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Remote Sensing (RS) based monitoring provides opportunities to acquire timely and reliable information on crop
growth at diverse scales. Crop yield forecasts can help decision makers to formulate policies on maintaining
national food reserves, sustaining food supply chains and attaining national food security. Inter field crop yield
heterogeneity arising from varied field management and agricultural practices necessitates this forecasting to be
done at field-level. Such field level information can aid farmers to identify gaps in water and farm management
practices and take corrective actions, if needed. So far, no scalable tools are available to predict crop yields at
field level that leverage the availability of open-access high-resolution RS data.
This research implements an operational framework to predict field level crop biomass by evaluating different
regression algorithms to develop data driven models, leveraging historical and near real time open-access high
resolution optical satellite data from Sentinel-2, radar data from Sentinel-1 and evapotranspiration (ETa) and Net
Primary Production (NPP) data from Food and Agriculture Organization’s (FAO) Water Productivity through
Open-access Remotely sensed data (WaPOR) platform. NPP is used as a proxy for biomass production/yield. Five
of the most commonly used regression algorithms were tested to build a data-driven model for sugarcane NPP
prediction in Wonji-Shoa sugarcane estate, located in the Awash Basin, Ethiopia. The models tested were the
Multivariate Linear Regression (MLR), Stepwise Multivariate Linear Regression (SMLR), Boosted Regression
Trees (BRT), Support Vector Regression (SVR), and Random Forest Regression (RFR).
The results revealed that for seasonal sugarcane NPP predictions, the linear regression models (MLR and
SMLR) yielded more accurate predictions than the non-linear machine learning models (BRT, SVR and RFR)
tested. The highest accuracy was achieved for MLR models for which estimates with 89% accuracy could be
made 4 months prior to the harvest and with accuracies of 79% up to 200 days (approx. 6.5 months) before the
harvest. The non-linear machine learning models, however, could not provide reliable estimates of sugarcane
NPP (accuracies < 61%). Cumulative vegetation indices (VIs) were found to have higher predictive power than
standard VIs for predicting future sugarcane NPP. Cumulative Enhanced Vegetation Index (EVI) was found to be
the variable with the highest predictive power, followed by VH polarized Sentinel-1 Synthetic Aperture Radar
data and WaPOR ETa. The study shows the usefulness of high-resolution RS information to predict seasonal NPP
at field level. The methods presented here can be translated into an automated framework towards an opera
tional system.

1. Introduction
Crop yield forecasts communicated well in advance during a season
can potentially support in making key decisions leading to optimal
production (FAO, 2000). At the field scale, forecasts can help farmers
understand gaps in on-farm management practices and make informed

decisions on efficient irrigation scheduling, harvest management, mar
keting, milling and other operations (Rahman and Robson, 2020). At the
national level, the information can help decision makers to formulate
policies on crop management, risk mitigation, import-export strategy,
marketing plans, business decisions, and other financial matters (Mosleh
et al., 2015). Thus, reliable yield forecasts can play a vital role in
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assessing national food policy and food reserves, thus supporting the
Sustainable Development Goal (SDG) 2 on achieving food security (Jin
et al., 2018).
Physical crop growth models have been used since late 1960s to
simulate crop physiological processes and to monitor and predict plant
growth and development (Todorovic et al., 2009). However, their
application is constrained by the complex parameterization process and
uncertainties associated with the spatial distribution of these parameters
(Doraiswamy et al., 2004). Empirical yield prediction models, on the
other hand, gained popularity due to fewer input parameters, flexible
structure, inexpensive development and easy application (GonzalezSanchez et al., 2014). Empirical models are based on (statistical) re
lationships between continuously monitored vegetation characteristics
and time series of remotely sensed vegetation parameters to estimate
future yields (Yue et al., 2018). Such models do not require a prior un
derstanding of the plant’s physiological mechanism and are therefore
relatively easy to implement.
Rapid and continuous advancements in Remote Sensing (RS) tech
nology provide an opportunity to acquire timely and reliable informa
tion on crop growth status at the local, regional and global scales (de Wit
and van Diepen, 2007; Launay and Guerif, 2005). The advantages of
using RS data in forecasting crop yield include all-season availability;
relatively low cost for data acquisition since most of the datasets are
open-access (costs may be associated with other high resolution or radar
datasets), and lesser effort in data acquisition as compared to traditional
field surveys (Mosleh et al., 2015). Further, near real-time open-access
imagery data is now available at a relatively high spatial and temporal
resolution with datasets such as Sentinel-2 A/B (with 10 m spatial res
olution and 5 day revisit time) and Landsat-8 (with 30 m spatial reso
lution and 16 day revisit time) (Blatchford et al., 2019). However, a
major challenge of such optical datasets is cloud cover, which contam
inates data over more than half of the earth’s surface throughout the
year (Wang et al., 1999). Satellite data from Synthetic Aperture Radar
(SAR) missions can acquire cloud-free data, irrespective of the weather
conditions (Liu et al., 2019) and hence can be used to improve the
spatiotemporal coverage of the earth observation data (Markert et al.,
2018). SAR signals can penetrate cloud cover and crop canopy covers
(Ranson and Sun, 1994) and are sensitive to the crop plant structure,
geometry and water content (Liu et al., 2019).
Several crop yield prediction studies were conducted by utilizing RS
data to develop statistical models, which include using regression to
predict the yield of corn, soybean, maize, wheat, rice and barley (Dor
aiswamy et al., 2005; Lambert et al., 2018; Mkhabela et al., 2011;
Mkhabela et al., 2005), non-linear piecewise regression to predict wheat
and rice yield (Prasad et al., 2007), and stepwise regression to forecast
rice yield (Huang et al., 2013). Most of these studies have been con
ducted on staple cereals, such as wheat, rice, maize and barley, and few
studies have explored the use of remote sensing for sugarcane yield
prediction (Everingham et al., 2016; Maldaner et al., 2021). Sugarcane
constitutes the source of more than half of the global sugar supply
(Abdel-Rahman and Ahmed, 2008). Recently, there has been a rapid
increase in the global production of sugarcane on account of rising sugar
demand, and its potential as a source of bioenergy and biofuel (McKay
et al., 2016). Less exploration of sugarcane yield prediction in compar
ison to the staple crops, coupled with its increased global demand,
highlights the need for growers and planners to obtain its reliable yield
estimates.
The overall objective of this study is to develop an operational
framework to generate seasonal Net Primary Production (NPP) predic
tion models for each field by leveraging historical and near real time
multi-source satellite data. The prediction power of remotely sensed
quantities in such models is also determined and further, the perfor
mance of different data-driven models is evaluated to accurately predict
seasonal crop biomass at the field level. Sugarcane NPP has been chosen
as a proxy for biomass/yield since obtaining reliable, accurate and
temporally continuous information on crop yield, especially at a spatial

