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Abstract: Ever since research attention was first paid to phenomics, it has mainly focused on the
use of high throughput phenotyping for characterizing traits in an accurate and fast manner. It was
recently realized that its use has huge potential in precision agriculture. However, the focus so far has
mainly been on ”obtain large data set”, not on “how to analyze them”. Here, the expanded application
of high throughput phenotyping combined with special dependence analysis is demonstrated to
reveal the hidden field heterogeneity, using a kenaf field. Based on the method used in the study,
the results showed that the growth of kenaf in the field was grouped into two, which led to a large
variation of sources among replications. This method has potential to be applied to detect hidden
heterogeneity, to be utilized and applied in plant breeding not only for better analysis, but also for
better management of fields in precision agriculture.
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1. Introduction

Field heterogeneity is stochastic [1]. It can be caused by many factors such as spo-
radic diseases, uneven irrigation, etc. [2]. One of the major and common sources of field
heterogeneity is soil, because soils are highly variable in their properties and rarely homo-
geneous [3]. This unpredictable feature of the field demands various statistical analysis
methods to appropriately study it. Nonetheless, it is common to have high coefficient
variance and high p-value among replications, which increases experimental error [4].

Phenomics is the systematic measurement and analysis of qualitative and quantitative
traits to characterize a phenotype [5]. With advances in a wide range of technologies
from sensors to information technologies, phenomics is combined with high through-
put phenotyping [6]. Consequently, many high throughput phenotyping methods using
various sensors have been developed, along with many analytic methods [7,8]. Among
diverse research areas, one of the exciting groups to emerge in high throughput pheno-
typing is the area of plant breeding, since phenotyping has been a bottleneck for plant
breeding [9,10]. Consequently, many high throughput phenotyping methods have been
developed, mainly focusing on the plant breeding sector [11,12]. Recently, the very same
methods for phenotyping crops were applied to a new study area, field management for
precision agriculture [13–15]. Non-uniform growth in the field can be detected using vari-
ous methods such as morphological traits (plant height, stem width, number of nodes, etc.),
tagged positions based on ground-tracked mobile robots [16,17], and phenological traits
(vegetation index) mapping based on a UAV platform [18,19]. However, these methods
have mostly focused on “collecting large amount of data” as an advantage against manually
collected data.

Here, we introduce an expanded application of high throughput phenotyping com-
bined with special dependence analysis. This method can detect hidden field heterogeneity
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caused by many reasons such as slope of field terrain [20,21], inevitable uneven human
factors [22,23] (non-uniform irrigation and fertilization system, tillage intensity, etc.), and
soil properties such as organic matter, soil nutrition, etc. [21,24]. This method will provide a
new dimension of high throughput phenotyping which can be applied not only for a shorter
breeding cycle, but also for precision agriculture, by enabling breeders with uncovered
heterogeneity in the field to handle their data more efficiently.

2. Materials and Methods
2.1. Study Field and Plant Materials

The study was conducted in the Jeju National University kenaf breeding field at 102,
Jejudaehak-ro, Jeju-si, Jeju-do, Republic of Korea (33◦27′35.7” N 126◦33′50.3” E DMS) from
May 2019 to September 2019. Twenty-four cultivars of kenaf provided by the Rural De-
velopment Administration (RDA, Republic of Korea) were planted in three replications
including fifteen individuals based on a three-block random design (Figure 1). Irrigation
was conducted using perforated hose once a day, and plastic mulch films covered the
ridge on which seeds were sown. The soil texture of this field was “clay loam”, which was
analyzed in a standard soil–water testing laboratory (National Instrumentation for Environ-
ment Management (NICEM), Seoul, Republic of Korea). As “EF-2” did not germinate, two
cultivars were excluded, and only data from twenty-two cultivars were used for analysis.
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2.2. Crop Growth Status Survey in Breeding Field

Plant height is critical in the determination of kenaf growth status [25,26]. Thus, a
kenaf height map was generated for the crop field survey in this study. A MAVIC Zoom 2
(SZ DJI Technology Company, Shenzhen, China) was used to obtain overlapped images
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across the field with RGB sensors providing 12 megapixels (4000 × 3000) of resolution. The
flight altitude and overlap ratio were set at 40 m and 85%, respectively. Acquired RGB
images were processed in image stitching software, Pix4Dmapper (Pix4D SA, Lausanne,
Switzerland), for 3-D position map generation. In order to generate the plant height map,
two 3-D maps were generated by processing the images acquired when there were crops
(85 days after sowing) and no crops (immediately after sowing), and the height map was
obtained by the differences of altitude values between the two 3-D maps (Figure 1).

In the height map, circles of 40 cm radius centered on each individual kenaf were
drawn with reference to the RGB orthoimages generated from the Pix4Dmapper process.
Then, individual height data tagged GPS positions were extracted from the height map
using GIS software, ENVI (L3 HARRIS Geospatial, Boulder, CO, USA). Acquired individual
kenaf height tagged positions were utilized for uneven crop growth analysis.

