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This work presents a three-dimensional surface map-informed Active Terrain Relative
Navigation (ATRN) system for spacecraft precision landing and extra-planetary surface mobility
applications. Rotationally and scale-invariant 3D feature extraction and identification methods
are introduced, facilitating both global and relative localization in real-time. Numerical spatial
gradient and Laplacian methods exploit the surface statistics of the local terrain to identify
points which exhibit high degrees of slope and curvature. In contrast to these derivative-based
approaches, the proposed Zernike Invariant Gradient (ZIG) 3D feature extraction method is
fundamentally built on an integral technique and is inherently robust to noise. Reliable detection
and description of 3D features enables correspondence between successive digital elevation map
(DEMs) and onboard global reference maps. Resultant fused high-resolution maps inform
hazard detection/avoidance and safe-site selection activities for precision landing applications
and route planning for surface mobility applications. The architecture of a standalone C++ flight
software library that implements the proposed methodologies is also presented. Performance of
the proposed ATRN system is evaluated via extensive testing with synthetic digital elevation
maps in real-time hardware-in-the-loop (HITL) simulations as well as data obtained during
helicopter flight testing of the NASA Goddard Hazard Detection LiDAR (HDL).

I. Introduction

Active sensing systems such as LiDAR enable robust navigation in environments characterized by hazardous terrain,
variable lighting, or limited map availability by producing three-dimensional surface digital elevation maps (DEMs)
independent of illumination. In these scenarios, passive terrain relative navigation (TRN) systems informed by standard
two-dimensional (2D) imagery are inadequate due to illumination variance and difficulty matching high-resolution
real-time images to low-resolution reference imagery. To robustly leverage terrain maps for localization and hazard
detection/avoidance activities, novel approaches for three-dimensional (3D) feature extraction and correspondence must
be developed.

Passive TRN methodologies have been ubiquitously employed for the majority of historical human and robotic
space exploration missions during both descent, landing and surface mobility operations. Over time, state-of-the-art
passive TRN approaches have continuously evolved delivering impressive navigation accuracies with position errors
less than 10m for Lunar precision landing [1]] and 1m [2]] for ground mobility operations when subjected to favorable
lighting conditions. However, these systems break down quickly in situations where 1) insitu lighting conditions are not
consistent with conditions captured by orbital imagery, 2) orbital imagery resolution severely exceeds in sifu imagery
ground sample distance, or 3) no a-priori information of the underlying terrain exists [3]. Ongoing work is attempting
to produce illumination invariant 2D feature identification algorithms to enable template matching between two images
exhibiting varying lighting conditions [4], however this approach requires significant pre-mission analysis and is not
practical for long-duration autonomous missions with consistently changing lighting conditions. Real-time synthetic
image generation can be employed to produce reference imagery for comparison between in situ imagery [J3]], but this
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approach requires accurate knowledge of the spacecraft state or sufficiently close adherence to the reference trajactory,
and is computationally demanding.

Active 3D surface mapping sensors and associated algorithms which leverage the structured elevation data can be
employed to circumvent the aforementioned shortcomings of traditional passive TRN systems. Given this massive
value proposition, there are numerous on-going NASA-funded activities to develop a surface mapping sensor capable
of creating high-resolution DEMs at ranges and within timelines required for precision landing operations including
the Hazard Detection LiDAR (HDL) being developed at NASA Goddard Space Flight Center and the Europa LiDAR
Sensor Assembly (ELSA) being developed at NASA Jet Propulsion Library with Hexagon US Federal [6,[7]. While
specific mission concept of operations (ConOps) typically define the detailed performance requirements, many of these
active surface mapping sensors are targeting the ability to generate a 100m X 100m DEM with a ground sample distance
of 10 cm or better within 4 seconds or less from at least 500 m range to target to accomodate both Lunar and Martian
descent and landing operations. These performance criteria are required to ensure the robotic or manned lander has
enough time and information to perform hazard detection/avoidance activities.

Although significant attention is being paid to the development of the surface mapping sensors, spacecraft navigation
systems which natively leverage digital elevation maps to robustly perform localization and mapping with sufficient
accuracy do not exist. While extensive work has been done in the fields of 3D feature/object recognition [8-13]] and
simultaneous localization and mapping (SLAM) [[14H17] for applications including robotics, autonomy, and machine
learning, these methods succumb to the unique challenges produced when trying to navigate with respect to natural
terrain. Iterative approaches to correspond 3D point clouds yielding a relative position and attitude between two or more
clouds, such as Iterative Closest Point [18]], are widely used in robotics. However, these techniques are computationally
burdensome, often rely on a highly accurate initial guess, and are not robust when comparing point clouds encompassing
vastly different sizes and resolutions. Template matching approaches such as normalized cross correlation (NCC) [19]]
can be used to match digital elevation maps without an initial guess, but exhibit the same shortcomings as iterative
methods with regards to computational requirements and increased complexity when comparing maps of different sizes
and resolutions. Sparse 3D feature-based methods such as global point signatures (GPS) [20], intrinsic shape signatures
(ISS) [21], heat kernel signatures [22]], and wavelet signatures [23]] offer an advantage in terms of processing time and
are more analogous to passive TRN approaches, but results acquired during this work indicated that existing methods
are insufficient when attempting to extract and correspond features from natural terrain.

To address these shortfalls, a holistic sparse 3D keypoint-based active terrain relative navigation system has been
developed and is presented in this work. Primarily, this work details multiple novel rotationally and scale invariant 3D
feature extraction and description methods along with robust correspondence algorithms. These developments enable
accurate global and relative localization as well as producing a high-resolution DEM constructed from successively
observed terrain maps. A standalone C++ flight software library has also been developed with plans for release in the
NASA software catalog. Performance of the proposed ATRN system in terms of navigation accuracy, robustness to
common sensor induced artifacts, and computation aboard representative space flight hardware is evaluated on both
synthetic and flight test DEM data.

I1. Feature Identification from 3D Surface Maps
Extracting salient features from digital elevation maps representing natural terrain is inherently challenging due to
the general lack of unique high-contrast regions (topographically speaking). Once reliable features have been detected,
they must be described in a rotationally and scale-invariant manner such that they can be corresponded with features
from other surface maps which may exhibit different ground sample distances, extents, and local reference frames.

