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Abstract: Coral reefs are critical ecosystems globally for marine fauna, biodiver-
sity and through the services they provide to humanity. However, they are sig-
nificantly threatened by anthropogenic stressors, such as climate change. By com-
bining 9 environmental variables and ecological and health-based thresholds ob-
tained from the available literature, we develop, using fuzzy logic (discontinuous 
functions), a Coral Reef Stress Exposure Index (CRSEI) for remotely monitoring 
coral reef exposure to environmental stressors. Our approach capitalises on the 
abundance of readily available satellite Earth Observation (EO) data available in 
the Google Earth Engine (GEE) cloud-based geospatial processing platform. 
CRSEI values from 3157 distinct reefs were generated and mapped across 12 im-
portant coral reef ecosystem regions. Quantitative analyses indicated that the in-
dex detected significant temporal differences in stress and was, therefore, able to 
capture historic change at a global scale. We also applied the CRSEI to three case-
study reef ecosystems, previously well-monitored for stress and disturbance us-
ing other methods. PCA analysis indicated that depth, current, sea surface tem-
perature (SST) and SST anomaly accounted for the greatest contribution to the 
variance in stress in these three regions. The CRSEI corroborated temporal and 
spatial differences in stress exposure from known disturbances within these ref-
erence regions, in addition to identifying the potential drivers of inter- and intra-
region differences in stress, namely depth, degree heating weeks and SST anom-
aly. We discuss how the index can be further improved in future with site-specific 
thresholds for each stress variable, and the incorporation of additional variables 
not currently available in GEE. This index provides an open access tool, built 
around a free and powerful processing platform, that has broad potential to assist 
in the regular monitoring of our increasingly imperilled coral reef ecosystems, 
and, in particular, those that are remote or inaccessible. 
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1. Introduction 
Coral reefs are important ecosystems for a wide range of marine 

fauna and biodiversity [1-3], as well as providing numerous ecosystem 
services, such as protecting coastlines from storm surges, raw materials 
for medicines, seafood products and tourism [4-6]. However, they are 
facing unprecedented pressures from an increasing diversity, frequency, 
and scale of threats [7-10]. Over the past 20 years there has been a signif-
icant increase in disease, tropical cyclones and bleaching events in coral 
reef ecosystems [11-14], resulting in a significant decline in coral cover 
across the world’s reef systems [15-17]. Monitoring is a fundamental 
part of ecosystem conservation and management [18]. As such, regular 
assessment of stressors and monitoring declines, in both space and time, 
has become increasingly important for coral reefs [19]. This is due to the 
challenges of preserving conservation goals while maintaining their im-
portance as a resource for human populations in the face of growing im-
pacts from climate change [20]. In addition, their value and vulnerability 
make coral reefs appropriate sentinels for global climate change [21]. 
Thus, monitoring reef ecosystems is also important for assessing how 
the marine environment is responding to anthropogenic induced 
changes, such as ocean warming, coastal construction, and pollution. To 
facilitate this endeavour, in recent years there has been an increased em-
phasis on the use of satellite remote sensing to monitor coral reef ecosys-
tems, as satellites can provide greater coverage and take less time than 
traditional field surveys, and with ever increasing accuracy [19,22]. 

Loss of coral cover from disease or bleaching can be triggered by 
multiple different stressors which may directly impact coral reef health 
or influence how reef ecosystems are affected by, or recover from, other 
disturbances [23-25]. The impact of sea surface temperature (SST) on 
coral reef populations is well established [26-28], as is the influence of 
depth [29,30]. However, the impact of other variables, such as salinity 
and current, and the role they play in determining localised reef stress, 
are less well understood and may vary depending on the site, species 
composition and population size of a coral reef [29,31,32]. Although cer-
tain variables may be significant stressors to coral reefs on their own, 
many are compounded or amplified, in synthesis with others [25,33,34]. 
However, few studies have investigated how multiple variables can 
combine to impact stress on coral reef ecosystems. A more holistic ap-
proach to coral reef stress assessment is important to identify not only 
those reefs that are most under threat, but also those that are limited in 
their ability to recover from disturbance events.  

As stressors in ecosystem health may be multifactorial [35-38], indi-
ces are frequently used to aggregate a suite of variables known to have 
either a positive or negative influence on health [39-41]. These indices 
can give a robust indication of environmental status and have been used 
to assess several different ecosystem types, such as coastal [41,42], river-
ine [39,40] and oceanic [20,43] habitats. Incorporating a range of indica-
tors into monitoring programmes can also help identify the specific vari-
ables that are causing impacts, be it at local, regional or global scales 
[39]. The diagnostic capabilities of such scoring systems can then be 
used to guide management programs for damaged ecosystems [39,41]. 
For an index to be a useful tool for environmental management how-
ever, it should be quantifiable and reproducible. In addition, to make 
the index more accessible and useful as a tool for conservation organisa-
tions and non-governmental organisations (NGOs), which may not have 
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the funds for regular surveys or expensive monitoring programs, the 
index should be developed from free and open-source data where possi-
ble.  

Satellite remote sensing has become an important tool for marine 
science in the past 30 years and is increasingly playing a role in conser-
vation and management of marine fauna, for example defining Marine 
Protected Areas and monitoring change of important habitats, such as 
mangroves, coastal zones, and coral reefs [44-47]. As such there are now 
several studies that utilise remotely sensed environmental data to assess 
the health and stress on coral reef ecosystems. For example, U.S. Na-
tional Oceanic and Atmospheric Administration’s (NOAA) Coral Reef 
Watch (https://coralreefwatch.noaa.gov/satellite/index.php) uses satel-
lite remotely sensed data such as SST and Degree Heating Weeks 
(DHW) to monitor coral bleaching events [48,49]. However, most of 
these studies primarily utilise just one or two environmental variables, 
and primarily focus on thermal stress [19]. Some studies however, have 
started to integrate multiple environmental variables into their analyses 
[e.g., Maina et al. [50]] but often don’t allow investigations over time. In 
addition, they may use products that are not free or open or develop 
their own products as part of their analyses, which may be out of the 
budgets and technical expertise of some coral reef ecologists or NGOs 
looking to use satellite remote sensing to monitor coral reef ecosystems.  

