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1. Introduction

Accurate landslide predictions are essential for mitigating 
physical, social and economic risk. Landslides account 
for some $18M p.a. direct costs to EQC (Sally Dellow, 
pers. comm.) and have a significant impact on the wider 
community when damage to commercial buildings, 
transport, utilities and indirect and social costs are 
included ($250M p.a.; Page, 2014). Some 90% of triggered 
landslides are related to rainfall processes (Sally Dellow, 
pers. comm.). In a warming climate, the severity of 
extreme rainfall is expected to increase (IPCC 2013; 
MfE 2018), which will in turn impact the frequency of 
incidences of landslides.

Research in New Zealand on rainfall-induced landslides 
has focused on geomorphology and geomechanics, for 
example making use of advanced satellite-based slip 
mapping techniques and aerial photography campaigns. 
Rainfall-Induced Landslide Hazard Models (RILHMs) 
which forecast the probability of slope failures have been 
proposed and tested (Dellow et al., 2010, 2012). RILHMs 
are the standard way to calculate landslide risk, with 
more complicated models involving details like soil type, 
vegetation and human activities. This paper only looks 
at terrain gradient and rainfall to observe how different 
rainfall data affects the outcome of the model.

The accuracy of RILHMs must to some extent be limited 
by the spatial and temporal representativity of rain gauge 
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observations that fail to capture the significant spatial 
variability of intense, localised rainfall. Rain radar provides 
an attractive solution to the rain gauge spatial sampling 
limitations. However, Milsom et al. (2007) found the 
standard hourly “gauge corrected” radar accumulations 
generated by Meteorological Service of New Zealand 
Ltd. (MetService) to be unsuitable for detailed sewer 
infiltration and flow modelling, at scales broadly similar 
to those required for RILHM. In the authors’ view, non-
expert radar users are often confronted by processed 
radar data which suffers from significant methodology 
errors; no treatment of sampling intermittency (due to a 
7.5 minute duration volume scanning strategy), lack of 
rigour in addressing and correcting range-related biases, 
a poorly implemented ground clutter suppression scheme 
and over-reliance on gauge-adjustment in an attempt to 
wash out the cumulative effects of sub-standard processing 
results in large localised biases in the rainfall analysis. 
Significant further post processing and quality control 
was found to be required to provide unbiased and usable 
sub-hourly (1 minute)  radar data suitable for stormwater 
applications (Sutherland-Stacey et al., 2017). MetService 
data licencing mean that this newer analysis cannot be 
deployed for RILHM at present. In the meantime, it is 
instructive to consider observations from a research 
radar platform with broadly similar characteristics, albeit 
over a smaller area. 

The Gisborne region is one of the most erosion prone 
areas in New Zealand (GDC, 2013), yet the region is only 
sparsely gauged. In 1996, the University of Auckland 
deployed a mobile rain radar to the Matawai region in the 
path of an extratropical cyclone with the aim of observing 
orographic enhancement processes associated with the 
onshore easterly flow. Some two decades later, the data is 
still of much higher spatial and temporal resolution than 
any operational rainfall observing system on the East 
Cape, including the recently commissioned MetService 
radar at Mahia. 

In this work, the available radar data from 1996 is 
revisited to provide spatial rainfall estimates for a 
conceptual RILHM. The radar data has been used at its 
original resolution (100x100m) and also sub-sampled to 
generate synthetic rain-gauge measurements within the 
monitored area. Comparisons of RILHM hazard maps 
driven with spatially resolved radar-derived rainfall 
or with synthetic rain gauge results have been used to 
investigate the sensitivity of RILHM performance to 
the rainfall gauge data which is currently operationally 
available. Investigating the suitability of regional rain 
gauge networks for RILHM is very timely given the 
planned operationalisation of landslide “Nowcasting” at 
the National Geohazards Monitoring Centre (NGMC) 
(Sally Dellow, pers. comm.).  

2. Methods

2.1 Radar Rainfall Observations and Rainfall Hazard 
model

The University of Auckland mobile X-band “Caravan” 
radar collected observations of rainfall in Matawai (radar 
sited at 38° 22’ 01.47’’ S, 177° 32’ 45.68’’ E at an altitude 
of 609m, Photograph 1) between 25 and 28 January 1996. 
The data and its original analysis are described by Jordan, 
Seed and Austin (2000). An example of an instantaneous 
rainfall field obtained from the radar observations is 
provided in Figure 1. 

Archived processed radar data was available for seven 
hours during the time interval between 27 and 28 January 
1996 with a 5 second sampling frequency.

