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Introduction
Landslides pose a significant threat to life and infrastructure in Papua New Guinea (PNG), with numerous movements 
being recorded annually. Such events are typically instigated by the combined effects of different geomorphological 
control factors, such as slope or geology, and the influence of a triggering event (i.e. an earthquake or heavy 
rainfall). Rugged topography and high seismicity combine in PNG, to make the region highly susceptible to large-
volume, earthquake-induced landslides, while the climate encourages widespread rainfall-induced landslides. Of 
the two triggering mechanisms, understanding rainfall-induced landslide occurrence offers the best scope for early 
warning/forecasting system development, as meteorological models and data availability improve. 

This paper presents an overview of research conducted to understand regionally-based, rainfall-induced landslide 
occurrence in PNG. Given the regional focus of this research and the need to develop a cost effective and reproducible 
methodology, pre-existing or freely available satellite and airborne data have been used. The aim of this research 
was to develop models capable of identifying rainfall events with the potential to trigger landslides, as well as 
models that distinguish areas of heightened landslide susceptibility from those with low/no landslide susceptibility. 
Together, these modelling approaches can be used to generate a broad-scale early warning/forecasting system, 
which could help to reduce the losses associated with landslides across PNG.
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Rainfall-induced landslides in PNG
To understand the relationships between rainfall and landslide occurrence, records of historical landslides needed 
to be collated into an inventory. Information from a range of sources, including: (1) technical and site inspection 
reports obtained from the PNG Mineral Resource Authority (MRA) and the Department of Mineral Policy and 
Geohazards Management archives (Itiogen, 2007; Kuna and Moihoi, 2006; Browne, 1994; Tutton and Buleka, 1993; 
Peart, 1991); (2) accessible journal publications (Fookes and Dale, 1992; Griffiths et al., 2004; King et al., 1989); (3) 
newspaper records; (4) internet publications; and (5) supplementary archives (i.e. Dartmouth Flood Observatory 
database and United States Geological Survey (USGS) National Earthquake Information Centre’s (NEIC) Preliminary 
Determination of Epicentres (PDE) database) were used to extract pertinent information (date, location, type, size/
number, possible trigger and impacts) about each landslide. Only those landslides, where both the date and location 
could be established with reasonable accuracy, were entered into the database as this information is critical for 
analysing the characteristics of potential trigger mechanisms. 126 landslide entries were identified between 1970 
and 2009 (Fig. 1(A)). Each entry represents a unique temporal period in which a landslide or cluster of landslides 
occurred and/or the unique spatial location of a slide. 

Fig. 1| A Location of landslide-triggering events which occurred between 1970 and 2010. B A frequency distribution of monthly landslide 
triggering events compared against the regional monthly mean rainfall. 

Using this inventory, regional landslide occurrence was assessed relative to the interseasonal and interannual 
rainfall patterns that interact with PNG. Given the limited availability of rainfall gauge data, (freely-available) monthly 
rainfall data from the Global Precipitation Climatology Centre (GPCC; Adler et al., 2003; http://kunden.dwd.de/GPCC/
Visualizer) were used to compare monthly landslide frequencies with monthly rainfall climatology data (40-year; 
1970-2009; Fig. 1(B)). Monthly landslide frequencies were also compared with the monthly rainfall climatologies 
associated with different phases of El Niño Southern Oscillation (ENSO; Fig. 2). This analysis confirmed two widely 
held assumptions. Firstly, landslide events occur with greater frequency during the wetter season (December to 
May) than during the drier season (June to November; Fig. 1(B)) and, secondly, that more landslides are observed 
during years associated with La Niña episodes than years associated with either El Niño or ENSO neutral episodes 
(Fig. 2). The analysis also drew out a number of key considerations for rainfall-induced landslide occurrence. Of 
particular importance was the identification that, particularly for the latter half of the wet season, absolute mean 
month-to-month rainfall variability was found to be small, while changes in the monthly frequency of landslides 
were relatively large. This indicated that antecedent rainfall in excess of one month was likely to be important for 
the initiation of larger-scale landslides, such as those collated in the inventory. Furthermore, the findings hinted 
that rainfall driven by different dynamic mechanisms could result in different types of failure, at different times of 
the year. 
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Fig. 2| Regionally-averaged, monthly rainfall accumulations and monthly landslide frequency for (a) La Niña years (La Niña mean 
monthly rainfall calculated based on 13 La Niña years recorded between 1970 and 2009), (b) El Niño years (El Niño mean monthly rainfall 
calculated based on 11 El Niño years recorded between 1970 and 2009) and (c) ENSO neutral years (calculated based on 16 ENSO neutral 
years recorded between 1970 and 2009). GPCC RMM = the GPCC regional mean monthly rainfall calculated on all years (1970 to 2009; 40 
years), shown for comparison.

