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Abstract: This study explores the efficacy of utilizing a novel ground penetrating radar (GPR) ac-
quisition platform and data analysis methods to quantify peanut yield for breeding selection, agro-
nomic research, and producer management and harvest applications. Sixty plots comprising differ-
ent peanut market types were scanned with a multichannel, air-launched GPR antenna. Image
thresholding analysis was performed on 3D GPR data from four of the channels to extract features
that were correlated to peanut yield with the objective of developing a noninvasive high-through-
put peanut phenotyping and yield-monitoring methodology. Plot-level GPR data were summarized
using mean, standard deviation, sum, and the number of nonzero values (counts) below or above
different percentile threshold values. Best results were obtained for data below the percentile
threshold for mean, standard deviation and sum. Data both below and above the percentile thresh-
old generated good correlations for count. Correlating individual GPR features to yield generated
correlations of up to 39% explained variability, while combining GPR features in multiple linear
regression models generated up to 51% explained variability. The correlations increased when re-
gression models were developed separately for each peanut type. This research demonstrates that
a systematic search of thresholding range, analysis window size, and data summary statistics is
necessary for successful application of this type of analysis. The results also establish that thresh-
olding analysis of GPR data is an appropriate methodology for noninvasive assessment of peanut
yield, which could be further developed for high-throughput phenotyping and yield-monitoring,
adding a new sensor and new capabilities to the growing set of digital agriculture technologies.

Keywords: peanut; groundnut; ground penetrating radar; image thresholding; digital agriculture;
high-throughput phenotyping; belowground phenotyping; belowground biomass; yield

1. Introduction

Cultivated peanut (Arachis hypogaea) is an important oilseed, feed, and food crop
grown in tropical and subtropical regions [1]. Peanut pods containing the seed and shell
develop underground while flowering and fertilization occur above ground, and subse-
quently flowers are introduced into the soil through the geotropic movement of the
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peanut pegs. Similar to other crops where the yield component matures underground,
peanut yield assessment is limited to point sampling [2] and postharvest measurements
[3-5]. This means that only a limited number of plants are sampled to assess peanut yield
in a trial that may consist of hundreds of plants, and that a peanut plant must be harvested
in order to assess its yield. Breeders are concerned with the observable traits of a plant
(the plant’s phenotype), as these are expressions of the genotype’s interaction with the
environment within its specific trial. However, point sampling and yield phenotyping af-
ter harvest may not provide sufficient information to resolve genotype-environment in-
teractions when breeding for yield. What remote sensing offers is a suite of technologies
for rapid phenotyping over large areas, which is also referred to as high-throughput phe-
notyping. Yield monitoring is the ability to assess the state of yield throughout the grow-
ing season, and rapid phenotyping is a key element in being able to accurately predict
yield status. Such a technology could be used to determine the ideal digging time to max-
imize peanut yield and grade, as well as to reduce harvest loss due to disease and weak-
ening of the pegs [6,7].

As indicated by the current state of root phenotyping technology, nondestructive
characterization of belowground traits in field conditions is a challenge [8-10]. Tomo-
graphic methods such as magnetic resonance imaging (MRI), X-ray computed tomogra-
phy (X-ray CT), and positron emission tomography (PET) provide detailed 3D imaging of
plants, but these methods are expensive, slow, and often require plants to be grown in
containers that are then passed through a scanning machine [11,12]. Electrical geophysical
methods, such as those based on electrical impedance and electrical capacitance, are faster
and cheaper than tomographic methods but require electrodes to be inserted into the soil,
which restricts the number of plants that can be sampled [13,14]. Ground penetrating ra-
dar (GPR) is an ultrawideband, short-range electromagnetic wave-based technology that
is popular in civil engineering, hydrology, and archaeology, and has been utilized to char-
acterize the coarse roots of trees and shrubs [15-19]. GPR has also been used extensively
to assess soil variability, e.g., [20,21]. The technology is noninvasive and rapid enough for
field-scale applicability.

GPR is an emerging crop-assessment technology in agriculture and has been used to
assess cereal fine roots [22], cassava tubers [23,24], and biochars [25]. Scanning an agricul-
tural field requires that the GPR apparatus is moved over the plants, preferably mounted
on a standalone cart or on agricultural equipment. Typically, GPR antennas are ground-
coupled, but air-launched designs have been utilized for land-mine detection [26,27] and
pavement assessment. Utilizing a ground-coupled GPR antenna requires that the above-
ground biomass is removed, although it remains difficult to operate the antenna over the
soft and uneven ground of an agricultural field. Therefore, an air-launched design is often
preferred for agricultural applications of the technology.

A GPR transmit antenna sends an electromagnetic pulse into the subsurface. The
voltage of the electromagnetic signal that returns to a receive antenna is recorded. The
transmitted pulse is ultrawide with respect to its frequency band with the peak of the
pulse spectrum known as the “central frequency” of the antenna. The frequency content
of the signal determines how the propagated wave interacts with the medium. Generally,
GPR detects changes in electromagnetic impedance at interfaces of media with different
dielectric permittivity values [28,29]. Dielectric permittivity is the material property that
quantifies the polarizability of the material in the presence of an electric field. The velocity
of the electromagnetic wave can be calculated if the dielectric permittivity of the medium
is known. The GPR receiver records the voltage of the returned signal at uniform time
intervals. Measuring the two-way travel time that it takes for the signal to travel down to
the target and back to the surface allows an estimation of the burial depth of objects and
in some cases their vertical dimensions.