resolution suitable for field-level analysis, is challenging as it requires a
number of crop and location specific variables to translate NPP to yield.
2. Methodology
A schematic workflow diagram representing the framework to
develop field scale crop NPP prediction models using remote sensing
data, is presented in Fig. 1. The different components of the methodol
ogy are further discussed below.
2.1. Data
Different data sets were used to derive the model variables at fieldlevel to carry out the regression analysis and predict future sugarcane
NPP. The optical imagery-derived model input variables were obtained
from Sentinel-2A/B level-1C orthorectified Top-of-Atmosphere (ToA)
data collected for the study period between 01 Jan 2016 and 31 Oct
2020, with cloud cover less than 20%. The period of availability of
Sentinel-2 imagery data also defined the study period. The spatial res
olution of the utilized bands varies between 10 m (B2, B3, B4, & B8) and
20 m (B5, B6, B7, B8A, B11, & B12), with a temporal resolution of
approximately 5 days. Multi-annual satellite imagery data were visual
ized, pre-processed, analyzed and downloaded using Google Earth En
gine (GEE)’s cloud-computing platform. The cloud detection and
masking is based on the Light Gradient Boosting Machine algorithm (Ke
et al., 2017) available in the Sentinel Hub’s cloud detection library.
For the radar derived input variables, Sentinel-1 SAR (Synthetic
Aperture Radar) dual-polarized C-band Level-1 GRD (Ground Range
Detected) images were obtained through GEE. This is level-1 high res
olution imagery collected under Interferometric Wide Swath (IW) mode
from both descending and ascending orbits. Both the polarimetric
measurements: vertically transmitted and vertically received back
scatter signal (VV), and vertically transmitted, but horizontally received
signal (VH) were used as model input variables. The spatial resolution
for both the polarization bands is 10 m with a temporal resolution of
approximately 12 days for the Sentinel-1 constellation. All the Sentinel1 images were already pre-processed in GEE using the processing
toolbox provided by the European Space Agency (ESA) that included
GRD border noise removal, thermal noise removal, terrain correction
and radiometric calibration (European Space Agency). However,
speckle filtering was not applied.
Vegetation indices were also used, including Normalized Difference
Vegetation Index (NDVI - Rouse et al. (1974)), Enhanced Vegetation
Index (EVI - Huete et al. (2002)), red-edge Chlorophyll Index (CI Gitelson et al. (2003)), and Radar Vegetation Index (RVI - Kim and van
Zyl (2009)). While NDVI, EVI and CI were obtained using combinations
of Sentinel-2 bands, RVI was derived using Sentinel-1 data. NDVI, EVI,
CI, and RVI were obtained as per Eqs. (1), (2), (3), and (4) respectively.
NDVI =

