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1. Abstract
Agriculture is an important sector in Bhutan; accounting for 19.2% of Bhutan’s 
GDP in 2020 while also providing livelihoods for approximately 57% of the 
population. The Department of Agriculture (DoA) in Bhutan still relies on in-field 
reporting for crop monitoring which is time-consuming and labor intensive. To 
promote efficiency, the team partnered with the DoA, the Bhutan Foundation, and 
the Ugyen Wangchuck Institute of Conservation and Environmental Research 
(UWICER). With the help of science advisors from NASA SERVIR, the team 
expanded the crop mask, created in the previous term, to the whole country of 
Bhutan for the time period of 2015–2020 (May–October) and streamlined the 
sampling protocols for applicability to any available crop data. The random forest 
model also had pre-processed rice points from Collect Earth Online (CEO) for five 
heavy rice production dzongkhags: Paro, Samtse, Sarpang, Punakha, and Wangdue
Phodrang. The team also developed a graphical user interface (GUI) which 
provided a visual representation of current trends and rice distribution across 
Bhutan. The team utilized NASA Earth observations, including Landsat 5 Thematic 
Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 
Operational Land Imager (OLI), and Shuttle Radar Topography Mission (SRTM), as
well as other Earth observations including Sentinel-1 C-band Synthetic Aperture 
Radar (C-SAR). This project refined the previous term’s methodology to help 
supplement crop monitoring and increase the frequency of data collected to aid the
decision-making process with the use of remote sensing data. The accuracy and 
kappa score for the testing data were 85.9% and 71.8% respectively.  

Key Terms
Remote Sensing, Earth observations, Google Earth Engine, Collect Earth Online, 
crop mask, rice plantation, Random Forest, graphical user interface

2. Introduction
2.1 Background Information
Bhutan is a small kingdom in Southeast Asia located at the foothills of the eastern 
Himalayas with a geographical size of 38,394 km² and a population of 771,612 as 
of 2020 (The World Bank, 2022). In this compact land with a population of less 
than 800,000, 57% of the Bhutanese population depend on agriculture for their 
livelihood (World Bank, 2017). Agriculture also plays an important role in the 
economy of Bhutan; its share in the Gross Domestic Product (GDP) of the country 
was 19.2% in 2020 (The World Bank, n.d.). According to the Department of 
Agriculture (DoA), rice is a crucial staple food for the people in the country. The 
harvested area of rice paddy fields in 2020 was a total of 31,328.42 acres where 
30,641.42 acres of the paddy fields were irrigated and the rest were upland 
producing 53,360.93 MT and 727.48 MT, respectively (Tobden et al., 2021).

With the presence of the Himalayas, Bhutan sits at a high altitude where steep and
irregular mountains and varying topography severely limit cultivable land to just 
2.46% of the nation’s overall area (Macrotrends, n.d.). The country faces many 
challenges in creating, maintaining, and monitoring agricultural lands due to 
natural geological limitations, and national farming efforts are now being further 
hindered by shifting climate variabilities. Rising seasonal temperatures and 
precipitation threaten rice crops nationwide (Parker et al., 2017). Among the many
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challenges that are faced by the farmers in Bhutan, weed and pest management 
are the main constraints with rice productivity, along with soil nutrient 
management. Insect pests, mainly armyworms (Pseudaletia separata), have had 
severe outbreaks in some years, and wildlife, primarily wild boars, act as 
vertebrate pests of agricultural crops in Bhutan (NPPC, n.d).

The DoA depends on the field reports and surveys of different crops for the 
development of national statistics which are helpful for decision-making processes.
The surveys are a set of questionnaires that are  disseminated to rural households 
in all 205 Gewogs in the 20 districts of the country. Thorough field surveys are 
hindered by the mountainous topography, and the survey strategy faces difficulties
producing precise survey locations and identifying unbiased plot sizes for field 
reporting (Tobden et al., 2021). In-field crop monitoring is also time-consuming 
and labor intensive.

