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ABSTRACT 
Aim/Purpose Although cassava is one of  the crops that can be grown during the dry season 

in Northeastern Thailand, most farmers in the region do not know whether 
the crop can grow in their specific areas because the available agriculture plan-
ning guideline provides only a generic list of  dry-season crops that can be 
grown in the whole region. The purpose of  this research is to develop a pre-
dictive model that can be used to predict suitable areas for growing cassava in 
Northeastern Thailand during the dry season. 

Background This paper develops a decision support system that can be used by farmers to 
assist them determine if  cassava can be successfully grown in their specific 
areas. 

Methodology This study uses satellite imagery and data on land characteristics to develop a 
machine learning model for predicting suitable areas for growing cassava in 
Thailand’s Nakhon-Phanom province. 

Contribution This research contributes to the body of  knowledge by developing a novel 
model for predicting suitable areas for growing cassava.  

Findings This study identified elevation and Ferric Acrisols (Af) soil as the two most 
important features for predicting the best-suited areas for growing cassava in 
Nakhon-Phanom province, Thailand. The two-class boosted decision tree al-
gorithm performs best when compared with other algorithms. The model 
achieved an accuracy of  .886, and .746 F1-score. 
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Recommendations  
for Practitioners 

Farmers and agricultural extension agents will use the decision support system 
developed in this study to identify specific areas that are suitable for growing 
cassava in Nakhon-Phanom province, Thailand  

Recommendation  
for Researchers  

To improve the predictive accuracy of  the model developed in this study, more 
land and crop characteristics data should be incorporated during model devel-
opment. The ground truth data for areas growing cassava should also be col-
lected for a longer period to provide a more accurate sample of  the areas that 
are suitable for cassava growing. 

Impact on Society The use of  machine learning for the development of  new farming systems will 
enable farmers to produce more food throughout the year to feed the world’s 
growing population.  

Future Research Further studies should be carried out to map other suitable areas for growing 
dry-season crops and to develop decision support systems for those crops. 

Keywords geospatial, remote sensing, machine learning, suitability, cassava prediction 
 
INTRODUCTION 
World food crises resulting from shortages, cost, or inaccessibility of  enough quality amounts of  
food are expected to get more severe in the future. The World Economic Forum (2015), for example, 
projects that by 2050, we will need to produce 50% more food than we do currently to meet this 
global demand from an increased world population of  more than 9 billion people (The World Bank, 
2015). To ameliorate the food crises, there is a need for farmers, public, and private organizations to 
collaboratively formulate and implement strategies that will improve food security in the world.  

Thailand is one of  the largest food producers in the world. The country is particularly well known 
for rice production, a crop that is very critical for Thailand’s economy and its people. Rice is grown 
mainly in the Northeastern region of  Thailand, where it is grown in about 69 % of  the region’s land 
area (National Statistical Office, 2003).  

Although rice is the major crop grown by farmers in Northeastern Thailand, the region has the low-
est rice production yield compared to all other regions of  Thailand (Titapiwatanakun, 2012). The low 
yield in this region is mainly caused by the fact that most farmers can grow rice only during the wet 
season (Chainuvati & Athipanan, 2001) because the region lacks an adequate irrigation system (Than-
awong, Perret, & Basset-Mens, 2014). For this reason, the farmers are forced to leave their farms fal-
low and move to cities to search for jobs in construction sites during the dry season (Craig & Pisone, 
1985). 

Thailand’s farmers normally do not know the specific crops that they can grow in their areas during 
the dry season. The current agriculture planning guideline (Chainuvati & Athipanan, 2001) provides 
only a list of  all the crops that can be grown in the region. Given that different crops require differ-
ent physical and climatic conditions to grow, the guideline is not very helpful because it does not in-
dicate suitable locations where each crop in the list can be grown successfully. There is, thus, a need 
for the development of  a decision support system that helps farmers determine what crops to grow 
in their specific areas during the dry season. 

