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Abstract
Soil erosion is a complex process involving multiple factors that contribute to the amount of soil loss. The amount of 
vegetation cover is one of the main factors used to estimate soil loss and is an important risk factor in informing land 
use management and soil conservation policies. Cover/crop management (C-factor) is a dynamic soil loss factor and 
analysing C-factor trends in the context of both space and time, to build a multi-dimensional data structure, increased 
the value of the trend analysis. The objectives of the study were to (1) utilise EVI dependent static and dynamic predic-
tive equations to compute the C-factor, and (2) to investigate the spatio-temporal changes of the C-factor and hotspots 
in a tropical small island developing state (SIDS) from 2010 to 2019. ArcGIS Model Builder was utilised to automate the 
computation of the C-factor using Moderate Resolution Imaging Spectroradiometer (MODIS) Enhanced Vegetation Index 
(EVI) data and compute the ordinary least square regression. Spatio-temporal analysis was performed using the novel 
emerging hot spot analysis in ArcGIS to identify statistically significant hot and cold spot trends of cover management to 
locate new, intensifying, persistent, or sporadic hot spot patterns at different time-step intervals. The regression output 
for the C-factor and EVI values indicated a strong  r2, explaining on average 90% of the models. There was no statistically 
significant (P value > 0.05) increase in C-factor trend over a 10 year period (2010–2019, P-value = 0.92), a 5 year period 
(2015–2019; P-value = 0.59), or a 3 year period (2017–2019; P-Value = 0.31). Our results showed that intensifying hot spots 
(27%) were concentrated along the north–south corridor of the study area, highlighting areas with a statistically signifi-
cant increase of the C-factor, thus a reduction in vegetation cover over the study period. Integrating spatio-temporal 
data and spatial technology provided vital cover management estimates for soil practitioners and farmers to guide 
conservation strategies.
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1 Introduction

Small island developing states (SIDS) in the tropics experi-
ence a combination of high-intensity storms, deforestation 
and poor soil management practices that cause excessive 
soil loss by runoff [1, 2]. Understanding the parameters 
over space and time that influence soil loss is necessary 
to inform soil conservation and management strategies. 

Among the different soil erosion risk factors, the cover/
crop management factor (C-factor) is the one that policy-
makers and farmers can most readily mitigate and treat to 
help reduce soil loss rates [3]. However, quantitative deter-
minations of the extent, trends and impact of soil erosion 
by water in tropical regions have been sketchy, and there 
is a conspicuous lack of credible data on the magnitude 
and severity of soil erosion in the tropics [4, 5]. There are 
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many difficulties associated with the monitoring, meas-
uring and analysing trends of erosion processes. While it 
is true that physical models provide the optimal soil loss 
measurement strategy, it could be argued that direct 
physical measurements of soil loss are limited to small 
experimental plots over short time periods on which the 
relevant hydraulic conditions of erosion cannot be repro-
duced entirely [6]. Physical models are also expensive and 
time-consuming; therefore, a more feasible solution to 
measuring soil loss across the extent of a tropical SIDS are 
empirical models that do not compromise the efficacy of 
direct physical measurements. One of the most commonly 
used empirical soil loss models was the Universal Soil Loss 
Model (USLE); this model utilised predictive equations to 
measure soil erosion driven by water [7–9]. The USLE forms 
the foundation of a family of models that have proven to 
have the potential to estimate soil loss accurately, but 
require further adjustments and integration with novel 
geospatial technology when applied to the unique geo-
physical environment of tropical SIDS.

The USLE’s six factors used to predict soil loss comprise 
of rainfall erosivity, soil erodibility, slope length, slope 
steepness, cover and management, and conservation 
practices. The cover and management factor (C-factor) is 
regarded as the most spatio-temporally sensitive of the 
USLE’s six soil loss parameters, as it relies on plant growth 
and rainfall dynamics [10]. The cover management fac-
tor, also referred to as the crop management factor is a 
measure of plant cover and is defined as the ratio of soil 
loss from an area with specified cover and management 
to soil loss from the same location in continuously tilled 
fallow [7].

Utilising the data-intensive USLE family of models 
in data-poor regions of the tropical SIDS has proven 
challenging, as it requires extensive measured data in 

experimental plots. Some researchers have made neces-
sary compromises to the computation of the C-factor in 
their location-specific predictive equations [10, 11]. The 
USLE/RUSLE sub-factors prior land-use, canopy cover, 
ground cover and within soil effects were not considered 
in the current study as the necessary data was not avail-
able [7]. The modifications made by researchers included 
using a constant C-factor value of 1, although the range is 
from 0 to 1 (Table 1). The general use of a single C-factor 
value was more prevalent in data-poor areas and may have 
compromised the efficacy of the results. Two soil loss stud-
ies in Trinidad and Tobago [12, 13], utilised static C-factor 
values from existing literature to assign to land use/cover 
classes without making any further modification. This 
alternative use of land use classes to assign static C-factor 
values from regions without a similar geophysical environ-
ment introduces uncertainties as there was no calibration 
to the sensitive geophysical context of the Trinidad study 
area, and no consideration for time or space.

