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Abstract: Achieving global sustainable agriculture requires farmers worldwide to adopt
smart agricultural technologies, such as autonomous ground robots. However, most
ground robots are either task- or crop-specific and expensive for small-scale farmers and
smallholders. Therefore, there is a need for cost-effective robotic platforms that are modular
by design and can be easily adapted to varying tasks and crops. This paper describes the
hardware design of a unique, low-cost multiaxial modular agricultural robot (ModagRobot),
and its field evaluation for soybean phenotyping. The ModagRobot’s chassis was designed
without any welded components, making it easy to adjust trackwidth, height, ground
clearance, and length. For this experiment, the ModagRobot was equipped with an RGB-
Depth (RGB-D) sensor and adapted to safely navigate over soybean rows to collect RGB-D
images for estimating soybean phenotypic traits. RGB images were processed using the
Excess Green Index to estimate the percent canopy ground coverage area. 3D point clouds
generated from RGB-D images were used to estimate canopy height (CH) and the 3D
Profile Index of sample plots using linear regression. Aboveground biomass (AGB) was
estimated using extracted phenotypic traits. Results showed an R2, RMSE, and RRMSE of
0.786, 0.0181 m, and 2.47%, respectively, between estimated CH and measured CH. AGB
estimated using all extracted traits showed an R2, RMSE, and RRMSE of 0.59, 0.0742 kg/m2,
and 8.05%, respectively, compared to the measured AGB. The results demonstrate the
effectiveness of the ModagRobot for in-row crop phenotyping.

Keywords: modular agriculture robots; crop phenotyping; depth sensor; point cloud
processing; field robotics; reconfigurable robots

1. Introduction
The increasing food demand driven by global population growth and limited agri-

cultural resources necessitates the adoption of smart agriculture to improve agricultural
productivity. The adoption of smart agriculture is particularly vital among small-scale
farms, which constitute 85% of farms in the United States [1]. Domains of smart agriculture,
such as monitoring, prediction, logistics, and control, rely on ground robots for efficient
operation [2].

Crop phenotyping is an important task in modern agriculture due to its relevance in
crop breeding programs and precision agriculture [3]. Traditional methods of measuring
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crop phenotypic traits, such as the use of rulers or measuring tapes for measuring traits like
plant height and leaf area, as well as reliance on visual scoring by experts, are laborious,
time-consuming, and prone to error due to direct human involvement [4,5]. Additionally,
traits such as crop biomass and chlorophyll content were measured using destructive
methods [6,7]. To mitigate these shortcomings, non-invasive approaches have been adopted,
such as using optical sensors mounted on drones or ground robots [8,9].

In recent years, several agricultural ground robots have been developed for specific
tasks such as plant phenotyping and harvesting of specific crops [9,10]. However, the
functionality of these ground robots in smart agriculture is constrained by their design,
which may contribute to the low adoption rate of ground robot technology among small-
scale farmers. These ground robots often lack the characteristics of modularity due to
their rigid chassis. Furthermore, mechanisms such as suspension systems that aid stable
motion are often left out in the design of their drivetrain, as evident in the design of the
Robotanist and TERRA-MEPP [11,12]. A typical smart farm contains different types of
crops with varying characteristics like canopy height and row spacing at different stages of
crop development. Therefore, a ground robot designed for use on such a farm must have
modular features to adapt its frame for specific tasks and to navigate between and over
crops without causing damage to itself and the crops.

