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The orientations of planar rock layers are funda-
mental to our understanding of structural geology and
stratigraphy. Bedding orientation measurements are
conducted in-situ at sub-meter scale, using a compass
clinometer. High-resolution elevation models open
the possibility of assessing bedding attitudes from
aerial and orbital data. Remotely-gathered bedding
orientations underpin foundational studies of sedi-
mentary [6, 4] and structural [5] processes on early
Mars. With the advent of unmanned aerial vehicles
(UAVs) and photogrammetric structure-from-motion
terrain models, this technique is increasingly used in
Earth science as well [e.g. 7].

The planar orientation of a 3D point cloud is
found using linear optimization techniques such as
regression and principal-component analysis. These
minimization algorithms excel at the delivery of
nominal fits but do not provide means of assessing
the uniqueness or statistical quality of orientations.
Dataset noise, measurement uncertainties, and the
geometry of the input point cloud contribute to to-
tal errors in planar orientations. In the pathological
case shown in Figure 2, an exposure of bedding on a
planar hillslope has large errors along one axis of the
plane. We propose a method to assess the quality of
planar fits and visualize their error distributions, in
order to support high-precision structural analysis of
bedding.
A new statistical method: The statistical method
developed in this project is based on principal-
component analysis (PCA), which has been used for
planar fitting in paleomagnetism [3, 2] and robotics

[8]. Error is minimized orthogonal to the fitted line,
removing the implicit null assumption of horizontal-
ity inherent in linear least-squares fitting. Error sen-
sitivity can be rescaled independently on any axis
of the input dataset. This allows the incorporation
of horizontal errors (e.g. photogrammetric image-
registration error), which are especially important for
data collected at high incidence angles, such as UAV
imagery from alongside a cliff face.

Figure 1: Representation of three PCA axes for well-
defined exposure of bedding, with enough 2D structure in
the point cloud to achieve a planar fit with <1º errors.

PCA rotates data into alignment with orthogonal
axes of maximal variation of the dataset. The first
two principal components, x1 and x2, define the fit-
ted plane, with errors oriented along along x3. Fig-
ures 1 and 2 show a fitted dataset decomposed along
these axes. The magnitude of error to the fitted plane
is computed using Gaussian statistics and the noise
covariance of the dataset [1]. These statistical mech-
anisms allow the computation of hyperbolic errors on
the fitted plane (Figure 2a).
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Figure 2: Representation of three PCA axes for a “pathological” bedding plane, with an exposure well-defined in only
one dimension on a smooth hillslope. Many reasonable planes can be fit through this essentially linear exposure.
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Figure 3: (a) A schematic representation of Cartesian errors to a planar fit, and their projection to spherical space. (b)
Spherical errors to planes represented as girdles on an upper-hemisphere stereonet, showing the projection of dipping
planes onto a sphere as in a. A planar fit created by grouping individual planes is shown in red. (c) The same planes
represented as normal vectors in dip-azimuth space. The grouped fit is shown in red, along with individual planes
refitted with errors fixed orthogonal to the grouped plane.

Translation to spherical errors: We avoid the non-
linear statistical effects of transformation to spherical
coordinates (e.g. strike and dip) by completing sta-
tistical analysis entirely in Cartesian space. For vi-
sualization, error bounds are projected into spherical
space using hyperbolic tangents (Figure 3a). Thus,
uncertain planes can be plotted on stereonets both as
girdles (bundles of planes) and ellipses around nor-
mal vectors (Figure 3b and c).
Grouped fitting of stratigraphic data: The Cartesian
error framework can form the basis for a variety of
statistical transformations. For instance, measured
orientations can be jointly fit under the assumption
of parallel layers within the same stratigraphy (Fig-
ure 3b and c), the orientation of minimization can be
tuned based on prior assumptions (Figure 3c), and nu-
merical error-analysis techniques can be used within
this framework. These higher-level tools can assist
in the assembly of statistically powerful results from
discontinuous bedding exposures.
Software: Several software packages supporting
this method have been developed: the attitude pack-
age contains the core of planar fitting and error anal-
ysis methods implemented in Python, and the Ori-
enteer application (in Javascript, Python and Post-
greSQL) wraps the main algorithms, supporting their
use over large datasets (Figure 4). The entire data-
analysis stack is based on free and open-source soft-

ware.

Figure 4: A screenshot of the Orienteer application show-
ing data visualization functionality.

Conclusion: This new mechanism for fitting bed-
ding orientations allows the propagation and visual-
ization of errors in remotely-sensed bedding orienta-
tions. Along with the included software implemen-
tation, this method will allow geologic inferences
near the resolution limit of 3D surface models, and
broaden the set of interpretations that can be made
from aerial and orbital data.
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