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A B S T R A C T

The lack of timely, high-resolution data on agricultural production is a major challenge in developing countries
where such information can guide the allocation of scarce resources for food security, agricultural investment, and
other objectives. While much research has suggested that remote sensing can potentially help address these gaps,
few studies have indicated the immediate potential for large-scale estimations over both time and space. In this
study we described a machine learning approach to estimate smallholder maize yield in Ethiopia, using well-
measured and broadly distributed ground truth data and freely available spatiotemporal covariates from
remote sensing. A neural networks model outperformed other algorithms in our study. Importantly, our work
indicates that a model developed and calibrated on a previous year's data could be used to reasonably estimate
maize yield in the subsequent year. Our study suggests the feasibility of developing national programs for the
routine generation of broad-scale and high-resolution estimates of smallholder maize yield, including seasonal
forecasts, on the basis of machine learning algorithms, well-measured ground control data, and currently existing
time series satellite data.
1. Introduction

Reliable and location-specific information about agricultural pro-
duction is a critical source of guidance for efforts to improve food se-
curity, reduce poverty, ensure well functional markets, and make
progress toward the Sustainable Development Goals (Davis et al.,
2017). In many developing countries, where such agricultural pro-
duction information is most urgently needed, data availability is
particularly limited. This is certainly the case in most of sub-Saharan
Africa, where crop statistics are often only available (if at all) for
large aggregate areas such as states or regions, are of uncertain accu-
racy, and are typically released long after the relevant production
season has ended (Fritz et al., 2019). As a result, market intelligence
and food balance estimates are skewed, and scarce development re-
sources may be significantly misallocated, all of which may result in
significant human and economic costs (Carletto et al., 2015). Improving
the ability to map crop yields at relatively high spatial resolution and
with acceptable levels of accuracy would better inform policymaking
on agricultural investments, subsidies, and initiatives at local, national,
and regional levels, as well as improve crop insurance planning (Eze
rm 3 July 2023; Accepted 4 July
half of Huazhong Agricultural U
et al., 2020), guide farm advisory services (Zinyengere et al., 2011), and
forecast food price (Delinc�e, 2017).

In the absence of reliable large-scale statistical data, much research
has focused on improving crop yield estimation methods (Fritz et al.,
2019). Such methods may be categorized into three groups. The first
approach is to use empirical statistical methods. The second one is to use
processed-based (i.e. mechanistic) crop growth models (Lobell and
Burke, 2010; Tao et al., 2009). Thirdly, farm surveys or national agri-
cultural censuses are also commonly used to collect agricultural data
within sampling frames designed to allow inference at some level of
spatial aggregation. Conventional statistical models develop a regression
relationship between yield and key climate and biophysical variables
such as temperature, precipitation, and solar radiation. Regression-based
methods can capture the spatial variation of the yield and derive the
general relationship between yield and biophysical variable measure-
ments. However, the explanatory power of the models is more acceptable
when the predictions are made within the ranges of values observed in
the training samples. When predictions are made outside the training
area or for different periods, performance can be degraded considerably.
More importantly, previous studies have developed and tested their
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methods over relatively limited geographical areas (Cao et al., 2021;
Lobell et al., 2020; Zhang et al., 2021).

Crop growth models simulate daily crop growth using structural/
process modeling approaches that have been validated elsewhere. Such
approaches require large amounts of high-quality input data on soil,
water, fertilizer, and land management which are limited in availability
and/or quality for much of Africa and are thus not suitable for reliable
yield estimation. Farm survey and agricultural census data are expensive
to collect and often rely on self-reported data, which are known to have
systematic bias (Lobell et al., 2020; Pradhan, 2001).

In the last two decades, remotely sensed data and spatial analytical
tools have expanded substantially, making it easier and cheaper to
incorporate the spatial perspective in estimating and mapping crop types
and crop yields with higher temporal frequency and spatial resolution
(Pradhan, 2001; Sagan et al., 2021; Tuvdendorj et al., 2019). Repeated
observations over large spatial extents enable researchers to produce and
update land cover products with marginally additional efforts and
shorter processing times. Remote sensing technologies have been widely
applied in studies of land cover and land use changes including agricul-
tural land use at different spatial and temporal scales. Remote sensing
together with Geographical Information Systems (GIS) and Global Posi-
tion Systems (GPS) can be used to detect and identify characteristics of
land cover types and growing conditions. Quantitative assessments of the
spectrum of time series observation from space are used to monitor and
map vegetation activity, density, area, and yield. U.S. Department of
Agriculture (USDA) has drawn on Landsat to monitor dozens of crops
including corn, wheat, soy, and cotton (Gao et al., 2017; Nguyen et al.,
2020). The University of Maryland developed GEOCIF (Global Earth
Observation Crop Yield and Condition Forecasting) model, a machine
learning algorithm for crop yield prediction at a large scale. GEOCIF uses
an ensemble-based machine-learning model to estimate and monitor
agricultural yields and conditions at a large scale. The vegetation index
(VI) from MODIS, together with other earth observation datasets (e.g.
temperature, precipitation, and soil moisture), have been used to
generate yield estimates for highly-developed agricultural regions
(Becker-Reshef et al., 2018, 2019; Dempewolf et al., 2014; Franch et al.,
2019). These studies demonstrate that remotely sensed data from space
offer a practical means for crop yield estimation in U.S., Europe, and
countries in Southern America where cropland are relatively large and
homogeneous with relatively simple farming practices. Similar applica-
tions of yield estimation in sub-Saharan Africa are somewhat less suc-
cessful due to the highly fragmented and complex agricultural
landscapes, heterogeneous management practices, and lack of reliable
training datasets (Lobell et al., 2020). Consequently, the very
high-resolution data from commercial satellites that have been used to
monitor crop status in Africa have generally been deployed at the land-
scape level, i.e. over relatively limited spatial extents, due to the high cost
of image acquisition (Sagan et al., 2021).

