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Abstract

Private lunar missions are faced with the challenge of robust autonomous navigation while
operating under stringent constraints on mass, power, and computational resources. This work
proposes a motion-field inversion framework that uses optical flow and rangefinder-based
depth estimation as a lightweight CPU-based solution for egomotion estimation during lu-
nar descent. We extend classical optical flow formulations by integrating them with depth
modeling strategies tailored to the geometry for lunar/planetary approach, descent, and
landing—specifically, planar and spherical terrain approximations parameterized by a laser
rangefinder. Motion field inversion is performed through a least-squares framework, using
sparse optical flow features extracted via the pyramidal Lucas-Kanade algorithm. We verify
our approach using synthetically generated lunar images over the challenging terrain of the
lunar south pole, using CPU budgets compatible with small lunar landers. The results demon-
strate accurate velocity estimation from approach to landing, with sub-10% error for complex
terrain and on the order of 1% for more typical terrain, as well as performances suitable for
real-time applications. This framework shows promise for enabling robust, lightweight on-

board navigation for small lunar missions.
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1 Introduction

Autonomous landing is a key enabling technology for sustained lunar exploration. Recent missions by
national space agencies, such as ISRO’s Chandrayaan series [1], CNSA’s Chang’e program [2], and
NASA’s Artemis initiative [3], along with the Lunar Gateway collaboration [4], have renewed global
interest in returning to the Moon. In parallel, private companies including ispace (HAKUTO-R) [5],
Firefly Aerospace [6], and Intuitive Machines [7] have begun developing their own commercial lunar
landers, following the momentum created by the Google Lunar X Prize [8]. Despite recent progress,
several failed landing attempts [5, 9, 10] highlight the ongoing challenge of achieving fully autonomous,
robust, and cost-efficient lunar descent.

A major challenge for lunar and planetary landings is the absence of a global navigation satellite
system (GNSS). During descent, portions of the trajectory may be out of contact with ground control,
requiring the spacecraft to estimate its state autonomously. Relying solely on IMU data leads to drift
accumulation, threatening navigational accuracy and mission success [11, 12]. Robust, self-contained
egomotion estimation is therefore essential.

State-of-the-art navigation systems [13—19] typically combine active sensors such as LiDAR, laser
rangefinders, and radar altimeters with monocular or stereo vision and IMUs, often integrated through
Kalman filtering and terrain-relative navigation (TRN). While these methods achieve high precision, their
mass and power consumption make them unsuitable for small private landers, underscoring the need for
lightweight and low-power alternatives.

In contrast, methods from the unmanned aerial vehicle (UAV) domain demonstrate that vision-based
optical-flow techniques can achieve efficient, accurate egomotion estimation using standard optical-flow
estimation for tracking image features, approximating surfaces as planar/near-planar, and utilizing homog-
raphy to estimate velocity, therefore using only a monocular camera and IMU [20-23]. Extending such
passive systems to lunar descent requires robust sensor pairing. Vision-only approaches like DLR’s Crater
Navigation system (CNAV) [24] achieve high accuracy via crater matching but depend on known terrain
and lighting. LiDAR-based systems, such as NDL and HDL [ 13, 16], offer strong autonomy but are heavy,
high-power, and limited in range. Laser rangefinders (LRF) offer a balanced compromise—lightweight,
fast, and precise—providing scale information when paired with a vision system [25, 26].

This work introduces a motion-field inversion framework that combines sparse Lucas—Kanade optical

flow from a monocular camera with planar and spherical depth models parameterized by rangefinder data



Fig.1 Lunar horizon images captured by ispace’s Hakuto-R lander during Mission 1, April 2023 [27, 28]. ispace
provided some insights on the typical hardware constraints and trajectory characteristics of a small private lunar

mission.

and IMU attitude estimates. The framework is evaluated across orbital and terminal descent regimes over

diverse lunar terrains, under computational constraints consistent with small lunar landers.

2 Optical Flow-based Navigation

This section outlines the methodology used for optical flow-based navigation, which leverages image

sequences to estimate egomotion in a visually static environment such as the lunar surface.

2.1 Motion Field and Egomotion Estimation

The motion field describes the apparent motion of scene points across the image plane, resulting from the
relative movement between a camera (observer) and its surrounding environment. It is defined as the 2D
projection of 3D motion onto the image plane, typically modeled using the pinhole camera approximation.
This is visualized in Figure 2(a). Under the assumption of a static environment, which is well-justified
for the inert and lifeless lunar surface, the observed motion field is directly attributable to the egomotion
of the camera, enabling the derivation of a deterministic relationship between the two.