Standard GPR practices often must be adapted to agricultural settings. Located just
below the surface, peanut pods return information that is often contained within the same
early time interval as the "ground clutter", i.e., the large-amplitude sequence of reflections
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coming directly from the ground surface. Decoupling the peanut yield signal from ground
clutter is especially difficult when an air-launched antenna is used due to the presence of
aboveground biomass. Moreover, the belowground biomass is not typically a distinct sin-
gle object but instead could be a collection of relatively large objects such as bulked cas-
sava roots [24], a collection of smaller objects such as peanut pods or, in the case of fine
roots, numerous objects generally much smaller than the spatial resolution of the signal
[22]. Small-scale heterogeneities are intrinsic to agricultural GPR investigations and imply
that the signal undertakes a complex travel path and is subject to attenuation by scattering.
A further consideration is that dielectric properties are controlled by water content and
often there is great spatial variability in both soil and root moisture. These considerations
combine to render agricultural GPR a field of investigation warranting further research.

The purpose of this work is to evaluate GPR methodology for assessing peanut yield,
i.e., the dry weight of peanut pod biomass. We investigated a number of time-domain
and frequency-domain approaches, and finally chose thresholding analysis of GPR am-
plitude. This is a time-domain method that has been used in previous studies of GPR in
agriculture [22,24]. We chose this method with the objective of developing it as a standard
to which following studies can be compared.

2. Material and Methods
2.1. Peanut Trial

The peanut trial consisted of 60 plots, with 16 plots runners market-type, 16 plots
Virginia, 14 plots Spanish, 12 plots Valencia, and 2 plots Peruviana (Table 1). Peanut types
differ in growth habit, pod size, and yield. Since each plot consisted of two rows of plants,
plots were scanned by GPR twice in opposite directions with one pass scanning each row
(Figure 1). Aboveground biomass was present when the scans were performed, and the
peanut was harvested immediately after scanning. Biomass data were provided per plot
and include information about shoot, pod, and root biomass (Figure 2).

Table 1. The scanned peanut trial consisted of 60 plots with different peanut market types.

Market Type Number of Plots Average Pod Biomass (g)
Runners 16 1030
Virginia 16 804
Spanish 14 1167
Valencia 12 776

Peruviana 2 839
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a)

Figure 1. The peanut trial was scanned with an air-launched multichannel GPR antenna array while aboveground biomass
was present (a). Peanut pods located just beneath the surface and above the root of the plant (b).
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Figure 2. Biomass data are provided per plot, and includes shoot, pod, and root biomass, with no statistically significant
correlation between these three physical attributes.

The GPR system used in this study was developed by IDS GeoRadar and comprises
an array of four pairs of downward-looking vee-dipole-type antennae functioning as an
air-launched multichannel configuration with central frequency 1.8 GHz. The system was
initially developed for landmine detection [26,30,31]. Because agricultural soil surface is
typically soft and uneven and aboveground biomass is often present, the air-launched
deployment of the antenna array was deemed appropriate for this application. An air-
launched antenna, however, introduces a strong ground-surface return that must be taken
into account. The antenna array was mounted on a bicycle-style cart and tilted at an angle
towards the plants with the linear array of transmit-receive antennae oriented perpendic-
ular to the direction of scanning. We moved the cart with the GPR instrument over the
uncultivated area outside the edge of each plot (Figure 1). For this study, GPR data were
acquired in seven channels, but three of the channels contained excessive noise and were
excluded from the analysis.

Figure 3 demonstrates common GPR terminology and a brief description follows.
The returned signal from a single outgoing GPR pulse on a given antenna is referred to as
an ‘A-scan’ or a ‘trace’. “Time window’ is a GPR acquisition parameter that is user-speci-
fied. In this study we used an 18 ns time window, meaning that a transmit antenna sent
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an electromagnetic pulse at time zero and a receive antenna recorded the voltage of the
returned electromagnetic signal during the subsequent 18 ns. Within the 18 ns window,
the receiver recorded 512 observations, termed ‘samples’, meaning that each trace con-
tains 512 samples taken at 0.035 ns time intervals. The time window refers to two-way
travel time since the signal must travel from the transmit antenna, through the subsurface,
and then back to the receive antenna. The GPR antenna array was moved along a row of
plants and traces were acquired at 1 cm intervals, as measured by an encoder wheel. Since
we used a multichannel system, multiple transmit-receive antenna pairs were used thus
collecting data simultaneously at multiple channels. For each channel, the traces collected
along a row are assembled to form a 2D representation of the GPR data, called a B-scan,
which in essence is an image of a vertical section of the subsurface. Each column in a B-
scan corresponds to a single trace, while each row in the image consists of the samples
collected at the same time for each trace. Due to the geometry of the multichannel antenna
array used in this study, the GPR data are acquired in the form of a swath. A swath con-
sisting of multiple channels may be assembled to form a 3D GPR data cube, with a GPR
data cube being referred to as a C-scan.

a) b) c)

Sample A-scan/trace

82

B-scan B-scan / image C-scan / data cube

Time (ns)

Profile distance (m) G‘O%

Figure 3. In GPR terminology, (a) a single GPR observation is referred to as a ‘sample’ and the samples collected from a

single channel are referred

to as an A-scan or a trace; (b) a collection of A-scans along an acquisition line is referred to as

a B-scan and is often visualized as an image; and (c) when multiple channels are used, the resulting collection of B-scans

is referred to as a C-scan.