The decision support system thus developed, could, for example, be used to help the farmers identify 
the dry season crops that are suitable for their specific areas and to also provide information on how 
to grow and manage those crops. One of  the crops that can be grown during the dry season is cassa-
va (Chainuvati & Athipanan, 2001). Suitable areas for growing cassava and other dry-season crops 
can be identified using a suitability analysis predictive model. A decision support system for dry-
season farming can subsequently be built based on the model.  
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The purpose of  this research is to develop a predictive model that can be used to predict suitable 
areas for growing cassava in the Northeastern region of  Thailand. The results can then be used to 
guide farmers and policy makers identify suitable areas for growing cassava in Thailand and other 
countries with similar environmental conditions. This research seeks to answer the following ques-
tions: 

• What variables can be used to predict suitable areas for growing cassava in Nakhon-Phanom 
province of  Northeastern Thailand? 

• How can the variables be used to build a model for predicting suitable areas for growing cas-
sava?   

LITERATURE REVIEW 
It is possible to grow cassava in higher elevation areas of  Northeastern Thailand following the end 
of  the rice cultivation season (Craig, 1985). Crop health indicators can potentially be used to deter-
mine a specific crop’s health conditions during the growth cycle. Remote sensing researchers use 
Normalized Difference Vegetation Index (NDVI), Vegetation Index (VI), and Enhanced Vegetation 
Index (EVI) to investigate different crop help conditions (Dusseux, Vertès, Corpetti, Corgne, & Hu-
bert-moy, 2014; Prasad, Chai, Singh, & Kafatos, 2006; Tang, Li, Chen, Zhu, & Liu, 2012). For exam-
ple, NDVI, which represents the greenness and health of  crops (Prasad et al., 2006), can be used as a 
variable to determine crop yield.  

Climate conditions influence the production of  crops. Several climatic indicators that we might use 
to determine where cassava can grow include temperature, drought, precipitation (rain), and land sur-
face water. In using temperature as a possible predictor of  suitable areas for a given crop, we can rely 
on the established temperature requirements for that crop. It is known, for example, that different 
crops do well in different ranges of  temperature. In the case of  cassava, the crop performs best in 
areas where soil temperatures range from 25oC to 29oC (Food and Agriculture Organization, 2000) 
with an annual average of  about 20oC (Ratanawaraha, Senanarong, & Suriypan, 2000). Further, re-
searchers also use land surface temperature (LST) to represent suitable temperature for each crop 
(Suksa-ngiam, Mbugua, & Chatterjee, 2016). LST is calculated using various bands from the Landsat 
8 satellite images. Precipitation or rainfall is mostly required for predicting crops like rice but is not as 
crucial for cassava. Precipitation estimates can be made by combining information from Microwave 
(MW) and Infrared (IR) satellite sensors (AghaKouchak et al., 2015). Water is also a crucial resource 
for growing crops. Various indicators are used to represent the availability of  water for crop produc-
tion. One of  the water indicators that can be used to predict suitable areas for growing cassava is 
surface water. In remote sensing research, Normalized Difference Water Index (NDWI) represents 
surface water. Although cassava requires moderately- to excessively-drained soils, it can also be grown 
in poorly-drained soils (Caldwell, Sukchan, & Ogura, 2005). Soil moisture is another useful predictor 
because it affects the growth of  plants and their productivity (AghaKouchak et al., 2015). Cassava 
performs well in areas where soils have a high soil moisture content (Food and Agriculture Organiza-
tion, 2013). Scaled Draft Condition Index (SDCI) is also used as a climate condition indicator. SDCI 
is a composite predictor that consists of  NDVI, precipitation, and, LST (AghaKouchak et al., 2015).   