A. Surface Map Pre-Processing

Before attempting to extract features from the relevant DEMs, it was imperative that the DEMs are pre-processed
to ensure that the extraction methods did not falsely identify certain data as features to track when they might not
be persistent across different DEMs of the same terrain. The first step in this process was to mitigate a common
issue in DEMs stemming from LiDAR data. Due to various hardware, and potentially some post-processing related,
shortcomings, it was found that some DEMs generated from real data contained elevation outliers with a significantly
high deviation from surrounding data. Specifically, after manually identifying a candidate outlier cell in the DEM,
comparative statistical analysis of surrounding elevation and slope values clearly indicated errant sensor returns. To
mitigate the effects of outliers, which are persisent in LiDAR sensing technology [24], an elevation outlier filter was
implemented. The outlier filter sweeps through each elevation point and finds the standard deviation of elevation



of all neighboring points. A minimum required neighbor threshold ensures that not too many edge elevations are
removed when there are not enough data points surrounding a given point due to empty pixels or edges. Once the
standard deviation is found, the data point in question is then compared to the mean surrounding points. If this elevation
difference is greater than some multiple of the surrounding standard deviation, it can be characterized as an outlier and
smoothed over to be the median of the surrounding elevations. Although a median pre-filter could further reduce the
effects of elevation outliers and noise, empirical data indicated the pre-filter tended to excessively smooth over the data,
removing potentially valuable information about crater rims or sudden terrain changes.

Subsequently, DEM pre-conditioning was employed in the form of a 2D Fourier-based low pass filter to mitigate
the effects of sensor noise. Notably, it was found that when comparing DEMs of different ground sample distances,
applying any of the proposed 3D feature extraction methods resulted in differing information maps (details to follow).
For example, when looking at a large rock placed in an otherwise level hazard field, the slope, Laplacian, and Zernike
invariant gradient (ZIG) information maps would look different at different resolutions. More specifically, if the goal
is to investigate locations exhibiting of high degrees of slope, the DEM with a smaller ground sample distance (finer
resolution) would be able to discern more data between the level terrain and the edge of the protruding rock. This
would mean that the DEMs with a smaller ground sample distance would consistently find higher slopes around areas
where the terrain changes are on the order of magnitude of the resolution. The 2D Fourier filter solves this by first
completing a 2D Fourier transform of the underlying DEM, removing data corresponding with higher frequencies, and
then completing a 2D inverse Fourier transform. This cutoff frequency is tailored to the physical distance of wavelengths
which should be removed, and the resulting processed, inverted Fourier map eliminates differences in ground sample
distance. It must be noted that due to the edge effects along the edges of the DEM and null-values, a buffer must be
applied to ensure that the extracted features were not a result of edge effects but rather the underlying terrain. In addition,
a Tukey window effectively mitigated the stronger effects on the edges of the DEMs.

Finally, it must be noted that these pre-processing steps contribute to a significant portion of the total computation
time, and especially due to the nature of the 2D Fourier transform, an excessively large DEM results can drastically
increase computation time. Fortunately, this pre-processing step and subsequent feature extraction steps only need to be
computed once for a DEM that is likely to be large, such as an onboard reference DEM.

B. 3D Feature Extraction

The first step to 3D feature identification between disparate surface maps is extracting a set of candidate feature
locations. It is important to note that high-quality 3D features must exhibit three key qualities: uniqueness, repeatability,
and invariance. Previous work presented spatial gradient methods to find points at which the underlying surface exhibits
high/low-degrees of slope, denoted the high/low-gradient methods, respectively [25]]. For both the high- and low-gradient
methods, the first step is to produce a two-dimensional off-vertical angle map using numerical differentiation. For a
function f(x, y) represented by a digital elevation map, the off-vertical angle, 6, at each point (i, j) is calculated as:
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where 6—‘)’: is the partial derivative in the x-direction and ? is the partial derivative in the y-direction. High-gradient
features are located by finding maximum values of the off-vertical map, and low-gradient features are located by finding
minimum values of the off-vertical map. Notably, both gradient methods are inherently not rotationally invariant
due to the dependence on the local reference frame definition. However, empirical testing revealed the high-gradient
methodology paired with either feature matching technique to be discussed below produces sufficiently accurate pose
estimates when the ground plane definitions are within ~ 10° of one another. To address this theoretical lack of rotational
invariance, a new derivative-based approach has been developed using the Laplace-Beltrami operator, denoted the
Laplacian method. Fundamentally, Laplacian is the sum of second partial derivatives and is a measure of how a function
differs from the average of its neighboring values and is known to be a rotationally invariant operator. The Laplacian of

a function f(x, y) is defined as:

o’f 9 f
—_— + —_—
oxr  0y?

Laplacian feature points are located at maxima of the Laplacian map. Since the gradient and Laplacian methods are
fundamentally derivative-based methods, they exacerbate noise exhibited by the underlying digital elevation maps.
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In practice, effects of noise can be mitigated by pre-processing techniques, such as low-pass filter masking, which
sufficiently filter the noise while retaining the true signal.

In an effort to increase the algorithm’s robustness, a windowing technique is optionally applied for the gradient
and Laplacian methods. In a normal feature point extraction process, the best N feature points are extracted globally
across the map as described above. However, in a windowed technique, the resulting off-vertical or Laplacian map can
be divided into sub-sections, and a certain number of feature points are found in each quadrant such that a total of N
feature points are still found. This ensures that the feature points found are relatively well distributed throughout the
map. Take the case where a given map has one area that is particularly feature rich. Finding the global best N features
results in many regions which may not have many, if any, keypoints found. This is especially noticeable with extracting
keypoints in a larger DEM. If the goal is to seek a transformation with a DEM that overlaps in this region of relatively
low topographic variation, there may not be a sufficient overlap in extracted keypoints. Therefore, this technique results
in the ability to guarantee a certain number of overlapping keypoints with some relationship of overlap in the DEMs to
compare.