In this proof of concept study we ignore the significant 
difficulties in calibrating radar estimates of rainfall. 
This would be problematic if radar results were to be 
compared with real rain gauge measurements. However, 
synthetic rain gauge results are drawn from the same 
[uncalibrated] radar data set, ensuring there is no relative 
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bias between the point and spatial rainfall estimates. The 
choice of a synthetic rain gauges approach is pragmatic, 
firstly it avoids the radar calibration requirement and 
isolates spatial representation errors from pointwise 
rainfall estimation errors associated with both radar 
and rain gauge measurement types, allowing for a 
discussion of the suitability of using spare point sampling 
approaches (such as gauges) for RILHM. Secondly, we are 
unaware of any nearby rain gauge observations for the 
radar observations considered in this study. A downside 
of ignoring radar-rainfall estimation errors is that the 
thresholding or rainfall intensities is essentially arbitrary 
(any systematic radar calibration errors or unsuitability 
of the chosen Z-R relationship, which can be ignored 
for the synthetic gauge comparison, now manifest in an 
unknown relative bias on the chosen thresholds). On the 
other hand, in an operational system it might actually be 
preferable to ignore the complicated reflectivity-rainfall 
transformation entirely and instead set dBZ thresholds 
which best predict observed slipping. 

The principal radar measurement is reflectivity (Z), 
typically expressed in logarithmic terms (dBZ = 10 log Z). 
Light rain is associated with reflectivity values between 20 
and 30 dBZ and a heavy rainfall is characterised by values 
above 40 dBZ. The rain accumulations (mm) over each 
5-second interval were calculated from the reflectivity 
measurement as follows. Rain rate (R) in mm/hr was 

calculated using the Marshall-Palmer (1948) relationship;

Rainfall accumulations (A) in mm for each 5-sec sampling 
interval (∆t=5/3600 hr) was calculated;

A = R∆t 

Summing the accumulation values over an hour gives the 
total radar-derived hourly accumulation for each pixel. 
An example of the resulting rainfall accumulations is 
provided in Figure 2. 

Photograph 1: A scenic view in the Matawai region, looking South over the region interrogated by the radar in 1996.

Figure 1: Radar Reflectivity (dBZ) at 12:17:37 NZST 28 Jan 1996 overlaid 
on topographic contours (100m contours).
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These hourly accumulations, which broadly reflect the 
transient intensifications of rainfall, were classified in 
terms of the associated landslide risk suggested by the UK 
Met Office (2007), as reproduced in Table 1. The resulting 
risk mappings for the 1 hour periods are provided in 
the bottom of Figure 2. It is worth mentioning that 
the research radar platform, with a scan cycle of about 
10 seconds, is well suited to the production of hourly 
accumulation maps as the advection of rainfall between 

scans is typically much less than the pixel size. The much 
longer sampling intermittency typical of national radar 
observation platforms can lead to the introduction of 
significant representation errors into radar derived 
accumulation maps (Shucksmith et al., 2011) which 
would then propagate onto any coupled modeling. 
Therefore, the sampling intermittency of the national 
radar observations will need to be dealt with if national 
radar observations are to be used in RILHM. 

Figure 2: Radar Total Accumulation (mm) – Top Left: between 11:42 and 12:42  28 Jan 1996 and Top Right: between 10:06 and 11:06 28 Jan 1996. Bot-
tom: Corresponding Rain Accumulation Risk Classifications. Regions where no radar measurements were made or where returns from ground targets 
dominate meteorological signals are masked in grey.
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Rain Type Rain Accumulation (mm)

Slight (0) < 0.5
Moderate (1) 0.5 - 4
Heavy (2) 4 - 6
Severe (3) > 6

Table 2: Slope susceptibility

Susceptibility: Slope Slope Angle

Low (0) < 20°
Medium (1) 20° - 28°
High (2) 28° - 36° 
Very High (3) > 36°

2.2 Terrain Risk model

A slope susceptibility map was created from 100-m 
topographic data. The probability of landslides in locations 

with gradients below 20° were excluded, as shallow slopes 
are deemed unlikely to experience landslides (Duc, 2013). 
Higher risk was assigned to gradient brackets above 20° 
in 8° increments. Figure 3 shows the Matawai terrain and 
elevation map which gives an overview of the terrain and 
slope data. The susceptibility intervals are shown in Table 
2 according to Do Minh (2013).

2.3 Dynamic Risk Maps and Spatial Sampling

RILHM requires the combination of terrain susceptibility 
and rainfall triggering. As a conceptual starting point, 
the terrain and rainfall risk indices were combined 
multiplicatively for each hourly period to produce 
Rainfall Induced Landslide (RIL) risk maps.

While no rain gauge data was available, it is reasonable 
to expect that at most a single rain gauge would be 
available within the study area in backcountry East Cape. 
Thus, synthetic rain gauge results are drawn from the 
median and maximum results from the radar data set. 
Corresponding gauge RIL risk maps were produced as a 
comparison to radar RIL risk maps. 

An ensemble of point rainfall sampling realisations 
was drawn from 200 randomly located synthetic rain 
gauges for all the hourly radar accumulations. HITS, 
MISSES, FALSE ALARMS and CORRECT NEGATIVES 
were analysed by finding the Probability of Detection 
(POD) and the False Alarm Ration (FAR). The following 
equations show how these were calculated. These values 
range between 0 and 1. The perfect score for the POD is 
1, whereas the perfect score for the FAR is 0 (Jolliffe and 
Stephenson, 2012).