Soil types and their conditions are also important factors for growing crops. Different crops require 
different types of  soil and soil conditions. For optimal cassava production, the areas should have 
loam to loamy-sand texture soils that are well drained, but the crop can also do well in areas with 
poor soils and a subsurface hardpan (Caldwell et al., 2005). The soils could also be deeper, moist, or 
dry, and light-textured (Food and Agriculture Organization, 2013). Because farmers can grow cassava 
in relatively poor-quality soils, some people tend to view the crop as a contributor to the depletion of  
soil quality (Idhipong et al., 2012). Soil types are represented in this study using ESRI’s soil maps tak-
en from the FAO-UNESCO soil map of  Thailand (Thipruck, 2013).   
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The predictive model developed in this study is a machine learning (ML) model, that relies on the 
remotely-sensed features. ML has become crucial in the remote sensing (RS) domain since ML mod-
els tend to be highly accuracy. Many studies have applied ML to predict crop growing areas and crop 
yields. 

Kussul, Lavreniuk, Skakun, and Shelestov (2017) used deep learning (DL) and remote sensing (RS) 
for crop classifications. They used multi-layer perceptron (MLP) and random forest and compared 
them with convolutional NNs (CNNs). They found that an ensemble of  CNNs performed better 
than MLP in maize and soybean classification. CNNs provided more than 85% accuracy for wheat, 
maize, sunflower, soybeans, and sugar beet. They sourced the images for their study from Landsat-8 
and Sentinel-1A satellites. However, due to their use of  DL, they could not derive feature-importance 
information from their study. Thus, information relating to the best conditions for growing the crops 
can’t be fully derived from their study.  

You, Li, Low, and Lobell (2017) developed a dimensionality reduction method for a CNN and Long-
short Term Memory network (LSTM). They introduced a Gaussian Process (GP) component to 
model data and enhance accuracy in DL models. They obtained satellite data from MODIS and test-
ed their model to predict soybean yield. When compared by Mean Absolute Percentage Error, their 
model outperformed the USDA yield estimates. Unlike Kussul et al 2017, their model can reveal the 
feature importance of  the predictors.  

Sun, Leinenkugel, Guo, Huang, and Kuenzer (2017) used a C5.0-based decision-tree algorithm to 
classify rubber plantations in China. They used multi-class classification to separate rubber planta-
tions from other areas, such as urban and water areas. They obtained satellite data from Landsat. 
They improved the algorithm by adding atmospheric and topographic correction (haze and shadow 
removal) features. The overall accuracy of  classification improved from 84.2% in 1989, 83.9% in 
2000, to 86.5% in 2013.  The authors concluded that bands (as features) 1-3 could not discriminate 
rubber plantations from other areas, while bands 4 to 7 were ideal for rubber plantation classifica-
tions.  

Whereas our study employs knowledge of  the required environmental conditions for growing cassa-
va, Heumann, Walsh, and McDaniel (2011) in their study assessed the applicability of  Maximum En-
tropy (MaxEnt), a machine learning algorithm, based on a presence-only geographic species distribu-
tion, to estimate habitat suitability for various crops in rural Northeastern Thailand. In the study, the 
authors used three independently obtained crop presence datasets (obtained from a household sur-
vey, remote sensing, and the field) combined with environmental data (soil type, elevation, and solar 
radiation). The study found that land suitability for cassava and paddy rice can be successfully esti-
mated using the presence-only modelling.  

Garzón et al. (2006) used machine learning models to develop a framework for predicting suitable 
areas for Pinus sylvestris forests in the Iberian Peninsula. The authors used environment predictor var-
iables to compare the accuracy of  three predictive ML models. The Breiman’s random forest model 
was found to be the most accurate for this study. The framework they developed can be applied in 
other studies to establish potential forest areas by generating predictive maps for any other forest 
species.   

Our study differs from previous studies in that it adds new interpretable features as predictors. For 
example, instead of  using each Landsat’s bands directly, we transformed and combined them to be-
come interpretable maps such as temperature and water. Although we do not use DL algorithms, our 
machine learning algorithms can yield feature importance, which enables researchers and policy mak-
ers to interpret and understand how these features (maps) can contribute to the success of  classifica-
tions. 
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METHODOLOGY 
We selected Nakhon-Phanom province, one of  the provinces in Northeastern Thailand where cassa-
va is grown, as the site for this study. The area of  Nakhon-Phanom province is about 2,128 square 
miles.  The whole province is covered by a single Landsat scene, thus images taken at different time 
periods do not need to be mosaiced. 