Agricultural ground robots with varying levels of modularity have been developed
over the past decade. The BoniRob (V2) platform, introduced by Bangert et al. [13], is a
uniaxial modular ground robot. It is recognized as one of the pioneers in the design of
modular agricultural ground robots and has the capability of adjusting its chassis width.
Bawden et al. [14] developed the AgBotII, a uniaxial modular ground robot designed with
an adjustable chassis width to suit various tasks. The Armadillo Scout and MARS X plat-
forms developed by Nielsen et al. [15] and Xu and Li [16], respectively, are biaxial modular
ground robots with adjustable chassis height and width, enhancing their functionality. The
Flex-Ro and Thorvald II ground robots introduced by Murman [17] and Grimstad and
From [18], respectively, are the first designs of multiaxial modular ground robots, with
the ability to reconfigure their chassis to vary the width, height, and ground clearance.
More recently, Hefty was introduced by Guri et al. [19] and was adapted from the Farm-ng
robot (Amiga). Hefty is also a multiaxial modular ground robot for versatile applications in
smart agriculture. The Hefty platform outperforms the Flex-Ro and Thorvald II platforms
with its user-friendly design, which simplifies the reconfiguration of its chassis to meet the
specific requirements of various tasks. However, a suspension system was not included
in its design. Except for the AgBotII, MARS X, and Thorvald II platforms, other modular
platforms mentioned above did not incorporate suspension systems in their design to
minimize mechanical complexity at the expense of stability.

The potential of multiaxial modular ground robots to improve agricultural produc-
tivity is substantial. However, the high initial cost of these robots poses a significant
barrier to adoption by most small-scale farmers. Therefore, in this study, we developed
the ModagRobot—a low-cost multiaxial modular agricultural robot that can be easily re-
configured using simple tools to meet the requirements of smart agriculture tasks. The
ModagRobot’s design was motivated by the need for a cost-effective robot that can be used
for different agricultural applications, including intra-row and over-canopy applications.
Before commencement of the robot’s design, a set of functional requirements were consid-
ered based on recommendations from literature and practical experiments performed on
previous platforms. The functional requirements covered these considerations:

• Modularity: Most ground robots developed for agricultural research have restricted
functionality due to their chassis designs [16]. To solve this problem and enable
functionality across different agricultural applications and a wide range of crops, it
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was necessary for the robot’s chassis dimensions to be easily adjustable and replaceable
to ensure modularity.

• Payload capacity: To facilitate the incorporation of various sensors, manipulators, and
tanks required for precision agriculture applications, including phenotyping, spot
spraying, and harvesting, a significant payload capacity was necessary.

• Environmental considerations: Gonzalez-de-Santos et al. [20] recommended the use of
lighter vehicles on the farm to reduce the effect of soil compaction on soil microorgan-
isms. To this end, the robot’s chassis material needed to be lightweight, sturdy, and
rigid.

• Material cost: Recent surveys highlighted economic and financial-related issues as
a major barrier to the adoption of ground robot technology by farmers [21,22]. To
promote the adoption of ground robot technology while ensuring cost-effectiveness
and efficiency, materials and components were optimally selected.

• Safety: Ensuring the safety of both humans and crops on the farm is crucial for the
successful integration of ground robots. To achieve this, it was necessary for safety
features to be included in the navigation algorithm of the vehicle.

Previously, several mobile platforms have been equipped with sensors like ultrasonic
rangefinders, RGB and depth cameras, 2D or 3D LiDAR, and spectrometers to facilitate
the high-throughput phenotyping (HTP) for various crops. For instance, the Flex-Ro
platform was equipped with an ultrasonic sensor and deployed for HTP of soybean canopy
height [17]. Jimenez-Berni et al. [9] integrated a 2D LiDAR on the Phenomobile Lite for
HTP of wheat, enabling the estimation of plant traits such as canopy height, canopy ground
cover, and aboveground biomass (AGB). Cai et al. [23] utilized a 3D LiDAR installed on a
mobile platform for extracting individual plant height and crown width for various lettuce
species. An RGB-Depth (RGB-D) camera was used by Song et al. [24] to estimate phenotypic
traits such as plant height, leaf area, and projected area for various crops, including cotton
and maize.

