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Figure 5. Spectra of the 18 Sorghum Varieties in HyCal-18 panel on 18 July 2018. The varieties are very
similar in the visible range of the spectrum, but substantial variability is observed in the near infrared
(NIR) portion of spectrum.

 

Figure 6. Example of reflectance of one of the varieties in HyCal-18 experiment (“Trudan 8”) during
the 2018 growing season.
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Figure 7. The 8 cm resolution DSM for multiple dates in the 2018 growing season for the
SbDivTc experiment.
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“341 × 10” “Trudan Headless” 

Figure 8. Point cloud data for rows two and three of two plots of the HyCal-18 experiment for multiple
dates in the 2018 growing season. “341 × 10” and “Trudan Headless” achieve maximum height of 1.4
m and 3.2 m, respectively.

Figure 9 shows the mean and standard deviation of the height of all the plots for all the experiments
in the 2017 and 2018 growing seasons extracted from the LiDAR point clouds, providing structural
characteristics of the varieties planted in each experiment. For both HyCal-17 and HyCal-18, the
height increases as the headless varieties continue to grow until the end of the season. The SbBAP-17
experiment also has the maximum average height at the end of the season, as it includes many plots of
photoperiod sensitive genotypes that do not flower. The InCal-17, InCal-18, and SbDiv-17 include
similar inbred varieties; thus, they have a very similar average height (also the lowest height values
among the experiments). As was noted earlier, a histogram of the height of the points from the
LiDAR point cloud provides information about the distribution of different height values in a plot.
This genotype dependent information may be discriminating in predictive models. Figure A3 in
Appendix B shows the histograms for the dwarf grain sorghum 341 × 10 and the photoperiod sensitive
Trudan Headless varieties in the HyCal-17 experiment.

 

  
Average height Standard deviation of height 

Figure 9. Average and standard deviation of the height of all the plots in each experimental trial in the
2017 and 2018 growing seasons.

The multi-temporal and cross-correlations during the growing season can be useful for screening
for redundant features. Figure 10 shows the correlation matrices for the OSAVI and LiDAR-based
canopy cover calculated using the combined data acquired over the HyCal-17 experiment in the 2017
growing season. It illustrates the rapid changes at the beginning of the season, especially prior to the
flowering time (second week of July for this experiment) which is associated with the rapid growth
of the plants. From Figure 10, OSAVI changed more than the canopy cover during the early season,
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and end of season OSAVI values have lower inter-temporal correlation compared to the correlation
between the canopy cover values on corresponding dates.

  
OSAVI Canopy Cover 

Figure 10. Correlation matrix calculated using all the remotely sensed hyperspectral data over the
HyCal-17 experiment on different dates in the 2017 growing season. Note that as the light detection and
ranging (LiDAR) and hyperspectral sensors were flown on separate platforms, the number of available
data sets differs, and the data were not always collected on the same day.

Similar to the last section, Figures 11 and 12 show the results of the multiple-comparison Tukey’s
test for the OSAVI and volume features for the HyCal-17 and HyCal-18 experiments on multiple dates
during the 2017 and 2018 growing seasons. These results are consistent with the results of Tukey’s test
conducted on biomass data in the previous section, which greater variability among the varieties at the
end of each growing season.

DAS: 49 DAS: 63 DAS: 84 DAS: 122 

Figure 11. Multiple-comparison Tukey’s test for the OSAVI index for the 18 genotypes planted in
HyCal-17 experiment collected throughout the 2017 growing season. Green shows the two varieties are
significantly different from each other (α = 0.05).

. 

DAS: 34 DAS: 50 DAS: 71 DAS: 90 

Figure 12. Multiple-comparison Tukey’s test for the LiDAR-based volume for the 18 genotypes planted
in HyCal-18 experiment collected throughout the 2018 growing season. Green shows the two varieties
are significantly different from each other (α = 0.05).
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4.1.3. Relationship between Features and Biomass

