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Abstract: We investigated the indicative power of the normalized difference red-edge index (NDRE)
for estimating field-level perennial bioenergy grass biomass yields utilizing Sentinel-2 imagery and
a linear regression model as a rapid, cost-effective method for biomass yield estimations for bioen-
ergy. We used 2019 data from three study sites containing mature perennial bioenergy grass stands
in central Virginia, USA. Of the simulated daily NDRE values based on the temporally weighted
averaging of two temporal neighbors, we found the strongest index-yield correlation on 11 August
(R =0.85). We estimated the perennial bioenergy grass biomass yields for (1) all sites using the data
pooled from the three sites (all-site estimation) and (2) each site using the data pooled from the
other two sites (cross-site estimation). The estimated field-level perennial bioenergy grass biomass
yields strongly correlated with the recorded yields (average R? = 0.76), with a root mean square
error (RMSE) of 1.5 Mg/ha and a mean absolute error (MAE) of 1.2 Mg/ha for the all-site estimation.
For the cross-site estimation, the site with diverse perennial grass types had the weakest correlation
(R? = 0.44) of the sites, indicating a difficulty in accounting for heterogeneous index-yield rela-
tionships in a single model. In addition to identifying a strong indicative power of the NDRE for
ﬂ;)edc gtfgsr estimating the overall perennial bioenergy grass biomass yields at a field level, the findings from this
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Perennial grasses offer many ecosystem services, such as supporting wildlife habi-
tats [1,2], moderating soil erosion [3-5], conserving water [6], and improving the soil and

Published: 2 November 2023 water quality [7,8]. Their abilities to produce a high biomass yield with a low fertilizer input
and grow across many regions make perennial grasses an ideal bioenergy feedstock [9],
playing a key role in the clean energy transition. Strategically incorporating these perennial

bioenergy grasses within current row crop production systems could optimize the environ-
Copyright: © 2023 by the authors.  mental benefits while improving the livelihoods of farmers [10,11] and mitigating conflict
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distributed under the terms and  cpogg the agricultural landscape [12,13]. Growing high-yielding perennial bioenergy grass
with low inputs on marginal lands across multiple regions can be an ideal strategy for
replacing traditional fuels. Timely estimation of biomass supplies for bioenergy could ac-
celerate this strategy by providing valuable information to refineries to prepare for biomass
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processing [14,15], using agencies to track and evaluate the success of such a strategy, and
using researchers to identify more advantageous grass varieties or cultivars [14,16].

1.1. Use of Remote Sensing for Estimating Perennial Bioenergy Grass Biomass Yields

Remote sensing is widely used for estimating the vegetation abundance, and it is
particularly useful for rapid biomass estimations across large and/or remote areas [17,18].
Spectral vegetation indices have been extensively utilized for estimating aboveground biomass
for a range of plant types using both proximal and remote sensing techniques [19-21]. A
spectral vegetation index is a numerical value calculated using two or more spectral
reflectance values; it correlates with one or more plant properties, such as the leaf nitrogen
content, canopy moisture content, and biomass volume in the field [22]. Numerous spectral
vegetation indices are widely used for plant biomass estimation; however, few studies have
investigated their utility for lignocellulosic perennial bioenergy grasses.

Four studies pertaining to the estimation of perennial bioenergy grass biomass yields [23-26]
suggested the potential of three vegetation indices: the normalized difference vegetation
index (NDVI [27]), the green NDVI (GNDVI [28]), and the normalized difference red-
edge index (NDRE [29]). Kanemasu et al. [23] visually presented a strong agreement
between the estimated and measured dry biomasses, indicating the potential of using
the NDVI for estimating the perennial grass dry biomass of big bluestem (Andropogon
gerardii) and Indiangrass (Sorghastrum nutans) in Kansas. Hamada et al. [24] estimated
the plot-level perennial bioenergy grass biomass yields of multiple switchgrass (Panicum
virgatum) cultivars across five fields in the US Midwest with a coefficient of determination
(R?) as high as 0.88 using the midsummer GNDVI with a linear regression model. Using
optical images collected using an unmanned aerial platform, Namoi et al. [25] estimated
the plot-level Miscanthus biomass yields using the NDRE from midsummer with a stronger
correlation (R? = 0.82-0.97) than the NDVI and GNDVI. Foster et al. [26] found that the
red-edge spectral range was the key determinant for estimating the biomass yields of
switchgrass and mixed grasses, which supports the effectiveness of vegetation indices
using the red-edge band, such as the NDRE.