Launched in 2010, Google Earth Engine (GEE) is a cloud-based geo-
processing platform, which enables access to a wide variety of satellite 
remote sensing data sets for analysis either within GEE or to download 
and analyse externally with other software [51]. Here, we use GEE to 
obtain environmental variables known to impact stress on coral reef eco-
systems and map coral exposure to these environmental stressors, 
building on the approach of Maina et al. [50]. Our aims were to 1) assess 
the ability of GEE to access and integrate multiple different environmen-
tal variables known to have an impact of coral reef stress; 2) develop a 
user friendly, free and open, spatially and temporally-explicit, coral reef 
stress exposure index using GEE, which can be used to assign stress 
scores for use in research, conservation and management at a global 
scale; and 3) investigate the utility of this index in three well docu-
mented regions known to have been impacted by high stress events 
over the past twenty years, that represent a range of environmental con-
ditions and where information on bleaching events were available; the 
Chagos Archipelago; the central Saudi Arabian Red Sea; and the Gilbert 
Islands of the Republic of Kiribati. 

2. Materials and Methods 
This section describes the development of the Coral Reef Stress Ex-

posure Index (CRSEI), which was written in the GEE JavaScript API 
(https://github.com/mjw-marine/Coral-Reef-Stress-Exposure-Index).  

2.1 Variable selection and threshold definition 
To inform variable selection for the CRSEI, a review of the litera-

ture was undertaken using the terms ‘coral’, ‘health’, ‘stress’, and ‘envi-
ronment’ in Google Scholar (https://scholar.google.co.uk/). Variables 
were chosen if they 1) had previously shown to have an effect, positive 
or negative, on coral reef stress, 2) had defined ecological health-based 
thresholds, that allow for discrimination between healthy and unhealthy 
reefs, and 3) were available as products in GEE. Thresholds are defined 
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as limiting values of an environmental variable, which, if exceeded, can 
cause stress and health deterioration for coral reef ecosystems. Specific 
thresholds were extracted during the literature review to parametrise 
the inputs for the CRSEI. The variables selected and thresholds identi-
fied, including references, can be found in Table 1. Wherever possible, 
globally applicable thresholds were identified from the literature, but 
where these could not be found, thresholds based on regional studies 
were used and assumed to be applicable at a global scale.  

2.2 Remote sensing data 
This study used satellite remote sensing data available within GEE. 

Products from a priori selected variables (Table 2) were chosen because 
they were available in GEE, at appropriate spatial and temporal resolu-
tions and had global coverage (Table 2). If two or more products were 
available for the same variable, the product with the greatest spatial res-
olution was chosen. 

Only one bathymetry product, ETOPO1, was available in GEE, 
which, with a spatial resolution of 1 arc-minute, was deemed too coarse 
for this study. Instead we utilised the method developed by Li et al. [52] 
for automatic global shallow water depth mapping, which utilises Senti-
nel-2 reflectance data to obtain shallow water bathymetry at a resolution 
of 10 m in GEE. We used Sentinel- 2 data from 1st January 2019 to 31st 
December 2020 to generate a fixed depth map, as in Li et al. [52], since 
depth changes over very long time scales. To speed up processing in 
GEE this data was downloaded as a product to be called on in GEE and 
has been included as public asset in GEE (https://code.earthen-
gine.google.com/?asset=users/mjw1280/Automated_Shallow_Water_Ba-
thymetry_Mapping) and included in github for free and open use 
(https://github.com/mjw-marine/Coral-Reef-Stress-Exposure-Index). 

Data values for SST and wind were obtained directly from the GEE 
product and used to calculate the CRSEI. However, some variables re-
quired pre-processing prior to analysis. Ocean current data obtained 
from HYCOM Sea Water Velocity in GEE are available in both eastward 
and northward directions and at multiple depths. To avoid wind driven 
surface processes, current values at 10 m depth were chosen for this 
study. Overall current speed was calculated using the formula: overall 
current = √northward2 + eastward2. For this study, information on direc-
tion was discarded and only current speed was used. 
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Table 1. Variables used for the assessment of coral reef stress. Variables were grouped by stressors (primary drivers of coral reef 
stress) and reducers (those that mitigate the primary effects of stressors) informed by data from Maina et al. [50]. Upper and 
lower thresholds obtained from the literature are provided with variable units and threshold references. Variables were given 
values of 0 and 1 for lower and upper thresholds respectively. Reliability factor was informed from data from West and Salm 
[32], and is an indicator of how reliably this variable impacts coral stress at a global scale. Scale indicates whether the threshold 
is seen at a regional or global scale. 

 
Stress variable Unit Stress category Lower threshold Upper threshold Reliability factor Scale Reference 
cloud cover oktas Reducer 3.0 7.0 low Regional [30] 
current m/s1 Reducer 0.13 0.15 high Regional [53] 
depth m1 Stressor <10 >20 high Regional [29,54] 
DHW weeks Stressor 4.0 8.0 high Regional [55] 
salinity ppt Stressor 32.0 – 38.0 < 26.0 or > 45.0 low Regional [56] 
SST °C Stressor 21.0 – 27.0 >30.0 or <18.0 high Global [27,50] 
SST anomaly °C Stressor 1.0 2.0 high Global [49] 
SST variability °C Reducer 4.0 10.0 high Regional [53] 
wind m/s1 Stressor 8.0 – 28.0 < 5.0 or > 33.0 low Regional [13,53] 
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Table 2. Variables used for the assessment of coral reef stress, including source and temporal and spatial resolution. All infor-
mation on variable products can be found in the Earth Engine Data Catalogue (https://developers.google.com/earth-engine/da-
tasets/). 