Although broad-scale relationships between rainfall and landslide occurrence were ascertained using the GPCC 
rainfall climatology data, the detailed rainfall patterns associated with individual landslides could not be assessed 
due to the temporal and spatial resolution of the datasets. This precluded the development of rainfall thresholds, 
which form the basis of many empirical landslide models used in early warning/forecasting systems. It was, therefore, 
necessary to find an alternative source of rainfall data with higher spatial and temporal resolution to address this 
issue. Satellite-based precipitation algorithms were considered for their extensive (spatial) and consistent (temporal) 
data coverage. Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA; Huffman 
et al., 2007) data, available at a spatial resolution of 0.25° x 0.25° and a daily temporal resolution (from January 
1998 to the present), were used to examine 
the rainfall characteristics which result in 
landslides, over different temporal periods. 
Daily rainfall time series were generated 
for the 100 days preceding each landslide 
that occurred between 1998 and 2009. The 
different rainfall characteristics that can 
result in landslides are illustrated in Fig. 3. 

Given the range of uncertainties and 
variability within both the rainfall and 
landslide datasets, a method to develop 
probabilistic rainfall thresholds for landslide 
initiation was used. This involved a combined 
approach based on the ‘multiple time 
frames’ method (Frattini et al., 2009; Zêzere 
et al., 2005; Fuhrmann et al., 2008) and 
Bayesian statistics (Berti et al., 2012). Using 
the ‘multiple time frames’ approach, rainfall 
accumulations and mean rainfall intensities 
were calculated for a number of rainfall 
event durations (5, 10, 15, 30, 45, 60, 75 and 
90 days). This was completed for both rainfall 
events preceding historical landslides and 
for rainfall events where no landslides were 
recorded. Magnitude-frequency distributions 
for rainfall events that resulted in landslides 
were compared against the magnitude-
frequency distributions of non-landslide-
triggering rainfall events. The relative 

Fig. 3| Cumulative rainfall curves for a sample of landslide-triggering events 
(LTE), illustrating the different rainfall characteristics which can lead to 
landslides in different parts of PNG and at different times of the year. The month 
of each landslide occurrence is shown on the top right of each plot. Horizontal 
arrows represent different rainfall event durations which could have been 
responsible for the landslides initiation.
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frequencies were then applied to the Bayesian methodology (Berti et al., 2012) and used to calculate the landslide 
probability, based on changing magnitudes and durations of rainfall events.  

The successful production of these landslide probabilities means that as rainfall forecasts and antecedent conditions 
(rainfall which has already fallen) spatially and temporally change, forecasters would be able to identify different 
locations, within PNG, which may become more or less prone to landsliding. The application of these thresholds 
needs to be carefully considered by forecasters, geotechnical experts, additional stakeholders and end users to 
ensure that the right actions are initiated at the right probability threshold.  

Landslide susceptibility in PNG
To fully understand landslide hazard, consideration of both the potential triggers (as outlined above) and the 
environmental control factors is essential. Therefore, in addition to the development of the probabilistic rainfall 
thresholds, a baseline understanding of the landslide susceptibility across PNG was required (i.e. landslide 
susceptibility without any input from a rainfall trigger). Landslide susceptibility is broadly defined as the likelihood 
of a landslide occurring in a specific area based on the local terrain conditions of that area (Brabb, 1984) and, 
therefore, requires a detailed analysis of the lithological and topographical controls of landslides in the area of 
study. This is typically completed as a two-step process whereby, (1) landslides are identified and classified within a 
historical landslide inventory and (2) environmental causal factors are identified and classified to produce landslide 
susceptibility maps. Given that the earlier landslide inventory had been restricted by only including those landslides 
with a verifiable date and location, the decision was made to re-produce the inventory with a greater emphasis on 
spatial, rather than temporal, accuracy. 