In the context of soybean AGB estimation, researchers have also explored the use of
satellite data and Uncrewed Aircraft System (UAS)-based imaging. Kross et al. [25] and
Mandal et al. [26] used RapidEye imagery and C-band polarimetric Synthetic Aperture
Radar (SAR) data, respectively, to estimate crop biomass. Maimaitijiang et al. [8] utilized
RGB imagery obtained from a UAS platform and achieved an R2 of 0.893 and an RMSE
of 0.194 kg/m2 using a vegetation index-weighted canopy volume model (CVMVI). Simi-
larly, Okada et al. [27] employed UAS-acquired RGB imagery with deep learning models,
achieving accuracy scores between 0.935 and 0.94. Despite these advancements, ground
mobile platforms equipped with RGB-D cameras remain underexplored for soybean AGB
estimation, and this study aims to bridge this gap. Therefore, the objective of this study
was to present the hardware design of the ModagRobot, including the suspension and
drivetrain modules, and evaluate its data acquisition capability for estimating soybean
phenotypic traits, such as canopy height, percent canopy ground coverage area, and AGB,
using an RGB-D camera. The outcome of this study is expected to promote sustainable
agriculture by stimulating the adoption of ground robots by small-scale farmers.

2. Materials and Methods
2.1. Phenotyping System Overview

The proposed platform, which is adaptable to a wide range of agricultural applica-
tions, was adapted to obtain phenotypic traits of soybean crops. The phenotyping system
consisted of the ModagRobot shown in Figure 1, with an RGB-D camera mounted at a
height of 1.77 m. The robot’s chassis was reconfigured to have a ground clearance of 0.9 m,
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a width of 1 m, and a height of 1.77 m, enabling it to navigate safely over the rows without
causing crop damage.
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Figure 1. Rendering of the ModagRobot.

2.2. Platform Design

To offer a solution to the state-of-the-art agricultural ground robots, which show
limitations, such as high cost, functional versatility, and modularity, a custom multiaxial
modular robot was designed and developed, such that it can be adapted to a wide range
of crops, including row, orchard, and horticultural crops. The robot’s frame consisted of
separate individual modules that are fastened together using only bolts and nuts. These
modules can be easily changed or replaced to modify the structure of the robot. The
modular robot prototype was a 4-wheel drive, skid steer robot that is capable of stable
navigation on all terrains due to independent suspension systems incorporated on all
4 wheels of the vehicle. Table 1 highlights the specifications of the ModagRobot.

Table 1. Specifications of the ModagRobot.

Vehicle Specifications Value Unit

Vehicle mass 64 kg
Payload capacity 60 kg

Rated speed 2 m/s
Maximum speed 4 m/s

Width 0.584–1 m
Length 0.86 m

Ground clearance 0.9–1.77 m
Height 1.77–2.38 m

Operating time 8 h
Charge time 4.25 h
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2.2.1. Independent Suspension Module

Building on the study of Kemeshi et al. [28], a suspension module was designed to
improve the stability of the modular robot on uneven terrain. The suspension mod-
ule consists of two aluminum bar linkages (0.038 × 0.0095 × 0.33 m), an angle bar
(0.1016 × 0.00635 × 0.508 m), a shock absorber (maximum load of 158 kg), and a wheel
shaft mount, as illustrated in Figure 2.
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2.2.2. Drivetrain

The vehicle’s drivetrain consists of two separate modules connected by extruded
aluminum channels. Each module was designed such that two active wheels, with indepen-
dent suspension systems (Figure 3), are fastened to an aluminum U-channel. Each wheel in
a module is actuated by a brushless direct current (BLDC) motor that was adapted from
a hoverboard (model: HY-RM-ULTRA, DGL Group, Edison, NJ, USA) and has proven to
be cost-effective and reliable over the years. In compliance with the IEC 60,529 standard,
an ABS plastic enclosure (IP65) houses all electrical components, such as 350 W DC motor
controllers (model: KJL-01, RioRand) for each motor and a microcontroller (model: Arduino
Uno, Arduino, Somerville, MA, USA). These components are powered by a 36 V battery
(Shenzhen Longting Technology Co. Ltd., Guangdong, China). The separate modules
communicate through two HC-05 Bluetooth serial modules (HiLetgo, Guangdong, China)
configured in a master-slave relationship. The costs of these components are shown in
Table 2.
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Table 2. Material cost of the ModagRobot.