The GPR system is equipped with the capability to manually place digital markers in
the data, used to mark the start and end of peanut plots along an acquisition line while
scanning. To ensure that analysis is not affected by the unequal length of agricultural
plots, we cropped the GPR B-scans into equal sections of 3 m (9.84 feet) in length. Figure
4 shows 10 such sections extracted from channel-3 data with the corresponding peanut
yield (g) displayed above in red. Portions of B-scans that contain peanut information are
often distinguished visually; for example, at 20 m from the start of the B-scan in Figure 4
is a gap between two sections, and one can observe a different density of hyperbolas to
the right and to the left of the gap. We used this type of visual information to separate the
sections manually and ensure that they are of equal length. Further analysis should be
undertaken to assess the effects of cropping the B-scans to make them of equal length as
compared to using the original variable-length B-scans as marked in the field.
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Figure 4. A radargram of a single acquisition line processed up to bandpass filter for channel-3 demonstrating the location
of ten 3 m peanut plots. Values in red are the corresponding plot-level peanut yield.
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2.2. GPR Data Processing

GPR data processing and analysis was performed using GPR-Studio version 1.0.1
(Crop Phenomics LLC, College Station, TX, USA, [32]). Borrowing terminology from re-
mote sensing, we define a subset to be a portion of a larger image. Figure 5 shows GPR
subsets for two of the agricultural plots: plot 247, which contains the least biomass of the
trial (162.9 g) and plot 263, which contains the largest biomass of the trial (2105.3 g). Each
plot was scanned twice by the GPR system, with individual passes going over one row of
plants. Since the trial consisted of two-row plots, the two GPR passes scanned different
peanut plants. For the analysis, the two 3-m-long passes were combined and thus a com-
bined subset is a total length of 6 m. Figure 5 shows GPR data for the four active channels.
We performed preliminary analysis using only single-channel data, but the correlations
to biomass were stronger when data from all four channels were analyzed together. Data
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from channels 1, 2, and 7 were not processed as they contained excessive noise that we
were unable to remove.

Channel 3 Channel 4 Channel 5 Channel 6
Pass 1

1.5

Distance (m) Bandpass 250
Amplltude -250

Figure 5. Radargrams processed up to bandpass filter for all four channels and two of the plots. The two passes over the
plots are indicated with arrows. Plot 247 contains the least biomass of the trial (162.9 g) and plot 263 contains the largest
biomass of the trial (2105.3 g).

Since the antenna array was tilted when the scans were performed, and there is a
fixed distance between each of the antennas in the array, data as collected are not verti-
cally aligned between channels, which means that the peanut-pod information appears at
different times in equivalent traces on different channels. To account for these differences,
we visually identified the vertical location of the surface return on each B-scan and time-
shifted the data in that channel to a common temporal datum. For the remainder of the
analysis, we established the common datum to 0 ns, which separates samples above the
surface as being recorded at negative time and samples below the surface as positive time.
This was done so the data presentation resembles how a single ground-coupled antenna
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would return the GPR signal, thereby assisting with the interpretation of the GPR data. A
total of 200 time samples from each trace were used, including 50 samples above the sur-
face and 150 samples below. In our GPR data, the surface can be recognized due to the
strong ground clutter, and insofar as possible we assigned the middle of the ground-clut-
ter interval to be time zero.

