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Site specific crop management for variable rate application is extensively recognized as a method for distributing
agricultural input unevenly across a field, tailored to the diverse requirement of different areas. From the pre-
vious study, this approach proven to reduce agricultural input expenses by 10 % without impacting yield and
ensure environmental sustainability. This study presents a new approach to delineate management zones for
precision agriculture using crop biophysical property variability assessment within winter wheat fields. A
multivariate random forest framework was developed to estimate winter wheat’s biophysical properties within
fields from surface reflectance and backscatters of Sentinel-1 and Sentinel-2. Combining Sentinel-1 and Sentinel-
2 data resulted in more precise estimation of the green area index (R?=0.98), aboveground dry biomass
(R2=0.90), plant height (R>=0.94), and leaf nitrogen content (R>=0.78). Sentinel-2 alone was particularly
effective in estimating shoot density (R>=0.94). These estimates were then used to create management zones for
precision agriculture, classified based on agronomic performance benchmarks. The fuzzy c-mean clustering al-
gorithm helped generate homogeneous management zones, considering the biophysical variations within fields.
The ultimate goal is to integrate these biophysical property maps and management zones into crop management
workflows. This integration will assist farmers in recognizing field variability and understanding its causes.
Moreover, the spatial distribution of these zones supports variable rate application, guiding farmers towards
more efficient, profitable, and sustainable crop management practices.

1. Introduction

Precision agriculture requires the acquisition, processing and anal-
ysis of spatial, and temporal data within the fields in order to support
management decisions that improve resource usage efficiency, produc-
tivity, profitability, and sustainability of agricultural production [51].
With the rising prices of chemicals and fossil fuels, and a growing
environmental awareness, farm practices and government policies will
precision approaches in order to maximize return while preserving in-
puts and resources without harming the environment [19]. For precision
agriculture, the field is divided into management zones, allowing
instantaneous and specific action in each zone within a large field once
the management decisions have been made.

As the technology for remote sensing has evolved to offer greater
spatial, spectral, radiometric, and temporal resolution, it is integral to
precision agriculture with its strength to determine the relationship

* Corresponding author.
E-mail address: eringohbb@gmail.com (B.-B. Goh).

https://doi.org/10.1016/j.geomat.2024.100018

between surface reflectance or backscatter and soil properties, as well as
surface roughness and crop characteristics. It revolutionized the crop
growth monitoring with high resolution satellite images from optical
and radar sensors. In conjunction with global navigation satellite sys-
tems (GNSS), and geographic information systems (GIS), spatial data
and information have been used in variable rate application (VRA) for
seeding [26], fertilizers [3], crop protection [42], irrigation [30], and
growth regulators [17].

The VRA involves applying agricultural inputs at different rates
throughout the field according to the management zone. Using VRA,
areas that generate the largest return can be targeted for inputs, while
reduced inputs to areas with low productivity or where previous man-
agement has indicated in lower input requirement [2] can reduce
pollution and waste. Additionally, VRA strives to optimize profit mar-
gins, as well as ensure environmental sustainability. Although VRA has
proven to be successful, interpretation of remote sensing data remains a
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Fig. 1. Ground truth sampling at winter wheat field in Ireland and United Kingdom. The 5 plots sampling design was conducted at each individual winter wheat field

for 4 key growth stages over the growing seasons.

challenge for the end users since there is a need for a certain level of
expertise and computing [47].

Each field management zone typically has somewhat homogeneous
conditions that respond to inputs in a similar manner. By dividing a field
into management zones, a farmer can treat each area at the right time,
with the right rate, based on crop needs [27]. Even though traditional
farming successfully employed uniform management or treatment for
the entire field, it is becoming inappropriate to treat high yielding areas
in the same manner as low yielding areas. The consequent overuse of
chemicals for crop nutrition and plant protection has resulted in
contamination of the environment [7]. A study by Ehlert et al., [12]
found that 10-12 % of fertilizer can be reduced without affecting wheat
yields when site-specific treatments are implemented for each man-
agement zone. In the literature, the most commonly used data sources
for management zone delineation are soil parameters [6,60], electrical
conductivity [9,25], yield maps from harvester [8,15] and vegetation

indices (i.e. normalized different vegetation index (NDVI), red edge
inflection point (REIP) and soil-adjusted vegetation index (OSAVTI)) [49,
56]. However, no detail guideline has been established on which
available data attributes contributed to the physical and biological
keystone of management zone creation [23]. There is limited research
exists on defining crop management zones based on crop biophysical
properties (CBP) and agronomic performance benchmark.

Intensive research for CBP retrieval has been explored using optical
sensor [16] and radar sensor [48]. CBP retrieval using remote sensing
helps to understand winter wheat growth performance through assess-
ing the dynamic changes in shoot density (SD), green area index (GAI),
plant height (PH), aboveground dry biomass (AGDB) and leaf nitrogen
content (LNC). These provide fundamental information for crop yield
formation [41], plant response to pests and diseases [44], environmental
change [34], and fertilizer applications [11]. Besides, the key wheat
management decisions are associated with the wheat growth stages. The
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Table 1
Crop biophysical parameters measurement and method.
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In Situ Data

Method

Quadrat location
Growth Stage (GS)

Shoots Density (SD)

Green Area Index (GAI)
Plant Height (PH)

Leaf N Concentration (LC%)

Aboveground Fresh Biomass
(AGFB)

Aboveground Dry Biomass
(AGDB)

Leaf Dry Biomass (LDB)

Plant Water Content (PWC)

Leaf Nitrogen Content (LNC)

Latitude and Longitude to the nearest 0.00001 degrees

Plant morphology of each quadrat was matched with the BBCH scale description and the specific BBCH code was recorded. Growth stage based on
BBCH scale

Total count of shoots per quadrat.