Material Quantity Unit Price (USD) Total Price (USD)

DC hub motor 4 44 176
Wheel 4 73 292

Motor controller 4 19 76
Microcontrollers 2 25 50

Bluetooth module 2 11 22
Batteries 2 45 90

Shock absorber 4 40 160
Frame (aluminum) N/A 400
Electric box (IP65) 2 13 26

Total cost 1292

2.3. Evaluation of the ModagRobot in Soybean Phenotyping
2.3.1. Study Area and Data
Test Site and Experimental Setup

The experiment was carried out at the South Dakota State University’s Agricultural
Experiment Center, Aurora, Brookings, South Dakota, USA (44.3096 N, 96.6701 W). Soybean
(variety: AG14XF4, Asgrow, Kalamazoo, MI, USA) was planted on an untilled, Brandt silty
clay loam, at a row spacing and planting density of 0.76 m and 40 seeds per m2, respectively,
on 3 June 2024. The experiment plot was rainfed and composed of 4 smaller plots, each
having 8 rows, of which 20 sampling locations were randomly selected, as illustrated in
Figure 4.
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Ground Truth Data Acquisition

Prior to data collection, each sampling location (1 m × 0.762 m = 0.762 m2) was flagged
for easy detection of the area. On 13 September 2024, canopy height for all 20 sampling
locations was obtained by measuring the height of 3 randomly selected plants in each
location and taking the average. Immediately after collecting RGB-D images of each
sampling location, AGB samples were collected by cutting the stems of crops within 1 m
of row length approximately 2 cm above the soil surface. The wet weight of the samples
was measured immediately, and then the samples were oven dried at 37 ◦C until a constant
weight was achieved. The dry weight of the samples was then measured, and area-wise
dry AGB was computed as shown in Equation (1).

Above − Ground Biomass , AGB
(

kg
m2

)
=

Dry weight (kg)
Sampling area (m2)

(1)

ModagRobot Data Acquisition

In addition to collecting canopy height and AGB data, RGB and depth images were
captured automatically between 12 PM and 3 PM at each sampling location. This was
performed by manually controlling the ModagRobot with a telemetry transmitter to navi-
gate over the soybean rows to each sampling location. These RGB and depth images were
acquired at a resolution of 640 × 480 and a frequency of 1 Hz by an Intel RealSense RGB-D
sensor (D435, Intel Corporation, Santa Clara, CA, USA) installed on the ModagRobot and
connected to a DELL computer (DELL Technologies, Round Rock, TX, USA) running a
Python (V 3.9.19) script, with a 2.80-GHz Intel i5 processor (Intel Corporation, Santa Clara,
CA, USA), 8 GB RAM, and a 106 GB storage drive. The computer was powered by a 110 V,
200 W battery pack (Rockman 200A, Rockpals, Chino, CA, USA). The RGB-D sensor was
installed at a height of 1.77 m, which falls within the recommended range (0.3–3 m) to
obtain quality depth images. This setup is illustrated in Figure 5.
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Data Preprocessing and Point Cloud Generation

