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Abstract: This study evaluates the World Meteorological Organization’s (WMO) Space-based Weather
and Climate Extremes Monitoring (SWCEM) Demonstration Project precipitation products over Papua
New Guinea (PNG). The products evaluated were based on remotely-sensed precipitation, vegetation
health, soil moisture, and outgoing longwave radiation (OLR) data. The satellite precipitation
estimates of the Climate Prediction Center/National Oceanic and Atmospheric Administration’s
(CPC/NOAA) morphing technique (CMORPH) and Japan Aerospace Exploration Agency’s (JAXA)
Global Satellite Mapping of Precipitation (GSMaP) were assessed on a monthly timescale over an
18-year period from 2001 to 2018. Station data along with the ERA5 reanalysis were used as the
reference datasets for assessment purposes. In addition, a case study was performed to investigate
how well the SWCEM precipitation products characterised drought in PNG associated with the
2015–2016 El Niño. Overall statistics from the validation study suggest that although there remains
significant variability between satellite and ERA5 rainfall data in remote areas, this difference is
much less at locations where rain gauges exist. The case study illustrated that the Vegetation Health
Index (VHI), OLR anomaly and the Standardized Precipitation Index (SPI) were able to reliably
capture the spatial and temporal aspects of the severe 2015–2016 El Niño-induced drought in PNG.
Of the three, VHI appeared to be the most effective, in part due to its reduced incidence of false
alarms. This study is novel as modern-day satellite-derived products have not been evaluated over
PNG before. A focus on their value in monitoring drought can bring great value in mitigating
the impact of future droughts. It is concluded that these satellite-derived precipitation products
could be recommended for operational use for drought detection and monitoring in PNG, and that
even a modest increase in ground-based observations will increase the accuracy of satellite-derived
observations remotely.

Keywords: satellite precipitation estimates; Papua New Guinea; remote sensing; rainfall; drought
monitoring; satellite precipitation validation

1. Introduction

Droughts frequently occur in Asia-Pacific countries affecting many people and impacting on the
well-being and economy of populations. Over the past 30 years, droughts have affected millions of
people in the western Pacific with the most severe drought events having occurred during El Niño
years [1]. Similarly, droughts related to the El Niño–Southern Oscillation (ENSO) are a recurring
climate phenomenon in the Pacific Island Countries [2]. El Niño refers to the warm phase of ENSO
where there is a warming of sea surface temperatures in the central and eastern equatorial Pacific
Ocean. This is typically associated with higher pressure and lower rainfall over mainland Papua New
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Guinea (PNG) [3]. Impacts of droughts on Pacific islands can be very extreme. For example, in 2011,
the Pacific country of Tuvalu experienced severe ENSO-induced drought which resulted in a major
water availability crisis [4]. In 2015–2016, PNG was affected by severe drought due to a strong El
Niño. PNG is a country in the South Pacific with a population of almost 7 million people, of which
85% rely on subsistence agriculture [5]. The Government of PNG estimated that during the 2015–2016
drought, approximately 480,000 people faced critical food shortages due to subsistence crops failing
and extreme water shortages [6].

Impacts of recent severe droughts on Asia-Pacific countries emphasised their vulnerability to
prolonged periods of rainfall deficit and highlighted the urgency for improved drought adaptation and
mitigation measures. It is expected that climate change will exacerbate drought impact on agricultural
yields and the productivity of other economic sectors, further reducing the well-being of populations
affected [7]. To assist vulnerable countries with climate change adaptation, especially least developed
countries (LDCs) and small island developing states (SIDS), the Climate Risk and Early Warning
Systems (CREWS) international initiative was established with the World Meteorological Organization
(WMO) as one of the key implementing agencies. In PNG, the CREWS initiative aims to improve the
existing drought monitoring network and provide early warnings of drought for the agriculture, water,
energy, and emergency service sectors [5].

Accurate monitoring of rainfall is vital for detecting the emergence of drought, assisting
governments and communities at risk with decision making, and improving preparedness to reduce
its potential impact [5]. Conventional meteorological observations using surface-based rain gauges
allow a direct measurement of precipitation, but in many LDCs and SIDS including PNG, rain-gauge
networks are sparse and do not provide good spatial coverage. As of 2019, in PNG, a country with an
area of about 452,860 km2, the official rain gauge network consisted of only 13 weather and climate
stations and 7 rain gauge stations [5]. Rainfall over PNG is highly variable and such a limited network
is not able to provide an accurate assessment of the spatial distribution of rainfall for such a large
country with significant topography.

Rain gauges are also subject to additional biases such as those resulting from poor maintenance
and observation procedures [8]. Given that a gauge only measures precipitation at a single location,
point observation data may misrepresent precipitation over the broader area due to local effects.
For example, the topography of PNG is amongst the most rugged in the world, with altitudes of over
4000 m, and wind-induced effects can result in significant spatial variability in precipitation, especially
around mountainous terrain [9].

An alternative approach for drought monitoring is to use satellite precipitation estimates; the
spatial coverage and uniformity of space-based observations make them a valuable means for estimating
rainfall. Meteorological satellites were first used for rainfall monitoring in the 1970s, providing coverage
across most of the globe [10]. The first satellite precipitation estimates were based on recording visible
or infrared (IR) radiation, estimating cloud-top reflectivity or temperature from the observed radiation
data, and then subsequently linking this to rain rates through empirical relationships [10]. A more
direct quantification of rain rates was later developed by using passive microwave (PMW) observations
that detect the scattering and emission of radiation from hydrometeors [10]. The drawback is that PMW
estimates are hindered by the reduced spatial coverage of PMW space-based instruments compared to
their IR counterparts [11].

To capitalise on strengths of both satellite techniques, methodologies to combine the broad spatial
coverage of IR precipitation estimates with the increased accuracy of PMW precipitation estimates
have been developed. For example, one technique uses IR space-based observations to compute
cloud-motion vectors which are then used to advect PMW-derived estimates, allowing precipitation
estimates to be made for areas that were not directly covered by PMW satellite passes [11]. The National
Oceanic and Atmospheric Administration (NOAA) was the first to develop this methodology, utilising
it in their Climate Prediction Center (CPC) morphing technique (CMORPH) precipitation estimation
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products [11]. The Japan Aerospace Exploration Agency (JAXA) later developed their own version,
Global Satellite Mapping of Precipitation (GSMaP) [12].