 

Variable(s) Temporal 
resolution 
(hour) 

Spatial 
resolution 
(km) 

Start year End year Data source (https://developers.google.com/earth-
engine/datasets/catalog/) 

cloud cover 3 11 1978 present NOAA Climate Data Record (CDR) of Cloud Properties 
from AVHRR Pathfinder Atmospheres - Extended 
(PATMOS-x), Version 5.35.3 [57] 

current, salinity 24 9 1992 present HYCOM: Hybrid Coordinate Ocean Model, Water Velocity 
[58] 

depth NA 0.1 2017 present Sentinel-2 MSI: MultiSpectral Instrument, Level-2A [52] 
DHW 24 0.5 2002 present Ocean Color SMI: Standard Mapped Image MODIS Aqua 

Data [59] 
SST, DHW, SST anomaly, SST 
variability 

24 0.5 2002 present Ocean Color SMI: Standard Mapped Image MODIS Aqua 
Data [59] 

wind 24 27 1988 present NOAA Ocean Surface Bundle (OSB) Climate Data Record 
(CDR) of Near-surface Atmospheric Properties, Version 2 
[60]  
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MODIS Aqua SST data was used to obtain SST anomaly, SST degree heating weeks 
(DHW), and SST variability. For SST anomaly, the monthly mean of ten years (2002-
2012) of SST values for the region was calculated and subtracted from the SST value for 
each pixel for the corresponding month in the collection to obtain SST anomaly, follow-
ing the method by Eakin et al., [49] (e.g., if the SST value of a pixel was from January, the 
mean SST value from January was subtracted from that pixel). DHW was calculated fol-
lowing the method of Eakin et al. [49]. The SST anomaly was averaged for each 7-day 
time frame to create a weekly mean for 12, 7-day periods prior to the final date of the 
period of interest. The number of weeks where the weekly mean was 1°C above the ten-
year mean was counted to give DHW for each region of interest. For SST variability, the 
minimum SST value was subtracted from the maximum SST value for each pixel from 
the collection for each reef region in the time series. 

2.3 Data accuracy and uncertainty 
The reliability of this index depends on the accuracy of the input datasets [61]. 

Where available, the accuracy metric of the variables used for the CRSEI can be found in 
Supplementary Table S1. Satellite remote sensing data and ocean model data are now 
regularly available at resolutions of less than 10km [62]. Due to the relative sparseness of 
global in situ data, the ocean dynamics of some variables are not adequately observed at 
these fine scales, and, as such, error estimates for marine variables are not always availa-
ble at a global scale, which is a common challenge for operational oceanography [62]. In 
these cases, regional accuracy values, from site specific studies, have been included. 

2.4 Variable categorisation and selection 
Following the method proposed by Maina et al. [50], variables were assigned into 

two categories; stressors and reducers, using data from West and Salm [32] and Maina et 
al. [50] (Table 1). Stressors were considered the primary negative drivers of coral reef 
stress. Reducers can play an important role in coral reef resilience [63,64]. Reducers miti-
gate the primary effects of stressors, and as such, have a positive impact on coral reef 
ecosystems. All a priori selected variables were included in the score and variables were 
weighted according to reliability (Table 1), where reliability was defined as whether a 
variable is considered predictable and persistent in their impacts on coral reef stress, 
taken from West and Salm [32]. Although not featured in West and Salm [32], salinity 
was also deemed low reliability, due to the variability in impact and salinity tolerance in 
many species [65-67]. Those variables that had low reliability were weighted 50% less 
than high reliability factors.  

2.5 Coral Reef Stress Exposure Index 
Stress exposure scores (SE) were calculated for each variable (with weightings), and 

the mean of these calculated to form the CRSEI. A time period of one month was se-
lected to aggregate the SE score for each variable, except for DHW where 12 weeks were 
used to match the calculation period from NOAA coral reef watch [49]. The threshold 
values obtained from the literature were used to assign a value to each variable between 
0 and 1 using discontinuous functions (fuzzy logic). For both stressor and reducer varia-
bles, values below the lower threshold are assigned a score of 0 and values above the 
upper threshold are assigned a score of 1 (Figure 1, Table 1). Values between the thresh-
olds were assigned a score defined by a linear function of the form y=mx+c, where m is 
the gradient and c is the intercept. For example, given a variable with the lower thresh-
old (0) of 30 and upper threshold (1) of 40, the linear function y= 1/10x -3, where m = (1-
0)/(40-30) and c= -1/10 x 30 , would be applied to all values between the two thresholds 
(Figure 1). 
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Figure 1. Discontinuous functions, including thresholds for 0 and 1 values, for defining 
stress exposure scores for each variable stressor and reducer variable.  

 
Following the weighting of each variable, a SE score for each variable was calcu-

lated and exported from GEE. The CRSEI was calculated in R [68] using the following 
formula:  

𝑪𝑹𝑺𝑬𝑰 =
𝜮(𝑺𝒕𝒓𝒆𝒔𝒔𝒐𝒓 −  𝜮(𝑹𝒆𝒅𝒖𝒄𝒆𝒓)

𝑵(𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆𝒔)
 

where (Stressor) is the sum of the SE score of the stressor variables, (Reducer) is 
the sum of the reducer variables and N(Variables) is the total number of variables. The R 
code for calculating the CRSEI from GEE data can be found at https://github.com/mjw-
marine/Coral-Reef-Stress-Exposure-Index. Remote sensing data can be unavailable dur-
ing certain periods (e.g., long periods of cloud cover). Whenever data for a specific varia-
ble was missing for a specific period and site, this variable was omitted from the CRSEI 
score. If two or more variables were missing for the entire study period at a site, this site 
was removed from the analysis. 

The CRSEI is scored between 0 and 1, with 0 being no stress, and 1 equating to the 
maximum amount of stress. Instances where negative CRSEI scores occurred from low 
stress values but high reducer values indicate low stress and are therefore converted to 
0. A methodological process flow of the final score can be found in Figure 2. 
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Figure 2. Methodological process flow for developing the coral stress exposure index 
(CRSEI). Stressors are highlighted in orange, reinforcers green and reducers blue.  