GPR data processing was performed to mitigate noise, focus the signal, and convert
the focused signal to positive values. The workflow included background correction,
bandpass filter, Kirchoff migration, and Hilbert transform (Figures 6 and 7). As demon-
strated in Figure 6, the raw B-scans contain horizontal stripes that are removed with a
background correction. A bandpass filter removes low and high frequency signal energy.
Different bandpass filter ranges were tested; a 0.1-2.4 GHz range gave best results. Migra-
tion focused the signal while the Hilbert transform converted the signal to positive values.
A different workflow, or the same workflow based on different processing parameters,
may produce similar or better results and should be further investigated. Following the
GPR data processing, the B-scans were subset to plot level. The two passes over each pea-
nut plot were combined to form the final analysis plots of 6 m each, , and percentile thresh-
olding was performed (details below) to extract plot-level GPR features. The latter were
then correlated to peanut pod biomass (Figure 8). The entire workflow was performed
within GPR Studio—a combination of graphical user interface software and a Python li-
brary that provide GPR processing, analysis, and visualization capabilities.
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Figure 6. Radargrams of GPR processing: raw GPR data (a), background correction (b), bandpass filter (c), Kirchoff mi-
gration (d), and Hilbert transform (e and f). The surface is indicated as time 0 ns. The same Hilbert transform radargram
is displayed twice with two different image enhancement methods to highlight different features. Values in red are the
corresponding plot-level peanut yield values for the three plots included in these radargrams.
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Figure 7. A-scans of GPR processing demonstrating background correction, bandpass filter, Kirchoff migration and Hil-
bert transform. These A-scans are at 20 and 22.5 m from the data displayed in Figure 6. The upper panel displays the A
scans for the full depth of analyzed (a), and the lower panel displays the data zoomed in to a smaller depth range that also
includes the depth where the highest correlations are observed (b).
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Figure 8. GPR feature extraction example is demonstrated. The histogram displays the GPR data for all plots combined
for a specific analysis window. The red line shows the 25" percentile for these data, which is 338. The GPR feature is
computed for data below the threshold, which in this case is all values less than 338. For each plot, only the values that
fall within this range are considered in the analysis. The standard deviation of these values and other summary statistics
are calculated. The GPR features thus extracted are then correlated to plot-level peanut pod biomass.

Similar processing and analysis were performed in previous studies of GPR applica-
tions to cassava tubers [23,24], fine roots [22], and tree roots, e.g., [15], but a definite meth-
odology is not yet standardized. In this study, we performed systematic image threshold-
ing analysis, wherein different threshold ranges, analysis window sizes, and summaries
were performed on GPR data values above and below the percentile threshold. The fol-
lowing four summary statistics were used: mean, standard deviation, sum, and number
of nonzero values (counts).

2.3. Thresholding Analysis

Analysis was performed within a sliding window that is moved down a B-scan one
sample at a time (i.e., one row at a time if the radargram is viewed as an image). The
concept of an analysis window is demonstrated in Figure 9. The analysis window includes
only those samples that fall within the window and it also includes all of the GPR traces
within a plot-level C-scan. The size of the window was varied; the following window sizes
were utilized: 1, 2, 3, 4, 5,7, 10, 15, 20, and 25 samples. The conversions of the time-window
size from number of samples first to two-way travel time and then to depth for three
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different soil dielectric properties is presented in Table 2. Three soil moisture cores were
collected in the field, and moisture was converted to soil dielectric permittivity, yielding
an average value £~6.6, which corresponds to signal velocity of ~0.12 m/ns. However, it is
always problematic to use this or any other particular value for the time-to-depth conver-
sion because of the strong heterogeneity of subsurface dielectric permittivity. Therefore,
in this study we report results in terms of two-way travel time instead of depth.

Table 2. Conversion of two-way travel time to depth for the ten window sizes used in this study.
This conversion is performed using three dielectric constants (¢) corresponding to three different
velocities (V).

Window Size (Samples) 1 2 3 4 5 7 10 15 20 25
Two-way
travel time (ns)
Window size (cm)
e=4 v=0.15 m/ns
Window size (cm)
e=6 v=0.12 m/ns
Window size (cm)
e=8 v=0.11 m/ns

0.035 0.07 0.105 0.141 0.176 0.246 0.352 0.527 0.703 0.879

026 053 079 106 132 1.85 264 395 527 6.59

021 042 063 085 1.06 148 211 3.16 422 527

0.19 039 058 078 097 135 194 290 3.87 4.83
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Figure 9. Hilbert transform of GPR data for one of the passes of plots 247 and 263 (a). Plot 247 contains the least biomass
of the trial (162.9 g) and plot 263 contains the largest biomass of the trial (2105.3 g); these plots are also displayed in Figure
5. Two window sizes are demonstrated (b)—window size of 2 samples (0.07 ns) and window size of 4 samples (0.141 ns).
The vertical locations of the two windows as indicated by the sample closest to the surface are at 2.672 and 2.707 ns.

For each agricultural trial plot, the GPR Hilbert amplitudes contained within the
analysis window were combined and a percentile value was calculated. The raw GPR data
are the recorded voltages of the returned electromagnetic signals, whereas the GPR data
used in the thresholding analysis are the Hilbert-transformed amplitudes (Figures 6 and
7). Note that the Hilbert amplitude scale is somewhat arbitrary. The concept of percentile
is demonstrated in Figure 8. The figure shows an example wherein the GPR feature is the
standard deviation of Hilbert amplitudes below the 25t percentile. The 25t percentile is
the value below which 25% of the amplitudes reside; in this example it is 338. This means
that amplitude values less than 338 comprise 25% of the dataset, while higher values com-
prise the remaining 75%. This study used the following percentile thresholds: 3, 5, 10, 15,
25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 85, 90, 95, and 97.
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Summary statistics for each plot were formed by calculating the mean, standard de-
viation, sum, and number of nonzero values (counts) of the Hilbert amplitudes that fall
above or below each of the percentile thresholds. These statistics, termed 'GPR features’
were then correlated to the field-observed biomass of the peanut pods. The latter is a con-
ventional measure of peanut yield. We performed simple linear regressions between in-
dividual GPR features and peanut pod biomass, and multiple linear regression between a
particular set of GPR features and peanut pod biomass. Specifically, we chose the best
performing GPR features as indicated by their correlation to peanut yield to use in the
multiple linear regression. Estimated and measured yields were then correlated to evalu-
ate the model's performance in estimating the actual yield. Results are reported in terms
of percent explained variability, i.e., the coefficient of determination R? multiplied by 100.
The coefficient of determination is the square of the Pearson correlation coefficient R.

