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Abstract
This article describes the design and field evaluation of a low-cost, high-throughput pheno-
typing robot for energy sorghum for use in biofuel production. High-throughput phenotyp-
ing approaches have been used in isolated growth chambers or greenhouses, but there is a 
growing need for field-based, precision agriculture techniques to measure large quantities 
of plants at high spatial and temporal resolutions throughout a growing season. A low-
cost, tracked mobile robot was developed to collect phenotypic data for individual plants 
and tested on two separate energy sorghum fields in Central Illinois during summer 2016. 
Stereo imaging techniques determined plant height, and a depth sensor measured stem 
width near the base of the plant. A data capture rate of 0.4 ha, bi-weekly, was demonstrated 
for platform robustness consistent with various environmental conditions and crop yield 
modeling needs, and formative human–robot interaction observations were made during 
the field trials to address usability. This work is of interest to researchers and practitioners 
advancing the field of plant breeding because it demonstrates a new phenotyping platform 
that can measure individual plant architecture traits accurately (absolute measurement error 
at 15% for plant height and 13% for stem width) over large areas at a sub-daily frequency; 
furthermore, the design of this platform can be extended for phenotyping applications in 
maize or other agricultural row crops.
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Introduction

This paper presents the design and field investigation of a mobile high-throughput 
phenotyping robot “TERRA-MEPP” (Transportation Energy Resource from Renew-
able Agriculture Mobile Energy-crop Phenotyping Platform) for deployment in energy 
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sorghum (see Fig. 1). Energy sorghum is a key crop for the Midwestern (USA) biofuels 
industry (Dweikat et  al. 2012), and the success of derived components is dependent 
on increasing biomass by relating plant genotypes to their phenotypes (Vega-Sánchez 
and Ronald 2010; Yano and Tuberosa 2009). High-throughput phenotyping technologies 
have been implemented for isolated growth chambers or greenhouses (Batz et al. 2016); 
however, there is an emerging need for field-based platforms to measure large quan-
tities of plants exposed to natural climates throughout a growing season (Fiorani and 
Tuberosa 2013; Furbank 2009). A mobile sensory platform for automated phenotyping 
data collection in the field would increase the throughput for screening energy sorghum 
compared to traditional approaches, such as manual measurements by technicians (Cor-
nelissen et al. 2003).

A major challenge for sustainable biofuel production is increasing the accuracy, preci-
sion and timeliness of the phenotypic information that will yield optimal biomass (Cobb 
et al. 2013; White et al. 2012). Plant breeders are able to use phenotypic data to link plant 
phenotype with genotype and environmental conditions early in growth to evaluate crop 
status and accelerate an understanding of breeding processes for large numbers of plants. 
Developments in automation, imaging and software solutions have enabled high-through-
put phenotyping studies in controlled environments, such as greenhouses and laboratories, 
(Cobb et  al. 2013; Cabrera-Bosquet et  al. 2012), which utilize stationary measurement 
devices to either manually or automatically phenotype individual plants. Indoor phenotyp-
ing is effective for individual plants produced in a controlled environment, but field-based 
phenotyping provides an expanded realistic set of phenotypic data from crops grown in 
actual environmental conditions (Fuglie and Heisey 2007; White et  al. 2012). In recent 
years, experimental and commercial high-throughput field-based technologies that lever-
age remote and near sensing allow for the collection of large amounts of plant data without 
extracting plants from their natural environment (Virlet et al. 2016).

Robot-based technologies have been explored in recent years for field-based pheno-
typing and have a range of form factors, including: ground-based systems (tractors, rov-
ers and harvesters), cable-positioned, gantry or crane-based systems and aerial systems 
including helicopters and UAVs. Each platform can collect different types of phenotypic 
data depending on the sensors, view of the crop and whether the data collected are at the 
individual plant or plot level. Depending on the desired crop parameters, all platforms 
have their own advantages and limitations.

Fig. 1  Photos of the TERRA-MEPP phenotyping platform operating in the field: a with a short mast config-
uration used for imaging plants early in the growing season, and b with the first version of a fully extended 
mast for measuring the height of tall sorghum
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Tractor-mounted systems are manned vehicles, although some are modified to be auton-
omous, on which mounted sensors offer close spatial proximity to individual plants. Trac-
tors are normally available at agricultural field sites and capable of carrying large payloads; 
however, tractors have limitations when phenotyping is considered including: large size, 
internal combustion engines, vertical clearance [normally 1.4–2.0 m (Comar et al. 2012; 
Busemeyer et al. 2013)], limited mobility, inability to operate after irrigation or precipita-
tion and the necessity of experienced operators (White et al. 2012). Despite these limita-
tions, tractor systems have been used for field-based phenotyping. Salas Fernandez et al. 
(2017) developed an augmented John Deere tractor system with an automated guidance 
system, stereo cameras and color cameras to collect plant height and stem diameter meas-
urements. Their system automatically extracted plant height from image data with user 
input required to estimate stem diameter. Andrade-Sanchez et al. (2014) built a system on a 
sprayer equipped with a multi-spectral sensor, sonar proximity sensor and infrared radiom-
eter sensors to measure canopy reflectance, height and temperature. The platform measured 
four crop rows simultaneously and collected data at the rate of 0.84 ha h−1; measurements 
obtained by the platform agreed with manual and aerial measurements. Busemeyer et al. 
(2013) developed a tractor-pulled phenotyping platform for small grain cereals, equipped 
with a wide range of optical sensors. Comar et al. (2012) built a semi-autonomous tractor 
system equipped with four spectrometers, a hyperspectral radiometer and two RGB cam-
eras which covered 100 microplots per hour. Both of these platforms used internal combus-
tion engines (Andrade-Sanchez et al. 2014; Comar et al. 2012) which have the potential to 
be disruptive.

