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Abstract: Phenomics technologies have advanced rapidly in the recent past for precision phenotyping
of diverse crop plants. High-throughput phenotyping using imaging sensors has been proven to
fetch more informative data from a large population of genotypes than the traditional destructive
phenotyping methodologies. It provides accurate, high-dimensional phenome-wide big data at an
ultra-super spatial and temporal resolution. Biomass is an important plant phenotypic trait that can
reflect the agronomic performance of crop plants in terms of growth and yield. Several image-derived
features such as area, projected shoot area, projected shoot area with height constant, estimated
bio-volume, etc., and machine learning models (single or multivariate analysis) are reported in the
literature for use in the non-invasive prediction of biomass in diverse crop plants. However, no studies
have reported the best suitable image-derived features for accurate biomass prediction, particularly
for fully grown rice plants (70DAS). In this present study, we analyzed a subset of rice recombinant
inbred lines (RILs) which were developed from a cross between rice varieties BVD109 x IR20 and
grown in sufficient (control) and deficient soil nitrogen (N stress) conditions. Images of plants were
acquired using three different sensors (RGB, IR, and NIR) just before destructive plant sampling for
the quantitative estimation of fresh (FW) and dry weight (DW). A total of 67 image-derived traits
were extracted and classified into four groups, viz., geometric-, color-, IR- and NIR-related traits. We
identified a multimodal trait feature, the ratio of PSA and NIR grey intensity as estimated from RGB
and NIR sensors, as a novel trait for predicting biomass in rice. Among the 16 machine learning
models tested for predicting biomass, the Bayesian regularized neural network (BRNN) model
showed the maximum predictive power (R? = 0.96 and 0.95 for FW and DW of biomass, respectively)
with the lowest prediction error (RMSE and bias value) in both control and N stress environments.
Thus, biomass can be accurately predicted by measuring novel image-based parameters and neural
network-based machine learning models in rice.

Keywords: Phenomics; machine learning models; Near Infrared Sensor; projected shoot area; RGB

1. Introduction

Agriculture is the foundation for the growth of many major economies of the world,
especially those countries located in the developing part of the world. The world population
is expected to surpass 10 billion by 2050, putting an unprecedented burden on food security
and the long-term development of human society [1]. Rice (Oryza sativa L.) is one of
the most important staple food crops grown worldwide and is consumed by more than
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half of the world’s population. To meet the demand of the ever-growing population, it
is essential to improve the rice genotypes to develop higher yield, nutritional quality,
resource use efficiency and resistance to biotic and abiotic stresses under global climate
change conditions. Among the major traits contributing to plant productivity, biomass is a
comprehensive indicator, meaning it is critical for improving rice crop through the use of
analytical breeding to meet food security challenges [2].

Crop biomass is defined as the average dry weight of the plants per unit surface area
(above and below ground) at any given time point. While studying biomass, mostly above-
ground shoot dry weight is estimated as being one of the most acceptable measurements.
Conventionally, rice plants are destructively harvested just above the ground level and
are weighed using a precision scale to estimate the fresh weight (FW). Additionally, dry
weight (DW) is reached after drying the samples in a hot air oven until a constant weight is
reached. Both procedures allow researchers to assess biomass. Repeated measurements of
biomass are the basis for calculating net primary production and growth rates during the
vegetative stage. In general, the biomass measured at maturity was presumed to include
grain weight and this was used to estimates overall productivity of the crop plants. Thus,
biomass forms a basis for quantifying the physiological responses of crop plants to various
environmental conditions and their development processes. Several articles have been
found to utilize destructively estimated biomass as a phenotypic trait for improving grain
yield [3,4], resource use efficiency [5,6], abiotic stress tolerance [7-9], etc., in rice. These
literatures are found to use a large number of rice genotypes (in multiples of hundreds
in number) and measure biomass as the end of season trait for mapping the QTLs/genes
associated with the trait of interest. However, the endpoint measurement and destructive
nature of the conventional biomass estimation method limits the application of biomass as a
time-dependent response variable in analytical breeding programs, in which a large number
of individual plants need to be phenotyped very frequently at regular intervals. Moreover,
the conventional methods are time consuming, labor intensive and low throughput. Hence,
it is imperative to explore advanced and efficient technologies to dynamically monitor crop
biomass at different stages of crop growth.

Phenomics is a multidisciplinary science of genome-wide characterization of the
phenotypes of an organism. It plays a key role in precision agriculture and precision
phenotyping for the genetic improvement of crops. Non-invasive phenotyping technolo-
gies used in phenomics provide more valuable information as compared with traditional
and destructive plant phenotyping methods. The high-throughput phenotyping (HTP)
experiments are mostly conducted at large-scale automatic plant phenotyping facilities,
where diverse imaging sensors are employed for acquiring large number of images from
hundreds of plants at regular time intervals during plant growth and development [10,11].
Later, the phenotype-image data are converted into phenotype-feature matrices using
automated image processing pipelines [12]. These retrieved image-based features are used
either as direct image-derived features or as dependable variables with which to predict
the plant phenotypic traits such as biomass, canopy temperature, plant health status (wa-
ter, nutrients, disease and pest infestation, abiotic stress), photosynthetic efficiency, etc.
However, finding appropriate techniques or methodologies with which to analyze the
high-throughput phenotyping data is still a significant challenge.

With the development of new imaging technologies, digital image analysis has become
broadly used in many fields, including plant research [13,14]. It allows for faster and more
accurate phenotyping of plant biomass in diverse crop plants such as Arabidopsis [15],
rice [16,17] maize [10], wheat [14,18], barley [19] and sorghum [20]. Several studies have
investigated non-invasive image-based methods for plant biomass accumulation with
HTP approaches in both controlled environmental growth chambers [13,21-25] and field
environments [15,26-31]. However, it is quite challenging to utilize these models across
experiments that are developed for different crops and environmental stress conditions
due to a lack of datasets for assessment.
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Several image-derived features such as area [15], projected shoot area (PSA) calculated
from RGB image pixels derived from two orthogonal views [6-9], PSA with height constant
(PSAy.) [17,19], estimated biovolume (EBVs) [10,24], etc., are being used to predict biomass
in diverse crop plants. Individual studies have shown that the prediction accuracy of plant
biomass, performed based on visual image-derived “area” (foreground pixel count) feature,
is relatively high when simply using the simplest linear regression models in different crops
such as rice, wheat, sorghum and barley under salinity stress conditions [13,14]. Among
these crop plants, rice has compact crop architecture and thus poses a serious challenge
to the prediction of biomass using RGB image-derived area features. Thus, researchers
have reported using PSA values, derived from two orthogonal side views of RGB images,
to predict the plant biomass with the highest coefficient of determination, which ranges
0.95 to 0.98 in rice [16,17]. However, PSA was identified as a suitable surrogate trait for
predicting rice biomass up to six weeks of age or 24 g of shoot fresh weight and Hairmansis
et al., observed an inverse relationship between prediction accuracy and the age of the
rice plant [16]. The reason for the reduction in accuracy is presumed to be associated with
complex leaf architecture, i.e., phyllotaxy, the closely arranged tillers that influence the
image-derived PSA by occlusion effect. In this study, a simple linear regression model
was used to predict the biomass in rice seedlings. However, there is a need to establish a
biomass prediction model which is specific to fully grown rice plants up until flowering
stage (70DAS) and beyond. This will allow researchers to study the effect of nitrogen
deficit stress responses. In crops other than rice, researchers have utilized a number of
strategies like the identification of novel single or multimodal (two different imaging
sensor-derived) image-based features and the application of non-linear predictive models
to improve prediction accuracy [19,20]. Yang et al. [24] predicted rice biomass (including
FW and DW) based on image-derived morphological features along with texture features.
The performance of non-linear predictive models has been well evaluated to improve
prediction accuracy [19,20]. Recently, four multivariate machine learning (ML) models
namely, multivariate linear regression (MLR), multivariate adaptive regression splines
(MARS), random forest (RF) and support vector regression (SVR), were applied to predict
biomass using RGB, NIR and Fluorescence imaging sensors in barley [19]. Among the
models, the random forest multivariate model outperformed the simple linear model and
achieved a prediction accuracy of 0.96 under a ten-fold cross-validation strategy.