On the other hand, a study carried out on the tropi-
cal island of Jamaica [14], replaced the C-factor with a 
vegetation management factor (VM). The VM-factor was 
determined based on the product of nine forest effects 
and land use types on erosion, such as vegetative canopy, 
ground cover and roots and residues [14]. The Jamaican 
study inferred the VM-factor as a practical approach, but 
similar to the USLE model, it required extensive data and 
thus was not a suitable methodology for the current study.

Other tropical studies utilised regression equations to 
determine predictive equations for calculating the C-factor 
as a form of data calibration to the specific geophysical 
environment [15–17]. However, the predictive equation 
derived from a given time-period was treated as a static 
model and applied to previous or subsequent years of 
cover management, not taking into consideration the 

Table 1  Land use/cover classes 
and C-factor value based on 
literature review and identified 
using 2014 aerial photography

EVI values for each land use/cover classes range from 1 to − 1

Land cover C-factor value EVI range for Trinidad References

Forest 0.001 0.60 to 0.80 [12, 29]
Mangrove 0 0.20 to 0.25 [12]
Swamps 0 0.15 to 0.20 [12]
Mixed agriculture/broken forest 0.15 0.55 to 0.65 [12]
Quarries/face stone 1.0 0.25 to 0.35 [12]
Abandoned quarries/face stone mixed 

with vegetation
1.0 0.25 to 0.35 [12]

Residential 0.1 0.15 to 0.45 [29]
Residential mixed agricultural 0.15 0.45 to 0.55 [12]
Cocoa trees 0.2 0.50 to 0.60 [12, 29]
Citrus trees 0.2 0.50 to 0.60 [12, 29]
Aquaculture/water bodies 0 0 to − 1
Beaches 1 0 to 0.25 [12, 29]
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sensitive and spatio-temporal dynamics of vegetation 
cover. The current study attempted to address the limita-
tions of previous studies and assessed the spatio-temporal 
dimension of the C-factor. The researchers accessed the 
best available remotely sensed vegetation data in combi-
nation with literature from similar tropical-based research 
to assign to land use/cover classes (Table 1) and compute 
a linear regression model (Table 2). The C-factor model has 
been further improved by comparing the use of dynamic 
and static predictive equations relative to each of the 
10 years under study.

Vegetation data from remotely sensed vegetation 
indices provided an additional opportunity to enhance 
empirical predictive equations in a geographic informa-
tion system environment. While many methods have 
been developed to estimate the cover management fac-
tor (C-factor) using the Normalised Difference Vegetation 
Index (NDVI) in linear regression, few have adopted a GIS 
workflow for both regression analysis and spatio-temporal 
predictions [10, 11, 18]. Even fewer studies have utilised 
the newer Moderate-resolution Imaging Spectroradiom-
eter (MODIS) data product, the Enhanced Vegetation Index 
(EVI), that improves upon the quality of the NDVI product 
(Appendix 1).

The MODIS standard Vegetation Indices (VI) products 
include the NDVI and the EVI. However, the current study 
only utilised the EVI data product. The EVI is an optimised 
combination of blue, red, and NIR bands [19].

where ρN,R,B are reflectance in the Near Infrared (NIR), red, 
and blue bands, respectively; L is the canopy background 
adjustment factor, and  C1 and C2 are the aerosol resistance 
weights. The coefficients of the MODIS EVI equation are 
L =1; C1 = 6, and C2 = 7.5 [19].

The MODIS EVI product more effectively characterised 
vegetation states and processes to better encompass the 
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range of biophysical/biochemical information extractable 
from vegetated surfaces. Additionally, the VI values nor-
malised between − 1 and + 1 [19]. The EVI is also assumed 
as more suited for tropical SIDS as it does not become satu-
rated as quickly as the NDVI when viewing rainforests and 
other areas of the earth with large amounts of chlorophyll 
[20]. The MODIS EVI has significantly improved scientists 
ability to measure vegetation cover and also enhanced on 
NDVI spatial resolution as it is more sensitive to differences 
in densely vegetated areas. Integrating new and enhanced 
vegetation indices with novel Geographic Information Sys-
tems [21] technologies such as ArcGIS Model Builder and 
Space Time Mining techniques, present a viable alterna-
tive to past solutions that measure and assess the spatio-
temporal trends of cover management in a tropical island 
state using EVI.

