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ABSTRACT 

This paper focuses on the use of GIS (Geographical Information Systems) 

technology to determine land cover change in Barbados between 2014 and 2021. The 

island has experienced drought and urban expansion over the years which has raised 

concern about the availability of arable land on the island. Data acquired from the U.S 

geological survey Earth Explorer portal for February 26th, 2014, and March 2nd, 2021, 

were used to compute the Normalized Difference Vegetation Index (NDVI) for both 

years.  Supervised classification using Support Vector Machines was used to determine 

seven (7) identified classes and their changes over the eight (8) year period.  Results 

from the NDVI showed a general decrease in healthy vegetation from 2014 to 2021.  

43.22% of the island experienced vegetation loss with 56.52% having vegetation 

remaining unchanged.  Interestingly, only 0.26% of vegetation experienced regrowth 

mainly in forested areas.   

The validation of the supervised classification method used yielded an overall 

medium level of agreement with between 64% and 67% accuracy.  The greatest change 

in land cover was from bare soil/barren land to urban areas which accounted for 23.2% 

change.  10.4% of grassy areas in 2014 changed to urban areas in 2021 with less than 

10% change from forest to urban and agriculture to urban. 

 

Keywords: NDVI, vegetation change, supervised classification, Barbados, Landsat 8, 

Caribbean. 

 

 



 

8 

ETHICS STATEMENT 

While geospatial technologies have proven its advantages and immense 

usefulness, its impact on society as it relates to how data is used, stored, shared, and 

distributed has unearthed a set of principles to guide professionals in the science of 

Geographical Information Systems.   

Data used should not be invasive nor single out or misrepresent minority groups 

within the population.  The idea of the use of imagery such as Google Earth has raised 

many concerns about the use of data without the consent of populations.  These should 

be taken into consideration when conducting geospatial research.  The data presented 

should also not give a misrepresentation of the truth which could potentially mislead the 

users.  How the data is stored and distributed also brings security and privacy into the 

picture for those who own the data and those affected by the data as well.  These 

principles have guided several geospatial studies. 

Mapping land cover change can have ethical implications for both society and 

policymakers.  Specific to this study, privately owned and governmental property were 

not distinguished in the classification nor were protected lands.  Further research did not 

however indicate any limitations on mapping of such areas.  Security issues would have 

been a concern with respect to inadvertently observing private lands but with the 

relatively low detail of the imagery obtained from Landsat imagery in Earth Explorer, 

these risks were significantly reduced.  In the case of photos used in the land cover 

classification, care was taken to ensure only public areas were photographed with 

sources specifically credited limiting further privacy and security issues that may have 
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required informed consent.  Data storage and sharing were not identified as an issue in 

this study given the nature and resolution of the data.  No onsite surveys were 

conducted which made this less of a concern.  Data-related risks arose concerning how 

the data was represented.  Sugar cane fields for example and varying crops were 

combined into one category.  Given that sugarcane fields constitute a large proportion 

of the agricultural land, this gave a generalized perspective to agricultural change 

without distinguishing between types of crops.  Not identified in the study also, were 

watersheds or watercourses that are restricted to urban development.  Therefore, any of 

the areas identified within the classification did not consider if these were a threat to 

such areas.  Population data referenced in this study was inclusive of all demographics 

and ethnicities. 

 
 

 

 

 

 

 

 

 

 

 

 

 



 

10 

INTRODUCTION 

This project presents a methodological workflow to assess land cover change 

across Barbados between 2014 and 2021 using Landsat 8 Level-2 OLI Surface 

Reflectance imagery which was processed using ArcGIS software.  A supervised 

learning approach was done to compare land cover for 2014 and 2021 along with NDVI 

change over the 8-year period.  Differences in agricultural and urban areas were the 

primary sources of change that were analyzed.  Differences in forested and grassy 

areas as it relates to urban expansion were also vital in assessing the changes in land 

cover across the island. 

Study Area 

Barbados is the easternmost island in the Lesser Antilles located about 927Km 

(576 miles) southeast of Puerto Rico and about 360Km (225 miles) northeast of 

Trinidad (See figure 1).  The island is 21 miles long and about 14 miles wide with an 

area of 166 square miles (430 square kilometers).  Unlike most of its neighboring 

islands which have the Caribbean Sea on their western coasts, Barbados is surrounded 

by the Atlantic Ocean and is composed of coral limestone with relatively flat land rising 

gently into the central highlands.  The highest point on the island is Mt. Hillaby which 

stands at only 1, 104 feet (336m) above sea level (Country Reports, n.d.).  The island 

has a tropical oceanic climate with two seasons, dry which runs from December to May, 

and wet season or hurricane season which runs from June to November. With the latest 

population estimates being around 269 806 persons, the western and southern coasts 

of the island are the most densely populated.  32% of the population alone resides in 

the southwestern parish of St. Michael. (Barbados Statistical Service, 2021).   
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Agricultural land which accounts for 23% of land coverage (The World Bank, 

n.d.) is mainly located in the valleys of St. George and northern parishes.  The main 

agricultural asset of the island is sugar cane.  Within the last two decades, sugarcane 

production fell from 204,525 tons to 31,600 tons.  An expanding tourism sector has 

resulted in less acreage available for sugar cane production (Brathwaite, 2013). Ideally, 

30,000 acres were argued as the recommended amount needed to produce adequate 

yield (BGIS, 2016). 