To avoid the effects of noise and maintain rotational invariance, a mathematically rigorous keypoint extraction
method has been developed which leverages the functional moments of 3D Zernike polynomials. Zernike polynomials
are a special class of orthogonal basis functions, fundamentally valid within the unit disk in 2D space, which can be
hyper-dimensionalized to be valid throughout the unit-sphere. The mathematical structure of the set of 3D Zernike
polynomials is very similar to spherical harmonics; however, they exhibit a radius modulation function so they are not
just valid on the surface of the unit sphere. Extensive details on 3D Zernike moments can be found in work by Novotini
et al. [26}127], but the relevant developments are included here for completeness.

Functional moments are fundamentally defined as projections of a square-integrable function f € L* onto a set of
functions ¥ = {¢; } over a domain Q:
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Using functional moment-based values as feature descriptors is attractive due to the inherent mathematical rigor
as long as the basis functions exhibit invariance under similarity transformations, orthonormality, and completeness.
Recalling the definition of the set of spherical harmonics, Y (0, ¢), which are defined by:

Y"(0,¢) = N;"P"(cos 8)e"? 4)

where P} are associated Legendre polynomials and

2A+1 (I-m)!
4 (I+m)!

N = &)

the 3D Zernike polynomials can be defined as:
Z)(x) = Ru(r)Y;" (0, ¢) (6

The preceding equation can be rewritten in Cartesian coordinates as:
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with normalization:
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and where the | -| operator denotes the floor operation and
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This allows the definition of the 3D Zernike functional moments to be written as:

m 3 m
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leading to the definition of a rotationally invariant descriptor vector given by:

Fup = |1Qull = 12)

Notably, using the orthonormality of Z}, the underlying function, f, can be reconstructed from the Zernike functional

moments with:
Ny o n 1
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In similar spirit to the previous methodologies which use a gradient to expose areas of the surface exhibiting high
degrees of terrain variation, a ZIG map can be constructed to expose points at which the mathematical definition of
the surface significantly varies. This is done by implementing a sliding window across the entirety of the DEM and
computing the Zernike invariant vector on the terrain within the window at that point. Subsequently, the ZIG map can
be constructed by evaluating the expression:
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where % is a constant value and can be arbitrarily set to take the form
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such that N is the number of invariants produced using a Zernike moment order of N, according to the following
expression:

Num
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and where the (n,[)"* order 3D Zernike moment unit vectors are defined as
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The spatial gradient for each invariant, [% %—F;], can be computed numerically to facilitate the generation of the ZIG

map. It is important to note that the resultant ZIG maps and processing time are extremely dependent on the values
selected for the Zernike moment order, voxel size, sliding window size, and sliding window step size. Fig. [T|displays
the variance of the ZIG map given varying algorithmic parameter values. Qualitatively, these four parameters have
a significant impact on the resultant ZIG map which largely affect the ability to extract consistently salient features.
Empirical testing determined that computation time is slightly increased with a higher window size and moment order
and significantly decreased with a smaller window step size and voxel size. Further, it was found that rotational
invariance and robustness is improved slightly with a decreased moment order, moderately with a smaller window step
size, and significantly with a smaller voxel size.
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Fig.1 Effects of varying Zernike Invariant Gradient (ZIG) map parameters: (a-d) increasing moment order,
(e-h) decreasing voxel size, (i-]) increasing window size, (m-p) increasing window step size

Following the synthesis of the rotationally invariant 2D ZIG map, ZIG features are extracted using classical 2D
feature detection algorithms such as SIFT [28], ORB [29], KAZE [30]], etc.. Experimental testing suggested that KAZE
features exhibited the most reliable detections with a relatively even spatial distribution; however, SIFT also yielded
acceptable detection consistency. The 3D position of the detected 2D feature is obtained by corresponding the 2D pixel
of the ZIG map with the original DEM.

Fig. 2] displays an example of keypoint detections using the high-gradient, Laplacian, and ZIG methodologies on a
synthetically-augmented version of the Lunar South Pole DEM SiteO1, which generated using data from the Lunar
Reconnaissance Orbiter (LRO) Lunar Orbiter Laser Altimeter (LOLA) [31]]. The original DEMs were augmented by



the Simulation and Graphics branch at NASA JSC to enhance resolution and include high-fidelity rocks, boulders, and
craters.
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(c) Laplacian map with extracted keypoints (d) Zernike Invariant Gradient map with extracted keypoints

Fig. 2 Keypoint extraction results on synthetically augmented Lunar South Pole DEM using (a) high-gradient,
(b) Laplacian, and (c) ZIG map algorithms

C. 3D Feature Correspondence

Once salient 3D features have been extracted, descriptor vectors must be assigned to enable feature correspondence
between another DEM facilitating simultaneous localization and mapping. There are many existing approaches for
3D feature descriptors including histogram-based methods, geometric surface statistics, spin images, and spectral
techniques including Intrinsic Shape Signatures (ISS), Global Point Signatures (GPS), wavelet signatures, and heat
kernel signatures. In addition to these approaches, the Zernike invariants can serve as a high-quality, unique, and



rotationally invariant descriptor vector. The highest performing descriptor vector was found to be a custom descriptor
formed of data that described the off-vertical or laplacian maps (depending on the chosen method) surrounding the
extracted 3D feature. This consisted of compiling the data in 2 concentric circles that surround the point and recording
the mean, standard deviation of the data, as well as data distribution characteristics such as kurtosis and multiple
percentile values. For the Zernike method, the descriptor vectors corresponding to the image keypoint detection method
could also be used. To find correspondences between descriptor vectors in separate DEMs, the most successful method
proved to be a Mahalanobis distance based approach where the covariance matrix was built based on the spread of the
descriptor vectors.