Rovers are unmanned ground vehicles that can capture individual plant data and elimi-
nate the need to have a skilled operator on board the vehicle. The BoniRob crop scout 
and the BoniRob (V2) rovers are the most similar to TERRA-MEPP to the extent of the 
author’s knowledge (Bangert et al. 2013; Ruckelshausen et al. 2009). The BoniRob crop 
scout is a four-wheeled autonomous vehicle with variable chassis clearance and a maxi-
mum clearance of 0.8 m. The track width is also variable, ranging from 0.75 to 2 m wide 
[note that sorghum can be planted in crops rows with widths of 0.5 m (Golzarian et  al. 
2011; Broadhead and Freeman 1980)]. The BoniRob sensor suite includes 3D time-of-
flight cameras, spectral imaging, light curtain and a laser distance sensor. The BoniRob 
(V2) design improved on the original rover design to increase the power, battery capacity 
and continuous drive torque (Bangert et al. 2013). The BoniRob models have many prom-
ising features; however, their wide tracks and limited clearance present a serious limitation 
for sorghum phenotyping. The Vinobot is another phenotyping rover implemented on a 
Husky A-200 from Clearpath Robotics (2017) (Kitchener, Ontario, Canada), capable of 
measuring individual plants and utilizes stereo cameras and multiple environmental sen-
sors (Shafiekhani et al. 2017).

Aerial phenotyping systems include manned helicopters and UAVs. These platforms 
obtain data on a larger spatial scale, characterizing a large number of plots within min-
utes (Araus and Cairns 2014), with the trade-off of lower spatial resolution, limiting load 
constraints, weather restrictions and the impossibility of direct biomass measurement 
(White et al. 2012). Manned helicopters cannot hover very low but are capable of carrying 
very large payloads and from a height of 50 m can capture data at a spatial resolution of 
100–500 mm (White et al. 2012). French et al. (2007) utilized helicopter-mounted sensors 
to capture images in the visible, near-infrared and thermal infrared wavelengths with 0.5 m 
resolution to make evapotranspiration (ET) estimates throughout an entire growing season 
for wheat during an irrigation experiment. Drawbacks of manned helicopters include avail-
ability, non-disturbance altitudes that must be maintained and high operational costs.
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UAVs can fly at lower non-disturbance altitudes than manned helicopters (~ 3 m) and 
are less costly making them more feasible for high-throughput phenotyping. UAVs nor-
mally employ an RGB or color-infrared (CIR) cameras (Jørgensen et  al. 2015; Rasmus-
sen et al. 2016), but multispectral or hyperspectral cameras have also been used (Liebisch 
et al. 2015; Araus and Cairns 2014). The UAV platform described by Berni et al. (2009) 
and Zarco-Tejada et al. (2009) was deployed with a 6-band multi-spectra camera, thermal 
camera and a CMOS sensor. The thermal camera had 400 mm spatial resolution and the 
multispectral sensor had 200 mm spatial resolution. The unmanned helicopter by Chapman 
et al. (2014) carried digital and a thermal imaging camera and collected 10–20 mm resolu-
tion data at 10–40 m flight altitudes. In addition to imaging sensors, LIDAR sensors are 
also used to estimate crop height and volume at high voxel resolutions (Christiansen et al. 
2017). A comprehensive review of high-resolution aerial phenotyping systems is provided 
by Sankaran et al. (2015).

Tethered UAVs have also been used for collecting aerial images (White et  al. 2012). 
Longer endurance operations are possible with these vehicles because continuous power is 
provided through the tether. A quadrotor platform with a tether delivering electrical power 
could carry a 20 kg payload (Hovermast 100, Israel Aerospace Industries Ltd., Lod, Israel). 
Tethered balloons are another alternative; however, they are not as mobile, have issues with 
accurate orientation and positioning (especially in wind) (White et al. 2012) and require 
Federal Aviation Authority regulation if raised above 45 m (United States Federal Avia-
tion Administration 2017). Jensen et al. (2007) deployed a tethered helium balloon with a 
multispectral sensor and two digital cameras to measure plant response to nitrogen applica-
tion at a resolution of 0.25 m from an altitude of 400 m. In Ritchie et al. (2008), two digital 
cameras were deployed with a tethered balloon to monitor normalized difference vegeta-
tion index (NDVI) in cotton plots during an irrigation study.

Gantry-based systems can measure phenotypic traits at high spatial and temporal reso-
lutions; however, this approach typically requires stationary structures which limits their 
coverage area. High costs are also normally associated with gantry systems as fixed infra-
structure must be installed (e.g., foundations, tracks, etc.) The LemnaTec Scanalyzer™ 
(LemnaTec GmbH, Aachen, Germany) is a commercially available, autonomous gantry 
system capable of continuous plant imaging and measurement using a wide variety of sen-
sors, including visible light, infrared, near infrared, extended VNR, multispectral imagery, 
height measurements via laser scan, fluorescence, an NDVI sensor to measure nitrogen 
and sensors for environmental measurements including carbon dioxide, light, precipita-
tion, temperature and wind. The field-based system has two layout options: (i) a portal 
bridge crane on rails for long fields, which can cover several hundred square meters, or 
(ii) the Field Gantry, which has a mono-rail car on a bridge and can cover many sizes of 
rectangular fields. Both setups limit operations to fields with a width of 10 m. To over-
come constraints of fixed gantry systems, Jiang et al. (2014) developed a portable, 4-wheel 
independent driving gantry equipped with stereo sensors. Their system was tested in soy-
bean plots and more accurately navigated the terrain compared to traditional 2D estimation 
methods, which could be used to improve area coverage compared to a fixed gantry; how-
ever, the 3 m clearance may be a limitation for applications in energy sorghum.

To expand the imaging coverage area even further, one option is to suspend cable robots 
from towers over fields (similar to cameras used in the entertainment industry and over 
large sports stadiums). Although this approach covers a larger area, it is difficult to main-
tain consistent height over the field, and safety and maintenance are sources of concern 
(White et al. 2012). A safer option to span long distances is to use a crane-like system. The 
Agricultural Irrigation Imaging System (AgIIIS) is composed of a rail mounted on a linear 
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move irrigation machine and can remotely sense canopy level water and nitrogen status 
indices in a cotton field (Haberland et al. 2010). AgIIS was built on a trolley that can travel 
a length of 100 m.

There exists a range of field-based phenotyping platforms, and selection depends upon 
the crop and desired phenotype. Most existing ground-based platforms are limited in their 
ability to only image the crop from one perspective, and aerial systems can only image the 
canopy from above. Energy sorghum canopies are dense and aerial platforms are unable 
to capture the necessary phenotypic traits for estimating biomass (e.g., plant height, stem 
width) from an above canopy view. Rovers or tractor-based systems attain the closest spa-
tial proximity to crops; however, limited clearances inhibit their use if the plants grow in 
excess of the platform clearance, which is especially limiting for energy sorghum which 
can grow in excess of 4 m tall. The TERRA-MEPP platform overcomes these limitations 
by traversing within rather than across rows and imaging the plant from both the side and 
above. This enables phenotyping throughout the entire growing season while maintaining a 
close-up view of the crop to collect detailed plant architecture information that is otherwise 
unattainable.