2.6 CRSEI for global reefs 
To assess the utility of the CRSEI at a global scale, CRSEI scores were calculated for 

12 coral reef ecosystem regions as outlined in Maina et al., [50]. We define a reef as a sin-
gle connected reef, a site as a collection of different localised reefs and a region as a col-
lection of sites within the same area. To calculate a CRSEI at each reef, a buffer of 500m 
was created around the latitude and longitude position of each reef, to match the resolu-
tion of many of the products selected, and to avoid overlap of the nearby reefs where 
data was also to be extracted. A SE score (with weightings) was calculated for each vari-
able, and a CRSEI was calculated from the mean of these variable SE scores for each site. 
CRSEIs were calculated for each of the 3157 reefs from the 12 coral reef ecosystem re-
gions and mean CRSEI scores and summary statistics for each ecosystem region were 
calculated. All analyses were conducted using R version 4.0.3 [68]. 

El Niño periods have been shown to cause stress to coral reef ecosystems [69,70]. 
To assess if the CRSEI can detect differences in stress levels within reef ecosystems, 
CRSEI values were calculated for a potential period of low stress, a non-El Niño period 
(April 2012), and potential period of high stress, a strong El Niño period (April 2016). 
Linear mixed effects models were used to assess if CRSEI scores differed between non-El 
Niño and El Niño periods, with CRSEI score included as a response variable, El 
Niño/non-El Niño as a categorical explanatory variable and ‘coral reef ecosystem region’ 
as a random effect, using the ‘lmer’ function in the lme4 package [71]. This analysis was 
not conducted to be used as an indicator for El Niño per se, as an El Nino index is 
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already well established. More it was used to indicate that the CRSEI can identify intra-, 
and inter-, regional differences in stress at a global scale.  

2.7 Case Study 
Due to the often remote locations of coral reef ecosystems, and high costs of sur-

veys, regular widespread in situ data on coral reef stress is not readily available. To as-
sess the ability of CRSEI to assist in obtaining long time-series of stress on coral reefs, 
three study regions were chosen; the Chagos Archipelago; the central Saudi Arabian Red 
Sea; and the Gilbert Islands of the Republic of Kiribati (Figure 3). These three regions 
represent a range of ocean and environmental conditions, they have experienced signifi-
cant bleaching events over the past 20 years and have all been extensively monitored 
and well documented in the literature [see Sheppard et al., [72], Head et al., [24], Carilli 
et al., [73], Donner & Carilli [74], Furby et al., [75] and Monroe et al., [76]].  

Following the El Niño events of 2015/16, coral reefs in the Chagos Archipelago ex-
perienced extensive bleaching and declines in coral cover in the region [24,72]. Coral 
reefs of the Gilbert Islands of the Republic of Kiribati and the central Saudi Arabian Red 
Sea also experienced El Niño linked bleaching and declines in 2004 and 2010 [73,74], and 
2010 and 2015 [75,76], respectively. Overall mean monthly CRSEI scores, which include 
SE scores for each variable, were calculated quarterly (January, April, July, October) 
from 2003-2016 from 34 different sites across the three regions (BIOT =12, Gilbert Islands 
= 11, central Red Sea = 11) (Supplementary Table S2) using the global threshold scores 
obtained from the literature. This period covers six different El Niño events (2002/2003, 
2004/2005, 2006/2007, 2009/2010, 2014/2015, 2015/2016) some of which coincided with 
bleaching events in these regions.  
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Figure 3. Three study regions; a) the central Saudi Arabian Red Sea; b) the Chagos Archi-
pelago; iii) the Gilbert Islands of the Republic of Kiribati used for sampling, with sites 
identified. Scale, north arrow and coordinates are provided. 
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A CRSEI for each site, and SE for each variable per site, was calculated from the 
CRSEI scores from each reef at each site using the method mentioned above. Using these 
SE scores, Principal Component Analysis (PCA) was used to detect spatial differences 
between the different regions based on the 9 identified stress variables using the 
‘prcomp’ function in the stats package in R [68]. Box plots were plotted to investigate 
spatial (regional) and temporal (non-El Niño events, El Niño events, and El Niño events 
coinciding with bleaching events) differences between stress variables within regions. 
Linear regression was used to identify any temporal trends in CRSEI using the ‘lm’ func-
tion in the stats package [68]. 

2.8 Global vs site specific thresholds 
The values at which environmental variables may cause stress to coral reef ecosys-

tems can be very region specific [30,77-79]. For example, upwelling events have been 
shown to provide protection to reefs from bleaching but only in specific regions and 
time periods [80], and in some areas may even exacerbate bleaching in certain regions 
[81]. As such region-specific thresholds could be very important for the accuracy and 
utility of the CRSEI.  

To test if there were differences in CRSEI when using global or location-specific 
thresholds, region-specific thresholds for the Chagos Archipelago, where available, were 
obtained from the literature (Supplementary Table S3), and CRSEI scores visually and 
statistically compared. CRSEI scores were tested for normality using the ‘shapiro_test’ 
function in the stats package. As data were non-normal Wilcoxon signed rank tests were 
used rather than t-tests [82] using the ‘wilcox.test’ function in the in the stats package 
[68]. 

2.9 Google Earth Engine App 
GEE provides a platform for users to publish their own apps (https://www.earthen-

gine.app/), which allows for dynamic interfaces for users, and increases accessibility to 
GEE products for non-expert users [83]. As such, in order to increase the potential and 
use of the CRSEI, a CRSEI app was developed as part of this study. 

3. Results 
Final code for the CRSEI, written in GEE JavaScript API, can be found as GitHub 

repository (https://github.com/mjw-marine/Coral-Reef-Stress-Exposure-Index). In addi-
tion, a CRSEI GEE app can be found at https://mjw1280.users.earthen-
gine.app/view/coral-reef-stress-exposure-index. 