1.2. Relevance of the NDRE for Estimating Perennial Bioenergy Grass Biomass Yields

Existing studies [25,26,30,31] indicate the great relevance of vegetation indices utilizing
the red-edge spectral bands, such as the NDRE, for estimating the vegetation biomass.
Naguib and Daliman [30] described that while the NDVI highly correlates with vegetation
cover, the NDRE corresponds to the plant chlorophyll and nitrogen contents. Because the
chlorophyll and nitrogen contents indicate the accumulation of biomass more strongly than
the vegetation cover, the NDRE is a suitable choice for biomass yield estimation. Chang and
Shoshany [31] found that indices using the red-edge band could improve the sensitivity
to the biomass quantity for moderate and dense vegetation growth without reaching the
maximum index value, also known as saturation. All of these properties are useful for
estimating the perennial bioenergy grass biomass.

With the scaling of remotely sensed estimation for the perennial bioenergy grass
biomass yield in mind, we previously examined the indicative power of 30 spectral vegeta-
tion indices derived from 20 m resolution Sentinel-2 satellite imagery [32]. The study [32]
aimed to estimate the field-level perennial bioenergy grass biomass yields for four study
sites in central Virginia, USA. We modeled the perennial bioenergy grass biomass yield
for each site independently using a linear regression model. We found that the NDRE
showed the strongest and most consistent correlation with the recorded biomass yields
across the sites with an average R? of 0.75, root mean square error (RMSE) of 1.3 Mg/ha,
and mean absolute error (MAE) of 1.0 Mg/ha. This suggested the potential utility of the
index for rapid, reliable estimations of perennial bioenergy grass biomass yields. However,
varying dates for image availability across the study sites prevented us from modeling
the perennial bioenergy grass biomass yields in an integrated manner using multiple sites.
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Thus, we could not gain insights regarding the applicability of the method for estimating
perennial bioenergy grass biomass yields beyond a single site.

Based on the consideration of the previous studies and the benefit of NDRE outlined
earlier in this introduction, the goal of the current study was to advance our previous
understanding of the indicative power of the NDRE for estimating field-level perennial
bioenergy grass biomass yields using a common linear regression model that integrates
datasets from multiple study sites. To accomplish this goal, our objectives were to enable
the estimation of perennial bioenergy grass biomass yields by (1) integrating data from
all study sites by simulating daily NDRE values, (2) estimating the perennial bioenergy
grass biomass yields using two distinct approaches, and (3) evaluating the efficacy of the
promising approach.

2. Materials and Methods
2.1. Study Area

The analysis initially considered four study sites of mature perennial bioenergy grasses
located in central Virginia (Figure 1). Each site consisted of multiple fields of perennial
grasses, ranging from 13 to 24 fields (Table 1). However, some of the fields at Sites B, C, and
D were too small, limiting remotely sensed imagery sampling, and therefore, we excluded
those fields from the modeling analysis (Table 1).

Table 1. Summary of the study site characteristics for the 2019 season and Sentinel-2 satellite
image availability.

Site A Site B Site C Site D

Elevation (m) 305 116 168 244

Total field count 13 18 15 24

Field count available for modeling 13 16 14 20

Total area ! (ha) 243.4 134.3 63.8 100.2
/?‘S’;rr‘;‘gjrgeivsil;ﬁéﬁ) 18.7 [20.6] 8.41[7.9] 43[34] 5.0 [2.6]
Average field-level perennial

bioenergy grass yield 2 (Mg/ha) 7.9 [2.4] 5.7 [1.8] 2.7 10.6] 7.2[2.0]

[standard deviation]

Perennial bioenergy grass variety

Switchgrass ‘Kanlow’,
Miscanthus, mixed grass
(big bluestem, Indiangrass,
switchgrass)

Mixed grass
(big bluestem, Switchgrass ‘Blackwell’
Indiangrass, switchgrass)