Methods and materials

Platform design

The TERRA-MEPP robotic platform was designed to semi-autonomously navigate down a 
single row and view the crop from above, side and below the canopy to provide a compre-
hensive phenotypic data set of each plant. An adjustable mast allows for flexible placement 
of sensors to adapt to changing canopy heights throughout the growing season, and a rigor-
ous control scheme ensures centimeter-level precision during navigation. Computer vision 
imaging techniques, developed by collaborators in Baharav et  al. (2017), extracted stem 
width and plant height from raw image data collected during summer 2016. This high-
throughput robotic platform streamlines the phenotyping process and accumulates large 
quantities of data for energy sorghum, specifically plant architecture data, thereby increas-
ing the rate of measurement and identification of high-yielding genotypes and projected 
crop yield throughout the growing season.

The concept of TERRA-MEPP was inspired by previous models of small, tactical 
ground robots successfully deployed in terrain mapping (Pellenz et al. 2010), search and 
rescue (Carlson and Murphy 2005; Liu and Nejat 2013) and military applications (Carlson 
and Murphy 2005; Liu and Nejat 2013). The configuration of the platform, including the 
mast, body, tracks and GPS is displayed in Fig. 2. The tracks are 102 mm wide (SuperDroid 
Robots Inc., Fuquay-Varina, NC, USA) and have an aggressive tread that enable operation 
in a broad range of environmental conditions, in particular saturated soil and muddy field 
conditions after heavy precipitation events. Also, wide tracks minimize the physical impact 
on the soil compared to wheeled robots (Bekker 1956). Two DG-158 A DC motors (Super-
Droid Robots Inc.) capable of 200 W power output with 16.95 Nm rated torque drive to 
the tracks. Two 12 V, 35 Ah lead-acid batteries power the system and enable over 2 h of 
continuous operation—enough time to survey 0.4 ha. The platform is 480 mm wide and 
1020 mm long, allowing the platform to navigate 760 mm wide crop rows without damag-
ing the plants and maintaining vertical stability. The body of the robot houses the power 
supply, controls, motors and electronics.
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Mounted on the body of the robot is an adjustable mast constructed of four segments 
connected by surface-mount and pivot hinges. The mast is fully collapsible, and each seg-
ment folds onto the segment directly below. The fully collapsed mast is 1.22 m tall, and 
each segment adds an additional 1.22 m of height to the total structure (4.88 m at the maxi-
mum); the segments can easily be added or removed depending on sorghum height. The 
stereo camera used to measure plant height is mounted directly to the mast with a bracket 
system and can be easily adjusted as well. Due to the wide 170° field-of-view (FOV) of 
the stereo camera, discrete segments of 1.22  m, rather than a continuous structure, was 
satisfactory for measuring plant heights at all ranges. Discrete segments also provide the 
advantage of removing weight when a tall mast structure is not required early in the grow-
ing season, which increases the operational time of the system.

Phenotyping sensors

Plant height and stem width are sorghum architecture traits that are highly correlated with 
biomass yields (Wight et  al. 2012; Casa et  al. 2008; Akdeniz et  al. 2006). This system 
employs an image-based proximal sensing approach to measure plant height and stem 
width utilizing stereo cameras and time-of-flight (ToF) depth sensors. A DUO MLX (Code 

Fig. 2  The TERRA-MEPP platform during navigation testing in the field with one mast segment deployed. 
The GPS is mounted to the top of the mast, and the motion controller and gyroscopic sensors are housed in 
a controls box located on the body of the robot. During data collection, imaging sensors are mounted to the 
top of the mast to measure plant height and to the body of the robot in between the treads to measure stem 
width
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Laboratories, Inc., Henderson, NV, USA) stereo camera with 170° wide angle M8 lenses 
captured plant height measurements. The camera was mounted vertically at a specific loca-
tion on the mast such that the top of the canopy was centered in the camera’s FOV. The 
DUO captured left and right images, and the disparity image was calculated and recorded 
simultaneously by running a custom OpenCV script through the DUO SDK. The left, right 
and disparity images were saved directly to an external hard drive connected via USB to 
the robot’s on-board computer.

To measure plant width, a CamBoard  picos low resolution infrared camera (PMD 
Technologies AG, Siegen, Germany) was mounted horizontally at the base of the robot. 
Equipped with the Infineon IRS 1010C single-chip ToF sensor (Infineon Technologies 
AG, Neubiberg, Germany), the CamBoard  Picos collects 176 × 120 pixel depth images at a 
frame rate of 15 fps using LightVis Studio, a standalone software developed by PMD Tech-
nologies, running on the on-board computer. For consistency between manual ground truth 
and robot-assisted measurements, the stem width was measured at the center of the second 
internode (section of the stem between the first and second node).

An on-board computer, equipped with 3.1 GHz Intel Core i7-5557U CPU and 16 GB 
of RAM running a 64-bit version of Windows 7, powered the sensors and ran the sensor 
software. The sensors recorded data real-time to a 3 TB external hard drive which has a 
data transfer rate of up to 5 GB/s. These data were removed from the storage device and 
uploaded manually via a desktop uploader after each field deployment.

Autonomous navigation system

For phenotyping applications, the speed of field robot must be constant; therefore, a space-
based trajectory is preferred rather than a time-based trajectory. In a space-based approach, 
the field robot is not constrained to be at a specific point on the reference trajectory at a 
specific time instant. For this application, nonlinear model predictive control (NMPC) is 
used because it has the capability of predicting the system behavior in a finite horizon.

System configuration

The row spacing of sorghum for biofuel production varies from 0.5 m to 1 m (Broadhead 
and Freeman 1980; Mahmood and Honermeier 2012), with 0.75 m used in this study (see 
Fig. 3). The stem width of fully mature sorghum can be up to 30 mm, thus the effective row 
spacing is reduced to 720 mm. The width of the TERRA platform is 480 mm; therefore, 
there is only 120 mm of space remaining on either side of the robot. Consistent precision 
and positioning within these bounds is required by the navigation system to avoid crop 
damage.