EVI =

CI =

B8 − B4
B8 + B4

2.5*(B8 − B4)
B8 + 6*B4 − 7.5*B2 + 1

B7
− 1
B5

RVI =

4*VH
VH + VV

(1)
(2)
(3)
(4)

where, B2, B4, B5, B7 and B8 represent corresponding band values of
Sentinel-2; and VH & VV represent the band values of Sentinel-1.
The remaining two variables, ETa and NPP, were obtained from the
Food and Agriculture Organization’s (FAO) Water Productivity through
Open-access Remotely sensed data (WaPOR) database. WaPOR provides
data sets at different spatial resolutions depending on the region of
2
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Fig. 1. Workflow for the field level sugarcane NPP prediction models using remote sensing data.

interest. For the study area, these data sets are available at 30 m spatial
resolution (Level 3) making it suitable to conduct field-level analysis
(FAO, 2020). Some studies have already indicated the robustness of the
WaPOR datasets (FAO and IHE Delft, 2019).
Since water stresses experienced by sugarcane during its critical
growth stages significantly reduce its yield and sugar content (Wie
denfeld, 2000), ETa was used as an indicator of water stress.
The WaPOR NPP data corresponds to the average NPP per day over a
dekadal, while yield corresponds to the harvested biomass over a season.
Yield is therefore, more closely represented by the cumulative NPP.
Hence, cumulated NPP, computed as per Eq. (5) from dekadal NPP data,
was used as the dependent variable to be forecasted.
cNPPn =

n
∑

NPPi

2.2. Data resampling and gap filling
A dekadal (approximately 10-days) temporal resolution was adopted
to match with that of the WaPOR derived NPP and ETa datasets. The
other datasets, Sentinel 1 (revisit time of 12 days) and Sentinel 2 (revisit
time of 5 days), were therefore resampled to the dekadal resolution.
Sentinel 2 scenes with less than 20% cloud cover were acquired. This led
to temporal gaps in an otherwise continuous time-series of the available
multispectral data, with maximum gap extending for 4 dekadals i.e. over
a month. Accordingly, the imagery data was resampled at the dekadal
scale as per the following 2 scenarios:
In the case of single image available in a dekadal, that image was
considered to represent that dekadal. For Sentinel-1, this was always
the case.
In the case of more than 1 image available in a dekadal, a single value
was obtained by averaging the available data. This was required only
for a few cases of the Sentinel-2 imagery.

(5)

i=1

where
cNPPn = cumulated NPP of the nth dekadal
NPPi = NPP of the ith dekadal

After obtaining the resampled dekadal imagery data, the temporal
gaps were identified and filled using the Locally Weighted Regression
(LWR) algorithm (Cleveland and Devlin, 1988) owing to its high per
formance to gap fill the vegetation indices (Cai et al., 2017; De Oliveira
et al., 2014). In LWR, a regression surface is fitted to input data through
multivariate smoothing. Similar to computing moving averages in a time
series data, the predicted variable is also fitted as a function of control
variables in a moving fashion (Cleveland and Devlin, 1988).

In this study, cNPP was used as a proxy for yield. Yield can be
calculated from NPP using crop and region specific parameters, which
require extensive ground-truthing for validation (FAO, 2020).
A number of studies also found that seasonally cumulated NDVI had
higher correlation with the end-of-season yields (Doraiswamy and Cook,
1995; Labus et al., 2002). Thus, it was decided to include a new variable
‘cNDVI’ representing the aggregate NDVI up to that dekadal within the
given season. To test the same hypothesis for other vegetation indices,
new independent variables were derived by accumulating them in the
same manner as NDVI within every season and were termed as ‘cEVI’,
‘cCI’, & ‘cRVI’ respectively.