Switchgrass ‘Alamo’

Harvest activities for the 2019 season

Mowing period 9/18-10/6 8/13-8/29 9/3-9/5 7/30-8/4
Raking period 9/19-10/7 8/25-8/31 9/4-9/6 7/30-8/12
Baling begins 9/19-10/7 8/27-8/31 9/49/6 8/4-8/21

Dates of Sentinel-2 image availability for the 2019 season
April — 11, 16 4 4
May 24 19,21, 24 14,19, 24 4,19,24
June 3,23,28 3,15 3,23 3,13,28
July 3,13,28 10, 13, 20, 30 3,8,18,28 3,13,28
August 12 9,19,29 22 12,22
September 11,16, 21 8,21 1,6,11,16,21 1,11, 16, 21, 26
October 1,11,21 1,18,28 1,11 1,11
Total images considered 14 19 18 19

1 Areas only account for the available fields utilized for modeling. ? The recorded field-level perennial bioenergy
grass biomass yields were obtained from baling.
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Figure 1. Study site locations in the state of Virginia, USA.

2.2. Data

The primary data used for modeling perennial bioenergy grass biomass yields were
20 m resolution Sentinel-2 satellite multispectral imagery available via the European Space
Agency (ESA; https://sentinel.esa.int/web/sentinel /missions/sentinel-2; accessed on
15 January 2023) and perennial bioenergy grass biomass yields recorded at the time of
harvest in 2019 (Table 1). Details of the harvesting activities, such as mowing, raking,
and baling, were used to describe patterns in perennial bioenergy grass biomass yield
estimations. The 20 m resolution Sentinel-2 satellite imagery consists of visible spectral
bands (blue, green, and red), red-edge bands, near-infrared bands (NIR), and shortwave
infrared (SWIR). The red-edge bands located between the visible and NIR spectral regions
are sensitive to the plant chlorophyll and/or nitrogen contents [22,33,34]. The NIR bands
located approximately in the 850-1100 nm spectral region are indicative of the leaf and
canopy structure [22]. The SWIR bands located approximately in the 1100-2500 nm range
are known to correlate with the plant and soil moisture contents [22,35-37] and ligno-
cellulose in plants. In our previous study [32], field-level NDRE values were calculated
using cloud-free, shadow-free Sentinel-2 imagery, along with another 29 spectral vegetation
indices using 70 available images. Our previous study [32] provides details of the image
processing procedures. Several features of Sentinel-2 imagery, including the image acces-
sibility, cost-effectiveness, useful spectral bands for vegetation studies, and standardized
image collection and processing methods, make the dataset highly suitable for scaling the
plant biomass estimation across regions.

A total of 63 fields (or data points) were available for analysis, consisting of 13, 16,
14, and 20 fields from Sites A, B, C, and D, respectively (Table 1). The average perennial
bioenergy grass biomass yields (ranging from 2.7 Mg/ha [Site C] to 7.9 Mg/ha [Site A]),
and standard deviations (ranging from 0.6 Mg/ha [Site C] to 2.4 Mg/ha [Site A]) varied
across the sites. Of all sites, Site B was the most heterogeneous of the perennial grass types
grown across the fields (Miscanthus, switchgrass, and a grass mixture) (Table 1). Sites A and
D grew a single switchgrass cultivar across all fields and yielded higher biomasses per unit
area than Sites B and C. Site C grew a grass mixture across all fields and had the lowest
biomass yield of all sites. The timing of the harvesting activities varied greatly across the
sites. For example, the first day of mowing ranged from 30 July for Site D to 18 September
for Site A (51 days apart).
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2.3. Analysis

Using the NDRE layers generated from the available Sentinel-2 imagery in the previous
study [32], we simulated the daily NDRE values for each of the study sites based on
the temporally weighted averaging of two temporal neighbors. For each data gap, we
calculated an average daily change in the NDRE value based on the difference between two
temporal neighbors divided by the number of days in the gap. The average daily change
was positive when the NDRE showed an increasing trend (e.g., early growing season);
the change was negative when the index showed a decreasing trend (e.g., senescence).
We added the value of the average daily change to the value from the previous day
across the gap to fill each data gap. We pooled these simulated daily NDRE values from
the four study sites and the recorded yields and calculated the correlation coefficients
between the recorded yields and the NDRE values across the season. The date with the
strongest correlation was selected as the optimal date for NDRE for estimating the perennial
bioenergy grass biomass yields for subsequent analysis.