Consider the set of keypoints for reference and active DEMs to be Kier = {klr.ef}flrif and Kpew = {k;‘.ew}].:"j‘”,
respectively. Each k’" keypoint is described by a 3D position, p € R3, and a descriptor vector, d € R”, where D is the
descriptor vector length. The consolidated set of keypoints is expressed by:

F={f;}=[d, . ...dy .d/, ...dy" ]eR>MNeu ie{0, Now} (19)
where Niotal = Nref + Npew- The mean descriptor vector can be computed via
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! f. (20)

” =
N total

i=1

To facilitate the computation of a Mahalanobis distance, the covariance matrix is constructed according to:

Niotal

D - - " (21)
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To ensure invertibility, a regularization factor is applied to the covariance matrix as:

Pug =P+ 11 (22)

where A = 107 is the regularization parameter and I is the identity matrix. For each pair of keypoints (klr.ef, k;ew), the
the squared Mahalanobis distance is computed via:

djz\/[ (i, ].) — (d1l:ef _ dl}CW)TP—l (dll:ef _ dl}CW) (23)
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To aid in the identification of the best match for each reference keypoint, first, the two closest candidate matches are
identified by

Ji = argmin dlz\,,(i, J) (24)
J
J = argmin dlz\,l(i, 7) (25)
J#Iiy

To prevent outliers and ensure uniqueness, the following absolute and relative thresholds are applied. If both threshold
checks pass, the candidate keypoint pair is considered to be a valid match.

dy (i, ) < Tabs (26)
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Alternatively, instead of corresponding individual features, geometric invariants of sets of points offer a rotationally
and scale-invariant method to describe the relationship between 2 or more points in a set. Specifically, a triad geometric
invariant matching algorithm is proposed by first generating triangles between each feature found, and combinations
of 2 neighbors, ignoring degenerate triangles or excessively collinear point sets. Given a triad of 3D keypoints,
t; = {pPi,. Pi;> Pi,}» @ 7-dimensional descriptor vector can be constructed consisting of the three edge lengths, three
interior angles, and area of the triangle formed by the three points. It is important to note that although only three
independent geometric invariants exist for a set of 3 points, using this proposed 7D vector enhances uniqueness and
facilitates more robust matching.



The first step in the triad geometric invariant matching method is building triplets of points for each keypoint, k;,
using its K nearest neighbors, where K is a pre-defined parameter. First, the distances from every keypoint, k;, with
position p;, to every other keypoint, & ; is computed with:

dij=pi—pjll. Jj#i (28)

The K nearest neighbors are selected to form:
Ni={jt. j2s-- -k} (29)
where d;j, < d;j, <--- <d;j,. Then, for each keypoint, triads are constructed using pairs of its neighbors according to:
7; = {(pis pjnl’pjn) : jm» jn € /Vi’ m <n, jm > 1, ]n > l} (30)

where the constraint j,, > i, j, > i prevents duplicate triangle generation. Once the triads are constructed, the three
edge lengths are first computed with:

lo = lleoll = llp1 — poll (3D
L= lledll = llp2 - pill (32)
l> = lle2ll = llpo — p2l| (33)

To ensure rotation invariance of the length descriptors, the lengths are sorted such that lsoreq = sort([lo, I1,12]). The
area, A, and three interior angles are then computed via:
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Similar to the side lengths, the interior angles are also sorted to ensure rotation invariance such that @goreq =
sort([ag, a1, @2]). The resultant triangle feature vector is then defined as:

fiii = [Lsorted> @sorteds A]T (38)

A triad feature is deemed to be valid if the area and smallest interior angle exceed predefined thresholds. The Mahalanobis
distance matching method can subsequently be used using the point triad geometric invariant vector. Alternatively,
a voting based method can be employed which leverages the following normalized relative distance metric which is
computed for two arbitrary triad feature vectors f; and f;:

S(F1.8y) = Z (fik = fo)? (39)

max (€, f1 )

where € = 107 prevents division by zero. The iterative voting process starts by comparing all triads containing the
reference keypoint, k?f, to all triads containing each new keypoint, k‘}ew. If S(fTiref, ijnew) < Tyi, the pair of triads is
recorded as a potential match, i.e. the match count, c; is iterated. During this iterative process, the mean similarity
score for every j’"" new keypoint, k‘]‘.ew, is updated incrementally according to:
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The j* new keypoint, k‘}ew, is considered a match if it maximizes the match count. Voting ties are broken by minimum

mean similarity score. The candidate match (kﬁef, k;ew), is validated if:

Cj 2 Cmin 41
keypoint k;ef has at least Tp;, valid triangles (42)
keypoint k= has at least Tiin valid triangles 43)

where ¢min, Tmin, and Ty are pre-defined parameters.

In both the descriptor-based and triangle-based matching methods, most of the true positives are usually found,
but some false positives may also be included alongside some false negatives which are not included in the initial set
of feature correspondences. As a result, a "reverse search" option is included in the feature matching process. The
reverse search goes through each combination of 4 initial correspondence guesses, completes a calculation of the set’s
resulting geometric transformation, and keeps the feature match set and transformation with the lowest mean reprojection
error, given it is of reasonable magnitude. This set is assumed to be certified true positives. Subsequently, the point
correspondences are first tested from the list of initial guesses, where any set that fits the assumed true transform is kept
in addition to the 4 assumed true matches. For a given point in one DEM, if a match is not found using the initial guesses,
a more exhaustive manual search of combinations of correspondences is tested. This provides a good way to ensure that
as many false negatives are found and it also has the consequence of removing the vast majority of false positives.

Following the generation of a candidate feature match set, it is critical to implement an outlier rejection technique
to ensure the point sets that are passed along to a navigation filter or used to solve for a relative position and attitude
are correctly matched. Fusing incorrectly matched points into a traditional navigation system can quickly cause filter
divergence. The first step is to get sort any evident outliers. This is done by using all points to calculate a transform.
This results in a transform that is more influenced by the true positives, which all push the resulting calculated transform
towards the true transform, while false positives have transforms with contribute to the calculation in random directions.
Once this rough transform is found, the subsequent reprojection errors for points below a certain standard deviation
from the error distribution are kept as true matches. This removes the majority of false positives, making subsequent
outlier rejection more effective. The next step is to utilize Random Sample Consensus (RANSAC). This ubiquitous
technique to filter out outliers is imperative prior to solving for a pose or passing point sets to a navigation filter.