An updated landslide inventory was produced using satellite and airborne technologies. Freely-available, Landsat 
Thematic Mapper (TM) and Enhanced Thematic Mapper (ETM+) images were used in conjunction with high 
resolution (5m) digital terrain data acquired from Synthetic Aperture Radar (SAR). Both datasets were required so 
that both shallow landslides, which are most easily identified through multi-spectral methods (Fig. 4), and deep-

Fig. 4| False Colour Composite (FCC) images (acquired 19/04/2002) for the Western Province case study domain area with (A) showing a 
542 band combination and (B) showing the 457 band combination. The colours associated with different features (landslides, towns) are 
illustrated in insets A1, A2, B1 and B2.
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Fig. 5| Landslide susceptibility maps for the Western Province case study area using models; (A) with control factors, including slope, 
lineament distance, lithology and elevation, (B) with control factors, including slope, lineament distance and lithology, (C) with controls 
factors, including elevation, aspect and drainage distance, and (D) with control factors, including slope, lineament distance, lithology, 
drainage distance and elevation. Observed landslides are shown by black, dashed polygons.

seated landslides, whose morphological characteristics are easier to identify using high resolution digital elevation 
models (DEMs; Van Den Eeckhaut et al., 2005; Lin et al., 2004), could be identified. The use of a range of remote 
sensing approaches dramatically increased the sample size of landslides available for susceptibility analysis (n=191 
landslides in the Western Province case study area; n=366 landslides in the Chimbu Province case study area). 
These two remote sensing datasets also made it possible to distinguish landslide head scarps from depositional 
features, which is particularly important for accurate susceptibility analysis.

The location of the identified landslide head scarps in each case study region were assessed against the spatial 
distribution of lithological (lineaments, drainage, rock type and land cover) and topographical (elevation, slope, 
aspect and curvature) characteristics. The control factors of greatest relevance to landslide susceptibility in each 
case study area were identified based on a ratio between topographic and lithological parameters at landslide 
head scarps and topographic and lithological parameters at non-landslide sites (Coe et al., 2004). It was found 
that of the topographic parameters, slope was the most important factor for landslides in Western Province, while 
elevation played a more significant role for landslides in Chimbu Province. In terms of the lithological parameters, 
the distance from lineaments was found to be very instrumental for landsliding in both case study areas, as was 
the lithology, with high ratio values being calculated for mudstone in Western Province and limestone in Chimbu 
Province. 

In order to generate a single landslide susceptibility map for each case study area, those parameters considered 
most important for landsliding in each area needed to be combined, so that areas of high landslide susceptibility 
could be distinguished from areas of low/no landslide susceptibility. Fuzzy logic was used for this purpose, combining 
various control factor datasets to produce different landslide susceptibility maps (Pradhan, 2011). Four separate 
susceptibility models and maps were tested for each case study area (Fig. 5) and examined based on their ability 
to accurately ‘forecast’ the locations susceptible to landslide initiation, while not producing too many false alarms. 
The most favourable susceptibility model for Western Province used slope, lineament distance and lithology as its 
control factors (Fig. 5(B)), while the most favourable model for Chimbu Province used elevation, lineament distance 
and lithology as its control factors.
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Conclusions
This research has demonstrated that freely-available and pre-existing data can be used to analyse and develop models 
to inform landslide early warning/forecasting systems, in a data sparse region, such as PNG. It has been shown that 
probabilistic rainfall thresholds can be developed using satellite-derived rainfall estimates and that satellite and 
airborne remote sensing methods can be used to construct high resolution models of landslide susceptibility. As 
with any modelling framework, there are a number of caveats and assumptions associated with the triggering-event 
and landslide susceptibility models that need to be carefully considered. There is also a requirement for further 
testing and calibration of the models prior to any real-world application. However, the techniques and data outlined 
provide a cost-effective, robust and reproducible modelling framework, which could be employed by a range of 
users to inform of periods of heightened landslide susceptibility. The relationships identified and the potential of this 
modelling framework could be used to help mitigate landslide hazard in the region and, ultimately, reduce losses 
associated with these events. 
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