PREDICTOR DEVELOPMENT 
In this research, we employed a data science approach to predictive analysis. Three archived cloud-
free Landsat 8 satellite images covering the study area were downloaded from the U. S. Geological 
Survey, EarthExplorer, web-portal (http://earthexplorer.usgs.gov/). Landsat 8 imagery data consists 
of  11 bands. Most of  the Landsat imagery data have a resolution of  30 meters (panchromatic has 
resolution of  15 meters) (United States Geological Survey, 2016). We used Arcpy, Dnnpy, Scipy, and 
Numpy Python libraries for this study. Arcpy was used for geoprocessing, while Dnnpy was used for 
top-of-atmosphere correction.  

Using the Landsat 8 imagery data, the following predictors were then calculated: Normalized Differ-
ence Vegetation Index (NDVI) was used to measure crop health and the density of  plants. It is calcu-
lated using equation (1) as shown in the appendix (National Aeronautics and Space Administration, 
2000). Normalized Difference Water Index (NDWI) was used to assess the water content. NDWI is 
calculated as shown in equation (2) in the appendix (Gao, 1996). Enhanced Vegetation Index (EVI) is 
an alternative to NDVI. EVI is sensitive to high bio-mass areas and reduces the effects of  soil and 
atmosphere (Jiang, Huete, Kamel, & Miura, 2008). The calculation of  EVI is shown in equation (3) 
in appendix (Wardlow, Egbert, & Kastens, 2007). Land Surface Temperature (LST) is a measurement 
of  the temperature on the ground surface and is calculated using equations (1) and (4) to (9) (Artis & 
Carnahan, 1982; Buhari, 2015; Sobrino, Jiménez-Muñoz, & Paolini, 2004; United States Geological 
Survey, 2015; Weng, Lu, & Schubring, 2004; Yu, Guo, & Wu, 2014). The Normalized Difference Till-
age Index (NDTI) is the normalization of  the difference between short wave infra-red wavelength 
band 6 (SWIR1) and short wave infra-red wavelength band 7 (SWIR2) of  Landsat 8 data (Li, Ti, 
Zhao, & Yan, 2016). NDTI is used to detect crop residues and tillage practices (van Deventer, Ward, 
Growda, & Lyon, 1997). The Normalized Burn Ratio (NBR) is the ratio between NIR (band 5) and 
SWIR2 (Band 7) (United States Geological Survey, 2017). NBR is used to detect burned areas 
(Cocke, Fulé, & Crouse, 2005).  

Besides Landsat’s data, we also used elevation data (in meters) downloaded from the Diva-gis portal. 
Additionally, we used soil data from Food and Agriculture Organization (FAO). Based on the FAO 
soil types classification, there are only four soil types (Af, Ao, Ag, and Gd) in Nakhon Phanom prov-
ince. 

CASSAVA GROUND TRUTH  
The land use data for Nakhon Phanom province were obtained from the Land Development De-
partment under the Ministry of  Agriculture and Cooperatives, Thailand. We used this data to train 
and evaluate the ML models. Table 1 shows all initial predictors that were fed into Microsoft’s Azure 
Machine Learning.  