In recent years, the rapid development of remote sensing technologies,
particularly the improvements in spatial and temporal resolutions, makes it
more suitable to monitor agricultural activities promptly. To be more
specific, the improvements can be organized into three categories. First,
there is an increased amount of satellite data with high spatial and tem-
poral resolution andmore importantly, the increasing public availability of
such data is at no direct cost to users. For example, the Sentinel-1 and
Sentinel-2 satellites from Europe Space Agency (ESA) provide earth ob-
servations at about 10-m resolution with 5-d temporal frequency. These
publicly available datasets are now frequently used in agricultural analyses
(Battude et al., 2016; Hunt et al., 2019; Jin et al., 2017). Second, the low
cost of cloud computing makes it possible to process and analyze huge
volumes of spatial data. Google Earth Engine (GEE) combines a
multi-petabyte catalog of satellite imagery and geospatial datasets with
planetary-scale analysis capabilities, which makes it available for scien-
tists, researchers, and developers to detect changes, map trends, and
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quantify differences on the earth's surface. Third, powerful machine
learning algorithms are increasingly available from commercial and
open-source software and computing environments. Many new libraries
and packages related to machine learning and deep learning have been
made publicly available in recent years. The Sentinel satellite series and
advanced machine learning algorithms have opened new opportunities for
monitoring agriculture outcomes like crop area and yield, even in hitherto
data-sparse environments.

Burke and Lobell (2017) began using Sentinel-1 and Sentinel-2 sea-
sonal composite images to predictively identify croplands and maize
fields with a random forest classifier in GEE. A scalable satellite-based
crop yield mapper was developed using crop model simulations to
train statistical models (Lobell et al., 2015). Jin et al. (2017, 2019) built a
multi-linear regression model for maize yield estimation using harmonic
derived peak VI values of the growing season together with mean tem-
perature and total seasonal rainfall. Additional work has shown that
images from Sentinel-1, Sentinel-2, and other fine-resolution sensors can
be used to generate yield estimates for smallholdings of staple cereals
such as maize and wheat (Jain et al., 2016; Jin et al., 2017; Lambert et al.,
2018). Most of the studies are at small scales with limited spatial
coverage except Lobell et al. (2020) who expanded the study area over a
larger spatial extent using a huge amount of ground truth data from
various sources with different quality, resulting in promising results of R2

close to 0.40. However, challenges remain for estimating smallholder
yields over larger extents in Africa. Most researchers use mean,
maximum, or seasonal composite of different derived VI instead of using
the entire time series of the VI profiles due to the cloud contamination of
the satellite observation, even though the time series can represent
biomass and crop conditions in a better way (Guerini Filho et al., 2020).
Many studies focus more on spatial variation of yield distribution and the
effect of different periods of time series datasets on yield estimation is not
clear. Traditional regression approaches are good to assess the signifi-
cance between the crop yield and selected independent variables. Ma-
chine learning based approaches are generally superior in prediction
performance. Meanwhile, African countries usually have limited re-
sources to provide large amounts of annual ground truth data for both
crop types and crop yield. The inability to systematically ground-truth
crop production estimates and predictions driven by data has given rise
to a situation where competing models and evidence generate markedly
different results.

To fill these knowledge gaps, our main research objective is to
develop a machine-learning based approach to estimate and predict
maize yield at a fine scale (e.g. plots) but over a large area of interest (e.g.
a region or country). To do this, we deployed supervised learning algo-
rithms using Sentinel datasets and use high-quality ground truth yield
data to calibrate and validate model performance. Specifically, this paper
addresses the following questions.

� How does model performance vary across different regression and
machine-learning approaches?

� Which period of the time series earth observation data are most
important to estimate maize yield?

� How useful are ancillary spatial datasets, such as soil properties,
rainfall, and temperature variables besides satellite datasets?

� Can the model in one year be applied to predict the yield after? What
is the prediction accuracy?

We investigated numerous indicators in the models including remote
sensing, weather, soil, and soil moisture data from GEE to develop ma-
chine-learning models for maize yield predictions in Ethiopia. We tested a
variety of prediction approaches, including regression-based predictions
and several alternative machine learning algorithms, i.e. linear region
model, support vector machine (SVM), regression trees, random forests,
Gaussian process regression, neural networks, and deep learning networks.
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2. Datasets and data processing

2.1. Study area

Ethiopia is the second most populated nation in Africa, with a current
population estimated at 112 million. The economy is predominantly
agrarian, with agriculture accounting for 46.3% of total GDP and more
than 80% of the population residing in rural areas. Annual per capita
income is around $783 and poverty rates, while improving, remain high,
particularly in rural areas. Maize is one of the major staple crops and
widely planted throughout the country (Abate et al., 2015). There are
two growing seasons in the country: Belg and Meher, which receive
rainfall from February to June and from August to November, respec-
tively. The country is comprised of eight agroecological zones (AEZs;
Fig. 1): tropical cool arid, tropical cool semiarid, tropical cool sub-humid,
tropical cool humid, tropical warm arid, tropical warm semiarid, tropical
warm sub-humid, and tropical warm humid. Agriculture is relatively
limited in the tropical warm arid zone but found widely elsewhere.