In this section, the relationship between the biomass data and RS features, as well as the change in
their relationship during the growing season, is discussed. Figure 13 shows one feature from LiDAR
(90th percentile height of the plants), one feature from hyperspectral data (Intg_NIR1), and the biomass
data for the dwarf grain sorghum 341 × 10 and the photoperiod sensitive Trudan Headless varieties,
both from the HyCal-17 and HyCal-18 experiments (one with low and one with high biomass values).
To compare the data from the two years at the same stage of growth, the data are plotted versus
growing degree day (GDD), a heat index calculated from temperature data for each day [68]. At GDD
of 2100, the biomass in 2018 for both varieties was slightly higher than in 2017 (as noted in Table 1,
the HyCal-18 was planted two weeks earlier than HyCal-17). The height data, Intg_NIR1, and biomass
data follow the same pattern of change over time for each variety in both growing seasons. The height
for the photoperiod sensitive variety (“Sordan Headless”) always increases, while other varieties stop
growing around flowering time (GDD of 1500); the Intg_NIR1 increases rapidly earlier in the season,
and then gradually decreases at around GDD of 1500 until the end of the season; the biomass continues
to increase, and especially for the photoperiod sensitive variety. Inter-annual differences also inherently
include the impact of the timing and quantity of rainfall.

   

(a) Height (b) Intg_NIR1 (c) Biomass 

Figure 13. Comparison of the 90th percentile height (a), Intg_NIR1 (b), and the biomass data (c) for the
dwarf grain sorghum 341 × 10 and the photoperiod sensitive Trudan Headless varieties in the 2017 and
2018 growing seasons.

For each feature extracted from the RS data, the simple prediction potential (R2) and associated
changes during a season were investigated using linear regression-based models for the end of season
biomass prediction. Robust features should be applicable across the varieties, at least for common
experiments. Figures 14 and 15 show the R2 values of the models for each feature extracted from
LiDAR and hyperspectral VNIR data, at four stages of growth and for all nine experiments conducted
in the 2017 and 2018 growing seasons. From Figure 14, the 30th percentile height and volume features
provided the highest R2 values for predicting the end of season biomass among the LiDAR-based
features for both HyCal-17 and HyCal-18 experiments, as the varieties in those experiments were
more diverse in their structural characteristics, providing strong potential for biomass prediction using
geometric-related features. The R2 values for different LiDAR-based features in the InCal-17, InCal-18,
and SbDiv-17 experiments are very similar, which is consistent with Figure 9; they all have the lowest
average height and lowest variability in height compared to the other experiments, resulting in lower
R2 values for these experiments compared to the experiments with hybrid cultivars. For both InCal-17
and InCal-18 experiments, the highest R2 values were obtained from feature #5 (coefficient of variation
of height), which is representative of the distribution of the points in the canopy point cloud. The R2

values of the models developed for the SbDivTc-18 and InCalTc-18 are lower than the HyCal-17 and
HyCal-18 experiments, but the same features (features #1, #2, and #5) provided the maximum R2 for all
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of these experiments, which include hybrid cultivars. The SbBAP-17 also includes hybrid cultivars;
however, the R2 values for all the features are lower compared to all other experiments, mainly because
the last LiDAR data were collected on August 30th, and included many photoperiod sensitive cultivars
which grew until the final biomass data were collected at the harvest (28 September). Other varieties
did not grow during this time, which impacted the biomass–height relationships. Generally, for the
experiments with the hybrid cultivars (refer to Table 1), the late season data sets provided the highest
R2, while for the experiments that included inbred cultivars, the data sets of GDDs yielded the lowest
R2 values.

 

   

(a) HyCal-17 (b) InCal-17 (c) SbDiv-17 

   

(d) SbBAP-17 (e) HyCal-18 (f) InCal-18 

   

(g) InCalTc-18 (h) SbDivTc-18 (i) SNitTs-18 

Figure 14. R2 values of the linear regression-based models developed for the end of season fresh
biomass using LiDAR-based features at four stages of growth. Features 1 to 8 represent: #1: 30th
percentile height, #2: 50th percentile height, #3: 95th percentile height, #4: coefficient of variation of
height, #5: volume, #6: canopy cover (threshold = 0.1), #7: canopy cover (threshold = 0.3), #8: canopy
cover (threshold = 0.5).

For the hyperspectral features shown in Figure 15, the highest R2 values are associated with
InCal-17 and InCal-18, collected on ~80 DAS, while for other experiments, the dataset of ~95 DAS
yielded the highest R2 values. Moreover, the same pattern for R2 values for the features of the InCal-17,
InCal-18, and SbDiv-17 was observed. For these panels, the R2 is generally higher than the panels that
include hybrid cultivars.