2.3. Field level data extraction
As the analysis and predictions of cumulated NPP were carried out at
field level to hold practical significance for farmers, field boundaries had
to be delineated. The digitization of the field boundaries was done using
high resolution satellite imagery provided by Google services as base
map and was based on the homogeneity in the greenness of the field
3
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BRT models combine a number of tree-based models through a
boosting technique to improve the predictive performance of the final
model. During the boosting procedure, individual tree models are fitted
iteratively by selecting a subset of the data in order to minimize the loss
function. The final fitted model is a linear combination of multiple trees,
wherein poorly modelled observations are reweighed to reach minimum
model deviance (Elith et al., 2008). The ‘gbm’ package (Greenwell et al.,
2020) was used in the R environment to implement BRT, with gaussian
distribution and a bagging fraction of 0.5. The tested ranges for other
parameters viz. shrinkage factor and number of trees have been pre
sented in the Supplementary Material.
SVR is adapted from the Support Vector Machine (SVM), (Cortes and
Vapnik, 1995) and is reported to be robust in dealing with complex
multidimensional data. SVR is efficient in dealing with the overfitting
problem (Chlingaryan et al., 2018) and cases where there are a large
number of independent input variables (Moura et al., 2011). In this
study, SVR was implemented using the ‘e1071′ package (Meyer et al.,
2021) in R with the type of regression as ‘eps-regression’ and default
kernel type as ‘radial’. The parameter tuning details are provided in the
Supplementary Material.
RFR is a non-linear, non-parametric data analysis and statistical
technique based on the machine learning approach (Breiman, 2001). It
is an ensemble learning method that carries out regression by growing a
multitude of decision trees at the time of model training and then yields
output by calculating the mean of the predictions of all individual trees
(Bratsas et al., 2020; Yue et al., 2018). RFR models were implemented
using the ‘randomForest’ package (Liaw and Wiener, 2002) in the R
statistical environment, with number of trees (‘ntree’) as 500 and ‘mtry’
was tuned using ‘tuneRF’ function in R to reach to its most optimal value,
as presented in the Supplementary Material.
Different combinations of the independent input variables were tried
with the selected models to find the optimal set of input variables. This
was done because the selected significant variables, which result in
higher prediction accuracy, might differ per model (van Klompenburg
et al., 2020). The selection of variables was based on sequential testing
and the accuracy of results obtained corresponding to different combi
nations of input variables.
Although the sugarcane cropping pattern in the study area followed a
cyclic pattern for each consecutive season, a number of external factors
affect the seasonal sugarcane biomass production, including crop water
management, irrigation schedules, soil fertility, tillage practices, fertil
izer application, among others (Morel et al., 2014; Xu et al., 2020).
Therefore, each growing season was assumed to be unique and thus,
independent from previous or following seasons. Based on this hy
pothesis, the training data set was composed of all the completed sea
sons but the last. The last completed season for each field was used as the
validation data set.
For each lead time, Δt, the training dataset is constructed by deter
mining a series of tuples containing the predictor and independent
datasets. The training dataset presents as follows:
(
)
)
(
{ Xt , yt+Δt for t in [1, kS1-Δt]} ∪{ X t , yt+Δt for t in [1, kS2-Δt]} ∪ ⋯.
(
)
∪{ Xt , yt+Δt for t in [1, kSn-Δt]}

plots. Once all the field boundaries were digitized, field wise pixel
averaged values of all model input variables (as mentioned in Section
2.1) were extracted from their corresponding time-series image
collection.
Subsequently, crop phenology per field was extracted from time se
ries of NDVI derived using Sentinel 2, as shown in Fig. 2. Inter field
correlation of NDVI time series were computed to cluster fields with
similar phenology. A correlation coefficient greater than 0.85 was cho
sen as a threshold for a good fit. For each cluster, the NDVI time-series of
one randomly selected field was inspected visually to establish the start
and end dekadals of the cropping seasons. In case of disrupted patterns
due to cloud contamination, the phenology of the fields was also
compared with the overall phenology of the area to determine the start
and end dekadals of the seasons. The phenological information of these
representative fields was replicated for other fields in the same cluster.
The length of the growing season for sugarcane is found to vary
between 9 months to 24 months, with an average of 15–16 months,
depending on location, cultivar and type of crop (new plant crop or
ratoon crop) (FAO). Therefore, sugarcane phenology differs from other
common crops in being an annual crop, whereas most other crops have
specific growing seasons in a year of less than 8 months or 24 dekadals
(Raes et al., 2018). To separate sugarcane from other crops, the mini
mum length of any completed season was chosen as greater than or
equal to 25 dekadals (>8 months).
2.4. Model development
To develop the field level sugarcane NPP prediction models, five
regression based algorithms were tested. These were: Multivariate
Linear Regression (MLR), Stepwise Multivariate Linear Regression
(SMLR), Boosted Regression Trees (BRT), Support Vector Regression
(SVR), and Random Forest Regression (RFR). MLR & SMLR are linear
regression models, while BRT, SVR, & RFR are supervised machine
learning regression models.
In MLR, the dependent variable is assumed to be a linear combina
tion of the independent variables (Van Hinsbergen et al., 2007). A bestfit line is chosen based on the principle of achieving least sum of squares
of the vertical distances of all data points from that line (Latt and Wit
tenberg, 2014). This model was implemented in R statistical software
using its inbuilt ‘lm()’ function.
To overcome the multicollinearity issue which may cause variable
redundancy in MLR models (Yu et al., 2014), the SMLR model was
tested. In the SMLR model, different combination of independent vari
ables were iteratively tested to find the optimal set of variables (Ghani
and Ahmad, 2010). For the selection of variables, the stepwise Akaike
Information Criterion (AIC) was preferred over other methods due to its
wide applicability to generalized linear/non-distributed data sets
(Yamashita et al., 2007). In this research, the ‘stepAIC’ function in the
‘MASS’ package (Venables and Ripley, 2002) was used in the R statis
tical software environment to implement SMLR. Moreover, the direction
of variable selection was chosen as ‘both’ to carry out forward selection
and backward elimination of variables simultaneously.