The potential of satellite precipitation estimates was recognised by the WMO. In 2017,
WMO initiated the Space-based Weather and Climate Extremes Monitoring (SWCEM) Demonstration
Project to assist countries in the Asia-Pacific region with operational utilisation of satellite precipitation
estimates, with a particular focus on monitoring precipitation extremes—accumulated heavy rainfall
and drought [8]. The SWCEM products include satellite-derived estimates of precipitation, soil moisture,
and outgoing longwave radiation (OLR) estimates as well as processed products such as the
Standardized Precipitation Index (SPI) and vegetation health indices. The validation of these products
over PNG is a critical step in determining their value in providing operational rainfall monitoring and
early drought detection, and is addressed in this study. McVicar and Bierwirth (2000) assessed the
1997 drought in PNG using an normalized difference vegetation index (NDVI)-based product and
concluded it was a valid method of rapidly assessing drought conditions in PNG as the product had
strong correlations with manually-graded areas of food shortages, as well as with cumulative rainfall
over the drought period [13].

The study consists of (i) a verification of the accuracy of satellite precipitation estimates over PNG
on a monthly timescale completed from 2000 to 2018, and (ii) an exploration of how satellite-derived
precipitation products could be used for drought detection and monitoring during the severe 2015–2016
El Niño-induced drought. The accuracy of modern satellite-derived precipitation estimates over PNG
has not been evaluated in depth. Smith et al. (2013) briefly assessed various gridded datasets over
PNG, including the satellite-derived TRMM precipitation estimates and found that TRMM provided
one of the most realistic representations of the seasonal rainfall, being able to capture the shift in
the rainfall maxima over New Britain due to the reversal of winds between summer and winter [3].
It was consistent with the other “best-performing” datasets—the ERA-Interim (ERA-INT) and Global
Precipitation Climatology Centre (GPCC) reanalyses [3]. Studies have indicated that significant
degradation of performance occurs over elevated topography, particularly during winter where snow
and cold surface contamination can become an issue [9,14]. This is a concern given the significant
presence of mountainous terrain on the PNG mainland, though the effect of snow and cold surface
contamination is only a minor issue confined to the highest peaks of the country. To verify the accuracy
of satellite precipitation estimates over PNG, this study employs a similar validation methodology used
in our earlier research that assessed the accuracy of CMORPH and GSMaP datasets over Australia [15].

2. Materials and Methods

2.1. Study Area

PNG has a land area of just over 450,000 km2, with the New Guinea Highlands running the length
of the mainland [16]. The highest peak in the country is Mount Wilhelm at 4509 m (14,800 ft) [17].
Tropical rainforest covers most of the land [18]. The climate is tropical with a strong monsoonal
influence [3]. However, the highest peaks of the country experience snowfall, one of the few locations
close to the equator to experience this [17].

Much of PNG experiences a seasonal cycle in rainfall consisting of a wet and a dry season. This is
largely due to the influence of the West Pacific Monsoon, also known as the Indonesian-Australian
Monsoon, which results in moist north-westerly flow over the region during the wet season and
drier south-easterly flow during the dry season [19]. For example, Port Moresby on the south coast
demonstrates this seasonal pattern with over 75% of the average annual rainfall falling between
November and April [3]. The broad-scale seasonal pattern is also affected by its proximity to significant
orography and the coast, as well as the interplay with the Intertropical Convergence Zone and the
South Pacific Convergence Zone, meaning seasonality is less marked in some locations, such as over
New Britain [19,20].
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For this study, a domain with a latitude range from the 0◦ to 12◦S and a longitude range from 140◦E
to 156.5◦E was selected for the gridded comparison (Figure 1). A map showing regions referenced in
this study is included in Appendix A. The northern tip of Australia and western edge of the Solomon
Islands are included in this domain but the impact of these two land areas on overall results can be
considered negligible as they comprise only a small percentage of the entire domain. The data over the
ocean were masked for the analysis. The topography map in Figure 1 is derived from NOAA’s ETOPO5
bedrock data, which models land topography and ocean bathymetry at a 5 arc-minute resolution [21].
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2.2. Datasets

2.2.1. Validation Study

Satellite datasets used in this study are GSMaP and CMORPH. Access to the data was provided
by JAXA and CPC/NOAA respectively through the WMO SWCEM Demonstration Project.

The version of GSMaP used was GSMaP Gauge-adjusted Near-Real-Time (GNRT) Version 6,
which is adjusted using the gauge-calibrated version (GSMaP gauge) from the past period. The GSMaP
gauge itself is calibrated by matching daily satellite rainfall estimates to CPC Unified Gauge-Based
Analysis of Global Daily Precipitation (CPC Unified), a global gauge analysis [22]. Further details are
contained in the GSMaP technical documentation [22].

Two versions of CMORPH were evaluated. These were the Bias-Corrected CMORPH (CMORPH
CRT) and the Gauge-Blended CMORPH (CMORPH BLD) versions. The CPC Unified analysis is
again used for bias correction over land but a different algorithm where estimates are matched to
probability distribution function (PDF) tables from the past 30 days is employed. The Bias-Corrected
version is used as a first guess for the Gauge-Blended version with further adjustment coming from
the incorporation of gauge data based on observation density; further details can be found in literature
produced by the developers [11,23].

The reference dataset for the gridded comparison was the ERA5 reanalysis produced by the
European Centre for Medium-Range Weather Forecasts (ECMWF). A climate reanalysis is a numerical
representation of meteorological fields created by combining meteorological observations with climate
models. ERA5 is generated from 4D-Var assimilation of data into the ECMWF’s Integrated Forecast
System (IFS) [24]. Only precipitation estimates from satellites and radar are assimilated [24].
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Spatial and temporal details of the gridded datasets are shown in Table 1.

Table 1. Details of the precipitation datasets used. CMORPH BLD and CMORPH CRT refer to the
blended and corrected versions of the Climate Prediction Center Morphing Technique datasets; GSMaP
refers to the Global Satellite Mapping of Precipitation dataset; and ERA5 refers to fifth generation
ECMWF reanalysis.

Dataset Resolution (◦) Start Time of Datasets Latitude Range (◦) Longitude Range (◦)

CMORPH BLD 0.25 January 1998 (−45, 40) (50, 200)
CMORPH CRT 0.25 January 1998 (−45, 40) (50, 200)

GSMaP 0.10 April 2000 (−45, 40) (50, 200)
ERA5 0.25 January 1979 Global Global

For the point-based comparison, precipitation data from nine meteorological observation stations
operated by the PNG National Weather Service were used (the locations of the stations are shown in
Figure 1.

A period from January 2001 to December 2018 was chosen as it is the longest common period
across the datasets using full years.

2.2.2. Case Study for the 2015–2016 El Niño-Induced Drought

Six satellite-derived variables were used in the case study—GSMaP rainfall and GSMaP
standardized precipitation index (SPI) from JAXA; NDVI, vegetation health index (VHI), and soil
moisture and outgoing longwave radiation (OLR) from NOAA. A brief description of each of these
variables follows.