Using the simulated NDRE values on the optimal date, we estimated the field-level
biomass yields for perennial bioenergy grasses at the study sites using two approaches.
First, we estimated the field-level biomass yields across the sites based on a linear regression
model using the pooled dataset from all sites (all-site estimation). For the all-site estimation,
we employed five-fold cross-validation. We randomly divided the dataset into five subsets
of almost equal size. We developed a model using four subsets and validated the model
using the one remaining subset. We repeated the steps five times with different subset
combinations. Second, we estimated the field-level biomass yields for each of the study
sites based on a linear regression model developed using the data pooled from the other
sites (cross-site estimation). For both methods, we evaluated the accuracy of the estimated
perennial bioenergy grass biomass yields based on the R?, MAE, and RMSE.

3. Results
3.1. Seasonal Trajectory of the NDRE

Figure 2 shows seasonal trajectories of the simulated field-level NDRE values across the
perennial bioenergy grass fields for the 2019 season. The NDRE values generally reached
their peak greenness in June and July (Figure 2). For Sites B and D, the NDRE values
sharply decreased from mid-August, which was caused by senescence and/or biomass
removal by harvesting. In each field, the NDRE trajectories were generally consistent across
the fields with a few exceptions. While Sites B, C, and D showed very uniform trajectories
across the fields, Fields 1 and 5 in Site A (Figure 2a, al and a5) showed late starts compared
with the rest of the fields. The NDRE values in these two Site A fields almost caught up
with those for the other fields in five to 10 days. Field 4 in Site A (Figure 2a, a4), which had
the highest perennial bioenergy grass biomass yield (13.9 Mg/ha) of all fields, began with
one of the lowest NDRE values, and the index values consistently increased at a higher rate
than those in other fields until peaking around early to mid-July.

When comparing the NDRE seasonal trajectories across the yields (Figure 2b), the
higher and lower index values generally corresponded to the lower and higher perennial
bioenergy grass biomass yields, respectively. There were some inconsistencies, for example,
some sites with high biomass yields, such as Fields 3 and 6 at Site A (Figure 2a, a3 and a6),
which had yields of greater than 8 Mg/ha, had similar NDRE values to fields with yields of
less than 3 Mg/ha (Figure 2b).



Energies 2023, 16, 7397

6 of 15

0.8

0.1

5/24

6/3

6/13

6/23

7/3

7/13

o
7]
-
]

7/23

0.8

—————— al ---a2 3 —1.977 —-2.028
---a3 —a4 ---2.289 ---2.319
——————— as —--a6 —2.320 --2.337
=zigy —a8 ~--2.402 ---2.418
a9 ----a10 0 —2.497 2.539
-—-all  —al3 2.677 2.885
ald b100 —2.935 3.029
b201  ---b400 ----3.281 ---3.724
—b500 - b601 0.6 —3.899 ---4.101
b701  ---b800 ----4.228 ---4.335
—b801L 900 —4.337 —4.387
b999 b1001 ~--4.868 ---5.018
b1200 --b1401 0.5 —5.120 5,565
----b1500 ---b1501 = 5.578 5.605
—b1601 ----cl g 5.636 5.671
,,,,,,, 2 c 6.075 6.076
~=2e5 —c6 0.4 6.383
"""" c7 ----c9 6.493
---c10 —cl1 ~6.911
——————— c12  ----cl3 7.253
——-cl4  —cl5 0.3 7.402
rrrrrrr cl6  ~-d101 ~=-7.679
4106 ——d11 N b W —7.927 e 7.937
412 a0 ---8.180
---d35a  ---d35b 02 ol ST el 8.294
—d3sc - d36 -—-8.546
d42  ——-da7 T T e 8.596
—d5 e dso ---8.648
--d51 ---d52 o1 —871 - 9249
o o] o o 8 o o o o o o o o~ o = 9 291 __-9'909
s &£ & & —d6 deo S s S £ 8 v S F 043911978
2@ deB  ---d9 2 ¢ 8 ~oR & @ ;
—d99 Date --13.873