The RGB and depth images collected also included vegetation from unwanted rows
on both the left and right sides of the row of interest. The imagery refining process was
conducted by applying an 8-bit mask with a value of 0 and dimensions of 640 × 480 px.
The mask included a rectangular area with a value of 255 and dimensions of 350 × 480 px,
which identified the region of interest (ROI), as illustrated in Figure 6. Using Open3D, an
open-source library for 3D data processing and visualization developed by Zhou et al. [26],
the preprocessed RGB and depth images were fed into a pipeline that incorporated the
camera’s intrinsic parameters (width = 640, height = 480, focal length, fx = 384.588, focal
length, fy = 384.588, principal point, ppx = 319.994, and principal point, ppy = 236.740).
This process generated point clouds for each sampling location. Subsequently, the point
clouds were processed to extract the canopy height and 3D profile index for each location.
Phenotypic trait extraction processes are explained in the next section.
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Figure 6. Process of preprocessing RGB and depth images for generating point clouds. Image
Refining: Using a Python (V 3.9.19) script, RGB and depth images collected with the ModagRobot
underwent preprocessing by overlaying an 8-bit mask on the raw images to remove unwanted
vegetation. Point cloud generation: Point clouds were generated by feeding the refined RGB and
depth images into a pipeline that utilizes the Open3D library.

2.3.2. Phenotypic Trait Extraction
Canopy Height Extraction

To derive canopy height from the generated point clouds, it was necessary to first
estimate the ground distance, that is, the distance between the ground and the RGB-D
sensor [9]. This was achieved by averaging the z-values at the 1st percentile of the dataset,
which represents the furthest points from the depth sensor. Since the depth sensor was
positioned at a fixed height of 1.77 m above the ground, the average of these 1st percentile
z-values closely aligned with the measured distance between the depth sensor and the
ground, providing a reliable estimate for the ground points.

Canopy height, hereafter referred to as estimated canopy height (ECH), was calculated
for each sampling location by first averaging the z-values of the canopy points and then
subtracting this average from the estimated ground distance, as shown in Equation (2).
Prior to this, the optimum percentile of the z-values for determining the top-of-canopy
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points was identified as the most accurate threshold through the minimization of root mean
square error (RMSE) between the ECH and the measured canopy height.

ECH (m) = hg −
1
n

(
n

∑
c=1

hc

)
(2)

where hg represents the average z-value for ground points, hc represents the z-values of
top-of-canopy points, and n is the total number of top-of-canopy points.

Canopy Ground Coverage Area

Percent canopy ground coverage area (%CGCA) was estimated as described in
Equation (3). First, masked RGB images (Figure 5) obtained for each sampling area corre-
sponding to a digital area of 350 × 480 px were further processed to obtain the number
of vegetation pixels in the images. This was achieved by segmentation using the Excess
Green Index (ExG) proposed by Woebbecke et al. [29] and applying a threshold of 0.9 to
distinguish soybean vegetation from bare soil and corn residue. Furthermore, the vegeta-
tion pixels in the images for each sampling area were counted and used to compute the
%CGCA.

%CGCA =
Number of vegetation pixels

Total pixels in a sampling area
× 100 (3)

Soybean Aboveground Biomass Estimation

Along with ECH and %CGCA, AGB was estimated by using the 3D profile index
(3DPI) method developed by Jimenez-Berni et al. [9]. Equation (4) describes this method.
As will be seen in the Results and Discussion section, this method was developed for
high-density point clouds, such as those produced by LiDAR sensors.

3DPI =
i=n

∑
i=0

(
pi
pt

× ek pcs
pt

)
(4)

As detailed in Jimenez-Berni et al. [9], i represents a specific 10 mm vertical layer, with
0 corresponding to the ground layer and n denoting the topmost layer; k is a correction
factor that was varied incrementally from −4 to 12 in steps of 0.03; pi is the number of
points within a given 50 mm layer; pt is the total number of points across all layers; and
pcs is the cumulative sum of points intercepted above a specific 50 mm layer. A linear
regression was performed between the 3DPI values obtained for each sampling location,
and the biomass was calculated using the dry weight of the samples to derive the biomass
prediction model. Prior to this, the optimum correction factor (k) was determined by
optimization of RMSE and the coefficient of determination (R2), respectively, between the
measured biomass and 3DPI values associated with each sampling location.