To express such relationship we first define the camera reference frame, shown in Figure 2(a), as
F¢ = [#,9, 2] with origin in O. For compactness, it is henceforth assumed that vectors are expressed
in the camera reference frame unless otherwise specified. For a scene point with image coordinates (Z, §)

and corresponding optical flow u = [u, v]” we have [29]:
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where the linear egomotion has components v = [v;, vy, v;]7 and angular egomotion has w = [p, ¢, 7]7;

L; and L, are the translational and rotational contributions, respectively, that map from image velocity
to translation and rotation in the camera reference frame; f, and f, denote the vertical and horizontal
focal lengths of the camera, and the function d(Z, g) is the inverse depth-map.

With access to a depth map and knowledge of attitude and angular velocities, Equation (1) allows for an
unambiguous estimation of the vehicle’s egomotion [30], demonstrated later in Section 2.4. In the absence
of direct depth measurements, approximate terrain geometry can be inferred through a rangefinder and an
assumed depth model. The formulation of such a depth map is a critical step, discussed in the subsequent

section.

2.2 Depth Models

The depth map plays a crucial role as the bridge between the observed image-plane motion (optical flow)
and real-world motion (egomotion). On the Moon, absolute depth maps are difficult and computationally
costly to acquire in real-time [31-33]. Thus, incorporating simple depth models in conjunction with a
lightweight rangefinder measurement enables approximation of the depth map, and with that the estimation
of the egomotion from the optical flow.

In this paper, two main depth models have been explored: (1) A planar depth model, and (2) a spherical
depth model, illustrated in Figure 2. A fixed planar depth model has been demonstrated as a surprisingly
lightweight but effective model for UAV egomotion estimation [20, 34, 35]. As an extension of the fixed
planar model, to approach more complex, sloping terrains, a slope estimated planar model is developed.
At higher altitudes, a planar description of the lunar surface becomes less accurate, while a spherical

depth model becomes a better approximation.
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(a) Planar depth model (b) Spherical depth model

Fig. 2 Illustrations of the two principal depth map geometries evaluated in this work. The planar depth model
assumes the local lunar surface can be approximated by a plane and is suitable for low-altitude operations, with
optional slope estimation to handle inclined terrain. The spherical depth model represents the lunar surface as part

of a sphere and offers improved accuracy at higher altitudes where curvature effects become significant.

2.2.1 Plane Approximation

If the local lunar surface is assumed to be a plane, then one can derive an expression for the depth map

using the geometry in Figure 2(a). To start, take the vectors rop = [X,Y, Z]T (where subscript OP

indicates a vector from O to P) and k = [a, B, 'y]T. A key insight is that the dot product of these two

vectors gives us H and subsequently relates o, 5, and -y to the depth Z:
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Then, we define £ = X and y =

= to convert to the image coordinates mentioned in Section 2.1. To

Z
further simplify, we define & = &, 8 = %, and 7 = 7 and we get:

=d(Z,9) (6)
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The goal is to express the depth equation in terms of the known range-to-ground p, rather than the



altitude H. From geometry, we know that the component of the unit surface normal k along the optical
axis is

Y = COS €, @)
where € is the angle between k and the line-of-sight vector (7'pp). The relationship between p and H is

then given by
H = pcose. (8)

Combining Equation (7) and Equation (8) by substituting cos € gives us ¥ = % and then substituting
into Equation (6).
a:ﬁ+8g+1=l=d(5:,g) )
p  Z
yielding a depth function parameterized directly by p, a measurable quantity during descent.
For more adaptability of this plane approximation of the surface — coined the fixed planar model,

instead of assuming « and [ are fixed, one can also estimate these parameters during the motion field

inversion. This can be referred to as the slope estimation planar model, as was mentioned in Section 2.1.

2.2.2 Sphere Approximation

If the surface is modeled by a sphere, which becomes an increasingly accurate description at higher
altitudes, a different expression for the depthmap can be derived. The geometry is used as shown in

T T
Figure 2(b). Given rop = [0’ 0, p} and rpy = |—Ra, —RpA3, Ry| , with vector addition, one gets

T
romM = |—Ra, —RB,p — Rry} . Next, points need to be described in the field of view around this point.
For this, point P’ is defined, from which an expression for Z can be developed using ry;pr = ropr —ron.

