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A B S T R A C T   

Remote Sensing affords the opportunity to monitor and evaluate data scarce regions where field 
collection efforts are costly. A particular challenge is monitoring and evaluation in regions with 
smallholder agricultural systems (~1 ha) that are often subsistence focused, vulnerable to food 
insecurity and data scarce. Using multi-day moderate resolution Sentinel-2 and Random Forest 
models, this study shows that crop type and rice yields in Burkina Faso can be predicted with 
greater than ~80% accuracy in the rainy season. Model optimization using varying spectral and 
vegetation index inputs can increase crop type and yield prediction accuracy in the dry season 
where denser cultivation is a challenge for the 10–20 m resolution of Sentinel-2. However, there 
is a trade-off between opting for very high-resolution imagery (<2 m) or the number of bands 
offered by Sentinel-2 as the bands that occupy and vegetation indices that utilize the red through 
NIR ranges were most important across all models. In addition, model type, linear Regression or 
nonlinear Random Forest, matters little when estimating yield in these landscapes, unless Har
monic regression is utilized for the linear model. This study also showed that a model trained with 
high quality 2019 dry season crop cut data can predict the subsequent dry season’s interannual 
crop type with overall accuracy as high as 60%, comparable to crop type models trained with 
2020 survey data and used to estimate crop type in the concurrent season, as the survey 
collection. This indicates some utility in leveraging the calibrated Random Forest models to make 
skillful predictions of interannual crop type and ultimately food availability of nearby commu
nities for years with no training data. Given increasing global food prices and restricted com
modity trade, understanding local agricultural productivity using affordable and timely remote 
sensing-based methods is essential for ensuring appropriate humanitarian interventions.  
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1. Background 

Earth observing satellites provide a unique opportunity to monitor and evaluate crop density, composition and yield with spatial 
and temporal resolutions that facilitate global monitoring (Chang et al., 2007; Doraiswamy, 2004; McCarty et al., 2017; McNally et al., 
2015; Neigh et al., 2018). Remotely sensed data has been extensively used to provide advanced warning of drought and other 
agroclimatic shocks (Verdin et al., 2005; Brown et al., 2007) that reduce food availability, affecting the food security of between 720 
and 811 million people globally (Brown et al., 2007; FAO, 2021). Earth observing systems are especially useful for remote data 
collection in regions where agricultural data is limited, farmer self-reporting results in bias, and field collection efforts are costly 
(Burke and Lobell, 2017; Carletto et al., 2017; Lobell et al., 2020). 

A challenge however, is monitoring productivity where smallholder agriculture comprises a sizable proportion of agricultural 
activities, such as in Africa, Asia and parts of Europe (Lesiv et al., 2019; Lowder, 2016; Fritz et al., 2011). In these cases, satellite 
sensors with the longest archives such as Landsat (50 years, at 30 m resolution) and MODIS (20 years, at 250 m resolution) have spatial 
resolutions that are insufficient in capturing the nuances of these small fields. This is important, for example, in African nations where 
75 percent of the total fields may be less than 0.5ha and are often dominated by mixed land uses (Burke and Lobell, 2017; Carletto 
et al., 2015; Debats et al., 2016). In regions with high variability of precipitation, smallholder farmers who rely heavily on rain fed 
agriculture are particularly vulnerable to food insecurity (Niles and Brown, 2017; Rockström et al., 2003). 

Satellite systems such as Sentinel-2 (S2) A and B, with 10 m resolution, weekly revisit frequency and publicly accessible data 
through cloud computing platforms, such as Google Earth Engine, offer a solution for the evaluation of regions with smallholder 
agriculture (Burke and Lobell, 2017; Drusch et al., 2012). The use of high-resolution (2–8 m resolution) satellites to evaluate crop 
composition and yield has been examined. Overall, accuracy is improved as the spatial resolution increases for both crop classification 
(Rao et al., 2021; Turker and Ozdarici, 2011) and yield (Burke and Lobell, 2017). Higher resolution imagery is particularly beneficial in 
regions with very small field sizes where yield predictions are nearly as skillful as measurements obtained through surveys (Burke and 
Lobell, 2017). 

Empirical methods for predicting crop composition use measured parameters such as spectral signature, derived indices, or texture, 
often acquired from only one or a select number of acquisition dates, in combination with machine learning models such as Random 
Forests or Support Vector Machines (SVM) (Aguilar et al., 2018; Chellasamy et al., 2014; Fan et al., 2021a, 2021b; Gerstmann et al., 
2016; Kim and Yeom, 2014; Palchowdhuri et al., 2018; Ursani et al., 2012; Zafari et al., 2017; Zurita-Milla et al., 2017). However, a 
number of studies have shown the utility of incorporating temporal information from multiple dates, optimally 5, for crop classifi
cation to capture field spectral and textural variations. To include temporal information, numerous studies have employed temporal 
windows, periods of time within the growing season that target specific periods of crop phenology (Conrad et al., 2014; Debats et al., 
2016; Waldhoff et al., 2017) and time series of derived spectral properties (Inglada et al., 2015; Valero et al., 2015, 2016; Wardlow and 
Egbert, 2008). However, the need to determine an optimal temporal window can be eliminated by including multiple dates throughout 
the growing season leading up to months with peak crop development, where peak and late season imagery are more valuable for 
model classification skill than incorporating early season imagery (Rao et al., 2021; Vuolo et al., 2018), since the difference between 
natural vegetation and crops are in part their length of growing period and senescence date. In regions with small field agriculture, 
changes in texture become more important than changes in spectral characteristics, and increased temporal information is more 
advantageous than additional spectral bands (Debats et al., 2016). 

Similarly, observed yields are related to remotely sensed parameters such as reflectance and derived vegetation indices in effort to 
understand production at both field and regional scales (Weiss et al., 2020). Commonly used approaches relate derived metrics such as 
vegetation indices (Burke and Lobell, 2017; Lobell et al., 2020) to observed yields for example, employing interpolated time series 
(Inglada et al., 2015; Quarmby et al., 1993; Son et al., 2014) and seasonal growth profiles (Labus et al., 2002) in combination with 
regression, machine and deep learning methods. Machine and deep learning are ideal for understanding nonlinear quantities such as 
crop yield (Palanivel and Surianarayanan 2019). Commonly utilized machine learning models for estimating yield include, random 
forests, linear regression, support vector machine, and gradient boosting trees such as XGBoost, where neural networks have been 
employed the most in previous studies (dela Torre et al., 2021; Klompenburg, Kassahun and Catal 2020; Ma et al., 2019; Palanivel and 
Surianarayanan 2019). However, no one model outperforms the others in terms of its prediction skill; a variety of models are often 
tested to better understand yield estimation accuracies where machine learning models are selected based on factors such as ease of 
computation, methodology and data structure (Klompenburg, Kassahun and Catal 2020; Maxwell et al., 2018). In addition, data 
quantity often influences model selection for example; Random Forest, an ensemble of decision trees is less affected by sample size than 
a single tree or Artificial Neural Networks (Maxwell et al., 2018). Of particular interest at both field and regional spatial scales is 
harvest predictability and accurate measures of production (Lobell et al., 2020; Weiss et al., 2020). Most previous work has focused on 
yield estimation in regions with homogenous land cover types and large field sizes (Weiss et al., 2020). Heterogeneous regions with a 
high degree of within-field variability and mixed vegetation types such as agroforestry present a challenge, which can limit yield 
estimation skill (Inglada et al., 2015; Schut et al., 2018; Weiss et al., 2020). However, even with finer resolution cloud-free imagery, 
accurate in situ yield measurements are needed to transform relative production estimates into absolute estimates per hectare, 
particularly in tropical regions (Weiss et al., 2020). In situ yield measurement error affects accurate yield estimation where harvest 
measurements reliant on farmer reported yields are biased toward higher yields with little correlation to more precise measures of 
harvested yield such as full plot and crop cut based estimates (Lobell et al., 2020). Though crop cuts harvest estimates capture only a 
quarter of the field variability in heterogeneous agricultural systems, models built with crop cut harvest estimates better correlate to 
full plot estimates, the preferred in situ measurement, than self-reported yields and are a reasonable alternative when full plot esti
mates are not feasible (Lobell et al., 2020). 
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Here we focus on using satellite data to monitor agricultural variability in a smallholder system in West Africa, a region with 
particularly poor agricultural statistics. Food security and reliance on subsistence farming in the region remains a major socio- 
economic problem, with 25% of children under five being stunted and 40% of the population in Burkina Faso suffering from 
extreme poverty (WFP, 2022). Most people depend on the current season’s agricultural production for their livelihoods, leaving them 
with significant climate vulnerability. Vulnerability across Burkina Faso to climate shocks is highly variable across the country, with 
children in some regions with highly productive agricultural regions showing malnutrition while other areas have children who are 
less affected (Grace et al., 2016, 2017). Household food security is shaped by the pathways through which households gain access to 
food. Turner et al. (2021) surveyed households in the region and report low levels of self-provisioning of grain (averaging around 50% 
of need) with different seasonal patterns of grain purchases based on cash sources, which are affected by international commodity 
prices as well as local production (Brown and Kshirsagar 2015). Burkina Faso has also experienced internal conflict from armed 
Islamist militant groups, displacing 1.5 million people who remain extremely food insecure and who rely upon food purchased in 
markets (Human Right Watch. World Report, 2022). In this context, knowing the extent of annual cropped area and crop productivity 
is critical to understanding the food available in the country. These statistics have not typically been available in the region, therefore 
new research is needed. 