Assessing cover management through the integration 
of soil loss models and vegetation indices data obtained 
from remote sensing platforms using GIS technology, have 
shown satisfactory results in more developed regions 
[10, 13, 17] and has the potential for application in lesser 
developed states. The study area, namely the Republic of 
Trinidad and Tobago, is a small twin-island tropical state 
located in the southeastern Caribbean (Fig. 1). Trinidad lay 
on the South American continental shelf and was once 
part of South America, and the island vegetation was sim-
ilar to northeastern South America [22]. The objectives 
of the study were to (1) utilise EVI dependent static and 
dynamic predictive equations to compute the C-factor, 
and (2) to investigate the spatio-temporal changes of the 
C-factor and hotspots in a tropical small island developing 
state (SIDS).

2  Materials and methodology

2.1  Study area

The study was developed in the small tropical island state 
of Trinidad and Tobago (10.6918°N, 61.2225°W), a south-
eastern Caribbean country that includes two main islands, 
Trinidad and Tobago, and many small outer islands that 
together encompass 5133  km2. Trinidad and Tobago’s 
proximity to the equator generates two opposing sea-
sons, dry and wet. The dry season occurs during January to 
May, characterised by tropical maritime weather that has 
moderate to strong low-level winds, warm days and cool 
nights, with rainfall mostly in the form of showers due to 
daytime convection. The wet season is characterised by a 
modified moist equatorial weather with low wind speeds, 
hot, humid days and nights, a marked increase in rainfall 
which results mostly from migrating and latitudinal shift-
ing tropical weather systems, during June to December 

Table 2  Ordinary least square results for C-factor and EVI values

Year Intercept EVI Coefficient Adjusted  R2 P

2010 1.21 − 1.89 0.88 p < 0.01
2011 1.24 − 1.89 0.88 p < 0.01
2012 1.25 − 1.85 0.90 p < 0.01
2013 1.24 − 1.85 0.89 p < 0.01
2014 1.24 − 1.88 0.89 p < 0.01
2015 1.24 − 1.91 0.90 p < 0.01
2016 1.22 − 1.84 0.90 p < 0.01
2017 1.23 − 1.87 0.90 p < 0.01
2018 1.24 − 1.84 0.91 p < 0.01
2019 1.16 − 2.06 0.92 p < 0.01
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[23]. Dry season rainfall totaled 3435 mm and the wet 
season totaled 14,255 mm rainfall for 2010–2019 (Fig. 2). 
Most forests are moist broadleaved seasonal evergreen, 
but also include thick-leaved evergreen coastal, decidu-
ous, semi-evergreen, montane evergreen, and wetland 
formations [24].

2.2  Enhanced Vegetation Indices data

In the current study, we used the EVI values derived from 
the Moderate Resolution Imaging Spectroradiometer 
(MODIS) Vegetation Indices (MOD13Q1) Version 6, and the 
data was generated every 16 days at 250 meters (m) spa-
tial resolution for the years 2010–2019 [25]. The analytical 

Fig. 1  The geographical frame-
work of the study area. a The 
geographical setting of the 
twin island state of Trinidad 
and Tobago within the Carib-
bean islands, bordered on the 
west by the Caribbean Sea and 
the east by the Atlantic Ocean. 
b The location of Trinidad and 
Tobago, highlighting the study 
area of Trinidad and the admin-
istrative boundaries

Fig. 2  Rainfall, MODIS EVI and C-factor trend lines from 2010 to 
2019 [22, 25]
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procedures (Sect. 2.3) were performed in ArcGIS using the 
Ordinary Least Square Regression (OLS) and Emerging 
Hotspot Analysis tools.

The original MODIS vegetation indices values were 
computed by the MODIS VI algorithm in the same way, in 
time and space, regardless of land cover and soil type, rep-
resenting true surface measurements (not modelled and 
no assumptions). The VI values were very accurate for most 
of the MODIS cloud-free pixels with a low aerosol load. 
However, for cases when there were no pixels of accept-
able quality available within a compositing period, a lower 
quality observation with the maximum EVI was chosen by 
the MODIS algorithm to gap-fill the pixel [25]. Thus the 
data used in the current research was subject to inherent 
errors based on the quality of the pixel downloaded from 
the MODIS dataset.

