7), RMSE (13.2) and 656 

MAE (11.7) for NDVI data collected at 6 months after planting in Mokwa trial. For stem 657 

diameter, using the NDVI data collected at 3 months after planting, a high R2 value of (0.7) 658 

with very low RMSE (1.9) and low MAE (1.6) were realized; this suggests that this model is 659 

highly reliable for the estimation of this trait and it will facilitate rapid on-field assessment of 660 

this trait for real-time decision making. 661 

 Amarullah (2021), reported high values of 277.78 cm for plant height and 30 cm for stem 662 

diameter. However, in this trial, mean values of plant height ranged between 110.58cm to 663 

203.71cm while the stem diameter ranged from 21.47 cm to 24.62 cm. There exist a positive 664 

and significant genotypic relationship between plant height and stem diameter. These traits 665 

were also positively correlated to the number of lodged plants per plot. However, all the three 666 

traits were negatively and significantly correlated with an important yield indicator, which is 667 

harvest index. This necessitates the need to strike a balance between these traits for enhanced 668 

productivity. With the high values of broad sense heritability reported for plant height, 0.68 – 669 

0.72, and stem diameter, 0.65 it is possible to manipulate these traits to develop plants with 670 

ideal architecture and improved yield. 671 

The genotypic correlation coefficients showed that traits like root dry yield, root weight, 672 

harvest index and number of roots were positively and significantly correlated with the 673 

principal yield determinant, fresh root yield. This is in agreement with the findings of Edet et 674 

al. (2015). This was also confirmed in the output of the path coefficient analysis which showed 675 

that root weight had an absolute contribution to the fresh root yield. Meanwhile, traits like 676 

harvest index, plant height at 3 and 9 months after planting had positive contributions to fresh 677 

root yield through the root weight while number of lodged plants per plot and plant height at 6 678 

months after planting made negative contributions to the fresh root yield through the root 679 
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weight. Edet et al. (2015), also observed a negative relationship between plant height and fresh 680 

root yield at 1 month after planting. 681 

Mehari et al. (2015) ranked broad sense heritability as follows: low (h2 < 0.30), 682 

moderate (0.30 ≤ h2 ≤ 0.60) and high (h2 > 0.60). Based on these classifications, broad sense 683 

heritability for both plant architecture and yield traits in this study across environments ranged 684 

from low to high: NDVI at 3 and 9 months after planting (0.0), levels of branching at 3 and 9 685 

months after planting (0.11), stem diameter (0.65), fresh root yield (0.56), root weight (0.54), 686 

plant height at 9 months after planting (0.68), harvest index (0.66), starch content (0.61), dry 687 

matter content (0.61) and angle of branching (0.77). Similar results were reported by Ewa et 688 

al. (2017) on dry matter content (0.47) and fresh root yield (0.25). The range of the broad sense 689 

heritability values reported in this study are also consistent with the findings of Peprah et al. 690 

(2020), who reported broad sense heritability value of (0.41) for number of harvested roots, as 691 

well as Adu et al. (2020b) who reported harvest index value of (0.58), and fresh root weight 692 

(0.45). Harvest index (HI) is a measure of the efficiency of a crop in converting assimilated 693 

photosynthate (source) into economic yield (sink) (Alemu, 2021). The presence of moderately 694 

high values of broad sense heritability for harvest index 0.49 and high genetic advance as a 695 

percentage of mean (GAM) value of 21% shows that there is huge potential for desirable 696 

response to selection and optimization of cassava plants for this trait through recombination of 697 

favourable alleles. 698 

However, broad sense heritability for NDVI data ranged from (0.008) to (0.13), so this shows 699 

that the environmental component of the phenotypic variance had a larger impact on the values 700 

of the NDVI data and this could explain the disparity observed in the degree of accuracy of the 701 

linear regression models developed using the data from the two trial environments. 702 

 703 

Conclusions  704 

In this research, two separate models (linear regression model and polynomial 705 

regression model) were used in developing phenotyping protocols that could be used in 706 

predicting the values of yield and plant architecture traits in cassava, using the Normalized 707 

Difference Vegetation Index (NDVI) data collected with the handheld Trimble GreenSeeker.  708 

The results that were obtained using the polynomial regression model to predict fresh root yield 709 

from a number of variables which include: NDVI data, plant height, chlorophyll content, stem 710 

diameter, angle of branching, number of lodged plants per plot, number of harvested plants per 711 

plot and number of plants per stand showed that the prediction accuracy for the fresh root yield 712 
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across the two environments were more or less the same at 3, 6 and 9 months after planting. 713 

However, the values of (R2) that signify the reliability of the prediction models were quite low. 714 

Unlike the polynomial regression model where several variables were used in 715 

predicting the fresh root yield, the linear regression model entails the use of NDVI data in 716 

predicting the yield or the plant architecture trait directly and one trait at a time. Based on the 717 

results obtained from the prediction models that were developed using the linear regression 718 

model, there exist huge disparity between the data obtained from Mokwa and Onne trials with 719 

respect to the accuracy of prediction of the yield and plant architecture traits. Generally, higher 720 

coefficient of determination (R2) values, which signify more reliable prediction accuracy and 721 

lower values of root mean squared error (RMSE) and mean absolute error (MAE) were 722 

observed for the plant architecture and yield traits using the NDVI data collected from Mokwa 723 

compared to that of Onne. This suggests that the disparity in prevailing environmental 724 

conditions could influence the accuracy of model development. This implies that the findings 725 

of this experiment should be subjected to further validation on a new set of cassava accessions 726 

and in different environments. 727 
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Table 4 |  941 