Previous works have examined the utility of temporal variance in datasets both within and outside African agricultural systems 
(Abubakar et al., 2020; Aguilar et al., 2018; Vuolo et al., 2018). Calibrated models have been utilized for other types of land cover 
mapping including forest cover, forest change and water detection (Carroll et al., 2017). While Wang et al. (2019) examined the 
skillfulness of crop type mapping without field labels in the United States, this has not been done in a smallholder setting. 

This study focuses on crop type and yield prediction skill of Random Forest models using multi-temporal moderate-resolution 
Sentinel-2 imagery in heterogeneous smallholder agricultural landscapes. The aim of this study is to understand the composition of 
cropped area and crop productivity, which are statistics historically unavailable in this region, and particularly important for food 
security. In addition, this study compares nonlinear and linear models for estimating yield evaluating model selection for yield, with 
similar methodologies, in heterogeneous smallholder landscapes. A unique contribution of this study is the application of a calibrated 
model to assess interannual crop type predictability in an uncalibrated approach in these landscapes. We explore whether an in situ 
calibrated Random Forest model can predict crop type for years without field data in a region, where data is often limited, and skillful 
crop type mapping without field labels would be of significant value. 

Fig. 1. Burkina Faso’s location in West Africa and the study region, Di perimeter, location in Burkina Faso shown in red, overlaid with crop cut data points in blue (a). 
Sentinel-2 imagery, acquired for September 12, 2019, showing the Di perimeter (b) and an enlarged image showing cultivated plots and landscape heterogeneity 
within the perimeter (c) (High Resolution Maxar imagery obtained using ESRI’s Basemap). (For interpretation of the references to color in this figure legend, the reader 
is referred to the Web version of this article.) 
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2. Data & methodology 

2.1. Study area and crop cut In situ data: Di, Burkina Faso 

The primary study region encompasses ~2246 ha of irrigated cropland located adjacent to the Burkina Faso – Mali border near the 
town of Di in Burkina Faso (Fig. 1b, Ksoll et al., 2021). Burkina Faso is a country located in the Sahel, dominated by high average 
temperature and low average rainfall, where climate variability can lead to substantial impacts on agriculture, which makes up 1/3 of 
the country’s economy and employs 80 percent of the population either directly or indirectly (USAID Burkina Faso, 2015). The 
Millennium Challenge Corporation (MCC)’s Agricultural Development Project (ADP) constructed irrigation infrastructure, which was 
completed by mid-2014 (Fig. 1, left). It was intended to enable complementary irrigation for rainy season agriculture (May–No
vember) and, more importantly, to enable farmers to cultivate a second season crop during the dry period (November–April). The land 
within the irrigated area is called the Di perimeter, and can be divided into two zones, 1) land suitable for rice cultivation in the areas 
adjacent to the Sourou River, and 2) slightly higher-lying land suitable for a variety of crops including maize in the rainy season and 
vegetables such as onions and tomatoes in the dry season. Within each zone, land was leveled and has similar access to water; either 
flooded for rice cultivation or distributed via small canals dug by the farmers. Soils are nutrient poor and require application of organic 
or inorganic fertilizer (Ksoll et al., 2019). 

Fields allocated to farmers are generally less than 2 ha with the smallest field sizes in the sample are about 0.5 ha (Fig. 1c). Prior to 
the construction, the dominant crops were sorghum as well as maize and rice, the ADP anticipated and supported a shift away from 
sorghum to maize and rice in the rainy season; and to higher-value vegetable crops in the dry season (Ksoll et al., 2018). This shift was 
supported by training farmers in best practices for 6 priority crops: maize, rice, onions, soybeans, cowpeas, and tomatoes. Training 
included techniques of land preparation (double-ridging, planting, cultivating onions on high platforms), input use (fertilizer, pesti
cides, and herbicides) and use of irrigation (Ksoll et al., 2019). 

Geo-located in situ crop type and yield samples were collected as part of an independent evaluation of these investments. More than 
1500 pure stand crop cuts (5 m × 5 m) were collected for the 2018–2019 dry season (905 samples) and 2019 rainy season (612 
samples) (Table 1). A stratified random sample of farmers cultivating land on the perimeter were drawn, covering 230 and 270 plots of 
land (out of 2029 total plots) for the dry and rainy seasons, respectively (Appendix I). Plot sizes range between 0.11 and 7.3ha, with an 
average plot size of 1.17ha, where only 15% of plots are larger than 2ha. 

The ground data collection consisted of the ADP’s 6 priority crops: maize, rice, onions, soybeans, cowpeas, and tomatoes (Ksoll 
et al., 2021). Data was collected through trained interviewers: after planting, during the season, and at harvest and the sampled crops 
were weighed (measuring dried grain) in the measurement squares. For each selected square, yield data were recorded once for crops 
with a single harvest and multiple times for crops with possible multiple rounds of harvesting, as in the case of crops like tomatoes. 
Crops like tomatoes are routinely harvested multiple times in a season, and therefore total output is the sum of harvest weights across 
all harvest events. Small sample issues (N < 100) exist for a subset of crops across either season, so our analysis focuses on maize and 
rice in the rainy season, and onions, tomatoes and rice in the dry season that have sufficient observations (Table 1). 

The centroids of the measurement squares were used to account for measurement inaccuracies and were combined with a non-crop 
class (297 samples). The samples in the non-crop class consisted of features manually created by visually inspecting Very High- 
Resolution satellite imagery including, Maxar, using ESRI’s ArcGIS software (Esri, 2009). The non-crop features were created to 
distinguish cultivated cropland from bare ground, water and forestry present in areas surrounding Burkina Faso’s Di perimeter. 

2.2. Survey based In situ data: Di and Boucle du Mouhoun 

A subsequent round of field data collection was conducted in 2020 and collected survey data on crops grown during the 2019/2020 
dry season, which spanned from planting in November 2019 through harvesting in March/April 2020. A total of 774 crop type samples 
were collected both for fields in the perimeter, as well as from plots outside of the perimeter in the Boucle du Mouhoun region and 
included 19 different crop types (Appendix 1). This information was collected by interviewers who visited the fields of household 
survey respondents and walked into the middle of the field that had been cultivated and took GPS coordinates of the cultivated field. 
This survey data was combined with the non-crop class to reduce error in classification due the presence of water, bare ground and 
agroforestry in the study region. 