Given similar trends of the regression models shown in Figures 14 and 15, the models were
developed across all the experiments for each of the features, and all the available dates to investigate
the potential for using a common set of features for all experiments and times for the multiple input
predictive models. The average R2 for each feature, from all the dates and all the experiments is provided
in Figure 16, which shows volume, 30th percentile height, OSAVI, FDR-min, and NDWI features had
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the highest average R2 from LiDAR, VNIR, and SWIR data sets, respectively. Linear regression models
were also developed for the individual band values from both hyperspectral VNIR and SWIR data.
The average and maximum R2 for each band from all the dates and all the experiments are shown in
Figure 17, which shows that the area of spectrum between 750 and 1100 nm provided the highest R2 for
the linear regression models. While the R2 values for some experiments and some dates for the bands
in 2000–2300 nm are relatively high (30–60%), the average R2 values are much lower in comparison to
the 750–1100 nm range.

 

   

(a) HyCal-17 (b) InCal-17 (c) SbDiv-17 

   

(d) SbBAP-17 (e) HyCal-18 (f) InCal-18 

   

(g) InCalTc-18 (h) SbDivTc-18 (i) SNitTs-18 

Figure 15. R2 values of the linear regression-based models developed for the end of season fresh
biomass using visible and near infrared (VNIR) features at four stages of growth. Feature 1 to 8
represent: #1: FDR_min, #2: Intg_NIR1, #3: SDR_slope, #4: Intg_NIR1, #5: NDVI, #6: SR800,680, #7:
OSAVI, and #8: MCARI.

Figure 16. The average R2 values of the linear models developed for all the dates and all the experiments
for each feature type from hyperspectral and LiDAR data.
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Figure 17. Average and maximum R2 values of the linear models developed for all the dates and all
the experiments for each band from hyperspectral VNIR and short-wave infrared (SWIR) data.

4.2. Biomass Predictive Models

In this section, the results related to the impact of different regression methods, the time of biomass
sampling and remote sensing data acquisition, and the number of samples on the prediction results
are provided.

4.2.1. Impact of the Data Source and Regression Method on the Prediction Results

To evaluate the performance of different regression-based modeling approaches, PLSR, SVR, and
RF were implemented for end of season biomass prediction using the LiDAR and hyperspectral data
collected in each growing season. Figure 18 shows the R2 values of the predictions relative to the
reference data for all the experiments, using six data sources (LiDAR, VNIR, SWIR, and combinations),
and the three methods. For each prediction with a data source, all available data sets over the whole
season were used for training and validation of the models, where two thirds of the sample data (or a
maximum of 200 samples) were randomly selected 100 times for the training of the algorithm, and the
remaining samples were used for cross validation via the hold-out method. For all the experiments
except the SNitTs-18, all the replicates of a variety were assigned to either the training or test sets
to avoid any impact from the number of replicates on the prediction results. SNitTs-18, however,
included only four varieties, and a different number of replicates for each variety; thus, the training
and test sets were assigned randomly from the plots regardless of their varieties for this experiment.
Potential reasons for differences in predictions include:

(i) Diversity in the samples: the regression models are better able to learn the pattern in the data
when the samples are more diverse.

(ii) Number of data samples: the larger the number of data points in an experiment, the higher
accuracies are typically achieved for the prediction.

(iii) Similarity between the training and test data sets; if the training and test data sets are very
different, then overfitting can occur for the training data set, resulting in decreased accuracy of
the predictions. Note that this can happen when the number of data samples is limited, which
causes unlike training and test sets, even when the samples are selected randomly. Additionally,
if there is a significant range of biomass values in one experiment, there is more chance to have
dissimilar training and test sets.
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(a) HyCal-17 (b) InCal-17 (c) SbDiv-17 

(d) SbBAP-17 (e) HyCal-18 (f) InCal-18 

(g) InCalTc-18 (h) SbDivTc-18 (i) SNitTs-18 

Figure 18. R2 values of the end of season fresh biomass predictions, using six data sources, and the
three partial least squares regression (PLSR), support vector regression (SVR), and Random Forest (RF)
methods for all the experiments conducted in the 2017 and 2018 growing seasons.

Figure 18 shows that the highest accuracy of end of season biomass prediction using all
combinations of data sources was achieved for the SNitTs-18 experiment. There were two nitrogen
treatments in this experiment; half of the plots in this experiment were fertilized with 250 kg/ha
nitrogen while the other half were not fertilized, causing high and low biomass values for the plots,
high diversity in the reflectance data from the hyperspectral images, as well as high diversity in
geometric-based features extracted from LiDAR point cloud (reason i). As was noted, samples were
assigned to the training and test sets for this experiment differently from the other experiments, causing
multiple samples of each variety to be assigned to both the training and test sets, resulting in increased
similarity in the two sets (reason iii).