The ratio of green leaf and stem area to the area of ground, an average of three measurements from BASF GAI smartphone application per quadrat.
Average of three above-ground plant height measurements per quadrat using self-retracting metal tape.

Average of ten readings measured by SPAD—502Plus chlorophyll meter from uppermost leaves per quadrat. Calculate the final value using
Eq.1From [28] LC% = 0.079(SPAD value) —0.154 Eq. 1

Destructive sampling of fresh plants per quadrat. The fresh plants were weighed using a digital weighing scale with a maximum capacity of 5000 g
to obtain AGFB. The fresh plant was further split into leaves, stems, and spikes.

The total weight of oven-dried leaves, stems, and spikes (dried in the oven at 70 °C for 48 h until constant weight) were obtained respectively and
also added up to calculate the total aboveground dry biomass.

Weight of oven-dried plant leaves per quadrat.

Subtraction of Aboveground Fresh Biomass and Aboveground Dry Biomass.

Value of Leaf N Concentration multiplies with the Leaf Dry Biomass using Eq.2 to get Leaf N Content from [29].

LNC=LDB x LC% Eq. 2

farmers and agronomists always identify the wheat growth stages by the
occurrence of key developmental events of the CBP [20].

With the evidence of successful case studies of using Sentinel-1 and
Sentinel-2 in CBP retrieval, we aim to produce crop management zones
using predicted CBP from remote sensing data that address the yield
limited factors associated with crop trait dynamic change as they
become detectable. The research, (1) implements pixel-level fusion
method with simple band combinations of sentinel-1 and sentinel-2 to
predict 5 CBP (2) generates management zone map based on CBP using
the agronomic performance benchmark (3) uses the digital management
zone map for variable rate application for seasonal crop management
and yield potential forecasting. (4) apply and validate this approach to 4
production fields in the Republic of Ireland and the United Kingdom.

2. Method and materials
2.1. Study area and ground truth sampling

The study area covers the Republic of Ireland and the United
Kingdom, involving 75 winter wheat fields for ground truth data
collection campaigns over two winter wheat growing cycles. In each
field, the ground truth sampling using the 5 plots sampling design at
each winter wheat field. Each plot was randomly located at least 20 m
away from each other and 10 m from the field boundary to mitigate the
edge effect (Fig. 1). Destructive sampling for above ground fresh
biomass was conducted using 0.5 m x 0.5 m quadrats at tillering
(BBCH21-30), stem elongation (BBCH31-49), heading and flowering
(BBCH51-69) and ripening (BBCH71-87) (Fig. 1). In total, 1500 sam-
ples were collected across 75 fields, 5 plots and 4 key growth stages.

Table 2

2.2. Crop biophysical measurements

The crop biophysical measurements of SD, GAI, PH, AGDB, and LNC
were summarized in (Table 1).

2.3. Sentinel-1 and Sentinel-2 data

The study used Sentinel-1 and Sentinel-2 images downloaded from
Google Earth Engine, timed with field sampling dates. Sentinel-1 image
of + 2 days and Sentinel-2 image of + 4 days of the sampling date were
used. For a detailed timeline of sampling dates and available dates for
Sentinel-1 and Sentinel-2 images, see Table Sla and S1b in the supple-
mentary data or supporting information. Pixel values of Sentinel-1
backscatters in (VV and VH) polarization with 10 m resolution and 10
spectral bands of Sentinel-2 (Band 2,3,4,5,6,7,8,8 A,11,12) with (10 m,
10 m, 10 m, 20 m, 20 m, 20 m, 10 m, 20 m, 20 m, 20 m) resolution
respectively were extracted based on quadrat’s location in latitude and
longitude. In the event of unavailability of Sentinel-2 image due to cloud
cover, the record affected will be excluded from analysis. The final re-
cords paired with Sentinel-1 and Sentinel-2 data are n = 1148 out of
1500 samplings. We applied a data reduction technique, using the
locally weighted scatterplot smoothing (LOWESS) algorithm throughout
various phenology stages over a wide geographical extent.

2.4. Algorithm to generate site specific CBP maps

This study examined three machine learning algorithms, support
vector machine (SVM), random forest regression (RFR) and k-nearest
neighbors regression (KNNR). However, based on our final result, RFR
outperformed SVR and KNNR. Multivariate random forest regression
(RFR) has been proven to be a useful exploratory and predictive tool for

Datasets used in this study for modelling each CBP based on different growth stage windows.

Datasets Input Data RFR Scenarios Growth stages

1 Shoot density, 2 backscatters, 10 spectral Shoot density 1st BBCH21 —87

2 Shoot density, 2 backscatters, 10 spectral Shoot density 2nd BBCH21 —30

3 Shoot density, 2 backscatters, 10 spectral Shoot density 3rd BBCH21 —30BBCH31 —39BBCH40 —71BBCH72 —87
4 Green area index, 2 backscatters, 10 spectral Green area index 1st BBCH21 —-87

5 Green area index, 2 backscatters, 10 spectral Green area index 2nd BBCH21 —59

6 Green area index, 2 backscatters, 10 spectral Green area index 3rd BBCH21 —30BBCH31 —39BBCH40 —71BBCH72 —87
7 Plant height, 2 backscatters, 10 spectral Plant height Ist BBCH31 —87