The previous Bhutan Agriculture I team (Dolma et al., 2021) from NASA DEVELOP 
created a crop mask for June to October of 2020 using NASA and European Space 
Agency (ESA) Earth observations to identify and monitor areas of rice cultivation in
the districts of Paro, Punakha, Samtse, Sarpang, Trongsa, Zhemgang, Wangdue 
Phodrang, and Samdrup Jongkhar. The team also provided the partners with a 
sampling protocol to replicate the team’s methods of identifying rice paddy fields 
and generating a crop mask. This expanded the DoA’s capacity to integrate NASA 
and ESA Earth observation data into their crop monitoring methods to aid national 
crop management. Building upon the previous term’s work, the Bhutan Agriculture
II team utilized the same NASA and ESA Earth observations but applied terrain 
correction to remove noise from the existing datasets and also computed additional
indices that highlight vegetation phenology and manmade development changes 
for classifying rice. With the help of science advisors from NASA SERVIR, the team
expanded the original crop mask to the whole country of Bhutan. The team also 
worked to streamline the sampling protocols from the previous term for 
applicability to any available crop data and created a Graphic User Interface (GUI) 
to provide visual representation of the current trends in rice distribution across 
Bhutan.

The team expanded the Random Forest (RF) model to the whole country and made 
the GUI for the whole country, but for the initial data collection the team focused 
on five districts with heavy rice production: Samtse, Paro, Punakha, Wangdue 
Phodrang, and Sarpang (Figure 1). The study period for the term was from May to 
October for the years 2015–2020. 
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Figure 1: Study area map with heavy rice production areas outlined

2.2 Project Partners & Objectives
The team partnered with the DoA, Bhutan Foundation, and Ugyen Wangchuck 
Institute of Conservation and Environmental Research (UWICER) to develop a GUI 
that utilizes the team’s crop mask information to provide a visual representation of
the trends and statistics on rice distribution across Bhutan. The DoA does not 
currently use Earth observation data; the integration of techniques utilizing 
satellite remote sensing will help increase the frequency of timely agricultural 
assessments. The GUI will improve access and more efficiently generate rice 
distribution statistics (which are all based on the desired area of interest, 
frequency, and time frame). The Bhutan Foundation helped the team to identify 
appropriate points of contact within Civil Society Organizations (CSOs) and 
government ministries to inquire on the distribution of the project end products to 
different branches of government. UWICER will help engage local communities 
through the Himalayan Environmental Rhythm Observation and Evaluation System
(HEROES) project to advocate the use of Earth observations and teach how to use 
the tools created by the DEVELOP team such as the GUI and sampling protocol.

3. Methodology
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3.1 Data Acquisition 
On CEO, the team randomly selected 1000 training points each for five heavy rice 
production districts; Paro, Samtse, Sarpang, Punakha, and Wangdue Phodrang. 
CEO uses the satellite imagery from the true colour bands of Landsat 5 TM, 
Landsat 7 ETM+, Aqua MODIS and Terra MODIS where sample points were 
collected. The Regional Land Cover Monitoring System (RLCMS) from the Hindu 
Kush Himalaya SERVIR hub was used as the base agricultural layer. The team also
used multiple Earth observations that include Landsat 8 OLI, SRTM, and Sentinel-1
C-SAR to compute spectral indices in GEE (Table 1).  

Table 1. Instrumental datasets used in data processing

Instrument Datasets Dates used Source

Landsat 8 Collection 2 
Tier 1 Level 2 Surface 
Reflectance

Months of May to October 
from 2015 to 2020

Google Earth Engine 
(GEE)

Landsat 8 Collection 2 
Tier 1 calibrated top-of-
atmosphere (TOA) 
reflectance

Months of May to October 
from 2015 to 2020

GEE 

Sentinel-1 C-Band 
Synthetic Aperture Radar 
(C-SAR) Ground Range 
Detected, log scaling data

Months of May to October 
from 2015 to 2020

GEE

Shuttle Radar Topography
Mission (SRTM) Level 1 
digital elevation data

2000-02-11 to 2000-02-22 GEE

3.2 Data Processing
Within CEO, the team manually interpreted whether the training points for the 5 
major rice-producing districts were rice or non-rice. Each training point was 
expanded to represent a 30 m2 plot containing 9 equidistant points of the same 
value, rice or not rice, to match the resolution of the Earth observation (EO) 
imagery. In the CEO project, the team input how confident they were on a scale 
from 0 to 100, with their rice classification of each training point. The training 
points were then imported to GEE to train the Random Forest model to classify 
rice crops within the study area. 

In GEE, the team used Landsat 8 OLI data to compute the spectral indices of 
Normalized Difference Vegetation Index (NDVI), Modified Normalized Difference 
Water Index (MNDWI), Normalized Difference Water Index (NDWI), Soil-Adjusted 
Vegetation Index (SAVI), Normalized Difference Moisture Index (NDMI) and 
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Normalized Difference Built-up Index (NDBI). NDVI (Equation 1) and SAVI 
(Equation 2) outline the presence of vegetation (Gao, 1996; Huete, 1988). NDWI 
(Equation 3), NDMI (Equation 4), and MNDWI (Equation 5) outline the presence of
water (Gao, 1996; Xu, 2006). NDBI (Equation 6) is used to outline the presence of 
urban and manmade built-up areas (Valdiviezo-N et al., 2017). 