2.2. Data

Datasets used in this study include remotely sensed data, rainfall data,
temperature data, soil properties, soil moisture, and yield data from 2017
to 2018. All data processing was conducted on the GEE platform and
ArcGIS.

2.2.1. Remote sensing datasets
Our research leveraged GEE to write generalizable modules that can

be easily applied to different geographic locations, satellite datasets, and
temporal specifications. Ultimately, we used 10-d intervals of Sentinel-2
images in Ethiopia to run crop yield estimations. These 10-d intervals of
2017 and 2018 datasets were generated by first mosaicking all images
taken on a given day within the study region. If there were multiple
day-images within a 10-d interval, a “qualityMosaic” function was
Fig. 1. Agro-ecological zones and groun
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performed which chose from multiple available pixels based on cloud
quality ratings. For each 10-d interval of 2017 and 2018, the individual
band values related to land surface are extracted, including Blue, Green,
Red, Red Edge1, Red Edge2, Red Edge3, and Near-Infra-Red (total 7 in-
dividual bands). The normalized difference vegetation index (NDVI) and
green chlorophyll index (GCI) were computed along with a quality pixel
indicating the presence of clouds. We aimed to evaluate the efficacy of
NDVI and GCI by comparing two different processing methods. Specif-
ically, we examined the 10-d NDVI and GCI values obtained from the
original observations and the 10-d NDVI and GCI values derived after
applying Savitsky-Golay (SG) curve fitting to the time series of each pixel.
By analyzing these different approaches, we sought to assess the impact
of the SG curve fitting technique on the accuracy and reliability of NDVI
and GCI measurements (Li et al., 2011). The SG curve fitting algorithms
are designed to remove the cloud contamination during the growing
season since the growing seasons are largely overlapped with raining
season in Ethiopia. The SG filter could remove the cloud effects by
smoothing the time series of VI. SG fits successive subsets of adjacent data
points with a low-degree polynomial using linear least squares.

In the end, the 10-d time series of Blue, Green, Red, Red Edge1, Red
Edge2, Red Edge3, Near-Infra-Red bands, NDVI and GCI without filter,
NDVI and GCI with filter in both 2017 and 2018 were produced.

2.2.2. Climate data
Spatiotemporal estimates of weather parameters proved to be

important predictors of maize yield. The variables include monthly
precipitation, monthly minimum temperature (Tmin), and monthly
maximum temperature (Tmax). The Climate Hazards Group Infrared
Precipitation with Station data (CHIRPS) provides precipitation measure
of the region of interests at 0.05� (ca. 5 km) of spatial resolution (Funk
et al., 2015). The data incorporated satellite imagery with in-situ station
data to create gridded rainfall time series for trend analysis and seasonal
drought monitoring. The original CHIRPS data were aggregated into
monthly precipitation data. Tmin and Tmax were acquired from the
d truth data locations in Ethiopia.
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MODIS sensor (MYD11a2 and MOD11a2 products; https://ladsweb.
modaps.eosdis.nasa.gov/). The MOD and MYD provided 8-d compos-
ites of land surface temperature at daytime and nighttime at a 1 km
resolution. The data were aggregated monthly in 2017 and 2018 before
applying to the analysis. The GEE platform was used to process all the
climate data in Ethiopia.

2.2.3. Soil properties
Crop yield may be evidently affected by soil properties such as

fertility level and water holding capacity. Six properties were selected in
the analysis (Fischer et al., 2008). They were soil organic carbon content,
soil texture, soil bulk density, soil pH, soil clay contents, and soil sand
contents. The data are available at different depths from 0 to 200 cm.
Based on previous studies, the soil depth of 30 cm which has the biggest
impact on the crop root zones was used in our analysis. The data are
available at 250 m spatial resolution.

2.2.4. Soil moisture
Soil moisture can affect maize production, particularly in arid areas.

The NASA-USDA Global soil moisture and the NASA-USDA SMAP Global
soil moisture dataset provide soil moisture information across the globe
at 0.25 � 0.25� spatial resolution (O'Neill et al., 2016). These datasets
include surface and subsurface soil moisture (mm) and surface soil
moisture were used at monthly time steps for 2017 and 2018.

2.2.5. Ground truth data of maize yield
The maize yield of the main (Meher) growing season was collected in

2017 and 2018 in major maize-producing areas of the Ethiopian high-
lands in Amhara and Oromia regions. The plots were randomly selected
using a spatial sampling frame covering the major maize-producing ag-
roecological zones. There are 469 samples in 2018 and 536 samples in
2017. In each sample plot, maize grain yield was calculated based on
grain harvested at maturity from three 5 � 5 m quadrats. The quadrats
were placed diagonally to capture in-field variation with the first quadrat
at the center of the field and remaining two offsets equidistantly from the
edge along the main diagonal, as shown in Fig. 2. The moisture content of
fresh grain samples was recorded and used to compute the dry weight
equivalent at 12.5% moisture content. The average maize yield in 2017
was 6,070 kg ha�1, while in 2018 it increased to 6,480 kg ha�1.