III. Localization and Mapping
Simultaneous localization and mapping (SLAM) is a well-studied area of research in the context of passive imaging
systems; however, literature and programmatic implementations are sparse regarding reliable approaches to compute
an accurate relative pose between DEMs using 3D feature sets and how to robustly fuse DEMs in the presence of
uncertainty and differing ground sample distances or extents.
Given two sets of m corresponded 3D points, one set expressed in reference frame A and one set expressed in
reference frame B, which are related through the expression:

Bpi =T57p: + Ptz (44)

the following linear system can be solved to produce an estimate of the relative transformation between the A and the 8
frame and the associated uncertainty associated with the relative pose estimate [32]:

d [s¥] D3
=] : (45)
d, [sX] Bxs

where g is the vector of classical Rodrigues parameters which maps the A frame to the B frame, the notation [-*]
defines the skew-symmetric matrix formed by a 3-element vector, and

di = %pi - "'pi, si="Cpi+pi, Plgia= (s + [gx])_l v (46)
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Using this derived transformation, the DEMs can then be fused. Take the case where an incoming DEM is found to
have some transformation with respect to a base DEM. The fusing process is completed by turning the incoming DEM
into a point cloud, rotating the point cloud using the derived transformation, and interpolating within this point cloud
based on the base DEMs’ geometry.

It is important to note that this fusing process is straightforward when fusing two DEMs where the reference planes
are parallel, but less so for non-coplanar DEMs. In such cases, any deviation in the incoming DEMs’ elevation direction
result in deviations when projected in the base DEMs’ reference plane. This results in the points not forming some
square or parallelogram basis, making bilinear interpolation inappropriate. Fig. [3|shows the result of a DEM with an
out-of-plane rotation projected onto a new arbitrary reference plane. A mean plane which is parallel to that DEM plane
set to a constant elevation value is then subject to the same out-of-plane rotation. As shown, the points representing
the mean plane form a consistent parallelogram basis. However, the points which comprise the rotated DEM, when
projected, do not. The elevation deviations in the DEM’s out-of-plane axis result in in-plane deviations when rotated.
This means that a square or parallelogram basis is not kept. Additionally, in places of high terrain change, corresponding
points can translate rather drastically compared to the projection of the mean plane. Ultimately, this precludes the
correct interpolation points from being easily identified.
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(a) Example digital elevation map with large slope (b) In plane difference between rotated mean ele-

vation plane and true values expressed in rotated
basis’ lateral plane

Fig. 3 Lateral distortion with respect to new base plane induced by out-of-plane rotation applied to DEM with
largely varying elevations

A solution was developed to the problem of finding the closest set of base DEM points to leverage for the interpolation.
With the known desired interpolation point (not pictured in Fig. [3] but would be gridded along the new basis), the
nearest mean grid point (red) can be found easily. Then, the error vector is found between that mean grid point and its
corresponding rotated point (in blue). By subtracting that error vector from the nearest mean grid point, the approximate
mean grid point whose corresponding rotated point is most likely nearest to the desired interpolation point can be found,
along with the 4 closest neighbors to interpolate upon. This interpolation can be completed using methods such as
Radial Basis Function (RBF) interpolation or Shepard’s Interpolation. The resulting product would be similar to the
DEM shown in Fig. ] The merged DEM would then become the new base DEM for comparison with subsequent
incoming active DEMs.
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Fig. 4 DEM merging process flow instituting overlapping elevation averaging and optimal interpolation point

search algorithm

IV. Flight Software Library Design and Implementation

There are two major components to the software system used to demonstrate how these techniques are utilized
during integrated flight: the algorithm library and the flight software interface application that composes the library
functions in a way that can be leveraged by an existing system. The architecture is shown in detail in Fig.
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Fig. 5 High-level active terrain relative navigation C++ library and flight system interface software architecture

A. ATRN Algorithm Library

The pre-processing, extraction, and matching steps are encapsulated into functions and packaged into a software
library. This library provides an entry point for adding a reference DEM for processing, then adding subsequent active
DEMs as they are acquired. When the first active DEM is acquired, it is set as the base DEM, and registration is
performed between this base DEM and the reference DEM, producing a pose estimation of the base DEM relative to the
reference DEM. The method of keypoint extraction and matching used during this registration step are compile-time
configuration properties of the library. As subsequent DEMs are acquired, registration is performed between the current
and previous DEMs, resulting in a relative pose estimate between the two DEMs. This in turn is used to create an
updated base DEM and relative pose estimate between the base DEM and reference DEM.

B. Flight Software Application

The application is intended to interface with the NASA core Flight System (cFS) [33]]. In particular, it interfaces with
an existing instance of cFS built to demonstrate precision landing technologies which includes a interface application
for the HDL and a navigation application. The application initializes library with the reference DEM after loading
it from an onboard file. It receives a notification via the cFS software bus when new LiDAR scans are available and
retrieves them from memory. This data is formatted to the specifications of the library and the library state is updated
using this data as the new active DEM. After each active DEM is processed, the resulting data, including the combined
base DEM, relative pose between scans, and relative pose between the base DEM and reference DEM. In particular, this
information can be used to produce a pose estimate of the sensor with respect to the planet-centered, planet-fixed frame,
as well as the frame of the DEM with respect to the sensor frame. These estimates are then sent on the cFS software bus
to be consumed by the navigation application, which can use them to improve its solution.
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C. Resource Optimization
Several optimizations were necessary in order to keep runtime within a reasonable limit, as well as adhere to internal
software standards meant to ensure reliability for flight use.

1. Memory Management

One salient detail of the internal software standard applied to this code that is that dynamic memory allocation after
initialization is prohibited for safety-critical code, and discouraged in any real-time code. This presented a particular
challenge when working with large DEMs. The Eigen linear algebra package was leveraged for many of the operations
within the algorithms [34]], and the DEMs were internally represented as Eigen matrix types. Both dynamically sized
and fixed-sized matrices can be defined with Eigen, but without special care, dynamic matrices utilize heap allocations to
expand to fit the data that is placed within them. Using fixed-sized matrices mitigates this problem, but in the case of this
application, although the necessary sizes can be computed a priori, many of the DEMs and intermediate structures used
in computation exceed stack size limits. To mitigate this, generic programming (templates in C++) were used to define
appropriately-sized buffers at compile-time to appear in the block starting symbol (bss) segment of the program binary.
The Eigen: : Map type was used to place matrices of both the dynamic and fixed-sized types inside these pre-allocated
memory areas and prevent hidden allocation. The Eigen: :Ref type was used where necessary to allow functions to
accept matrices of varying sizes as well as avoid temporary copies of matrices. The EIGEN_RUNTIME_NO_MALLOC
macro was used to ensure the assumptions about memory allocation were correct. This macro causes assertions to be
called and can halt program execution, so it is only appropriate to define for debugging builds of the software.