(a) (b)

Figure 2. Seasonal trajectories of the simulated field-level NDRE values from 24 May to 1 September
2019, across the fields (a) by site and (b) by yield in Mg/ha. (a) Site IDs and field IDs are combined in
the legend (e.g., al = Site A Field 1; d60 = Site D Field 60). (b) Lower yields are shown in cooler colors
(e.g., purples and blues), and higher yields are shown in warmer colors (e.g., oranges and reds).

3.2. Optimal Date of NDRE for Estimating Perennial Bioenergy Grass Biomass Yields

Figure 3 shows (a) the seasonal trajectories of the correlation coefficient (R) between
the recorded perennial bioenergy grass biomass yields at the field level and the simulated
NDRE values across the study season and (b) a scatter plot of the simulated NDRE values
against the recorded yields on the selected date. The trajectories showed strong correlations
between the NDRE and the recorded yields around mid-July for Sites B, C, and D, peaking
on 8, 13, and 7 July, respectively (Figure 3a). Site A showed two strong NDRE-yield peaks,
one on 2 July and the other on 12 August. Varying timings of the onsets of senescence
and harvest were also apparent in the correlation trajectory (Figure 3a). Harvest at Site
D began approximately 50 days earlier than at Site A. Compared to lowland varieties for
other sites (‘Kanlow” and ‘Alamo’), the short growing season of the upland switchgrass
variety (‘Blackwell’) grown on Site D likely determined the earlier harvest for the site.

When the data from all study sites were pooled, the NDRE-yield correlations exceeded
0.78 for 11 days, from 31 July to 10 August, with the strongest correlation occurring on
5 August (R = 0.79; Figure 3a). However, there was great uncertainty in the simulated
NDRE values for Site D on 5 August because the biomass for the site was completely
mowed by that date. Because of a lack of images for Site D during that period (Table 1),
we could not manually exclude the mowed fields from the dataset. An alternative date
for estimating the perennial bioenergy grass biomass yields for the four sites was 30 July
(R=0.77). The correlation indicated that the NDRE could explain approximately 59% of the
yield variation. When excluding Site D, we found the strongest NDRE-yield correlation on
11 August (R = 0.85; Figure 3b), which was prior to mowing for the three remaining sites.
Thus, we selected 11 August and opted to exclude Site D from the subsequent perennial
bioenergy grass biomass yield estimation. This resulted in a total of 43 data points or fields
for analysis, which allowed three subsets containing nine data points and two subsets
containing eight data points for five-fold cross validation for the all-site estimation.
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Figure 3. Correlations between the recorded perennial bioenergy grass biomass yields and the NDRE
for the study sites during the study season. (a) Seasonal trajectories of the correlation coefficient (R)
between the recorded perennial bioenergy grass biomass yields at the field level and the simulated
NDRE values across the study season and (b) a scatter plot of NDRE values on 11 August 2019 against
the recorded yields.

3.3. Accuracy of Estimated Field-Level Perennial Bioenergy Grass Biomass Yields Using a Linear
NDRE Regression Model

Figure 4 shows scatter plots of the recorded field-level perennial bioenergy grass
biomass yields against the estimated yields using a linear NDRE regression model. For
the all-site estimation, the estimated field-level perennial grass biomass yields showed a
strong correlation with the recorded biomass yields (median R? = 0.75, Figure 4a). The
estimated biomass yields were most consistent with the recorded yields of all biomass yield
estimations performed in this study, which is indicated by a slope of 0.86 (close to 1) and
an intercept of 0.26 (close to 0) (Figure 4a).