3. Methodology

3.1. Combination of the predictor variables

There are two main categories of spatial data utilized in our study:
time series data and static spatial data. The time series data consists of
Fig. 2. Positions of quadrats in a local plot.
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various datasets capturing temporal information, such as 10-d compos-
ites of original spectral bands, monthly climate variables (e.g. rainfall
and temperature), monthly soil moisture, and 10-d composite of VI like
NDVI and GCI. Each VI is represented by two products: SG filtered and
unfiltered. The second category, static spatial data, includes oil prop-
erties and biophysical variables such as elevation. These datasets pro-
vide information that does not vary over time and remain constant
throughout the year. To construct our machine learning model, we
experimented with different combinations of predictors from both
categories of data, aiming to identify the most informative variables for
predicting crop yield. We overlaid the maize ground truth data with
both time series and static remote sensing datasets. The values from the
static data layers and each interval of the time series data (e.g. each
month for monthly rainfall data, 10 d composite for NDVI data) were
summarized and attached to the ground truth data of the maize yield
based on the locations of the ground truth data. It is important to note
that all predictors derived from the time series data were treated as
independent variables without explicitly considering their temporal
sequencing. In other words, we did not incorporate the temporal
sequence information when utilizing the time series data in our models.
In the end, we constructed a matrix of dimensions m � n, where m
represents the number of ground truth data points of maize yield and n
represents the number of predictors, including both the time series data
and static data. This matrix formed the basis for our machine learning
approach to estimating crop yield. Two separate matrices were pre-
pared for the years 2017 and 2018. Each matrix consisted of the rele-
vant data for the respective year, including both the time series and
static spatial data. These matrices were constructed to facilitate the
analysis and modeling of crop yield for each specific year. For the 2017
matrix, the data from that year’s time series and static spatial variables
were combined into a matrix where row represented the number of
ground truth data points for 2017 and column represented the total
number of predictors included in the analysis. Similarly, for the 2018
matrix, the data from the corresponding time series and static spatial
variables for that year were consolidated into a matrix. Below is a list of
the thematic combinations:

� 10-d composite of spectral bands
� 10-d composite of spectral bands þ NDVI (unfiltered)
� 10-d composite of spectral bands þ NDVI (filtered)
� 10-d composite of spectral bands þ GCI (unfiltered)
� 10-d composite of spectral bands þ GCI (filtered)
� 10-d composite of spectral bandsþ climateþ soilþNDVI (unfiltered)
� 10-d composite of spectral bands þ climate þ soil þ NDVI (filtered)
� 10-d composite of spectral bands þ climate þ soil þ GCI (unfiltered)
� 10-d composite of spectral bands þ climate þ soil þ GCI (filtered)
� NDVI (unfiltered) þ climate þ soil
� NDVI (filtered) þ climate þ soil
� GCI (unfiltered) þ climate þ soil
� GCI (filtered) þ climate þ soil
3.2. Machine learning algorithms for maize yield estimation

We evaluated seven alternative advanced machine learning algo-
rithms. All the combinations of the variables in 2017 were used as
training datasets and validation datasets. For all models, 70% of the
ground truth data were used for model development and calibration and
the remaining 30% of the data were used as validation datasets. We
applied a holdout procedure to estimate the R2 values and the root mean
square errors (RMSE) to compare model performance.

3.2.1. Linear regression
We evaluated several alternative regression approaches: linear, iter-

ation linear, robust linear, and stepwise linear regression. The results

https://ladsweb.modaps.eosdis.nasa.gov/
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from these linear regression models were compared with the machine-
learning algorithms.

3.2.2. Support vector machine
Support vector machine (SVM) is a popular machine learning tool for

classification and regression. The objective of the SVM algorithm is to
find a hyperplane that, to the best degree possible, separates data points
of one class from those of another class (Hastie et al., 2009). Since the
algorithm depends on kernel functions, it is considered as a non-para-
metric technique. Here we tested linear, polynomial, cubic, and Gaussian
kernel functions at different scales to fine-tune prediction model
hyper-parameters.

3.2.3. Regression trees
The regression tree is considered a simple and useful machine

learning algorithm. In order to predict a response, the model constructs a
tree-based decision-making procedure from the root, node down to a leaf
node (Breiman et al., 1984). The regression tree is designed to handle
large datasets. In this study, the minimum leaf sizes of 4, 8, and 16 (fine,
medium, and coarse trees, respectively) were evaluated.

3.2.4. Gaussian process regression
The Gaussian process regression is a nonparametric probabilistic

model (Hastie et al., 2009). Instead of calculating the probability distri-
bution of parameters of a specific function, it calculate the probability
distribution of all candidate functions that fit the data. The method can
provide uncertainty measurements of the predictions. All the parameters
are optimized using Bayesian approach. Since the method is computa-
tionally expensive, it is working well on high-dimensional but small
datasets.

3.2.5. Random forest regression
The random forest regression approach can operationalize different

learning algorithms, including boosted trees and bagged trees (Rasmus-
sen, 2004). The random forest contains three user-defined parameters
including a number of trees, number of variables at each tree, and min-
imum size of each node. The random forest model is designed to handle
high dimensional large datasets efficiently and has been widely applied
in remote sensing studies such as land classification and vegetation
density estimation. In this study, both boosted and bagged trees were
used.