Their magnitude is equivalent, which leads to:
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Equation (10) gives a quadratic equation in Z, which can be solved. To break down the full expression
of the spherical depth map, a number of intermediate expressions are defined in Equations (11) to (14).

These expressions are analogous to the terms from the well-known abc-formula to solve a quadratic
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Fig. 3 Example of Motion Fields observed when looking ventrally for different regimes of Egomotion. Ventral
corresponds to egomotion ventrally toward the surface. Lateral corresponds to egomotion parallel to the surface.

Rotational corresponds to rotation about the line-of-sight of the camera.

equation.
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Finally, Equations (11) to (14) can be combined to form an expression for the depthmap in Equation (15)

d@,9) = == = (15)
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Equation (15) is the spherical equivalent of Equation (9); we can verify that with R — 400 the

spherical depth map reduces to the planar one.

2.3 Optical Flow Estimation

The motion field’s components v and v in Equation (1) can be approximated by computing the optical
flow. A dense optical flow is not needed, and it’s rather preferred to have fewer well-defined and easy
to track features, that results in a sparse but precise optical flow prediction. Considering also the need
for real-time computation onboard, the iterative Lucas-Kanade method with pyramids was identified as a

low computation cost, robust optical flow estimator with subpixel accuracy [36—38].
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Fig. 4 Flowchart describing the full motion field inversion from frames and onboard telemetry to egomotion
estimation. a) Optical flow arrow components. b) Residual calculation between observed optical flow and estimated
motion field from least squares estimated velocity, vey. Note: For a linear system of equations (i.e. when using
flat planar or spherical depth models), the iterative residual least squares calculation segment is not required.
However, when a non-linear system of equations is present (i.e. when estimating further parameters such as slope
estimation planar model or attitude estimation) iterative non-linear least squares is required - this is shown in the

above diagram.



2.4 Motion Field Inversion — Egomotion Estimation

The components introduced so far — motion field equations, approximate depth models, and sparse optical
flow estimation — can now be combined into a unified framework for estimating egomotion using only
onboard imagery, a rangefinder measurement, and IMU-derived angular velocities.

The system described in Equation (1) provides two equations for each point at which the optical flow
is tracked. In the simplest cases (i.e. flat planar or sphere approximation), there are three unknowns
corresponding to translational velocities v, vy, and v,. Consequently, only two unique, tracked points
are sufficient to form an overdetermined system and subsequently solve the motion field equations. In
the additional case of the slope estimation planar model, the relative inclination between the camera and
the lunar surface is also estimated, represented by the angles « and 3, thereby extending the number of
unknowns to five and therefore the minimum number of unique, tracked points to three. To leverage the
typically higher number of tracked points provided by the Lucas-Kanade algorithm, and to mitigate the
influence of noise in individual measurements, a least-squares estimation approach is adopted.

The observed motion field, given a stationary environment and moving observer, is described precisely
by Equation (1). Given a pair of frames, an optical flow estimator tracks a number of features between
those frames. Each tracked feature i at normalized image coordinates (Z(?), 7)) contributes a pair of

equations:

= dOLPv + L0, (16)
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Where abbreviations d) = d®(z, §), Lgi) = ng’) (z,79), L) =LY (Z,9) have been used. Stacking

the constraints from N such features yields a system of equations:
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In compact form, we then have:

U=Av+Bw, with UeR?®”, AcR3 veR3 BeR*3ueR? (18)



Each row of A corresponds to the translation component of a single flow constraint scaled by the inverse
depth map d(i(i),gj(i)). This can be rearranged to form the standard formulation of a linear system of
equations:

Av=C, with AecR*3 yveR? C=U-BweR? 19)

A solution of the least squares problem arg min, |Av — C||* can be obtained in closed form using
the normal equations:

v=(ATA)1ATC

This requires that A has full column rank so that AT A is invertible. If Av = C is exactly consistent,
which is rare in real scenarios, this formula yields an exact solution; otherwise, it returns the least-squares
solution which minimizes the residual norm ||Av — C||* use iterative singular value decomposition
methods [39].

In the slope estimation case, the depth map also depends on « and 3, which leads to a non-linear system
of equations — as can be seen by substituting the new depth map d(i“(i), 79, a, B) into Equation (1).