 

 

Figure 1: Study area of Barbados 
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Over the years, Barbados has seen a gradual rise in urban development, 

particularly commercial development along coastal areas with the construction of 

several hotels.  Agricultural lands that were left barren for several years were converted 

into housing developments in rural areas reducing the availability of agricultural lands 

(Land use and Built Form Policies V1.1, 2017).  With more than 70% of food being 

imported, international unrest has raised concerns about the high importation of food 

and the ability of the island to produce its own food (Strategic Policies, 2017). In 

addition to this, severe drought in the eastern Caribbean in 2015 affected the islands’ 

water resources and in extension, the availability of water for crops (Trotman, Mahon, 

Van Meerbeeck, & Riley, 2021).  Again in 2019, the island was faced with a more 

significant drought event which continued into 2020.  This was of grave concern as the 

island's water reserves were severely depleted (BGIS, 2019) leading to water rationing.  

Most of the crops on the island, depend heavily on rainfall which as a result suffered a 

great loss.  Sugar cane production was also impacted as yield and quality were 

reduced. 

To combat this, governmental initiatives were implemented to rescue the 

agricultural lands available and help fuel the microclimate of the island, while 

contributing to the fight against climate change by setting a goal to plant one million 

trees (GCF, 2021).  However, many developments are still geared to be in construction 

which may have a negative impact on the availability of arable land. 

Remote sensing techniques have been used over the years to understand and 

detect land cover changes in many areas around the world (Hu & Smith, 2018).  This 

study conducted by Hu & Smith (2018) showed the efficiency of using remote sensing to 
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facilitate decision-making as it relates to the loss of the banana industry in Dominica 

after Hurricane Maria in 2017. Climate change has had its negating impacts which are 

becoming more visible over the years (Inniss, 2001).  Human activities have also 

affected vegetation worldwide, from deforestation to urban development (Tewabe & 

Fentahun, 2020). 

The Landsat Satellite program which was launched in 1972 has the optimal 

ground resolution and a wide range of spectral band combinations to efficiently detect 

land cover change and possible sources of change such as urbanization and drought 

(Ihlen, 2019).  It is widely used globally and available through the Earth Explorer portal 

which was used for the acquisition of data for this project. 

The use of NDVI using satellite imagery has been implemented in several 

workflows to determine vegetation health.  NDVI is used as a tool for assessing 

vegetation health based on how plants reflect light in the electromagnetic spectrum.  

Healthy plants reflect light in the near-infrared (NIR) spectrum absorbing red light while 

unhealthy plants absorb NIR and reflect red light.  Satellites such as Landsat, measure 

wavelengths of light absorbed and reflected by plants.  Typical NDVI values range from 

-1.0 indicating dead plants or objects such as buildings to 1 representing very healthy 

plants. 

Although there is a dearth of remote sensing using GIS software for land cover 

change in the Caribbean and Barbados specifically, this study closely follows the 

techniques used for land cover detection such as in the island of Tobago, just 150 miles 

southeast of Barbados (Baban, Canisius, & Ramsewak, 2009).  This study used 

Landsat imagery (ETM) and maximum likelihood classifier for supervised classification 
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to develop a land cover map for the island.  The methodology used here was referenced 

as Tobago has a similar climate, vegetation and is comparatively smaller (115.8 square 

miles) than larger islands such as Trinidad.  It also looks at direct changes in agriculture 

and urban development due to urbanization which is a concern in many Caribbean 

islands.  A 45-year time period was used in that study, however, the time frame for this 

project is much less, over an 8-year period where land cover changes will be 

comparatively smaller.  This time frame was chosen for this study as previous work 

looked at changes from 2010 and prior.  With the increased urban development the 

island has seen, the last 8 years were chosen to determine the number of changes in 

land cover that occurred within a short time-period.  While no accurate land cover maps 

for Tobago were present at the time of the study, recent and detailed land cover maps 

done for Barbados (Helmer, et al., 2008) were an appropriate reference. 

Not only was Landsat data incorporated into the analyses for land cover 

classification but also IKONOS imagery (Martinuzzi, et al., 2008).  This study done by 

Martinuzzi, et al (2008) using IKONOS imagery benefited from its high spatial resolution 

of 0.82m at nadir for panchromatic bands and 3.2m for multispectral bands.  With its 

high spatial resolution and the frequency of product generation, it was favored over 

aerial photography and had a wider coverage per image (Gitas, Karydas, & Kazakis, 

2003).  IKONOS Imagery has been decommissioned since March 2015. Field 

observations were used for ground truth data which helped with the accuracy of the 

classification during the analysis.  While this project does not rely on-site observations, 

they have proven to be useful in identifying all or most of the land cover classes across 

Barbados and other islands which would have otherwise gone undetected.  This project 
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combines several of the classes identified by Martinuzzi et. Al (2008) due to the general 

lack of high-resolution imagery for the years in question. 

Vegetation change is useful for the decision-making process of policymakers, 

especially for Barbados and small islands that rely heavily on food importation.  The 

availability of arable land is one vital part of determining the islands’ ability to produce 

enough food locally.  Change detection using remote sensing techniques plays a big 

role in this area as was done for a case study in the Vellore District by G. Meera Gandhi 

(2015). Landsat TM data were used in this study to compute land cover change and its 

effectiveness in detecting surface features as it relates to providing damage 

assessments after natural disasters and providing humanitarian aid.  

IKONOS Satellite imagery has been used along with other GIS software to 

assess land cover across a few islands in the Caribbean including St. Kitts and Nevis 

and Dominica (Helmer, Clark, Pedreros, & Marcano-Vega, 2008).  In Dominica in 

particular, Landsat 8 OLI and Sentinel-2 data were used to compare land cover change 

before and after Hurricane Maria which suffered a significant impact to their agricultural 

industry and other vital produce exports (CARDI, 2017).  