2.3. Satellite imagery: Sentinel-2 

The cloud-based computing platform Google Earth Engine (GEE) was used to access the European Space Agency’s Sentinel-2 (S2) 

Table 1 
The distribution of crop cut samples for each crop used to train and test the Random forest model.  

Crop Dry season (2018/2019) Rainy season (2019) Dry season (2019/2020) 

# % of total # with yield data # % of total # with yield data # 

Maize 69 7.62% 39 463 75.65% 463 51 
Onion 337 37.24% 278 0 N/A 0 147 
Rice 162 17.90% 147 134 21.9% 128 44 
Tomato 283 31.27% 190 9 1.47% 4 82 
Cowpeas 54 5.97% 36 2 0.33% 2 1 
Soybeans 0 NA 0 4 0.65% 3 0  
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level-2A surface reflectance repository (European Space Agency, 2016; Gorelick et al., 2017; Müller-Wilm, 2016). Sentinel-2 was used 
for both its high spatial (10 m in visible and near-infrared) and temporal resolution (5 days at the equator), which is advantageous for 
the small field size of the study area (Drusch et al., 2012). Multiple dates without extensive cloud cover were selected throughout the 
2019 rainy (6 dates between September and November) and dry (12 dates between January and March) seasons (Table 2). The S2 
cloud and cirrus cloud BitMask was used for cloud masking. Eight band S2 imagery – Red, Green, Blue, Near Infrared (NIR), 2 
Short-Wave Infrared (SWIR), and 2 Red Edge (RE) – was acquired for each acquisition date during the peak to the end of the growing 
season. 

2.4. Methodology 

2.4.1. Machine learning algorithm 
Random Forest classification and regression were used to estimate crop type and yield respectively, where classifiers are ideal for 

categorical data and regression is ideal for continuous data and extrapolations. Random Forest models use an ensemble of decision 
trees to determine the best outcome from a random selection of sample data and independent variables (Belgiu and Drăguţ, 2016; 
Breiman, 2001). In Random Forest models, bootstrap samples are created from the training data by randomly sampling with 
replacement. These samples are then fed to separate decision trees for training, with the result determined by majority vote from the 
ensemble. This method, also known as Bootstrap aggregation, improves upon a conventional decision tree’s tendency to overfit by 
reducing variance from the original training data sample (Breiman, 2001). These models have been increasingly used in remote sensing 
due to their ease of implementation, overall accuracy, and speed (Belgiu and Drăguţ, 2016; Vuolo et al., 2018). 

To account for spectral differences between dry and rainy seasons, separate Random Forest models were built for each. A Random 
Forest Classifier was first used to predict crop type. Yield was then estimated with a Random Forest Regressor and crop type masks 
were applied to yield results to limit the evaluation to target crops. The same training data are used for both the Random Forest 
Classifier and Random Forest Regressor and discussed in section 2.4.2. For this work, 100 decision trees were used and 25 percent of 
the data were held back for validation. Breiman (2001) demonstrated increasing the number of trees, converges model errors (to a 
limit) as the size of the forest grows. Additionally, fine-tuning the number of trees ensures the size of the forest is appropriate for the 
quantity of training data. We tested different numbers of trees, and found 100 decision trees optimized accuracy (Appendix 2 
Figure A1). Similarly, testing was conducted to assess differences in accuracy achieved between reserving 10%–40% of the data for 
model validation. In this context, the reserved data are not used to train the model and instead test the model’s skill on an unseen 
dataset. The greatest impact on accuracy was observed in test sizes greater than 25%, while minimal differences were otherwise 
observed. The goal was to maximize the data used to both train and test the models while maintaining optimal accuracy. Therefore, a 
test size of 25% was chosen, instead of 15% (which showed a marginal 0.1% increase in accuracy compared to 25%) in effort to allot 
ample data for testing purposes (Appendix 2 Figure A2). Once the testing threshold was set, the test data were randomly selected and 
separated from the training dataset using python’s Scikit-learn package (Pedregosa et al., 2011). 

We selected a set of metrics to evaluate the efficacy of each Random Forest model. For the Random Forest classifier, a confusion 
matrix was generated from the subset of data reserved for validation. A confusion matrix compares a crop classified by the model to its 
actual or reference class. In this way, errors of commission and omission as well as classification skill (producer accuracy) for each class 
are easily identifiable. Commission error refers to the number of crops classified in the incorrect class while omission error is for those 
omitted from their correct class. Additionally, the out of bag (OOB) accuracy was used to measure the Random Forest model’s overall 
classification accuracy. OOB accuracy is computed by averaging each decision tree’s ability to predict an outcome using only the out of 
bag sample, or the subset of data that was not used to train a particular tree (Breiman, 2001). 

To evaluate the skill of yield estimates, accuracy and error were evaluated based on the residuals, or the difference between the 
observed and forecasted yield value. The Mean Absolute Percentage Error (MAPE) is a measure of the magnitude of the forecast error, 
where a larger MAPE value indicates a greater difference between the forecasted value and the actual yield value (equation (1)). To 
measure accuracy, MAPE was subtracted from 100 percent. 

M̂APE =
100
N

*Σ
|yi − ŷi |

yi
(1)   

ŷi sample forecasted yield 
yi actual yield 

Table 2 
Sentinel-2 acquisition dates and bands included in the models.  

Season Bands Resolution Imagery date 

RF models Regression models 

Rainy (June–Nov 
2019) 

Red, Green, Blue, NIR, Red 
Edge705, Red Edge740,SWIR 1, 
SWIR2 

10m September: 12, 22, 27 October: 
22, 27 November: 01 

August: 13, September 12, 22, 27October: 7, 22 
November: 1, 21, 26 December: 1, 4, 11, 16, 21, 
26 

Dry (December 
2018–March 
2019) 

January: 5,15,20,25,30 
February: 4,9,14,24 March: 
1,11,26 

November: 11 December: 6, 11, 16, 21, 26 
January: 15, 20, 25, 30 February: 4, 14 March: 1, 
16 April: 10, 15, 20  
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N number of samples 

In addition to MAPE, the Mean Absolute Error (MAE) was used to quantify the magnitude of error. MAE is the average absolute 
value of the residual, where a large MAE is indicative of large forecast error. The absolute nature of MAE means forecast errors are 
interpreted in the same units as the observations, tons per hectare. In this context, the MAE was used to quantify the error of the yield 
model’s average estimated yield and treats a 0.5 t/ha error for an observation of 5 t/ha the same as an error for an observation of 3 t/ 
ha. 

M̂AE =
1
N

* Σ |ŷi − yi| (2)   

ŷi sample forecasted yield 
yi actual yield 
N number of samples 

2.4.2. Model optimization and selection 
A series of five Random Forest crop type and yield models were tested to identify the optimal combination of spectral information 

and metrics such as vegetation indices (VI) that would increase accuracy when included in a Random Forest model. The vegetation 
indices were derived from S2 following the methods of Lobell et al. (2020), and include Normalized Difference Vegetation Index 
(NDVI), Red-Edge NDVI 705 (NDVI 705), Red-Edge NDVI 740 (NDVI 740), Green Chlorophyll Vegetation Index (GCVI), and MERIS 
Terrestrial Chlorophyll Index (MTCI). In addition, the seasonal amplitude, median, and maximum of vegetation indices were computed 
for the imagery dates acquired for each season. Seasonal amplitude is defined as the difference between the maximum and minimum 
seasonal index value and was evaluated for each pixel to distinguish each crop type by its unique seasonal range for all vegetation 
indices included in this study. 