The same research group have developed an open source online modelling inter-
face named “HTPmod & PredMod” which comprises 16 different ML algorithms such
as, Bayesian regularized neural networks (BRNN), least absolute shrinkage and selection
operator (LASSO), Bayesian least absolute shrinkage and selection operator (BLASSO),
Gaussian processes with non-linear polynomial function kernel (GP-POLY), LASSO and
elastic-net regularized generalized linear models (GLMNET), ridge regression (RIDGE),
support vector regression-linear method (SVM-linear), multivariate adaptive regression
splines (MARS), Bayesian generalized linear model (BGLM), multivariate linear regression
(MLR), generalized linear models (GLM), random forest (RF), stochastic gradient boosting
machine (GBM), k-nearest neighbors algorithm (KNN), support vector regression-radial
method (SVM-radial) and Gaussian processes-non-linear radial function kernel (GP-radial)
for predicting the biomasses of different crop species. However, the applicability of these
ML models for rice biomass prediction has been little explored and a rice-specific multi-
variate algorithm is not available for the prediction of FW and DW. The ML approaches are
mainly used for removing redundant patterns and making accurate predictions from data
sets containing multiple independent traits [19,23]. From a computational point of view,
ML methods are attractive in terms of their ability to derive non-linear predictive models
without a need for strong assumptions about the underlying mechanisms.

Hence, the major aim of this study is to compare the use of destructive and non-
destructive methods in order to enable the estimation of the biomass of rice from image-
derived traits using both simple linear regression and multivariate machine learning
models. This study presents a general workflow for deciphering the relationships between
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plant biomass and image-derived features in rice. Another objective was to evaluate
the prediction performance of already known image-derived features and to identify
the superior i-traits for accurate prediction of biomass in rice. We aimed to explore a
multivariate ML model in order to investigate different aspects of biomass determinants by
using a list of representative phenotypic traits in control and N stress experimental groups
in rice. We believe this research can guide further biomass estimation efforts from image
traits data at the deep phenotyping level, which may further contribute to QTL mapping
for biomass and yield estimation and to precision agriculture.

2. Materials and Methods
2.1. Experimental Set Up and Growth Condition

A pot culture experiment was conducted using 157 recombinant inbred lines (RILs)
developed from bi-parental crossing between two rice genotypes (BVD 109 and IR 20).
The study was conducted inside the climate-controlled greenhouses established at the
Nanaji Deshmukh Plant Phenomics Center (NDPPC), ICAR—Indian Agricultural Research
Institute, New Delhi, India, during the kharif (July to October) season 2019 (Figure 1).
The 25-day-old seedlings of each RIL line were transplanted into six sets of plastic pots
containing 15 kg of puddled soil. The available soil nitrogen content was estimated
to be around 113 kg/ha. One set of three pots was supplied with the recommended
dose of fertilizer (at the rate of 120-80-60 kg/ha N-P-K, respectively) and considered
as the N-sufficient (control) treatment. Another set of three pots was supplied with the
recommended dose of fertilizer without a nitrogen source (at the rate of 0-80-60 kg/ha
N-P-K, respectively) and considered as the N stress treatment. Plants were allowed to
grow in contrasting N stress levels from transplantation to destructive sampling until
35 days after transplanting (DAT, maximum tillering stage) for the aboveground biomass
estimation in the form of fresh weight (FW) and dry weight (DW).

Figure 1. Experimental set up at Nanaji Deshmukh Plant Phenomics Center (NDPPC), ICAR—Indian
Agricultural Research Institute, New Delhi, India. (A) High-throughput phenotyping (HTP) facility
comprises four climate-controlled greenhouses, an imaging area and server room, and an admin
block. (B) Pot culture experiment in the climate-controlled green-house; (C) automatic weighing and
watering station; (D) imaging area with chambers installed with RGB, IR, and NIR cameras to acquire
top- and side-view images. (E) RAW images were acquired from a side perspective view at 0° angle.

A total of 990 pots were placed onto an automatic conveyor system installed at
four greenhouses, and plants were grown under natural light conditions at the controlled
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sinusoidal temperatures of 32 °C (daytime) and 28 °C (nighttime). Relative humidity was
maintained between 70 to 80% using an additive humidifier. Plants were grown under well-
watered conditions at saturation moisture conditions (25% v/v basis). The recommended
weed, pest and disease control practices for plant cultivation were followed. Complete
randomized block design with three biological replications was maintained throughout
the experiment. Pots planted with parents were kept in each greenhouse for normaliza-
tion, and the positions of the pots were changed twice daily to minimize the greenhouse
positional effect.

2.2. Image Data Acquisition, Processing and Analysis

RGB, IR and NIR images of all 990 RILs were acquired using a LemnaTec, Scanalyzer
3D imaging system (LemnaTec GmbH, Aachen, Germany) on the 65 days old plants just
before destructively harvesting the plants for above-ground biomass estimation. Approxi-
mately 5000 RGB images were captured using an RGB camera (ProsilicaGT6400, spectral
band: 400-700 nm, sensor: Allied Vision Technologies GmbH, Germany) and a constant
fluorescent light source installed in the Scanalyzer 3D imaging system. In terms of size,
28-megapixel (6576 (X) * 4384 (Y) resolution) color images were recorded from both the
top and side views of the plants. During each time snap, five images were acquired per
plant, viz., one from the top view of the plants at a 0° side-view rotational angle and
four side-view images at rotations angles (0°, side view 1; 90°, side view 2; 120°, side view
3; 240°, side view 4). The raw image was acquired with a basic set up of an exposure
of 32,000; a gain of 25; a gamma of 100; a red—white balance of 210; a blue-white-red
balance of 135; and the double door closed option to avoid the shadowing effect of the
side-view light source. Similarly, ~2000 NIR images were captured using gold eye P-032
SWIR Cool cameras. These have an in-built InGaAs sensor and a spectral band sensitivity
of 900-1700 nm and were purchased from Allied Vision Technologies GmbH, Germany. A
total of 2000 IR thermal images were acquired using a pearl eye P-030 LWIR camera with a
spectral band sensitivity of 8000-14,000 nm and an inbuilt uncooled microbolometer sensor
from Allied Vision Technologies GmbH, Germany, using the standard acquisition set up.
Both NIR and IR images were acquired from two perspective views, one of each being
captured at a 0° angle from a side view and a top view.

After the acquisition, ~450 gigabytes of images were transferred to an MP3 server
(a Dell R910 server with 200 GB of RAM and two MD1200 storage devices with 24 TB).
The stored images were processed using LemnaGrid software (LemnaTec GmbH, Ger-
many). In brief, raw RGB images (12-bit BayerGRS8 format) were demosaiced using an
adaptive homogeneity-directed (AHD) algorithm to reconstruct a full-color image from the
incomplete color output from an image sensor. The viewable pixels of these images were
segregated into foreground and background pixels using HSI (hue, saturation and intensity)
color space models along with an Otsu threshold value of 180. Additionally, free-form
region of interest (ROI) filters were used in order to select the entire plant but cut out the
visible parts of imaging hardware (e.g., lifter /turner). Logical operations such as AND/OR
logics were used to combine the resultant images of diverse filters wherever required in the
pipeline. Edge noise was removed through erosion and dilatation steps before bringing
together all the parts identified as a plant into one object. Universal converters were used to
convert processed images into object lists, binary images, or grey images wherever required
in the image processing pipelines. Subsequently, the binary images of plants were analyzed
for image features that consist of color classification of dark green- or brown-colored dry
leaves. A hue-based HSI grey converter with two-level thresholds 44 to 180 was used to
group the green and dry-leave pixels separately into two bins, and a histogram was made
using pixel intensity in a range of values of 0-255.