3.2.6. Neural networks
Neural networks use interconnected nodes or neurons in a layer

structure that mimic a human brain (Wang et al., 2016). Neural networks
consist of several layers including input layers, output layers, and mul-
tiple hidden layers. Neural networks that operate on one hidden layer are
known as shallow neural networks. It includes one input layer, one
output layer, and one hidden layer. In each layer, there are several
neurons that interconnect the different layers. Each neuron has weights
that are adjusted during the learning process. The neural networks are
especially large exploited to detect complex non-linear relationships
between independent and dependent variables.

3.3. Model validation

In order to validate the model performance, we used a testing dataset
randomly selected from 30% of the total ground truth points. A 30%
sample is widely used as providing a good tradeoff between efficiency in
testing the model accuracy and evaluating overfitting problems. The R2

values between the predicted values and the observed values were
calculated and used to validate the model performance for both training
dataset and validation dataset. The RMSE were also calculated and used
to validate all the models.
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R2 ¼
�Pn

i¼1ðyi � yÞðfi � f Þ�2Pn 2Pn 2 (1)

i¼1ðyi � yÞ i¼1ðfi � f Þ

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

ðyi � fiÞ2
s

(2)

Where n (i ¼ 1, 2, …, n) is the number of samples used for machine
learning model, yi is the observed maize yield, y ͞ is the corresponding
mean value, fi is the predicted maize yield, and f is the corresponding
mean value. The R2 value of 1 indicates perfect prediction. A small RMSE
indicates less discrepancy between the observed yield and the predicted
yield.

4. Results

4.1. Comparison of the yield estimation performance by using different
combinations of thematic predictors

In this study, we evaluated a total of 13 combinations of thematic
predictors individually, along with the corresponding yield data from
2017. The main objective was to examine how the selection of different
variable combinations or groups influenced the performance of the
models. To ensure consistency, the same partitioning of developing
testing data and training data was applied to each combination. Although
all models were tested with different predictor combinations, they
generally yielded similar results across the various combinations. To
illustrate this, we presented the results from the random forest models as
an example. Table 1 displayed the R2 and RMSE values for the random
forest models derived from each combination using the testing datasets,
providing an assessment of the performance. Furthermore, for the 10-
d composites of individual spectral bands, we specifically utilized bands
2 (blue band) through band 8 (near-infrared), which are commonly
employed for terrestrial land monitoring. By systematically examining
the performance of different combinations of thematic predictors, we
aimed to gain insights into their impact on the model's effectiveness in
predicting crop yield in the context of Ethiopia. The training data were
used to develop the model and the testing datasets were used to evaluate
the model performance.

The first set of combinations included the 10-d composite of spectral
bands alone. These combinations resulted in relatively low R2 value of
0.20, indicating that the spectral bands alone had limited explanatory
power in predicting crop yield. The corresponding RMSE value was
2,069 kg ha�1, suggesting a moderate to high level of prediction error.

Incorporating the NDVI (unfiltered) or NDVI (filtered) along with the
spectral bands led to higher R2 values of 0.30–0.42. This suggested that
the inclusion of NDVI, which represents vegetation health, contributed to
a better fit of the model. However, the improvement in model perfor-
mance was relatively modest, as the RMSE values remained around
1,700–1,900 kg ha�1. Similar trends could be observed when adding the
GCI (unfiltered) or GCI (filtered) to the spectral bands. The R2 values
were in a similar range, indicating a limited increase in explanatory
power. The corresponding RMSE values also remained in similar ranges.

Moving on to the combination of climate, soil, and vegetation
indices (NDVI or GCI) resulted in higher R2 values of 0.46–0.54. These
combinations showed a better improvement in model performance,
suggesting that the inclusion of additional variables related to climate
and soil conditions enhances the model's predictive capabilities. The
corresponding RMSE values ranged from 1,522 to 1,692 kg ha�1,
indicating a reduction in prediction error compared to the previous
combinations.

Among these comprehensive combinations, those including NDVI
(filtered) or GCI (filtered) tended to be slightly higher R2 values, indi-
cating a stronger relationship between these variables and crop yield.



Table 1
The list of R2 and RMSE of different combinations of thematic layers for pre-
dicting crop yield.

Combination of thematic layers R2 RMSE
(kg ha�1)

10-d composite of spectral bands 0.20 2,069
10-d composite of spectral bands þ NDVI (unfiltered) 0.35 1,801
10-d composite of spectral bands þ NDVI (filtered) 0.30 1,930
10-d composite of spectral bands þ GCI (unfiltered) 0.26 1,942
10-d composite of spectral bands þ GCI (filtered) 0.31 1,928
10-d composite of spectral bands þ climate þ soil þ NDVI
(unfiltered)

0.41 1,720

10-d composite of spectral bands þ climate þ soil þ NDVI
(filtered)

0.42 1,728

10-d composite of spectral bands þ climate þ soil þ GCI
(unfiltered)

0.38 1,762

10-d composite of spectral bands þ climate þ soil þ GCI
(filtered)

0.39 1,744

NDVI (unfiltered) þ climate þ soil 0.53 1,527
NDVI (filtered) þ climate þ soil 0.54 1,522
GCI (unfiltered) þ climate þ soil 0.46 1,692
GCI (filtered) þ climate þ soil 0.51 1,561

Abbreviations: NDVI, the normalized difference vegetation index; GCI, the green
chlorophyll index.
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The RMSE values for these combinations also tended to be relatively
lower, suggesting a more accurate prediction of crop yield.

The study further provided a scatter plot of observed and predicted
yields of the testing datasets when using VI þ climate þ NDVI, as shown
in Fig. 3. The plot illustrated that the predicted yield values using this
combination of variables were relatively close to the observed yield
values.