200,000 random points were generated in ArcMap and the data from all the predictors were then 
extracted to these points. The ArcMap’s point shapefile was then transformed and saved as a csv file. 
We used the csv file in Microsoft Azure Machine Learning. 

http://earthexplorer.usgs.gov/
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Table 1. Predictors 

SOURCE ABBR TYPE DEFINITION 

 

 

 

Landsat 8 Imagery 

NDVI Numeric Normalized Difference Vegetation Index 

NDWI Numeric Normalized Difference Water Index 

EVI Numeric Enhanced Vegetation Index 

LST Numeric Land Surface Temperature 

NDTI Numeric Normalized Difference Tillage Index 

NBR Numeric Normalized Burn Ratio 

Diva GIS Elevation Numeric Elevation 

 

Food and Agriculture Organi-
zation 

Af Discrete Ferric Acrisols 

Ao Discrete Orthic Acrisols 

Ag Discrete Gleyic Acrisols 

Gd Discrete Dystric Gleysols 

Land Development  

Department, Thailand 

Cassava Discrete Cassava field area 

MACHINE LEARNING PROCESS 
The data were first cleaned by removing rows that had any missing values. We ended up with 197,989 
data points (4,389 cassava cases and 193,600 non-cassava cases). We then normalized all the predic-
tor’s data into the same scale (0 to 1) using min-max normalization as shown in equation (12) in the 
appendix (Microsoft Corporation, 2017). Due to class imbalance in the dataset, we partitioned the 
majority cases (non-cassava area) at 20 % of  the samples. At this rate, we still get the margin of  error 
less than 1% and the confidence level more than 99 % (SurveyMonkey, 2017). In addition, we applied 
the SMOTE algorithm to cater for the imbalance in the dataset (Chawla, Bowyer, Hall, & Kegelmey-
er, 2002). The cassava data points were increased by 200 %. After these adjustments, we ended up 
with 51,887 data points in total. Next, the predictors were examined for multi-collinearity. Any two 
predictors that shared a correlation of  more than 0.9 (Pearson Correlation) were combined to avoid 
multi-collinearity (Hair, Black, Babin, & Anderson, 2010). EVI was highly and positively correlated 
with NDVI, while NDWI was highly and positively correlated with NBR. Using principle component 
analysis (PCA) separately, we merged EVI and NDVI to become NDVI_EVI, and NDWI was 
merged with NBR to become NDWI_NBR.  The final predictors that remained were LST, NDTI, 
Af, Ao, Ag, Gd, NDVI_EVI, NDWI_NBR, and, Elevation. Finally, we split the data into 60:20:20 
ratio. The first 60 % rows were used to train the machine learning algorithm, 20 % rows were used to 
validate the tuned model (hyperparameter tuning), and 20 % rows were used to evaluate the model. 

RESULTS 
Due to the non-linear relationship nature of  the predictors, we compared only algorithms used to 
predict non-linear relationships. These algorithms are two-class decision forest, two-class boosted 
decision tree, two-class decision jungle, two-class neural network, and two-class locally deep support 
vector machine (Ericson, Franks, & Rohrer, 2017). The performance of  the algorithms, with random 
grid hyperparameter turning and 10-fold cross validation, are shown in Table 2. Based on this com-
parison, the two-class boosted decision tree algorithm was chosen for our prediction model because 
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it had the highest F1 score. The F1 score metric was chosen because of  the class imbalance in the 
dataset (de Ruiter, 2015) and since both type I and II errors were important for this study.   

Table 2. Evaluation of  algorithms with hyperparameter with 10-fold cross-validation 

ALGORITHM ACCURACY PRECISION RECALL F1-SCORE AUC 

Boosted decision tree .882 .843 

 

.656 

 

.738 

 

.912 

Locally deep support vector 
machine 

.747 .465 .133 .198 .506 

Decision forest .753 .518 .405 .454 .765 

Decision jungle .748 .509 .229 .310 .691 

Neuron network .747 .502 .368 .423 .756 

 

After choosing the two-class boosted decision tree algorithm, we then used the permutation- feature- 
importance method to eliminate features that weakened the prediction model. We then eliminated Ag 
and NDVI_EVI from the model.  