8 Plant height, 2 backscatters, 10 spectral Plant height 2nd BBCH31 -71

9 Plant height, 2 backscatters, 10 spectral Plant height 3rd BBCH31 —39BBCH40 —71BBCH72 —87

10 Aboveground dry biomass, 2 backscatters, 10 spectral Aboveground dry biomass 1st & 2nd BBCH21 —87

11 Aboveground dry biomass, 2 backscatters, 10 spectral Aboveground dry biomass 3rd BBCH21 —30BBCH31 —39BBCH40 —71BBCH72 —87
12 Leaf nitrogen content, 2 backscatters, 10 spectral Leaf nitrogen content 1st BBCH30 —87

13 Leaf nitrogen content, 2 backscatters, 10 spectral Leaf nitrogen content 2nd BBCH30 —39

14 Leaf nitrogen content, 2 backscatters, 10 spectral Leaf nitrogen content 3rd BBCH30 —39BBCH40 —71BBCH72 —87
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BBCH39
Flag leaf blade
visible
(FLBV)

BBCH30
End of tillering
(EoT)

Crop
Properties
Shoot No. 543-1052 /m? Leaf N Content ﬂmﬂq

Green Area 0.9-2.4 /m? Green Area 40-7.0/m?
Index (GAl) Index (GAI)

Aboveground 1.1-33tha Aboveground 58-78vha
Dry Biomass Dry Biomass

(AGDB) (AGDB)

Plant Height 34-58 cm
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BBCH71
Flowering
completed
(FC)

BBCHS9
Ear emerged
(EE)

Propertie Propertie

Green Area 58-7.4 /m? Abm 124172 vha
Index (GAI) Dry Biomass
Aboveground 9.7-15.1 vha
Dry Biomass Plant Height 65-70 cm
Plant Height 53-70 cm

Fig. 2. Benchmark values for CBP at key growth stages for winter wheat growth monitoring derived from Teagasc [31] and AHDB [52].

Table 3

Summaries of 4 production fields for testing purpose.
Country Wheat Field Location (Degrees) Growth Season Sowing Date Yield (t/ha) Area (ha)

Latitude, Longitude

Ireland Ward 2 —6.360119, 53.441602 2019/20 26/10/2019 3.8 75.8
Ireland Meath1 —6.591134, 53.631634 2020/21 14/09/2020 12.2 8.4
United Kingdom Hazel8 —2.557953, 51.590988 2019/20 29/10/2019 4.9 7.8
United Kingdom FlaxClose —2.766059, 51.991647 2020/21 15/09/2020 11.6 14.1

estimating CBP [35,59], and handling multicollinearity problems [10,
18]. The 2 backscatter parameters and 10 spectral bands as predictors in
the models. SD, GAI, PH, AGDB and LNC as response variables and total
n = 1148 input data were further sorted by each CBP and growth stage
to construct 3 different dataset scenarios for modelling. (Table 2) shows
three scenarios modeled crop traits across growth stages, with the first
scenario spanning from tillering to ripening (BBCH21-87), the second
scenario focusing on changes of each CBP in increasing trend. For
example, by nature, a healthy winter wheat has an increasing GAI trend
from tillering (BBCH21) and normally ends when ear emerged
(BBCH59). Thereafter, the trend of GAI ceases due to senescence, it is
meaningless to monitor GAI after BBCH59 with no insightful message to
the crop growth condition. The third scenario on narrower window of 4
key growth stages. AGDB has increasing trend from BBCH21-87, thus,
there’s no different between 1st and 2nd scenarios of its modelling. The
third scenario is modelling the CBP with narrower window which is 4
key growth stages. However, PH and LNC were modeled in 3 key growth

stages because both were not measurable yet during tillering.

The data was split into % training and Y testing datasets. 10-fold
cross validation was applied to optimize these two algorithms. Model
performance was gauged by coefficient of determination (R?), root mean
square errors (RMSE) and normalized root mean square error (NRMSE
%) with higher R? indicating better prediction accuracy.

2.5. Delineation of management zones in wheat fields using CBP maps

CBP maps generated in Section 3.5 make informed decisions by
classifying zones based on crop growth and yield. There was lack of
study on delineation of crop management zone using the CBP. This study
introduces a method using these properties to delineate management
zones in winter wheat and comparing them to benchmarks values
(Fig. 2) indicated crop has achieved optimum yield at 10 t/ha. Fuzzy c-
means unsupervised clustering algorithm was used to classify the crop
management zone classes to “below target”, “on target” and “exceed
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Fig. 4. The trend of observed winter wheat GAI at different growth stages.

target” to discriminate the crop growth performance. This algorithm
handles the data uncertainty by allowing data points to belong to mul-
tiple clusters simultaneously associate with probability score for each
cluster. The crop management zone classes offered potential to adjust
input application (fertilizer, herbicide, pesticide, fungicide and plant
growth regulator) that matched the crop needs. 4 production fields
(Table 3) were mapped, representing high and low yields from IE and
the UK.

3. Results

3.1. Crop traits dynamic change based on 5 CBP collected over 2 crop
growth cycles

In-situ crop traits were monitored to observe morphological changes
throughout the growth stages. There was no change to the AGDB dataset
because its morphology development started at beginning of tillering

stage (BBCH21) and continued throughout the full growth stages
(Fig. 5). SD decreased after end of tillering (BBCH30) (Fig. 3), GAI
peaked then stopped at ear emerged (BBCH59) and declined thereafter
(discussed below, presented in (Fig. 4), PH developed while the stem
was growing until the beginning of flowering stage (BBCH61) and
stagnated thereafter (Fig. 6). The change of LNC rose during stem
elongation (BBCH30-39) and canopy expansion (Fig. 7). Each CBP are
crucial for developing the estimation models.