The highest accuracy of prediction using LiDAR features as the sole input was obtained for the
HyCal-17 and HyCal-18 experiments, which include hybrid cultivars that are more diverse in structural
characteristics compared to the inbred cultivars; thus, the regression model can distinguish and relate
the LiDAR-based features to the biomass data (reason i), which is consistent with the results in Figure 14.
In general, the predictions are more accurate for the experiments that include hybrid cultivars. As was
shown in Figure 9, the InCal-17, InCal-18, and SbDiv-17 have the smallest standard deviation in the
LiDAR-based height, indicating that the associated varieties have similar structural characteristics.
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The predictions for the SbDiv-17 are more accurate than the predictions for the InCal-17 as more
samples were available for the training set, 200 for SbDiv-17, and 80 for InCal-17 (reason ii). For the
SbBAP-17, the prediction accuracies are lower than most of the other experiments. This experiment
included varieties that were highly diverse in terms of structural characteristics (Figure 9), also had
a much larger range compared to the other experiments. This resulted in dissimilar samples in the
training and test sets (reason iii). Figure 19 shows a box plot for the fresh biomass data for all the
experiments, and the SbBAP-17 experiment had the greatest range of biomass values among the
experiments, the lowest accuracies for the predictions, while SNitTs-18 experiment has the smallest
range and the highest R2 values for the predictions.

 

Figure 19. The box plot for the fresh biomass data for all the experiments conducted in the 2017 and
2018 growing seasons.

For HyCal-17 and HyCal-18 experiments, PLSR, SVR, and RF models were developed using all
three data sources and leave-one-out cross validation strategy, where in each fold, one variety was
assigned as test and the other 17 varieties were included in the training set. The results are shown in
Figure 20. For both experiments, the SVR method provided the highest R2 values for the predictions.
For HyCal-17, all three regression methods underestimated the value of the biomass for one of the
photoperiod varieties (which also had the maximum biomass, as noted previously); however, the RF
model had the lowest accuracy. RF for both years resulted the lowest R2 as a result of overfitting as was
discussed earlier. All three methods resulted in predictions with lower accuracies for the experiment
in 2018 compared to 2017, which could be because the end of season biomass data were measured at
an earlier date in 2018, when all the plants had not reached full maturity.

 

   
(a) HyCal-17 (PLSR) (b) HyCal-17 (SVR) (c) HyCal-17 (RF) 

Figure 20. Cont.
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(d) HyCal-18 (PLSR) (e) HyCal-18 (SVR) (f) HyCal-18 (RF) 

Figure 20. Prediction results of PLSR, SVR, and RF models developed for the HyCal-17 and HyCal-18
experiments, using all the data sources and leaving-one-out cross validation strategy.

4.2.2. Predictions in Time

To evaluate the capability of remotely sensed data for predicting biomass through the growing
season, SVR models were developed for six dates in the 2017 and 2018 growing season for the HyCal-17
and HyCal-18 experiments. The R2 values of the predictions relative to the reference data are shown in
Figure 21. For each prediction, all the VNIR hyperspectral and LiDAR data collected prior to the date of
biomass measurement were used in the SVR models. The R2 values of the predictions at the beginning
of the season were lower compared to the end of the season, especially when using only VNIR features.
Early season growth is focused on the production of biomass from stalks and leaves, while mid-season
development is related to flowering and early development of panicles. Plant structural characteristics
do not change significantly after flowering in the mid-season, while spectral characteristics change
significantly especially during flowering with the emergence of the panicles.

Figure 21. The R2 of predicted biomass during the 2017 and 2018 growing seasons using the SVR
models developed based on VNIR hyperspectral and LiDAR data for the hybrid calibration panels.

4.2.3. Multi-Temporal Predictions of End-of-Season Biomass

It is highly desirable to predict the end-of-season biomass as early as possible during the
growing season to avoid unnecessary investment of phenotyping resources in non-productive varieties.
The SbBAP-17, SbDiv-17, and SbDiv-18 were chosen to conduct the evaluations in this section as they
had an adequate number of samples as well as RS data points and included both hybrid and inbred
cultivars. Figure 22 shows the accuracy of end-of-season biomass predictions for these experiments
using hyperspectral VNIR, SWIR, and LiDAR data from each date individually, and in combination
with the earlier dates. For both SbBAP-17 and SbDiv-17 experiments, the earliest data set yielded
very low prediction accuracies. For SbBAP-17, the best results when using features from individual
sensors for VNIR and SWIR data sets were achieved from 10 September with R2 = 0.60 and R2 = 0.54,
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respectively. Based on LiDAR data, 23 August resulted in the highest values, with R2 = 0.46. For the
SbDiv-17 experiment, the combined VNIR and LiDAR data sets of 25 July and 2 August provided the
highest accuracy of using individual data sets. For SbDivTc-18, the data inputs from 11 July resulted
an R2 of 0.75, which indicates the July data sets have good potential for biomass predictions. For all
three experiments, the best results were obtained when features from all the hyperspectral and LiDAR
data sets from the whole season were used, resulting in R2 of 0.63, 0.75, and 0.78 for the SbBAP-17,
SbDiv-17, and SbDiv-18 experiments, respectively. Although the best results were obtained using the
whole season RS data, the models developed using middle season data (DAS of ~60 to 80) were also
able to provide comparable accuracies.