For the cross-site estimation, correlations between the estimated and recorded yields
varied across the sites, ranging from R? = 0.33 to R? = 0.68 (Figure 4b,c). The highest biomass
yield estimated for Site A was 9.7 Mg/ha, despite the site’s highest recorded yield being
13.9 Mg/ha. The biomass yields for Site B had the most consistent relationship with the
recorded yields (slope = 0.85, intercept = 0.31) of all three sites in the cross-site estimation,
despite their moderate correlation (R? = 0.44; Figure 4c). The estimated yield for Site C was
minimally correlated with the recorded yields at R? = 0.33 (Figure 4d).
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Figure 4. Scatter plots of the estimated and recorded perennial bioenergy grass biomass yields at the
field level for (a) all sites: (b) Site A, (c) Site B, and (d) Site C. The biomass yields were estimated
using a linear regression model with the simulated NDRE for 11 August 2019, pooled from (a) all
three sites (all-site estimation) and (b—d) the other two sites (cross-site estimation). The scatter plot
for the all-site estimation (a) represents the model iteration resulting in the median R?.
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3.4. Statistical Significance of the NDRE for Estimating the Perennial Bioenergy Grass Biomass
Yields Using a Linear Regression Model

Table 2 summarizes the statistics of the estimated perennial bioenergy grass biomass
yields using a linear NDRE regression model for the all-site and cross-site estimations. For
the cross-site estimation, Site B, growing the most diverse perennial bioenergy grasses
(Table 1), had the largest error (RMSE = 1.9 Mg/ha, MAE = 1.5 Mg/ha; Table 2) of all
three sites. Site C, having the lowest average biomass yields (2.7 Mg/ha; Table 1), had the
smallest error (RMSE = 1.6 Mg/ha, MAE = 1.4 Mg/ha; Table 2). For the all-site estimation,
the correlation between the estimated and recorded biomass yields had a smaller error
(RMSE =1.5Mg/ha, MAE = 1.2 Mg/ha) than any of the cross-site estimations (Table 2).

Table 2. Accuracy of the estimated perennial bioenergy grass biomass yields based on a linear
regression model using the simulated NDRE for 11 August 2019.

RMSE MAE
: 2
Site R (Mg/ha) (Mg/ha)
All 076 15 12

A 0.69 18 14

B 0.4 19 15

C 033 16 14

The perennial bioenergy grass biomass yields for Sites A, B, and C were estimated using the data pooled from
the other two sites. The biomass yields for all sites were estimated using the data pooled from all three sites.
R? = coefficient of determination, RMSE = root mean square error, MAE = mean absolute error.

As the statistics show, the pooled data from all sites would be most successful for
estimating the perennial bioenergy grass biomass yields. To examine the efficacy of the
model with the all-site approach, we performed an F-test based on ten iterations of the lin-
ear regression analysis using 75% of the randomly selected data points (i.e., 31 fields)
from the entire dataset for each iteration. The R? values for those iterations ranged
from 0.70 to 0.80. The F values ranged from 67.6 to 114.3, all of which were outside the
99% confidence interval of between 0 and 7.56. The F values were statistically significant
(p < 0.01) for all iterations. These results suggest that the NDRE was significantly effective
for estimating the perennial bioenergy grass biomass yields using a linear regression model
with data pooled from all sites.

3.5. Bias and Consistency in Estimating the Field-Level Perennial Bioenergy Grass Biomass Yields
Using a Linear NDRE Regression Model

The plots in Figure 5 show errors in the estimated field-level perennial bioenergy grass
biomass yields using a linear NDRE regression model based on the all-site and cross-site
estimation approaches. The estimation error for the all-site estimation was approximately
+0.5 Mg /ha across the recorded yields, except for two fields with high yields, which did not
establish a clear bias or inconsistency in the biomass yield estimation (Figure 5a). Each of
the three sites showed distinct patterns in the cross-site estimation (Figure 5b—d). The model
increasingly underestimated the biomass yields as the recorded yields increased, indicating
inconsistent estimation across the yields within the site (Figure 5b). The magnitude of the
estimation errors for Site B were evenly distributed across the recorded yields, indicating a
consistent estimation with a minimal bias in the yield estimation (Figure 5c). For Site C, the
model consistently overestimated the biomass yields across the yields, indicating a positive
bias in the estimation (Figure 5d). Inadequate representation of low yields in the data from
Sites A and B likely caused the bias (Table 1).
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Figure 5. Plots of errors in the estimated field-level perennial bioenergy grass biomass yields at
(a) all sites, (b) Site A, (c) Site B, and (d) Site C. The biomass yields were estimated using a linear
regression model with the simulated NDRE for 11 August 2019, pooled from (a) all three sites (all-site
estimation) and (b—d) the other two sites (cross-site estimation). The scatter plot for the all-site
estimation (a) represents the model iteration resulting in the median R?.