3.1.1. In-situ (SD)

The emergence of the side shoots at the leaf stem junction of winter
wheat plant starts at BBCH21 and peaking at BBCH30 (Fig. 3). The SD
ranges from 613 shoots/m? to a maximum of 1500 shoots/m? after
BBCH30.

3.1.2. In-situ (GAD
It is apparent from the observed GAI in (Fig. 4), the canopy
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Fig. 6. The trend of observed winter wheat PH at different growth stages.

expansion of winter wheat begins at tillering (BBCH21) and ends after
the ear emerged (BBCH59). The GAI reaches a maximum of 8.00 m?2/m>
to 8.4 m%/m? at flag leaf visible (BBCH39) to ear emerging (BBCH56)
(Fig. 4). Declines in GAI during this period may signal disease [5] or
drought [37]. Once the end of heading, the GAI starts to decrease as a
result of leaves senescence.

3.1.3. In-situ (AGDB)

(Fig. 5) indicates how the observed wheat AGDB has changed over
the growing season. AGDB growth is minimal before BBCH30 due to
cold weather. It surges at stem elongation (BBCH31), until the ear
emergence (BBCH59). From BBCHS59 to BBCH71, AGDB increases
rapidly as stem and ear biomass accumulate. At the end of flowering
stage (BBCH71), the stem biomass ceases and only grain accumulates
AGDB, peaking at early dough (BBCHS83), then declines due canopy
senescence, leaf loss, and ongoing plant respiration [20,52].

3.1.4. In-situ (PH)

(Fig. 6) shows that the PH rapidly increases to 64 cm at flag leaf
visible (BBCH39) and then at a gradual rate until its final height between
beginning of flowering (BBCH61) to end of flowering (BBCH71) in
(Fig. 6).

3.1.5. In-situ (LNC)

(Fig. 7) illustrates the differences in observed LNC at different
growth stages in the study area. Observed leaf nitrogen uptake begins at
stem elongation BBCH30, and peak at BBCH37, when flag leaf emerges.
LNC declines after heading (BBCH51) as nutrient transfer to develop
grains [57].

3.2. Models’ performance of fusing radar (Sentinel-1) and optical
(Sentinel-2) sensors using RFR

(Table 4) shows RFR model of fused Sentinel-1 and Sentinel-2 to
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Table 4

Performance of combined Sentinel-1 and Sentinel-2 to estimate CBP throughout full growth stages using random forest regression.

Crop biophysical properties Growth stages

Training Dataset

Testing Dataset

R? RMSE NRMSE R? RMSE NRMSE
SD BBCH21 -87 0.49 151 0.13 0.65 102 0.10
(Shoots/m?)
GAI BBCH21 —87 0.96 0.39 0.05 0.97 0.32 0.05
(m?/m?)
AGDB (t/ha) BBCH21 —87 0.90 2.49 0.06 0.90 2.47 0.07
PH (cm) BBCH21 —87 0.93 5.02 0.05 0.94 4.62 0.05
LNC BBCH21 -87 0.74 26.28 0.08 0.73 29.11 0.08
(Kg N/ha)
Table 5
Performance of combined Sentinel-1 and Sentinel-2 to estimate CBP at specific growth stages window using random forest regression.
Crop biophysical properties Growth stages Training Dataset Testing Dataset
R? RMSE NRMSE R? RMSE NRMSE
SD BBCH21 —30 0.69 155 0.13 0.87 75 0.08
(Shoots/m?)
GAI BBCH21 —-59 0.97 0.37 0.05 0.98 0.34 0.05
(m?/m?)
AGDB (t/ha) BBCH21 —-87 0.90 2.49 0.06 0.90 2.47 0.07
PH (cm) BBCH31 —-87 0.94 4.28 0.05 0.94 4.45 0.06
LNC BBCH30 —39 0.79 26.41 0.08 0.78 29.04 0.09
(Kg N/ha)

estimate SD, GAIL, AGDB, PH and LNC. RFR models consistently showed
high predictive ability for all 5 CBP with R? between 0.65 — 0.97 using
testing dataset. The GAI, AGDB and PH, RFR models indicated a good fit
of the fusion method to estimate these 3 crop properties of winter wheat
field from tillering until ripening.

The results of 2nd modelling scenario are listed in (Table 5). This
scenario only investigated the backscatters and spectral bands of the
CBP during a specific growth stage window when the CBP develops and
in a growing trend.

The 3rd scenario in (Table 6) which splits the dataset further into 4
key growth stages with narrower time window. The prediction perfor-
mances varying across different key growth stages for different CBP from
R? between (0.22-0.95). The SD model has the best prediction

performance at tillering stage R? = 0.87, GAI at heading and flowering
stage R? = 0.93, AGDB and PH at stem elongation stage R = 0.72 and
R? = 0.95 respectively, and LNC at both stem elongation R? = 0.78 and
fruiting stages R% = 0.78.

3.3. Models’ performance of single optical sensor (Sentinel-2) using RFR

In this study, the comparison between the fusion sensors’ model and
single sensor’s model were investigated. The best performance fusion
model has been developed using 2nd scenario. Thus, to investigate the
performance of using single optical sensor and single radar sensor, the
2nd scenario was adopted in modelling. The result of using Sentinel-2
sensor only is in (Table 7). The single optical sensor (Sentinel-2)
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Table 6
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Performance of combined Sentinel-1 and Sentinel-2 to estimate CBP at four/three key growth stages using random forest regression.