 

 

(a) SbDiv-17 

 

(b) SbBAP-17 

 

(c) SbDivTc-18 

Figure 22. R2 for end of season predictions using hyperspectral and LiDAR data collected on different
dates for the SbBAP-17, SbDiv-17, and SbDivTc-18 experiment.
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4.2.4. Impact of the Number of Features and Samples on Biomass Prediction

As noted earlier, measuring biomass in the field is time-consuming and expensive; however,
it is still required for training the regression models. Generally, the greater the number of samples
for training, the more accurate the predictions. To evaluate the impact of the number of samples in
training set, the SVR and PLSR models are developed for end-of-season biomass prediction using all
the data sources and various numbers of samples in the training set. Each model was trained with a
specific number of samples, and the process was repeated 100 times, each time with a different, but
same sized set of randomly selected samples. The rest of the available samples were assigned to the
testing set. Figure 23 shows the median and standard deviation of the R2 values of developed models
for some of the experimental trials. The R2 of predictions for both SVR and PLSR models increase
as the number of training samples increases. However, the accuracy of PLSR models is higher than
SVR models when a smaller number of training samples is used. The rate of increase of R2 with the
respective increases in the number of training samples is higher for SVR compared to PLSR; thus,
when the maximum of available samples is used in training for experiments (e.g., for SbDivTc-18), the
SVR models had higher R2 values. For all the experiments, the standard deviation of the R2 values
decreases as the number of training samples increases, showing more reliable (repeatable) prediction
models are developed when more samples are available for training, as expected. However, for some
experiments such as HyCal-17, the standard deviation of R2 decreases initially, reaches a minimum,
then increases. This is attributed to the small total number of samples: using more samples in the
training set implies a smaller number of samples is available in the test set.

 

    
(a) HyCal-17 (PLSR) (b) InCal-17 (PLSR) (c) SbDivTc-18 (PLSR) (d) SNitTs-18 (PLSR) 

    
(e) HyCal-17 (PLSR) (f) InCal-17 (PLSR) (g) SbDivTc-18 (PLSR) (h) SNitTs-18 (PLSR) 

Figure 23. Impact of the number of samples on R2 of the predictive models using SVR and PLSR models.

5. Discussion

The predictions results with respect to the diversity, number of samples, and similarity between
test and training sets for all the experiments are summarized in Table 3.
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Table 3. Summary of the prediction results of the experimental trials.

HyCal-17
and 18

InCal-17
and 18

SbBAP-17 SbDiv-17 InCalTc-18 SbDivTc-18 SNitTs

Diversity Very High Low Very High Low High High High
Number of samples Low Low High High Low High Low

Test-training set
dissimilarity (range

of biomass)
High Low Very High Low High High Low

Prediction accuracy
(maximum R2)

High
(0.80)

Medium
(0.71)

Medium
(0.67)

Medium
(0.74)

Medium
(0.69)

High
(0.77)

Very high
(0.88)

In general, for the experiments with hybrid cultivars, RF models had lowest prediction accuracies
among the three methods, which is related to the fact that there was more dissimilarity between the
training and test sets in both RS and biomass data among the hybrid cultivars compared to those that
were inbred, and RF models can be overfitted to the training data set; thus, they may not provide as
accurate predictions as SVR and PLSR. For the InCal-18, however, RF yielded the highest accuracies
for most of the data sources. For the experiments with a sample size of 200 (SbDiv-17, SbBAP-17,
and SbDivTc-18), the SVR models provided the most accurate results, while for the experiments with a
lower number of data samples, PLSR provided the highest prediction accuracies.