A more comprehensive analysis was done to determine land cover change 

across a few smaller islands in the Caribbean including Barbados (Helmer, Clark, 

Pedreros, & Marcano-Vega, 2008).  In this study, decision trees were used along with 

the processing of Landsat 7 and IKONOS imagery to develop land cover classification.  

Regression tree techniques were done to produce almost cloud-free images as this 

plagued imagery for each island. Image mosaics and ancillary geographic data were 

used to assist the classification process.  Multi-season imagery helped to distinguish 
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different forest types like drought-deciduous forest that would otherwise have been 

generalized. Helmer, Clark, Pedreros, & Marcano-Vega, (2008) defined 20 classes 

divided into 6 categories, urban or built-up land, agricultural land, 

rangeland/grassland/natural shrubland, drought-deciduous or semi-deciduous forest, 

seasonal evergreen, evergreen forest and forest, and non-forested wetlands. The detail 

and complexity of the classification allowed the classes to be adapted to other studies 

done on the island.  However, for Barbados, a lack of multi-seasonal data meant that 

forested areas were generalized as in this study where all forest types are generalized.  

It was concluded from this study that there was about a 50% increase in forest cover as 

the lower end of the range between 1950 and 2000.  It also suggested that there was a 

decrease in agricultural land within the same time-period and a low increase in urban or 

residential areas. 

Another study was done specifically on the island by Gosine & Mahon, (2014).  

The purpose of this study was to map land use, human activity, and vegetation as it 

relates to coastal pollution in Conset Bay on the northeastern side of the island.  Ortho-

imagery satellite data was used in this research and processed in ESRI’s ArcView 

Software. This research benefited from site observations and surveys to accurately 

classify land cover.  Seven (7) classes were also used in this study which included, 

cropland, grassland, built infrastructure and sand.  Forested areas were separately 

classed from scattered trees and shrubs.  Although for a small portion of the island, 

forest accounted for the highest percentage of coverage within the Conset Bay area, 

while croplands were second with 25.1% land coverage.  This area is dominated by 

natural vegetation as the land is prone to slippage. 



 

17 

NDVI for small islands is also available in the research area as was done for the 

Island of Mona which is 22sq.mi.  Here, tropical dry forest habitats were mapped using 

Landsat NDVI products, IKONOS imagery and other topographic information 

(Martinuzzi, et al., 2008).  While the NDVI identified the distribution of forest to 

woodlands and shrublands, sixteen (16) land cover classes were identified by using the 

IKONOS satellite imagery.  This method produced an overall accuracy of 76%. 

Given the benefits of land cover change and its impact with respect to the 

availability of arable land versus an increase in urbanization over the years, the adapted 

workflows helped to achieve the goal of this study. 
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METHODS AND DATA 

Data 

Landsat 8 Level-2 Surface Reflectance data acquired from the USGS Earth Explorer 

portal were used in this study.  To ensure that scenes acquired had limited cloud cover 

over land, dates were chosen within the island’s dry season which runs from December 

to May.  During this season rainfall, humidity and subsequently cloud cover are 

climatologically at their lowest.  The data acquired was already atmospherically 

corrected which will be optimal for vegetation analysis removing atmospheric effects 

from dust and aerosols for example.  Scenes with limited cloud cover improved 

accuracy when computing NDVI and when performing land cover classification.  Given 

Landsat 8 imagery has been in operation since 2013, the month of February 2014 was 

chosen as a baseline to compare to March 2021 as the 8-year period to conduct 

vegetation analysis.  Table 1 below lists the specifications for the Landsat 8 imageries 

acquired.   

Date Acquired Sensor Resolution (m) Sun Elevation 
(o) 

Land Cloud 
Cover 

2014-02-26 Landsat 8 OLI 30m 54.738 14.25 

2021-03-02 Landsat 8 OLI 30m 46.130 12.22 
Table 1: Landsat 8 imagery specifications 

To conduct classification, composites of bands 1 through 7 were used.  Landsat 

8 provides a series of 11 bands that when combined can be used to assess vegetation 

health, such as land and water and agriculture.  Bands 5 and bands 4 are required to 

calculate NDVI which are the Near Infrared (NIR) and Red bands respectively.  Landsat 

8 provides 8 bands with a resolution of 30m, these are bands 1 through 7 and the Cirrus 
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band, band 9.  The Panchromatic band, which is band 8 with a high resolution of 15m 

and the Thermal IR (TIRS) band which have a resolution of 100m.  Table 2 below gives 

the spectral and spatial resolution of the Landsat bands. 

Bands Wavelength 
(micrometers) 

Resolution 
(meters) 

Band 1 – Coastal aerosol 0.43 – 0.45 30 
Band 2 – Blue 0.45 – 0.51 30 

Band 3 – Green 0.53 – 0.59 30 
Band 4 – Red 0.64 – 0.67 30 
Band 5 - NIR 0.85 – 0.88 30 

Band 6 – SWIR 1 1.57 – 1.65 30 
Band 7 – SWIR 2 2.11 – 2.29 30 

Band 8 - Panchromatic 0.50 – 0.68 15 
Band 9 - Cirrus 1.36 – 1.38 30 

Band 10 – Thermal IR (TIRS 1) 10.60 – 11.19 100 
Band 11 – Thermal IR (TIRS 2) 11.50 – 12.51 100 