Crop biophysical properties Growth stages

Training Dataset

Testing Dataset

R? RMSE NRMSE R? RMSE NRMSE
SD BBCH21 —30 0.69 155 0.13 0.87 75 0.08
(Shoots/m?) BBCH31 —39 0.39 147 0.16 0.55 114 0.17
BBCHA40- 71 0.25 147 0.15 0.22 119 0.21
BBCH72 —87 0.47 144 0.14 0.65 81 0.14
GAI BBCH21 —30 0.59 0.31 0.10 0.71 0.25 0.14
(m%/m?) BBCH31 —39 0.77 0.37 0.09 0.78 0.37 0.09
BBCH40- 71 0.89 0.47 0.09 0.93 0.36 0.07
BBCH72 —87 0.81 0.27 0.11 0.85 0.25 0.11
AGDB (t/ha) BBCH21 —30 0.71 0.27 0.11 0.68 0.28 0.12
BBCH31 —39 0.68 1.77 0.09 0.72 1.62 0.12
BBCH40- 71 0.61 2.92 0.10 0.67 2.94 0.13
BBCH72 —87 0.72 3.80 0.11 0.66 4.03 0.17
PH (cm) BBCH31 —39 0.93 3.58 0.06 0.95 3.27 0.05
BBCH40- 71 0.81 4.96 0.09 0.79 5.42 0.10
BBCH72 —87 0.71 7.85 0.08 0.78 6.71 0.07
LNC BBCH31 —39 0.79 26.41 0.08 0.78 29.04 0.09
(Kg N/ha) BBCH40- 71 0.52 26.84 0.12 0.48 33.72 0.17
BBCH72 —87 0.85 15.52 0.11 0.78 17.09 0.18
Table 7
Performance of Sentinel-2 sensor to estimate CBP at specific growth stages window using random forest regression.
Crop biophysical properties Growth stages Training Dataset Testing Dataset
R? RMSE NRMSE R? RMSE NRMSE
SD BBCH21 —30 0.63 168 0.14 0.94 53 0.05
(Shoots/m?)
GAI BBCH21 -59 0.90 0.72 0.10 0.89 0.72 0.10
(m?%*/m?)
AGDB (t/ha) BBCH21 —87 0.66 4.58 0.11 0.78 3.91 0.12
PH (cm) BBCH31 —87 0.82 7.52 0.10 0.86 6.62 0.08
LNC BBCH30 —39 0.73 28.76 0.09 0.78 29.84 0.09
(Kg N/ha)

demonstrated a good fit to estimate the CBP with R? between 0.78-0.94.
3.4. Best performance CBP RFR models

The scatter plots in (Fig. 8) show the model performance, with
(Fig. 8a) focusing on Sentinel-2 data for SD prediction. Models using
fusion data (Fig. 8b-f) predicted SD, GAI, AGDB, PH and LNC effectively,
demonstrating good linear fits with R%0f 0.78 (LNQ), R?0f0.87 (SD), R?
of 0.90 (AGDB), R? of 0.94 (PH), and R? of 0.98 (GAD).

3.5. Variable importance of best performance CBP RFR models

Variable importance (VI) of RFR models for CBP prediction in (Fig. 9)
shows ranking of spectral and backscatter variables based on importance
values. The higher the importance value of a variable indicates the more
effective the nodes were split based on best predictor. (Fig. 9a and b)
demonstrated shoots density model is best with Sentinel-2 where spec-
tral bands are top 8 best predictors in the model. Near infrared, B8 and
visible red, B4 played important roles in SD prediction. Sentinel-1 VH
and VV backscatters are top influencers in GAI, AGDB and PH prediction
models (Fig. 9¢,d,e). (Fig. 9f) reveals that VV backscatter and red edge,
B5 are most important for LNC prediction.

3.6. Management zone maps of 4 production fields at key growth stages

3.6.1. Tillering stage

The SD maps reveal crop response to the 1st split nitrogen, phos-
phorus and potassium. 3 production fields (Meathl, Hazel8 and Flax-
Close) showed positive responded, exceeding 543 shoots/m? while
Ward2 underperformed due to seed loss after the rainstorm in early
February 2020. (Fig. 10) proves that the low SD areas are bare soil, and

this is further validated by the farmer’s note. Farmers use these maps to
focus on management zones with “on target” and “exceed target” for
decisions like crop switching or variable rate seeding for optimal out-
comes. In addition, Excessive SD may prompt PGR application.

3.6.2. Stem elongation stage

Hazel8 shows sign of underperformance from leaf nitrogen content
maps indicated level critical for nitrogen uptake of leaf and nitrogen use
efficiency for crop production. This is critical stage to make sure flag
leaves of wheat have sufficient nitrogen to contribute to photosynthetic
performance during fruiting [32]. Ward2 and Hazel8 fall below the
baseline of leaf nitrogen uptake after 2nd and 3rd nitrogen split appli-
cations. Hazel8 were detected to have decreasing GAI and AGDB,
showing sign of drought and disease.

3.6.3. Heading and flowering stage

From the maps, both Ward2 and Hazel8 unlikely to achieve the
target yield at this stage. No additional input was provided by the
farmers for these two fields.

3.6.4. Fruiting stage

The maps show Ward2 and Hazel8 did not achieve the target yield.
Contrarily, both Meath1 and FlaxClose have achieved the target yield.
For milling wheat, farmers continue referring to the maps to identify “on
target” and “above target” zone for variable rate application to increase
grain protein content.