A Septentrio Altus APS-NR2 GNSS receiver (Septentrio Satellite Navigation NV, 
Leuven, Belgium), with a specified accuracy of 0.03  m at 5  Hz measurement rate, was 
mounted on the top of the mast and obtained positional information. A PmodGYRO with 
a ST L3G4200D gyroscope (Digilent Inc., Pullman, WA, USA) was mounted on the body 
of the robot to provide motion sensing data at an output rate of 5-Hz with 1° resolution. E2 
optical encoders (US Digital, Vancouver, WA, USA) on the left and right DC motors pro-
vided speed information with an accuracy of 0.05 m/s.

The real-time estimation and control framework described in the following sections was 
implemented in LabVIEW™ (v2015, National Instrument Corporation, Austin, TX, USA) 
and executed in real time on the on-board computer. The control framework sends signals 
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to the Kangaroo × 2 motion controller (Dimension Engineering, Hudson, OH, USA) via the 
MyRIO real-time embedded evaluation board (National Instrument Corporation) at a sam-
pling frequency of 5  Hz. A Sabertooth dual 12A motor driver (Dimension Engineering) 
enables control of DC motor speed; it also adds self-tuning motion control to the Sabertooth 
motor driver, eliminating the need to manually tune the system.

It is important to note that when the GPS is mounted to the mast on the robot (as opposed 
to on the robot directly), oscillations occur as the robot navigates over uneven terrain, which 
can affect the GPS measurements. Therefore, an accelerometer in the myRIO was used to cal-
culate roll and pitch angles of the robot from which the tilt was calculated given the length 
of the mast, and the GPS measurements were then corrected. These corrected x and y data, 
yaw rate from the gyro, wheel speed from the encoders, and state estimation data (e.g., yaw 
angle) were recorded during each trial. Additionally, the navigation and image sensor data 
were timestamped and geotagged with the same GPS measurements to later determine which 
plot the data came from.

System model

The system model of the field robot is shown in Fig. 4 and can be written as follows:

where � ∈ ℝ
n� is the state vector, u ∈ ℝ

nu is the control input, f (⋅, ⋅) ∶ ℝ
n�+nu → ℝ

n� is 
the continuously differentiable state update function and f (0, 0) = 0∀t . The derivative of 
� with respect to t is denoted by �̇� ∈ ℝ

n𝜁 . The state and input vectors and f  function are 
respectively defined as follows:

(1)�̇� = f (𝜁 (t), u(t))

(2)� =

⎡⎢⎢⎢⎣

x

y

�

v

⎤⎥⎥⎥⎦
, u = �, f (� , u) =

⎡⎢⎢⎢⎣

v cos �

v sin �

�

0

⎤⎥⎥⎥⎦

Fig. 3  Illustration of the robot configuration in the field, including direction of motion, crop spacing and 
row spacing. Adapted from Baharav et al. 2017
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where x, y, v, � and � are the position of the field robot in the x and y axes, the velocity, the 
yaw angle and the yaw rate, respectively.

A non-linear measurement model denoted z(t) is written as:

where h ∶ ℝ
n�+nu → ℝ

nz is the measurement function. The output vector, z , is:

State estimation

In this study, the yaw angle of the field robot cannot be directly measured; in addition, all 
measurable variables contain noise. Therefore, an extended Kalman filter (EKF) is used for 
state estimation. The general form of the estimated system model is:

where wk and vk are the process noise and measurement, respectively. They are both 
assumed to be independent with zero mean multivariate Gaussian noise with covariance 
matrices Hw and Hv respectively:

where

The estimated yaw angle of the field robot plays a very crucial role in the accuracy of 
tracking control because it is minimized in the cost function of the NMPC formulation. 

(3)z(t) = h(� (t), u(t))

(4)z =
[
x y v �

]T

(5)
̇̂
𝜁 = f

(
𝜁 , u

)
+ w

ẑ = h
(
𝜁 , u

)
+ v

(6)w ∼ N
(
0,Hw

)
and v ∼ N

(
0,Hv

)

(7)
Hw = diag(0.01, 0.01, 0.01, 0.01)

Hv = diag(0.03, 0.03, 0.5, 0.0175)

Fig. 4  Schematic illustration of 
the robot, including the motor 
configuration, the position of the 
field robot in the x and y axes, 
the yaw angle and the yaw rate. 
The GPS is mounted on the mast 
directly over the center of the 
robot
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The inputs of the EKF are position, velocity and yaw rate value obtained from the gyro. 
The outputs of the EKF are the position of the vehicle in the x and y co-ordinate system 
and the yaw angle. These estimated values are then used in trajectory control; this frame-
work is outlined in Fig. 5.

Control algorithm

An objective function consisting of the states and inputs of the system is minimized sub-
jected to the constraints on the system’s states and inputs to find proper control actions. 
The following NMPC formulation is solved at each sampling time t:

where �r and ur are the state and input references, � and u are the states and inputs, 
tk is the current time, N is the prediction horizon, 𝜁 (tk) is the estimated state vector by 
the EKF, �min, �max, umin and umax are respectively the upper and lower constraints on 
the state and input. The symmetric and positive semi-definite weighting matrices 
Qk ∈ ℝ

n�×n� ,R ∈ ℝ
nu×nu and QN ∈ ℝ

n�×n� are defined as follows:

The weighting matrix R is set larger than the weighting matrix Qk to provide well 
damped closed-loop system behavior. The weighting matrix QN is also set larger than the 
weighting matrix Qk because the error at the end of the prediction horizon plays a very 
critical role for the stability issue (Rawlings and Mayne 2009; Mayne et al. 2000).

The constraint on the input is defined as follows:

The state and input references for the field robot are defined as follows:

(8)

min
𝜁 (t),u(t)

1

2

{{
k+N−1∑
i=k+1

∥ 𝜁r
(
ti
)
− 𝜁 (ti) ∥

2

Qk
+ ∥ ur

(
ti
)
− u(ti) ∥

2

R

}
+ ∥ 𝜁r

(
tk+N

)
− 𝜁

(
tk+N

)
∥2
QN

}

s.t. 𝜁
(
tk
)
= 𝜁 (tk)

�̇� (t) = f (𝜁 (t), u(t))

𝜁min ≤ 𝜁 (t) ≤ 𝜁max t ∈
[
tk+1, tk+N

]

umin ≤ u(t) ≤ umax t ∈
[
tk+1, tk+N−1

]

(9)Qk = diag(1, 1, 1), QN = 10 × Qk and R = 10.