1. The SPI is a commonly used index to characterise drought. It compares how different the rainfall
observed is to the average for that period by measuring the number of standard deviations it
is away from the mean [25]. Typically, values below −1.5 are considered “severely dry,” those
below −2 are considered “extremely dry,” while values above 2 are indicative of “extremely wet”
conditions [25,26].

2. The NDVI is a measure of the photosynthesis in vegetation. The NOAA AVHRR satellite
instrument can measure visible (VIS) and near-infrared (NIR) radiations reflected from and
emitted by the surface [27]. The NDVI is calculated based on the difference in intensity between
these two wavelengths. This difference is then normalised by the sum of the intensities of
wavelengths [27]. Soils do not demonstrate much difference between the two wavelengths while
a large difference is taken to be indicative of dense green vegetation.

The equation for NDVI with ρNIR being NIR radiation and ρVIS being visible radiation:

NDVI =
ρNIR − ρVIS

ρNIR + ρVIS
(1)

NDVI anomalies can be a possible indicator of drought by providing an estimate of whether
photosynthesis in plants is above or below average. In an environment where photosynthesis is limited
by the presence of water, wet (dry) conditions would lead to above (below) average photosynthesis
and thus a positive (negative) NDVI anomaly. However, the relationship is complex and growth
could also be impacted by other factors such as temperatures and cloud cover, though the variance of
these variables over a tropical region like PNG is less than that of rainfall [27]. Furthermore, in a wet
environment which is forested, the impact of rainfall reductions might not be as readily visible and so
a decrease in photosynthesis (and the associated NDVI anomaly signal) would lag climate variables.

3. The VHI is another index that characterises plant health. It is composed of the Vegetation
Condition Index (VCI) and the Temperature Condition Index (TCI). The VCI is NDVI normalised
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by its climatological range while the TCI is the land surface temperature (LST) normalised by its
climatological range. The equation for VHI along with its components are shown below.

The equation for VHI:
VHI = α×VCI + (1− α) × TCI (2)

The parameter α is a coefficient that determines the relative importance of VCI and TCI. It is
typically taken as 0.5 to give equal weighting to the VCI and TCI: The parameter α is a coefficient that
determines the relative importance of VCI and TCI. It is typically taken as 0.5 to give equal weighting
to the VCI and TCI.

The equation for TCI:

TCI =
LSTmax − LSTobs
LSTmax − LSTmin

(3)

The equation for VCI:

VCI =
NDVIobs −NDVImin

NDVImax −NDVImin
(4)

An inverse relationship is assumed between the VCI and the TCI with the assumption being
that VCI decreases and TCI increases for poor vegetation health. High temperatures are known to
have a negative impact on plant growth and thus are a potential indicator of vegetation stress [28].
R Cámara-Leret et al. (2019) found that under a 2 ◦C climate change temperature increase scenario,
the geographic range of 63% of endemic plant species across the New Guinea island would be expected
to decrease [29]. This relationship breaks down in regions where growth is energy- or sunlight-limited,
which tends to be observed in the high latitudes and evergreen forests, scenarios which are less relevant
to PNG [30].

Previous studies have taken VHI values below 30 to be indicative of drought [31,32]. As the VHI is
already composed of normalised values, direct values of the index can be used for monitoring drought.
Values above (below) 50 indicate wet (dry) conditions through increased (decreased) vegetation growth.

4. Outgoing longwave radiation (OLR) is a measure of energy emitted to space by Earth’s surface
and atmosphere and is a component of the radiation budget [33]. It can act as a proxy for clouds
and rainfall as clouds reduce the amount of radiation that can be detected [34]. Normalised
anomalies can be used as an indicator of drought with positive OLR anomalies being indicative
of increased clear and dry conditions and negative OLR anomalies being indicative of increased
clouds and rainfall.

The High Resolution Infrared Sounder (HIRS) uses multispectral regression models to measure
the daily mean outgoing longwave radiation flux at the top of the atmosphere. It has been operational
since 1998 and has been shown to be more accurate than the older AVHRR OLR that is also provided
as a SWCEM product [35,36]. Consequently, this study is focused on the HIRS product.

5. Soil moisture plays an important role in energy and water exchange between the surface and
the atmosphere. Satellite-derived estimates of soil moisture are based on using microwaves to
measure the emissivity of the surface and then linking this to conductivity and moisture [37].
Irrigation in PNG is very limited with most crops being rainfed [38]. As a result, it is reasonable
to expect that remotely-sensed soil moisture is indicative of natural soil moisture.

The Soil Moisture Operational Products (SMOPS) is one example of a remotely-sensed soil
moisture product and is available as a SWCEM product. Algorithm details are described in NOAA’s
algorithm theoretical basis document [37]. Normalised anomalies may be an indicator of drought with
a negative (positive) soil moisture anomaly indicating dry (wet) conditions.
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2.3. Method

2.3.1. Validation Study

A gridded and point-based comparison was completed between the satellite datasets and the
reference datasets. The GSMaP dataset was bilinearly extrapolated to 0.25◦ to allow values at each grid
box to be directly compared across the datasets. For the point comparison, a bilinear interpolation was
performed on gridded datasets from which a value corresponding to the co-ordinate of a station could
be obtained. This value was then compared to the actual station value.

We have computed the mean bias (MB), root-mean-square-error (RMSE), mean average error
(MAE) and the Pearson correlation coefficient (R). By dividing the MAE and MB by the average
rainfall, these normalised versions remove the effect of higher rainfall averages, leading to larger errors.
The RMSE is more strongly affected by the size of the error than the MAE. These metrics are commonly
used in the evaluation of satellite rainfall estimates [10].

Further details about the continuous metrics are shown in Table 2 with Ei representing the
estimated value at a point or grid box i, Oi being the observed value and N being the number of
samples (across the full domain and period).

Table 2. Summary of metrics used.

Metric Equation Range Perfect Value Unit

Mean bias (MB) 1
N

N∑
i=1

(Ei −Oi) (−∞,∞) 0 mm/day

Mean average error (MAE) 1
N

N∑
i=1
|Ei −Oi| [0,∞) 0 mm/day

Root-mean-square-error (RMSE)

√
1
N

N∑
i=1

(Ei −Oi)
2 [0,∞) 0 mm/day

Pearson correlation coefficient (R)
∑N

i=1[(Ei−E)(Oi−O)]√∑N
i=1(Ei−E)

2
√∑N

i=1(Oi−O)
2

[−1, 1] 1

The ability of the satellite data in capturing extremes (highest and lowest quintiles) was also
assessed using hit rates across the full period of record. This is a valuable statistic, as although the
satellites may demonstrate performance that is poor in terms of absolute values, they may still be able to
produce estimates that are accurately ranked in relation to their own climatology. This would suggest
that percentile-based products that possess skill could be generated from the satellite precipitation
estimates. As part of the WMO SWCEM Demonstration Project, CPC/NOAA and JAXA already
produce satellite-derived percentile-based products such as the SPI and rainfall values expressed as
high-end percentiles.