4. Discussion
4.1. Impact of the Harvest Date on Determining a Common Optimal Date for Multiple Sites

Determining the optimal date for estimating the perennial bioenergy grass biomass
yields across multiple sites was not straightforward, despite the availability of daily NDRE
values for all sites from the simulation. Based on our previous study [32], we expected
to find a common optimal date for all sites if index values were available from all dates.
However, in the current study, a notably early harvest for Site D (i.e., end of July through to
the beginning of August) prevented us from using the date with the strongest index—yield
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correlation (i.e., 5 August). Because grass types and the regional climate strongly influence
the timing of the harvest, estimating biomass yields using a single date for multiple sites or
across regions is challenging, especially if the optimal date approaches the late growing
season. This is one anticipated limitation for scaling our current remote sensing method for
estimating the perennial bioenergy grass biomass yields.

4.2. Possible Transition of the NDRE Indication from the Early to the Late Growing Season

The optimal late summer date for estimating the perennial bioenergy grass biomass
yields suggested a possible change in the indication of the NDRE during the growing
season. We observed that the NDRE correlates with specific plant types from the early
season to mid-season, while the index correlates with the overall biomass in the late season.
Figure 6 presents side-by-side comparisons of accuracy measures (i.e., R?, MAE, and RMSE)
(a) between the all-site estimation in the current study and the site-specific estimation
in our previous study [32] and (b) between the all-site and cross-site estimations in the
current study. The site-specific estimation using the site-specific optimal date in mid-
summer [32] had more accurate estimated biomass yields than the all-site estimation using
the common optimal date in late summer (i.e., 11 August), except for Site B (Figure 6a). This
observation is consistent with existing studies [23-25], suggesting that plant- or species-
specific relationships between the index and biomass are often strongest at or near the
peak greenness.
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Figure 6. Comparison of the model performance for the field-level perennial grass biomass
yield estimation for the (a) all-site estimation using 11 August data in the current study vs. the
site-specific estimation on site-specific optimal dates in July from the previous study [32] and
(b) all-site vs. cross-site estimations using 11 August data in the current study.

Unlike the previous comparison, when using a date in late summer (i.e., 11 August),
the all-site estimation had more accurate estimated biomass yields than those from the
cross-site estimation (Figure 6b). These contrasting observations suggest that, from early
summer to mid-summer, the NDRE values are strongly correlated with the biomass yields
of each perennial bioenergy grass type with distinct characteristics (e.g., color, structure) or
a combination of those grasses when the biomass accumulation is at or near its peak. In
the late season, the correlations of NDRE values changed to the overall biomass as those
distinct characteristics weakened through senescence. Examining relationships between
the recorded yields and index values by perennial bioenergy grass types across multiple
dates during a season would allow for the testing of this hypothesis.

4.3. Challenge in Estimating Biomass Yields for Sites with Hetergeneous Perennial Bioenergy
Grass Production

Regardless of the timing of the optimal date, estimating the perennial bioenergy
grass biomass yields was challenging for the site growing heterogeneous grass types
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across the fields. The accuracy of the estimated biomass yields for Site B was consis-
tently lower than that of the other sites across the measures, regardless of the estimation
(Figure 6). The site had various perennial bioenergy grass types growing across the fields,
including switchgrass, Miscanthus, and mixed grass (Table 1). This heterogeneity created
varying NDRE-yield relationships within the site, resulting in a moderate correlation
between the estimated and recorded biomass yields, even on the date with the strongest
NDRE-yield relationship for the site (13 July, R? = 0.61 [32]). Stratifying the Site B fields by
grass types would enable analyses of type-specific NDRE-yield relationships with those of
Site A (switchgrass) and Site C (mixed grass). These analyses could reveal optimal dates
by perennial grass instead of by site, which would influence the strategy for scaling the
estimation of the perennial bioenergy grass biomass yield across large areas.