(1) NDVI = NIR−RED
NIR + RED

(2) SAVI = (NIR−RED) × 1.5
(NIR + RED + 0.5)

(3) NDWI = GREEN−NIR
GREEN + NIR

(4) NDMI = 
NIR−SWIR1

NIR + SWIR1

(5) MNDWI = 
GREEN−SWIR1

GREEN + SWIR1

(6) NDBI = 
SWIR1−NIR
SWIR1+NIR

Within GEE, the team used Landsat 8 TOA data to compute Kauth-Thomas 
Tasseled Cap Transformation (TCT) of Greenness, Brightness, Wetness, Fourth, 
Fifth, and Sixth. The TCT-derived indices help to analyze and map vegetation 
phenology and manmade development changes over short- and long-term time 
periods while reducing atmospheric influences and other noise components in 
imagery (Baig et al., 2014). The team also used SRTM data to derive slope and 
elevation indices that outline the steepness of the surface (Mukul et al., 2017). The
team applied both terrain correction to remove geometric distortions in the 
Sentinel-1 C-Band Synthetic Aperture Radar (C-SAR) imagery and a Lee-Filter to 
suppress speckle noise (Banerjee et al., 2021; Markert et al., 2020). The team used
the modified Sentinel-1 C-SAR data to compute the indices of Vertical-Horizontal 
(VH) (cross-polarization), Vertical-Vertical (VV) (co-polarization), VV and VH ratio, 
and the normalized difference between VV and VH for both descending and 
ascending orbiting orientations. These indices provide information on distinctive 
polarization signatures at varying intensities to distinguish vegetation, overcoming 
the issue of clouds by using microwaves (Karjalainen et al., 2008). The Height 
Above Nearest Drainage (HAND), temperature, precipitation, and canopy 
interception were bands imported from pre-existing datasets within GEE as 
additional indices for crop classification. HAND outlines the vertical distance 
between a location and its nearest stream or drainage (Donchyts et al., 2016). 
Precipitation from the TerraClimate dataset outlines the precipitation 
accumulation in a region at a resolution of 4638.3 m (Abatzoglou et al., 2018). 
Temperature from ECMWF Reanalysis 5th Generation-Land (ERA5-Land) dataset 
outlines the temperature of the air at 2 m above the surface of land at a resolution 
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of 11132 m (Muñoz, 2019). Canopy Interception from the Penman-Monteith-
Leuning Evapotranspiration (PML) dataset outlines the rainfall intercepted by the 
canopy of vegetation which successively evaporates from the leaves at a resolution 
of 500 m (Zhang et al., 2019).

The team created crop masks for each month of May to October from 2015 to 2020
using the Random Forest (RF) classifier within GEE. Using multiple trees in 
contrast to a single decision tree allows for a model which is more accurate and 
tolerant to noise (Breiman, 2001). For the 5000 points in the five high rice 
producing districts across Bhutan, the team split the points as follows: 70% for 
training (3500), 10% for validation (500), and the remaining for testing (1000). The
team trained the RF model only on the training data by using the above-mentioned 
indices as features to predict the presence of rice. The held-out validation dataset 
was used to check the model’s performance and tune the parameters as required. 
The team used the model to classify the testing data only after tuning and gaining 
sufficient confidence in the model's performance. The model’s classification of the 
testing data serves as the primary result to quantify the model’s performance. 

Using weights of 0.25 for the crop masks from May to September and a weight of 
0.5 for the month of October, the team aggregated the 6 crop masks to create the 
aggregated crop mask for a year. October was given a higher weight in contrast to 
other months due to rice being fully mature (which helps to distinguish rice from 
other vegetation better than immaturity) and ready for harvest. For the other 
months, rice had not fully matured for significant patterns to be captured using the
indices to distinguish between rice and non-rice. The team then used the crop 
layer band from RLCMS (which was imported within GEE) to help filter out noise 
from land features such as glaciers and barren soil by clipping these regions out in 
the final aggregated crop mask.