Figure 3: Terrain map in the region surrounding the radar at Matawai, 
showing site elevation with 100-m contours. The radar was located 
at (0,0).

Table 1: Rain accumulation classifications
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3. Results

Figure 4 provides the resulting RIL risk maps for the same 
hourly periods as plotted in Figures 2. 

Figure 5 represents different realisations of RIL hazard 
maps derived from subsampling one gauge location from 
radar accumulations 11:42 to 12:42 28 Jan 1996, for a 
gauge that (by chance) samples the spatial median rain 
accumulation for the hour (left) or the maximum pixel 
accumulation (right). The trivial case of a rain gauge 
which samples a low rainfall amount (whereby the risk 
everywhere is “low”) has not been plotted. The maximum 
synthetic accumulation overestimates the area impacted 
by rain, and therefore the associated landslide risk is 
overstated as any area with significant slope set off an 
alarm. Similarly, the uniformity of a gauge measurement 
means that even the median accumulation assigns risk 
(albeit lower) to all sloped areas.

For a real rain gauge measurement, it is not possible 
to know if the gauge sampled a representative rainfall 
amount for any discrete event (perhaps more correctly, 
the gauge record generates little or no information about 
the degree of spatial heterogeneity or anitrosophy of the 
rainfall). However, repeated random sampling of single 

hypothetical point rainfall measurements from the hourly 
radar data can be used to explore the sensitivity of the RIL 
risk maps to the sampling location.  

For each synthetic rain gauge, a spatial RIL risk map was 
constructed and validated against the equivalent radar-
derived RIL risk map at the “High” hazard level. HITS, 
MISSES, FALSE ALARMS and CORRECT NEGATIVES 
were registered as shown in Table 3.  

Rain gauge 
Ensemble

Radar RIL Risk

YES (index>=6) NO (index<6)
YES (index>=6) HITS 

0.0208
FALSE ALARMS
0.0422

NO (index<6) MISSES
0.0288

CORRECT NEG.
0.9067

A variety of skill score metrics could be constructed from 
the aggregated HITS, MISSES and FALSE ALARMS and 
used to assess model performance. Two key metrics are 
chosen for the assessment reported in this work.

The POD - the fraction of observed YES events that were 
correctly forecast and FAR - the fraction of predicted YES 

Figure 4: Combined RIL risk map for the same 1-hour time periods as Figures 2 (Left: between 11:42 and 12:42  28 Jan 1996 and Right: between 10:06 
and 11:06 28 Jan 1996).

Table 3: Contingency table for the radar and simulated gauge ensemble 
data for 200 synthetic rain gauge RIL risk maps
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events that did not occur, were determined to be 0.42 and 
0.67 respectively for the ensemble of randomly located 
synthetic rain gauges.

The comparatively low POD and high FAR show that for 
a single rain gauge, it is more likely that the associated 
RIL risk map will contain more pixels which are  “FALSE 
ALARMS” than “HITS”, when compared to a radar derived 
RIL. These values highlight the potential insufficiencies of 
rain gauge data in landslide prediction systems compared 
to the radar-driven model. 

4. Discussion and Conclusions

The results demonstrate the difficulties in sampling 
the spatial and temporal character of rainfall   and 
implications for coupled modeling approaches. Rainfall 
is highly variable in both space and time and localised 
short duration, high intensity, rainfall patterns are almost 
impossible to resolve with rain gauge networks, meaning 
any coupled modeling activity which is sensitive to these 
scales may be confounded by poorly representative 
boundary conditions. The work particularly highlights 
the propagation of the spatial sampling errors associated 
with point gauge measurements into rainfall-derived risk 

maps. On hourly time scales, the extent of the landslide 
risk estimate has been shown to be highly dependent on 
the (essentially random) location of the rain gauge and 
“MISSES” and “FALSE ALAMRMS” dominating the rain 
gauge risk maps. Rain-gauge based estimation methods 
may therefore be a dominant source of uncertainty in 
RILHM when any degree of heterogeneity exists in the 
rainfall field and therefore it may not be appropriate to 
rely solely on rain gauge measurements in this application. 
This is important for landslide prediction systems as 
rain radar provides the detail necessary to assess risk in 
areas with significant gradients. This study has analysed 
a limited hourly dataset as a first step to investigate the 
implications of using radar or gauge data in landslide 
prediction.  An extension would be to repeat the  analysis 
with a much larger data set and make comparisons 
directly with rain gauge records. This would best be done 
with  the long term (multi-decadal) records from the 
national radar network. Comparison of risk maps with 
actual landslide locations has been excluded for this work, 
primarily due to the difficulties in sourcing records for an 
event which occurred some two decades ago. Future work 
will explore slipping associated with more recent events 
for which comprehensive satellite derived landslide maps 
exist.

Figure 5: Hypothetical RIL risk for a rain gauge which happened to sample the median (left) or maximum (right) accumulation for the period between 
11:42 and 12:42 28 Jan 2019. 
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