For this heterogeneous site, the all-site estimation using 11 August data had more ac-
curate estimated biomass yields than both cross-site and site-specific estimations (Figure 6).
This may support the hypothesis of the attenuation of the species-specific index-yield rela-
tionship later in the season in addition to the observations discussed in the previous section.

4.4. Limitations Associated with Inconsistent Yield Ranges across the Study Sites

The primary reason for larger discrepancies between the estimated and recorded
perennial bioenergy grass biomass yields for the cross-site estimations (Table 2, Figure 6a)
than those for the all-site estimations (Table 2, Figure 6a) was the inconsistent yield ranges
across the study sites. For example, low yields for Site C were not represented in the
model developed using the data from Sites A and B, which had moderate to higher yields
(Table 1); thus, the model did not have the ability to accurately estimate low yields for Site
C. Similarly, higher yields for Site A were not well explained in the model by the data from
Sites B and C, which had lower to moderate yields; thus, the model could not accurately
estimate high yields for Site A. Properly evaluating the cross-site approach would require
yield ranges comparable across the sites or those with a great overlap.

5. Conclusions

We investigated the indicative power of NDRE for estimating field-level perennial
bioenergy grass biomass yields for study sites with mature stands in central Virginia, USA
using a linear regression model. To compensate for the varying image availability across
the sites, we simulated daily NDRE values across the 2019 season based on the temporally
weighted averaging of two temporal neighbors in the index calculated from the available
images. Using the simulated NDRE values on the date with the strongest index—yield
correlation, we estimated the field-level perennial bioenergy grass biomass yields for the
three sites using data pooled from all of those sites (all-site estimation) and for each site
using the data pooled from the other two sites (cross-site estimation). We compared the
correlations and discrepancies between the estimated and recorded biomass yields for the
two estimation approaches as well as with those from the previous site-specific study [32].
Overall, the results showed a strong potential for utilizing a linear NDRE regression model
for estimating field-level perennial bioenergy grass biomass yields when using the data
pooled from all study sites. In addition to this finding, there were key takeaways from this
study for scaling the remote sensing method tested in this study:

1. Inconsistent with the existing studies [24,25,32], the optimal date for estimating field-
level perennial bioenergy grass biomass yields for the central Virginia sites using the
pooled data was in late summer (11 August). We hypothesized that the index-biomass
relationships specific to a perennial bioenergy grass type are the strongest in early
summer to mid-summer [24,32] and become more indicative of the overall biomass
than the biomass specific to a certain grass type as crops mature and senesce later in
summer. This could be an important consideration for scaling the perennial bioenergy
grass biomass yield estimation for a large number of sites. Examining relationships
between the recorded yields and index values by perennial bioenergy grass types from
early summer to right before harvest would allow the testing of this hypothesis.
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2. We should expect an earlier harvest for sites with a short growing season or for
growing perennial grasses with earlier peak biomass yields than other sites. The
optimal date may overlap with, or occur after, harvest for those sites. The sites
with early harvest may require a separate model because of their potentially distinct
yield-index relationships. This would be a critical limitation for scaling the current
method for estimating perennial bioenergy grass biomass yields over large areas.

3. Regardless of the approach (i.e., all-site, cross-site, or site-specific estimations), esti-
mating the biomass yields for a site with heterogeneous perennial bioenergy grasses
is more difficult than for sites with a monoculture or uniform mixed grass for the
fields within a site. Stratifying the fields by grass types would allow type-specific
index—yield relationships to be compared for fields with comparable crop types. This
comparison could determine the optimal date for yield estimation by grass type.
It could also identify grasses that may hinder the remotely sensed biomass yield
estimation using a single model due to their unique spectral-response characteristics.

Based on the above takeaways, we recommend an investigation of the index—yield
relationships across perennial bioenergy grasses using sites with comparable yield ranges
to understand (1) the specificity of the index—yield relationship by the perennial bioenergy
grass type, (2) the change in its strength across seasons, and (3) the possibility of generating
a universal model for the perennial bioenergy grass biomass yield estimation across large
areas. Such a study for multiple seasons could further the development of a scalable
biomass yield estimation approach for perennial bioenergy grasses using remote sensing.
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