Fig. 2. Approach adopted to deduce phenological information per field.
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where

the southwestern region of the Awash River basin, Ethiopia. It lies be
tween 39◦ 12′ to 39◦ 20′ east longitudes and 8◦ 20′ to 8◦ 28′ north latitudes
(Fig. 3). In general, the farms have a gentle slope with heavy clayey soil,
favorable for sugarcane production, being dominant and the rest being
light soil (Girma and Awulachew, 2007). In 2017, Wonji-Shoa cultivated
a total area of around 12,800 ha, out of which nearly 5,800 ha were
factory-owned plantations and the remaining around 7,000 ha were
being cultivated by outgrowers (Degefa and Saito, 2017; Girma and
Awulachew, 2007). There were two primary considerations to select
Wonji-Shoa as the case study area. Firstly, the WaPOR derived NPP data
set was available at relatively high resolution of 30 m for this region
making it suitable to carry out field level analysis. Secondly, it is a
relatively homogenous cropping area with dominant sugarcane culti
vation and negligible mixed cropping (Fig. 3), thereby reducing the
chances of errors due to intra-pixel heterogeneity.
The average farm size per outgrower ranged from 0.2 to 6.0 ha
(Wendimu et al., 2017). On these farms, sugarcane is cultivated and
harvested continuously around the year so as to ensure an uninterrupted
supply of sugarcane to the factory. Thus, there is no specific start and
end date of sugarcane season with the new crop grown after harvesting
the previous, which may be either the new plant crop or the ratoon crop
(FAO and IHE Delft, 2019). This gives rise to diverse agricultural prac
tices and differences in cropping patterns within the study area.

kSi = length of season Si in dekadals (1 ≤ i ≤ n)
n = number of training seasons
Xt = [x1t + x2t +⋯+ xpt] with x1t, x2t, …., xpt being the independent
variables
The algorithms define training function f(X), which is then used in
the validation season:
yt+Δt = f (Xt )
For a season ‘kSi’ dekadals long and lead time as ‘Δt’ dekadals, the
predicted variable was given a forward pass of ‘Δt’ steps and all data up
to time (kSi -Δt) was used as training data. Thus, for longer lead times,
less data was used for the training dataset. Since the length of training
data set differs for each field and for different lead times, one model was
generated per field per lead time. Using a tailor-made script in R, the
training and validation datasets were generated iteratively for every
field and then used to develop field-level sugarcane cumulated NPP
prediction models. Moreover, to make realistic and reliable forecasts,
initial predictions were made for lead time ranging from 50 days (5
dekadals) to 4 months (12 dekadals).
To evaluate the accuracy of cumulated NPP predictions, four metrics
were considered. The coefficient of determination (R2) or the square of
Pearson’s Correlation Coefficient (r) is used which is calculated for
different models, at different lead times, using Eq. (6):
⎛
⎞2
∑n
⎜
⎟
i=1 (Oi − O)(Pi − P)
̅ √̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
̅⎟
R2 = ⎜
(6)
⎝√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
⎠
n
n
∑
∑
2
2
(Oi − O)
(Pi − P)
i=1

4. Results
For the study period, considering the dekadal temporal resolution
(approximately 10 days), 174 dekadal maps were generated for all input
data sets. In case of Sentinel-1, 142 scenes were downloaded and
resampled to 142 dekadals and for Sentinel-2, the available 162 scenes
were resampled to 125 dekadals. Therefore, gaps corresponding to 32
dekadals were filled for Sentinel-1 and 49 dekadal gaps were required to
be filled for Sentinel-2 imagery data. A summary of the resampled
dekadals and the temporal gaps for Sentinel-1 and Sentinel-2 data sets
are presented in Fig. 4.
A total of 535 fields were digitized in the study area followed by data
extraction of all input variables at field level. Based on the correlation
between different fields, 92 clusters were identified and for each cluster,
a representative field was chosen. The phenology for these 92 fields was
deduced by visually inspecting their NDVI time-series data, in conju
gation with the general phenology of the region. For some fields,
interpreting phenology from their NDVI time-series data was chal
lenging. Therefore, the NDVI series of such fields was overlaid with the
overall phenology of the Wonji-Shoa region to understand their seasonal
patterns. For example, for field F7, the phenology was not easily
detected from its NDVI time-series. However, when the overall average
cropping pattern in the region was considered and also spikes as possible
outcomes of cloud interference, the 3 distinct seasons could be identified
as highlighted in Fig. 5. It was revealed that the first season in F7
occurred between the 1st and 45th dekadal. Although there was some
confusion between 46th and 72nd dekadal as there were two local
maxima in this period, the second season was considered between 80th
and 115th dekadal, with the third & last completed season between
116th and 153rd dekadal.
After replicating the phenological information of the 92 represen
tative fields for the other fields based on their correlations, the number
of identified seasons (with lengths greater than 25 dekadals) per field
was obtained. These are presented in Fig. 6.
The prediction accuracies of all the field level sugarcane NPP pre
diction models were obtained, corresponding to different lead times and
different regression algorithms. The prediction accuracy assessments
results for all the tested regression techniques, corresponding to the
highest tested lead time i.e. 12 dekadals are presented in Table 1.
For the optimal combination of independent variables corresponding
to every regression technique (as mentioned in Table 1) and lead time
varying from 5 dekadals to 12 dekadals, the sugarcane cNPP prediction