3.1 Global scale variability in coral stress exposure 
Figure 4 shows the spatial distribution of the CRSEI across the 12 coral reef ecosys-

tem regions during El Niño and non-El Niño periods, illustrating the utility of the index 
and the GEE tool for investigating spatial and temporal variability in coral reef exposure 
to environmental stressors. Linear mixed effects models indicated that there was a sig-
nificant difference in CRSEI between an El Niño period (April 2016) and a non-El Niño 
period (April 2012), with non-El Niño periods having significantly lower CRSEI scores 
compared to El Niño periods (estimate = -0.043 p <0.001, Figure 5). However, as Figure 5 
shows, there is considerable regional variation in the impacts of El Niño periods on coral 
stress. Summary statistics of CRSEI scores between the 12 regions can be found in Sup-
plementary Table S4. 
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Figure 4. Global CRSEI maps from a non-El Niño period (April 2012) and a strong El 
Niño period (April 2016) for i) the Caribbean and Eastern Pacific, ii) Indian Ocean and 
Middle East and iii) Southeast Asia, Indonesia and Australasia. The distribution of reefs 
sampled is indicated with coloured circles. Scale, north arrow and coordinates are pro-
vided. Colour scale for the CSREI is also provided Note that Sentinel 2, used in this 
study for obtaining shallow water bathymetry data, does not collect data over open 
oceans. As such, the white spaces seen here are due to the lack of Sentinel-2 data to cal-
culate CRSEI in these areas. 
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Figure 5. Box plots of the distribution of CRSEI scores between non-El Niño periods 
(April 2012), and strong El Niño periods (April 2016) by different coral reef ecosystem 
region. Box plot represents median CRSEI and the interquartile range. Whiskers extend 
from the hinge to the highest and lowest values within 1.5 x the interquartile range. Any 
values outside that are indicated as outliers. 

3.2 Case studies 
Across the three case study regions, data were collected on all 9 variables for 33 of 

the 34 reefs. One site from the Gilbert Islands (TRW008) was not included in the final 
analysis as there was no data available on wind, current, and depth at this site through-
out the study period. Data were not always present for every variable for every quar-
terly time period in each region. Wind data were not included in the PCA as data availa-
bility was highly variable across the Gilbert Islands and central Red Sea regions but 
wind data, where available, did still contribute to the overall CRSEI score. A further five 
sites across the three regions were removed from the PCA analysis as they were not able 
to obtain data on a single variable throughout the study period (Supplementary Table 
S2). However, they still did contribute to the overall CRSEI score. 

 

3.3 Inter-region variance 
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The CRSEI was used to investigate long-term trends for each case study region over 
a 14-year period (2003-2016) (Figure 6). The Chagos Archipelago showed fluctuations in 
CRSEI around a stable value. The CRSEI was able to identify peaks in stress coinciding 
bleaching events in El Niño years for the Chagos Archipelago. There were also peaks for 
the Gilbert Islands during bleaching event years, but also peaks in El Niño years that did 
not coincide with bleaching events. CRSEI for the central Saudi Arabian Red Sea showed 
a regular periodic cycle, with no clear peaks in El Niño years. Results from linear models 
indicate that there was significant change over time in CRSEI, with stress increasing 
gradually in the central Red Sea (estimate = 0.006, F1 = 16.90, p < 0.001), Chagos Archipel-
ago (estimate = 0.009, F1 = 46.13, p < 0.001) and Gilbert Islands (estimate = 0.008, F1 = 
15.24, p = 0.001, Figure 6). 

 

Figure 6. Mean monthly CRSEI scores taken quarterly from all sites (January, April, July 
and October) from the central Saudi Arabian Red Sea, the Chagos Archipelago and the 
Gilbert Islands in the Republic of Kiribati; and from 01/01/2003 – 31/12/2016. Trend line 
in blue with 95% standard error in grey. El Niño events are highlighted by strength; 
strong = red; moderate = orange; and yellow = weak. Asterisks note El Niño years where 
bleaching events occurred during this period. 

The CRSEI was also able to indicate differences in the impact of individual varia-
bles between the three regions. Figure 7 shows the score of each site for the first two 
principal components with SE and the loading of each environmental variable on the 
first two principal components. Scree plots indicate that the first two principal compo-
nents (PC) capture most of the variation of the data (Supplementary Figure S1). Total 
percentage variance accounted for by the first 2 PCs was 81.1%. Depth and current 
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accounted for the greatest contribution of the variance to the first PC. SST variability and 
SST anomaly were the most important contributors to the second PC. Current and cloud 
were all highly correlated in the first PC, and SST, SST anomaly and DHW highly corre-
lated in the second PC. Depth was the most uncorrelated with the other variables. Sites 
within the same region had variable SE scores most similar to each other, but there were 
outliers within the regions (e.g., OS1 and TRW010), indicating that there is also variance 
in how variables may contribute to the CRSEI within a region. The central Red Sea had 
considerably different variable SE scores to the Chagos Archipelago and the Gilbert Is-
lands which were more similar to one another, perhaps due to the remoteness of their 
locations.  

 

 

Figure 7. Biplots of the different samples of reefs and regions from PCA of SE scores for 
environmental variables used in the CRSEI. X and Y axes show normalized principal 
component scores. 

3.4 Intra-region variance 
Temporal intra-region variance in variable SE scores was seen between sites in the 

Chagos Archipelago and the Gilbert Islands, with differences in scores between non-El 
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Niño years and El Niño years with and without a bleaching event (Figure 8). In the Cha-
gos Archipelago, El Niño years in which a bleaching event took place had much higher 
DHW and SST anomaly scores compared to non-El Niño and El Niño years, with no ob-
vious differences in the other variable SE scores. In the Gilbert Islands Non-El Niño 
years had a lower variable SE score for SST, DHW, and SST anomaly, and greater varia-
ble SE for current, with no obvious difference in stress variable distribution between El 
Niño years and El Niño years with a bleaching event. In the central Saudi Arabian Red 
Sea there was a slight increase in the SE score for SST anomaly and SST between El Niño 
years with a bleaching event and El Niño and non- El Niño years, but no obvious differ-
ences in the other variables. 