Table 2: Landsat 8 Band specifications 

Attributes for each scene, 2014 and 2021 are listed in table 3 below.  Being the 

easternmost island in the eastern Caribbean, the central coordinates were used to 

acquire imagery in Earth Explorer that best depicts the island.  While the scenes have a 

higher percentage of ocean, the land area was sufficiently located for analysis. 
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Data Set Attribute Attribute Value (2014) Attribute Value (2022) 
Product Identifier L2 LC08_L2SP_233051_2014

0226_20200911_02_T1 
LC08_L2SP_233051_2021030

2_20210311_02_T1 
Processing Level L2SP L2SP 

Collection Category 02 02 

Collection Number T1 T1 
WRS Path 233 233 
WRS Row 51 51 

Scene Cloud Cover 6.71 1.62 

Sensor Identifier OLI_TIRS OLI_TIRS 
Satellite 8 8 

Product Map 
Projection 

UTM UTM 

UTM Zone 20 20 
Datum WGS84 WGS84 

Corner Latitude 14.06139 14.05870 
Corner Longitude -61.27092 -61.27372 

Corner UR Latitude 
Product 

14.03734 14.03468 

Corner UR Longitude -59.17843 -59.18124 

Corner LL Latitude 11.97347 11.97349 
Corner LL Longitude -61.28534 -61.28810 
Corner LR Latitude 11.95311 11.95315 

Corner LR Longitude -59.21022 -59.21297 

Table 3: Landsat 8 dataset attributes 
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Figure 2: Landsat 8 Surface Reflectance scenes.  (Top left: Band 4 2014 image, Top 
right: Band 5 2014 image, bottom left: Band 4 2021 image, Bottom right: Band 5 2021 

image) 

Figure 2 above shows bands 4 and 5 for 2014 and 2021.  The amount of cloud 

cover is concentrated primarily over the ocean allowing for relatively cleaner scenes 

over land.  A shapefile with administrative boundaries was used to clip the data to the 

study area (see figure 3 below). 
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Figure 3: Clipped Composite imagery to Study Area of Barbados 

Population data referenced in this study was acquired from the Barbados 

Statistical Service.  This provides a base for comparing population estimates within the 

8-year period (Barbados Statistical Service, 2021). 

NAME TOTAL FEMALE MALE 
Christ Church 43127 22852 20275 

St. Andrew 4631 2240 2391 
St. George 18203 9397 8806 
St. James 21258 11297 9961 
St. John 8617 4337 4280 

St. Joseph 5939 3013 2926 
St. Lucy 8609 4429 4180 

St. Michael 69604 36090 33514 
St. Peter 10382 5437 4945 
St. Philip 23788 12503 11285 

St. Thomas 12035 6375 5660 
Table 4: 2010 Population estimates 
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Methods 

Landsat 8 imagery for February 2014 and March 2021 during the dry season, 

was used to compute NDVI for each date using a combination of ArcGIS geoprocessing 

tools.  Band composites of bands 1 through 7 were used to identify land classes for 

supervised classification later in the study.  The first step was to compute NDVI to 

assess vegetation health, then supervised classification was done to assess the land 

cover across the island.  Validation was the final step to assess the reliability and 

accuracy of the classification.  Below outlines the following steps for computing NDVI 

and conducting supervised classification. 

NDVI 

 

Figure 4: NDVI Model Workflow 

Figure 4 above shows the workflow for computing NDVI using model builder.  

Once bands 4 and 5 surface reflectance data were added to ArcGIS, Raster Calculator 

was used to scale the Landsat Surface Reflectance data. The scale conversion used for 

Landsat 8 is given in equation 1 below (USGS). 

Equation 1: 

DN × 0.0000275 – 0.2 
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After scaling, negative pixels due to sensor issues were removed from the 

imagery using the Con tool in ArcGIS for both bands 5 and bands 4 for each scene 

date. The result of this was 4 scaled images, which were used to compute NDVI using 

the Raster calculator within the range of -1.0 to 1.0.  Equation 2 was used to compute 

NDVI for Landsat 8 imagery. 

Equation 2: 

NDVI = Band 5 (NIR) – Band 4 (Red) / Band 5 (NIR) + Band 4 (Red) 

The above procedure was repeated for 2021 band data.  In computing NDVI, a 

scale range of -1.0 to 1.0 which is the standard scale used in previous studies 

(Martinuzzi, et al., 2007), was used in the analysis.  Typically, NDVI values range from 

very low which usually represents dead or non-vegetated surfaces such as barren rock 

to values nearing 1.0 which typically represent very healthy plants.  Values within the 

range of 0.3 and 0.6 typically represent moderately healthy plants as shown in figure 5 

below.  With the resolution of the Landsat imagery acquired this scale was used to 

categorize NDVI values based on the overall health.  Spectral signatures of various 

vegetation will differ for example sugar cane and dense tree canopies which may place 

these in either the moderately healthy or very healthy category.  Since the goal is to 

assess change over the 8-year time period, this scale was adequate for the NDVI 

methodology. 
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Figure 5: NDVI Classification (Kraetzig, 2020) 

 Once the NDVI was computed, raster calculator was used to subtract both 

raster’s 2014 from 2021.  This was then reclassified into three (3) classes, loss, gain 

and same/unchanged to determine statistically how much the vegetation changed.  

Previous studies have used many different methods to determine NDVI change, which 

includes visual interpretation of change which does not consider the statistics as to how 

much percentage change occurred.  While this is used as a first assessment here, the 

three classes quantify the amount of change.  The change detection tool in ArcGIS 

offers another method for computing NDVI change which adds more steps to the 

process considering whether the land cover images are thematic or categorical, pixel 

value change or time series change (Lenhardt, 2021). 