i=1

where
Oi = observed sugarcane NPP of ith field
O = average sugarcane NPP of n field
Pi = model predicted sugarcane NPP of ith field
P = average predicted sugarcane NPP of n fields
n = number of observations or fields
Importantly, R2 only quantifies dispersion and any model that always
over-predicts or under-predicts systematically may have high R2 values,
but at the same time, its predictions may be quite different from the
observed values (Krause et al., 2005). The other three evaluation metrics
used in this study were Root Mean Square Error (RMSE), Mean Absolute
Error (MAE) and the Mean Absolute Percentage Error (MAPE). Lower
values of RMSE, MAE and MAPE, indicate higher prediction accuracy.
These three statistical evaluation criterions were calculated as under:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√∑
√n
√ (Oi − Pi )2
√
RMSE = i=1
(7)
n
∑n
MAE =

− Pi |
n
[
∑n |Oi −
1

i=1 |Oi

MAPE =

n

i=1

Oi

(8)
]
Pi |

× 100 (9)

Based on the selected evaluation metrics, the performance of
different regression algorithms was compared and the results corre
sponding to different lead times were obtained.
3. Study area
The study area consists of highly mechanized large-scale sugarcane
farms called Wonji (also known as Wonji-Shoa) sugar estate, located in
5
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Fig. 3. Study area: the Wonji-Shoa sugarcane estate.

Fig. 4. Summary of dekadals resampled and temporal gaps.

Fig. 5. Comparison of NDVI for Field F7 and entire Wonji-Shoa area.
6
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Fig. 6. Detected seasons per field.

prediction errors less than 10% with another 25% having errors lying
between 10% and 20%. The errors in NPP forecasts for the remaining
14% fields ranged from 20% to 70%, which were considered beyond the
acceptable limits.
The robustness of MLR algorithm in making accurate crop biomass
predictions, using cEVI, VH and ETa as the predictor variables, was
further tested for longer lead times ranging from 13 dekadals to 20
dekadals. The results are presented in Table 2. It is observed that the
prediction accuracies fall marginally with the increasing lead times,
thereby, indicating the robustness of seasonal NPP prediction models
based on MLR algorithm, especially for longer lead times. Decision
makers can utilize this early information on possible yield reductions as
a shock absorber to be better prepared and maintain the food reserves
upright.

Table 1
Prediction accuracy results for the best combination of input variables for all
regression algorithms (corresponding to 12 dekadals lead time).
Sr.
No.

Regression
algorithm

Optimal combination
of independent
variables

Performance evaluation metrics
R2

RMSE
(in
gC/
m2)

MAE
(in
gC/
m2)

MAPE
(in
gC/
m2)

1
2
3
4

MLR
SMLR
BRT
SVR

0.89
0.89
0.61
0.41

159
159
277
400

123
123
201
301

10.8
10.8
15.8
22.8

5

RFR

cEVI + VH + ETa
cEVI + VH + ETa
cEVI + VH + ETa
B2 + B3 + B4 + B5 +
B6 + B7 + B8 + B9 +
B12 + B13 + VV +
VH + RVI + CI +
cEVI + NDVI + ETa
cEVI + ETa

0.52

307

234

19.6

5. Discussion
Amongst the different regression algorithms, the linear models viz.
MLR and SMLR performed better than the non-linear machine learning
models viz. BRT, SVR and RFR. van Klompenburg et al. (2020) also
observed that linear regression is used as a benchmark to evaluate the
performance of other regression techniques. Amongst the linear
regression models, the performance of MLR and SMLR models were
almost identical and matched exactly for the most optical input vari
ables. In SMLR models, the control variables may be added and/or
deleted automatically at every step as per their statistical significance
(represented by ρ) and the consecutive improvements in prediction ac
curacies. Therefore, it can be inferred that for the most accurate cases
compared in Table 1, all the 3 input variables (cEVI, VH, and ETa) were
significant at all the prediction steps, for all the fields and corresponding
to all the lead times.
Among the machine learning models, BRT yielded the most accurate
prediction results, followed by RFR models and the least accurate being
SVR models. However, as hypothesized, the most accurate predictions

results and performance evaluation of different statistical models based
on a) R2, b) RMSE, c) MAE, & d) MAPE values are presented in Fig. 7.
Since the cumulated NPP prediction results for the MLR and SMLR
models matched exactly, for the most optimal input variables, these both
were clubbed to present the results. In general, the prediction accuracies
reduced as the lead time increased from 5 dekadals (50 days) to 12
dekadals (4 months).
Furthermore, corresponding to the maximum lead time of 12 deka
dals, the relationship between WaPOR derived sugarcane cumulated
NPP and most-accurate model fitted cumulated NPP is presented in
Fig. 8.
For the most accurate sugarcane NPP predictions obtained using
MLR algorithm, with cEVI, VH, & ETa as the model input variables, the
relative error for all the fields was obtained corresponding to the lead
time of 12 dekadals and presented in Fig. 9. The overall average MAPE
for all the fields was obtained as 10.8%. Around 61% fields had
7
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Fig. 7. Comparison of NPP prediction accuracies for different regression techniques based on a) R2, b) RMSE, c) MAE, & d) MAPE values.