3. Results

Our results indicate that thresholding analysis produces strong correlations between
individual GPR features and peanut yield, while multiple linear regressions between a set
of GPR features and peanut yield improve the results. Correlations were found to be sen-
sitive to changes in the analysis parameters and depended on peanut type. This research
demonstrates that thresholding analysis is an appropriate method for extracting GPR in-
formation that is diagnostic of peanut yield.

3.1. Regression Analysis

To best characterize the GPR information related to peanut yield, we determined the
time window within the Hilbert-transformed radargram that contains the most infor-
mation about the peanut pods. Specifically, we sought the set of data-partition parameters
that generated the strongest correlation between individual GPR features and peanut
yield (Table 3 and Figure 10).

Mean and standard deviation as GPR features produced the strongest correlations
with peanut-pod biomass, achieving 39% explained variability. Sum of the Hilbert-trans-
form amplitudes within a threshold range and counts of the nonzero values of the Hilbert-
transform amplitudes within a threshold range produced similar, but lower, correlations
with 31% and 32% explained variability, respectively. These correlations were derived
from GPR amplitudes within the same narrow time windows. The best-performing
threshold percentiles, however, differed for the different features: 25t and 35t percentiles
for mean, 50t percentile for standard deviation, and 3 and 5% percentiles for sum and
count. These features are for data below the percentile threshold. The results show that
there is a specific time window within a radargram wherein maximal information about
peanut yield is contained, although there are different ways to partition and summarize
the GPR data to achieve a strong correlation.

Table 3. Strongest correlations for the full data set of 60 plots and for the data below the specified percentile threshold.
Correlations are significant at p < 0.05.

Data Summary R R RMSE (g) Coefficient Coefficient S.can Windows Size Percentile
Intercept Slope  location (ns) (Samples/ns)

Mean 0.39 -0.63 309 1580 -1124 2.67 4/0.141 25
Mean 0.39 -0.63 309 1476 -1062 2.67 4/0.141 35
Standard dev. 0.39 0.62 310 405 1267 2.67 4/0.141 50
Sum 0.31 0.55 330 497 949 271 2/0.07 3
Count 0.32 0.57 326 492 985 271 2/0.07 3
Count 0.32 0.57 327 530 950 2.71 2/0.07 5

! Root mean square error.
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Figure 10. Strongest correlations of the simple linear regression models between individual GPR features and yield. The
GPR features are (a) mean with R? =0.39, (b) standard deviation with R?2=0.39, (¢) sum with R?=0.31, and (d) count with
R?=0.32. Model results and parameters are presented in Table 3.

3.2. Multiple Linear Regression Analysis

The GPR features that correlated strongest with peanut yield were combined to form
a multiple linear regression model. To select the features to be included in the final pre-
dictive model, we tested different combinations of features, including interactions be-
tween pairs of features (an interaction term is the product of two variables). We also in-
vestigated overlaps of information between pairs of features (Table 4) to assess in which
cases combining features would be meaningful. There are five GPR features presented in
Table 3, but as indicated by Table 4, the features based on sum and pixel count are corre-
lated, such that they provide essentially redundant information. Therefore, we chose only
one of these two, sum. In the end, only three GPR features are considered: mean, standard
deviation, and sum. We tested all possible combinations of these three features and their
interaction terms. The multiple regression model with the strongest prediction capability
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achieved 51% explained variability (Table 5 and Figure 11) for all peanut market types.
Higher explained variabilities were found after the dataset was partitioned by peanut
type. The Spanish type, for instance, recorded 95% explained variability.

The final multiple regression model includes the three GPR features and their biva-
riate interaction terms:

y = 1558 — 1653x; — 928x, — 1175x3 + 1323x,x, + 3525x,x3 + 395x,x5

where x; is the standard deviation feature at the 50 percentile, x, is the mean at the
35t percentile, and x3 is the sum at the 3t percentile for the values below the percentile
threshold. All features are normalized to the (0,1) interval. Normalizing the GPR features
does not change the estimated yield but generates regression coefficients that are easier to
interpret. The equation above represents the strongest correlation model we found be-
tween GPR data and peanut yield but carries the limitation that the three GPR features
were based on different threshold parameters.

Table 4. Percent explained variability (R?* 100) between GPR features and yield, and between pairs of GPR features. These
are the six GPR features presented in Table 3.

Yield () Mean/25  Mean/35%  Standard dev. Sum Count/3  Count/5t

Yield (g)

Mean/25% percentile
Mean/35% percentile
Standard deviation

Sum

Count/3r percentile
Count/5t percentile

100

39 100

39 77 100

39 85 64 100

31 54 63 33 100

32 56 64 36 98 100

32 57 68 34 96 96 100

Table 5. Multiple linear regression results for the full data set and for data per peanut type. Scan location refers to two-
way travel time. Window size is reported in number of samples and in ns, as used in Table 2.