4.2. Comparison of the yield estimation using filtered VI and original VI

The research highlights that maize cultivation, occurring primarily
during the rainy season, could lead to issues with cloud interference
when utilizing multi-spectral Sentinel images for ground-level cropland
observation. To address this challenge, the study employed the SG curve
fitting method, which corrects and recalculates values by leveraging
temporal information from the same geographical area. The purpose of
the SG curve fitting method is to mitigate cloud effects by smoothing the
VI's time series.

Interestingly, the study discovered that models employing both
filtered and unfiltered (original) NDVI and GCI demonstrated compara-
ble overall performance. However, during the validation process, the
Fig. 3. Scatter plot of the observed and predicted yields (Random Forest model,
NDVI þ climate þ soil, RMSE ¼ 1,522 kg ha�1, R2 ¼ 0.54).
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filtered time series of NDVI exhibited slightly superior results. This im-
plies that the SG curve fitting method reduced cloud contamination and
enhanced the precision of yield prediction, albeit with only a marginal
improvement.

4.3. Comparison of yield estimation using different machine learning
algorithms

In this study, our research aimed to comprehensively assess and
compare the performance of a diverse set of machine learning algorithms
across six major categories: linear regression, SVM, regression tree,
random forest regression, Gaussian process regression, and neural net-
works. Within each major category, we further explored various sub-
categories, considering their unique characteristics and functionalities.
While all the machine learning algorithms examined in this study were of
great interest, we recognized that neural networks, in particular, warrant
special attention due to their capacity for complex pattern recognition
and non-linear modeling. Therefore, we have dedicated a specific para-
graph within the section to discuss the neural network algorithm in more
detail. By doing so, we could delve deeper into the intricacies of neural
networks and provide a more comprehensive analysis of their perfor-
mance within the context of our study.

To evaluate the performance of the models, we utilized a rigorous
evaluation process. The training datasets were used to develop the model
and the testing datasets were used to measure the model's ability to
accurately predict crop yield. The key evaluation metrics employed were
the RMSE from the testing datasets. It provides insights into the goodness
of fit and the magnitude of errors in the predictions.

Since the combination of time series NDVI þ climate þ soil variables
consistently demonstrated better performance, we chose to focus our
subsequent analyses on evaluating the performance of the models using
this specific combination of predictors. This approach allowed us to delve
deeper into the predictive capabilities and understand the underlying
relationships between these variables and crop yield.

A summary of the performance of various machine learning methods
and their sub-groups in terms of RMSE was presented in Table 2. These
algorithms were carefully selected to cover a wide range of techniques
and approaches, allowing us to thoroughly assess their performance in
predicting crop yield. In the linear regression category, different sub-
groups were tested, including linear, interactions linear, robust, and
stepwise linear. Among these, the robust linear regression showed high
RMSE with the lowest RMSE value at 6,841 kg ha�1, indicating a strong
non-linear relationship between yields and predictors. In addition, the
stepwise linear regression failed to produce results, and therefore, no
RMSE value was reported for that sub-group. The regression tree method
was evaluated with fine, medium, and coarse tree sub-groups. The coarse
tree sub-group demonstrated the lowest RMSE value at 1,667 kg ha�1,
followed by the medium tree at 1,702 kg ha�1, and the fine tree at 1,937
kg ha�1. The SVM method was tested with linear, quadratic, and cubic
SVM sub-groups. The linear SVM sub-group achieved the lowest RMSE
Table 2
The RMSE scores of five major methods for maize yield estimation.

Machine learning method Sub-group RMSE (kg ha�1)

Linear regression Linear 7,470
Interactions liner 17,938
Robust 6,841
Stepwise linear Failed

Regression tree Fine tree 1,937
Medium tree 1,702
Coarse tree 1,667

Support vector machine Linear 1,627
Quadratic 1,873
Cubic 2,123

Random forest Ensemble (Boosted trees) 1,528
Ensemble (Bagged trees) 1,522

Gaussian Gaussian process regression 1,769
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value at 1,627 kg ha�1, followed by the quadratic SVM at 1,873 kg ha�1,
and the cubic SVM at 2,123 kg ha�1. Random forest models were
examined using ensemble techniques, including boosted trees and bag-
ged trees. Both sub-groups showed similar performance, with an RMSE
value of 1,528 for boosted trees and 1,522 kg ha�1 for bagged trees.
Finally, the Gaussian process regression method yielded an RMSE value
of 1,769 kg ha�1, indicating its predictive accuracy. Among all the
methods, the random forest outperformed other yield estimation
methods in this study.

In the subsequent analysis, we delved into the application of neural
networks in our study. Similar to the other machine learning algorithms,
we utilized datasets of 2017 for the neural networks model. The pa-
rameters of the neural networks algorithms were carefully selected to
optimize their performance. The data division was performed randomly,
ensuring an unbiased representation of the data in the training and
validation sets. The training process utilizes the scaled conjugate
gradient algorithm, which efficiently adjusts the network weights to
minimize the mean squared error. This choice of performance metric
allowed us to assess the accuracy of the model predictions. The calcula-
tions were performed using the MEX implementation, which enhanced
the computational efficiency of the neural networks.

