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Introduction
The state of Washington in particular is known for its high annual precipitation, as well as
containing a major fault zone (Seattle Fault Zone) and multiple active volcanoes (Mount Rainier
and Mount St. Helens). These potential landslide triggers, as well as the elevated local terrain,
and presence of several large cities, make Washington a perpetual landslide hazard zone. The
Washington Department of Natural Resources (WADNR) has recorded a total of 38 major
landslides (i.e. those resulting in significant property damage or loss of life) between the years of
1984 and 2014, resulting in a total of 54 deaths and approximately $300 million in damage
(Goldmark, 2015). Most notable among these landslides was the SR 530 landslide, commonly
known as the Oso Landslide, which occurred on March 22, 2014 in Snohomish County. The Oso
Landslide resulted in 43 deaths, the destruction of 49 homes, as well as blocking State Route 530
for approximately 2 months (Goldmark, 2015). As a result of this catastrophe, several of the
counties in the vicinity of Snohomish have taken proactive steps to plan for and mitigate the
effects of landslides within their jurisdictions. One such county, Pierce County, has taken the
added step of acquiring a map of all known landslides within the county border, curated by
WADNR.
The aim of this project is to develop two additional landslide maps for Pierce County: 1) a
landslide susceptibility map, showing the geographic location of landslide susceptible slopes as
well as their degree of susceptibility, and 2) a landslide risk map, showing the geographic
location of structures within the county at risk of being effected by a future landslide, as well as
the estimated amount of risk in dollars.

The K Means Clustering algorithm is used frequently in concert with GIS to determine the
locations of clusters of data in geographic space. For the purposes of this study, it is used to
determine the location of areas with a low likelihood of developing a landslide by locating
clusters of pixels with slopes of 0 degrees. By using these pixels to train the algorithm to
recognize the non-landslide class, the models improved significantly in their ability to
accurately recognize landslides.
The three models used in this study showed accuracies of 91.167% for the north peninsulas
model, 91.409% for the central urban model, and 86.032% for the southern Mt. Rainier area.
Model accuracy was determined by calculating the Area Under the Receiver Operating
Characteristic Curve, a standard metric used determining the accuracy of a classification
model.
Data

Figure 3: Resulting Maps from the Susceptibility and Risk Analyses

Figures 4 and 5 show the distribution of
landslide susceptibility and risk within the
county, respectively. It is clear that the majority
of the county is unlikely to be susceptible to
landslides and bares a low economic risk,
however there is a significant portion of the
county area and real estate value that is of the
highest designation of landslide susceptibility
and risk.
The results of this study will provide Pierce
County with the necessary information to plan
future development with landslides in mind, as
well as the information to determine how to
allocate resources in order to mitigate the
future loss of property assets from landslides.

Artificial Neural Networks are one of the most common supervised learning techniques used
for landslide susceptibly analysis. Loosely inspired by the synaptic interactions of the human
brain, ANNs are used to recognizing patterns in the features of a previous knowledge of similar
data. This is done via a process known as training, in which the model “learns” to approximate a
high-level function by stochastically updating a set of parameters
based on the difference between each round of outputs and the
desired outputs designated by the previously labeled dataset.
This is done using a network of ”neurons” representing linear
functions. The output of each neuron is fed to the neurons in the
next layer by means of non-linear function. The resulting structure,
demonstrated in figure 1, allows the algorithm map a set of input
input variables to label by approximating a high complexity
function. The neural networks used in this study were
implemented using the sklearn.neural_network.MLPClassifier()
Figure 1: Basic Neural Network
function in Python 3.6 .
Structure
When used for a task such as landslide susceptibility analysis,
neural networks fall under a family of algorithms known as binary classifiers. These types of
algorithms are used to classify different data points into either a positive or negative category. In
the case of this study, the data points represent pixels on the map, the positive category
represents a landslide, and the negative category represents a non-landslide. The algorithm is
able to estimate the probability of a landslide in any given area by calculating the probability of
membership of each pixel to the landslide category.
K Means Clustering is a supervised learning algorithm used to partition data into a
previously determined number of classes without any prior knowledge of the variable domain.
In this algorithm, k centroids are distributed randomly within the n-dimensional space of the
explanatory variables. The distance between each centroid and each data point is then
calculated. Each centroid then relocates to the average position of those points for which it is
the closest. This process is repeated continuously until the sum of the squared distance between
the positions of the centroids from one iteration to the next drops below a certain threshold.

Figure 3 shows the
resulting maps of landslide
susceptibility generated via the
neural network. The map on
the left shows the county with
each pixel representing the
probability of a landslide,
while the map on the right
shows the county with each
tax parcel represented by the
maximum landslide
susceptibility within its
borders.
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Figure 2: The eight spatial variables used in this study as well as a labeled dataset of known landslides within the county.

Figure 4: Distribution of Landslide Susceptibility within the county

Figure 5:Distribution of susceptible land and property
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