Table 3 contains detailed information about each crop type and yield Random Forest model and the spectral information and 
metrics included in each of the five models: BAND7NDVI, VI5, BAND7VI5, MEDMAX, and MEDMAXAMP. The skill of each Random 
Forest model was evaluated based on changes in accuracy and error, and the method that produced a crop type or yield model with the 
highest accuracy and lowest errors was selected. Therefore, a unique Random Forest model was trained and applied for this evaluation 
based on target season or crop type rather than applying a single model. Input features were selected to ensure model comparability 
between linear and nonlinear methods (discussed in section 2.4.3) as well as to maximize the spectral information available from 
Sentinel-2. Feature importance was detected to identify optimal bands that aided in the model’s selection process among the best 
performing models. 

2.4.3. Comparing nonlinear and linear yield models 
In addition to optimizing a Random Forest model by evaluating the 5 VI-based models described above, the differences between 

linear and Random Forest regression models were evaluated to determine advantages and limitations of linear and nonlinear methods 
for estimating yield. 

The first linear regression approach estimates yield (yi ) as a function of plot-specific maximum and median VI values observed over 
the course of the full season, for a single VI. Pixels that exceed a defined cloudiness threshold of greater than 20% and a value of 0 in the 
cloud and cirrus bitmask were masked (Equation (3)). 

yi = β0 + VIi
max + VIi

median + εi (3) 

The second linear regression model leverages the joint and complementary information contained across multiple VIs augmenting 
the single-VI regression model (Equation (4)). Since these VIs are constructed from different spectral bands, taking a multiple-VI 

Table 3 
Sentinel-2 bands and derived metrics included in 5 different Random Forest models: BAND7NDVI, VI5, BAND7VI5, MEDMAX and MEDMAXAMP.  

Feature Bands/Equations Band7NDVI VI5 BAND7VI5 MEDMAX MEDMAXAMP 

RED (R) B4 x  x   
Green (G) B3 x  x   
Blue (B) B2 x  x   
Near Infrared (NIR) B8 x  x   
Red Edge (RE) B5 (Red Edge 1) x  x   

B6 (Red Edge 2)   
Short Wave Infrared (SWIR) B11 (SWIR1) x  x   

B12 (SWIR 2) x x 
NDVI (NIR –R)/(NIR + R) x x x   
NDVI740 (NIR -RE2)/(NIR + RE2)  x x   
NDVI705 (NIR -RE1)/(NIR + RE1)  x x   
GCVI (NIR/G) − 1  x x   
MTCI (NIR-RE1)/(RE1-R)  x x   
Median Seasonal median computed for all vegetation indices    x x 
Maximum Seasonal maximum computed for all vegetation indices    x x 
Amplitude Seasonal amplitude computed for all vegetation indices     x  
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approach is likely to incorporate more valuable information than a method that models yields as solely a function of an individual VI. 

yi = β0 +
∑

v

(
VIiv

max +VIiv
median)+ εi (4)  

for all i observations of a given crop grown in a specific season. 

2.4.4. Random forest model transferability and prediction skill 
For this evaluation, 2020 dry season crop type was estimated by leveraging the 2019 dry season Random Forest crop type models to 

estimate crop type in years without training data. This method characterizes an uncalibrated approach by applying a crop type model 
trained on dry season 2019 in situ crop cut data to estimate 2020 crop type for the same geographic area. Survey data for dry season 
2020 was used to validate skill and determine the interannual prediction skill. Random Forest model transferability is limited to dry 
season crop type identification as yield data was not collected for the validation dataset and survey data was collected only during the 
2020 Dry season. To maintain consistency between datasets the 2020 survey data was restricted to only crop types present in the 2019 
crop type model (within the Di perimeter) and included rice, tomatoes, onions, cowpeas, maize, and non-crops. Rates of accuracy and 
misclassification were used to determine prediction skill. Skill metrics were derived from the confusion matrices and evaluated in two 
ways. 1) Overall accuracy was calculated and is defined as the sum of correctly classified crops divided by the total number of crops 
classified (where misclassification is those incorrectly classified). 2) Producer accuracy was calculated and is the degree to which each 
crop was correctly classified when compared to the total number in its reference class. It is noted that crop types with small sample 
sizes in the 2019 and 2020 in situ datasets, such as cowpeas, fail to classify when making interannual predictions. 

3. Results 

3.1. Estimating crop composition 

Crop composition was estimated for both the rainy and dry season for all crops of interest. Random Forest crop type models for both 
the rainy and dry season were trained with the spectral signature and metrics of the crops during months that occur during the peak of 

Fig. 2. The difference in model skill by season and crop type. A model skill when estimating crop type using Random Forest Classification by season, rainy (blue) dry 
(red). B model skill when estimating rainy season Maize (green) and rice (brown) yield. C model skill when estimating dry season onion (orange), rice (brown) and 
tomato (red) yield, where three models exhibited negative accuracy when estimating dry season tomato yield (BAND7VI5, BAND7NDVI and VI5). (For interpretation 
of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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the growing season. As expected, the varying input feature combinations used to train the Random Forest crop type models produced a 
range of outcomes, dependent on the season and crop of interest (Fig. 2a). For the rainy season, crop type accuracy increased 17% 
percent from the least (VI5) to the most (BAND7VI5) skillful crop type model while in the dry season, accuracy increased 12% (least 
skillful: VI5, most skillful: MEDMAXAMP). The differences in accuracy based on crop type model inputs for the rainy and dry seasons 
highlights the utility of applying unique models for each season rather than a “one model fits all” approach. Therefore, the following 
discussion will focus on the results of the BAND7VI5 model for rainy season crop type estimates and MEDMAXAMP for the dry season. 

Overall, crop type classification skill was greater in the rainy season across all models, with an out-of-bag accuracy of 88% in the 
most skillful model, BAND7VI5. Two crop types, rice and maize were predominantly identified (Fig. 3a) and comprise 94.5% of the 
cultivated area (18.5% rice, 76% maize). Rice and maize were classified into the correct class 82% and 95% of the time, respectively, 
highlighting a high degree of classification accuracy, or Producer’s accuracy (Fig. 3b). The remaining crops of tomatoes, cowpeas and 
soybeans underperform in the BAND7VI5 model, all three crop types are 100% omitted from their respective classes; confused for 
maize when misclassified. The inaccuracy in classifying tomatoes, cowpeas and soybeans is attributed to undersampling, where the 
total number of crop cut samples in the classes combined was less than ~3% of the data used to train the BAND7VI5 Random Forest 
model (Fig. 3b). 

In the dry season, out-of-bag accuracy was 64% with the tomatoes, rice and onions predominantly classified, comprising ~88% of 
the cultivated area (Fig. 4a). Onions accounted for the largest proportion of cultivated area, covering approximately 41% of the area 
followed by tomatoes at 31%, and rice 16%. Tomatoes, onions and maize were spectrally less distinguishable and consistently mis
classified with each other. A denser degree of intercropping and GPS error may lead to spectral mixing along field boundaries, 

Fig. 3. a Rainy season classification for predominantly Rice (brown) and Maize (yellow). Figure 3b shows the confusion matrix for the rainy season calculated as the 
number of crops in each class divided by the total number of crops in the reference class and highlights the percentage of correct classifications (diagonal elements >70 
percent) as well as the percentage of misclassifications (off diagonal elements). (For interpretation of the references to color in this figure legend, the reader is referred 
to the Web version of this article.) 
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increasing classification error. Of the three crop type classes, onions were the most distinguishable, placed into the correct class ~67% 
of the time and when misclassified were most often mistaken for tomatoes (~29%, Fig. 4b). When misclassified, Maize and tomatoes 
were most often mistaken for onion with a misclassification rate of approximately 53% and 44%, respectively. Maize was also mis
classified as tomatoes at an equally high rate, 42%. Rice was classified with the greatest accuracy, and was placed into the correct class 
~77% of the time (Fig. 4b). Similar to the rainy season, rates of misclassification were higher for undersampled crops in the dry season. 