3.7. Integrating CBP maps in crop management

Diagram in (Fig. 15) summarize the winter wheat crop management
throughout the growing season. The diagram integrates the CBP maps
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Fig. 8. Scatter plots of observed and predicted CBP of RFR models. One point represents a crop sampling plot (a) SD prediction using Sentinel-2 (b) SD prediction
using fusion (c) GAI prediction using fusion (d) AGDB prediction using fusion (e) PH prediction using fusion (f) LNC prediction using fusion.

generate as part of the workflow to assist grower in decision making
before and after each crop management steps.

3.8. Integrating CBP maps in yield forecasting

(Table 8) outlines a method to evaluate crop performance CBP map.
It calculates the coverage percentages of different management zones
and the mean values of these properties at crucial growth stages.
Additionally, it assesses whether the field is on track to achieve potential
yield of 10 t/ha under the current conditions. The formulas used for
these calculations are:

bt% = Py, — ZP 3)

ot% =P, + Ep 4

et% =Py + P 5)
1 P

WCBP = ; CBP ©

Where:

o Py Py, Per are number of pixels fall in below target, on target, exceed
target zone respectively.

e bt%, ot%, et% are percentage of below target, on target, and exceed
target zone coverage respectively.

e > P is total number of pixels fall within a field boundary.

e uCBP is mean value of the crop biophysical properties.

e CBP represents the dataset value for each property.
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Fig. 9. VI of CBP RFR prediction model of (a) SD using Sentinel-2 only (b) Shoots density using fusion (c) GAI using fusion (d) AGDB using fusion (e) PH using fusion

(f) LNC using fusion.

4. Discussions
4.1. Crop traits dynamic change and growth performance benchmark

The trend of each CBP change was observed over 2 growth cycle to
identify best specific window for crop modelling and to measure crop
growth performance. SD per unit area could help to monitor winter
wheat growth and yield [53]. Considering that each shoot has potential
to form a spike and vital for yield improvement strategies [4]. After the
stem elongation (BBCH31), SD decreases and fluctuates until ripening
(BBCH87) (Fig. 3). The UK’s optimal final SD for maximum yield is at
least 460 shoots/m? [52] and while in IE, is 480-600 shoots/m? [31] by
BBCH31.

Canopy size is crucial for photosynthesis capacity. To determine the
radiation interception capacity of a crop, the canopy size is measured
using GAL GAI measured the total surface area of the green components
of the canopy including leaves, stems, and ears divided by the ground

surface area. Real-time measurement of GAI informs farmers about crop
health and guides nitrogen management [46]. Monitoring GAI during
BBCH21-59 is essential to find out the effective amount and timing of
fertilizer N applied and disease control measures and less important
when GAI senesces from June onward which is after BBCH59.

Throughout the whole crop cycle, AGDB prediction is key for crop
health assessment, decision-making on optimal crop management stra-
tegies, and grain yield forecasts [22]. PH is another predominant CBP
influencing wheat yield, morphological change, and lodging resistance
[58]. Several studies found a significant negative correlation between
wheat grain yield and PH [14,21]. Taller wheat cultivars are more
susceptible to lodging risk and a reduction in grain yield. PH is deter-
mined by the stem extension which begins at BBCH31.

Farmer also need to understand wheat’s nitrogen requirements for
effective fertilization [50]. LNC is crucial for photosynthetic activity and
grain nutrition [55]. It has significant interaction in response to plant
growth regulator accumulate split nitrogen applications at tillering

10
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Fig. 10. Delineation of management zones in Ward2, Meath1, Hazel8, and FlaxClose wheat fields during BBCH 30 (end of tillering) using SD, GAI, and AGDB maps.
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Table 8

Geomatica 76 (2024) 100018

Summary of crop performance of the 4 production wheat fields in percentage, mean crop properties values and achievement of potential target yield (10 t/ha)

monitoring at 4 key growth stages.

Tillering Stem Elongation Heading & Flowering Fruiting
SD GAI AGDB LNC GAI AGDB PH GAI AGDB PH AGDB PH
Shoot/m? m?/m? t/ha Kg N/ha m?/m?> t/ha cm m?/m? t/ha cm t/ha cm
Ward2 Below target (bt%) 79 64 79 65 51 78 63 100 94 96 92 97
On target (ot%) 21 31 16 33 49 5 32 0 4 4 7 1
Exceed target (et%) 0 5 5 2 0 17 5 0 2 0 1 2
Mean p 185 0.68 0.74 62.56 4.00 2.99 42.7 2.25 2.15 36.3 5.90 45.3
Achieving good yield (10 t/ha)? No No No No
Meath1 Below target (bt%) 0 0 33 0 20 22 0 15 44 21 28 37
On target (ot%) 100 67 43 6 69 9 32 75 44 32 43 12
Exceed target (et%) 0 33 24 94 11 69 68 10 12 47 29 51
Mean p 834 2.56 4.10 139.33 5.49 9.72 64.0 6.58 12.52 67.9 14.67 67.4
Achieving good yield (10 t/ha)? Yes Yes Yes Yes
Hazel8 Below target (bt%) 1 28 12 65.5 46 53 13 97 73 79 85 99
On target (0t%) 99 72 30 33.5 54 4 58 3 13 21 7 1
Exceed target (et%) 0 0 58 1 0 43 29 0 14 0 8 0
Mean p 791 3.52 7.22 62 4.23 7.59 46.09 3.21 5.96 34.9 4.77 33
Achieving good yield (10 t/ha)? Yes Yes, at border line No No
FlaxClose Below target (bt%) 0 0 1 2 8 11 1 14 28 10 44 32
On target (ot%) 100 11 48.5 12 39 13 16 59 34 30 37 15
Exceed target (et%) 0 89 50.5 86 53 76 83 27 38 60 19 53
Mean p 939 3.8 6.13 105.46 6.45 10.44 65.7 5.66 12.92 69.9 12.23 67.1
Achieving good yield (10 t/ha)? Yes Yes Yes Yes

(BBCH21-26), stem elongation (BBCH30-32) and flag leaf emerged
(BBCH37-39) [40,43].