(10)−0.1 ≤ �(t) ≤ 0.1

Fig. 5  EKF-NMPC framework, illustrating the velocity, GPS information and yaw rate as inputs into the 
EKF. The outputs of the EKF are then fed into the trajectory control algorithm
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where xr and yr are the position references, �r is the yaw rate reference and the yaw angle 
reference is calculated from the position references as follows:

where � describes the desired direction of the field robot ( � = 0 for forward and � = 1 for 
backward). The most recent measured yaw rate is used as the input reference to penalize 
the input rate in the objective function.

After the aforementioned NMPC formulation is solved, the input sequence 
u(t) = [u(tk+1),… , u

(
tk+N−1

)
] over prediction horizon N is obtained, and then the first ele-

ment of the input sequence u(t) is applied to the field robot:

Manual control system

In addition to autonomous operation, when the field conditions included a significant num-
ber of obstacles (e.g., lodged sorghum) or the robot was operated at a field without suf-
ficient information to generate a reference trajectory (e.g., precision planting data), the 
TERRA-MEPP platform was operated manually. The manual control system included the 
SaberTooth self-tuning controller connected to the motors, and velocity commands for 
each motor were sent using a Spektrum (Horizon Hobby, Champaign, IL, USA) DX7s 7-ch 
transmitter and 6-channel receiver. One channel controlled the linear velocity of the sys-
tem, and a second controlled the yaw rate.

System architecture and data flow

The system architecture for TERRA-MEPP is illustrated in Fig. 6. All sensors mounted on 
the robot are shown in the first panel, including the phenotyping sensors (stereo camera, 
PMD camera and customized GoPro), as well as the sensors used for navigation (gyro, 
RTK GPS, motor encoders). Trial runs were performed with the customized GoPro Hero 
3 (GoPro Inc., San Mateo, CA, USA) sensor with a 1.19 mm hemispherical lens to collect 
preliminary data for extracting leaf area index (LAI) information, but these data were not 
fully analyzed, and results are not presented in this study. The GoPro images were stored 
on a SD card and then directly uploaded to Clowder via a desktop. The stereo and PMD 
camera are connected to the on-board PC via USB, and the data from these sensors are 
stored directly on an external hard drive.

After each data collection deployment, raw sensor data are retrieved off of the hard 
drive and uploaded to Clowder, a web-based data management system (National Center 
for Supercomputing Applications (NCSA) 2015), via desktop uploader. In Clowder, trait 
extraction algorithms can be run to obtain plant height and stem width measurements (see 
Baharav et al. 2017 for details regarding these algorithms). These measurements and their 
metadata (such as plot number, date, time, etc.) are stored in the Biofuel Ecophysiological 
Traits and Yields database (BETYdb), an open-access repository that facilitates organi-
zation, discovery and exchange of information about plant traits, crop yields and ecosys-
tem functions (LeBauer et al. 2018). Knowledge workers responsible for data analyses can 
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retrieve desired traits and other relevant data from BETYdb; note that detailed phenotypic 
data analyses methods are outside the scope of this paper.

As described in the previous section, the gyro, RTK GPS and motor encoders shown 
in panel two collect real-time information regarding the state of the robot; these meas-
urements facilitate the control and navigation of the robot through the crop rows. The 
MyRIO is used on-board the robot, which sends measurements to the computer running 
LabVIEW™. These navigation sensors form a sub-system that collect and send data in 
real-time.

Experimental setup

Exploratory studies

The TERRA-MEPP platform design was iterated upon and field tested nearly 10 times 
prior to full-scale, 0.4  ha deployments to refine the sensor placements, onboard power 
and data visualization techniques. During these small-scale deployments in the prototyp-
ing phase, the robot was driven manually. Both sensor calibration and ground truth data 
were collected approximately one time per week during the first few months of the 2016 
growing season. Ground truth data were collected manually by field technicians by using a 
caliper to measure stem width and extended measuring sticks to measure plant height. Each 
phenotype was measured for 10 plants per plot and the number of plots included in each 
exploratory study deployment varied between approximately 10 to 20 plots.

After each small-scale deployment the data were analyzed, and sensor positions were 
refined based on the results from the computer vision processing techniques. The stereo 
camera initially directed horizontally at the top of the mast when the mast was just as 
tall as the sorghum; however, due to the variable height of the sorghum plants between 

Fig. 6  System architecture and data flow diagram, illustrating how data are transferred from the sensors 
mounted on the robot to the on-board computing systems. The generalized steps for post-processing and 
trait extraction of the phenotypic data are also included, which utilize BETYdb and Clowder
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varieties and the camera FOV, the mounting height needed to be sufficiently high for all 
varieties to ensure the top of the plant would remain in the frame, and it was recommended 
that the mast be raised higher than the plants. The final 2.5D depth sensor placement was 
100 mm off the ground to capture the middle of the second internode, where the image pro-
cessing techniques measure the stem width (Baharav et al. 2017). Depth sensor frame rates 
decreased from 45 fps to 15 fps to reduce power and memory consumption while maintain-
ing minimum measurement error (< 10%). An onboard video display was used originally 
to monitor the data in real time, which required a person to walk alongside the robot. This 
was later upgraded to a wireless connection at the deployment tent.

Additional testing of the platform in extreme heat conditions occurred at the Univer-
sity of Arizona, Maricopa Agricultural Center (MAC) associated with the U.S. Arid Land 
Agricultural Research Center, on June 2–3, 2016, as part of U.S. Department of Energy 
ARPA-E TERRA Field Day. TERRA-MEPP was manually deployed on the MAC Field 
Scanalyzer site using early growth corn as a surrogate for sorghum (Fig. 7). Weather condi-
tions were clear each day with temperatures during operation of 80 °C and 84 °C, respec-
tively. Wind speeds were low (< 10 mph) over both days, resulting in minimal to average 
particulate matter in the air. The robot was operated for 3 h each afternoon and captured 
imagery of the crop perimeter since the spacing of the corn was at 460 mm, too narrow for 
TERRA-MEPP to enter. The robot itself performed without any electrical or mechanical 
errors under the extreme heat conditions at the MAC; however, thermal shutdown of the 
iPad devices used for real-time visualization of the video feeds did occur twice, which is 
consistent with the product specifications. The formative observation associated with this 
field activity was mobile electronic devices (e.g., laptops and tablets) used for interaction 
with the robot should be operated under a canopy or tent. Thermal shutdown on the mobile 
devices was avoided when this practice was employed at the MAC.