Fig. 4. a Dry season classification for predominantly Rice (brown) Onion (orange) and tomato (red). Figure 4b shows the confusion matrix classification and 
misclassification skill for the dry season calculated as the number of crops in each class divided by the total number of crops in the reference class and highlights the 
percentage crops placed into the correct class (diagonal elements >50 percent) as well as the percentage of time crops are incorrectly classified (off diagonal elements). 
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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Cowpeas and maize comprise 14% of the in situ crop cut samples and were 100% omitted from their respective crop classes. When 
combined with small plot sizes and crops planted in close proximity within the Di perimeter, the degree of undersampling made crop 
identification challenging. 

Random Forest crop type models with the greatest out-of-bag accuracies were used to assess crop composition. However, all factors 
from target season to target crop should be evaluated to select the best model. In light of that, the producer accuracy of each Random 
Forest crop type model was examined to ensure that the classification skill was maximized across all adequately sample crop types. For 
example, MEDMAXAMP model in the dry season exhibited the greatest overall skill for the well-sampled crops (rice, onions, and 
tomatoes). However, if classification skill of dry season rice was the primary interest, BAND7VI5 outperformed MEDMAXAMP with a 
6% increase in rice classification; underscoring both model selection based on season and crops of interest but also the value of the data 
selected to train a Random Forest crop type model. 

3.2. Estimating yield 

Crop yield was estimated using Random Forest regression for crop types adequately sampled in both seasons. In the rainy season 
yield was estimated for rice and maize while rice, tomatoes, and onions were estimated in the dry season. A crop mask was generated 
from the most skillful crop classification results and applied to the final yield estimate to limit the yield evaluation to the targeted crop 
type. It is noted that yield was not reported for all crop cut samples and therefore the sample size is reduced from the totals reported in 
Table 1. In the rainy season there were 590 samples (maize: 462, rice: 128) and 615 samples in the dry (onions: 278, rice: 147, to
matoes: 190). 

Similar to estimating crop composition, yield skill varied depending on the Random Forest model spectral inputs. In addition to 
variation in skill by season, there was variation in skill by crop type where some Random Forest models outperformed others when 
estimating yield, depending upon the crop of interest. Rainy season yield showed smaller changes in accuracy based on the yield model 
applied, where a ~5% difference in accuracy for rice and ~2% for maize was observed between the respective yield models (Fig. 2b). 
In the rainy season, BAND7VI5 was the most skillful yield model for both rice and maize though, maize yield accuracy was largely not 
impacted by the Random Forest regression model applied. 

The greatest difference in yield accuracy occurred for dry season crops where variation in yield model skill was more dependent on 
the crop type. The BAND7VI5 model was most skillful for dry season rice yield similar to the most skillful model in the rainy season 
with an overall accuracy of 56%, and only a ~6% difference in accuracy observed between Random Forest models (Fig. 2c). MEDMAX 
and MEDMAXAMP models were most skillful for tomatoes and onions respectively with as much as an 81% difference between the 
most and least skillful tomato yield models. 

Yield accuracy (computed from the MAPE) was greater with less error in the rainy season than the dry season. In the rainy season 
average estimated yields are consistent with average yield estimated from crop cuts (Ksoll et al., 2021) with accuracies greater than 
~63% for rice and maize (Fig. 5). Yield estimates are within 0.2 t/ha of average crop cut estimates for rice and maize with MAE of less 
than 1.64 t/ha. In the dry season accuracies are greater than ~53% for rice and onions, with greater skill in estimating rice production 
than onions (MAE of 3.1 t/ha and 9.7 t/ha, for rice and onion). 

Fig. 5. Average yield by crop type measured from crop cut samples (green), estimated using Random Forest regression (blue) and linear regression (red) with cor
responding measures of overall accuracy (computed from the MAPE, text boxes with corresponding colors). The error bars are a measure of the residual error as 
estimated from then Mean Absolute Error (MAE). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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Dry season tomatoes exhibit low accuracy and large errors (MAE 20.1 t/ha) in yield estimation where the accuracy is ~17% 
indicating an inability to accurately estimate seasonal tomato production. In addition, the tomato yield models failed to converge with 
100 decision trees where upwards of 400 trees were required to obtain yield model stability. When the tomato yield model finally 
stabilized with 400 decision trees the accuracy was ~10%. Though in situ tomato yields were collected throughout the growing season, 
using VI and green biomass-based approaches for estimating tomato yield may factor in the low accuracy achieved by the tomato yield 
model. The inclusion of additional biotic and abiotic stresses and the management of these stresses would be advantageous (Gosa et al., 
2021). 

3.3. Comparing linear and nonlinear methods of regression for yield estimation 

The following section compares linear and nonlinear methods for estimating yield comparing ordinary least squares (OLS) 
regression and Random Forest regression. Rainy and dry season yield estimates are examined for each crop to identify advantages and 
limitations of each methodology. It is noted that slight differences in methodology occur between the linear and nonlinear methods, 
primarily the use of the S2 Top of Atmosphere (TOA) product and the inclusion of early season imagery in the time-series in the linear 
methodology. Due to the small size of the study domain, overall minimal differences (1%–3%) in skill were observed when using TOA 
instead of surface reflectance for nonlinear yield models (Figure A2.3). These differences in method do not significantly impact ac
curacy; therefore any differences in results can be attributed primarily to model type, linear or nonlinear, rather than model pa
rameters and spectral inputs. 

Evaluating both the MAE and MAPE linear regression multi-VI models out performed linear regression models built using a single 
vegetation index. Crops with lower average MAE (maize and rice) and higher accuracy (as computed from the MAPE) had minimal 
differences in linear regression model performance between the all-VI models and any single-VI analog. The med-max linear regression 
model for dry season rice, estimated plot-wise mean yield of 9.2 t/ha, and when incorporating all VIs and produced an MAE of 3.03 t/ 
ha (estimated rainy season rice yields were 8.45 t/ha with MAE of 1.61 t/ha) (Table 4, Fig. 5). Comparatively, the Random Forest 
regression models estimated average dry season rice yields of 8.5 t/ha with an MAE of 3.12 t/ha (average rainy rice yields were 8.7 t/ 
ha with MAE of 1.64 t/ha). Rainy season maize exhibits narrower differences between the all-VI linear regression model (1.02 t/ha) 
and the best single-VI linear regression models (1.07 t/ha for NDVI705), with an average forecasted yield of 4.24 t/ha. Similarly, the 
Random Forest regression model MAE was 1.22 t/ha and forecasted average maize yields of 4.7 t/ha (Fig. 5). 

Across all crop types and seasons evaluated, rainy season rice and maize produced the highest accuracies in linear regression 
models (Table 5). The all-VI regression model for rice predicts yields with 81.2% accuracy in the rainy season and 59.5% accuracy in 
the dry season, comparable to the best performing Random Forest regression models (Fig. 5). Dry season tomato yields are predicted 
with the largest errors, with all linear regression models generating mean absolute prediction errors in excess of 100%. While tomatoes 
do have the highest average yield (34.7 t/ha), this value is not much greater than onions (29.7 t/ha), and yet tomato MAPE values are 
substantially larger than the MAPE values for dry season onion linear regression models (Fig. 5). 

Overall, the nonlinear Random Forest and the linear med-max regression models produced comparable yield results across all rainy 
and dry season crop types indicating little difference between the model types. One advantage however is the transferability of 
Random Forest models, which is examined in section 3.4. 