4.2. Models’ performance, uncertainty and variable importance

The models’ performance of 2nd scenario in (Table 5) has improved
the prediction performance of SD, GAI, PH and LNC compared to the
results of 1st scenario in (Table 4) and 3" d scenario in (Table 6). AGDB
remained equal prediction performance because both 1st scenario and
2nd scenario are the same. 2nd scenario overall achieved excellent R2
between (0.78 — 0.98) for 5 crop properties’ testing datasets using fused
sensors. However, if single optical sensor (Sentinel-2) was used, the
Sentinel-2 sensor yielded better performance in estimating SD (R>
=0.94) only. The GAI prediction model shows a gap separates predicted
GAI data into two clusters (Fig. 8c) is due to no data collected during
BBCH32-36 because of COVID19 restriction in 2020 and extreme
weather in 2021. Thus, no values for GAI around 4-5 m?/m>. (Fig. 8d)
shows underfitting for AGDB prediction model when AGDB > 30 t/ha. The
overall variable importance of results showed VH was the most influ-
ential Sentinel-1 backscatter parameter to GAL, AGDB and PH. This is
likely the volume scattering mechanisms of the crop. The studies of [13,
33,39] found VV has demonstrated high correlations with LAI and
biomass of wheat. From the findings VV has influence to all the CBP
prediction models. This is primarily due to the change of the surface soil
as the crop canopy decreased due to the increasing attenuation from the
predominantly vertical structure of wheat stems [1]. The results proven
that fusing Sentinel-1 and Sentinel-2 improves the CBP predictions. The
findings also support and align with previous work in [16] that a single
vegetation index (VI) is insufficient and do not have a uniquely pre-
dictive relationship with specific biophysical properties. VI can be
difficult to untangle and identify exactly which properties are causing a
given VI value at a given time and location.

4.3. Integrating CBP maps in crop management and yield forecasting at
key growth stages

At tillering stage, farmers refer to the management zones (Fig. 10a-)
derived from the predicted crop biophysical maps, classified based on
the benchmark values at different key growth stages to (1) gauge crop
response post-herbicide spray (BBCH14-21) and 1st split of nitrogen,
phosphorus, potassium applications (BBCH25-30) at field. (2) adjust

12

management for fungicide spray (BBCH31-33), plant growth regulator
(PGR) application (BBCH30-32 and BBCH37), 2nd split of nitrogen
application (BBCH32), and 3rd split of nitrogen application (BBCH37).
(3) to find out if the target yield of 10 t/ha is achievable by the wheat
field. Variation in SD, GAI and AGDB maps show different management
zones, keep farmers informed of chemical and fertilizer needs and uti-
lized the variable rate technology for next applications. The information
aids in early yield prediction.

During stem elongation, farmers analyze (Fig. 11a-p) to assess ni-
trogen efficiency post-2nd and 3rd nitrogen applications, apply variable
rate fungicide at BBCH 39 after flag leaf fully emerged and evaluate if
target yield of 10 t/ha is achievable. Farmers can consider variable rate
application for fungicide which targeted “on target”, and “exceed target”
management zones with well grow flag leaf crops to reduce costs and
losses. (Table 8) predicts the potential of each field in achieving the good
yield of 10 t/ha based on management zones.

Throughout heading and flowering stages, (Fig. 12a-1) help assess
canopy size for nitrogen use efficiency [45], crop health condition for
fungicide application, and to find out if the target yield of 10 t/ha is
attainable.

When fruiting stage, if milling wheat has been grown, the maps
(Fig. 13a-h) assist farmers to identify the spatial distribution of high
potential yield zone for variable rate application to increase grain pro-
tein content.

The CBP maps are also integrated in yield forecasting using the re-
sults from (Table 8). It provides valuable insights for calculating input
cost and detecting early if the farm can achieve the potential yield as
early at the tillering stage. When integrated with management zone
maps and crop management workflows, this data is transformed into a
Digital Twins representation. This digital model enables farmers to
monitor and manage their operations remotely and simulate preventive
measures [54].

5. Conclusion

In precision agriculture, management zones play a crucial role in
assessing field status and requirements. These zones delineate portions
of land within a field that share similar characteristic relevant to crop
performance and yield. This study highlights an innovative approach by
leveraging CBP derived from satellite remote sensing to produce an
appropriate segmentation of management zones.



B.-B. Goh et al. Geomatica 76 (2024) 100018

Ward2 a) Ward2 b) Ward2 c) Ward2 d) Ward2 e)
BBCH39 BBCH39 BBCH39 BBCH39 BBCH39
Leaf N Content Green Area Index Aboveground Plant Height Management
: Dry Biomass e : Zones
t~ t :
R
L‘ )‘ £
[ Below target (<64.4 Kg N/ha) [T]Below target (<4.0 m2/m2) [] Below target (<5.8 t/ha) [C] Below target (<34 cm)
[ On target (64.4-89.6 Kg N/ha) [ On target (4.0-7.0 m2/m2) [ On target (5.8-7.8 t/ha) [ On target (34-58 cm)
[ Exceed target (>89.6 Kg N/ha) [ Exceed target (>7.0 m2/m2) I Exceed target (>7.8 t/ha) I Exceed target (>58 cm)
5 WO X0 W0 s e R A R X L € e 20 Wt a0 W § W0 200 30 &0 2 W AKX X X s
——— ——— ——— ———— O ——
[] Below target (<64.4 Kg N/ha) [C] Below target (<4.0 m2/m2) []Below target (<5.8 t/ha) [] Below target (<34 cm) . )
[ Ontarget (64.4-896KgN/ha) ) [ Onterget 4.0-70m2/m2) @) [ On target (5.8-7.8 t/ha) h) B 0n target (34-58 cm) i) j)
I Exceed target (>89.6 Kg N/ha) [ Exceed target (>7.0 m2/m2) I Exceed target (>7.8 t/ha) I Exceed target (>58 cm)