Pixel-Based Supervised Classification 

Previous studies using supervised classification by Gosine and Mahon (2015) 

made use of site observations and surveys to acquire training samples which helped to 

improve the accuracy of the classifier.  This approach also used Landsat 8 composite 
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imagery to help with the identification of training pixels.  Decision tree software was 

used in other land cover studies across the island and the wider Caribbean (Hu & 

Smith, 2018) to help characterize the vegetation classes.  This method of using decision 

trees has been shown to improve the accuracy of classification (Friedl & Brodley, 1997). 

This study, however, will make use of the Support Vector Machine (SVM) method of 

classification as it requires fewer samples to train the classifier and it does not require 

the samples to be normally distributed it also serves as a comparison to previous 

studies which used maximum likelihood classifier (Baban, Canisius, & Ramsewak, 

2009).  A pixel-based approach was done over object-based classification as it seeks to 

classify each pixel in the imagery.  Given the resolution of the data and size of features 

on the island, allowing a pixel-based approach would ensure each pixel is given a 

classification whereas achieving objects large enough to train the classifier within the 

classes which will be specified later in the study, may have been problematic. 

 

Figure 6: Pixel-based Supervised Classification using Support Vector Machines 
Workflow 
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Bands from 1 to 7 which are the visible, near and short-wave infrared bands were 

used as input for the composite band's tool to produce a multispectral composite 

imagery that can be used for several spectral combinations as shown in table 5 below.  

Since the goal of this study is to conduct vegetation analysis, the thermal infra-red 

bands which are typically used for surface temperature analysis, cirrus bands for cloud 

detection and panchromatic bands which is used in pan-sharpening, were not used.   

After creating the composite bands, a series of spectral combinations were created that 

best achieved the goal of determining land cover change.  The main combinations that 

were used are the land and water combination which will help to identify water bodies, 

streams and small ponds.  Vegetation analysis which also helped to identify areas of 

vegetation and agricultural areas as well.  These were useful in identifying training 

samples for supervised classification later in the study.  Table 5 list several of the band 

combinations for Landsat 8 imagery that have been utilized in several case studies.  

Natural Color 4,3,2 
False Color (urban) 7,6,4 

Color Infrared (vegetation) 5,4,3 
Agriculture 6,5,2 

Atmospheric Penetration 7,6,5 
Healthy vegetation 5,6,2 

Land/Water 5,6,4 
Natural with atmospheric removal 7,5,3 

Shortwave Infrared 7,5,4 
Vegetation analysis 6,5,4 

Table 5: Landsat 8 Spectral Band Combinations (ESRI, 2013) 
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Figure 7: Landsat 8 Surface Reflectance Vegetation Analysis Composite bands. Path 

233 Row 051 

The composite imagery created was used to perform pixel-based supervised 

classification using support vector machine using the Train Support Vector Machine 

Classifier in the Image Analyst tools.  This process involved a series of steps before the 

output classification file could be created.  The first step involved defining the training 

classes.  Seven major classes were used which are described in table 6 below with 

visual representations of each category in figure 8. The classes used were adapted 

from those used in previous studies which identified all the prominent classes across 

the island (Helmer, Pedreros, Clark, & Marcano-Vega, 2008) to allow for comparison 

with other studies.  Some classes were combined since the main goal is to identify an 
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increase or decrease in the percentage of land versus urban areas.  A few of the 

classes are necessary to classify in this study given the nature of the land.  These are 

sugar cane and minor crops which were combined into the agriculture class as these 

areas are too small to achieve adequate samples for the classifier.  There are several 

small ponds and streams scattered across the island that are beneficial to rain feed 

crops and agriculture in general which were combined into the water or streams 

category.  Mangrove wetlands were included in the water/streams category given that 

there is only one major mangrove wetland area on the island.  

Classification Number 

Urban (rural and residential)  1 

Agriculture  2 

Grassy Areas (hay, pastures, Inactive agriculture)  3 

Evergreen forest (Drought deciduous forest/shrub)  4 

Bare soil/Barren land  5 

Water/stream  6 

Clouds in imagery  7 

Table 6: List of Land Cover Classifications 
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Figure 8: Land Cover Classifications 

Grassy Areas Water/Stream Forest 

Bare soil/Barren Land Agriculture Urban 

Clouds 
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The next step used the composite imagery to help create samples for each class 

specified.  The polygon drawing tool was used to delineate each sample per class.  The 

output was a shapefile of all the training samples.  The classification wizard was used to 

specify SVM as the classification method using the training samples shapefile created 

earlier.  The next step involved specifying the maximum number of samples per class.  

About 30 or more samples are required to train the classifier.  Since there are 7 classes, 

210 were used as the maximum number of samples per class.  Finally, the Change 

Detection tool in ArcGIS was used to determine which classes changed to urban and 

agriculture between 2014 and 2021.  This also was used to statistically determine the 

percentage land cover change for the changed classes. 

Classification Validation 

The process of validation involved several steps which were culminated by a 

confusion matrix.  This step is necessary to assess the accuracy of the classification 

method used.  The first step involved preparing the validation sites by converting the 

training samples shapefile created to a raster format.  This was done using the Feature 

to Raster tool which generated a raster with pixels labeled as a function of the class 

they represent.  Once this was done, the training pixels were re-labeled using the Con 

tool to assign one similar value to each of the training pixels.  The Mosaic to new raster 

tool created a copy of the classification with the designated values given to the training 

pixels.  The Set Null tool was then used to remove the training pixels from the copy 

layer.  The final step involves extracting an equalized random stratified sample of the 

validation sites using the Accuracy assessment Point tool as shown in figure 9 below.  