Figure 9 shows intra-region variation in CRSEI, between non-El Niño and strong El 
Niño years. Intra-region spatial differences in stress have been reported in the Gilbert 
Islands [73,74] and the central Red Sea [75,76], and the CRSEI provided further evidence 
in support of this. Distributions of variable SE scores showed differences between sites 
in both the Gilbert Islands and the central Red Sea (Figure 10). DHW contributed very 
little to the CRSEI at Butaritari in the Gilbert Islands compared to Abaiang and South 
Tarawa. South Tarawa had greater contributions from depth, salinity and current to the 
CRSEI than Abaiang and Butaritari. In the central Red Sea, depth and current played a 
greater contribution to the CRSEI in Offshore than Midshelf and Inshore sites. 

3.5 Global versus region specific thresholds 
Shapiro tests indicated that CRSEI scores for both global and Chagos Archipelago 

regional thresholds were non-normal (p < 0.001 and p < 0.001 respectively). The Wil-
coxon signed rank tests indicated that there was no significant difference between the 
global threshold and Chagos Archipelago regional threshold CRSEI scores (Supplemen-
tary Figure S2).  
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Figure 8. Box plots of the distribution of variable SEI scores between El Niño years, El 
Niño years with bleaching events and non-El Niño years by different region. Reducers 
are represented as negatives in the figure to show that they reduce the stress on coral 
reefs. Note that cloud, salinity and wind are weighted at 50% of the other stressors and 
as such, can only have a max SE score of 0.5 (or -0.5 for cloud which is a reducer). 
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Figure 9. Monthly CRSEI across the Chagos Archipelago between a non- El Niño period 
(April 2012) and a strong El Niño period (April 2016) in i) central Red Sea, ii) Chagos 
Archipelago, and iii) Gilbert Islands. Scale, north arrow, and coordinates are provided. 
Colour scale for the CSREI is also provided. Blank pixels indicate no score was calcu-
lated for that pixel. 
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Figure 10. Box plots of the distribution of variable SE scores between different sites in 
the Gilbert Islands and the central Red Sea. 
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4. Discussion 
The CSREI provides a widely applicable index for monitoring spatial and temporal 

change and long-term trends in stress on coral reefs at global scale. Due to the use of free 
and open data, the CRSEI has the potential to make monitoring coral reefs more accessi-
ble to researchers, conservationists and managers, particularly for remote locations, the 
code for which can be found at https://github.com/mjw-marine/Coral-Reef-Stress-Expo-
sure-Index. The index may provide a benchmark with which to compare, and inform, 
management interventions, as well as highlighting regions that have high risk or low 
resilience to disturbance. Based on a review of the literature, this study identified a 
range of variables that impact coral reef health available from free and open sources, 
including depth, SST, current, wind, and cloud cover. Thresholds to indicate stressed 
and non-stressed reefs at a global scale, and at a regional scale for some variables in the 
Chagos Archipelago, were also determined. The CRSEI scores from 3157 different reefs 
were able to distinguish differences in stress between regions and showed that, as ex-
pected, stress was significantly higher in El Niño periods compared to non-El Niño peri-
ods. Hence, our results illustrate that CRSEI can be used to determine spatial and tem-
poral variation in stress at a global scale. For our three detailed case study regions, PCA 
analysis indicated that depth, current, SST and SST anomaly accounted for the greatest 
contribution to the variance. The CRSEI supported temporal and spatial differences in 
stress exposure from known disturbances within three case study regions, in addition to 
identifying the potential drivers of inter- and intra-region differences in stress, namely 
depth, DHW, and SST anomaly.  

Application of the CRSEI to three case study regions indicated that the CRSEI can 
detect temporal differences in periods of stress on reef ecosystems, such as during El 
Niño events, as well as detecting spatial and temporal differences between different 
reefs within the same region. In addition to forming a single mean score for identifying 
periods of stress, the CRSEI can be broken down into variable-specific SE scores, to in-
vestigate what may be driving a high, or low, CRSEI in a particular region. Size of the 
eigen values of variable SE scores in the PCA indicated there were disparities in the im-
pacts different variables had on sites in the three regions. For example, depth explained 
a large amount of the variance among the three case study regions and was not corre-
lated with the majority of other variables (Figure 7). Sites within the same region tended, 
for the most part, to be clustered, indicating that there is regional variation in how varia-
bles cause stress on coral reef ecosystems. However, there can be variation within each 
region in the impact of different stress variables to the CRSEI (Figure 7, 9, 10). Our re-
sults show that the CRSEI has the potential to investigate both inter-, and intra-, regional 
differences in drivers of coral stress. The CRSEI can, therefore, be used to investigate 
what might be driving short term changes in coral reef ecosystems, as well as investigat-
ing long term drivers of stress, both within and between different regions. Therefore, the 
CRSEI provides an important index that can complement more detailed in situ sampling, 
as it can provide data on coral reef health more frequently and has the ability to discern 
the particular drivers of stress within a given location, rather than just the symptoms of 
stress. 

Many of the current studies using remote sensing to evaluate coral reef stress and 
health, typically focus on one or two environmental variables, usually metrics of SST 
[49]. However, studies that utilise single environmental covariates, such as temperature, 
often perform worse at explaining ecological systems than those that use multiple varia-
bles [84]. The CRSEI captures multiple health stressors simultaneously and considers the 
interplay between variables rather than treating them as independent or as separate enti-
ties, and consequently could prove to be a useful tool for ecosystem management [20]. It 
provides a quantitative value which can be used to set targets and reference points for 
management options, as well as allowing users to either focus on the overall score or 
drill down into the contribution of individual variables. 
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Coral degradation is ultimately caused by a complex of biological and environmen-
tal factors, in which there are currently significant knowledge gaps [38]. As such, our 
index cannot be used to directly quantify the health of coral reefs. Rather, it is a tempo-
rally explicit monitoring tool (i.e., to compare against various time periods from the 
same region) to evaluate relative changes in stress exposure on coral reef ecosystems. 
Most visual cues of stress only become apparent in advanced stages of coral reef stress, 
when coral reef health may already be compromised [85]. This index can be used to reg-
ularly monitor change in coral reef ecosystems, minimising the need for regular surveys 
which can be expensive and logistically challenging particularly in remote locations, as 
well as providing an early warning system that could lead to management intervention 
before severe damage occurs. In addition, by exploring historic datasets the CRSEI may 
allow researchers to determine the key stressors that lead up to large disturbance events. 
The CRSEI could provide valuable information on areas or regions that might most ben-
efit from reef conservation strategies, such as no fishing zones or remote locations. It 
might also provide useful information about the best time for interventions to take place, 
such as coral transplantation, to maximise the chance of success. This index assesses, 
rather than models, current and future stress conditions, and as such, has no predictive 
power [86]. However, it may play a role in the simulation of future outcomes under dif-
ferent climate projection scenarios [86].  