Consequently, a solution can be obtained by iterative non-linear residual least squares:
. 2
Vv = argmin || test (V) — wobs]| (20)

where ugps € RV is the stacked observed optical flow from an optical flow estimator, ueg (V) € R2N jg
the stacked flow vector predicted based upon an estimated translational velocity, depth model and known
state information ((¢, 0,1), [p,q,7]7, and z or p). The solution here is iteratively minimized using the
trust region reflective optimization algorithm [40].

To summarize, the flow of this process for a pair of frames — illustrated in Figure 4 — is the following:

(1) Optical Flow Estimation — Estimate optical flow for a pair of frames using Lucas-Kanade.

(2) Parameter initialization — Start with an initial guess for egomotion and depth model parameters.

(3) Motion Field Computation — Compute the motion field from the current parameters taking into

account the known attitude angular velocity and depth model.

(4) Residual Calculation — Compare predicted motion field to observed optical flow.

(5) Parameter update — Adjust parameters to reduce the residual using iterative algorithm.

(6) Repeat until convergence.

To properly demonstrate the potential and limitations of this method alone, techniques such as filtering
are deliberately omitted. The solutions for each pair of frames are estimated independently, with the sole

exception of using predictions from the previous state as the initial guess for the subsequent one.



Trajectory

Angular Velocity

Fig. 5 Example Landing Sequence trajectory showing observed sparse optical flow at various frames throughout
the trajectory. a) Shows the non-zero magnitude of the angular velocity throughout the whole trajectory — explaining

the curl of the observed optical flow fields.
3 Experimental Details

3.1 Trajectory Generation and Simulation

We simulated realistic lunar descent trajectories using a previously developed six-degrees-of-freedom
lander model [41], equipped with a primary descent engine and attitude control via four secondary
thrusters. Spacecraft parameters, including mass properties, thrust capability, and moments of inertia,
were selected to be representative of the Hakuto mission profile [5]. Based on these dynamics, we
formulated a minimum-fuel optimal control problem and discretized it using the Hermite—Simpson direct
transcription method. The problem was implemented using AMPL to obtain a differentiable nonlinear
programming formulation, and solved via sequential quadratic programming. The optimized descent
trajectories served as inputs to PANGU (Planet and Asteroid Natural Scene Generation Utility) [42], a
validated planetary rendering engine [43] capable of producing photorealistic lunar imagery with accurate
terrain topography, albedo, and illumination. Each PANGU frame was augmented with a corresponding
depth value for the surface point projected at the image center, emulating a laser rangefinder. This synthetic
range measurement enables absolute scale recovery in monocular visual odometry, thereby reducing drift

typical of pure IMU-based navigation.[44].



Table 1 Trajectory details for different scenarios evaluated in this paper. Altitude is measured from the reference
spheroid. Note: Final altitude of landing trajectories are all 100m above the desired landing site. Hohmann transfer
has no landing site. End-to-end transfer to landing ends directly at a landing site. Velocities defined in the local

terrestrial frame

Altitude (km) Velocity (m/s)

Trajectory Initial Final
Initial Final

vertical  horizontal  vertical  horizontal

Flat 4 0.1 100 0 0 0
Peak 11.2508 7.3508 100 0 0 0
Landing
Crater 4 0.1 100 0 0 0
Incline 8.6614 4.7614 100 0 0 0
Hohmann
Orbital 300 4 0.18 1489.26 0.25 1742.40
Transfer
Full Transfer to
End-to-end 102.013 0 0.217 1633.50 0.01 0.45

Landing

3.2 Trajectory Types and Landing Sites

To evaluate performance under diverse conditions, we generated two classes of trajectories:

(1) A landing descent profile from 4000 m to 100 m depicted in Figure 5, for which several landing

sites were chosen to evaluate robustness to variable terrain.

(2) Hohmann transfers from 300 km to 4 km altitude, both around the equator and polar regions.

(3) An end-to-end trajectory, composed of a polar orbital transfer to landing.
The end-to-end trajectory, illustrated in Figure 7 was used for empirical verification of the methodology
and parameter set across both of the other regimes (landing descent and orbital transfer) simultaneously.

For the landing descent trajectory, illustrated in Figure 5, a number of landing sites were selected to
challenge our optical flow-based egomotion estimation method. Three terrains within the Malapert region
were prioritized: a relatively flat area surrounded by inclined regions at the crater base (green) henceforth
denoted by the Crater landing site, an inclined region (purple) denoted by Incline, and the Malapert peak
(red) denoted by Peak, offering increasing levels of geometric complexity. A simpler, arbitrary flat site
near the south pole served as a control (orange) denoted by Flat. Figure 6 illustrates the selected sites
with ventral and local visualizations under realistic lighting.