2.3. Image Trait Feature Extraction

The size, area, height and geometrical dimensions of the object were calculated, and all
five-angle images were used to estimate the projected shoot area (PSA) of the plant using the
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previously published methodologies [10,18,20] after making several modifications which
can be described as follows. The calculated PSAs were compared with the actual plant size,
which was determined using the destructively harvested plants. The conversion of the
pixel area into millimeters (mm?) for the side-view images was achieved by multiplying
pixel number by a constant of 0.308. The conversion of pixels from the top-view camera
accounted for the changing distance effect as the plant grew closer to the camera. The height
factor (centroid) was calculated based on the center of mass along the y axis from the side-
view image and multiplied by a factor 1.8 (mm/pixel) to convert pixels into millimeters.
The top view-specific constant was calculated by using Y = 0.00018/1.8 x X + 0.25, where,
Y is the top view-specific constant, converting pixel area to millimeters, and x is the mean
centroid for the two side-view images. The final calculation of the projected shoot area
(PSA) was achieved by summing all the calibrated side-view and top-view images in
mm?. Further, the multiple sensor setups at NDPPC allowed us to calculate approximately
67 image-derived traits (referred to as i-traits hereafter). The description of each of the i-
traits is mentioned in Supplementary Table S1. The general workflows of image acquisition,
trait feature extraction and modeling to predict the plant biomass are depicted in Figure 2.

2.4. Machine Learning Modelling for Predicting Biomass

Once after imaging, all the plants were destructively harvested just above the soil
surface to estimate the above-ground biomass (FW and DW). The biomass was estimated
using the standard oven-drying method, in which the harvested samples were dried at
80 °C for five days until the sample weight reached a stable value and the actual biomass
weight was measured using a precision scale. To understand the relationship between
image-derived parameters and the biomass in rice, we employed multiple image-based
features to predict FW and DW, as suggested by Chen et al. [19]. We used the open
source web application (HTPmod) for modeling and data visualization at http:/ /www.
epiplant.hu-berlin.de/shiny/app/HTPmod/ (accessed on 15 November 2022). HTPmod
is implemented into the shiny framework by integrating R’s computational power and
professional visualization, including various ML approaches [32]. We used the PredMod
application for the prediction of both fresh and dry weight using 16 different ML algorithms,
as described in Figure 2. In this study, we selected 67 important i-traits; these can be used
to investigate biomass prediction under control and N stress conditions in rice. Those
i-traits were classified into four groups: geometric traits, color traits, IR and NIR traits
(Supplementary Table S1). The physiological traits were mostly comprised of color-related
traits, NIR-related traits, and IR-related traits. Further, several biomass-related traits
(projected shoot area, volume from LemnaGrid, and estimated biovolume) were computed
based on previous reports and used to estimate the model efficiency of multiple-trait
modeling over existing single-trait algorithms.

2.5. Machine Learning Algorithms

HTPmod application possesses 16 machine learning models, namely, Bayesian regu-
larized neural networks (BRNN), Bayesian least absolute shrinkage and selection operator
(BLASSO), Gaussian processes with non-linear polynomial function kernel (GP-POLY),
LASSO and elastic-net regularized generalized linear models (GLMNET), ridge regression
(RIDGE), support vector regression-linear method (SVM-linear), multivariate adaptive
regression splines (MARS), Bayesian generalized linear model (BGLM), least absolute
shrinkage and selection operator (LASSO), multivariate linear regression (MLR), gener-
alized linear models (GLM), random forest (RF), stochastic gradient boosting machine
(GBM), k-nearest neighbors algorithm (KNN), support vector regression-radial method
(SVM-radial) and Gaussian processes non-linear radial function kernel (GP-Radial) to
predict the biomass (such as FW and DW) using image-derived trait features. The different
packages, viz., arm (BGLM), monomvn (BLASSO), brnn (BRNN), gbm and plyr (GBM),
glmnet (GLM), glmnet and matrix (GLMNET), Im (MLR), kernlab (GP-Poly and GP-Radjial),
elasticnet (LASSO), kknn (KNN), earth (MARS), random forest (RF), ridge (elasticnet), e1071
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(SVM-linear) and kernlab (SVM-radial), were used to train the machine learning models
in HTPmod. In these models, the normalized phenotypic profile matrices X nxm for a
representative list of phenotypic traits were used as the predictors (explanatory variables)
and the measured DW/FW were used for the response variable Y.
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Figure 2. Workflow for predicting biomass of rice plants through image-derived feature traits and ML
models. (A) Manual and image data collection: VIS, IR and NIR images were acquired using standard
image unit configuration (IUC) set up, and LemnaGrid software (LemnaTec, Scanalyzer3D system)

was used for image processing and feature extraction. After imaging, plants were harvested to
measure fresh (FW) and dry weight (DW) weight. (B) The image-derived trait features were classified
into four groups, viz., geometric-, color-, IR- and NIR-related traits; Principal component analysis was
used, and trait similarity map was constructed, to identify the novel i-traits for image-based biomass
prediction. (C) The selected i-traits (projected shoot area, Area-SV-0, Area-SV-90, Area-SV-120 and
Area-TV) were used as independent variables to predict response variable, i.e., plant biomass (FW
and DW). A total of 16ML models were constructed using the group wise (control, N stress and
control+ N stress) training and testing data sets (90: 10%, respectively) along with 10-fold cross-
validation as a quality control feature. (D) Best performing machine learning model was identified
using performance indicators such as Pearson correlation coefficient (r) at a p < 0.001 significance
level, coefficient of determination (R%), root mean squared error (RMSE) and prediction bias (u).
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The HTPmod application uses the caret package in R software to tune the parameters
of the above machine learning algorithms. The caret package comprised a set of functions
to facilitate the process of creating prediction models. It contains tools for data splitting,
preprocessing, feature selection, model tuning by re-sampling and variable importance
estimation. The root mean squared error (RMSE), coefficient of determination (R?) and
mean absolute error (MAE) were calculated during parameter tuning, and the minimum
RMSE value was considered in order to select the optimal model. According to the optimal
models determined in this study, the parameter mtry of the RF algorithm was set to 8.
Models were trained using 10-time cross validation on the training data using trcontrol
function with a repeated CV method. The eps-regression type was used with the linear
kernel type; the cost = 100 for SVM models and the tuning ranged from 0.001, to 0.01, 0.1,
1, 10 and 100. The ridge regression model was performed using a glmnet package with
tunegrid alpha = 0, lambda = 0.0001 and trcontrol at 10 times validation. LASSO regression
was performed using the glmnet package with tunegrid alpha = 1, lambda = 0.0001 and
trcontrol at 10 times validation. Elastic net regression was performed using glmnet package
with tunegrid alpha = 0.5, length = 10, lambda = 0.0001 and trcontrol at 10 times validation.
We built GBM with shrinkage 0.01, 2-fold cross validation and ntrees of 1000. Knn models
were built using caret, pPROC and mlbench package using k value = 1:70. Two parameters,
viz., ntree and mtry, were tuned in an RF algorithm. The parameter mtry is related to
the number of splits per node in each tree and ntree is the number of decision trees. The
accuracy of the random forest model is mainly influenced by the value of mtry. Thus, we
trained the model using default ntree value of 500. To assess the relative contribution of each
phenotypic trait to predicting the biomass, the relative feature importance for MLR model
was estimated using a heuristic method which decomposes the proportionate contribution
of each predictor variable to R?. We choose the “%IncMSE” (increase in mean squared error)
to represent the criteria of relative importance measure. The number of subset (nsubsets)
criteria (counting the number of model subsets that include the variable) was used to
calculate the variable importance, which is implemented in the “evimp” function.