To calculate the percentile of an observed month, it was first ranked against the same month but
for all the different years across the verification period. The ranking was then converted to a percentile
through the equation shown below where P is the percentile, R is the rank of the month, and N is the
number of years in the verification period:

P =
R− 1
N − 1

× 100 (5)

To compute the hit rate, every time a bottom or top quintile month was observed across any
location, the corresponding value from the satellite dataset was compared. A success was recorded
if the satellite-estimated value also registered in the same quintile as the reference dataset value,
otherwise, a failure was recorded. Quintiles were chosen, as the satellite data record length was
deemed too short for deciles with the use of quintiles providing greater differentiation of extreme
values compared to terciles or quartiles.
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2.3.2. Case Study for the 2015–2016 El Niño-Induced Drought

The spatial and temporal patterns of the six variables were investigated by visualising the datasets
as maps and then analysing the series of maps across the drought period. Normalised anomalies,
also known as a percentage of the normal values, were used for rainfall, NDVI, soil moisture, and OLR
to represent the difference from climatology more clearly. SPI and VHI are already a form of normalised
anomalies. The anomalies were calculated using climatological averages derived from the full satellite
records available through the SWCEM Demonstration Project (18 years for GSMaP rainfall, GSMaP SPI
and VHI; 7 years for NDVI and soil moisture; and 6 years for OLR).

To visualise the data, the raw NetCDF data for each variable was plotted as a contour field on
a base map using Python. The plotting library used was Matplotlib. A linear interpolation was
performed to obtain values in between the data points.

3. Results

3.1. Validation Study

3.1.1. Point-Based Comparison

Figure 2 shows the normalised MAE and MB from the point-based comparison of the gridded
datasets to the individual stations. In terms of the satellite datasets, GSMaP performed the best,
followed by CMORPH BLD and then CMORPH CRT with the average normalised MAE of the nine
stations analysed being 0.44, 0.49, and 0.62 respectively.

For reference, the average normalised MAE of ERA5 was 0.39, showing the bias of ERA5
was comparable to that of GSMaP and CMORPH BLD. However, the satellite datasets tended to
underestimate rainfall at the stations while ERA5 overestimated it. As a result, when ERA5 is used as
truth in the gridded comparison, it is expected that the error in the satellite datasets will be inflated.
Performance of the satellite datasets was better than ERA5 at Goroka, which is the one station in this
set where station elevation is significant (1572 m, with the next highest being Nadzab at 70 m).
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Figure 2. Point-based comparison from January 2001 to December 2018 using Papua New Guinea
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The station-based quintile comparison also demonstrates skill, with the satellite datasets being
able to detect bottom and top quintiles more often than not, as well as having better hit rates than
ERA5. Performance is better for low-end totals which is the relevant metric for drought monitoring.
If the metric was relaxed to simply test whether an observed bottom (top) quintile month was detected
as a below-median (above-median) month according to the satellite, the hit rate improved to about
80% to 90% for the satellites, and 70% to 80% for ERA5.

3.1.2. Gridded Comparison

Figure 3 shows the mean rainfall, MB, RMSE, MAE, and correlation co-efficient comparing the
three satellite datasets with the ERA5 dataset over all the months from 2001–2018. This indicates that
while all three datasets have similar values for all assessment scores, the datasets are generally too
dry, and have differences from the observed gridded dataset that are about 70% of the average value.
The satellites performed better in the point-based comparison than the gridded comparison. This is
not surprising, as it was shown earlier in Section 3.1.1 that the ERA5 dataset has its own biases and it
tended to overestimate rainfall while the satellite datasets underestimated it. ERA5 must assimilate
from a limited number of observations itself, and hence will have large uncertainty in some areas which
compounds the apparent error when it is used as “truth” in the gridded comparison. The absence of
rain gauges over the region means it is difficult to quantify this error further than that achieved in the
point-based comparison.

Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 25 

 

 
 

 
Figure 2. Point-based comparison from January 2001 to December 2018 using Papua New Guinea 
(PNG) weather stations as truth. Mean average error (MAE), normalised mean average error, and 
bottom and top quintile comparisons are displayed. 

3.1.2. Gridded Comparison 

Figure 3 shows the mean rainfall, MB, RMSE, MAE, and correlation co-efficient comparing the 
three satellite datasets with the ERA5 dataset over all the months from 2001–2018. This indicates that 
while all three datasets have similar values for all assessment scores, the datasets are generally too 
dry, and have differences from the observed gridded dataset that are about 70% of the average value. 
The satellites performed better in the point-based comparison than the gridded comparison. This is 
not surprising, as it was shown earlier in Section 3.1.1 that the ERA5 dataset has its own biases and it 
tended to overestimate rainfall while the satellite datasets underestimated it. ERA5 must assimilate 
from a limited number of observations itself, and hence will have large uncertainty in some areas 
which compounds the apparent error when it is used as “truth” in the gridded comparison. The 
absence of rain gauges over the region means it is difficult to quantify this error further than that 
achieved in the point-based comparison. 

 
Figure 3. Gridded continuous comparison of satellite datasets against ERA5 from January 2001 to 
December 2018. Mean rainfall, mean bias (MB), root-mean-square error (RMSE), mean average error 
(MAE), Pearson correlation coefficient (R), and normalised mean average error (norm. MAE) are 
displayed. 

Using ERA5 as truth, the quintile comparison (Figure 4) shows the satellite-derived precipitation 
estimates could properly categorise low- and high-end events about 40 to 50% of the time. However, 
ERA5 was the worst-performing dataset in the quintile comparison using stations as truth, and so its 
ability to be used as truth in this metric is questionable at best. 

Figure 3. Gridded continuous comparison of satellite datasets against ERA5 from January 2001
to December 2018. Mean rainfall, mean bias (MB), root-mean-square error (RMSE), mean average
error (MAE), Pearson correlation coefficient (R), and normalised mean average error (norm. MAE)
are displayed.



Remote Sens. 2020, 12, 3859 10 of 25

Using ERA5 as truth, the quintile comparison (Figure 4) shows the satellite-derived precipitation
estimates could properly categorise low- and high-end events about 40 to 50% of the time. However,
ERA5 was the worst-performing dataset in the quintile comparison using stations as truth, and so its
ability to be used as truth in this metric is questionable at best.Remote Sens. 2020, 12, x FOR PEER REVIEW 10 of 25 
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Figure 4. Gridded percentile-based comparison of satellite datasets against ERA5 from January 2001 to
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3.1.3. Seasonal and Geographical Comparison

To investigate the performance of the satellite-derived estimates across the two often distinct
seasons in PNG, the dataset was split into a wet and a dry season based on the time of the year.
Even though seasonality varies with geographical location as discussed in Section 2.1, the West Pacific
Monsoon is the main seasonal driver for most of PNG and thus was used as the basis of this analysis.
Consequently, the months from November to April were classified as wet while those from May to
October were classified dry. Figure 5 illustrates the seasonal mean rainfall as estimated by GSMaP and
ERA5. GSMaP data was chosen due to its slightly better performance over the other datasets.