Interestingly, we saw no significant difference between CRSEI values which used 
global, or site specific, thresholds. This indicates that, despite a lack of regional infor-
mation, the global threshold used here could be utilised across multiple different coral 
reefs ecosystems. However, these comparisons were just within a single region. Alt-
hough all a priori selected variables have been found to have an impact on coral stress 
across different reef populations, their exact level of impact is often region specific. As 
such, there are some important uncertainties and assumptions made in developing this 
index, which is true of many indices [87]. For example, the CRSEI for the central Red Sea 
showed no obvious peaks and a more a cyclical pattern. It may be that thresholds for 
this region are greatly different from the global thresholds, and as such, the CRSEI is not 
identifying any obvious periods of stress. In addition, some localised factors, such as 
depth and upwellings, may have polarising effects on the stress on reefs depending on 
the region [80,88]. The CRSEI was designed in such a manner that it can be easily modi-
fied, and the index can be changed by altering threshold values or by adding and re-
moving other known coral stressors. For example, in this study current was designated 
as a reducer, as increased current has been shown to reduce stress and bleaching on 
coral reefs [32,89,90]. However, in some coral reef regions, such as the South China Sea, 
and areas of the Greater Barrier Reef, low currents can exacerbate stress [91,92]. As reefs 
in different regions may have contrary responses to the same variable, regional and site-
specific thresholds should be used wherever possible. This will enable the index to be as 
accurate as possible and be a valuable tool for more focused management and conserva-
tion, However, where no specific variables are known, the use of these global thresholds 
still has merit. 

In our case studies wind values were regularly not available for some sites and 
were removed when calculating undertaking the PCA analysis. One site lacked data on 
three variables and was removed from the analysis. In addition, five sites also lacked 
data on a single variable for the entire study period. There were removed for the PCA 
analysis but were kept for the CRSEI. This indicates that despite the global availability 
certain products and variables may not be available for coral reef ecosystems. This can 
be a particular problem close to coastlines [47,93]. However, only 14.7% (5/34) sites had 
data missing for a single variable throughout the entire study period, and a single site 
had data missing from multiple variables (Supplementary Table S2). This issue does 
have the potential to alter CRSEI values, particularly if those variables are important 
stressors to the reef system. However, as we use multiple different variables to calculate 
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the CRSEI we do not see this as a serious problem and this issue may lessen in the future 
as more products become available on GEE. 

In addition, the Automated Global Shallow Water Bathymetry Mapping method 
[52] has a maximum limitation of 20 m. As it measures the light differences between blue 
and green bands, and no light differences are seen between blue and green light at 20 m 
and above, deep water areas are derived at 20m. As our threshold cut offs were at 20m 
for depth and considering the low spatial resolution of the alternative in GEE, this was 
not considered a problem for this study. However, should stress monitoring using this 
index be attempted in ocean areas which are not shallow, on systems with deeper depth 
thresholds, an alternative depth product would be advised.  

Variable data came from four different products; HYCOM: Water Temperature and 
Salinity; MODIS: Aqua; NOAA CDR; and HYCOM: Water Velocity, which are widely 
used for global scale analysis. Uncertainty values, with the exception of HYCOM: Water 
Velocity, were within the threshold values used for this study and were therefore suffi-
cient to distinguish different levels of stress (Supplementary Table S1). Uncertainty esti-
mates for HYCOM Water Velocity were only available from a study that examined un-
certainty at a single point in time in a highly chaotic area, unrepresentative of many 
coral reef regions. As a result of this, and the fact that the CRSEI uses velocity values that 
are averaged over a month, we would expect uncertainty to be significantly lower than 
reported [94].  

The accuracy for each variable and product may vary depending on region. As 
such, to improve the accuracy of the CRSEI per study region, regional uncertainty data 
could be integrated into the index. The accuracy of products may lead to potential issues 
with the score, particularly if the accuracy/error estimates are particularly large for a 
specific region. However, the effect of using multiple variables, and the fact that CRSEI 
values are developed on a linear, not categorial, scale should minimise this. In addition, 
this index is not meant to be used, as a definitive indicator of stress, but an inference 
method in lieu of more accurate, in situ, stress measurements which can be financially 
and logistically difficult to undertake on a regular basis. Despite these potential limita-
tions, the findings here suggest that the CRSEI is an informative index, in that it shows 
intra- and inter regional differences, and supports previous results of the drivers of these 
differences at our three case study regions. 

To increase the accuracy of the CRSEI further, and to aid the issue of unknown site-
specific thresholds, an information theoretic approach could be utilised to select and 
weight variables correctly for a given region. Multi-model inference has been extensively 
used to investigate drivers of disease ecology and health across multiple systems [95-97]. 
Should appropriate data be available, future research may generate a global model with 
live coral cover (or another stress validation metric) as the response variable, and a priori 
selected environmental stressors to reefs as explanatory variables. Model averaging 
would further improve index accuracy by weighting and selecting the most important 
variables and interactions to be included in the final CRSEI for each reef for each region 
of interest. However, this quantitative method requires extensive time series data of 
coral cover (or other metrics of coral stress), which, due to fiscal and logistical issues, is 
not always available. This approach was considered for this study but sufficient long 
term in situ data to train the model could not be identified. 