3.4. Interannual predictability of random forest models 

In the following section, we apply all dry season 2019 Random Forest models to estimate crop type during dry season 2020 in effort 
to examine the predictive skill of a well-trained Random Forest crop type model. To assess skill, dry season 2020 survey data were used 
to derive accuracy and misclassification rates from the confusion matrix to evaluate prediction skill. In addition, new Random Forest 
crop type models are built with the dry season 2020 survey data to evaluate if a crop type model built with high quality crop cut data 
can predict future crop type as well as a crop type model built with survey data. 

To evaluate the skill of a Random Forest crop type model calibrated with survey data, the 5 aforementioned models, which vary 
based on spectral input, were developed with dry season 2020 surveyed crop type. Similar to previous findings, the VI5 crop type 
model was the least skillful (out of bag accuracy 57.7%) while the MEDMAXAMP crop type model was the most skillful (out of bag 
accuracy 64.4%) (Fig. 6). Overall, comparable out of bag accuracy was achieved when building a Random Forest crop type model with 
either survey or crop cut data to estimate crop type for the time-period concurrent with the data collected. 

The question however is the degree of interannual predictability from these data sources and if high quality crop cut data can make 
skillful predictions. To analyze this question, dry season 2019 Random Forest crop type models were used to estimate crop type for the 
2020 dry season. Model estimated crop type was compared to a reference class derived from the 2020 dry season survey and rates of 
accuracy and misclassification were calculated to evaluate model interannual prediction skill. When the dry season 2019 Random 

Table 4 
Mean Absolute Error (t/ha) estimates from med-max linear regression crop yield models.  

Season Crop N All GCVI MTCI NDVI705 NDVI740 NDVI 

Dry Onions 278 9.45 9.7 9.72 9.68 9.63 9.69 
Dry Rice 147 3.03 3.09 3.07 3.1 3.05 3.09 
Dry Tomatoes 190 18.85 19.65 20.07 19.82 20.14 19.92 
Rainy Maize 462 1.03 1.08 1.12 1.07 1.1 1.11 
Rainy Rice 128 1.61 1.79 1.8 1.82 1.8 1.81  
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Forest crop type models were used to predict future crop type, predictive overall accuracy ranged from 52% (VI5 model) to 60% 
(MEDMAXAMP model) (Fig. 7). 

Producer accuracy can be compared to determine how well each Random Forest crop type model performs. For this analysis, the 
2019 MEDMAXAMP model is compared to the 2020 MEDMAXAMP model to evaluate the producer accuracy in estimating dry season 
2020 crop type. It is noted that the dataset used to evaluate the 2020 MEDMAXAMP Random Forest model is the test subset of the 2020 
dataset and therefore, the sample size is smaller. The producer accuracy is evaluated for the three well-sampled crops, including 
onions, rice and tomatoes. The 2020 MEDMAXAMP model accurately placed onions, rice and tomatoes into the correct class 51%, 25% 
and 31% of the time respectively (Fig. 8). Conversely, the producer accuracy of the 2019 MEDMAXAMP model is 49% (onions), 32% 
(Rice), and 50% (tomatoes). Overall, evaluating producer accuracy shows that Random Forest crop type models built with high quality 
crop cut data in 2019 are able to estimate future crop type in 2020 as skillfully as a model built with survey data from the concurrent 
year. It is noted that a high degree of producer accuracy was observed for the non-crop class and significantly contributes to the overall 
classification accuracy. Therefore, it is possible that a degree of skill is driven by the non-crop class considering features such as the 
water and bare ground are not changing on short interannual time scales. 

Finally, to rule out spurious prediction skill, the dry season 2020 Random Forest crop type models are also applied backward in 
time to ensure the observed predictability is the result of high-quality crop cut data inputs into the 2019 Random Forest crop type 
models. When Random Forest crop type models trained with dry season 2020 survey data are used to estimate past crop type, in the dry 
season of 2019, the greatest overall accuracy was 50% for the MEDMAXAMP Random Forest model (Fig. 9). Highlighting the skill 

Table 5 
Accuracy (100-MAPE) (%) estimates from med-max linear regression crop yield models.  

Season Crop N All GCVI MTCI NDVI705 NDVI740 NDVI 

Dry Onions 278 50.5 47.86 48.12 49.13 47.79 48.26 
Dry Rice 147 59.48 58.02 58.12 58.01 58.5 57.98 
Dry Tomatoes 190 − 0.54 − 11.65 − 17.6 − 16.06 − 16.29 − 16.07 
Rainy Maize 462 69.51 67.1 66.02 67.77 67 66.19 
Rainy Rice 128 81.22 79.05 78.91 78.71 78.88 78.90  

Fig. 6. The difference in model skill, out of bag accuracy, across 5 Random Forest models: BAND7VI5, BAND7NDVI, VI5, MEDMAXAMP, MEDMAX. Inputs for these 
models are from the dry season 2020 survey data collection for the Di perimeter in Burkina-Faso. 
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Fig. 7. The difference in model skill as rates of accuracy (blue), when Dry season 2019 models are used to estimate future crop type, in Dry season 2020. The metrics 
are derived from the number of crops correctly classified divided by the total. These metrics are computed for the 5 crop type models, BAND7VI5, BAND7NDVI, VI5, 
MEDMAXAMP and MEDMAX. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 8. The confusion matrix showing classification accuracy and misclassification estimating dry season 2020 crop types for the dry season MEDMAXAMP 2019 crop 
cut model (a) and the MEDMAXAMP 2020 survey data model (b). Skill is calculated as the number of crops in each class divided by the total number of crops in the 
reference class and highlights the percentage crops placed into the correct class (diagonal elements) as well as the percentage of time crops are incorrectly classified 
(off diagonal elements) emphasizing the comparable skill achieved predicting crop type at short interannual scales (skill in figure A compared to figure B). 
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attained, when predicting interannual crop type from survey data is less skillful than when estimating from higher quality crop cut 
data. 

4. Discussion 

4.1. Discussion 

This study evaluated the skillfulness of Random Forest models calibrated with crop cut data for estimating crop type and yield in 
Burkina Faso and leveraged those Random Forest models to make interannual predictions of crop type using moderate resolution 
Sentinel-2. With skill comparable to other studies, in both the rainy and dry season (Burke and Lobell, 2017; Inglada et al., 2015; 
Lambert et al., 2018; Lobell et al., 2020), Sentinel-2 showed utility for remote evaluation in smallholder agricultural systems with 
landscape heterogeneity, particularly in the rainy season. Crop type and yield prediction skill decreases in the dry season as the 
proximity of crops grown within the same plot (Maize, Tomatoes, and Onions) pose a challenge for the coarser resolution of Sentinel-2. 
A similar finding to Lobell et al. (2020) who found intercropping decreased prediction skill unless there were larger differences be
tween crop heights. In this case, fusion methods with LiDAR may prove useful distinguishing short from tall crops (Tommaso et al., 
2021). High-Resolution imagery such as Planet Scope may further improve estimates (Rao et al., 2021). Consistent with previous 
findings (Belgiu and Drăguţ, 2016), under sampled crop types have higher commission and omission errors where as classes with better 
sampling and representation are favored by the Random Forest models. Methods, which include sparse data–limiting training data to 
well sampled classes in the Random Forest models – are potentially beneficial. Preliminary tests excluding under sampled classes had 
mixed results indicating that more research is needed. Future work will be conducted to test sparse data methods. 