For most of PNG, the use of November to April as the seasonal classification for the wet season
is reasonable, with the exceptions being southern New Britain and southern New Ireland where the
seasonality was reversed, and Bougainville where the seasonality was minimal.
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Figure 5. Seasonal mean rainfall from January 2001 to December 2018. Datasets used are Global
Satellite Mapping of Precipitation (GSMaP) (a) and ERA5 (b).

Taking ERA5 as a representation of the truth, the general underestimation of rainfall as described
in Section 3.1.1 is again apparent. Comparing Figure 5 to Figure 1, it is evident that the error tends to be
the largest over the areas of highest topography, particularly over the New Guinea Highlands. Reasons
for this will be given in Section 4.1. An important point is that as mentioned in Section 3.1.1, for the
only station of significant elevation (Goroka), the satellite datasets performed better than ERA5 where
the underestimation by the satellites was less than the overestimation by ERA5. This suggests that
more generally, a positive bias in ERA5 over topography could exist, which would have compounded
the satellite biases obtained when ERA5 was used as truth. The only case where overestimation occurs
notably was in parts of the southwest of the country during the wet season.

The performance of the estimates was best over the Fly province, a region where the topography
is relatively even and low. Interestingly, the high rainfall totals over the south coast of New Britain
during the “dry” season (which rival those seen over the Highlands during the wet season) appear to
be well-represented by GSMaP, the only case shown where a high-end rainfall total was accurately
estimated by GSMaP. The normalised MAE and quintile hit rates averaged over the domain and
categorised by seasons, are shown in Figure 6.

Figure 6 demonstrates that the error was smaller during the wet season. The hit rates for the
quintile comparison are similar across the seasons, with the dry season exhibiting slightly better
performance. The spatial representation of the normalised MAE is shown in Figure 7.
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The performance of GSMaP is notably decreased during the dry seasons over the Papuan Peninsula,
and towards the coasts of the Western Fly, Madang, and East Sepik provinces. Conversely, during the
wet season, performance is decreased over southern New Ireland and the eastern half of New Britain.

The seasonal reductions in performance for these regions correspond to decreased rainfall for
that particular region and season. This again alludes to a connection between low rainfall rates and
reduced satellite monitoring performance, noting that mean rainfall was lower over south New Ireland
and east New Britain during the months defined as wet in this study.

3.2. Case Study for the 2015–2016 El Niño-Induced Drought

A very strong El Niño event in 2015 and 2016 resulted in widespread drought, frost in the
Highlands, and ultimately food insecurity across PNG. The peak intensity of the drought was declared
by the PNG National Weather Service late in 2015. In a meteorological context, the drought eased
in many areas in 2016 as rainfall returned to closer to average values late in 2015, but social impacts
were still felt in some areas until early 2017 [39]. In this section, various SWCEM products are
presented, and their usefulness in evaluating the spatial and temporal characteristics of the drought
event is analysed. Both GSMaP and CMORPH provide the rainfall percentages of normal and the SPI.
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For this case study, the GSMaP version has been selected due to its marginally better performance,
as demonstrated in Section 3.1.

3.2.1. Rainfall

The rainfall percentages of normal were able to capture the onset of the drought by detecting
a continuous period of widespread well-below average rainfall (e.g., less than 10% of the average)
starting in June 2015 (Figure 8a,b), peaking around August 2015 (Figure 8c,d) and easing by February
2016 (Figure 8e,f). However, outside of the drought event, the rainfall percentages of normal also
displayed a large amount of variance. For example, examining the spatial distribution of the rainfall
percentages of normal for the second halves of 2014 and 2016 (maps not shown), areas where the
rainfall was less than 10% of the average were also evident. Although not as widespread as during the
peak of the 2015–2016 drought event, this indicates that using threshold values without considering
spatial context would lead to false alarms and discretion is needed to ensure this is avoided.

It is important that the maps are examined in a series, especially if they are an average over
multiple months. Both periods have their benefits as the 1-month anomaly provides a more rapid
representation of the current state while multi-month aggregations such as the 3-month anomaly
provide more insight into the longevity of conditions. This means that the 1-month anomaly can detect
onset and cessation quicker, but the 3-month anomaly offers greater confidence in the continuity of
the conditions.

3.2.2. Standardized Precipitation Index (SPI)

Using the 3-month SPI over the 1-month values of the index is recommended as it helps to smooth
out short-term variations, reducing the prospect of a false alarm. For example, if the 1-month SPI for
March 2014 is considered in isolation (Figure 9a), the values of the index could be indicative of drought
conditions. However, the values of the 1-month SPI for April 2014 showed much wetter conditions
(Figure 9b). On the other hand, the 3-month values of the SPI (Figure 9c,d) displayed significantly less
variation in the values of the index and could be used more confidently for drought detection and
monitoring. The resolution of the dataset was 0.25◦.

Using the 3-month values of the index, it was demonstrated that the SPI was able to indicate that
rainfall was anomalously low across the 2015–2016 drought period (Figure 10). The extreme values
and the prolonged duration demonstrated the severity of the event.
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Figure 8. One-month and 3-month rainfall percentages of normal depicting onset of meteorological
drought conditions in June 2015 and easing in February 2016. (a) 1-month onset; (b) 3-month onset;
(c) 1-month peak; (d) 3-month peak; (e) 1-month cessation; (f) 3-month cessation.

The southwest of the mainland started showing notable and sustained conditions classified
as “severely dry” (SPI values of −1.5 or below) from November 2014 (Figure 10a), while May 2015
marked the start of more severe and widespread drought (Figure 10b), with large parts of the country
experiencing conditions classified as “extremely dry” (SPI values of −2 or below). The 3-month SPI
identifies the peak as occurring around October 2015 (Figure 10c). These extremely dry conditions
were seen to subside by April 2016 (Figure 10d). In terms of severity as indicated by the magnitude of
the SPI, the first values below −2.5 were seen in March 2015, peaking in October 2015 and subsiding by
April 2016. They were not seen elsewhere in the three years. The duration of the dry conditions as
indicated by the SPI is in most cases more important than the severity given the sign can change quite
frequently. The exception would be when very extreme values are obtained.
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Figure 9. Comparison of 3-month and 1-month Standardized Precipitation Index (SPI) for March and
April 2014. (a) 1-month SPI for March 2014; (b) 1-month SPI for April 2014; (c) 3-month SPI for March
2014; (d) 3-month SPI for April 2014.