2. Vectorization

Modern computer processors, including those planned for the NASA High Performance Spaceflight Computer
(HSPC) [33]], of which the Descent and Landing computer used is intended to a surrogate platform for [36]], utilize
a technique called single instruction, multiple data (SIMD) execution to increase throughput. At various points in
the algorithms, operations in loops were reordered to remove branches and iteration dependencies to enable auto-
vectorization by the compiler, which will then emit SIMD instructions. Memory alignment was manually specified
for the Eigen: :Map buffers holding dynamic matrices so that groups of elements could be packed into a single word
for SIMD compilation. These changes, paired with the appropriate compiler optimization settings, improved runtime
performance by orders of magnitude.

D. Matching Redundancy

Finally, in the full loop implementation, it was found that redundancy may be increased by completing both
triangle-based matching and descriptor-based matching. In different situations with smaller amounts of overlap, certain
factors may cause one method to perform better than another. As a result, matching and a relative transformation can be
found using both, where the best transform can be chosen based on the reprojection error of the points used and the
number of inliers used to calculate the transformation.

V. Performance Evaluation and Experimental Testing

An extensive verification and validation campaign was undertaken to evaluate the performance of the proposed
ATRN methodologies. Following parameter sweep testing to identify optimal values for parameters which drive
performance for each of the three methods (results not included in this work), the first primary objective of the campaign
aimed to determine each method’s sensitivity to common artifacts exhibited by terrain maps obtained by various terrain
mapping sensor technologies including random Gaussian elevation noise, map bowling induced by spiral scan patterns
or surface velocity assumptions, and lateral distortion induced by erroneous ground plane definitions. Furthermore,
each method’s ability to consistently match features between maps of varying overlap fractions was evaluated. Baseline
performance for each keypoint identification approach was evaluated using high-resolution synthetic DEM data. Next,
each of the proposed methods were applied to real flight data obtained by the NASA GSFC Hazard Detection LiDAR
(HDL) during helicopter flight testing at Kennedy Space Center’s hazard field. Finally, the ATRN system was deployed
onto representative space flight hardware, specifically the Descent and Landing Computer [37], to evaluate runtime and
memory performance.
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A. ATRN Sensitivity Study

There are several common artifacts exhibited by DEMs produced by terrain mapping sensors which can drastically
impact the ability to leverage the DEM to perform navigation and hazard detection activities. These artifacts include,
but are not limited to, elevation noise, lateral distortion, and radial distortion (bowling). To evaluate the impacts on the
reliability and performance of the proposed methodologies, several high-resolution synthetic DEMs were constructed
exhibiting varying levels of each of these artifacts using a subset of the LM1 and LM4 landing site DEMs from the
LOLA Lunar South Pole data set. Elevation noise was varied from Ocm to Scm (107), bowling was applied resulting in
both 20 and 50 cm of total elevation difference between the center point of the DEM and an edge pixel, and assigned
elevation planes were varied from 0-45°. Fig. [6]displays position, attitude, and 3D point reprojection errors of the
high-gradient, Laplacian, and ZIG 3D feature identification and matching methods under varying noise and bowlings to
an otherwise unaltered DEM. Point reprojection error is critical to characterize the uncertainty of a 3D point-pair prior
to being processed by a navigation filter and is defined as the Euclidean distance of a matched feature projected into the
base DEMs reference frame. It is important to note that the DEMs used for this test exhibited no translational difference.

From this data, it can be seen that radial distortion resulted in the largest impact in the estimated relative position,
although even in the largest cases, the highest error found was less than 20 centimeters. The Zernike method seems to
minimize such errors in radial distortion somewhat effectively. When analyzing the estimated attitude errors, it was
found that Gaussian noise has the largest influence, and the largest angular component was consistently the out-of-plane
rotation. Finally, reprojection errors increase noticeably with gaussian noise for similar reasons. The Zernike method
may inherently result in larger reprojection errors across the board due to information loss when creating the ZIG map,
which will have a lower resolution compared to the original map. Ultimately, in the context of inertial navigation, these
errors are found to be quite reasonable given the noise applied.
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Fig. 6 Pose estimation errors of the high-gradient, Laplacian, and ZIG 3D feature ID methods under varying
noise and bowling

Fig. [7]displays the estimation and reprojection errors given differing ground plane definitions between the DEMs
under test: an assumption which induces lateral distortion in the gradient and Laplacian maps. It is important to note
that missing lines/data points correspond to an instance when a valid solution was not found. The errors are found to
scale linearly until 6°-8° of ground plane difference. After this point, the errors become more sporadic, indicating a
higher level of sensitivity to extremely non-coplanar ground plane definitions. The high-gradient method seems to
perform the worst, followed by the Zernike method, with the Laplacian method proving quite robust. This is due to the
fact that the Laplacian method inherently analyzes radii of curvature, which are more consistent across DEMs with
varying ground-plane definitions.
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Fig. 7 Pose estimation errors of the high-gradient, Laplacian, and ZIG 3D feature ID methods under varying
lateral distortion induced by incorrect ground plane definitions