Full‑scale deployments

The full-scale field trials occurred at two separate field sites, the Energy Farm 
(40°03′51.2″N 88°12′23.4″W) and SoyFACE (40°02′36.5″N 88°14′11.4″W) fields, near 
the University of Illinois at Urbana-Champaign. During the field trials, the phenotyp-
ing robot achieved the data capture rate goal of one time per day, two times per week, 

Fig. 7  The TERRA-MEPP platform during deployment and evaluation at the MAC during the U.S. Depart-
ment of Energy ARPA-E TERRA Field Day, June 2–3, 2016
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through 0.4 ha of sorghum without platform failure (i.e., the robot failed to collect usa-
ble data). TERRA-MEPP was able to traverse 0.4  ha in approximately 2  h. Figure  8 
highlights the path of the robot during the experiments at each location. Each plot con-
sisted of four rows of sorghum, and each row spanned 24 ranges long (not including two 

Fig. 8  The robot paths at the Energy Farm (top) and SoyFACE Field (bottom). There are four sets (labeled 
1-4) per field and 26 ranges. Each set contains six ranges (along the vertical) and ten plots, with four rows 
per plot, with each row spaced 762 mm apart. The robot traveled between the second and third rows of each 
plot in the shaded areas. The black arrows indicate direction of robot travel. Set 4 was measured at each 
field. The complete set 4 was not measured at the Energy Farm due to significant lodging (it was difficult 
for a human to manually navigate this portion of the field); therefore, the first range was measured across 
sets 1, 3 and 4 to test the robot operating for a full 0.4 ha deployment. The full 0.4 ha deployment was 
measured in set 4 at the SoyFACE Field
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edge ranges planted as buffer). Each set was 10 plots wide and contained 240 individual 
plots. The width of a single plot containing four rows was 3.06 m; therefore, a 10-plot 
wide set was 30.5 m. The total length of the 24 ranges was 117 m.

Each plot contained a single genetic strain of sorghum. The purpose of this planted 
configuration was to examine the heritability of height and width through measurements 
between genetic strains in each plot; therefore, the robot was required to measure one entire 
row per plot. The resulting data post-image processing were a single histogram of height 
measurements and a single histogram of width measurements for each plot in the field 
(Baharav et al. 2017).

Field performance and results

Field performance of the phenotyping platform

In total, the robot measured 240 plots at the SoyFACE field and 212 at the Energy Farm. 
The lower number of plots measured at the Energy Farm was due to lodging (bending 
of the stalk or entire plant) in a significant portion of the plots, making it impossible for 
the robot to navigate through (as well as being difficult for a human to manually navigate 
through); for this reason, the robot was required to be manually operated around the lodged 
plots. The sensors collected an average of 56.40 GB and 26.90 GB of data for the height 
and width sensors, respectively, totaling an average of 206 GB ha−1. This is the equivalent 
to 41.44 GB/h, or 184.3 MB/plot, on average. These data were stored on-board on a 1 TB 
external drive and unloaded after each trial. The on-board power supply sufficiently pow-
ered the motors, control system, computer and sensors, and TERRA-MEPP continuously 
captured 0.4 ha of data without recharging.

The robot was tested late in the growing season, when the sorghum was on average 
3.5  m tall (see Fig.  9). During this period in the growing season (August–September), 
lodging was prevalent making it difficult to navigate the robot through the plots. The sys-
tem did not have autonomous obstacle detection and avoidance capabilities during the 
experiments, and human assistance and manual navigation were necessary to clear lodged 
sorghum out of the robot’s path and avoid crop damage. However, the rows are normally 

Fig. 9  The TERRA-MEPP plat-
form being deployed in mature 
sorghum during August 2016. 
The top of the mast was raised 
above the canopy to its tallest 
height of 3.6 m above the body 
of the robot
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clear early in the growing season, which is when the phenotyping measurements for detect-
ing early changes in plant physiology and early biomass predictions occur (Mahlein et al. 
2012; Montes et al. 2011).

Phenotypic data

Sample images from the PMD IR depth sensor are shown in Fig. 10. The optimal posi-
tion was determined to be 100  mm from the ground, mounted to the base of the robot 
pointed horizontally at the plants. This orientation captured the second internode of the 
stalk, which is the point where stem width was measured for consistency between ground 
truth and sensor data. The placement of this sensor was static and did not change as the 
sorghum grew.

Sample images from the DUO stereo camera are shown in Figs. 11a and b. This sen-
sor was mounted vertically near the top of the mast such that the top of the canopy was 
visible in its FOV. The placement for this sensor varied each trial as the sorghum grew 
taller, which is why an adjustable mast was crucial. The stereo camera captured both left 
and right images, and the DUO SDK computed a disparity image, or depth map, shown in 
Fig. 11c.

Prior to deploying the phenotyping robot through 0.4  ha of sorghum, data were col-
lected to validate the computer vision algorithms for extracting height and width measure-
ments. The robot collected data for 10 plots, and ground truth data were collected manually 
for those plots on the same day using measuring tapes for plant height (measured to the 
nearest centimeter) and calipers for stem width (measured to the nearest hundredth of a 
millimeter). In each plot, 10 individual plants were manually measured, for a total of 100 
ground truth points used to assess the accuracy of the imaging algorithms. Plant tags were 
used to match the ground truth measurements for individual plants to the extracted meas-
urements from the PMD depth sensor data, as shown in Fig. 12.

Image processing algorithms developed by TERRA-MEPP project collaborators in 
Baharav et al. (2017) were tested on these validation data. The stem width estimation algo-
rithm includes Frangi filter, Hough transform and edge and width processing techniques. 
The height estimation algorithm includes top contour detection, sky filtration, sun removal 
and top contour sampling. Both width and height estimation algorithms implement tracking 

Fig. 10  Sample frames from the PMD depth sensor. The PMD was used to collect images at 15 fps and was 
mounted approximately 100 mm off the ground on the base of the robot to capture the second internode of 
the stalk
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Fig. 11  The a left, b right and c disparity images recorded with the DUO camera for measuring plant 
height. The FOV for this sensor should optimally capture the top of the canopy in the middle of the frame. 
Notice the contrast between the plant leaves and the sky for conditions when the sky is both sunny and 
cloudy

Fig. 12  Images of sorghum stalks with identification tags corresponding to plants that have ground truth 
measurements. The images taken from the PMD camera are shown in a and b; RGB images recorded man-
ually using a TG-4 (Olympus Corp., U.S.) from the same perspective are shown in c and d for illustrative 
purpose. These RGB images were not used in data analyses to calculate stem width but were only used to 
identify the corresponding plants in the PMD frames
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to eliminate double-counting of individual plants. The results indicate that the algorithms 
achieve 13% average absolute error for stem width estimation and 15% average absolute 
error for plant height estimation. For more details on the image processing techniques used, 
please refer to Baharav et al. (2017).