Evaluating feature importance identified several bands important for the Random Forest model’s selection process. Overall, the 
bands in the red, red-edge and NIR ranges as well as vegetation indices built with these bands (MTCI, NDVI705, and NDVI740) 
emerged as important for the Random Forest models’ selection process when estimating both crop type and yield across the best 
performing models (Appendix 3). However, variation existed among important features dependent upon target season and crop type. 
Models that included SWIR bands were optimal when identifying rainy season crop type or estimating rice yields in both seasons, 
where the SWIR bands were highly important features in those models. In addition, GCVI, which detects chlorophyll and canopy 

Fig. 9. Shows the difference in model skill as rates of accuracy (blue), when Dry season 2020 models are applied backwards in time and used to estimate dry season 
2019 crop type. The metrics are derived from the number of crops correctly classified divided by the total. The metrics are derived for the 5 crop type models, 
BAND7VI5, BAND7NDVI, VI5, MEDMAXAMP and MEDMAX. (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.) 
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greenness (Burke and Lobell 2017; Rao et al., 2021) was the most important feature in Maize yield models. Dry season skill showed 
improvement with crop type and yield model optimization where skill improved by varying the spectral inputs and metrics utilized by 
each Random Forest model. Therefore, it is important to select a model and its inputs based on the season and target crops of interest 
and consider platforms like Sentinel-2 which offer a broad band selection, advantageous for evaluating these landscapes. We also note 
that the crop cut collection objective was 6 focus crops and that other crops that may exist within the cultivated perimeter, specifically 
in the Dry season, introduce a degree of variability into the Random Forest models and may contribute to the decrease in Dry season 
skill. 

Linear regression and nonlinear Random forest approaches for estimating yield were also evaluated in this study and were com
parable in skill indicating these methods utilized were not a major determinant of prediction skill in a study area of this size. Instead, 
similar to Lobell et al. (2020), measurement or recall error on yield is a more likely determinant of yield model accuracy than the 
selected model types. It is noted that neither method evaluated in this study considered spatial or temporal dependence. Nonlinear 
methods, which consider spatial and temporal correlations, such as neural networks, might improve accuracy. In addition, harmonic 
regression may prove a more powerful linear regression model where accuracy increased as much as 7% and 12% across crop types in 
rainy and dry season yield estimates, respectively, when compared to the med-max linear and nonlinear Random Forest regression 
models (Appendix 4). Similarly, decreases in MAE were also observed across all crop types, though the accuracy and error of rice yield 
was largely unchanged across methodologies. 

This study also evaluated the crop type prediction skill of Random Forest crop type models calibrated with survey data and found 
comparable out of bag accuracies between crop cut and survey data calibrated models. However, producer accuracy was significantly 
higher for crop type models calibrated with crop cut data. Generally larger bias and as a result reduced prediction accuracy is expected 
in survey data calibrated models though some studies suggest reducing GPS error can improve data quality (Burke and Lobell, 2017). 
Therefore, the reduction in producer accuracy could be indicative of survey bias and geolocation error. However, with consideration of 
the geolocation error (5–9m) in the 2020 survey data used in this study, the reduction in accuracy could also be indicative of a 
sampling issue (Table 1 & Appendix 5). The sample size within the perimeter in the 2020 survey was 56%–72% percent lower for 
onions and rice than the 2019 crop cut sample respectively. Future work should evaluate an expanded crop type sample size, within the 
perimeter and neighboring fields, to examine the impact on producer accuracy as field data collection is costly and accurately 
geo-located survey data could offer potentially cost-effective methods of data collection. 

Finally, this study evaluated the skillfulness of crop type models calibrated with high quality crop cut data for predicting inter
annual crop type. Overall Random Forest crop type models calibrated with 2019 crop cut data and leveraged to predict interannual 
crop type performed as well as Random Forest crop type models calibrated with 2020 survey data to predict Dry season 2020 crop type. 
Specifically, the 2019 crop cut calibrated Random Forest crop type models used for interannual predictions exhibited similar producer 
accuracy to the 2020 survey data calibrated models. Crops like rice were more accurately classified in the 2019 crop type models than 
the 2020 crop type models. Therefore, in absence of data, leveraging a well-trained crop type model is valuable for estimating 
interannual crop type. However, it is unclear how far into the future this prediction skill extends. In addition, the data used for 
calibration is essential for the prediction performance of a Random Forest crop type model leveraged for uncalibrated interannual 
predictions, where those trained with survey data and leveraged for interannual prediction performed poorly when compared to those 
trained with crop cut data. 

4.2. Limitations 

The study area was comprised of multiple crop types in addition to the 6 focus crops sampled during the crop cut surveys. 
Therefore, not all crops within the Di perimeter were sampled, increasing inter and intra plot variability that when combined with S2 
spatial resolution, limit crop type and yield estimation accuracy. Additionally, tomato and onion crops are radiation and moisture 
dependent; so spectral information and green biomass specific vegetation indices alone may be inadequate to fully capture yield for 
these crops. Future work should employ climate information for the tomato and onion yield models, particularly as these are high value 
crops. Finally, interannual predictive crop type models are calibrated using crop type data from one season and applied to the 
following season. Future work should expand the in-situ data used to calibrate the models as well as examine how far into the future the 
crop type models can make skillful predictions to understand the capabilities of this uncalibrated approach. 

5. Conclusions 

Earth observing systems are a powerful tool for monitoring and evaluating agriculture and when combined with machine learning 
can provide skillful measures of crop type and yield mapping across seasons and landscapes. Moderate spatial resolution Sentinel-2 
combined with a crop cut calibrated Random Forest model are skillful predictors of crop type and rice and maize yield in small
holder agricultural systems with landscape heterogeneity. We find the resolution of Sentinel-2 is adequate resolution for remotely 
detecting crop conditions particularly because of the large number of bands offered, where the red through NIR bands, SWIR bands and 
GCVI were pivotal spectral inputs. The calibrated Random Forest models can be leveraged to make skillful predictions of agricultural 
productivity and ultimately food availability of nearby communities and for years with no training data. Given increasing global food 
prices and restricted commodity trade, understanding local agricultural productivity using affordable and timely remote sensing-based 
methods is essential for ensuring appropriate humanitarian interventions. 

Author contributions 

All authors meet authorship criteria and have participated in manuscript concept, design, methodology, writing, analysis, or 

A. Elders et al.                                                                                                                                                                                                          



Remote Sensing Applications: Society and Environment 27 (2022) 100820

16

revisions. Conceptualization and design: A.E., M.L.C., and C.S.R.N.; Methodology and formal analysis: A.E., M.L.C., C.S.R.N., A.L.D., C. 
K., and M.R.W.; original manuscript preparation: A.E.; Writing, Editing, Review and Revisions: A.E., M.L.C., C.S.R.N., A.L.D., C.K., M. 
R.W., and M.E.B.; Visualization: A.E., M.R.W., and A.L.D; Data collection: A.L.D. and C.K.; Food security expertise and consult: M.E.B.; 
Project management: C.S.R.N and M.L.C.; Funding acquisition: C.S.R.N. and M.L.C.; Project administration: A.E.; Supervision: M.L.C. 
and C.S.R.N. All authors have read and agreed to the published version of the manuscript. 

Ethical statement 

Along with my Coauthors, I declare that all ethical practices in relation to the development, writing and publishing of this 
manuscript have been reviewed and followed. 

Declaration of competing interest 

The authors declare the following financial interests/personal relationships which may be considered as potential competing in
terests: Akiko Elders reports financial support was provided by Millennium Challenge Corporation. Mark L Carroll reports financial 
support was provided by Millennium Challenge Corporation. Christopher S.R. Neigh reports was provided by Millennium Challenge 
Corporation. Anthony Louis D’Agostino reports financial support was provided by Millennium Challenge Corporation. Christopher 
Ksoll reports financial support was provided by Millennium Challenge Corporation. Margaret Wooten reports financial support was 
provided by Millennium Challenge Corporation. The authors are funded for this work by Millennium Challenge Corporation (an 
autonomous US Federal Government Agency) who empower smallholder farmers in developing nations through Agricultural Devel
opment Projects. 

Data availability 

The authors do not have permission to share data. 