2.3.3. Model Evaluation

The accuracy and robustness of linear regression models created by fitting the extracted
phenotypic traits individually and combined were evaluated using R2, RMSE, and relative
RMSE (RRMSE). They are expressed as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (5)

RMSE =

√
∑n

i=1(yi − ŷi)
2

n
(6)
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RRMSE % =
RMSE

y
× 100 (7)

where yi and ŷi represent the measured and predicted AGB, respectively; y is the mean of
the measured AGB; and n is the total number of samples.

All regression modeling was performed in MATLAB R2023b on Microsoft Windows
and ran on a desktop computer with a 2.10-GHz Intel i7 processor, 32 GB RAM, and a
476 GB storage drive.

3. Results and Discussion
3.1. Canopy Height

Canopy height is one of the key traits for estimating AGB of crops [9], including
soybean [8]. To identify the optimal percentile for determining canopy points, percentile
values in the z-coordinate were systematically evaluated in 0.1 increments within the 96th
to 100th percentile range. The optimization process, which identified the 99.9th percentile
as the optimum, involved the minimization of RMSE between the ECH and the measured
canopy height, as shown in Figure 7a. Results showed a strong positive linear correlation
(R2 = 0.786) between the ECH and the measured canopy height. Furthermore, a low RMSE
(0.0181m) and RRMSE (2.47%) were achieved across all 20 samples, suggesting a strong
correlation between the ECH and measured canopy height, as shown in Figure 7b.
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Figure 7. Validation of canopy height: (a) minimization of RMSE between ECH and measured canopy
height for the determination of canopy points and (b) relationship between estimated canopy height
and the measured canopy height for all sampling locations.

The low RMSE (0.0181 m) obtained between the RGB-D estimated CH and the field-
measured CH is comparable to other reported RMSE values. Song et al. [24] reported an
RMSE of 0.23 m in maize using a similar sensor, and Jimenez-Berni et al. [9] demonstrated an
RMSE of 0.017 m in wheat using a LiDAR sensor. Furthermore, the R2 (0.786) is comparable
to that of Maimaitijiang et al. [8] (0.898) in soybean.
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3.2. Relationship Between Canopy Ground Coverage Area and Canopy Height

In the absence of suitable sensors to accurately measure leaf area index (LAI), an
important phenotypic trait for predicting plant growth and biomass, it becomes necessary
to estimate it using other phenotypic traits such as canopy height and canopy ground
coverage area (%CGCA). Prior research has demonstrated a strong positive relationship
between LAI and %CGCA [30,31]. With this in mind, Figure 8 shows the result of a
regression analysis conducted between %CGCA and measured canopy height across all
sampling locations, which revealed an R2 of 0.3281, 0.3477, 0.3158, 0.4507, and 0.3361 for
linear, exponential, logarithmic, polynomial, and power models, respectively. The R2 of
the linear model (0.3281) is comparable to the result presented in [31], where an R2 of
0.32 was obtained between LAI and height. This suggests a positive relationship between
%CGCA and canopy height. Yuan et al. [32] also demonstrated a positive relationship
between canopy height and LAI, further corroborating the relationship between %CGCA
and canopy height. However, the polynomial and exponential regression models from
this study had higher R2 values. This is contrary to the suggestion of Yuan et al. [32],
which indicated the power function and exponential function as the best and worst models,
respectively.
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Generally, the correlation between canopy height and %CGCA suggests that LAI
could be estimated using canopy height because of the strong positive relationship between
canopy ground cover and LAI in soybeans. However, more extensive experiments are
necessary to validate the best function that most accurately describes the relationship
between LAI and canopy height.