Number of R2 Conf. Scan Location Windows Size

Data Plots K Intervals RMSE* (g) (ns) (Samples/ns) Percentile
All 60 0.51 0.31-0.69 279 variable variable variable
All 60 0.47 0.26-0.65 289 2.67 4/0.141 50

Runners 16 0.40 0.1-0.66 318 2.67 4/0.141 50
Runners 16 0.77 0.45-0.91 198 3.59 4/0.141 70
Virginia 16 0.54 0.2-0.83 229 2.67 4/0.141 50
Virginia 16 0.68 0.25-0.94 192 2.67 7/0.249 50
Spanish 14 0.94 0.72-0.99 94 2.67 4/0.141 50
Spanish 14 0.95 0.84-0.99 85 2.67 5/0.176 55
Valencia 12 0.76 0.3-0.96 164 2.67 3/0.105 55
Valencia 12 0.69 0.22-0.9 188 2.67 4/0.141 50

! Root mean square error.
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Figure 11. Strongest correlations of the multiple regression models for the full data set of 60 plots. Presented are (a) the
model with variable analysis parameters and R?=0.51, and (b) the model with constant analysis parameters and R?=0.47.
Model results and parameters are presented in Table 5.

To evaluate effect of this limitation, GPR features generated using a single threshold-
ing percentile were combined into a multiple linear regression model. The free parameters
are scan depth, thresholding range, and window size. We found the parameters that gen-
erated the optimal standard deviation feature: scan location 2.67 ns below the surface,
window size 0.141 ns, 50t percentile, and for the data below the threshold. Using mean,
standard deviation, and sum, and their interaction terms, we generated a multiple regres-
sion model with 47% explained variability (Table 5 and Figure 11):

y = 620 + 1074x, — 23.8x, — 343x3 — 1283x,x; + 906x;x3 + 353x,%3

It is important to reduce the number of parameters so as to more efficiently optimize
or calibrate the GPR analysis when the technology is put into production. It is promising
that only 4% less variability is achieved when using features generated with the same
thresholding analysis parameters, as compared to using the same features with variable
parameters.

The correlations derived are stronger if regression models are constructed separately
for each peanut type. Using the same set of thresholding and regression model parameters
that generated the 47% explained variability for the full data set, we constructed a regres-
sion model for each peanut type. We also created regression models wherein thresholding
analysis parameters were allowed to vary for each peanut type. When investigating at a
"depth’ of 2.67 ns (the same depth used for the full data set), Spanish peanut exhibited the
strongest correlation, with up to 95% explained variability, followed by Valencia and Vir-
ginia with up to 76% and 68% explained variability, respectively (Table 5 and Figure 12).
Analysis of runners, which are the most popular peanut market type, underperformed
with 40% explained variability, but this value increased to 77% explained variability at a
lower depth (3.59 ns). These results show the higher predictive capability of regression
models constructed for specific peanut types with the limitation being the small sample
size for these models (Table 1).
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Figure 12. Strongest correlations of the multiple regression models for each peanut market type. Presented are (a) the
model for runners and R? = 0.77, (b) the model for Virginia and R? = 0.68, (c) the model for Spanish and R? = 0.95, and (d)
the model for Valencia and R? = 0.76. Model results and parameters are presented in Table 5.

3.3. Mean and Standard Deviation

Using mean and standard deviation as features generated the strongest single linear
regression models, with mean exhibiting a negative relationship and standard deviation
exhibiting a positive relationship to yield. Figure 13 demonstrates several correlation
peaks where these two GPR features exhibit opposite relationships to yield. To further
examine these trends, five agricultural plots that lie on or close to the regression line (Fig-
ure 10) were selected. Figure 14 displays histograms of the Hilbert amplitudes associated
with each plot, with biomass increasing from left to right. The negative relationship be-
tween mean and standard deviation is apparent: as the mean (of the blue subset) decreases
it moves to the left of the histogram, while the standard deviation (of the blue subset)
increases. Portions of the Hilbert-transform radargrams representing the two plots con-
taining the least and the most biomass are displayed in Figure 9. The plot with the least
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biomass exhibits several large regions of high Hilbert-amplitude intensity indicating
greater homogeneity, while the plot with the most biomass displays smaller regions of
alternating high and low intensity, thus exhibiting higher variability.
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Figure 13. Correlations at depth between pod biomass (yield) and the GPR features presented in Table 3. The figure dis-
plays the depths at which strong correlations for peanut yield are observed and compares the correlations for the GPR
features based on different percentiles for standard deviation, mean, count, and sum.
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Figure 14. Histograms of plot-level GPR data for five agricultural plots. Red bars indicate data above the 50 percentile
threshold and blue bars indicate data below that threshold. The black vertical line is the mean of the data below the per-
centile threshold. The five histograms are displayed with the same frequency and amplitude range. For the five agriculture
plots and from left to right, peanut yield ranges from low to high, mean ranges from high to low, and standard deviation
ranges from low to high.
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3.4. Count

The correlations calculated per plot for GPR features above the percentile threshold
did not correlate strongly (Table 6). The count feature generated correlations of the same
strength, but opposite sign from the correlation below the percentile threshold. This was
expected because simply switching the percentile method preserves the same variability
in the count. Counting nonzero values below the 3¢ (5*) percentiles and counting nonzero
values above the 3t (5t) percentiles generated correlations of R = 0.57 (-0.57) respectively,
for 32% explained variability (i.e., R?=0.32).