The C-factor computation from the MODIS VI required 
identifying land use classes from the more advanced 
Enhanced Vegetation Index (EVI). The MODIS EVI prod-
ucts were accessed from the National Aeronautics and 
Space Administration (NASA) open-source platform that 
provided medium resolution datasets, with a spatial 
resolution of 250 m × 250 m data from January 2010 to 
December 2019 [26]. The required datasets for the study 
area were downloaded using MODISTools. The MODIS-
Tools geoprocessing toolbox (a package for the R Statisti-
cal Computing Language) was modified from its original 
programming to download NDVI data to be able to gener-
ate EVI data for the study area of Trinidad from the 2010 
to 2019 time period. To obtain the EVI data, the researcher 
reprogrammed the Import EVI script from the MODISTool-
box that automated the download and post-processing 
procedures in ArcMap, thus reducing the risk of human 
error and offering an additional quality control assessment 
[27].

ArcGIS Model Builder was used after the complete 
MODIS EVI data extraction in a NetCDF format to convert 
the data to a more compatible format for further analysis 
in ArcMAP. MODISTools combined several GIS operations 
and ran these modules with the EVI output dataset from 
the MODISToolbox. Some of these ArcGIS Model Builder 
operations included geoprocessing tools to convert 
MODIS EVI data to GIS-ready format using (a) raster calcu-
lator tool; (b) the int tool to converts each cell value of the 
newly created raster to an integer by truncation; and (c) 
raster to a polygon to convert the integer type raster to a 
polygon feature class.

2.3  C‑factor analytical procedures performed 
in ArcGIS

ArcGIS Model Builder was used to automate the computa-
tion of the C-factor for the island of Trinidad in the current 

study. Within this GIS workflow, the ordinary least square 
(OLS) regression tool (ArcGIS) was used to estimate the 
C-factor values for the entire study area. Spatio-temporal 
analysis was performed using the Emerging Hot Spot 
Analysis (ArcGIS) to identify statistically significant hot and 
cold spot trends of cover management. The report iden-
tified new, intensifying, persistent, or sporadic hot spot 
patterns at different time-step intervals for the study area. 
Estimating C-factor values and identify spatio-temporal 
hotspots across the study area of Trinidad from 2010 to 
2019, formed one of the main objectives that will help to 
inform soil conservationist. Additionally, the study aimed 
to develop an ArcGIS workflow to estimate the annual 
cover management factor using MODIS EVI data for a 
tropical SIDS. The regression analysis included in this Arc-
GIS workflow also produced a yearly predictive equation 
to model the spatio-temporal cover management values 
for Trinidad.

The research methodology was based on geospatial 
statistical analysis, specifically Ordinary Least Square 
Regression (OLS) used to model the linear relationship 
between the dependent C-factor variable and its relation-
ship to the explanatory EVI variable. The OLS regression 
tool was provided in the ArcGIS Desktop, Spatial Statis-
tics Toolbox that produced the summary of OLS results 
report. The output OLS regression equation was used to 
estimate the C-factor values for the entire study area for 
further analysis. The value range of the MODIS EVI values 
for Trinidad was − 1 to 1. It was observed that the nega-
tive values of the MODIS EVI (values approaching − 1) cor-
responded to water (coastline, ponds). Whereas, values 
close to zero (− 0.1 to 0.1) generally corresponded to bar-
ren areas of rock or sand that were typical of mining and 
quarry areas. Higher, positive values of the MODIS EVI cor-
responded to shrub and grassland (approximately 0.2–0.4), 
while the highest values corresponded with dense forests 
(values approaching 1). It should be noted that these val-
ues ranges did not exclusively correspond with the land 
cover specified above, given the possibility of inherent 
errors from the original MODIS EVI values.

After the creation of the EVI feature class detailed in 
Sect. 2.2, the maximum and minimum EVI values relating 
to the maximum and minimum vegetation cover from the 
visual analysis of aerial photographs (2014) were selected. 
The C-factor field of the maximum value EVI features 
was then populated with the numerical value 0, and the 
C-factor for the minimum EVI values were populated with 
a numerical value of 1. The C-factor values range from 0 
for well-protected soil/tropical rainforest to 1 for bare soil. 
However, the data was not available to assess the more 
precise value of C inclusive of vegetation type, stage of 
growth, leaf area index and cover percentage. The 2014 
aerial photography was inspected to identify general 
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C-factor values ranging between 0 (very high crop cover 
protecting the topsoil against soil erosion) and 1 (no effect 
of the crop cover and high soil loss that is comparable to 
that of bare soil) [8, 28] (Table 1).