2.6. Evaluation of the Prediction Model

To assess the predictive performance of all 16 models, we randomly divided the data
set into training and testing (90:10%) data sets. We used a 10-fold cross-validation strategy
to check the prediction power of each regression model. The shiny app was used to frame
a training model on a 90% data set and then applied to predict biomass for the 10% testing
data set. Later, a comparative analysis was performed between the manually measured
actual biomass and predicted biomass in the testing data. The predictive performance was
evaluated based on the Pearson correlation coefficient (PCC; r at p < 0.001 significance)
between the predicted values and the observed values; the square of Spearman correlation
coefficient (p?); the coefficient of determination (R?), which is equal to the fraction of
variance explained by the model; and the root mean squared error of cross-validation
(RMSE) and predictive bias () between the predicted and observed values.

SSres —1_ ;‘1:1(%' - yAi)z

SStot " i—7)

RP=1-

RMSE =
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where, SSres and SStot are the sum of squares for residuals and the total sum of squares,
respectively; ¥; is the predicted value and y; is the observed value of the ith plant;  is the
mean of the observed values; 1 denotes the sample size of the data set.

2.7. Data Analysis

We used R studio (version 4.1.2) and implemented open source web application
(HTPmod and PredMod) with the shiny framework for computation and visualization
of the different ML models, scatter graphs of principal component analysis (PCA), trait
similarity maps, and Pearson correlation coefficients (PCC). HTPmod and PredMod are
open source web applications for modelling and data visualization which are available
at world wide web address http://compbio.nju.edu.cn/app/HTPmod/ (accessed on
15 November 2022) [32].

3. Results
3.1. Image-Based Feature Extraction and Trait Selection

In the present study, the general workflow of image-based prediction of biomass is de-
picted in Figure 2. A total of 67 image-based traits were extracted, which were classified into
four categories, viz., geometric-, color-, IR- and NIR-related traits (Figure 2A,B). We used the
open source web application (HTPmod) for high-throughput multivariate modeling and
biological data visualization (http:/ /www.epiplant.hu-berlin.de/shiny/app/HTPmod/)
as accessed on 15 November 2022 and the PredMod module for the prediction of biomass
traits using 16 different machine learning models (Figure 2C).

The results of PCA for dimensionality reduction showed that the first two principal
components could explain more than 50% of the phenotypic variance presents in control,
N stress and control + N stress data (Supplementary Figure SIA-C). The total cumulative
phenotypic variance, explained by the first two principal components, was found to un-
dergo a moderate reduction from 60.27 to 57.47% for the plants grown in control than in
the N stress condition (Supplementary Figure S1A,B). The reduction in the phenotypic
variation of plants grown in the N stress condition was mainly attributed to the negative
environmental effect of the N stress condition. The combined (control and N stress) data
analysis showed that the total cumulative phenotypic variation captured by the first two
principal components was significantly higher (61.83%) compared to the results of the anal-
ysis conducted separately (Figure 3A). Therefore, the combined control + N stress dataset
was selected for further analysis as it could capture the maximum possible phenotypic
variation of the experiment. Moreover, the first principal component of the combined data
set was clearly able to distinguish the plants grown under sufficient levels of or deficits
of soil nitrogen using 67 image-derived traits (Figure 3A). The box plot analysis of actual
biomass is depicted in Figure 3B. The results showed that the plants grown in sufficient N
levels (control) were found to possess higher biomasses than the N stress-affected plants.
The fresh biomass (FW) of plants ranged from 5 to 82 g in plants grown under control
conditions and from 3 to 21 g in N stress-affected plants. The estimated dry biomass (DW)
ranged from 1 to 19 g in the control and from 1 to 10 g in the N stress conditions (Figure 3B).
A large variation was also noticed for the 67 image-derived features which were measured
using RGB, IR and NIR imaging sensors.
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Figure 3. Scatter plots showing the results of principal component analysis (PCA) and novel i-
trait selection. (A) The percentage of total phenotypic variance explained by the top two principal
components estimated from control+ N stress. The component scores are shown in points, treatments
are shown as colors (orange color code for control and blue color code for Nstress treatment) and
loading vectors are represented as projected lines. (B) Box plot showing the distribution of fresh and
dry weight data points across the treatments.

3.2. Trait Relationship among Each Other and Superior Trait for Biomass Prediction

The trait similarity analysis of image-derived traits was grouped into geometric-
related traits, color-related traits, IR- and NIR-related traits. The heat map was drawn
based on the Pearson correlation coefficient among the traits within the treatment groups
(Supplementary Figure S2A,B). Similarly, the Pearson correlation coefficient was estimated
in order to study the relationship between i-traits and response variables, i.e., FW and
DW (Supplementary Figure S2A,B). The results of the similarity map showed that the
traits within each trait group showed a very high positive correlation, indicating that these
traits might be highly redundant descriptors of plant properties. The similarity map of
i-traits derived from both control and N stress plants showed that geometric-related traits
(PSA/NIR, PSA;,., Area_SV_0, Area_SV_90, Area_SV_120, Area_SV_240 and Area TV)
possessed very high positive correlations with each other (Supplementary Figure S2A,B)
as well as with the response variables, i.e., FW and DW. Most of the architecture-related
traits (except for the center of mass along with the Y axis, center of mass along with the
X axis and normalized 2nd moments principal axis traits) were found to possess positive
relationship between each other and biomass-related traits. This demonstrates the positive
contribution of plant architecture traits to plant biomass accumulation. Similarly, most
of the color-related physiological traits were positively correlated with each other and
possessed negative relationships with biomass-related traits (Supplementary Figure S2A,B).
The inverse relationship between plant nitrogen content and biomass, caused by the dilution
effect, may be the reason for these negative associations. Among the color-related traits,
GLA and DLA were found to have the strongest positive relationships with FW and DW.
The IR-and NIR-related traits, acquired from two different perspectives, were observed to
follow the same trend of possessing a very high positive correlation. However, NIR-related
traits were found to have a very high negative correlation with biomass-related traits, a
finding that was estimated from control plants. A lesser relationship or an absence of a
relationship was found with plants grown in Nstress conditions. This may be due to the
higher plant water status of plants grown in control conditions than in N stress conditions.
These results suggested that high-throughput image-based features were mostly redundant
and that the plant biomass accumulation was more dynamic than thought.
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Further, we analyzed Pearson’s correlation coefficient (PCC) between the image-

based traits

(control + N stress) and the manually determined biomass traits (FW or DW).