 
Figure 1. Receiver operating characteristics (ROC) curve 

Figure 1 shows the ROC curve without a cross validation. As shown in Table 3 with a 10-fold cross 
validation, we achieved 0.886 accuracy, 0.860 precision, 0.660 recall, and F1 score of .746. The area 
under the ROC curve (AUC) is 0.910.    
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Table 3. The evaluation matrixes of the two-class boosted decision tree algorithm  
with and without hyperparameter tuning 

ALGORITHM ACCURACY PRECISION RECALL F1-SCORE AUC 

Without a 10-fold cross vali-
dation 

.881 .814 .688 .746 .911 

With a 10-fold cross valida-
tion 

.886 .860 .660 .746 .910 

 

As shown in Table 4, elevation was the best predictor of the model, followed by Af in both precision 
and recall metrics. The worst predictor was found to be the soil type, Gd (Dystric Gleysols), but it 
was still useful in improving the model. 

Table 4. The precision and recall score from permutation feature importance 

FEATURE PRECISION SCORE RECALL SCORE 

Elevation .432 .390 

Af .067 .140 

NDTI .062 .023 

NDWI_NBR .055 .033 

Ao .018 .054 

LST .001 .096 

Gd .0001 .0001 

 

We then analyzed the two important features: elevation and Af. Table 4.4 shows the descriptive sta-
tistics of the two important features. Farmers grow cassava on the average at the altitude of 165.320 
meters and 54 percent of farms are located on Af soil.  

Table 4.4: Descriptive statistics of elevation and Af 

FEATURE MEAN MEAN DEVIATION 

Elevation (meters) 165.320  17.360 

Af  (1 = yes, 0 = no) 0.540 0.496 

 

DISCUSSIONS 
Most farmers in the Northeastern region of  Thailand do not usually cultivate their farms during the 
dry season but instead move to urban areas to search for unskilled jobs. This happens mainly because 
the farmers do not have adequate information on suitable dry-season crops for their areas and how 
to grow or manage them. The development of  a dry-season farming decision support system will 
enable these farmers support their families by cultivating their farms throughout the year. 

In this study, we used satellite imagery data and land characteristics to develop a model for predicting 
suitable areas for growing cassava, which is one of  the identified dry-season crops, for Thailand’s 
Nakhon-Phanom province. We identified the elevation and Ferric Acrisols (Af) as the most im-



Mbugua & Suksa-ngiam 

51 

portant features for predicting best-suited areas for growing cassava in the province. Similar to Thai-
land, research has shown that Ghanaian farmers also grow cassava under the Af  soil (Ezui et al., 
2017). 

Similar to Heumann et al. (2011), our study shows that elevation is the most important feature in 
classifying areas where cassava can be grown in the province. In addition, this study showed that Af  
is the most influential soil type in determining where farmers can grow cassava. Unlike Kussul et al. 
(2017), our study identifies the most important features for classifying suitable areas for cassava. This 
information could help researchers and policy makers in mapping other suitable areas for cassava in 
other regions of  Thailand.   

Unlike You et al. (2017), Kussul et al. (2017), and Sun et al., (2017), our study uses interpretable fea-
tures to represent water, temperature, soil types, and farming characteristics. Although we can use 
raw imagery bands to feed into ML, having interpretable features helps us gain a deeper understand-
ing of  what the results of  this study mean in farming practice.  

Our study also has provided information about precision and recall, which are used to calculate F1-
score as the model performance measure. Elevation helps us gain both quality (precision) and quanti-
ty (recall) of  cassava classification, while Af  helps us achieve the quantity, rather than the quality of  
classification. Elevation helps us avoid false positives (predicting the case as a cassava field when it is, 
in fact, a non-cassava field). Af  and elevation prevent us from relying on false negatives (predicting 
the case as a non-cassava field when it is an actual cassava field). Because we carefully selected our 
features, we obtained a high accuracy rate of  88.6 %. This rate is comparable to that achieved by 
CNNs in the study by Kussul et al. (2017).  

The model developed in this study could be improved by incorporating more land and crop charac-
teristics such as the land slope, soil pH, soil texture, soil nutrient availability, and crop yield. The 
ground truth data for areas growing cassava could also be collected over several years to give a more 
representative sample of  the areas that are suitable for cassava growing. Further studies will be car-
ried out to predict suitable areas for other dry-season crops and to develop the decision support sys-
tem.    