Table 6. Strongest correlations for the full data set of 60 plots and for the data above the specified percentile threshold.
Correlations are significant at p < 0.05.

Scan Location Window Size Window Size

Data Summary R? R (ns) (ns) (Samples) Percentile
Mean 0.18 -0.43 4.36 0.035 1 97
Standard deviation 0.16 -0.4 4.36 0.035 1 95
Sum 0.1 -0.31 2.64-2.81 0.035-0.246 1-7 3-55
Count 0.32 —0.57 2.71 0.07 2 3-5

3.5. Root and Shoot Biomass

We observed significant correlations between GPR features and both root and above-
ground (shoot) biomass. It was not within the scope of this study to treat separately these
two peanut attributes, but herein we report preliminary results for potential future devel-
opment. The results do provide further information about the peanut yield information
content in GPR scans. Similar to Figure 13, Figures 15 and 16 display pairwise correlations
for peanut physical attributes and GPR features as a function of time (proxy for depth).
The correlations for root and shoot biomass contrast to those found earlier for pod biomass
(i.e., yield) with respect to the sign of the relationships. The correlations for root and shoot
oscillate with depth; for example, the root correlation peak at 3.1 ns exhibits a positive
relation for mean and a negative relation for standard deviation, while the correlation
peak at 4.2 ns exhibits a negative relation for mean and a positive relation for standard
deviation. With respect to depth, some of the correlation peaks for the three attributes are
ordered as expected from the basic plant architecture. For example, while correlation
peaks for all three attributes occur in the depth range of 2.3-3.1 ns, the peak for shoot is at
2.3 ns, the peak for pod is at 2.7 ns, and the peak for root is at 3.1 ns. More conclusive
results would be obtained by carefully optimizing the GPR analysis for root and shoot
biomass separately.
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Figure 15. Correlations at depth between root biomass and the GPR features, and between shoot biomass and GPR fea-
tures. The figure compares the depths at which strong correlations for root and shoot biomass are observed. The GPR
features are based on standard deviation and mean. Specifically, the results for root biomass are generated using window
size 3, and the percentiles are 85" and 70* for standard deviation and 25" for mean. The results for shoot are generated
using window size 1 and the percentiles are 25 for standard deviation and 10t for mean. All of these results are for data
below the specified percentile threshold.
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Figure 16. Correlations at depth between biomass and GPR features. The figure compares the depths at which strong
correlations for pod, root, and shoot biomass are observed. The GPR features are based on standard deviation.

4. Discussion

GPR technology has the potential for rapid, relatively inexpensive, and nondestruc-
tive peanut yield monitoring. The present study is the first to demonstrate consistent cor-
relations between GPR data and peanut yield. Up to 51% explained variability is achieved
by using multiple GPR features with parameters optimized for each feature. Up to 47%
explained variability is achieved by using GPR features generated with a single set of pa-
rameters (Table 5 and Figure 11). These results demonstrate that GPR technology detects
peanut yield, and that thresholding analysis extracts GPR information correlating
strongly to peanut yield. The correlations may be sufficiently high to use the technology
as a selection tool in breeding trials; however, the results must be improved and replicated
at larger scales before the technology is developed for reliable commercial yield monitor-
ing. Our results demonstrate stronger correlations when regression models are developed
for specific peanut market types (Table 5 and Figure 12), but the results must be inter-
preted with caution because of the small sample sizes (Table 1). Once the results are con-
firmed with larger datasets, we may achieve correlations appropriate for reliable commer-
cialization, thus adding new sensors and capabilities to the growing set of digital agricul-
ture technologies.

Developing GPR technology for noninvasive peanut yield assessment requires stand-
ardizing the analysis parameters. The radar-inferred depth at which peanuts are detected
is one of these parameters. A key observation is that the information about peanut yield
is contained only within a narrow depth range (Tables 2, 3, and 5) but the correlations also
oscillate with respect to depth (Figures 13, 15, and 16). In previous research, we observed
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a similarly narrow depth range for other root systems and analysis methods. An implica-
tion of this finding is that analysis to extract GPR features should be performed only on
the depth range wherein the maximum information about peanut yield is located. An-
other implication is that channels must be temporally aligned at the surface; otherwise,
different channels would contain peanut yield information at different depths. Repeating
the analysis at different agricultural sites would help determine how depth as an analysis
parameter could become standardized.