The results showed that more than 60% of i-traits had a very high positive correlation
with manually estimated FW and DW biomass (Figure 4A,B). Among the trait groups,
geometric-related traits, such as PSA/NIR, PSAy,., Area_SV_0, Area_SV_120, Area_SV_240,
Area_SV_90, PSA and Area TV, were found to possess a very high positive correlation

irrespective

of the FW or DW of the rice plants. Next to geometric-related traits, color-

related traits, viz., GL and DL were found to possess very high positive correlation with FW
and DW of the rice plants. A few color-related traits, such as EXG-, NGRDI- and IR-related
traits (IR_SV and IR_TV), were identified to have moderate levels of positive relationships
with FW and DW. Among the color-related traits, BplusG, G, RGB, R+G+B, B and RplusG
were found to possess very high negative correlations with both FW and DW. These results
suggested that those highly correlated image-based features may be considered as potential
factors influencing plant biomass and able to be effectively utilized either alone or together
for biomass prediction in rice.
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Figure 4. Pearson correlation coefficient was estimated to study the relationship between image-
derived traits and response variables FW (A), and DW, (B), control + N stress treatment are displayed

in a cluster col

umn chart.
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3.3. Machine Learning Models for Prediction of Above-Ground Biomass

Thus, we first combined biomass measurements (fresh weight or dry weight) with
single-image-based features, which were identified to possess very high predictive ability
in terms of novelty and high positive correlation with biomass. The image-derived features
used for predicting the biomass using simple linear regression models were Area_TV,
Area_SV, PSA, PSA;,., EBViap, EBV] ernaTec, EBVieygene: GLA, relative ratios of PSA and
NIR (PSA: NIR). To validate the prediction, a 10-fold cross-validation strategy was used to
check the prediction power of each regression model. The Pearson correlation coefficients
(r) between the predicted and actual values or the coefficient of determination (R?) and
RMSE were used to evaluate the relationship between plant biomass accumulation and
image-based features (Table 1). The performance indicators of simple linear regression
models (SLRM) showed that the coefficient of determination (R?) for predicting DW ranged
from 0.90 to 0.95 for Area_TV and PSA with height constant, respectively. A significant pos-
itive correlation (r = 0.95 to 0.97 @ p < 0.001 level) was found between all the selected i-traits
and the DW of the rice plants. Among the image-derived traits estimated from different
view angles, the area estimated from the side perspective view (R? = 0.94, r = 0.98 and
RMSE = 1.10) outperformed the area estimated from the top perspective view (R? = 0.90,
r =0.95 and RMSE = 1.39) in rice. Further, in an attempt to understand the predictive ability
of the independent variables derived from two different imaging sensors, the simple ratio
between the PSA derived from the RGB sensor and the NIR grey intensity derived from the
NIR sensor was estimated. Among the image-derived traits, the PSA /NIR trait (R? = 0.95,
r =0.97 and RMSE = 1.01) outperformed any other feature traits in the task of predicting
FW or DW in rice. Therefore, PSA/NIR has the potential to be used as a single indepen-
dent variable in predicting biomass in rice. The comparative evaluation suggested that,
although the determination of co-efficient (R? = 0.95) and Pearson correlation coefficient
(r = 0.97) which were estimated from PSA/NIR and PSA}, traits were on par in terms of
DW predictions, the prediction error (RMSE) was estimated to be lower in PSA/NIR (1.01)
than in PSA} (1.04). In addition, the same trait was found to be the superior trait for FW
prediction as well, with the highest R? (0.95) and PCC (0.98) values and with the lowest
RMSE (4.73) and bias (—0.04) values.

3.4. Evaluation of Multivariate Models Using Performance Indicators

The predictive power of the multivariate model is considered superior to that of the
univariate models as the latter utilizes only a single independent variable for predicting
the response variable (biomass). The predictive power of the multivariate model for
biomass prediction can be increased by combining multiple independent phenotypic traits
because plant biomass is a resultant trait of not just structural architecture traits but also
density features (physiological properties). Hence, in order to investigate the use of image-
derived features in plant biomass prediction, deep phenotyping data containing both
structural (e.g., geometric traits) and physiological traits (e.g., color and plant moisture
content as reflected by NIR-related traits) were used together. In order to further improve
the predictive ability of the model, we used16 different multivariate predictive models
to assess the relationship between i-traits and plant FW and DW (Table 1). Among the
16 models, a very high positive correlation was observed between i-traits and plant FW
(ranging 0.95 to 0.98) and DW (up to 0.97). It was observed that plant fresh weight
(FW) and dry weight (DW) of control+ N stress plants could be accurately predicted
from image-based parameters using multivariate regression models. The models were
evaluated based on prediction accuracy, Pearson correlation coefficient, and prediction
error (RMSE and bias) parameters calculated from the control, N stress and control + N
stress treatment groups separately (Supplementary Table S3). The models which had
most accurate prediction R? and the Pearson correlation coefficient (PCC) with the lowest
RMSE and bias () values were considered to be the best prediction models. Among the
16 multivariate models, BRNN, BLASSO and GP-Poly were found to have the highest
coefficient of determination value > 0.95 compared to other models across treatments.
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Moreover, BRNN and BLASSO models were identified as outperforming all other models
in terms of prediction accuracy, Pearson correlation coefficient. They also had the lowest
RMSE and bias values, even when using control and N stress data set separately or together
(Table 1 and Supplementary Table S3) to predict FW and DW.

Table 1. Comparative evaluation of simple and multivariate machine learning model in predicting
BIOMASS in rice.

Fresh Weight (Control+ N Stress) Dry Weight (Control+ N Stress)

Models * p? R? PCC  RMSE u p? R? PCC RMSE u
= E SLRM_Area_TV 0.90 091 0.95 6.27 0.06 0.89 0.90 0.95 1.39 0.08
§ § SLRM_Area_SV 0.86 0.93 0.97 5.50 —0.48 0.83 0.94 0.97 1.10 —0.01
g e SLRM_PSAy. 0.90 0.95 0.97 4.95 —0.20 0.87 0.95 0.97 1.04 0.03
v .2 SLRM_EBV|sp 0.90 0.90 0.95 6.42 —0.38 0.88 0.90 0.95 1.33 —0.00
E" ) SLRM_EBVit 0.91 0.93 0.98 5.26 —-0.17 0.89 0.93 0.97 1.11 0.04
& Eo SLRM_EBVkg 0.91 0.94 0.97 4.95 —0.20 0.90 0.94 0.97 1.04 0.03
&~ SLRM_GLA 0.89 0.92 0.96 5.82 —0.44 0.89 0.93 0.97 1.15 —0.02
SLRM_PSA:NIR 0.92 0.95 0.98 4.73 —0.04 0.90 0.95 0.97 1.01 0.06
BRNN 0.95 0.96 0.98 0.20 0.02 0.92 0.95 0.97 0.21 0.02

BLASSO 0.94 0.96 0.98 0.22 0.01 0.92 0.95 0.97 0.23 0.01
GP—Poly 0.95 0.96 0.98 0.23 0.02 0.92 0.95 0.97 0.24 0.02

GLMNET 0.94 0.96 0.98 0.23 0.01 0.92 0.94 0.97 0.25 0.01
g RIDGE 0.94 0.96 0.98 0.29 0.01 0.92 0.94 0.97 0.25 0.02
% g SVM—Linear 0.94 0.96 0.98 0.25 0.03 0.92 0.94 0.97 0.30 0.01
§ S MARS 0.94 0.96 0.98 0.21 0.03 0.90 0.94 0.97 0.33 0.00
) = BGLM 0.94 0.96 0.98 0.33 0.00 0.92 0.94 0.97 0.31 0.02
= ‘%D LASSO 0.94 0.95 0.98 0.36 0.01 0.68 0.94 0.97 0.32 0.01
E £ MLR 0.93 0.95 0.98 0.38 0.00 091 0.94 0.97 0.34 0.01
= E GLM 0.93 0.95 0.98 0.38 0.01 0.91 0.93 0.96 0.23 0.04
§ RF 0.94 0.94 0.97 0.22 0.03 0.91 0.92 0.96 0.34 0.07
GBM 0.92 0.94 0.97 0.36 0.08 0.89 0.91 0.96 0.33 0.07
KNN 0.88 0.93 0.96 0.38 0.10 0.86 0.90 0.95 0.60 0.10