Continuous monitoring is required to track whether a month with anomalously dry conditions
is indicative of a drought onset or whether it is a short-term rainfall deficiency that might soon
ease. Nonetheless, examining the SPI maps revealed that the index was able to correctly identify the
2015–2016 drought event. The results are promising, and the 3-month SPI could be recommended as
one of the indices to be used operationally for drought detection and monitoring.
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Figure 10. Three-month SPI showing the progression of the 2015–2016 drought event. (a) November
2014 showing initial signs of dry conditions towards the southeast of the mainland; (b) April 2015
showing more widespread dry conditions developing; (c) October 2015 showing widespread severely
dry conditions; (d) April 2016 showing the easing of dry conditions.

3.2.3. Normalized Difference Vegetation Index (NDVI)

The normalised NDVI anomaly for several periods over the 2015–2016 drought is shown in
Figure 11. The resolution of the dataset was 0.25◦.

The normalised NDVI anomaly over the drought period does not clearly capture the dry conditions.
The NDVI began to indicate green conditions starting from May 2015. In October 2015, which was
correctly detected as around the peak of the event by the SPI and VHI, the NDVI showed largely
neutral conditions. The driest conditions were depicted in November 2015, but the severity and
extent were much less than that derived from rainfall. It could be reasonable that this timing was past
the peak of the meteorological drought as a lag between vegetation growth and rainfall is expected.
However, the lag observed was two to three months, which is quite large. In this situation, not only
did the NDVI not indicate dry conditions during the peak of meteorological drought, it implied that
vegetation was in good condition. The NDVI decreased from August 2015 to December 2015, after
which it began to increase again, showing that although it does not seem to be useful for real-time
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detection of meteorological drought onset, it may still be useful for monitoring the cessation of drought
effects on vegetation.

Outside of the drought event, it depicted dry conditions in July 2014 and wet conditions in August
2016 around the Gulf province. The former was somewhat consistent with the SPI while the latter was
consistent with the VHI and SPI.
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Figure 11. Normalized difference vegetation index (NDVI) percentages of normal showing the
progression of the 2015–2016 drought event. (a) June 2015 showing initial signs of above-average
vegetation health; (b) August 2015 showing widespread above-average vegetation health; (c) October
2015 showing some below-average vegetation health towards the far southwest; (d) November 2016
showing some areas of below-average vegetation health and easing of above-average vegetation health.

3.2.4. Vegetation Health Index (VHI)

The VHI for several periods over the 2015–2016 drought is shown in Figure 12. The resolution of
the dataset was 0.1◦.
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conditions in October 2015, and cessation of drought by April 2016. The VHI did not show as 
widespread drought conditions as the SPI but it only showed significantly dry conditions over the 
true 2015–2016 drought period. This suggests that false alarms for the VHI is low and confidence in 
dry conditions being part of a longer-term drought event is higher than for the SPI. It is likely that 
LST responds more quickly to drought conditions than the NDVI, which would have a delayed 
response as described in Section 3.2.3, and so the inclusion of LST in the VHI allows it to be a more 
responsive indicator of drought conditions than using the NDVI alone. 
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Figure 12. Vegetation Health Index (VHI) values showing the progression of the 2015–2016 drought
event. (a) March 2015 showing largely neutral vegetation health; (b) June 2015 showing the beginning
of below-average vegetation health; (c) October 2015 showing widespread areas of poor vegetation
health; (d) April 2016 showing easing of poor vegetation health.

It appears the VHI is a good indicator of drought in PNG. It correctly indicated poor vegetation
growth over the drought period, depicting drought onset from June 2015, the worst drought conditions
in October 2015, and cessation of drought by April 2016. The VHI did not show as widespread drought
conditions as the SPI but it only showed significantly dry conditions over the true 2015–2016 drought
period. This suggests that false alarms for the VHI is low and confidence in dry conditions being part
of a longer-term drought event is higher than for the SPI. It is likely that LST responds more quickly to
drought conditions than the NDVI, which would have a delayed response as described in Section 3.2.3,
and so the inclusion of LST in the VHI allows it to be a more responsive indicator of drought conditions
than using the NDVI alone.

3.2.5. Soil Moisture

The normalised soil moisture anomaly (figures not shown for brevity) indicated largely neutral
conditions over much of the drought period. In October 2015, there were small areas of positive
anomalies which were not consistent with the drought period. Even though it did depict some areas
of below-average soil moisture, these were mostly towards the coast and not representative of the
widespread drought experienced by the country.
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3.2.6. Outgoing Longwave Radiation (OLR)

Positive OLR anomalies (figures now shown for brevity) began to appear from July 2015, linking
up well with the beginning of the peak intensity of the drought. August to October 2015 also showed
widespread positive anomalies. The anomalies returned to largely neutral values for November and
December 2015, but then spiked to some of their highest values over the two years in January 2016
before returning to neutral values once again. The spike was concentrated towards the south. This was
consistent with the SPI, which indicated an easing of drought conditions towards the north but the
persistence of severe conditions towards the south during January 2016.

The normalised HIRS OLR anomaly product appears to have value in detecting droughts through
a proxy of reduced cloud cover. During the severe portion of the drought period, positive OLR
anomalies were apparent while the anomalies were neutral or negative outside of the drought period.
Reduced cloud conditions resulted in frost in the PNG highlands, exacerbating the impact of dry
conditions on food production.

3.2.7. Areal-Averaged Variables from 2014 to 2016

As the 3-month SPI is composed from the average of the 1-month SPIs from the last three months,
the 3-month SPI plot represents a rolling-average, where variations that are smoothed are compared to
the 1-month SPI plot.

Results presented in Figure 13 demonstrate that the SPI experienced a marked decrease after July
2015 though conditions were already drier than average from around February 2015. The decrease in
the VHI was more gradual than that observed in the SPI. Conversely, the normalised NDVI anomaly
increased from February 2015 to August 2015, indicating above average rates of photosynthesis even
though this was a period of below-average rainfall. The normalised NDVI anomaly did decrease after
August 2015 but its areal-averaged value was still above average. A possible explanation for this
pattern could be that increased sunlight facilitated above average rates of photosynthesis before the
severe rainfall deficit resulted in rates decreasing. Overall, this supports the results presented earlier
which suggested that the SPI and VHI were more reliable indicators of drought for the 2015–2016 event
than the normalised NDVI anomalies.

Remote Sens. 2020, 12, x FOR PEER REVIEW 19 of 25 

 

The normalised soil moisture anomaly (figures not shown for brevity) indicated largely neutral 
conditions over much of the drought period. In October 2015, there were small areas of positive 
anomalies which were not consistent with the drought period. Even though it did depict some areas 
of below-average soil moisture, these were mostly towards the coast and not representative of the 
widespread drought experienced by the country. 