The EVI layer was overlaid on aerial photography (2014) 
for Trinidad. The study did not use aerial photography for 
each year under investigation as the data was not available 
at the necessary resolution to identify crop cover or veg-
etative development. A random selection from minimum 
EVI values (< 0.3) and maximum (> 0.6) was performed 
on the data based on land use/cover classes (Table 1). A 
visual check on the aerial photography was made after the 
random selection to ensure the values represented land 
use/cover classes accordingly. The maximum EVI values 
were selected and then verified using aerial photography 
within the densely forested Northern and Central Moun-
tain Range, the corresponding C value was set to 0. The 
minimum EVI was identified then verified using satellite 
imagery scars from mining sites to represent bare soil, and 
the corresponding C value was set to 1. Note, negative 
values represented water, and after visual inspection val-
ues < 0.2 represented the coastline and urban areas. Bare 
soil from mining scars and dense urban areas intersected 
with values > 0.2.

The study assumes that there exists a linear correlation 
between EVI and the C-factor and uses bare soil and dense 
forest EVI values as reference values. Ordinary Least Square 
Regression analysis tool was run in ArcGIS on each year 
of the 2010–2019 EVI dataset, with known values of EVI 
and imputed values for the C-factor (0–1) to establish a 
statistical relationship. Output OLS report file detailed the 
results of the model variables and coefficients to develop 
the annual predictive equations. The line obtained after 
the analysis was the regression line that described the rela-
tionship between C-factor and EVI values and R showed 
the correlation coefficient of regression analysis. The 
regression equations were then used to Field Calculate 
the values for all of the C-factor.

Calculated C-factor values were further analysed to 
predict and assess spatio-temporal trends of cover man-
agement/vegetation cover. The ArcGIS Space Time Pattern 
Mining toolbox was utilised to identify trends in the clus-
tering of point densities and their corresponding C-factor 
values. Subsequently, the Emerging Hot Spot Analysis tool 
then identified statistically significant hot and cold spot 
trends of cover management over 1 year, from January 
2010 to December 2019. Each point feature was time-
stamped using the input MODIS EVI data to further analyse 
the spatiotemporal patterns at locations throughout the 
study area. The result of the Create Space Time Cube By 
Aggregating Points tool had the option of selecting a fish-
net or hexagon to create the grid cube, both had the same 
data points, but the hexagon was chosen for aesthetics. 

The C-factor values for each bin of the cube statistics were 
calculated, and the trend for bin values across time at each 
location was measured using the Mann–Kendall statistic.

The hotspot analysis was done to analyse cover man-
agement throughout the island and located new, intensi-
fying, persistent, or sporadic hot spot patterns at different 
time-step intervals. Hot and cold spot categories for the 
analysis and as a descriptive guide to decision-makers 
included: (1) new; (2) consecutive; (3) intensifying and 
becoming hotter over time; (4) persistent with no trend 
up or down; (5) diminishing and becoming less hot over 
time; (6) sporadic; and (7) oscillating hot and cold spots.

3  Results and discussion

3.1  C‑factor predictive equation

The OLS regression provided a model of the C-factor and 
was based on the EVI values.

Five statistical checks were conducted on the data; (1) 
probability indicated the coefficient was statistically sig-
nificant, P < 0.01; (2) the model was expected to have a 
negative relationship, therefore as the C-factor increased 
the corresponding EVI also decreased, EVI had a negative 
coefficient each year (Table 2); (3) the Jarque–Bera Statistic 
was not statistically significant, P > 0.01; therefore model 
predictions were not biased. The residuals were normally 
distributed and not statistically significant, P > 0.01; (4) 
there was a strong Adjusted  r2 which explained > 88% of 
the model each year, > 0.88 (Table 2); and (5) the model 
was not biased as the under and over predictions were 
normally distributed. The EVI was a significant predictor of 
C-factor (P < 0.0001) and significant regression equations 
were found for each year of analysis, where:

(2)2010 C Factor = 1.21 + (−1.89) ∗ EVI

(3)2011 C Factor = 1.24 + (−1.89) ∗ EVI

(4)2012 C Factor = 1.25 + (−1.85) ∗ EVI

(5)2013 C Factor = 1.24 + (−1.85) ∗ EVI

(6)2014 C Factor = 1.24 + (−1.88) ∗ EVI

(7)2015 C Factor = 1.24 + (−1.91) ∗ EVI

(8)2016 C Factor = 1.22 + (−1.84) ∗ EVI

(9)2017 C Factor = 1.23 + (−1.87) ∗ EVI
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The Eqs. (2)–(11) were based on the MODIS EVI values 
generated every 16 days (independent variable) and con-
sidered dynamic equations used to determine the C-factor 
(dependent variable). The dynamic predictive equations 
produced values within the standard C-factor range 1 to 
− 1. However, applying the single static predictive equa-
tion generated from a specific time period, such as Eq. (11) 
for the year 2019, to datasets from other periods produced 
a much lower value, not within the standard C-factor range 
(Fig. 3). A vital result of the current research was the differ-
ence in C-factor values when a static predictive equation 
was utilised on the study area versus dynamic predictive 
equations (Fig. 2).