Our neural networks architecture consists of a single hidden layer
with 128 neural nodes. This configuration strikes a balance between
model complexity and computational feasibility. To train the neural
networks, we employed the Levenberg-Marquardt algorithm, known for
its rapid convergence compared to alternative optimization algorithms.
This selection ensured that the training process was efficient and effec-
tive in finding the optimal set of weights for the neural networks. To
prevent overfitting and ensure generalization, we monitored the per-
formance of the neural networks on the validation dataset. The training
process automatically halted when there was no further improvement in
the model's generalization, as indicated by an increase in the mean
squared error of the validation dataset. Despite setting the maximum
number of epochs to 1,000, the training process stoped earlier if the
desired level of generalization was achieved. This approach helped us
strike a balance between model complexity and generalization, ensuring
that the neural networks provided accurate and reliable predictions.

In Fig. 4, the R2 values were 0.79 for training data and 0.62 for
testing data. Among all the machine learning algorithms, the neural
networks did not show superior performance compared to other ma-
chine learning algorithms. The model exhibited a slightly improved R2

compared to other machine learning algorithms, with an increase from
0.54 to 0.62. One notable aspect of the neural networks model is its
ability to generate predictions that are reasonably close to the 1:1 line,
indicating its effectiveness in capturing the underlying patterns in the
data. However, it is important to note that there were some discrep-
ancies in the predictions. It is worth noting that despite the better
Fig. 4. The scatter plot of observed and predicted yields (kg ha�1)
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performance of the neural networks, one drawback is the computa-
tional time required for training and inference. Neural networks are
known to be computationally intensive, particularly for large datasets
and complex architectures. Therefore, this aspect should be acknowl-
edged in the paragraph. However, given the improvements in predic-
tion accuracy achieved by the neural networks, the slightly longer
computational time may be considered a worthwhile trade-off.

4.4. Out-of-sample prediction performance: new year

In the final stage of our analysis, we employed the neural networks
model to forecast future yield outcomes. To accomplish this, we lever-
aged the model that was developed using data from the previous year
(2017) to predict the yield outcomes for the following year (2018). The
neural networks model, chosen for its better performance compared to
other machine learning algorithms in predicting maize yields, serves as a
reliable tool for this task. The neural model was developed only using the
data from 2017, which included a range of predictor variables such as
NDVI, climate, and soil data. These variables provided valuable insights
into the growing conditions and environmental factors that influence
crop productivity. Once the model was developed, its predictive ability
was tested on the data from 2018. This independent dataset allowed us to
assess the model performance in accurately forecasting the actual yield
outcomes for the following year. By comparing the predicted yield values
with the observed values in 2018, we could evaluate the model's effec-
tiveness in capturing the variations and trends in maize yields.

In summary, the neural networks model was utilized to forecast
future maize yield outcomes. By calibrating the model using data from
the previous year and testing its performance on data from the subse-
quent year, we assessed its accuracy in predicting yield outcomes. The
incorporation of key predictor variables enhanced the model's ability to
capture the complex interactions between environmental factors and
crop productivity, making it an asset for agricultural forecasting.

The obtained R2 value of 0.43 signified that the model can account for
approximately 43% of the variability in yield for a different year. This
suggested that the model had a moderate ability to predict future yields,
which could be valuable in offering farmers an estimation of potential
crop yields in the upcoming season. To visually represent the perfor-
mance of the model, Fig. 5 displays a scatter plot depicting the predicted
maize yield versus the observedmaize yield in 2018. This scatter plot was
generated using the model that was calibrated with the data from 2017.

4.5. Prediction variables and the order of relative importance

To assess the importance of different variables for maize yield esti-
mation in Ethiopia, we examined the impact of excluding each variable
from the model by measuring the increase in mean square error. By
using the neural networks for both training (A) and testing (B).
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analyzing the change in accuracy associated with the exclusion of each
variable, we were able to rank them in order of importance. Our findings
showed that the most important predictor variable for maize yield esti-
mation was the NDVI, which was consistent with previous studies. Tem-
perature and rainfall variables, specifically Tmin and precipitation, also
proved to be important predictors of maize yield. In contrast, soil moisture
was found to be less important to yield estimation when compared to other
variables. This could be due to the coarser spatial resolution of the soil
moisture data or a lack of sensitivity to variation among the yield plots.

Based on the expertise in the field, it is well recognized that the land
management practices implemented in the previous season could have an
impact on crop growth and yield. The land management practices carried
out in the previous season, such as tillage, fertilization, and pest control,
could influence soil properties and nutrient availability. Additionally,
certain environmental factors might exhibit lag effects, meaning their
influence on crop growth and yield might not be immediately evident but
could manifest over time. We decided to initiate the study using time
series data of the entire year. This approach allowed us to capture the
complete seasonal variations in the satellite data, including variables
such as NDVI, Tmin, precipitation, and Tmax. Our analysis showed that
NDVI in late September had the highest importance score, indicating its
critical role in maize yield estimation. Additionally, Tmin and precipi-
tation in September were found to be the most important among the 12
months. Tmax, on the other hand, showed the greatest importance in
November. These findings suggested that Tmin and rainfall at the
beginning of the growing season were critical to maize production, while
Tmax values were more important at the end of the growing season.