3.3. Aboveground Biomass Estimation
3.3.1. Optimization of Correction Factor, k for Biomass Estimation Using 3D Profile Index

To estimate soybean AGB using the 3D profile index, the best correction factor (k) was
obtained as 8.90 through the minimization and maximization of RMSE and R2, respectively,
between the estimated AGB and the measured AGB (Figure 9).
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3.3.2. Aboveground Biomass Estimation Using Extracted Phenotypic Traits

The AGB of soybean plots was estimated by using linear regression models that consid-
ered individual and different combinations of extracted phenotypic traits, resulting in a total
of seven models. Estimated AGB using the various models were compared to the measured
AGB in 1:1 scatterplots, and they all showed positive correlations with the measured AGB.
As demonstrated in Figure 10a–c, when a single phenotypic trait was used as sole predictor,
the linear regression model that considered only canopy ground coverage area (%CGCA:
R2 = 0.573, RMSE = 0.0714 kg/m2, and RRMSE = 7.75%) evidently outperformed the
models that considered estimated canopy height (ECH: R2 = 0.140, RMSE = 0.1014 kg/m2,
and RRMSE = 11%) and 3D profile index (3DPI: R2 = 0.265, RMSE = 0.0937 kg/m2, and
RRMSE = 10.17%) as individual predictors. The results highlight the importance of %CGCA
as a key trait for soybean biomass estimation. Although 3DPI as a predictor did not perform
as well as %CGCA in this study, the findings indicate that it captures more canopy 3D
structural information for biomass prediction than just canopy height, and this makes sense
because 3DPI is derived using the density of different layers of the point cloud data. The
lower R2 of 3DPI as a predictor may be attributed to the effect of outdoor lighting condi-
tions, which can degrade the performance of RGB-D sensors under high-intensity light [33].
Additionally, the orientation of the RGB-D sensor during data acquisition may have nega-
tively impacted the quality of depth information, as occlusion of subcanopy regions by the
upper canopy could reduce the quality of depth information of the subcanopy.
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Figure 10. Relationship between RGB-D predicted AGB and measured AGB: (a) AGB prediction
using estimated canopy height (ECH) as the sole predictor, (b) AGB prediction using canopy ground
coverage area (%CGCA) as the sole predictor, (c) AGB prediction using 3D profile index (3DPI)
as the sole predictor, (d) AGB prediction using a combination of ECH and %CGCA as predictors,
(e) AGB prediction using a combination of ECH and 3DPI as predictors, (f) AGB prediction using a
combination of %CGCA and 3DPI as predictors, and (g) AGB prediction using ECH, %CGCA, and
3DPI combined predictors.

As shown in Figure 10d–f, when comparing models that considered any two pheno-
typic traits as combined predictors, the model that considered %CGCA and 3DPI yielded
the highest R2 (0.586) and lowest prediction errors (RMSE = 0.0724 kg/m2 and RRMSE
= 7.85%), closely seconded by the model that considered ECH and %CGCA with an R2,
RMSE, and RRMSE of 0.574, 0.0735 kg/m2, and 7.97%, respectively, while the model that
considered a combination of ECH and 3DPI yielded the least favorable result amongst
the three (R2 = 0.274, RMSE = 0.0959 kg/m2, and RRMSE = 10.40%). Figure 10g demon-
strates that AGB predicted using all extracted phenotypic traits as combined predictors
yielded the highest R2 value (0.590), although it had lower RMSE (0.0742 kg/m2) and
RRMSE (8.05%) compared to some of the other models. This is logical because the model
considered both the vertical and horizontal dimensions of the canopy, which are both
essential characteristics of AGB. In summary, the results show the capacity of the system
to non-destructively estimate soybean AGB in the field. These results are in line with
previous studies estimating AGB using UAS-based RGB imagery-derived canopy height
and coverage area and a canopy volume model on soybean with RMSE = 0.225 kg/m2 [8]
or using LiDAR-derived variables such as canopy height and canopy coverage on maize
with RMSE = 0.374 kg/m2 [34]. Although lower error scores were observed in this study, it
should be noted that the coefficient of determination, R2, obtained in this study is lower
than those achieved in the compared studies, namely, 0.893 [8] and 0.835 [34].

To the best of the authors’ knowledge, this is the first time soybean AGB is estimated
by using an RGB-D sensor mounted on a ground robot. It is recommended that more
experiments be performed and compared with this study.