        
3.3 Data Analysis
For each annual crop mask generated, the team produced a confusion matrix in 
GEE comparing the RF-predicted and CEO training point classifications of rice. A 
confusion matrix is a breakdown of the results of a classifier which represents the 
number of correct and incorrect results as true-positives, true-negatives, false-
positives, and false-negatives (Zeng, 2020).

Using the confusion matrices, the team calculated several performance metrics 
including accuracy (Equation 7; Zeng, 2020), Cohen's kappa score (Equation 8; 
Pykes, 2021), precision (Equation 9), recall (Equation 10) or sensitivity (Goutte & 
Gaussier, 2005) and F1 score (Equation 11; Sasaki, 2007). The average of all 36 
models is computed since the RF model was generated for months of May to 
October from 2015 to 2020.

(7) accuracy=
TP + TN
nB+ nG

(8) kappa=
P0−Pe
1−Pe
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(9) precision (P )= TP
TP+FP

(10) recall (R )= TP
TP+FN

(11) F= 2PR
P+R

                 
The team used these metrics to quantify the model's performance on the validation
data. Based on these metrics, the team tuned parameters of the RF model such as 
the indices used for classification and the number of decision trees in the RF 
model. A larger number of decision trees meant a higher number of estimators, 
resulting in a stronger model with less variance (Thorn, 2021; Breiman, 2001). The
decision tree is made up of decision nodes that hold the threshold for an input 
feature such as NDVI to compare against and classify an input if it is lower or 
higher than this threshold value. Since we have two possible ways the input data 
can be classified from this node, this is referred to as the splitting of a node. There 
is no further splitting when we reach an end node or the leaf node where the data 
is classified with a positive label (rice) or negative label (non-rice). Hence, another 
parameter is the variables per split that specify the minimum number of features 
to try in creating the RF model that best classifies the training data. As we start 
classifying the whole dataset from the starting node in a decision tree, gradually 
each data point reaches a leaf node and data points that are not classified yet 
would be at a decision node. The minimum leaf population is a parameter that 
specifies the minimum number of input data at a node such that a node can be 
turned into a leaf node (all the input data at that node are classified). The 
maximum nodes parameter specifies the maximum number of leaf nodes to be 
generated in the RF model with a generally higher number of leaf nodes making 
the model less prone to noise (Thorn, 2021; Breiman, 2001). The team tuned the 
parameters of the model by initially generating models with different combinations
of indices until we had an accuracy greater than 80%. Then the numbers for the 
number of decision trees, variables per split, and minimum leaf population were 
set from 5 to 40 in increments of 5 until we achieved a kappa score of at least 70%.
Hence the team tuned the model by trying different combinations and values for 
the parameters using the validation data until the goal of 80% accuracy and 70% 
kappa score was reached.
 
4. Results & Discussion
4.1 Analysis of Results
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Figure 2: Monthly aggregated maps with weights for 2020

The darker orange pixels on the maps in the figure above represents the rice 
paddy fields whereas areas with the lighter shade of orange are the non-rice areas 
picked up by the RF model. The dark orange area cover is referred to as a rice 
mask. A rice mask is a layer which identifies rice areas on the ground using 
satellite imagery and mathematical classification techniques coupled with field 
data.

The six maps on the left of Figure 2 show the rice mask layers for May to October 
of 2020 to which individual weights are applied and aggregated to create an 
annual map of 2020 which is the map on the right. 

Figure 3: Applying RF model to an area in Paro. The crop mask for rice fields is 
shown in orange.
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As an example of a better view of how the random forest model performs, figure 3 
displays the classification of the model in the region of Paro for 2020. The images 
to the left of figure 2 show the satellite view of zoomed area. The image to the 
right shows the same area, but displays the aggregated rice mask layer of 2020 
created by our random forest model. The RF model highlights most of the paddy 
fields in that area in orange while ignoring most of the non-rice areas such as the 
water bodies – river, urban structures, and some non-rice vegetation. However, 
there are a few rice areas which the rice mask does not include. This could be 
because the model has not learned robust patterns to classify these areas as rice 
or a caveat of using the RLCMS layer to clip out other types of non-rice land 
features.

Figure 4: The graph shows the predicted rice area in acres and the harvested rice
area according to the DoA statistics in the whole of Bhutan from 2015 to 2020.