This produced two datasets, classified and ground truth.  The Classified dataset gives 
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the class for each validation site while the ground-truth gives the real-world comparison 

at each site.  To reliably validate the classification model, an adequate number of pixels 

was required.  For this study a minimum of 30 pixels per class were used to reliably 

validate the classification.  While more pixels create a more in-depth analysis, the 

resolution from the imagery, the complexity of the features, and their pixel sizes meant 

that some pixels would have been easily misclassified.  

These ground truth data were added to the validation sites.  The natural color 

band composition was used to determine the ground truth values after which these were 

added to the validation sites shapefile. 

 

Figure 9: Validation Workflow  

The final step involved creating a validation matrix that assessed the 

performance and reliability of the classification using support vector machines.  This 

data was used within the matrix to produce values for the overall accuracy of the 

classification, Kappa index, producer accuracy (omission error), user accuracy 

(commission error). 
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Commission Error Identifies pixels that have been incorrectly 

assigned to a class. (False positive) 

Omission Error Where pixels are incorrectly not assigned 

to a class (False negative) 

Kappa Gives an overall assessment between 

ground truth data and predicted classes 

to assess the overall accuracy of the 

classifier. 

Table 7:Validation Metrics 

Equation 4: 

 

Kappa Statistics (Tallon-Ballesteros & Riquelme, 2014) 

A strong level of agreement indicates >80% accuracy, medium 40 to 80% accuracy and 

poor <40% accuracy (Lillesand, Kiefer, & Chipman, 2017). 
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RESULTS AND DISCUSSION 

Normalized Difference Vegetation Index 

As described in the methodology, Landsat 8 surface reflectance data were 

processed using ArcGIS Raster Calculator to compute NDVI for 2014 and 2021.  After 

scaling the data and using equation 2 to compute NDVI, this gave the resulting 

vegetation analysis shown in Figure 12 for both years.  The histograms below show that 

the data was normally distributed for both years.  Statistics show almost similar mean 

values for each year of 0.58 and 0.59 for 2014 and 2021 respectively. 

 

Figure 10: NDVI 2014 Histogram 

 

Figure 11: NDVI 2021 Histogram 
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Figure 12: Normalized Difference Vegetation Index for 2021 and 2014 

 The general range of NDVI goes from -1.0 to represent areas of diseased 

vegetation or inanimate objects to + 1.0 indicative of areas with healthy vegetation.  

Values that fall between this range determine the general health of the plant or 

vegetated surfaces.  

From the figure 12 above, areas with denser or healthier vegetation have 

decreased in the southern sections of the island between 2014 and 2021.  This is also 

the case for the northwestern parts of the island which show a decrease in very healthy 

vegetation.  The area to the northwest which indicates dead vegetation is evidently 
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cloud which was detected from the composite imagery for the 2021 Landsat scene.  

Identifying clouds from the composite imagery prior to analysis was useful in limiting 

visual misinterpretation during the visual assessment.  A reduction in very healthy plants 

along the northwestern coast may be a result of commercial development between 

2014 and 2021. 

Vegetation along the highlands and hills of the countryside seems to have 

remained unchanged over the years.  These areas are prone to land slippage and are 

located along rugged terrain making it difficult for residential or commercial 

development.  Although rainfall was a concern, these areas benefit from underground 

aquifers and streams to maintain adequate vegetation health. 

Southwestern parts the island in the parish of St. Michael shown in figure 13 

below for both years, constitute the largest area of unhealthy vegetation, however these 

areas seem to have increased in coverage in 2021.  This area encompasses the capital 

of the island, where most of the commercial businesses operate.  A large fraction of the 

population according to 2010 population estimates also reside in this parish. 

 

Figure 13: NDVI St. Michael (Left 2014, Right 2021)      

In the northern parish of the island shown in figure 14 below, while the area is 

covered by low NDVI values signifying either diseased or moderately healthy plants, 

data for 2021 shows regrowth of denser/healthy vegetation. 
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Figure 14: NDVI St. Lucy (Left 2014, Right 2021)       

Along the valleys which consist of mainly croplands, the imagery showed a 

decrease in very healthy vegetation which could be attributed to inactive agriculture or 

bare soil at the time of the imagery, March 2021.  Meanwhile, the southeastern section 

of the island in the parish of St. Philip shown in figure 15 below, comprises large open 

areas of barren land and exposed land with minor crops and vegetation.  Comparing 

this area in 2014 to 2021, there was some minor regrowth of very healthy vegetation. 

   

Figure 15: NDVI St. Philip (Left 2014, Right 2021)           
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Figure 16: NDVI Vegetation changes 

 Using the raster calculator tool, both rasters’ were subtracted to achieve 

the difference, then reclassified into three classes using the statistics from the 

histogram.  These three classes, categorized the data into vegetation loss, gain and 

areas where vegetation remained unchanged.  The above map, figure 16, shows the 

resulting analysis.  Pink areas show vegetation loss which encompasses much of the 
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western and central areas on the map and accounts for 43.22% of vegetated areas.  

56.52% of vegetation had no change in vegetation between 2014 and 2021 as shown 

as the white areas on the map.  The very small area of green is indicative of areas that 

experienced vegetation gain over the 8-year period. This accounts for 0.26% of 

vegetation which is insignificant when compared to the percentage loss. 