The values of the dependent and independent variables 
should be time and space sensitive to give a more accu-
rate mathematical model of the dynamic C-factor. The goal 
of the regression analysis was to estimate the unknown 
values of the dependent variable (C-factor) based on the 
known values of the independent variable (EVI) using 
predictive equations. Patil and Sharma have also demon-
strated the positive results of constructing a linear equa-
tion using correlation analysis between NDVI values and 
corresponding C factor values obtained from guide tables 
[15]. The authors established that remotely sensed data 
and GIS techniques offered an optimal method to estimate 
the C-factor values of land cover classes of large areas.

In the current study we utilised the time and space sen-
sitive MODIS EVI values for the study area as a dynamic 
independent variable. However, due to lack of available 
datasets on the study area, the land use/cover classes 
utilised in the OLS regression model were classified using 

(10)2018 C Factor = 1.24 + (−1.84) ∗ EVI

(11)2019 C Factor = 1.16 + (−2.06) ∗ EVI

existing literature and identified from 2014 aerial pho-
tography. The dependent C-factor variable derived from 
land use/cover classes were therefore regarded as a static 
dependent variable. Despite this limitation, it is important 
to note that similar tropical studies, such as Almagro et al. 
[10] have shown acceptable results using a static value of 
the C-factor from past literature, without considering the 
dynamics of the land use components. There is a lack of 
the literature and field experiment C-factor data for many 
parts of the world, the mixed approach using freely avail-
able remotely sensed data and existing literature review 
have proven a viable alternative to minimise the level of 
uncertainty [3, 10, 15].

3.2  C‑factor spatio‑temporal trend analysis 
for 10 years

The spatiotemporal analysis was conducted using 
the generated C-factor values from January 2010 to 
December 2019, 10 years of space–time trends. C-fac-
tor values were aggregated into space–time cubes of 
250 m × 250 m × 6 months. The space–time cube aggre-
gated 15,140,495 points into 167,205 hexagon grid loca-
tions over 20-time step intervals (Figs. 4 and 5). Each of 
the time step intervals was six months in duration, so 
the entire period covered by the space–time cube is 
120 months/10 years. There was no statistically significant 
(P-value > 0.05) increase or decrease in C-factor trend over 
10 year period (2010–2019, P-value = 0.92); a 5 year period 
(2015–2019, P-value = 0.59); or a 3 year period (2017–2019, 
P-value = 0.31). No statistical significance in the 10-year 
trend could have been attributed to the size of the island-
wide study area and a large percentage of forest reserves 
totaling 1395 km2, 27% of the islands 5133 km2. A differ-
ence in trend may have shown a statistically significant 
increase or decrease over a smaller study area such as a 
watershed or agricultural district. A study conducted in 
Palmares-Ribeirão do Saco watershed, Brazil from 1986 
to 2007 also used remotely sensed imagery (Landsat 8) 
and estimated C-factor average values of 0.084 and 0.228, 
respectively. The current island-wide Trinidad study and 
this watershed-level Brazil study both recorded high levels 
of vegetation cover. However, the C-factor results obtained 
at the watershed-level displayed substantial greater vari-
ability in coverage indices, possibly a result of the smaller 
study area [17].

A summary of the C-factor values in the current study 
for the earliest time-series (2010), was an average value of 
0.10, and latest time-series (2019) averaged 0.27, showing 
an average decline in vegetation cover (Fig. 6). However, 
there was a slight increase in the mean C-factor from 2013 
to 2014, followed by a decrease from 2015 to 2017 and 
increased again from 2018 to 2019. The largest C-factor 

Fig. 3  Variation in C-factor values from 2010 to 2019 considering 
the application of a a dynamic predictive equations for each of the 
10 years or b a single static predictive equation for all 10 years
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increase was from 0.09 in 2017 to 0.15 in 2019, indicat-
ing a decrease in natural vegetation cover for the island. 
The implementation of government policy on protected 
areas aimed at preventing biodiversity loss in 2011 in the 

study area [30], and may have contributed to the figures 
remaining constant from 2010 to 2012. This was, however, 
short-lived as there was a decrease in vegetation cover 
2 years later from 2013 to 2014, highlighting the need for 

Fig. 4  Space time cube analysis detailing a mixed agricultural and 
sub-urban area in Princess Town, Trinidad a 2 dimensional view of 
space time analysis 2010–2019 on sub-urban area; b Trinidad study 
area highlighting sample sub-urban location; and c 3 dimensional 

view of space time cube displaying the C-factor values over time on 
a cube over a mixed agricultural plot in the sub-urban area using 
aerial photography (2014)
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further assessment of other contributing factors such as 
rainfall patterns.