3.2.6. Outgoing Longwave Radiation (OLR) 

Positive OLR anomalies (figures now shown for brevity) began to appear from July 2015, linking 
up well with the beginning of the peak intensity of the drought. August to October 2015 also showed 
widespread positive anomalies. The anomalies returned to largely neutral values for November and 
December 2015, but then spiked to some of their highest values over the two years in January 2016 
before returning to neutral values once again. The spike was concentrated towards the south. This 
was consistent with the SPI, which indicated an easing of drought conditions towards the north but 
the persistence of severe conditions towards the south during January 2016. 

The normalised HIRS OLR anomaly product appears to have value in detecting droughts 
through a proxy of reduced cloud cover. During the severe portion of the drought period, positive 
OLR anomalies were apparent while the anomalies were neutral or negative outside of the drought 
period. Reduced cloud conditions resulted in frost in the PNG highlands, exacerbating the impact of 
dry conditions on food production. 

3.2.7. Areal-Averaged Variables from 2014 to 2016 

As the 3-month SPI is composed from the average of the 1-month SPIs from the last three 
months, the 3-month SPI plot represents a rolling-average, where variations that are smoothed are 
compared to the 1-month SPI plot. 

Results presented in Figure 13 demonstrate that the SPI experienced a marked decrease after 
July 2015 though conditions were already drier than average from around February 2015. The 
decrease in the VHI was more gradual than that observed in the SPI. Conversely, the normalised 
NDVI anomaly increased from February 2015 to August 2015, indicating above average rates of 
photosynthesis even though this was a period of below-average rainfall. The normalised NDVI 
anomaly did decrease after August 2015 but its areal-averaged value was still above average. A 
possible explanation for this pattern could be that increased sunlight facilitated above average rates 
of photosynthesis before the severe rainfall deficit resulted in rates decreasing. Overall, this supports 
the results presented earlier which suggested that the SPI and VHI were more reliable indicators of 
drought for the 2015–2016 event than the normalised NDVI anomalies. 

 
Figure 13. Cont.



Remote Sens. 2020, 12, 3859 20 of 25
Remote Sens. 2020, 12, x FOR PEER REVIEW 20 of 25 

 

 

 
Figure 13. Change in SPI, normalised NDVI anomaly and VHI from 2014 to 2016. 

4. Discussion 

4.1. Validation Study 

Comparison of the point-based results for PNG to Australia indicates satellite performance at 
PNG is reasonable. For example, in Australia, an average normalised MAE of 0.28 and 0.54 for 
CMORPH BLD and GSMaP were obtained across a minimum of 4771 stations which compares to 
values of 0.49 and 0.44 at PNG stations [15]. This comparison is even more favourable when only 
tropical Australian stations (north of 23.5° S latitude) were considered, which yielded an average 
normalised MAE of 0.4 and 1.69 for CMORPH BLD and GSMaP across a minimum of 694 stations. 

The gridded comparison demonstrated that the errors in satellite precipitation estimates across 
PNG can be large in some areas, especially over the mountainous regions. The poor performance of 
satellites over topography has been shown in earlier studies [9,14]. Cold surface contamination is 
unlikely to be the source of these large biases over PNG’s topography as snow only falls on the 
highest peaks in PNG and it would lead an overestimation of rainfall rather than the underestimation 
observed. Instead, this underestimation of rainfall is likely due to the poor ability of PMW satellites 
in detecting warm orographic clouds that are lacking in the ice particles which PMW detection is 
heavily reliant on [14]. The high spatial variance of rainfall across topography is likely to be another 
factor adding to the difficulty of satellite retrieval over such areas. The results from Goroka also 
suggested that ERA5 may have a positive bias over topography which would inflate the negative bias 
seen in the satellite datasets when ERA5 was used as truth. 

The general underestimation of rainfall by satellites precipitation estimates over PNG found 
through this validation study is consistent with results from earlier studies suggesting that satellite 
observations tend to underestimate high-end rainfall totals [10]. One possible reason behind this is 
that the rapid evolution of convection is not observed between the successive satellite time steps. 
Underestimation is also compounded by poor detection of small rainfall totals due to the increased 
difficulty of detecting radiation changes from very light rainfall and the fact that light rain tends to 
fall from clouds with warmer tops, which satellites have difficulty detecting [10]. The weak 
performance of satellite precipitation estimates for very low rainfall rates is a likely reason why skill 
was considerably lower during the dry season [15,40]. 

Figure 13. Change in SPI, normalised NDVI anomaly and VHI from 2014 to 2016.

4. Discussion

4.1. Validation Study

Comparison of the point-based results for PNG to Australia indicates satellite performance at PNG
is reasonable. For example, in Australia, an average normalised MAE of 0.28 and 0.54 for CMORPH
BLD and GSMaP were obtained across a minimum of 4771 stations which compares to values of 0.49
and 0.44 at PNG stations [15]. This comparison is even more favourable when only tropical Australian
stations (north of 23.5◦S latitude) were considered, which yielded an average normalised MAE of 0.4
and 1.69 for CMORPH BLD and GSMaP across a minimum of 694 stations.

The gridded comparison demonstrated that the errors in satellite precipitation estimates across
PNG can be large in some areas, especially over the mountainous regions. The poor performance
of satellites over topography has been shown in earlier studies [9,14]. Cold surface contamination
is unlikely to be the source of these large biases over PNG’s topography as snow only falls on the
highest peaks in PNG and it would lead an overestimation of rainfall rather than the underestimation
observed. Instead, this underestimation of rainfall is likely due to the poor ability of PMW satellites in
detecting warm orographic clouds that are lacking in the ice particles which PMW detection is heavily
reliant on [14]. The high spatial variance of rainfall across topography is likely to be another factor
adding to the difficulty of satellite retrieval over such areas. The results from Goroka also suggested
that ERA5 may have a positive bias over topography which would inflate the negative bias seen in the
satellite datasets when ERA5 was used as truth.

The general underestimation of rainfall by satellites precipitation estimates over PNG found
through this validation study is consistent with results from earlier studies suggesting that satellite
observations tend to underestimate high-end rainfall totals [10]. One possible reason behind this is
that the rapid evolution of convection is not observed between the successive satellite time steps.
Underestimation is also compounded by poor detection of small rainfall totals due to the increased
difficulty of detecting radiation changes from very light rainfall and the fact that light rain tends to fall
from clouds with warmer tops, which satellites have difficulty detecting [10]. The weak performance of
satellite precipitation estimates for very low rainfall rates is a likely reason why skill was considerably
lower during the dry season [15,40].
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However, the errors in the point-based comparison were less than for the gridded comparisons.
This is likely due to the ability to calibrate the satellite precipitation estimates to station data at the
numerous points analysed in this study. The elevation of the stations could also be a factor as eight
of nine of the stations had an elevation of 70 m or less. However, the one remaining station with a
significant elevation performed comparably to the lower-lying ones. The ability to calibrate and in
the case of CMORPH BLD, adjust the satellite precipitation estimates against station data appears to
improve the analyses. Although the limited rain-gauge network in PNG is a motivator for the use
of space-based observations in this country, it is also a significant hindrance to obtaining accurate
satellite precipitation estimates in areas that are a long distance from any gauge. This would suggest
that any increase in the number of rainfall stations has the potential to greatly increase the accuracy of
the satellite rainfall estimates. This is supported by results in past studies where areas with higher rain
gauge density have exhibited significantly better performance [15]. The validation of this inference
will likely be a basis for a future study.