Meath1
RAcHss BBCH3® Meath1 BACH
Green Area Aboveground nga ﬁ:l::i nt Management
Index Dry Biomass 9 Zones

¢ e PR . o n ey Cmmmam
Hazel8 Hazel8 Hazel8 m) | Hazels Hazel8
BBCH39 k) | BBCH39 ) BecHas ) ) || Rackse N) | BacHas o)
Leaf N Content Green Area Index Aboveground Dry Biomass Plant Height Management Zones
T W
=] = _}“I-.' =

T
*F"h-‘.

o

[] Below target (<64.4 Kg N/ha) [] Below target (<4.0 m2/m2) " [C)Below target (<5.8 t/ha) [] Below target (<34 cm)

[ On target (64.4-89.6 Kg N/ha) [ On target (4.0-7.0 m2/m2) [ On target (5.8-7.8 t/ha) [ On target (34-58 cm)

I Exceed target (>89.6 Kg N/ha) [ Exceed target (>7.0 m2/m2) I Exceed target (>7.8 t/ha) I Exceed target (>58 cm)

I.l..L‘ CIIQIL Ol.Il-n‘ l’l..z l_-l_-l'l

FlaxClose p) FlaxClose q) FlaxClose r) FlaxClose s) FlaxClose t)
BBCH39 BBCH39 BBCH39 BBCH39 BBCH39
Leaf N Content Green Area Index Aboveground Dry Biomass Plant Height Management Zones

[] Below target (<64.4 Kg N/ha) [] Below target (<4.0 m2/m2) [ Below target (<5.8 t/ha) [] Below target (<34 cm)
[ On target (64.4-89.6 Kg N/ha) [ On target (4.0-7.0 m2/m2) [ On target (5.8-7.8 t/ha) [ On target (34-58 cm)
[ Exceed target (>89.6 Kg N/ha) I Exceed target (>7.0 m2/m2) I Exceed target (>7.8 t/ha) I Exceed target (>58 cm)
IIIN*L‘ tl.lm 0!"": ll.l% ' - O-DII-IIHI .

Fig. 11. Delineation of management zones in Ward2, Meath1, Hazel8, and FlaxClose wheat fields during BBCH 39 (Flag leaf blade visible) using LNC, GAI, AGDB and
PH maps.
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Fig. 12. Delineation of management zones in Ward2, Meath1, Hazel8, and FlaxClose wheat fields during BBCH 59 (Ear emerged) using GAI, AGDB and PH maps.
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Fig. 13. Delineation of management zones in Ward2, Meath1, Hazel8 and FlaxClose wheat fields during BBCH 71 (Flowering completed) using AGDB and PH maps.

The management zone maps produced in this study provide a valu-
able representation of distinct patches within a field to serve as decision
making tools for both farmers and agronomists. The management zone
maps help to understand the variation of crop properties within field to
address areas of low crop performance. Other than that, the manage-
ment zone maps also serve as site-specific management practices, such
as variable rate application of fertilizer, fungicide to optimize the profit
and reduce chemical pollution to the environment. This information was
further validated using site visit photos and feedback from the farmers.
It is crucial to consider agronomic performance benchmark across
different countries and crop types with similar plant traits to understand
the potential yield and achieve balance between agriculture input and
output when replicating this approach.

The research also implemented pixel level fusion by combining
Sentinel-1 and Sentinel-2 data. Further assessment was done to find out
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the sensitivities of fusion data to different phenological stages. The study
reveals that disparate performance over different growth stages and the
models perform best during specific growth stage window when crop
properties are actively developing. The backscatter and reflectance of
remotely sensed data are determined by a series of morphological
changes, structural characteristics difference [38].

The results showed that fusion sensor’s model demonstrated stronger
prediction power than single optical sensor. However, the radar back-
scatters influenced by the background soil variability and attenuating
structures during BBCH 21-30 when NDVI < 0.7 [24,36]. Exceptional to
the SD where single optical sensor showed highest prediction power.
The variable importance also disclosed a single vegetation index lacked
a distinct predictive correlation with specific biophysical properties.

The developed framework integrates winter wheat CBP with crop
management, contributing to fundamental of Digital Twins in
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Fig. 13. (continued).

agriculture monitoring. Overall, this research bridges the gap between
remote sensing technology, field management, and sustainable agri-
cultural practices, fostering a more efficient and informed approach to
crop production.
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Fig. 14. Pictures of field visit (a) vast plain of bare soil with no winter wheat plant at Ward2 during tillering (b) Ward2 field covered with sparse tiny wheat plants
during fruiting. (c) Hazel8 fields struck by drought during heading and flowering. (d) Early senescence of Hazel8 field during fruiting.
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Fig. 15. Diagram of winter wheat crop management at 4 key growth stages and incorporate the crop biophysical property maps in as decision-making tool.
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