3.4. Limitations

A major drawback of this study was the small size of the experimental plot, which
hindered the ability to collect aboveground biomass samples across various growth stages
of soybeans. This issue was further compounded by the small number of biomass sampling
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sites (20), which probably weakened the reliability of the models and led to the compar-
atively low R2 values noted in the research. This limitation can be addressed in future
experiments by utilizing a larger experimental plot and collecting data at different stages
of the development of soybean. This will result in more data samples that could be split
into training and test sets, with which advanced machine learning models could be trained.
This will inevitably result in improved AGB estimation models.

Outdoor lighting (high-intensity light) had a negative impact on the RGB-D sensor,
which resulted in degraded depth images. This limitation can be addressed in future
biomass estimation experiments by shielding the RGB-D sensor from direct sunlight during
data acquisition by using an umbrella-like housing, thereby ensuring more depth informa-
tion is captured. Furthermore, to improve the quality of canopy depth information, the
orientation of the camera should be at an angle so that it captures both the top and side
views of the canopy.

3.5. Practical Applications

The design of ModagRobot offers significant practical applications that can improve
the attitude of small-scale farmers towards adopting ground robot technology. Beyond
soybean phenotyping, its adaptable chassis allows it to phenotype a wide range of crops,
including row crops, horticultural crops, and orchard crops. This flexibility eliminates
the need for multiple specialized robots, thereby maximizing return on investment for
farmers. Additionally, the high payload capacity of the ModagRobot enables it to carry
heavy sensors and attachments such as spray booms, tanks, and manipulators, expanding
its functionality to include spraying and harvesting applications.

Soybean phenotyping using ground robots equipped with depth sensors presents a
cost-effective solution for crop monitoring, leading to improved resource management and
agricultural productivity. Key phenotypic traits, such as canopy ground coverage area,
canopy height, and aboveground biomass, serve as critical indicators of crop development.
Monitoring these traits can support site-specific management strategies for optimized
irrigation and fertilizer application.

4. Conclusions
This study presents the design and development of the ModagRobot—a cost-effective

modular agricultural robot—and its field evaluation for soybean phenotyping. The Moda-
gRobot, although still in its developmental stage, boasts of chassis modularity in multiple
axes. The main advantage of the ModagRobot over other modular agricultural robots
mentioned earlier lies in its frame, which is constructed entirely from readily available
aluminum parts on the market, as well as a drivetrain module built with cost-effective and
efficient components. Additionally, no welding was used to join any frame components,
making its hardware completely modular so that every frame component can be easily
replaced or reconfigured as needed. This study demonstrated the potential of the Moda-
gRobot for accurate and non-destructive estimation of soybean phenotypic traits such as
canopy height (CH), % canopy ground coverage area (%CGCA), and AGB using an RGB-D
sensor. RGB and depth images of the soybean canopy were obtained from different sam-
pling locations and used to generate point clouds. The RGB images were preprocessed to
estimate the %CGCA of the sampling locations. A positive correlation was found between
%CGCA and measured CH. Generated point clouds were further processed and used to
estimate CH and AGB. A strong positive correlation was found between the measured
and estimated canopy heights across all sampling locations. A combination of estimated
CH, %CGCA, and 3D profile index as predictors yielded the highest R2, highlighting the
importance of these soybean phenotypic traits for in-field non-destructive AGB estimation.
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Future Studies

The development of the ModagRobot is ongoing and will include developing an
autonomous navigation system that will incorporate adaptive terrain selection to enhance
stability during navigation on various terrains. Additionally, the functionality of the
ModagRobot will be evaluated on other smart agriculture applications, such as in-row
herbicide spraying, weed and disease detection, and harvesting.

Future studies will include equipping the ModagRobot with a microscopic camera for
the estimation of stomatal traits to ascertain the drought resistance of different crop species.
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