 NDVI3 NDVI6 NDVI9 HI LODG PLTHT3 PLTHT6 PLTHT9 ANGBR9 STMDI TYLD DYLD FYLD STARCH DM RTWT SHTWT 

ENV 1.72*** 29.72*** 23.14*** 11.8*** 23.14*** 1573** 247743.74*** 247743.74*** 3137.82*** 2819.71*** 125111.94*** 118.92*** 192.25* 6572.41*** 3706.58*** 11576.81*** 29827.92*** 

BLK(ENV*REP) 0.006*** 0.07 0.006*** 0.009*** 0.006*** 384.34* 518.46*** 518.46*** 259.01* 11.04*** 117.07*** 12.09*** 117.15*** 6.13*** 3.46** 84.63*** 79.10** 

REP(ENV) 0.17*** 0.05 0.05*** 0.01 0.05*** 15686.45*** 20057.5*** 20057.5*** 316.12 195.71*** 1563.36*** 80.66*** 659.64*** 14.49** 8.19* 441.03*** 890.61*** 

GEN 0.003*** 0.01 0.005*** 0.03*** 0.005*** 1121.88*** 1672.35*** 1672.35*** 2312.22*** 32.66*** 275.73*** 22.16*** 247.44*** 33.69*** 19.0*** 190.93*** 199.92*** 

GEN * ENV 0.00 0.01 0.005*** 0.009*** 0.005*** 393.4*** 489.39*** 489.39*** 654.54*** 12.12*** 141.63*** 11.95*** 105.99*** 13.67*** 7.71*** 85.0*** 99.43*** 

Residuals 0.00 0.06 0.00 0.00 0.00 312.35 326.15 326.15 200.059 6.99 83.44 5.94 54.68 3.95 2.23 40.85 56.33 

 942 

***, **, * significant at: 0.1%, 1% and 5% respectively 943 

NDVI3 – NDVI at 3 months after planting, NDVI6 - NDVI at 6 months after planting, NDVI9 - NDVI at 9 months after planting, HI – harvest index, LODG – number of lodged plants per plot, PLTHT3 – plant height 944 

at 3 months after planting, PLTHT6 – plant height at 6 months after planting, PLTHT9 – plant height at 9 months after planting, ANGBR9 – angle of branching, STMDI - stem diameter, TYLD – top yield, DYLD - dry 945 

yield, FYLD - fresh root yield,  STARCH – starch content, DM – dry matter content, RTWT – fresh root weight, SHTWT – shoot weight946 
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Figures

Figure 1

Trimble GreenSeeker, a vegetation sensor



Figure 2

Genotypic correlation coefficient plot of plant architecture and yield traits in Mokwa trial

NOHAV - number of harvested plants per plot, RTNO – number of harvested roots per plot, SHTWT –
shoot weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – fresh
root yield, DYLD – dry yield, TYLD – top yield, HI – harvest index, LODG – number of lodged plants per
plot, PLTHT6 – plant height at 6 months after planting, BRNHT6 – height at first branch at 6 months after
planting, PLTHT9 – plant height at 9 months after planting, BRNHT9 – height at first branch at 9 months
after planting, BRNLEV9 - level of branching  at 9 months after planting, BRNHB9 – branching habit at 9
months after planting, ANGBR9 – angle of branching, and STMDI9 – stem diameter.



Figure 3

Path coefficient analysis plot of plant architecture and yield traits in Mokwa trial

NOH - number of harvested plants per plot, RTN – number of harvested roots per plot, RTW – root
weight, STA – starch content, FYL – fresh root yield, HI – harvest index, LOD – number of lodged plants
per plot, PLTHT6 – plant height at 6 months after planting, PLTHT9 – plant height at 9 months after
planting, ANG – angle of branching, and STM – stem diameter.



Figure 4

Genotypic correlation coefficient plot of plant architecture and yield traits in Onne trial

NOHAV - number of harvested plants per plot, RTNO – number of harvested roots per plot, SHTWT –
shoot weight, RTWT – root weight, DM – dry matter content, STARCH – starch content, FYLD – fresh
root yield, DYLD – dry yield, TYLD – top yield, HI – harvest index, LODG – number of lodged plants per
plot, PLTHT6 – plant height at 6 months after planting, BRNHT6 – height at first branch at 6 months after
planting, PLTHT9 – plant height at 9 months after planting, BRNHT9 – height at first branch at 9 months
after planting, BRNLEV9 - level of branching  at 9 months after planting, BRNHB9 – branching habit at 9
months after planting, ANGBR9 – angle of branching, and STMDI9 – stem diameter.



Figure 5

Path coefficient analysis plot of plant architecture and yield traits in Onne trial

NOH - number of harvested plants per plot, RTN – number of harvested roots per plot, RTW – root
weight, STA – starch content, FYL – fresh root yield, HI – harvest index, LOD – number of lodged plants
per plot, PLTHT6 – plant height at 6 months after planting, PLTHT9 – plant height at 9 months after
planting, ANG – angle of branching, and STM – stem diameter.
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