Acknowledgements 

This research was supported by Millennium Challenge Corporation. The views expressed in this manuscript are those of the authors 
and do not necessarily reflect the views of this agency. We thank John Molyneaux and Hamissou Samari from Millennium Challenge 
Corporation for their contributions to this work. We thank the peer reviewers for their comments and suggestions. 

Appendix 1 

I. 2018–2019 Crop Cut Data Collection 

The crop-cut survey proceeded as follows. After contacting the selected households, interviewers first collected some information 
on the plot owner and the type of crops that had been planted. If the plot was planted with more than one crop, was very large, or had 
differing productivity within the field, interviewers subdivided the plot into subplots for separate crop cuts. Enumerators then paced 
the outline of each subplot with the GPS-enabled tablet, recording the outline of the plot. After the interviewer captured the subplot’s 
outline, a computer program directed the interviewer to a random location for the measurement square in the subplot. There the 
interviewer placed 5 m × 5 m measurement squares—four poles with a string attached between them—in the ground to mark the area 
in which measurements were to be taken. Between the placement of the measurement squares and harvesting, interviewers regularly 
returned to the fields to observe whether measurement squares were still in the initial place and strings were tightly strung. At harvest 
time, interviewers returned to harvest and weigh the crops within the measurement square. The geo-coded data on crop type and yields 
is used to provide ground-truthing information for the remote sensing effort, as well as information on yields. 

Our in-situ data were collected at the level of 5 m × 5 m crop cut measurement squares, and include the crop type, planting and 
harvesting dates, and yield data. The accuracy of the location information collected through GPS devices is bounded by the device’s 
location measurement error, which for our readings usually range between 2 and 6 m, though larger errors did occur. As a result, 
measurement squares do not retain the true appearance of a square. Self-reported parcel-specific planting and harvesting dates 
informed our decision of the season windows to use. The enumeration team recorded GPS measurements using a program called 
“parcel mapper” on a tablet computer (Samsung Galaxy Tab A6 T285) for a subset of plots on the Di perimeter, as well as measurement 
squares that were the basis of conducting rainy-season and dry season crop cuts associated with those plots. Measurement squares 
delimited the area from which crops were to be harvested and then weighed, to provide a more accurate estimate of crop productivity 
than self-reported data provide (Lobell et al., 2020). For each selected square, yield data were recorded once for crops with a single 
harvest and multiple times for crops with possible multiple rounds of harvesting, as in the case of crops like tomatoes. Crops like 
tomatoes are routinely harvested multiple times in a season, and therefore total output is the sum of harvest weights across all harvest 
events. The clean version of these data includes the plot boundaries (739 dry season plots and 660 rainy season plots), measurement 
square centroids (911 dry season squares and 613 rainy season squares), details on the crop type and total yield, and a unique identifier 
to ensure that all subsequent outputs can be merged back to the original data. Crop yield data were not available for all parcels, and 
therefore analyses requiring yield data were based on fewer observations than analyses that only required crop type information. 
Table 1 describes the in situ data used for the two seasons of the analysis. 
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II. 2020 Survey Data Collection 

The survey data collection targeted landowners and renters with land in the perimeter (who include winners of a land lottery, the Di 
lottery) as well as applicants to the Di Lottery who did not win the lottery. This survey had initially intended to collect information on 
crop type from a sample of over 2000 households. Because of terrorist activity in the area, the in-person survey, which collected geo- 
located crop type, was switched to an abbreviated survey by telephone without geo-localized crop type data. As a result, the scope of 
data collected was dramatically reduced and there is very little overlap in the two in situ crop-type samples. While this data format did 
result in collecting (some) crop type information, high-quality crop yield data was not collected. 

Appendix 2 

Figure A2.1. The change in out of bag accuracy (green) and processing time (blue) as the number of decision trees increases from 10 to 300.   

Figure A2.2. The change in accuracy with change in the percentage of data reserved for validation.    
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Figure A2.3. The change in accuracy of rainy season BAND7NDVI model comparing the Top of Atmosphere (Green) and Surface Reflectance (blue) Sentinel- 
2 products. 

Appendix 3  
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Figure A.3.1. The importance of each spectral band as computed by Permutation feature importance for the Dry (a) and Rainy (b) season crop type and yield for dry 
season onions (c), rainy season maize (d), dry season rice (e), and rainy season rice (f). 

Appendix 4 

Harmonic regressions reduce data dimensionality by translating seasonal dynamics into a small number of features (Wang et al., 
2020; Wilson et al., 2018), as shown in Equation A4.1 which estimates a linear time trend, four sinusoidal parameters, and a constant 
for each crop observation as a function of a single spectral band or vegetation index. 

f(t)=αt +
∑2

j=1

(
ajcos(2πjωt)+ bjsin(2πjωt)

)
+ C (A4.1) 

The recovered parameter estimates from Equation A4.1 are covariates for estimating yields (Equation A4.2), and our specification 
incorporates the harmonic regression estimates for V number of spectral bands and/or vegetation indices. Figure A4.1 illustrates how 
the harmonic regression approach with just a small number of estimated parameters can approximate the observed time-series of an 
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individual vegetation index over the course of a season. 

y = β0 +
∑V

v=1

(

β1
v α̂v +

∑2

j=1

(
β2,j

v âj
v + β3,j

v b̂j
v )
)

+ ε (A4.2) 

In all regression models, y, the log yield (tons/hectare), is calculated by dividing the weighted output measured from the crop cut 
activities by the measurement square area (5m × 5m). Predicted yield, MAE, and MAPE values are derived by exponentiating the 
results back to yields in levels. 

Figure A4.1. Harmonic regression to model seasonal VI dynamics. Results correspond to a single location (− 3.413, 13.2297). Fitted results are derived from a two- 
cycle harmonic regression model for the dry season spanning all available Sentinel-2 images for November 1, 2018–April 30, 2019.   
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Figure A4.2. Comparison of observed and predicted rice yields using saturated VI harmonics regression model for the Dry (top) and rainy (bottom) season. Results are 
based on regressing log rice yields on the full set of vegetation index harmonic regression coefficients on the full sample of data and then exponentiating predicted 
values to return predicted yields in levels.  

Table A4.1 
MAE (t/ha) estimates from linear regression crop yield models  

Season Crop N Vegetation Index Harmonic Regression Models 

All GCVI MTCH NDVI705 NDVI740 NDVI 

Dry Onions 278 8.74 9.48 9.72 9.37 9.33 9.39 
Dry Rice 147 2.49 3.03 3.06 3.08 3.03 3.08 
Dry Tomatoes 190 17.32 18.76 20.05 18.85 19.13 18.89 
Rainy Maize 462 0.98 1.03 1.12 1.02 1.04 1.04 
Rainy Rice 128 1.60 1.74 1.82 1.76 1.76 1.76   
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Table A4.2 
Accuracy (100-MAPE) (%) estimates from linear regression crop yield models  

Season Crop N Vegetation Index Harmonic Regression Models 

All GCVI MTCI NDVI705 NDVI740 NDVI 

Dry Onions 278 58.13 51.78 48.07 51.56 52.88 52.19 
Dry Rice 147 67.55 59.37 58.35 58.62 59.9 58.89 
Dry Tomatoes 190 9.99 − 7.36 − 16.71 − 8.24 − 6.64 − 8.9 
Rainy Maize 462 71.41 68.87 65.87 69.21 68.75 68.17 
Rainy Rice 128 81.46 79.7 78.6 79.4 79.52 79.41  

Appendix 5 

Figure A.5.1. NDVI distribution for crop types (maize (a), onions (b), rice (c), and tomatoes (d)) in the 2019 crop cut and 2020 survey collections. Though the number 
of samples in the 2019 collection is greater, the distribution of NDVI is similar between years showing consistency in the crop’s spectral signature between collections, 
consistent with the higher degree of geolocation accuracy in the 2020 survey data collection effort. 
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