After the team developed the aggregated crop mask for each year from 2015 to 
2020 in all the districts of Bhutan, in GEE all the pixels of the crop mask were 
aggregated and converted to acres.  The model predicted an increase in rice area 
from 2015 to 2017, but a gradual decrease till 2019 before increasing again in 
2020. The model also predicted 2019 to have the lowest rice area of 63,098 acres 
and 2017 to have the highest rice area of 97,789 acres. In comparison to the actual
statistics recorded by the DoA, these predictions overclassify regions as rice. 2016 
was the actual year with the highest rice area, but the overall trend in annual rice 
area is consistent. The discrepancy could result from the model predicting all areas
that holds rice, whereas the statistics from the department denote the amount of 
harvested rice area only.

Within GEE, the team computed the confusion matrices using the testing set.
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Figure 5: Confusion matrices with average number of true positives, true
negatives, false positives and false negatives for all RF models generated.

As shown in figure 5, the RF model identified 432 rice points and 481 non-rice 
points correctly. The RF model misclassified 30 points as rice and 100 points as 
non-rice. The confusion matrices show that the RF model performs worse in 
identifying non-rice areas in comparison to rice areas. A machine learning model is
only as powerful as the amount and quality of data that it has been trained on, so 
with the current set of training data, the regions are heavily skewed to the western
regions of Bhutan. This means that there are specific rice patterns in the indices 
measured that are not captured by the RF model. Also, as the training points are 
randomly generated within western Bhutan in CEO, it is plausible that not all the 
generated points are extensive in encompassing information about all forms of 
paddy fields, rice species and non-rice features. Certain characteristics of other 
non-rice crops or vegetation measured by the indices may also overlap with rice 
which introduces erroneous patterns into the model. To test the validity of our crop
mask, within GEE the team computed statistical measurements for all the 
prediction results from the confusion matrices and they were averaged (Table 2). 
The team used the 1000 testing points from CEO as the testing set for the RF 
model and found the accuracy score of our model when distinguishing between 
rice and non-rice areas to be 85.9%, the F1 score to be 85.1% and the Cohen 
Kappa score to be 71.8%.

Table 2: Statistical measurements from GEE
Statistic Method Random Forest

Accuracy Score 85.9
F1 score 85.9

Cohen Kappa Score 71.8
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Figure 6: Comparison of indices’ importance in the RF model.

Figure 6 represents the level of importance of the variables (e.g., the level of 
contribution of the spectral indices in distinguishing rice and non-rice points as 
perceived by the model in generating the crop mask). The model picked up on 
elevation as a key driver in the classification problem which could be due to the 
different rice ecosystems of Bhutan that are distinguished by the three altitudes of 
low, mid, and high. Precipitation and temperature were also considered important 
for the model which could be due to each rice ecosystem having its own optimal 
precipitation and temperature which are essential for rice growth. The Tasseled 
Cap Transformation of Fourth’s high importance could be due to the distinct 
vegetation phenology and urban development changes detected around the rice 
fields. Other indices had relatively equal levels of importance. As there is no 
specific index for rice identification, we can see that our model uses an integration 
of various other indices.

4.2 Limitations
In using satellite imagery, it is possible that the images and bands used to capture 
the rice fields are not uniform. The general environment of the district and when 
the image was captured introduce diversity on what the random forest model 
considers to be rice. Also, our model was trained with respect to the growing 
period of 2015 to 2020, so the indices used are specific to that time period. Since 
these conditions could change, the patterns learned by the model may not perform 
well on other time periods. To reiterate, the model is only as powerful as the 
amount and variation of data that it has been trained on, hence, further work is 
needed to validate the significance of the findings.

The random forest model is an ensemble of multiple decision trees that learn a 
specific pattern in the values of indices used to label a point as rice, but this is 
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difficult to interpret with multiple indices. Hence, it is difficult to isolate a single 
study variable and determine the significance of each variable for rice 
classification.

Our model currently assumes that all rice crops are of a single variety although 
there are multiple varieties grown in different ecosystems and climatic conditions. 
This is a generalization made for the ease of creating a general crop mask which 
also makes it difficult for the model to learn a consistent pattern to classify a point 
as rice, as points labelled as rice may have stark differences in terms of measured 
indices (like in the case of rice from terraced slopes at high altitude in contrast to 
rice from the flat southern foothills).

Human errors such as bias and random errors may have occurred in the collection 
of rice plots in CEO and the in-field points provided by the DoA. Errors in this 
reference data dictate the points that the model was trained on and ultimately the 
pattern learned. It is also important to note that the randomness in the initial 
collection of points and the splitting of the data influences the patterns learned by 
the RF model and its accuracy.