A summary of the prediction results for various data sources and regression methods is provided
in Figure 24, where the R2 values of the nine experiments are shown in a box plot (RMSE values
are shown in Figure A6 in Appendix B). For the LiDAR data, the RF method provided slightly
higher median accuracies than PLSR and SVR, with lower variability in R2 values (more reliability).
When VNIR data was the only input, PLSR yielded more accurate results, which is similar to the results
obtained in [10] yield prediction of potatoes using VNIR hyperspectral data. For all other data sources,
SVR yielded a higher median R2. For SWIR and VNIR combined with SWIR sources, SVR provided
more reliable results, while for VNIR, VNIR combined with LiDAR, as well as a combination of all
data sources, PLSR provided more reliable results. Also, the SVR models provided the maximum R2

for all the data sources.

 

Figure 24. Box plot of the prediction results for various data sources and regression methods.

Similar to the study by Almeida et al. [69], an ANOVA test was performed on the prediction results
to determine the impact of the method and data source (e.g., sensor-based features) on the prediction
results. The ANOVA results provided in Table 4 show that the data source is the cause of 69% of the
variation in the prediction results, 28% for the regression method, and 3% for the interaction their
interaction. These results are consistent with those of [33,69]. This indicates that the data source should
also be considered to determine the regression method in the design of similar experiments. A similar
ANOVA test was performed on the R2 values for six experiments, including HyCal-17, HyCal-18,
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InCal-17, InCal-18, SbDiv-17, and SbDiv-18, of which three include hybrid cultivars, and three include
inbred cultivars. On this test, the cultivar type (hybrid or inbred) was considered as the third factor.
Recall that the sorghum hybrid cultivars are more variable in their characteristics than inbreds in terms
of biomass and structural characteristics. The results of this test in Table 5 indicate that the data source
also has the highest contribution to the variation in the predictions (44%). The regression method is the
cause of 26% of the variation in the prediction results, and less than 1% is attributed to the cultivar type.
However, the interaction between the regression method and cultivar is responsible for 24% of the
variation, suggesting that the cultivar type is another important factor to consider when determining
the regression method for developing predictive models.

Table 4. Analysis of variance of the R2 respective to the data source, regression method, and
their interaction.

Factor
Sum of
Squares

Degree of
Freedom

F Value p-Value 2 (%)

Data source 103.70 5 564.09 <2 × 10−14 68.59
Method 17.15 2 233.23 <2 × 10−14 28.36

Data source:method 9.24 10 25.14 <2 × 10−14 3.06
Residuals 594.95 16,182

Table 5. Analysis of variance of the R2 respective to the data source, regression method, cultivar type,
and their interactions.

Factor
Sum of
Squares

Degree of
Freedom

F Value p-Value 2 (%)

Data source 80.95 5 412.58 <2 × 10−6 44.18
Method 19.29 2 245.79 <2 × 10−6 26.32

Cultivar type 0.35 1 8.86 0.003 0.95
Data source:method 6.84 10 17.44 <2 × 10−6 1.87

Data source:cultivar type 4.03 5 20.53 <2 × 10−6 2.20
Method:cultivar type 17.59 2 224.12 <2 × 10−6 24.00

Data source:method:cultivar type 1.82 10 4.63 0.093 0.50
Residuals 422.37 10,764

Recommendations for Biomass Prediction

In this section, we summarize the findings of the tests conducted in this paper in the format of
recommendations to achieve reliable biomass prediction. The recommendations are based on the data,
the genotypes, and the location where the study was conducted; thus, they might not be generalizable.

• Regression Model

Both PLSR and SVR models provided more accurate predictions than RF. SVR generally provided
more accurate predictions, however, PLSR is preferable when the number of sample data points is very
limited (less than 50 samples) as well as when high variability in the biomass data is expected.

• Data Source

ANOVA analysis on the prediction results showed that the data source is the most important factor
on determining the accuracy of the predictions. Considering individual sensors, the features extracted
from VNIR provided the most accurate predictions. However, adding the geometric based features
extracted from the LiDAR data to the models improved the accuracy of the predictions significantly,
which is consistent with previous studies for biomass prediction in forest environments [44,69].
We recommend acquiring data from both VNIR and LiDAR sensors, if possible, for the most reliable
biomass prediction.
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• Flight Time and Frequency

The analysis on correlation between the data sets captured throughout the season showed
that changes occur more rapidly earlier in the season (a result of fast-growing plants), while the
multi-temporal data captured later in season are more similar. This implies that frequent data collection
at the end of season is not required. Moreover, the most accurate end of season biomass prediction
was achieved using the data captured around 60–80 DAS, which can be considered as an important
time for collecting RS data. Zhou et al. [70] obtained similar results, but for rice yield prediction using
UAV-based multispectral and digital imagery.