2.3. Spatial Dependence Analysis

In this study, local indicators of spatial autocorrelation (LISA), a type of spatial auto-
correlation statistics, was utilized for spatial dependence analysis. LISA analysis provides
a spatial pattern based on the degree of spatial association among the observed individ-
ual values [27]. The spatial pattern was acquired by scatter plot between the normalized
individual value of one position and the spatial lag, a degree of spatial association with
neighboring individual values, as shown by Equation (1).

Ii =
Zi
mi

∑
j

WijZj, where mi =
∑ Z2

i
N

(1)

where, Wij indicates the spatial weights matrix between location i and j, and Zi is the
normalization of the observed individual variable.

Each quadrant on the scatter plot indicated a spatial class (Figure 2), namely:
(a) high observed individual value neighboring individual values (Quadrant 1, H-H),
(b) low observed individual value neighboring low individual values (Quadrant 3, L-L),
(c) low observed individual value neighboring high individual values (Quadrant 2, L-H),
(d) high observed individual value neighboring low individual values Quadrant 4, H-L).
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The attribution of the observed value of one position to these spatial classes was
determined through a significance test, by conducting Monte Carlo random permutations
among the values. Each permutation test resulted in a pseudo p-value, which assessed the
significance of the spatial pattern existence. In conclusion, the spatial pattern class (H-H,
L-L, L-H, H-L, and randomness) of one position was determined by combining the location
within the scatter plot and the pseudo p-value by the significance test.

LISA analysis was conducted using GeoDa software (Ver 1.20, Chicago University,
Chicago, IL, USA). In the Geoda software, the significance cut-off was set as p-value < 0.01
with 999 random permutations, and the inverse distance method was applied and set as
1.75 m, considering the maximum distance among the cultivar plots. Through LISA analy-
sis, H-H, L-L, H-L, and L-H, which were not filtered by significance cut-off, were marked
as red, blue, pale red and pale blue dots, respectively, and a LISA map was generated.
Additionally, gray dots indicated significant non-clustering points (randomness).

3. Results

Variations in plant heights were found across the kenaf field, which contained
23 germplasms, each with three replications (Figure 3A). It is natural to have such variations
since there were 23 different germplasms. However, the field plots were grouped into five
types, with plant heights in each plot analyzed with spatial autocorrelation (Figure 3B);
notably, the blue and red colors were separated in the upper left area and lower right area,
respectively. To visualize this phenomenon, the plant heights of each plant replicated three
times in each germplasm across the field, were plotted (Figure 4). Interestingly, all plants
shown as red were taller than those in blue, while those in gray, a color which was not sig-
nificant in spatial autocorrelation, had no such tendency. This indicated that the replications
which had two groups, blue and red, were not “random”. As a next step, the Kruskal–Wallis
test was used to determine if those plants across replications in each germplasm, were
different or not (Table 1). Remarkably, those germplasms such as Everglades 41 and Local,
shown as red and blue, had significant differences among the replications.

Table 1. The results of the Kruskal–Wallis test.

Germplasm p-Value within Replication

Cubano 0.37
EF-1 0.08
EF-3 0.39
ET-1 0.34
ET-2 0.08

Everglades 41 ***
Everglades 71 0.91

G-1 0.77
Kenaf 0.31
Local ***

PI365441 *
PI468075 *
PI468077 0.05

R 0.82
WIR119 ***
WIR214 0.21
WIR274 0.16
WIR275 **
WIR276 0.81
WIR333 0.28
WIR360 0.10
WIR452 0.08
WIR453 0.06

*, **, and *** indicate significance at 0.05, 0.01 and 0.001 in p-value, respectively.
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Figure 3. The result of the crop growth variable survey: plant height map (A), and LISA map applied
with spatial autocorrelation analysis (B). In (A), the height of kenaf is represented by a color scale.
Moreover, the spatial class identified through LISA analysis with the cut-off set to p-value < 0.01 was
plotted on the LISA map as dots marked with five colors.
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4. Discussion

There are many forms of field heterogeneity including sporadic diseases incidence,
uneven soil types, and microenvironments [20–24,28], as mentioned above. Given that
more replications would decrease the experimental error in the heterogeneous field condi-
tion, the number of replications should be decided depending on how heterogeneous the
field is [29]. However, it is difficult to increase the number of replications to as many as
required as resources are limited, leading researchers to compromise with a small number
of replications. Thus, various statistical concepts such as outlier have been developed to
deal with this problem. Nevertheless, field heterogeneity can cause a large standard error,
and has been a challenge to deal with [30,31].

With the development of remote sensing technologies, there have been attempts to
incorporate high throughput phenotyping into breeding programs and even precision
agriculture [7,8,13–15]. For precision agriculture, the method proposed in the current study
could be applied for field monitoring for better field management. As is already well
known, most fields are not homogeneous in terms of soil character, soil nutrients, diseases,
etc. These complex factors often lead to uneven conditions for crops in a given field. In
these cases, the detected heterozygosity could be utilized to decide the target area for
proper treatment.

Proper analysis and interpretation of the data are essential, no matter how precise
and large the sets of obtained data are. In this sense, the introduction of special depen-
dence analysis into the research area of high throughput phenotyping can lead to a better
interpretation of the phenomenon in field experiments.
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