The complex travel path of the GPR signal must also be considered. It is problematic
to use an estimate of soil dielectric from an in situ probe as the basis for a time-to-depth
conversion. Using probe-derived soil dielectric 6.628 results in depths of 15.5 and 20.8 cm
for two-way travel times of 2.67 and 3.59 ns, respectively, while peanut pods are expected
to be found within ~5 cm below the surface. We posit multiple interactions between GPR
signal and peanut pods because peanut pods are composite objects (Figure 1). In addition,
each pod contains both a shell and a kernel, adding to the media interfaces with which the
propagating electromagnetic wave interacts. For example, runners are detected lower in
the radargram than other peanut types, suggesting a more complex travel path. As run-
ners is the most popular peanut type, this discovery should be investigated further.

Other analysis parameters beside depth are the thresholding range and the choice of
data summary statistics. With respect to threshold range, we determined that summariz-
ing the data below different percentile thresholds generated the strongest correlations for
all GPR features except count. Count is a unique feature insofar as it derives the same
correlation strength but opposite sign depending on whether data below or above the
threshold is used. We also found negative correlations to yield that are meaningful; an
example being the mean feature. Negative correlations between GPR signal attributes and
root biomass were reported by [22] but not investigated in detail. We posit that greater
subsurface variability, especially in the presence of small composite objects, may cause
greater signal attenuation and thus the lower mean of the signal as compared to a subsur-
face with less variability. We also found that while some GPR feature pairs such as sum
and count are strongly correlated, other pairs are not; therefore, combining only uncorre-
lated features in multiple regression models improved the correlations to yield.

Our work builds on the knowledge of other studies that have used GPR to measure
belowground tree and crop traits. The authors of [24] utilized an upper threshold of 80 for
GPR data scaled on [0,256] using count as the feature. The threshold was determined by
calculating the average of known locations of cassava roots in a radargram. The authors
of [22] tested thresholds based on several GPR features but in the end derived correlations
that were not based on threshold. Our research shows that a systematic search of the op-
timal thresholding range is necessary for successful application of GPR root-trait analysis,
and that various kinds of summary statistics should be considered. In this respect, this
work fits within the broader literature related to model optimization, e.g., [33].

An important discussion in the GPR literature concerns the effect of soil and root
moisture variability on the GPR signal [22,34]. Specifically, a GPR signal contains infor-
mation about subsurface variability, including information that is unrelated to the below-
ground trait that we aim to estimate. Deconvolving the unwanted from the wanted signal
is critical to building the correlations needed to operationalize the technology. Our results
suggest that by performing thresholding such that the high-amplitude signal is removed,
we may also be reducing the effects of pod moisture variability on the GPR signal. This is
because a high-amplitude signal is generated at the interface of two media with strongly
contrasting dielectric properties. The latter are determined largely by moisture content.
With respect to soil moisture variability, peanut forms dense clusters of pods close to the
surface (within ~5 cm below the surface) and the strongest correlations with yield are ex-
tracted from a narrow depth range. Thus, the signal may consist of only small amounts of
information about soil variability as compared to other GPR applications for which the
crop trait of interest is lower in the subsurface. Alternatively, pod and soil moisture vari-
ability may be the reason why we can explain only half of the pod biomass variability. An
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implication of this is that deconvolution techniques to separate soil and pod moisture sig-
nal from pod biomass signal may be necessary, for which spectral analysis may be an
appropriate approach.

This work contributes to developing the theory and methodology necessary for ap-
plying GPR technology to measure peanut yield. Developing GPR technology for yield
monitoring requires that we find optimal correlations between GPR signal and yield and
develop excellent predictive models. We derived correlations of up to 95% explained var-
iability (Table 5 and Figure 12) with a multiple regression model developed for a specific
peanut market type; however, a larger dataset is necessary to confirm its reliability. With
respect to standardizing the analysis parameters, we must perform studies across diverse
sites with different soil characteristics. We may find that some field calibration is neces-
sary and model parameters may have to be set according to specific site characteristics. A
larger dataset is also necessary to perform model validation, i.e., testing of data that were
not used during model development. Most importantly, a larger data set from multiple
sites would allow utilization of deep learning techniques for creating general yield-pre-
dictive models.

The results of this study build on the existing knowledge of GPR in agriculture by
developing a standardized method for optimal thresholding-parameter search. This
method is coded in Python and available in the software package GPR-Studio [32], which
contains methods to perform GPR data processing and methods for agricultural analysis
of GPR data. We expect that GPR technology will become a phenotyping tool for peanut
breeders, as well as a commercial yield-monitoring system for peanut farmers and indus-
try, and this study contributes to this vision.

5. Conclusions

Achieving up to 51% explained variability for the 60-plot dataset demonstrated that
we can extract peanut yield information through GPR technology and thresholding anal-
ysis. At the same time, achieving up to 95% explained variability with a predictive model
constructed for a particular peanut market type shows sufficient promise for deploying
this technology within a digital agriculture framework, with a stipulation being that the
results must first be confirmed on larger datasets. The present work is significant in pre-
senting a new methodology for performing a systematic search for optimal thresholding
parameters, which has not been demonstrated before within the emerging field of GPR in
agriculture. This work advances developing GPR technology for nondestructive, large-
scale peanut phenotyping and yield monitoring, with applicability to other crops.
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