• Required Reference Data

Based on the results provided in Figure 24, we recommend collecting least 50 samples. If it is
expected to have high variability in the biomass data associated with the varieties in the experiments,
more samples would be required.

6. Conclusions

In this paper, we explored the potential for reliable prediction of sorghum biomass using
multi-temporal hyperspectral and LiDAR data acquired by sensors mounted on UAV platforms.
We developed prediction models using three nonlinear regression models for nine experiments
conducted in the 2017 and 2018 growing seasons at the Agronomy Center for Research and Education
(ACRE) at Purdue University. Experiments included multiple sorghum varieties with different sample
sizes, providing an opportunity for multiple statistical tests and models. Based on the experiments
conducted in this study, nitrogen and photosynthesis related features extracted from hyperspectral data
and geometric based features derived from the LiDAR data provided reliable and accurate prediction
of biomass. The 750–1100 nm range of the spectrum provided the most relevant information for
biomass prediction.

Both data source and regression method are important factors for a reliable prediction; however,
the ANOVA results show that the data source was more important with 69% significance, versus 28%
significance for the regression method. The number of samples in training set for the prediction is an
important factor for determining the accuracy of the predictions. Generally, the PLSR method provided
more accurate prediction models when the number of samples in training was limited. With increasing
samples, the rate of increase in the accuracy of the SVR models was higher than PLSR.

We also evaluated the prediction models with respect to the time of the RS data acquisition and
the time of harvest. The end-of-season biomass predictions were more reliable and accurate than the
mid-season predictions, as more varieties in the field were at the same stage of growth. With respect
to the remote sensing data, the best results were obtained using the RS data from the whole season;
however, the models developed using mid-season data (DAS of ~60 to 80) were also able to provide
comparably accurate results, which were useful for early screening of varieties.
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Appendix A

Table A1. Commercial varieties planted in the hybrid calibration panel.

Variety Variety Name Sorghum Type Company

1 849F Forage Pioneer
2 877F Forage Pioneer
3 327 × 36 BMR Forage Richardson
4 341 × 10 Forage Richardson
5 366 × 58 Food grain Richardson
6 374 × 66 Food grain Richardson
7 392 × 105 BMR Forage Richardson
8 400 × 38 BMR Sudangrass Richardson
9 400 × 82 BMR Sudangrass Richardson

10 HIKANE II Forage Sorghum Partners
11 NK300 Forage Sorghum Partners
12 NK5418 Grain Sorghum Partners
13 NK8416 Grain Sorghum Partners
14 SS405 Forage Sorghum Partners
15 Sordan 79 Forage Sorghum Partners
16 Sordan Headless Forage (photoperiod sensitive) Sorghum Partners
17 Trudan 8 Forage Sorghum Partners
18 Trudan Headless Forage (photoperiod sensitive) Sorghum Partners

Table A2. Remote Sensing Data Sets.

Year Data Type Field Dates

2017

RGB and LiDAR InCal, HyCal, SbDiv, and
SbBAP

16/06, 21/06, 27/06, 05/07, 11/07, 14/07, 17/07, 25/07,
02/08, 08/08, 23/08, 3008

VNIR
HyCal and InCal 21/06, 28/06, 04/07, 12/07, 18/07, 25/07, 08/08, 23/08,

30/08, 10/09, 15/09

SbDiv 21/06, 27/06, 04/07, 18/07, 25/07, 30/07, 08/08, 14/08,
23/08, 10/09, 24/09, 30/09

SbBAP 21/06, 27/06, 04/07, 18/07, 25/07, 30/07, 08/08, 14/08,
23/08, 10/09, 24/09

SWIR
InCal and HyCal 23/08, 30/08, 10/09, 15/09

SbDiv 02/08, 08/08, 14/08, 23/08, 30/08, 10/09, 30/09
SbBAP 02/08, 08/08, 14/08, 23/08, 30/08, 10/09

2018

RGB and LiDAR
HyCal, InCal, InCalTc,

and SbDivTc
22/05, 29/05, 04/05, 11/06, 20/06, 27/06, 02/07, 11/07,

18/07, 23/07, 01/08, 06/08

SNitTs 28/06, 03/07, 11/07, 17/17, 23/07, 01/08, 06/08, 16/08,
25/08, 05/09, 19/09

VNIR and SWIR
HyCal, InCal, InCalTc 04/06, 08/06, 14/06, 29/06, 03/07, 06/07, 11/07, 18/07,

25/07, 02/08, 09/08

SbDivTc 04/06, 08/06, 14/06, 29/06, 03/07, 06/07, 10/07, 11/07,
25/07, 02/08

SNitTs 28/06, 03/07, 11/07, 18/07, 25/07, 02/08, 13/08, 28/08,
04/09, 12/09, 18/09
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Table A3. Vegetation indices extracted from each HSI spectrum.