Navigation experimental results

Experiments were conducted to evaluate the robot’s performance when following a prede-
fined trajectory using the NMPC approach outlined previously. The reference generation 
method is as follows: the closest point on the target trajectory is computed, and the desired 
points in the prediction horizon are determined. Afterwards, these points are used in the 
cost function of the NMPC as reference values throughout the prediction horizon.

The speed of the robot was set to 0.2  m/s and the prediction horizon was set to 15 
throughout the experiments. If the field robot begins off-track, the vehicle reaches the refer-
ence trajectory after a short time period and remains on-track, as shown in Fig. 13a. The 
Euclidean error (i.e., the variance of the trajectory tracking system) was calculated using 
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Fig. 13  Experimental results for navigation experiments, conducted in a wet, bumpy grass field. The experi-
ments tested the control scheme for both straight and curves paths, which represent navigating between 
rows as well as turning between plots on the perimeter of the field
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raw GNSS measurements as ground truth data. Results are shown in Fig. 13b, including a 
mean value of 52.3 mm. Because the mean value of the path tracking algorithm variance 
is 52.3  mm, available space of 120  mm beside the ground vehicle is adequate to avoid 
crop damage in the field. The EKF performance for the yaw angle estimation is shown 
in Fig. 13c. It is difficult to measure the yaw angle in real-time; however, it plays a very 
crucial role in the navigation problem. If it is not estimated, then the system model deterio-
rates and model-based controllers, e.g., NMPC, cannot be employed. Therefore, the EKF 
is inevitable because it provides the estimate of the yaw angle, and the framework provides 
an accurate trajectory tracking performance.

The output of the NMPC, reference yaw rate and the measured yaw rate are shown in 
Fig.  13d. The output of the NMPC reaches the bounds, but never violates them, which 
demonstrates the control capability of dealing with input constraints. Moreover, the perfor-
mance of the low-level controller for the speed of the DC motors is sufficient.

Findings and discussion

Field deployments of the TERRA-MEPP vehicle resulted in two major findings: i) the 
TERRA platform, sensors and navigation system performed satisfactorily in the field and 
collected usable phenotypic data, and ii) based on literature review results, TERRA-MEPP 
is a novel design and recommendations in this document serve as a reference for field-
based phenotyping robot designers and developers. Additionally, two formative observa-
tions include: (i) documentation of environmental conditions and (ii) workflow automation.

Finding 1: This work demonstrated satisfactory field deployments and performance 
of TERRA‑MEPP, a low‑cost robotic phenotyping platform capable of collecting 
plant data in the field

A data collection rate of 1 × per day, 2 × per week through 0.4 ha of sorghum was achieved. 
Computer vision algorithms developed by Baharav et al. (2017) extracted stem width and 
plant height measurements from raw field data; when evaluated against human-collected 
ground truth measurements, their algorithms resulted in 13% average absolute error for 
stem width estimation and 15% average absolute error for plant height estimation. Efficient 
and accurate repeated measurements of highly dynamic plant phenotypes is a major chal-
lenge facing plant breeding, and the TERRA-MEPP vehicle demonstrated capabilities of 
improving the throughput of phenotypic measurements in the field.

The use of sensors for measuring stem width and plant height information is the core 
system for estimating biomass and yield potential for biofuel production. Determining bio-
mass during early growth states can be accomplished relatively easily because there is little 
visual obstruction of the plant. However, later in the growing season, measuring the entire 
plant is a difficult task: the canopy thickens, visual occlusions are present and lodging 
occurs. The demonstrated performance of the TERRA platform in these strenuous condi-
tions late in the growing season is imperative to enable measurement of plant architecture 
phenotypes throughout the entire plant life.

Compared to existing commercial field-based phenotyping technologies, the TERRA-
MEPP platform is relatively inexpensive. The overall cost of the platform, including the 
robot structure and mast material, is less than $15,000 USD, an affordable price point 
compared to other field-based robot platforms (for example, a Husky mobile base from 
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Clearpath Robotics can cost upwards of $30,000 USD). The image sensors used are 
off-the-shelf components ranging from approximately $250–$700 USD. Additionally, 
the gyro, motion controller and encoder sensors used for navigation were all less than 
$100 USD, apart from the motor board, which was just under $200 USD. Current rapid 
phenotyping models such as BoniRob and the LemnaTec Scanalyzer™ are prohibitively 
expensive and are only affordable by the largest breeders. The affordability of TERRA-
MEPP is of interest to both large and small plant breeders, as well as individual farmers 
for crop monitoring.

Finding 2: The compact, variable design of TERRA‑MEPP is novel and can be 
used in different phenotyping applications that require views of the plant 
from in between the rows

There are many phenotyping robots, including the LemnaTec gantry system, large rov-
ers, tractors, harvesters, cable or crane-based systems and aerial systems. In general, 
these systems are either large, prohibitively expensive, disruptive or do not capture data 
below the plant canopy. TERRA-MEPP addresses weaknesses in other designs and fills 
a niche as a compact, highly mobile, affordable rapid phenotyping system that traverses 
between individual rows to obtain a side and bottom-up view of the plant. Additionally, 
the adjustable mast enables data collection throughout the entire growing season. This 
is especially critical for energy sorghum plants, which can grow up to 4 m tall; a height 
that is impractical for tractor systems to measure.

The TERRA-MEPP rover is also easily transportable, making it more flexible than 
other platforms in the field and easier to ship long distances. The entire robot and col-
lapsed mast fits into a transport case that is 1.2 × 0.8 × 0.6 m, which can be transported 
to various field sites by freight. Mobility to and from field sites is not an issue for some 
field-based phenotyping robots, such as UAVs; however, tractor systems and large gan-
tries are not transportable and are normally restricted to deployment at specific fields or 
plots. The ability to transport and ship the TERRA-MEPP platform will allow broader 
use and testing of this phenotyping technology throughout various locations.