SVM —Radial 0.89 0.92 0.96 0.60 0.11 0.87 0.89 0.94 0.64 0.11

GP—Radial 0.86 091 0.95 0.68 0.14 0.84 0.63 0.69 0.36 #

* The models prefixed as SLRM are simple linear regression models with response variables as either FW or
DW, and the suffix names are i-traits features used as independent variables for linear regression models. The
independent variables used for SLRM were AREA_TV: foreground pixels derived from top perspective view;
AREA_SV: foreground pixels derived from side perspective view at 0° angle; PSAhc: projected shoot area
calculated using top = view height constant and average side-view (0°and 90° angle) pixel count; EBV_IAP:
estimated biovolume using formula used in IAP pipeline; EBV_LT: estimated biovolume using formula used
in LemnaTec pipeline; EBV_KG: estimated biovolume using formula used in Key gene pipeline; GLA: green
leave area pixel count using RGB image; PSA /NIR: relative ratio of projected shoot area with height constant;
and grey intensity estimated using NIR sensor. Other models used were machine learning models that used
all 62 image-derived features as independent variables and FW or DW as dependent response variables in a
multivariable model. The multivariable machine learning models were, viz., Bayesian regularized neural network
(BRNN), Bayesian least absolute shrinkage and selection operator (BLASSO), Gaussian processes-non-linear
polynomial function kernel (GP-POLY) LASSO and elastic-net regularized generalized linear models (GLMNET),
ridge regression (RIDGE), support vector regression-linear method (SVM-Linear), multivariate adaptive regression
splines (MARS), Bayesian generalized linear model (BGLM), least absolute shrinkage and selection operator
(LASSO), multivariate linear regression (MLR), generalized linear models (GLM), random forest (RF), gradient
boosting machine (GBM), k-nearest neighbors algorithm (KNN), support vector regression-radial method (SVM-
Radial) and Gaussian processes-non-linear radial function kernel (GP-Radjial). The Pearson correlation coefficient
(PCC at p < 0.001) between predicted and actual values or the coefficient of determination (R?; the percentage
of biomass variance explained by the model) and RMSE were used to evaluate the relationship between plant
biomass accumulation and image-based features and bias (). The positive value p values were overestimated, or
negative values were underestimated. # Denoted in the table is a negative infinitive error estimate.

3.5. Relative Significance of Various Image-Based Features in Predicting Plant Biomass

The relative importance of image-based features was classified into four groups:
(i) plant geometric- (biomass and plan architecture) and (ii) color-related features; (iii) IR
signal- and NIR signal-based traits. The last three types of features reflect plant phys-
iological properties and can be considered as plant biomass- and architecture-related
traits and are thus related to plant fresh or dry weight. The geometric features showed
the most predictive power among the four groups for the prediction of both FW and
DW across plants from the control, N stress and control + N stress treatment groups
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(Supplementary Figure S9A,B). The relative ratio of PSA/NIR showed higher predictive
capability for both FW (Supplementary Figure S9A) and DW (Supplementary Figure S9B).
Not only did architectural traits such as 2nd_mom_pa_abs_sm, 2nd_mom_pa_abs_lgand
boundary point count (R? > 0.816), Convex_hull_area (R? = 0.742), WidthSV (R? = 0.670),
min area rectangle area (R? = 0.712), object extent X(R? = 0.692), and Convex_hull_circ
(R? = 0.681) strongly contribute to fresh weight and dry prediction models, butphysio-
logical traits such as DL _result: cc_area_abs (R? = 0.814), NIR.SV, Color.BplusGminusR
(R? = 0.514), Color.RplusG (R? = 0.511) also strongly contributed to fresh weight and dry
weight prediction models. This reveals new insights into the phenotypic determinants of
plant biomass. Later, we studied the relative importance (RI) of each feature in predicting
biomass using a full model across the treatment groups of plants (control, N stress and
control + stressed plants). The RI of a feature in a BRNN model was calculated and the top
ten most important features in the full model for predicting FW and DW were found to
include both architectural and physiological traits. PSA/NIR, projected shoot area (PSA),
Area_SV_0, Area_SV_90, Area_SV_120, Area_SV_240, and green leaves result cc_002.Color
Class Area Absolut were the top-ranked features, each of which can considered as a repre-
sentation of plant biomass of both FW (Figure 5A) and DW (Figure 5B). Additionally, the
NIR-based features had greater predictive capability for DW (Supplementary Figure S9B)
than for FW (Supplementary Figure S9A) in control + N stress plants, demonstrating the
importance of NIR sensor data.
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Figure 5. Cluster column chart showing the relative importance of i-traits in predicting FW and DW
using BRNN and BLASSO models. Relative importance of image-derived features in predicting FW
(A) and DW (B). The features highlighted in the red dash box are PSA: NIR, PSA, EBV_KG, EBV_LT
and GLA.

4. Discussion
High-Throughput Phenotypic Traits Precisely Estimate Biomass
The majority of conventional biomass estimation techniques rely on labor-intensive,

time-consuming, and inconsistent field measurement and destructive sampling methods [3-9].
Whereas non-destructive imaging methods are not limited in this way, non-destructive
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imaging technologies give a faster, more precise method for plant phenotyping com-
pared to the conventional destructive techniques used for measuring biomass. In re-
cent years, plant biomass has been extensively studied using high-throughput pheno-
typing (HTP) approaches in several cereal crop species including rice, under controlled
environmental [13,14] or field phenotyping facilities [20-24]. To date, two reports were
found to estimate the biomass of rice seedlings up to the age of 6 weeks [16,17]. However,
the presence of multiple models and algorithms for image-based prediction of biomass led
us to work on assessing the comparative performance of different algorithms to identify
best biomass prediction model for the specific task of estimating fully grown (70DAS)
rice plants. Moreover, very little is known about the applicability of the wheat-, maize-,
sorghum- and barley crop-specific models in rice plants [10,11,13-19]. The traits contribut-
ing to biomass, viz., size, number of leaves, tillering habits, phyllotaxy arrangement, and
phyllochron pattern, are entirely different among the studied crop plants, at least compared
to rice. Hence, the major objective of this study was to identify the novel image traits of
plants grown under varied N stress levels and find the generic machine learning model fits
for estimating the biomass of rice plants grown in contrast environmental conditions.

Initially, several studies were found to use foreground pixel count (area) as a single
predictor variable to estimate the plant biomass in diverse crop plants, including rice [16].
Later, the image-based biomass was reported to be estimated using pixel counts from
two orthogonal views of RGB images. Similar to these results, areas estimated from dif-
ferent orthogonal angles of side view were identified as relatively important traits in
predicting biomass in our experiment (Figure 4A,B and Figure 5). Later, the sum of the
foreground pixels was determined from visual images acquired from two orthogonal side
views at 0° and 90° angles and top perspective views to use as the projected shoot area
(PSA in kilo pixels). Then, PSA was used by several independent research groups as
a single predictive variable for estimating biomass in rice [14,16]. Very high prediction
accuracy (0.98) was reported for estimations of the biomass from single image-derived
variable (PSA) and simple linear regression models in rice [16]. When we applied the same
algorithms in our rice dataset, we could observe lower prediction accuracies of 0.90 to
0.94 (Table 1). The major reason for the higher prediction accuracy reported earlier may
be related to the smaller number of sample size (N) and the lower genotypic variability
(only two rice genotypes were used for phenotyping) utilized for the development of the
model. Hence, this model was not considered as a generic algorithm suitable for measuring
biomass in rice. Later, Klukas et al. [10] estimated digital bio-volume using a formula
that uses both side-view and top-view pixel counts and reported them possess a positive
relationship (0.85) with biomass in maize. In this case, the non-linear regression models
were used to predict maize plants’ biomass and growth performance from image-derived
PSA features. When we applied the EBV algorithm to our rice data set, we observed a lower
prediction accuracy and higher prediction error. Among the three EBV-based algorithms,
EBVieygene out performed (R2 = 0.94, r = 0.97, RMSE = 1.04) the models estimated from
EBViar and EBVLemnaTec-

