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Density distribution probabilistic home range estimators 

Product Kernel Algorithm (PKA)
The PKA extends van Winkle’s (1975) original UD that defines the frequency distribution of an animal’s occurrence in two-dimensional space to also include elevation as the third dimension of space, and time  (Keating and Cherry, 2009). Time can be handled in different ways depending on the questions being asked. For example, to evaluate temporal changes over years, time can be treated as linear. If repeatable patterns are to be investigated, like seasonal migrations or daily activity patterns, time can be given circular nature. For this, time is recorded as the day of the year and has an interval of [-π, π] radians (Keating and Cherry, 2009). This type of UD analysis uses a kernel based on the wrapped Cauchy distribution (Batschelet, 1981) that seeks to appropriately weight moments in circular time that are proximate to each other. As an example, when estimating the density of occurrence on the 365th day of the year, the observations from the 1st day of the year should have a higher weight than observations from five days before (360th day) (Keating and Cherry, 2009).

[bookmark: _Toc90479564]Network-based Kernel Density Estimator (NKDE)
First proposed by Downs and Horner, (2007), the NKDE uses a network and non-Euclidean distances (i.e., not in a straight line) to estimate space use. This seeks to improve the assumption of Euclidean distances in KDE. NKDE differs from the Kernel Density Estimator (KDE) in that location points are viewed as a sample taken from an animal’s network of movement trajectories, which are in turn used to recreate this underlying movement network on which KDE estimation is subsequently based. The network is constructed using Delaunay triangulation, which connects locations by creating triangles with the smallest angles possible. This way, long-distance Euclidean trajectories are avoided, as straight paths are only generated between location points that are close in space. Paths between distant locations are formed by intermediate locations rather than directly connecting them with a straight line (Downs and Horner, 2007b). NKDE adapts KDE to calculate space use using the constructed network as a base instead, i.e., distance-weighting is a function of the network and not Euclidean space. This is argued to better fit the underlying point distribution and more realistically identify areas of high intensity, although based on preliminary results. This could present advantages in cases of uneven space use, in the presence of barriers or corridors, or in an individual’s preference of transiting through certain areas (Downs and Horner, 2007b).
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Lattice-based density estimator (LDE)
The LDE (Barry and McIntyre, 2011) seeks to improve space use estimation by including boundaries to movement and holes within space use areas (i.e. unused areas), which are shortcomings of other traditional methods like KDE and Minimum Convex Polygon, e.g., (Getz and Wilmers, 2004; Powell, 2000). The LDE method first creates a polygon in the shape of the study area and fills it with nodes. The distance between nodes is user defined and should be as small as possible, also defining the number of nodes in the grid. (Barry and McIntyre, 2011). Nodes are then linked to their immediate neighbours in eight possible linking directions to form a lattice, which represents the possible movement directions from each node. The grid is then shaped to fit the study area by removing nodes and/or links in places with boundaries to movement or geographic features, like shorelines, islands, or strips of impenetrable land over which two nodes are linked, or following another type of resoning the researcher might have. This way, areas outside of the polygon that conforms the study area, which have neither nodes nor links, are assigned a density of zero and are not considered in space use estimation (Barry and McIntyre, 2011). A node can therefore have between one to eight neighbouring nodes, depending on its place in the grid. Then a Brownian motion-based random walk restricted to the previously defined boundaries is set on the lattice. However, unlike most Brownian-bridge based models, LDE modeling assumes independent relocations, and the path between two relocations is not constrained at the start and end. Random walks begin at each node where an observed location point is placed, and at the beginning (at k=0 steps) the probability density will be distributed only in those nodes. Then these disperse to other nodes with each step of the random walk. For each step’s direction, the random walk considers the number of neighbours surrounding a point (the possible directions of movement) and parameter M. This parameter ranges from 0 to 1 and indicates the probability that the random walk will remain at the current location. The lower the value, the more steps are needed to achieve the same degree of smoothing (Barry and McIntyre, 2011). This is used to generate a transition matrix with the probabilities of a step’s action, to remain at the present location or move to one of the neighbouring locations. The fewer neighbours a given node has, the higher the probability to remain at the same location will be, and therefore the node will be of higher density. However, the configuration of the transition matrix can be changed, for instance, to a uniform probability of remaining at the node across the study area, to vary flow rates in different sectors of the study area, or to promote movement in certain directions (Barry and McIntyre, 2011). Density estimations result from the sum of all random walks that originated from the observed relocations. Smoothing of the density map is greater with an increasing number of steps, therefore selecting k is akin to defining bandwidth. By seeking the value which minimizes the unbiased cross-validation criterion (Sain et al., 1994) the optimal number of steps value can be obtained (Barry and McIntyre, 2011). LDE has been used to estimate the activity space of sharks within bays of complex topography (Kneebone et al., 2012; Legare et al., 2015). An R-package called latticeDensity was developed to use this space use estimator[footnoteRef:1] (Barry and McIntyre, 2011). [1:  https://CRAN.R-project.org/package=latticeDensity] 
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