In the scenario where the proposed ATRN system will be employed on succsesively-acquired terrain maps, it is
important to understand the amount of DEM overlap required to produce reliable and accurate 3D feature matches
which result in an accurate pose estimate to drive sensor pointing constraints. To assess the overlap cutoff threshold
of each 3D feature ID method, synthetic DEMs with overlap fractions ranging from 10%-100% with varying relative
in-plane orientations were sampled and processed. A 1.0 cm (107) Gaussian noise without distortion was applied to the
DEMs for this test in an attempt to emulate a realistic scenario [38]]. Fig. [§]displays the frequency of finding successful
transformations using the high-gradient, Laplacian, and ZIG 3D feature identification and matching methods given
varying levels of DEM overlap. All three methods prove to be relatively successful with high overlap in DEMs. In the
case of the high gradient and Laplacian methods, largely due to the implementation of windowed keypoints mentioned
in Section [[I.B] the true transformation was shown to be found in all cases where the DEM overlap was greater than 50%.
Additionally, these methods proved to be quite successful at lower overlap amounts too, demonstrating consistently
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successful performance up to about 30% of overlap. In some edge cases between 40% and 50% of overlap, it was found
that the DEMs used were sampled from quite flawed regions of the data source. Nonetheless, these same DEMs were
still successful in the majority of cases. From the data, it is clear that some cases were only successful when using either
the descriptor based matching or the triangle based matching. This was the motivation behind completing these methods
in parallel and finding the solution with the best indication of a successful transform, as mentioned in Section [[V]
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Fig. 8 Frequency of succesful pose estimates (RMS error < 2m) of keypoint ID methods given varying DEM
overlap fractions

In addition to analyzing performance, it is imperative to be able to determine the quality of a transform when not
given a truth estimate to compare to. As a result, for the testing above, plots were made to compare the reprojection
error and overlap fraction against the computed transform’s actual position error, as seen in Figure [0} Found transforms
with a successful found transformation, determined roughly for analysis to be a true position error of less than 1 meter,
were colored in green. Similar to the above analysis, all three methods are capable of robustly finding a successful
transform, but the high gradient and Laplacian methods are much more consistent, especially when the performance of
the Zernike method starts to degrade. More importantly from this data, from the graphs on the right, it is clear that a
threshold for reprojection error can be found to separate successful and unsuccessful transforms. This threshold is more
distinct and defined for the high gradient and Laplacian methods. Being able to discern a good transformation from bad
one is crucial to prevent sending a potentially incorrect transformation to a navigation filter.
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Fig.9 (Left) RMS point reprojection errors as a function of overlap fraction and (right) position error magnitude
as a function of RMS point reprojection errors for (a-b) high-gradient, (c-d) Laplacian and (e-f) ZIG map
methodologies

B. ATRN System Analysis with Flight Data

Evaluating the ATRN algorithms with flight data from the GSFC HDL revealed the criticality of several components
of the proposed system. For example, the resulting DEMs occasionally had out-of-place elevation values, which
would get exaggerated in an off-vertical or Laplacian calculation. In addition, the HDL’s circular scanning pattern
became increasingly evident on off-vertical and Laplacian maps, though most of this would become fixed with the
Fourier Transform low pass filter discussed previously. However, the largest benefit of the low pass filter is evening
out small-scale terrain changes. In particular, the Kennedy Space Center’s hazard field is created with rock piles in
an otherwise flat terrain area. This results in sharp terrain changes at the edges of the rock piles. Depending on the
resolution of the sampled DEM, these terrain changes then appear as different radii of curvature, having a particularly
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large impact on the Laplacian map. Thus, without DEM pre-conditioning, performance results were extremely degraded.
Fig. [T0]displays the difference maps between the high-resolution survey DEM and the transformed HDL DEM given the
results yielded by the high-gradient, Laplacian, and ZIG methods. The survey DEM exhibits a 7mm ground sample
distance, and a 1.6/2.2 cm 1o lateral/elevation uncertainty, respectively. It is important to note that the difference maps
have been normalized by the high-gradient’s minimum and maximum, which yielded the largest magnitude errors.
The majority of the high-gradient difference map stemmed from an inaccurate relative attitude estimate, as indicated
by the left-to-right gradient. Whereas the Laplacian and ZIG difference maps seem to exhibit a more radial error
distribution. This could be attributed to slight bowling of the HDL. DEM induced by linearizations employed in the
firmware algorithms or parameters used during this first field test campaign [39]]. Due to the lack of a ‘truth *pose,
transformation errors are unable to be computed. All three difference maps had a mean error of less than 1cm, and the
maximum absolute value of the high-gradient’s difference map is 3.22¢.
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Fig. 10 ATRN system analysis using HDL helicopter flight data

C. Computational Peformance

Two of the most challenging aspects of the problem of DEM based localization is memory management and
computation time. Handling and processing digital elevation maps are inherently computationally expensive. The
underlying size of the DEM drastically increases the amount of time and memory required for processing. Further,
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the parameters chosen for the ZIG method have a significant impact on performance; therefore it was important
to understand the computational implications of varying parameter sets. Table [I] presents the end-to-end keypoint
extraction, identification, matching, and DEM transformation processing time for the high-gradient, Laplacian, and
multiple configurations of the ZIG methodologies when run on an desktop workstation when processing two 1000x1000
DEMs. The workstation utilizes an Intel Xeon CPU E5-2687W v4 processor set to run at the maximum 3.5 GHz clock
speed. The high-gradient, Laplacian and best performing ZIG (in terms of computation time, robustness, and accuracy)
methods require all require roughly the same amount of time. The data in Table[T]also suggests that the ZIG parameter
values do not have a large impact to runtimes; however, empirical testing did indicate pose accuracy and robustness are
significantly effected by the choice of the configuration parameter values. It is important to note that all the results
presented in this section for the ZIG algorithm were generated using the parameter set listed in the last row in Table|[T]

Table 1 3D keypoint ID and DEM transformation desktop runtimes on 1000x1000 DEMs

Method Z1G Window Size ZIG Window Step Size  ZIG Voxel Size Zernike Order Run Time [s]
High-gradient - - - - 0.190
Laplacian - - - - 0.176
Z1G 8 0.6 0.3 3 0.520
ZIG 10 0.6 0.3 3 0.499
Z1G 15 0.6 0.3 3 0.497
ZIG 15 0.8 0.3 3 0.490
Z1G 10 0.8 1.0 3 0.479
Z1G 10 1.0 0.5 3 0.191

Table 2| presents end-to-end processing times for the high-gradient, Laplacian, and ZIG approaches on the same
desktop machine but processing two 35003500 DEMs. It is clear that the processing times do not simply scale linearly
with the size of the DEM. The ZIG method scales with DEM size better than the high-gradient and Laplacian methods.
This important characteristic can be attitbuted to the inherent data dimensionality reduction employed by the ZIG map
methodology. In contrast to the high-gradient and Laplacian methods which operate on the entire DEM, the ZIG map is
computed over a sliding windowed version of the underlying DEM wihtout loss of information. It is important to note
that similar to the HDL, many descent and landing concepts of operations are considering DEMs with 1000x1000
rows/columns to inform localization and hazard detection/avoidance for planetary landing; therefore, it is important to
be able to processed these sized DEMs in real-time. Whereas reference DEMs, typically with sizes >3000x3000, can be
processed pre-flight.