In another study, Neilson et al., 2015 [20] reported to develop an HTP workflow for
predicting biomass in sorghum using PSA. This was the first attempt to estimate the PSA
with a top-view height constant for normalizing the plant growth towards the imaging
sensor and PSAp,. was expressed in mm?. Similarly, Parent et al. [18] reported estimating
the PSA along with the height constant for use in accurately predicting plant biomass
in wheat. Hence, we applied this sorghum- and wheat-specific prediction algorithm in
our rice experiment and observed the highest prediction accuracy (R? = 0.95, r = 0.97 and
RMSE = 1.04) along with the highest positive trait relationship. This suggested that it is
very much important to include the top view-specific height constants when handling a
large population of diverse rice genotypes vis-a-vis estimating PSA from two contrasting
treatment groups for biomass prediction. In addition, Campbell et al. [17], phenotyped
around 373 diverse rice genotypes and estimated seven color-based traits along with PSA
to predict biomass with high prediction accuracy (R?> = 0.96) level. In the same trend,
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one color-related trait (GLA) was identified as possessing a very high relative importance
among the color-related traits studied in our data set. GLA was also found to possess
relatively higher prediction accuracy (R? = 0.93), with a very high positive trait relationship
(r = 0.95) with the geometric trait (PSA, Area_SV_0 and Area_SV_90).

Among the trait groups, the relative importance of the NIR_TV feature was found
to be highly variable for the prediction of FW or DW. The percentage of phenotypic
variance captured by NIR_TV was recorded to be the highest for DW when using the
model constructed with control + N stress data together rather than with control or N stress
data separately (Figure 5). Hence, NIR_TV was considered for use along with geometric,
color-related image traits in developing a highly generic biomass prediction model specific
to diverse rice genotypes grown in contrasting stress environmental conditions. In general,
the NIR_TV grey intensity is largely known for estimating plant hydration/moisture status.
A fully hydrated plant sample absorbs most of the light spectrum incidence on the leaf,
and meniscal light intensity is reflected back in NIR band long wavelength and vice-versa.
In the same way, DW is known to possess a very high positive relationship with PSA.
Therefore, a simple ratio between PSA estimated with height constant and NIR intensity
from the top view image was used as a novel trait for improving the prediction accuracy of
DW. In support of this fact, the basic understanding about deriving this (PSA /NIR) trait
was related to the presence of an allometric relationship between FW and DW, which means
that foliar water mass disproportionately increases with increased leaf dry weight [33].
The results showed that the performance of the PSA /NIR trait for the prediction of DW
was almost on par with that obtained for the prediction performance of PSA with height
constant alone (R? = 0.95 and r = 0.97). However, the inclusion of the NIR_TV feature along
with PSA was found to improve the performance of the prediction model on par with any
of the single or multivariate models used in our data set by reducing the prediction error to
the lowest root mean square error (RMSE = 1.04 to 1.01).

Finally, we utilized around 67 image-derived traits acquired from three different
imaging sensors (RGB, IR and NIR) and 16 multivariate machine learning models to accu-
rately predict the FW and DW of rice plants. In this similar context, Chen et al., [19] used
36 image-derived traits from RGB, IR, NIR and fluorescence sensors and used 4 multivariate
models to predict plant fresh and dry biomass weights in barley with a prediction accuracy
of 0.96 using a random forest model. Similarly, Chen et al., extracted 54 image-derived
features to predict plant fresh weight at 0.99 accuracy and dry weight at 0.89 in barley [11].
In our case, the best dry weight prediction model was identified to be BRNN, which had
the highest prediction accuracy (R? = 0.95), Pearson correlation coefficient (r = 0.97) and
prediction error (RMSE = 0.21). The reason for the better prediction performance of BRNN
over the random forest algorithm may be due to the parametric assumption of most of the
feature traits assigned in our data set. The estimated value for rice biomass (FW and DW)
clearly followed a Gaussian distribution pattern in our population, and the image-derived
traits were highly correlated with each other. In such Gaussian (or normal) distributed
data sets, the BRNN is expected to perform better than a non-parametric random forest
model that uses random and independent data sets. The reason for the reduced prediction
accuracy of RF may be due to unknown explanations, as RF uses a black box algorithm for
prediction. In contrast, Bayesian regularized neural networks are simple artificial neural
networks used to develop generalized robust model in order to overcome the difficulty
of over-fit or under-fit for the construction of a prediction model. Moreover, it minimizes
a linear combination of squared errors and weights. It was found to be advantageous
to apply the BRNN model in predicting the biomasses of diverse rice plants which were
grown in contrasting N stress conditions. Moreover, variation in plant biomass can be
attributed to the differential context of the feature traits, such as increases in the foreground
pixel and decreases in the NIR signal. Because of this, the BRNN model can be used to
predict a response variable using any data dispersion type, such as an exponential or a
categorical class variable.
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Recently, Hu et al. [1] used a combination of fractal dimension algorithms derived
from the box-counting method along with traditional image-based features to improve the
prediction model in rice. However, no studies have reported the image-based workflow
for predicting fresh and dry biomass using HTP data comprising multiple novel features
derived from different sensors and a large population of rice genotypes. Recently, our
group reported the application of multiple imaging sensors (VIS and NIR) for predicting
leaf fresh weight in rice [30]. In our study, green leaf proportion (GLP) from the VIS image
and mean gray value/intensity (NIR_MGI) from the NIR image were used as inputs to
develop an artificial neural network (ANN) model and we estimated the leaf fresh weight
(LFW) in rice. Still, the prediction of biomass in rice possesses many inherent problems
associated with estimating PSA or area from the side- and top-view images due to occlusion
or the overlapping of rice leaves. In this case, more deep phenotyping research needs to be
conducted for the accurate phenotyping of leaf length- (length of the leaf from base to tip)
and leaf width-based predictions of PSA. In this direction, our group recently published a
report on image-based prediction of leaf count using the deep learning model YoLo (you
only look once) with a highest prediction accuracy of up to 98% [31]. Further, earlier reports
also showed that the prediction of biomass uses per-pixel mass and machine learning
regression models, which had been presumed to possess limited scope when the rice plants
gain/loss weight, without any change in pixel area during the post-flowering period.
Hence, it is imperative to develop a non-invasive imaging and data processing technique
for precisely (R? = 1.00) estimating dynamic changes in biomass.

Machine learning models have been extensively used to predict plant biomass [11],
classification/prediction plant health status (stress/non-stress) [12], gene expression and
DNA methylation levels [25], etc. The detailed list of models, descriptions, and R packages
used by different researchers for estimating biomass is given in Supplementary Table S2.
When the BRNN model was compared to other regression models, it was observed that the
BRNN model outperform other models in terms of (a) better predictive power, particularly
when compared to the linear model, confirming the complex phenotypic architecture of
biomass, and (b) practical biological interpretability and readily extractable information
about the importance of each feature in prediction. The high prediction accuracy attained
based on this model, particularly the across treatment (control + N stress plants) perfor-
mance, suggested that solving the phenotyping bottleneck in biomass measurement in
breeding applications might be feasible. Using image data and a reference dataset to
train the BRNN model, it is possible to predict biomass in several large plant populations
throughout the treatment of rice using high-throughput phenotyping technologies. How-
ever, it is a great challenge to find a predictive biomass model in terms of both treatment and
environmental effects on biomass accumulation. The model’s application will necessitate
testing experiments with similar conditions to those of the reference experiment.