for different regression algorithms were obtained corresponding to
different sets of input variables.
For all tested regression techniques, the season cumulated vegetation
indices were found to have the highest predictive powers as compared to
other input variables. For the most accurate MLR and SMLR models, the
prediction accuracies reduced as the lead time increased. This is ex
pected because the further we predict in future, the higher the possi
bilities of changes in conditions in between and hence, higher
uncertainties and lesser accurate predictions. Moreover, as the lead time
increases, the training set in the study was reduced, contributing to
lower R2 values and less accurate predictions. For MLR models, it was
observed that for smaller lead times, the prediction accuracies for test
cases involving cNDVI as the predictor variable were higher, which fell
quite rapidly for higher lead times at a greater slope, as compared to
those involving cEVI as the predictor variable. This points to the satu
ration of NDVI at full canopy cover, as observed by other researchers
including Huete et al. (2002) and Haboudane et al. (2004). cEVI, on the
other hand, was observed to be insensitive to high crop densities (Huete
et al., 2002) and hence, produced more accurate seasonal predictions for
higher lead times. In comparison, the prediction accuracies for machinelearning models were not consistent as these increased or decreased
unexpectedly as the lead time increased.
This research also revealed that the addition of VH band variable
improved the prediction accuracies of the linear models, as compared to
the addition of VV or RVI variables, which had either null or a negative
impact on the prediction accuracies. This can be explained by the
sensitivity of the co-polarized signal (VV or HH) to the variations in
canopy surfaces. The cross-polarized backscattering signals (VH or HV)
were the result of multiple scattering from within the canopy and thus,
less influenced by the canopy cover variations (Ranson and Sun, 1994).
This meant that the VH variable added supplementary information

about the canopy structure and thus, improved the prediction accuracies
of the models.
Improvements in the prediction accuracies with the addition of ETa
as an input variable can be explained by its ability to depict different
types of water stresses on the crop, which may be natural (drought, less
rainfall, and others) or human-induced (associated with water man
agement practices like water deficiency or inefficient irrigation or nonuniform water distribution). Since crop yields are likely to be affected by
these factors, inclusion of ETa as a variable representing these stresses
was likely to improve the prediction accuracies.
The poor performance of RFR models may be attributed to their
dependency on the inclusiveness of data used to train the models and
thus lower accuracies for predictions made beyond the training data
boundaries (Jeong et al., 2016). In this research, field level prediction
models were trained on the past seasonal data of the respective fields
only, which might not have been exhaustive in nature. This hypothesis
was tested for all the chosen algorithms by clustering the fields as per
their number of completed seasons and obtaining MAPE values per
cluster corresponding to all the test models. The results are presented in
Table 3.
From Table 3, it can be observed that the prediction error gradually
reduces for all the machine learning models (BRT, SVR and RFR), as the
number of seasons per field increased from 2 to 4. This proved similar
dependence of all the tested machine learning models on the exhaus
tiveness of the training data, as also observed by Jeong et al. (2016). It
was also noticed that for MLR/SMLR, SVR and RFR models, the pre
diction errors increased for the fields with 5 completed seasons. Such
behaviour of these models can be explained as inaccurate predictions
made outside the training data range since it is suspected that cropping
patterns in these fields underwent recent shift, as also observed in Fig. 3.
On the contrary, this also points to the robustness of BRT models in
8
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Fig. 8. Relationship between WaPOR derived cNPP and model fitted cNPP of sugarcane corresponding to a lead time of 12 dekadals for different regression al
gorithms (a) MLR and SMLR; (b) BRT; (c) SVR; and (d) RFR. (n = 535 fields). The dotted blue line represents the 1:1 line and the dotted orange line represents the
linear fit. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

making predictions outside the training data range, since their predic
tion results for these fields were marginally more accurate than even the
most accurate MLR or SMLR models. The specific reasons behind such
observations require further exploration.
For applicability in different areas, the level of fragmentation of the
landscape needs to be considered before applying the framework
described. In this study, the size of the digitized fields varied from 0.5 to
86.3 ha (ha), with an average field size of 20 ha. This corresponds to
between 5 and 958 pixels per field for the 30 m WaPOR level 3 NPP data.
For areas with smaller average field size or where only lower resolution
data is available, it is expected that the results may be degraded due to
the higher prevalence of mixed pixels.
Some known challenges affecting statistical RS data-driven crop
biomass prediction models, including the ones tested in this study,
include: 1) necessity to carry out extensive testing of the framework
before its implementation in other geographical areas, 2) dependency of
the models on the long-term spatially distributed RS derived biomass/
yield data, 3) deviation of field observed phenology from the VI derived
phenology, 4) erroneous crop biomass predictions on account of
different sources of error and their accumulation in RS data during
different stages including acquisition, data processing and analysis, data
conversion, among others, and 5) significant variations in forecasted
biomass due to factors such as plant diseases or pests; natural calamities