Seasonal fluctuations were also clearly indicated in the 
C-factor value trend in each year and conformed to the 
two opposing seasons, with a decline in vegetation cover 
from the January to May dry season. It has been shown 
that soil moisture provides the transpirable pool of water 
for plants and thus, a critical controlling factor in determin-
ing the structure and density of vegetation in ecosystems 
[31]. Hence, during the dry season with low soil moisture, 
there is a decline in vegetation cover, and the reverse hap-
pens in the wet season with high soil moisture. Therefore, 
the C-factor values increased in the dry season, up to 0.4 at 
the end of the dry season (May) in 2019, indicating scarcer 
vegetation cover as there was a decline in rainfall (57 mm) 
in the same month. Whereas a decrease in the C-factor 
values, as low as 0 at the end of the wet season in Decem-
ber 2019, indicating increased vegetation cover with an 

increase in rainfall (165 mm) for the same month. The 2019 
C-factor values clearly showed minimum vegetation cover-
age for April to May (0.35, 0.34 C-factor) towards the end 
of the wet season and a sharp increase in vegetation cover 
by the second month of the wet season, July (0.02 C-factor) 
(Fig. 7). The average monthly temperature did not vary as 
much over the year, ranging from 26 to 29 °C. However, 
this was expected as Trinidad’s daily minimum, and maxi-
mum temperature cycle is more pronounced than its sea-
sonal cycle [23].

3.3  Emerging hot and cold spot assessment

The emerging hot spot analysis was run with a neighbor-
hood distance of 500  m and neighborhood time step 
intervals of 15, spanning 90 months (maximum ArcGIS 
time step). The emerging hot spot analysis utilised the 
Getis-Ord Gi statistic. It provided a deeper understanding 

Fig. 5  Emerging Hotspot Analysis (90 months) using ArcGIS Space Time Pattern Mining
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Fig. 6  EVI and C-factor results in the earliest (2010) and latest (2019) time period of the study a average monthly MODIS EVI values for 2010; 
b average monthly MODIS EVI values for 2019; c average monthly C-factor values for 2010; and d average monthly C-factor values for 2019
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of patterns and trends of the C-factor results, identifying 
hot and cold spots based on space and time (Fig. 5). Har-
ris et al. reported that using spatial statistics such as the 
Emerging Hotspot Analysis tool, helped to isolate the most 
significant clusters of loss occurring over the dynamic for-
est landscapes and help focus conservation efforts [32].

In the current study, intensifying hot spots (27%) were 
concentrated in the urban areas along the north–south 
corridor of Trinidad indicating an increase in the C-factor 
over the nine months; thus a reduction in vegetation 
cover. The C-factor value was hot and has become hotter 
as these urban areas continue to expand and encroach-
ing on neighboring vegetation. Intensifying hotspots are 
locations that have been statistically significant at least 
90% of the time over the 90 months. New hot spots and a 
significant cluster of forest loss appearing in the state of 
Roraima in Brazil where new settlements were expanding 
from an existing road network have been reported [32].

Locations in central Trinidad were also of particular inter-
est as they were categorised as persistent hotspots (2%). 
These places have been consistently hot, with no significant 
trend going up or down (Table 3). These areas of intensifying 

and consistent hotspots areas of Trinidad were also focused 
points and areas of concern due to the trend in reduction of 
vegetation cover and thus increases vulnerability soil ero-
sion. These areas require further investigation to reveal the 
root cause of diminishing vegetation cover. This emergence 
of hot spots leads to new questions about what has changed 
or is changing in Trinidad that has triggered a decrease in 
vegetation cover.

Although the C-factor hotspots should be treated as 
priority by soil practitioners and conservationists, the high 
percentage of cold spots 63% throughout the island over the 
past 9 months was also of interest. As is common in many 
other island states, Trinidad has a large area reserved for for-
ests, almost 30% of the island which may have contributed 
to the higher percentage of cold spots. Similarly, 30% of the 
area was identified as having intensifying cold spots, mean-
ing at least 90% of those time step intervals were cold, and 
becoming colder over time. On the other hand, hotspots 
amounted to 37% of the study area with the majority being 
intensifying hotspots (27%) and a smaller percentage of per-
sistent hotspots (2%). These intensifying cold spots indicate 
areas where conservationists may learn to find mitigation 
techniques.