CONCLUSION 
Dry-season satellite imagery for Nakhon-Phanom province in the Northeastern region of Thailand 
were used to generate NBR, NDVI, NDWI, EVI, NDTI, and LST features for the province. These 
indices were used in combination with elevation and soil type as predictors of suitable areas for 
growing cassava in the province. The analysis shows that elevation was the best predictor for suitable 
areas followed by Af. While Gd was the least accurate, it contributed to improving the overall model. 
The analysis also showed that the two-class boosted decision tree algorithm was the best for predict-
ing suitable areas for growing cassava. The final prediction model achieved an accuracy score of .886 
and F1 score of 0.746. The prediction model could be improved by including more ground truth data 
on areas growing cassava and the crop yield collected over several years. 
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APPENDIX: EQUATIONS USED FOR ANALYSIS 
EQUATIONS NUMBER WHERE 

NDVI = (RED -NIR) /(RED+NIR) (1) RED = Red wavelength (band4) 

NIR = Near infrared wavelength (band 5) 

EVI = enhanced vegetation index 

BLUE = blue wavelength (Band 2) 

𝜀 = Spectral emissivity 

ML = Band-specific multiplicative rescal-
ing factor 

AL = Band-specific additive rescaling 
factor from 

Qcal = Quantized and calibrated standard 
product pixel values (DN)  

𝐿𝜆 = TOA spectral radiance (Watts/ (m2 
* srad * μm)) 

𝐾1 = Band-specific thermal conversion 
constant 

𝐾2 = Band-specific thermal conversion 
constant 

𝑇𝐵 = At-satellite brightness temperature 
(K) 

𝜆 = Wavelength (band 10) 

h = Planck’s constant (6.626×10−34 J s)  

σ = Boltzmann constant (1.38×10−23 
J/K) 

C = Velocity of light (2.998×108 m/s) 

𝑆𝑡 = Land Surface Temperature (K) 

SWIR1 = short wave infra-red wavelength 
(band 6) 

SWIR2 = short wave infra-red wavelength 
(band 7) 

Z = normalized score (0 to 1) 

x = score of the case 

min = the minimum value of the feature 

max = the maximum value of  the feature 

NDWI = (NIR -SWIR1) 
/(NIR+SWIR1) 

(2) 

EVI = (NIR - RED) / (NIR+6.0*RED 
-7.5 BLUE+1) 

(3) 

𝑃𝑣 = [ 𝑁𝑁𝑁𝑁 −𝑁𝑁𝑁𝑁𝑚𝑚𝑚
𝑁𝑁𝑁𝑁𝑚𝑚𝑚−𝑁𝑁𝑁𝑁𝑚𝑚𝑚

]2 (4) 

𝜀 = 0.004𝑃𝑣 + 0.986 (5) 

𝐿𝜆= 𝑀𝐿𝑄𝑐𝑐𝑐 + 𝐴𝐿 (6) 

𝑇𝐵 =  
𝐾2

ln (𝐾1𝐿𝜆
+ 1)

 
(7) 

𝜌 =  ℎ𝑥𝑐/𝜎 (8) 

𝑆𝑡 = 𝑇𝐵
1 + �𝜆𝑇𝐵𝜌 � 

ln(𝜀) (9) 

NDTI =  𝑆𝑆𝑁𝑆1−𝑆𝑆𝑁𝑆2
𝑆𝑆𝑁𝑆1+𝑆𝑆𝑁𝑆2

 (10) 

𝑁𝑁𝑁 = �
𝑁𝑁𝑁 − 𝑆𝑆𝑁𝑁2
𝑁𝑁𝑁 + 𝑆𝑆𝑁𝑁2�

 
(11) 

𝑍 =
(𝑥 −𝑚𝑚𝑚)

(max− 𝑚𝑚𝑚) 
(12) 
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