such as drought, etc. or human interventions or changes in farm man
agement practices, etc.
Resampling of Sentinel-2 and Sentinel-1 data on dekadal temporal
scale further lead to gaps in the temporal continuity of the data, which
were then filled using LWR. Since spatially and temporally continuous
input data is vital for dynamic crop growth monitoring and crop yield
estimation (Jin et al., 2016), it is crucial to fill these gaps. In this case, a
weighted regression, applied in a moving window over time, using
backward and forward data points, might have biased the predictions
based on gap-filled input variables. For an operational case, backwardslooking gap filling should be preferred. The impact of missing data and
subsequent gap filling should be carefully analyzed in future studies to
avoid this data processing as a potential source of error in the input data
and hence, the predictions. Furthermore, impact of the different gap
filling algorithms on the outcomes also needs to be assessed.
In this research, like in most of the crop yield prediction studies,
time-series of NDVI was used to deduce phenological information.
However, satellite sensors generally measure the crop growth and do not
record crop related phenological events directly (Atkinson et al., 2012).
Thus, the VI derived phenology may be correlated to the groundobserved phenology, but does not directly represent it (Verhegghen
et al., 2014). Such inaccuracies in phenological information can also act
as sources of errors in the biomass/yield prediction results. Therefore, a
9
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Fig. 9. Relative error for the NPP prediction results for the most accurate MLR models.
Table 2
MLR model results for enhanced lead times from 13 to 20 dekadals.
Regression Model

Input Control Variables

MLR

cEVI + ETa + VH

Prediction accuracy results
Lead time (dekadals)

13

14

15

16

17

18

19

20

R2
RMSE
MAE
MAPE

0.89
165
125
11.1

0.87
174
132
11.8

0.86
181
138
12.4

0.85
182
138
12.5

0.84
186
141
12.7

0.82
195
148
13.2

0.81
197
150
13.2

0.79
203
154
13.6

decision makers, predictions with even longer lead times are useful
despite lower accuracies. For example, for predictions of 200 days in
advance, accuracies of 79% (R2 = 0.79) would still be acceptable.
All regression results showed that the cumulative optical VIs had the
highest prediction power, followed by radar data (cross-polarized band)
and the crop water stress indicator variable. cEVI was found to be the
most influential variable followed by VH and ETa. Linear models
including MLR and SMLR yielded the most accurate sugarcane cumu
lated biomass predictions, whereas none of the machine learning
regression models viz. BRT, SVR and RFR could provide reliable
predictions.
This study shows the usefulness of high-resolution RS information to
predict season cumulated biomass at field level, instead of regional or
national level. The operational framework presented here can be
translated and developed into an automated tool for easy analysis. The
information from such field prediction models can be significant, espe
cially for small-scale farms, where agricultural practices and cropping
patterns vary among fields in the same area. Furthermore, prediction at
field level can be useful for farmers to identify management gaps and
take corrective actions if possible. Also, it can aid national authorities
and decision makers to take informed decisions on maintaining national
food reserves, sustaining food supply chains and therefore, attaining
national food security. Hence, this study can contribute in achieving

Table 3
Fields clustered as per number of completed seasons and MAPE per cluster
corresponding to BRT, SVR, RFR, and MLR/SMLR models.
No. of completed seasons
2
3
4
5

No. of fields
24
179
301
31

cluster MAPE (in %)
BRT

SVR

RFR

MLR/SMLR

24.6
15.8
15.3
14.1

42.5
22.8
20.3
32.8

31.6
18.2
17.9
34.9

8.5
11.3
10.3
14.7

second-step verification of phenology needs to be carried out using
ground-truth data for all future work.
6. Conclusions and recommendations
This study shows that the synergistic use of optical and radar satellite
data, in conjunction with variables representing crop water stress, can
predict sugarcane cumulated biomass accurately. For example, predic
tion using cEVI, VH and ETa as input variables leads to an accuracy of
89% (R2 = 0.89) with a lead time of 12 dekadals (4 months). Yield
predictions with such high accuracy can give operational advantage to
farmers in understanding and planning farm management practices. For
10
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targets for SDG-2 and SDG-12.
However, to enhance the usefulness and practical implementation of
the framework presented in this study, it is recommended to examine
and verify the usage of WaPOR derived NPP as an alternative variable to
crop biomass/yield by using ground-truth data collected from the study
area. Furthermore, different input variables required to translate NPP to
yield need to be determined for the study area corresponding to sugar
cane for future research work and consequent implementation. The
prediction accuracies for the framework need to be tested and validated
for other geographical regions with sugarcane plantations or other crop
types, utilizing the same predictor variables.
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