4.3 Future Work
The third term project could work on expanding the GUI created by this project 
team to determine the soil productivity and yield of crops in the different districts 
of Bhutan. The continuation project could also work on distinguishing abandoned 
farmlands from active agricultural lands in satellite imagery. The third term could 
also bolster the crop mask to identify not just rice, but different variations that are 
grown specific to each region. These end products will assist partners in making 
the required decisions for the agricultural challenges faced in Bhutan.

5. Conclusions
The team expanded on the previous term’s RF model by tuning the parameters and
collecting 5000 points for the five major rice producing districts of Bhutan. The RF 
model had an accuracy score of 85.9 and kappa score of 71.8. The model predicted
an increase in rice area from 2015 to 2017, but a gradual decrease till 2019 before
increasing again in 2020. The model also predicted 2019 to have the lowest rice 
area of 63,098 acres and 2017 to have the highest rice area of 97,789 acres. In 
comparison to the actual statistics recorded by the department of agriculture, 
these predictions display disparity by overclassifying regions, and 2016 was the 
actual year with the highest rice area but the overall trend in annual rice area is 
consistent. The team also updated the sampling protocol from the previous term 
with additional information on how to work with the CEO. With the updated 
sampling protocol, the partners will also be able to become familiar with the CEO 
so they can create projects to collect various training points for different regions in
the country. 

The GUI created by the team will be beneficial to partners as the partners will not 
necessarily have to be familiar with GEE and programming when using it. The end 
users will only need to select their region of interest from the country to be able to 
produce different results and graphs. The end users can compare the harvested 
rice area from their in-situ data to the rice area in Bhutan calculated by our model.
The end users can also get to know the rice distribution in acres either on district 
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level or sub-district level. The GUI also has graphs with precipitation, temperature,
and soil moisture trends over the years. Partners can view the importance of those 
variables, which have direct or indirect impacts on their agricultural statistics over
the years. The graphs can also assist partners in determining the relationship of 
those variables with agriculture on a single interface.
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7. Glossary
Accuracy – The ratio of correct predictions and it is calculated by the sum of true 
negatives and true positives divided by the total number of events.
CEO – Collect Earth Online. An open-source system that can be used for projects 
requiring land cover and/or land use reference data.
Cohen’s kappa score – The comparison of the probability of agreement (Po) to the
random probability agreement (Pe).
C-SAR – C-band Synthetic Aperture Radar instrument provides an all-weather, day
and night imaging capability to capture measurement data at high and medium 
resolutions for land, coastal zones, and ice observations.
Earth observations – Satellites and sensors that collect information about the 
Earth’s physical, chemical, and biological systems over space and time.
ETM+ – Enhanced Thematic Mapper Plus instrument provides multispectral high-
resolution imaging information of the Earth's surface.
F1 score – Is the average of precision and recall.
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Gewogs – Smaller territorial divisions under the 20 districts.
Google Earth Engine (GEE) – A cloud-based geospatial processing platform that 
combines multi-petabyte catalog of satellite imagery and geospatial datasets with 
planetary-scale analysis capabilities.  
NDMI – Normalized Difference Moisture Index. Ratio between the difference and 
the sum of the refracted radiation in near infrared and short infrared.
NDVI – Normalized Difference Vegetation Index. Ratio between the difference and 
the sum of the near infrared and visible reflectance of vegetation. 
NDWI – Normalized Difference Water Index. The ratio between the difference and 
the sum of near infrared and green channels.
OLI – Operational Land Imager, uses long detector arrays with over 7000 
detectors per spectral band, aligned across its focal plane to view across the 
swath. 
Polarization – Polarization refers to the direction of travel of an electromagnetic 
wave vector’s tip.
Polarization signatures – In changing the polarization of the transmitted signal 
and receiving several different polarized images from the same series of pulses, 
SAR systems provide details on the polarimetric properties of the observed 
surface.
Precision – Determines the accurate prediction for the positive classes.
Random Forest (RF) – A supervised learning method that is a combination of 
decision trees where every tree classifies inputs based on random features and the 
label predicted by the majority of trees is the classification of the input.
Recall or sensitivity – Provides the ratio of predicted positive classes.
RLCMS – The Regional Land Cover Monitoring System is a functioning system to 
create annual land cover maps and detect land cover changes.
SRTM – Shuttle Radar Topography Mission was an international project, led by 
NASA and the National Imagery and Mapping Agency (NIMA), to create a digital 
elevation model on a near global scale to generate a high resolution digital 
topographic database of Earth.
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