In contrast, areas of intensifying and persistent hotspots 
can be flagged for higher erosion risk and focus on soil 
conservation strategies. Further investigation was recom-
mended to uncover the contributing factors that will also 
help guide decision making and mitigate areas of high ero-
sion risk. Overall the findings prove useful to highlight areas 
of concern and places where past mitigation strategies may 
have been effective.

Fig. 7  C-factor, rainfall and 
temperature [22] values for 
2019 highlighting wet and dry 
seasonal fluctuations

Table 3  Hot and cold spot analysis for C-Factor

Category Hot Cold

Count Percentage (%) Count Percentage (%)

New 20 0.03 23 0.03
Consecutive 68 0.09 623 0.79
Intensifying 20,801 26.54 21,108 26.93
Persistent 1792 2.29 321 0.41
Diminishing 302 0.39 0 0
Sporadic 5567 7.10 9579 12.22
Oscillating 157 0.20 18,010 22.98
Total 28,707 36.63 49,664 63.37
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4  Conclusion

There was no statistically significant increase in C-fac-
tor values over the 10 years (2010–2019). The C-factor 
fluctuated over the 10 years with a slight increase in the 
final year (2019). The MODIS EVI data product provided a 
relatively accurate dataset, although, a higher resolution 
would have enhanced the results even further. When the 
static predictive equation for 2019 was applied to each 
year, the results were skewed in favour of 2019. Hence, 
the dynamic predictive equation was calculated for each 
year to provide more accurate results and in keeping 
with the spatio-temporal analysis. The space–time anal-
ysis ArcGIS tool also offered some insight on areas that 
had intensifying or diminishing hotspots trends which 
would be of concern to soil conservationists and other 
soil practitioners to identify the root cause and possibly 
implement mitigation strategies. Cold spot areas were 
also an indication of decreased C-factor values and on 
the further investigation, can guide soil practitioners 
into what procedures, if any were implemented in these 
areas to maintain low C-factor values.

Remotely sensed data has, therefore shown the 
potential for use in SIDS that are data-poor. Past research 
on C-factor in tropical SIDS was limited, and there were 
no past C-factor variables to compare the strength of this 
current model for the study area. However, this study 
provided baseline data and methodology for the assess-
ment of the cover/crop management values of a tropical 
SIDS. The C-factor was a crucial element in the overarch-
ing erosion study that further contributes to the updated 

and novel soil loss model for tropical SIDS, integrated 
with spatial technologies.

Assessing the C-factor gives us an accurate picture 
of the natural vegetation cover of the island, it can also 
relate to the actual impact and trend of land use/cover 
and management factors on vegetation cover, and by 
extension, soil loss. This study has proven that space and 
time were crucial elements that should be included in 
C-factor assessment and trend analysis vegetation cover 
is a dynamic element. It follows then that integrating 
spatial technologies with traditional soil loss models pro-
vided further insight into vegetation analysis.
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Appendix 1

Author/Article Imagery source Vegetation Index Equation Location Soil loss model

[10] Landsat 8 OLI surface 
reflectance imagery

NDVI CrA = 0.1(−NDVI + 1∕2)

CVK = exp
(

−�
NDVI

(�−ndvi)

)
Tropical regions- Brazil, 

India, China
RUSLE

[15] IRS P6
LISS III

NDVI C = 1.02 − 1.21 × NDVI Shakker river water-
shed, India

USLE

[17] Thematic Mapper (TM) 
Landsat 5 imagery

NDVI CVK = e
(

−�
NDVI

(�−NDVI)

)

Cr =
(

−NDVI+1

2

)

Brazil RUSLE

[33] Landsat 8 NDVI C = exp
(

−�
NDVI

(�−ndvi)

)

Imo State Nigeria RUSLE

[34] Landsat 5 TM NDVI C = 1.02 − 1.21 × NDVI Buyukcekmece water-
shed, Istanbul

USLE and RUSLE

[35]
[36]

SPOT NDVI C = ((1 − NDVI)|2)

C = [((1 − NDVI)|2)]1+NDVI
Taiwan USLE

[37] NOAA AVHRR imagery NDVI C = exp
(

−�
NDVI

(�−ndvi)

)

Europe RUSLE and USLE

[38] LANDSAT Thematic Map-
per (TM)

NDVI C = exp
(

−�
NDVI

(�−ndvi)

)

Italy USLE
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