5. Discussion

This study aimed to test all possible combinations of variables,
including individual band, satellite-derived VI, soil properties, and climate
variables, to determine their impact on the accuracy of maize yield esti-
mation (Burke and Lobell, 2017). Our findings indicate that simply
including more features did not always result in better yield estimates,
particularly when ground truth data were limited. Therefore, it is crucial to
carefully select the features used in estimation, even though machine
learning algorithms have the capability to minimize the impact of
low-quality observations. We have found that the individual bands
exhibited poor performance as predictors and considering the time series of
individual bands would lead to a substantial increase in the number of
independent variables. Given the limited dataset of approximately 1,000
observations, incorporating a large number of independent variables poses
Fig. 5. Scatter plot of predicted and observed maize yields (kg ha�1) in 2018
using model calibrated with 2017 data.
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challenges to the model performance, potentially resulting in issues such as
overfitting, multicollinearity, and decreased stability. Therefore, a more
comprehensive approach to feature selection is required, which considers
both the quality of the data and the relevance of the variables tomaize yield
estimation. By doing so, we can improve the accuracy of yield predictions.

Through careful selection of variables, including VI, climate, and soil
variables, our model was able to explain over half of the variation in
observed maize yields. Importantly, we found that using VI calculated
from individual bands was more effective than using individual bands
themselves. Both NDVI and GCI performed comparably in yield estima-
tion, likely due to their shared use of near-infrared band values in their
calculations. The fact that our models using NDVI and GCI had similar
performance suggests that either of these indices can be used effectively
for maize yield estimation. Our findings highlight the potential benefits
of using satellite-derived VI such as NDVI and GCI and the accuracy of
yield prediction can be improved by leveraging the sensitivity of near-
infrared values to yield estimates.

The presence of clouds in satellite images can significantly affect the
accuracy of crop monitoring using NDVI and GCI. Clouds can cause
missing data and spectral contamination in satellite images, which can
lead to unreliable estimates of crop yield. Therefore, it is essential to
develop methods that can effectively handle the cloud effects in satellite
images and improve the accuracy of crop yield estimation (Guerini Filho
et al., 2020). The SG function is commonly used to smooth time series
data by fitting low-degree polynomials to successive subsets of adjacent
data points through least squares. However, our analysis revealed limi-
tations with the SG function provided in the GEE platform, particularly
when dealing with long periods of cloud coverage. Despite applying the
SG function, the NDVI profiles still showed sudden drops, indicating
unsatisfactory results. We observed this problem in one example where
the cloud coverage persisted throughout August in Fig. 6. To address this
issue, we suggest using a third-party SG function that provides more
parameterization options, such as deriving weighted values for each
NDVI value based on the Quality Assurance (QA) layer from the original
satellite image bands. The QA values indicate the quality of the obser-
vation from the satellite and label the pixel with high quality when there
is no contamination. By applying QA weights, the original NDVI values
with low QA will be treated as missing values in the curve fitting process,
potentially improving the accuracy of the smoothing algorithm.

It is also worth noting that the choice of machine learning algorithm
depends on the specific problem being solved and the data available
(Hastie et al., 2009). Neural networks are known to capture intricate
patterns and relations in the data. While neural networks have shown
slightly better performance in the yield estimates, it is essential to care-
fully choose the architecture and hyperparameters of the model to ach-
ieve optimal performance when working with neural networks. This
requires extensive experimentation and tuning, which can be
time-consuming and challenging.

Using a model developed from data from a prior year to predict future
yield outcomes is a common approach in agriculture and other fields
(Battude et al., 2016). It can be an effective way to estimate potential
crop yields for the upcoming season and help farmers make informed
decisions about crop management. The model from neural networks
provides reasonable results when estimating the yield of different years
but the R2 is lower than the estimates of same year. It indicates that the
ability of the model to predict future yields accurately may depend on
various factors such as weather conditions, soil quality, and farming
practices, which may vary from year to year. Therefore, it is essential to
regularly evaluate the model performance and retrain it as needed to
ensure its accuracy and reliability in predicting future yield outcomes.
Overall, the use of machine learning models in agriculture to predict
future yield outcomes is a promising approach.

Lastly, the results showed that NDVI in late September had the
highest importance score throughout the year. In terms of Tmin and
precipitation, the data for September showed the most relative impor-
tance out of the 12 months. On the other hand, Tmax showed the greatest



Fig. 6. The comparison of the time series of original NDVI and smoothed NDVI.
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importance in November. The significance of these findings is that
different periods play varying roles in predicting maize yield. The
importance of Tmin and precipitation in September, for example, sug-
gests that these factors are crucial for the beginning of the growing
season, while the importance of Tmax in November suggests that it is
more relevant to the end of the growing season. These findings could be
useful for farmers and policymakers in Ethiopia, as they can provide
insights into the timing of key environmental factors that influence crop
growth and yield.

6. Conclusions

In this study we described a machine learning based approach to
estimate smallholder maize yield using geospatial data from various
sources, using data from Ethiopia as a case study. NDVI, together with
climate data and soil indicators, produced the maize yield estimates with
the highest accuracy. We found the neural networks model to perform
slightly better than other machine learning algorithms. Importantly, our
work indicates that a model developed and calibrated on a previous
year's data could be used to reasonably estimate maize yield in the sub-
sequent year, although more work is needed to further explore the
robustness of such out-of-sample predictions in other settings. Our
analysis of feature importance indicated that NDVI was the most
important predictor when estimating maize yield in the field. Further-
more, the relative importance of NDVI, Tmin, precipitation, and Tmax
varied. Our study suggests the feasibility of developing national pro-
grams for the routine generation of broad-scale, high-resolution esti-
mates of smallholder maize yield, including seasonal forecasts, on the
basis of machine learning algorithms, well-measured ground control
data, and currently available time series satellite data.
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