Data Type Index Name Formulation References

VNIR

NDVI (R750 − R705)/(R750 + R705) [70]
NDCI (R762 − R527)/(R762 + R527) [71]
Carte1 R695/R420 [72]

SR800,680 R800/R680 [73]
SR675,700 R675/R700 [74]
SR700,670 R700/R670 [75]
OSAVI (1 + 0.16) (R800 − R670)/(R800 + R670 + 0.16) [76]
MCARI [(R700 − R670) − 0.2(R700-R550)](R700/R670) [77]

REP 700 + 40[(R670 + R780)/2 − R700)]/(R740 − R700)) [78]
PRI (R531 − R570)/(R531 + R570) [79]

SWIR

NDWI (R860 − R1240)/(R860 + R1240) [80]

NDLI [log(1/R1754) − log(1/R1680)]/[log(1/R1754) +
log(1/R1680)] [81]

NDNI [log(1/R1510) − log(1/R1680)]/[log(1/R1510) +
log(1/R1680)] [81]

Table A4. Integration features extracted from each HSI spectrum.

Data Type Feature Name λa λb

VNIR
Intg_rededge 685 745

Intg_NIR1 770 910
Intg_NIR2 910 1000

SWIR
Intg_SWIR_r1 920 1353
Intg_SWIR_r2 1430 1800
Intg_SWIR_r3 1952 2385

Table A5. Derivative features were extracted from each first derivative (FDR) and second derivative
(SDR) spectrum.

Data Type Feature Name Description

VNIR

FDR_slope slope of the line that passes through the minimum of FDR and the
maximum of FDR in 660–690 nm range

FDR_min minimum of FDR
FDR_intg_ NIR1 integration of FDR in bands between 670 and 780 nm
FDR_intg_ NIR2 integration of FDR in bands between 910 and 1000 nm

SDR_slope_rededge slope of the line passing through the maximum and the minimum of SDR
SDR_intg integration of SDR in all bands

SWIR

FDR_slope_r1 slope of the line that passes through the maximum of FDR in 1000–1050 nm
range and the minimum of FDR in 1100–1200 nm range

FDR_slope_r2 slope of the line that passes through the maximum of FDR in 1475–1525 nm
range and the minimum of FDR in 1675–1725 nm range

FDR_slope_r3 slope of the line that passes through the maximum of FDR in 2000–2050 nm
range and the minimum of FDR in 2200–2300 nm range

FDR_intg-r1 integration of FDR in bands between 920 and 1353 nm

SDR_ slope_r1 slope of the line that passes through the maximum of SDR in 1100–1200 nm
range and the minimum of SDR in 1000–1100 nm range
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Table A6. Grid search parameters for regression methods.

Algorithm Hyperparameter Values Tested

PLSR Number of components 2, 3, 5, 10, 15, 20

SVR (RBF) C 10, 100, 1000, number of features
gamma 1/n, 0.0001, 0.001, 0.01, 0.1

Random Forest (RF)
Max tree depth 5, 10, 100

Min sample split 2, 10
Number of trees 50, 100, 500

Appendix B

(a) InCal-17 (left) and HyCal-17 
(right) 

(b) SbBAP-17 

(c) SbDiv-17 

Figure A1. RGB images of the field trials in 2017.
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(b) HyCal-18 (left), IyCal-18 (middle), and  
TcCal-18 (right), 

 

 

(a) SbDTc-18 (c) SNitT-18 

Figure A2. RGB images of the field trials in 2018.

 

 

Figure A3. Height histogram for “341 × 10” and “Trudan Headless” in the HyCal panel across the 2017
growing season.
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Figure A4. Variance of the spectra of the 18 Sorghum Varieties in HyCal-18 panel on 18 July 2018.
The varieties are very similar in the visible range of the spectrum, but substantial variability is observed
in the NIR portion of spectrum.

 

Figure A5. Example of reflectance variance of one of the varieties in HyCal-18 experiment (“Trudan 8”)
during the 2018 growing season.

 

Figure A6. Box plot of the prediction results for various data sources and regression methods.
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