This conclusion was supported firstly by the observation that the model has greater
predictive power of plant biomass in rice with two treatments, control and N stress, than in
plants with a single treatment control Figure 5A,B and Figure S9A,B). However, when the
model was applied to the combined dataset from across treatments (control, N stress and
control + N stress), the prediction accuracy was found to be very high (R? =0.96 and r = 0.98,
average values from ten times of ten-fold cross-validation). Moreover, the destructive
method made multiple measurements of the same plant over time impossible. With the
development of new technology, digital image analysis has been used more broadly in many
fields and plant research [13,14]. It allows for faster and more accurate plant phenotyping
and has been proposed as an alternative way to infer plant biomass [14]. As for previous
studies [14-16,21], we extended our biomass analyses from previous studies in which
biomass was evaluated using only a single image-derived parameter (such as projected
area) or several geometric parameters by integrating more representative features that
accommodate both structural and physiological-related properties into a more advanced
model. Despite the fact that the model’s predictive power was roughly higher than that of
single feature-based prediction, such as projected shoot area (PSA) (Figure 5B,D), the model
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revealed the relative contribution of individual features in biomass prediction [4]. The data
on the significance of each feature provided new insights into the phenotypic determinants
of plant biomass outcome. Notably, several top-ranked features, such as PSA and NIR
intensity, were revealed to have genetic correlations with dry weight and FW biomass [19].
This suggests that the top-ranked features may represent major phenotypic components
of biomass output and can be used to dissect the genetic components underlying biomass
accumulation. However, the current ability of models to characterize plant physiological-
related properties from image data (such as chlorophyll content and leaf tissue water
content, senescence, etc.) is still limited.

In summary, the compact crop architecture of rice poses challenges in predicting
biomass non-destructively by using RGB sensors. Thus, researchers have reported using
PSA as a surrogate trait for predicting plant biomass in rice [16,17]. The major limitation of
these methods was related to the inverse relationship shown between prediction accuracy
and the age of the rice plants. The reason for reduction in accuracy is presumed to be
associated with complex leaf architecture, phyllotaxy, i.e., closely arranged tillers of rice
plants that influenced the image-derived PSA by way of an occlusion effect. As clearly
mentioned by Hairmansis et al., projected shoot area may be a suitable surrogate trait
for predicting rice shoot biomass up to six weeks of age and up to 24 g of shoot fresh
weight [16]. This team could achieve the highest R? value of 0.93 until the plant age of
one month. However, other research groups working on wheat, barley, Arabidopsis, and
sorghum crops applied different image-derived constants and used multivariate machine
learning approach to improve the prediction accuracy up to 0.98. Thus, our novel aim was
to develop the prediction model for fully grown rice plants up to the age of 65-70 days
old plants to decipher the nitrogen stress tolerance. The hypothesis was to identify novel
i-traits and apply machine learning models to improve the accuracy as reported earlier.
To date, no report has been found on rice which aims to develop the biomass prediction
model specific to the flowering stage. In addition to the identification of new constant (PSA:
NIR), we tried to apply the already reported plant constants (specific for barley, sorghum
and wheat) in our rice experiment and compared 16 ML models. This is the first report
in rice that developed HTP workflow to predict biomass objects of very high occlusion
(40 to 50 tillers and up to 100 leaf) developed using more than 100 genotypes grown in
two different N stress condition. The Bayesian regularized neural network model may be
considered as a generic model which can be used to estimate the plant biomass up to 80 g
(DW) with R? = 0.95 accuracy. To improve the accuracy, researchers used multiple features
to predict biomass and higher number of samples by using multiple linear regression model.
Use of four machine learning methods to predict biomass in barley was performed using
multi-sensor traits to improve accuracy and give more logical reasoning for prediction [19].
Thus, we aimed to predict biomass in rice by using 16 machine learning methods to observe
the model accuracies across methods and different treatments. We also combined multi-
sensor-derived traits to obtain novel traits like PSA/NIR intensity, which incorporates
more biological meaning for biomass prediction. We performed the biomass prediction
across treatments for illnessess such as nitrogen-deficient and nitrogen-sufficient conditions
which will be helpful in different types of experiments. We used 67 high quality traits from
RGB and NIR sensors which contain all types plant characteristics.

5. Conclusions

Rice is the major cereal crop and is grown worldwide to provide food and nutritional
security to the global population. The phenotyping of large sets of the population in an
automatic platform using non-invasive sensors is the need of the hour owing to the large
deficiencies in the utilization of phenotyping and genotyping data in analytical breeding
and rice crop improvement. The advantage of collecting spatio-temporal image-based
phenotypic data constitutes a cutting-edge technological advancement in the prediction
of the genomics region, governing stable or dynamic interactive loci. In this regard, the
non-destructive prediction of biomass in rice plants places an inevitable prime position and
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necessitates accurate phenotyping for improving rice plants’ resilience to climate change. In
this experiment, a novel multimodal i-trait (relative ratio of PSA /NIR) was identified as the
best trait for the accurate prediction of biomass (both FW and DW) in rice. The predictive
performance of PSA/ NIR trait was evaluated against prior known image-derived features
that possess very strong linear relationships with biomass. Among the 16 machine learning
models, BRNN was found to be the best model. With a biomass prediction accuracy of
0.95 in rice plants up to the age of 70 DAS and 80 g of dry weight. This model was also
validated to be a generic model and can be used for predicting the plant biomass from
nitrogen stress and unstressed plants. The rice-specific multivariate machine learning model
(BRNN) was found to exhibit a superior performance compared to the single independent
variable (PSA /NIR) in terms of prediction accuracy and prediction error. The demonstrated
methodology and algorithms can be effectively utilized for predicting biomass in rice or
potentially applied to other crop species for the non-invasive phenotyping of crop plants.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/agriculture13040852/s1. Table S1: The name, description, abbre-
viations and classification of 67 image-derived traits (i-traits). Table S2: Evaluation of multivariate
machine learning model in predicting AGBM (FW and DW) in rice grown under control and N stress
condition. Table S3: Evaluation of multivariate machine learning model in predicting biomass (FW
and DW) in rice grown under control and N stress condition. Figure S1: scatter plots showing the
results of principal component analysis (PCA) and novel i-trait selection. Figure S2: Trait similarity
analysis of i-traits to predict FW and DW using Pearson correlation co-efficient (PCC). Figure S3:
scatter plots showing the goodness of fit between actual and predicted biomass (fresh weight) using
control data set and 16 multivariate machine learning model. Figure S4: scatter plots showing the
goodness of fit between actual and predicted biomass (fresh weight) using an N stress data set and
16 multivariate machine learning model. Figure S5: scatter plots showing the goodness of fit between
actual and predicted biomass (dry weight) using control data set and 16 multivariate machine learn-
ing model. Figure S6: scatter plots showing the goodness of fit between actual and predicted biomass
(Dry weight) using an N stress data set and 16 multivariate machine learning model. Figure S7:
scatter plots showing the goodness of fit between actual and predicted biomass (fresh weight) using
control + N stress data set and16 multivariate machine learning model. Figure S8: scatter plots
showing the goodness of fit between actual and predicted biomass (Dry weight) using control + N
stress data set and 16 multivariate machine learning model. Figure S9: cluster column chart showing
the prediction accuracy of i-traits in predicting FW and DW using BRNN and BLASSO models and
relative importance of image-derived features in predicting FW and DW. References [10,17,19,34-68]
are cited in the supplementary materials.
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