4.2. Case Study for the 2015–2016 El Niño-Induced Drought

The VHI appears to be very useful for drought monitoring given its low propensity for false alarms
and its correct detection of the onset, worsening and easing of the 2015–2016 drought. Users could
feel confident that the indication of dry conditions was linked to a severe drought event. The SPI
performed well in the detection of dry conditions, but its drawback was its erratic nature that could
have caused false alarms. The use of the 3-month values of the index did eliminate some inconsistency
in the SPI’s performance, though monitoring and discretion were still needed to determine if a dry
signal was just a short-term blip or part of the more severe and longer-term event.

The normalised OLR anomaly appears to be another valuable indicator for drought detection.
It displayed a widespread anomaly over much of the drought period. It also detected the easing of
conditions in the north during January 2016. The magnitude of the anomaly was not large but there
were also no false alarms over the study period.

Normalised rainfall anomalies detected the below-average rainfall of the 2015–2016 drought very
well, but could potentially be too sensitive, as areas of significantly below-average rainfall were also
detected outside of the drought event. If used in conjunction with the other indices, it would be
a valuable tool for detection, as the maps are able to pick up the widespread areas of significantly
below-average rainfall associated with drought. The 1-month anomaly is particularly useful for
real-time monitoring.

The case study indicated that the normalised NDVI anomaly was a poor indicator for detecting
and monitoring the 2015–2016 drought in PNG, incorrectly displaying good growth conditions over
the drought period. This may be due to the small climatology record (7 years or less), though this
factor did not hinder the OLR. Nonetheless, it is likely that with a longer climatology the effectiveness
of all these indicators would be improved, especially the NDVI and OLR, since their climatology had
to be computed from a shorter record than the VHI, SPI, and SMOPS products. The SPI and SMOPS
products had their anomalies precalculated by CPC/NOAA, of which a longer climatology close to
the full dataset record (20 years) can be assumed to have been used. The climatology for the other
variables had to be calculated manually, with only 7 (6 for OLR) years of data being available at the
time for use in this study. Given that one year was affected by a severe drought, this further decreases
the reliability of this climatology. The rainfall in the remaining calendar years (2012–2018 excluding
2015) was around average.

The normalised soil moisture anomaly was also a poor indicator of drought in PNG. Even though it
showed a dry anomaly during the start of the drought event, the spatial extent was not widespread and
the deviation from the climatology was very low. This muted response means confidence in detection
is lowered and false alarms are more likely. During the later stages of the drought, wet anomalies were
indicated. Soil moisture detection through satellites is likely to be difficult in PNG where a considerable
amount of the terrain is covered by dense rainforest that would hinder the satellite retrieval process.
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Visualisation of drought information in the form of maps is valuable in assisting users to make
their decisions. The selection of a colour scale is important in determining how severe the maps can
appear as the variance during the drought event for each variable is different. In this study, different
colour scales were used for each variable to display variance due to drought clearly while being
insensitive enough to natural variance. Rainfall and VHI had the greatest responses, and so a neutral
range from 75% to 125% and 40 to 60 respectively still allowed the anomalies to be evident. However,
such a range did not work as well for the other variables and so a neutral range from 90% to 110% (95%
to 105% for soil moisture) had to be employed. This suggests these variables do not change as much in
response to drought and consequently might not be as good indicators. Changing the colour scale to
be more sensitive to smaller anomalies allows the anomalies to be more evident, but may also lead to
more false alarms.

5. Conclusions

The high dependency of PNG’s population and economy on rainfall along with the country’s
vulnerability to extreme rainfall events has motivated the generation of a suite of satellite-derived
precipitation products for use in the country via the WMO’s SWCEM Demonstration Project.

These products were validated in two parts: (i) a validation study of the precipitation estimates and
(ii) a case study focusing on how well the SWCEM satellite-derived precipitation products represented
the severe 2015–2016 drought in PNG.

Both a gridded comparison using ERA5 along with a point comparison using station data was
undertaken. The results demonstrated that satellite-derived precipitation estimates may not have a
high accuracy over most of PNG, with the normalised MAE being around 70% of the average rainfall.
However, the accuracy of satellite precipitation estimates was significantly better at the stations with the
normalised MAE, improving to around 40% to 50% of the average. It is possible that the improvement
was a result of being able to calibrate the satellite-derived precipitation estimates to surface-based
observation station data. Most of these stations were also along the coast, meaning biases due to
variations in topography were also reduced. It is also probable that there is a considerable error away
from the stations in the ERA5 reanalysis used as truth for the gridded comparison, and so the true
error of the satellite precipitation datasets may not be as great as that obtained. It would be valuable if
additional and independent station data could be used for the calibration of satellite estimates.

The second part of this study was focused on the ability of the satellite-derived products to capture
the onset, peak, and cessation of the 2015–2016 El Niño-induced drought in PNG, along with its spatial
extent. The VHI and OLR anomalies appear to be useful indices as they detected the onset, “peak,”
and easing of the 2015–2016 drought. Their spatial representation was also extensive, consistent with
reported impacts. The SPI and rainfall percentages of normal also appear to have value, though more
discretion was needed in linking dry conditions to drought severity. Using a longer-aggregation period
increases the confidence in the longevity of conditions. Soil moisture and the NDVI anomalies during
the drought period did not show a clear “drought” signal, which suggests caution in their use with
reference to other datasets.

Even though the satellite-derived precipitation estimates were not particularly skilful across most
of the country, limitations of the current rain gauge network in PNG mean the information provided
by satellites has value. The satellite-derived VHI, OLR, and SPI appeared to have more utility in
monitoring the 2015–2016 drought than the satellite precipitation estimates as they gave a more definite
depiction of the spatial and temporal evolution of the event.

The evaluation of satellite precipitation estimates (CMORPH and GSMaP) is an essential scientific
contribution to WMO initiatives such as the Climate Risk and Early Warning Systems and the
Space-based Weather and Climate Extremes Monitoring Demonstration Project which assist PNG,
as well as other countries in Asia and the Pacific, with improving precipitation monitoring (including
drought monitoring) [4,8].
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