Supervised Classification 

The methodology for conducting supervised classification using SVM involved 

several steps using samples for each of the seven identified classes using a 

combination of composite imagery and Google Earth imagery.  It is important to note 

that Google Earth imagery was used only as a guide to identify areas that would not 

have changed over the years, such as golf courses, mangroves, urban development 

and protected areas.  This was the case as the imagery was not for the same dates and 

years required for this study.  The acquired samples for each class were collected to 

use as training samples.  The map below, figure 17, shows the result of the training 

samples. 
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Figure 17: 2014 and 2021 training samples (natural color with atmospheric removal) 

An average of 5 samples were used for each class, however the pixel sizes of 

features were very small therefore for some classes like the water/stream, several small 

samples were selected.  Agricultural land covered small areas, averaging a quarter to 5 

acres which required numerous samples to adequately represent the area.  
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Figure 18: Validation sites from supervised classification (natural color with atmospheric 

removal) 
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Accuracy Assessment 

Given that some areas were incorrectly classified, an assessment was done to test 

the accuracy of the classifier. Table 8 below, shows the results of the validation sites 

(see figure 18) for 2014. 

    Ground Truth (2014) 

# Precision Commission 

    Urban 
Grassy 

Areas 
Forest Agriculture Bare Soil Water Clouds 

C
la

ss
ifi

ca
tio

n 

Urban 22 1 2 1 4 0 0 30 0.73 0.26 

Grassy 

Areas 
1 18 5 2 4 0 0 30 0.6 0.4 

Forest 0 0 29 1 0 0 0 30 0.96 0.03 

Agricult

ure 
3 5 1 16 5 0 0 30 0.53 0.47 

Bare 

Soil 
3 3 0 1 22 0 1 30 0.73 0.27 

Water 11 3 1 2 1 12 0 30 0.4 0.6 

Clouds 4 0 0 0 2 2 22 30 0.73 0.27 

# 44 30 38 23 38 14 23       

Recall 0.5 0.6 0.76 0.70 0.58 0.86 0.96       

Omission 0.5 0.4 0.24 0.30 0.42 0.14 0.04       

Accuracy 0.67     

Kappa 0.57     

Table 8: 2014 Confusion Matrix 

In assessing the confusion matrix, 29 samples of forest were correctly identified 

in 2014.  22 samples of clouds in 2014 were accurately identified as compared to 14 in 

2021 imagery.  11 of the 30 samples identified as water were inaccurately classified as 

urban areas as mentioned earlier in the study.  Of the 30 samples for grassy areas, 5 

were inaccurately classified as forest.  The spectral signatures of some grasslands may 

have been similar to those of dense vegetation, mangrove vegetation and wooded 



 

43 

areas as they are not distinguished in separate classes.  Inactive agriculture was 

misclassified as bare soil/barren land for 5 out of the 30 samples which was a similar 

case for grassy areas which were classified as bare soil. 

    Ground Truth (2021) 

# Precision Commission 
    Urban 

Grassy 

Areas 
Forest Agriculture Bare Soil Water Clouds 

C
la

ss
ifi

ca
tio

n 

Urban 22 2 0 0 5 0 1 30 0.73 0.26 

Grassy 

Areas 
0 18 1 8 3 0 0 30 0.6 0.4 

Forest 0 5 23 0 1 1 0 30 0.76 0.23 

Agricultu

re 
1 4 2 19 4 0 0 30 0.63 0.36 

Bare Soil 4 1 3 1 21 0 0 30 0.7 0.3 

Water 1 5 4 3 0 17 0 30 0.56 0.43 

Clouds 4 0 0 0 7 5 14 30 0.46 0.53 

# 32 35 33 31 41 23 15       

Recall 0.68 0.51 0.69 0.61 0.51 0.73 0.93       

Omission 0.31 0.48 0.30 0.38 0.48 0.26 0.06       

Accuracy 0.64     

Kappa 0.58     

Table 9: 2021 Confusion Matrix 

Table 9 above shows the statistics for 2021 to determine the accuracy of the 

classification method.  From table 9, 22 of the 30 urban ground truth samples were 

accurately classified as urban areas.  Forest areas also have over 20 accurately 

classified samples with a total of 23.  21 of the samples identified as bare soil were 

accurately classified.  Clouds had the lowest with 14 of the 30 samples accurately 

identified as clouds.  Urban areas with rooftops having similar spectral signatures as 

clouds have been misclassified as clouds, as was the case with 4 being classified as 

urban.   
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The overall accuracy for the 2014 classification was 67% and a medium level of 

agreement of 57% similar to that for 2021 which and an accuracy of 64% and Kappa 

value of 58%.  Samples for every class were too small to achieve sufficient samples for 

every identifiable class in the imagery.  For example, sugarcane and minor crops were 

included in the agriculture class as these areas are too small to be accurately classified 

on their own using the composite imagery.  Grassy areas also included golf courses 

while water and streams category included ponds along golf courses.   

Providing more classes or using more validation pixels per class would have 

yielded a more accurate classification, however given the method used for acquiring 

training samples, smaller classes were combined.  Other factors that would have 

improved the level of accuracy include, higher resolution satellite imagery and aerial 

imagery which would have aided in acquiring training samples and for ground truth data.  

Imagery with a wider spectral resolution would have also aided in features with a small 

pixel size that covers a smaller range in the spectrum.   

Land Cover Classification 

After conducting the supervised classification, areas in the southern section of 

the island showed a reduction in agricultural or cropland areas.  This can also be 

attributed to a loss in cropland areas due to urban expansion and inactive agriculture 

where previous lands used for agriculture have been abandoned over the years or have 

been plowed revealing bare soil.  Areas identified as bare soil in 2014 have changed to 

grassy areas in the south in 2021.  Figure 19 below suggests that urban areas along the 

southwestern sections of the island have had increased urban development.  It is 

important to note that blue areas identified as water/stream in both images are effects of 
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the cloud shadows which produced spectral signatures similar to those of water during 

the classification. 