Table 2 3D keypoint ID and DEM transformation desktop runtimes on 3500x3500 DEMs

Method Z1G Window Size ZIG Window Step Size ZIG Voxel Size Zernike Order Run Time [s]
High-gradient - - - - 15.7
Laplacian - - - - 15.6
Z1G 10 1 0.5 3 3.29

To ensure the proposed ATRN system was suitable for embedded computers that could be used in spaceflight, the
FSW library was optimized and deployed onto the ARM-based SPLICE DLC [36] and an Intel NUC mini-PC for static
testing. These systems are meant to be representative of potential future spaceflight computing platforms, depending on
size, weight, and power constraints. The DLC utilizes an AMD Zynq Ultrascale system-on-a-chip with an ARM Cortex
A53 1.2 GHz processor, while the NUC utilizes an 11th-gen Intel Core i7 2.8 GHz processor with dynamic frequency
scaling up to 4.7 GHz. Tables [3]and []display the end-to-end computation times for all three methods for various sized
DEMs deployed onto the DLC and Intel NUC, respectively. It is important to note that the ZIG parameter set for these
tests were the same as those used in Table[2] This data reveals the same relative computational performance trends
between the high-gradient, Laplacian, and ZIG methods. For smaller DEMs, all three methods take around the same
amount of time. However, the ZIG method scales much more efficiently for larger DEMs than the high-gradient and
Laplacian methods. Run times on the Intel NUC were very similar to the high-powered desktop machine due to the
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fact that this program does not currently avail itself of multiple cores. Future work will implement identified software
updates to take advantage of multi-core processing and evaluate the impact of balancing it with computational demands
from other flight software components.

Table 3 3D keypoint ID and DEM transformation runtimes on the DLC

Method DEM Sizes (RowsxColumns) Run Time [s]
High-gradient 1000x1000 2.94
Laplacian 1000x1000 2.94
Z1G 1000x1000 3.28
High-gradient 3500%3500 545
Laplacian 3500x3500 545
Z1G 3500x3500 46.9

Table 4 3D keypoint ID and DEM transformation runtimes on an Intel NUC

Method DEM Sizes (RowsxColumns) Run Time [s]
High-gradient 1000x1000 0.125
Laplacian 1000x1000 0.118
ZIG 1000x1000 0.140
High-gradient 3500%3500 20.3
Laplacian 3500%3500 20.0
ZIG 3500x3500 2.99

VI. Conclusion

Three novel 3D feature extraction and description methods, two robust matching algorithms, and an end-to-end
flight software library was developed and presented in this work. The high-gradient keypoint extraction and description
method proved to be effective at finding the true transformation between two DEMs across a range of noise conditions,
overlap amounts, and with real-world data. To guarantee rotational invariance, the Laplacian method was developed
which proved to be similarly as successful and robust as the high-gradient method. It was found that for DEMs with
differing ground-plane definitions, the Laplacian method was more successful at minimizing performance effects for
DEMs with larger angle differences. To avoid the exacerbation of sensor noise and guarantee rotational invariance, ZIG
features were developed which can be described by any of the 3D feature description methods or traditional 2D feature
vectors. Although it was found that this method was not as successful as the other methods in cases such as smaller
amounts of overlap between DEMs and inherently may introduce more errors with the lower resolution of the ZIG maps,
it was still found to be reasonably successful The descriptor vector and 3D point triad geometric invariant matching
methods paired with classical outlier rejection algorithms are run in parallel to maximize the number of matched features
yielding a higher confidence relative position and attitude between two DEMs. The resulting transformations can then
be evaluated, giving a high confidence in the ability to detect a bad transformation in-flight.

Computational and navigation performance evaluations indicate that the proposed work is sufficient to address the
requirements levied by upcoming precision landing and surface mobility missions and will directly enable repeatable
precise and safe landing operations in any environment. The position errors produced by all methodologies when
analyzing both synthetic and real flight data were consistently on the order of the ground sample distance of the
DEMs under test. The angular errors were consistently less than 0.15° even when the DEMs were augmented with
high-valued noise, bowling, and lateral distortion. With regards to computational performance, all three methods take
essentially the same amount of time when processing 1000x1000 pixel DEMs. However, the ZIG algorithm is much
more efficient than the high-gradient and Laplacian approaches when processing larger DEMs. Table [5 presents a
comparitive analysis between the three proposed 3D keypoint identification algorithms with optimized configuration
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parameters over the entire test set on the Intel NUC. The Laplacian method is considered the best overall given its low
algorithmic complexity, minimum required overlap fraction, and error statistics. Based on run-times, if the DEMs to be
processed are much larger than 1000x1000, the ZIG method is the most practical approach while still maintaining the
same order of magnitude of errors offered by the high-gradient and Laplacian approaches. The proposed flight software
library was deployed and tested on both an Intel NUC single board computer and the Descent, and Landing Computer
developed by NASA JSC to validate its suitability on potential space flight hardware.

Table 5 3D keypoint ID method comparative analysis

Algorithmic ~ Mean Runtime [s]  Min. Overlap Mean Pos. Mean Att. Mean RMS

Method Complexity 1lkxlk 3.5kx3.5k Fraction Err. [m] Err. [deg] Reproj. Err. [m]

High-gradient Low 0.125 20.2 21% 0.076 0.158 0.065

Laplacian Low 0.118 20.0 23% 0.049 0.097 0.049

Z1G High 0.140 2.99 35% 0.126 0.164 0.121
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