TERRA-MEPP was developed for phenotyping of energy sorghum; however, it could 
be deployed for phenotyping other row crops, such as maize. Crop yield increases for both 
maize and sorghum have plateaued in the last two decades, indicating the need for innova-
tive phenotyping methods; additionally, the largest sorghum producers in the world (United 
States, Nigeria and Mexico from 2010 to 2014) do not have the highest yielding sorghum, 
which was attained by the United Arab Emirates (Food and Agriculture Organization of the 
United Nations (FAO) 2017). Thus, major sorghum producing countries have considerable 
potential yield gains to realize.

Formative observations

An analysis of the field study results yielded three formative observations: (i) docu-
mentation of environmental conditions to improve the platform design and usability, (ii) 
redundant visualization for the quality control of data, and (iii) need for workflow auto-
mation during data collection to handle the volume and veracity of information. These 
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observations suggest that appropriate human–robot interaction must be considered for 
the development of this category of robot.

Observation 1: Documentation of environmental conditions during testing 
is necessary to inform both the development of hardware and the usability 
of the robot

Testing was conducted primarily in the Midwestern United States where the environ-
mental conditions are not considered extreme when compared to arid or tropical regions 
of the world (e.g., MAC). Heavy rains and wind did occur during the testing of TERRA-
MEPP that caused premature lodging of sorghum plants which increased the time 
needed for the field experiments and magnified the need for precision navigation. Addi-
tionally, ponding due to high antecedent moisture conditions created muddy rows where 
the tracks performed as desired but were observably less effective at times as control 
occurred with uncertain slip coefficients; additional time was also needed for these cor-
rections. Documenting a comprehensive set of environmental conditions during testing, 
which was not found to be reported in the literature, informed a faster iterative process 
for the design, implementation and usage of TERRA-MEPP.

Observation 2: Redundant visualization capabilities are necessary for a human–robot 
team operating under uncertain and extreme environmental conditions

There was an observed need for a human-on-the-loop presence as part of the 
human–robot team to monitor sensor status and ensure that each camera was function-
ing properly, and that the raw data being collected were quality controlled. One example 
of a structural issue encountered was the occasional occlusion of the cameras by tillers 
(undesired but natural stem outgrowths of the main sorghum plants) that subtly pro-
truded from the main sorghum plant into the row space. Tillers would at random times 
become entrained in the tracks, briefly disturbing but not stopping the robot, or bump a 
camera, due to their occasionally orthogonal presence with respect to the row geometry. 
Having redundant overlap in visualization provided a higher quality data set when these 
transient perturbations occurred. Finally, due to the thermal shutdown of mobile devices 
at the MAC, a ground control station (laptop) located under a mobile canopy provided a 
reliable view of the data for quality control purposes when mobile devices did fail.

Observation 3: An automated workflow is required to accommodate 
the volume of heterogeneous data streams from real‑time human monitoring 
through post‑processing

Operation of TERRA-MEPP in smaller area missions resulted in manual data offloading 
that was manageable, in terms of data stream organization and metadata assignment. 
When larger field trials were undertaken, this was not the case as the volume of data 
acquired by TERRA-MEPP was of the order of 247  GB  ha−1 of raw image data (for 
only plant geometry). Automation scripts were necessary to ‘bundle’ each of the data 
streams per mission. The volume of raw data for phenotyping will grow exponentially 
with the addition of other sensors (e.g., hyperspectral cameras). It is critical, due to the 
per plant precision, that the location (plot and/or row) and time are recorded and logged 
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with each video stream or image captured, for phenotypic parameter localization; this is 
especially important when a human-on-the-loop is observing for quality control. Know-
ing the proper frame of reference for localization will aid in not only the image process-
ing but also post-processing archiving due to the need to fuse several large data streams 
on a per plant basis.

Future work

This research suggests that future work is needed to streamline and fully automate the 
data-to-consumer pipeline, lower usability barriers and evaluate additional sensors with 
the platform. Adding sensors, such as hyperspectral, LAI or thermal imaging, to meas-
ure additional phenotypes will improve the value of the TERRA-MEPP system for plant 
breeders and researchers and enable a more robust prediction of how the genotype dictates 
phenotype. Figure 14 contains sample images from the customized GoPro camera with a 
hemispherical lens to capture bottom-up views of the canopy during preliminary field tri-
als. Computer vision algorithms may be implemented on these images to characterize LAI 
(Banan et al. 2018), which is an important characteristic to measure in future versions of 
the platform because environmental influence varies LAI over the crop’s life. Addition-
ally, improving the data pipeline and usability (e.g., rich environmental condition meta-
data and redundant visualization) for crop breeders will support data-driven agriculture 
and decision making. Developing crop monitoring platforms that require minimal training 
and are highly automated will improve the widespread adoption of robotic applications in 
agriculture.

Fig. 14  Sample still images from using a 1.19  mm hemispherical lens on a GoPro Hero 3 camera for a 
bottom-up view of the canopy. These images may be used to compute LAI and will be included in the sen-
sor suite as a future part of this work
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Conclusion

This work demonstrated the field deployment and performance of a low-cost (< $15  K 
USD) field-based rapid phenotyping system for energy sorghum. The TERRA-MEPP 
platform is unique in that it captures plant architecture measurements that are only visible 
when viewing the crop from between rows. This system was successfully deployed in sor-
ghum at two different field sites during summer 2016 to collect 0.4 ha of data per day, two 
times per week. Data collected during these full deployments were used to measure stem 
width and plant height. The findings and usability observations from this work aim to con-
tribute to a better understanding of best practices in field robotics for agriculture.

The TERRA-MEPP system was deployed successfully in different field conditions to 
collect usable phenotypic data. The platform and sensors were tested in varying conditions 
throughout the growing season, including in saturated soil and varying plant heights, and 
a full-scale deployment was carried out prior to harvest. A control scheme for the robot 
resulted in centimeter-level path-tracking accuracy. The robustness of this platform in dif-
ficult operating conditions, such as extreme heat or muddy fields, combined with a precise 
navigation system are important for breeders who need to collect data for biomass estima-
tion throughout the growing season without damaging the crop.

The unique design of TERRA-MEPP and performance results from this study serve as 
a reference document for field-based phenotyping robot designers and developers. This 
rover contains a mast with variable height to adjust sensor location depending on the crop 
height; additionally, its narrow width enables mobility between rows, rather than above 
rows, eliminating the clearance restrictions of tractors. Although the TERRA-MEPP sys-
tem was developed specifically for sorghum, a similar design can be used in other row 
crops, such as maize. Additionally, the field deployment package enabled crop visualiza-
tion during data collection in the field in real-time, which is important for the operator who 
must maintain data quality and control.
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