 

Figure 19: Supervised Classification for 2014 and 2021 using SVM 

Forested or dense vegetation has decreased between 2014 and 2021, however 

along hillsides where terrain is more rugged and prone to slippage, these areas have 

remained unchanged.  This can be attributed to limited urban development and 

deforestation due to the nature of the land.  In the north shown in figure 20 below, what 

was barren land or bare soil has been converted to grassy areas.  This may be due in 

part to the inactive lands which became overrun by grass over the years.  Agriculture or 
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croplands also seem to have increased in the north, which could be the result of crop 

development over the years. 

   

Figure 20: Land Cover St. Lucy (Left 2014, Right 2021)          

The nature of the island is such that there are few streams, ponds and partially 

no rivers.  The majority of the island’s water system is held in underground aquifers and 

intricate cave systems.  The few streams and mangrove areas have retained their state 

over the years.  Grahame Hall Swamp in the southwestern part of the island has been 

maintained between 2014 and 2021 as shown in figure 21.  The figure shows that an 

area adjacent to the swamp depicted in the red circle, which was once barren or bare 

soil, has seen grassland growth over the 8-year period.  This area is protected as a 

nature reserve and therefore is not susceptible to urban development. 

     

Figure 21:Land Cover Grahame Hall Swamp (Left 2014, Right 2021)     
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Drought faced by the island in 2015 and 2019, while it would have impacted 

water levels, these areas were able to maintain moderate vegetation from 2014 to 2021. 

The southern section of the island from figure 22, shows areas with greater 

change from each class.  Evident on the map are very few areas where water/stream 

changed to agriculture as this class constitutes a very small coverage. 
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Figure 22: Supervised Classification Land Cover Change 
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 To assess the true change in land cover, the Change Detection Tool in ArcGIS 

was used to determine which classes changed over the 8-year period.  Focusing firstly 

on the change to urban areas, pink areas on in figure 22 above show areas where 

barren land changed to urban areas.  Few areas mainly in the southern part of the 

island show change from agriculture to urban.  Frequent clusters of forest to urban 

areas occur mainly in the north-central regions.  The table below gives the percentage 

area change for the classes. 

Class 
Count Area (m2) 

Area 
(Km2) %Change From To 

Urban Agriculture 11991 10791900 10.8 12.3 
Grassy Areas Urban 10177 9159300 9.2 10.4 
Grassy Areas Agriculture 18220 16398000 16.4 18.7 
Forest Urban 7969 7172100 7.2 8.2 
Forest Agriculture 3276 2948400 2.9 3.4 
Agriculture Urban 9207 8286300 8.3 9.4 
Bare Soil/Barren 
Land 

Urban 22643 20378700 20.4 23.2 

Bare Soil/Barren 
Land 

Agriculture 12943 11648700 11.6 13.3 

Water/Stream Urban 623 560700 0.6 0.6 
Water/Stream Agriculture 414 372600 0.4 0.4 

Table 10:Land cover and percentage change 

The greatest change is from Baren land/Bare soil to urban which constitutes 23% 

coverage.  Grassy areas to agriculture account for 19% change in coverage.  Grassy 

areas to urban, forest and Agriculture to urban carry 10%, 8% and 9% respectively 

making up the remainder of classes that changed to urban.  The water/stream to urban 

cannot be counted as a change to urban due to misclassification as stated earlier. A 

very small percentage of forested areas changed to agriculture accounting for the 

lowest percentage change of 3.4%. 
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Figure 23: Class changes for agricultural and urban growth 

The graph shown in figure 23, shows the classes that changed to either 

agriculture or urban areas between 2014 and 2021.  This graph reinforces the point that 

barren and grasslands account for the greatest land cover change to urban 

development.  Agriculture lands in 2014 changed to urban areas in 2021.  Some areas, 

such as those classified as bare soil and grassy areas in 2014 became agricultural 

lands in 2021. 
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CONCLUSION 

NDVI results show that healthier vegetation has decreased during the 8-year 

period becoming concentrated mainly in the highlands of the countryside.  Much of the 

area is covered by either moderately healthy or diseased vegetation.  Highland areas 

have shown little change in vegetation health over the 8-year period with 56.52% of 

vegetated areas remaining unchanged.  43.22% of land cover suffered vegetation loss 

with only 0.26% accounting for vegetation gain.  The supervised classification method 

using vector machines yielded an overall accuracy of between 64% and 67%.  Bare 

soil/Barren land to urban land constituted the largest change of 23.2%.  Agricultural 

lands that changed to urban areas in 2021 accounted for a 9.4% change.  Grassy areas 

to urban developments accounted for 10.4% change. 

Overall, the island has seen some change from agricultural or grassy areas to 

urban lands which suggests that there has been an increase in urban development in 

the 8-year period between 2014 and 2021.  These areas are mainly along the coastal 

areas which suggest that vegetated surfaces in the central highlands and valleys may 

be under threat with further urban developments.  Measures implemented both by 

private and governmental policies such as tree planting initiatives, protecting densely 

vegetated areas and providing more efficient housing solutions, may aid in protecting 

forest lands and the development of more agricultural lands to ease the island's high 

importation food bill.  Despite 2021 population estimates suggesting a decline in the 

population this too could be a cause for concern in the near future. 
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