Several variables known to have an impact on coral cover (pH, UV, chlorophyll-a 
and turbidity) [98-100], were not included due to a lack of suitable products in GEE. pH 
and UV were not available in GEE, nor were there any appropriate proxies available. In 
addition, current chlorophyll-a and turbidity products, such as POC, in GEE have low 
accuracy in shallow coastal areas [101-103]. There are algorithms for the detection of 
chlorophyll-a and turbidity in shallow waters [104,105], but these were not sensitive 
enough to the levels that influence coral and not specific to coral regions, and, as such, 
accuracy would have been uncertain in the clear and shallow waters typical of coral 
reefs. In addition, integration and testing of these algorithms into Google Earth Engine 
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was outside the scope of this study. In future, further development of these products, 
and their integration into GEE, would improve the accuracy of the CRSEI, and provide a 
better understanding of the stress coral reefs are facing. 

The CRSEI is made up from data from abiotic stressors. Biotic and anthropogenic 
impacts, such as fishing pressure and community composition, have not been inte-
grated. Further development of this index would involve integrating anthropogenic 
stressors into the metric, particularly for those reefs close to coastal communities. There 
are several products available in Google Earth Engine that could be integrated to de-
velop this index further. Global Fishing Watch (https://globalfishingwatch.org/) uses 
ship automatic identification system (AIS) to track global fishing activity, freely availa-
ble for public and research purposes [106,107]. Data on daily fishing and vessel hours is 
available on Google Earth Engine for analysis (https://developers.google.com/earth-en-
gine/datasets/catalog/GFW_GFF_V1_fishing_hours). Remote sensing of night time lights 
has also been shown to be a good proxy for estimating human population [108], and 
night time light data from the Suomi NPP VIIRS sensor [109] is also available from 
Google Earth Engine (https://developers.google.com/earth-engine/datasets/cata-
log/NOAA_VIIRS_DNB_MONTHLY_V1_VCMCFG). Although both fishing activity and 
proximity to human populations have been shown to impact coral reef health [110,111], 
conclusions are not definitive [112]. As such, specific thresholds for fishing effort, dis-
tance from human population, or population density, are not currently available but 
might, in the future, be integrated into the index to provide a better estimate of stress 
exposure on global reef ecosystems.  

Ideally, the CRSEI would be validated against metrics of coral stress, such as 
changes in live coral cover. However, due to financial and logistic costs, long, recurring 
(e.g., monthly) time series data of these metrics is rarely available [19,113]. In addition, 
coral reef response to stress is highly variable [32,114,115], and, even when present, there 
may be significant time lags in response, which may mean responses to altered environ-
mental conditions are not always obvious, particularly with the often infrequent and/or 
irregular survey efforts for monitoring. However, validating the index against a regular 
time series of different in situ metrics of coral reef stress, for example live coral cover 
loss, three-dimensional complexity or recent mortality and algal growth, across different 
regions, would be an interesting next step for the future development of the CRSEI. In 
lieu of this, direct comparisons to other available stress indices, such as SST anomalies 
and trends, such as data from NOAA coral reef watch, could be undertaken in the fu-
ture. 

Established in 2010, Google is a relatively novel platform for providing satellite re-
mote sensing data [51]. However, publications using this platform have gained pace in 
recent years, and it has been used across a range of varied applications [116], indicating 
the increased use and utility of this platform. It does, however, require some knowledge 
of either JavaScript or Python coding languages, as well knowledge of GEEs inbuilt 
functions [117]. The CRSEI has been designed for researchers to be able to adapt the in-
dex and the GEE code to their own applications, for example inputting site-specific 
thresholds for a more locally-specific index. However, the development of the GEE app 
[83] presented here also enables accessible user interface so that interested parties can 
utilise the CRSEI without any prior expertise off GEE or JavaScript. 

 

5. Conclusions 
Satellite remote sensing of the oceans has now developed sufficiently to enable the 

detection of multiple environmental variables with increasing accuracy from free and 
open sources. As such, satellite remote sensing is an important tool for researchers, con-
servationists, and managers. With the continued decline and degradation of the world’s 
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coral reefs, monitoring and management of these valuable ecosystems is vital. Due to 
their value and vulnerability, coral reefs are an important indicator for assessing how 
the marine environment is responding to climate change [21]. GEE is able to provide 
global products for multiple environmental stressors of coral reef populations. Here, we 
aggregated these stressors to calculate a Coral Reef Stress Exposure Index and provide a 
quantitative, transparent, and scalable measure for monitoring stress on coral reef eco-
systems worldwide. We demonstrate the utility of this approach by mapping the CRSEI 
across 3157 reefs globally, as well as investigating the temporal trends in CRSEI from 
coral reef ecosystems at three well-documented sites in the Indian and Pacific oceans 
and the Red Sea. We propose the CRSEI as a versatile index that can provide regular 
global estimates of coral stressors, assisting in situ monitoring and reducing the financial 
and logistical burden, in some instances, of field monitoring techniques. The CRSEI, 
which is freely available through both a user-friendly app (https://mjw1280.users.earth-
engine.app/view/coral-reef-stress-exposure-index) and a GitHub code repository 
(https://github.com/mjw-marine/Coral-Reef-Stress-Exposure-Index). will make monitor-
ing and studying coral reef change more accessible for NGOs, managers, and research-
ers, and thus, is a potentially useful application for investigating threats to reef ecosys-
tems into the future. 

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Table S1: 
Accuracy and uncertainty of environmental variables from GG products used for the CRSEI, Table 
S2: Region, sites and reef names used for calculating Coral Reef Stress Exposure Score (CRSEI)., 
Table S3: Variables used for the assessment of coral reef stress, Table S4: Summary statistics for 
CRSEI scores per region by non-El Niño period (April 2012) and strong El Niño period (April 2016), 
Figure S1: Scree plot of PCA of CRSEI stress variables, Figure S2: Comparison of CRSEI scores using 
global and local thresholds for the Chagos Archipelago. 
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