The end-to-end descent state history was supplied under industry collaboration with ispace, a commer-



(a) Ventral view (b) Local view

Fig. 6 Selected landing sites within the Malapert region used for robustness evaluation. The Crater landing site
in green, the Incline landing site in purple, the Peak landing site in red, and the Flat landing site in orange. Ventral

(a) and local (b) visualizations are shown under realistic illumination conditions.

cial lunar lander provider, and used as the baseline reference trajectory; the assumed mass, propulsion,
and sensing specifications were cross-checked against the current lander design capabilities to ensure
engineering realism. Image sequences for the end-to-end descent were then rendered in PANGU from this
state history under a nadir-pointing camera and rangefinder configuration aligned with the Moon-center

direction throughout the profile.

3.3 Lighting Conditions and Rendering Realism

To simulate realistic lunar lighting conditions, the Sun’s position was fixed to a specific timestamp: 2018
Feb 20, 00:00:00 UTC. At this moment, the Sun is approximately 0.4° above the local horizon at the
selected landing site, simulating twilight conditions typical of polar landings. Such a low solar elevation
angle leads to long shadows and extreme contrast, making terrain features difficult to perceive—both
for human operators and automated vision systems. As a result, most raw images appear nearly black
unless enhanced through preprocessing techniques such as histogram equalization. To improve visual
interpretability while maintaining a realistic context, we also simulated scenes with a slightly higher solar
elevation angle of 1.35°, which helped expose terrain features while still reflecting plausible descent
conditions. A different angle was instead used for the end-to-end trajectory, where the relative Sun—-Moon
position was chosen so that the trajectory would follow the terminator line; this was achieved using the
SPICE coordinates corresponding to the following date and time: 24/09/28 03:30.

Surface reflectance was modeled using the Hapke BRDF [45], with parameters selected from the



Fig. 7 Composite illustration of the end-to-end lunar descent trajectory provided by ispace, combining orbital
transfer and landing phases. Frames along the trajectory display the corresponding optical flow fields, showing
increasing flow magnitudes as altitude decreases while velocity remains high. Flow intensity diminishes only during

the final braking and touchdown phase. The lunar surface texture is included for visualization purposes.



PANGU documentation: single-scattering albedo w = 0.33, opposition surge width A = 0.05, opposition
surge strength By = 0.95, and macroscopic roughness § = 0.05. These parameters are optimized for
visually realistic rendering in the PANGU environment, though they may differ from true lunar values
due to scaling and approximation methods.

It is important to note that this simulation constitutes only an initial step toward photorealistic modeling
of lunar descent. Several simplifying assumptions limit its physical realism. Notably, we use an idealized
pinhole camera model, which does not capture sensor-level phenomena such as lens distortion, dynamic
range limitations, blooming, noise, or rolling shutter effects. Furthermore, we currently neglect secondary
illumination sources such as Earthshine or surface-reflected light, which may be non-negligible in low-Sun
conditions, especially near the lunar poles.

To partially address these limitations, synthetic noise has been added to the rendered image sequences
to better simulate degraded sensing conditions. The effect of this synthetic degradation on navigation
performance is analyzed in the sensitivity analyses presented in Section 5. Nonetheless, full photore-
alism would require incorporating more advanced camera models, sensor-specific calibration, real-time
exposure dynamics, and multi-source lighting—all of which remain important directions for future work

aimed at bridging the gap between simulation and operational deployment.

3.4 Error Metric

The relative velocity error was chosen as a robust metric for quality of egomotion estimation. This metric
facilitates clearer comparison of performance in the varying regimes of the lunar landing; high altitudes
and high velocity present in transfer maneuvers and braking phases of a lunar landing, in addition to the
low altitudes and low velocity landing sequences. The metric is defined as:

Hvest - VtrueH

; 1)

[ Veruell

where vegt is the estimated velocity and vi,yue is the ground truth velocity.

3.5 Computing System

The computations in this study were performed on an Ubuntu 24.04.1 LTS virtual machine equipped
with an Intel Xeon Platinum 8462Y+ 2800 MHz, 4 GB RAM. Although hardware performance was
not the focus of this work, preliminary single-threaded tests indicated throughputs on the order of tens

of iterations per second at a resolution of 1024 x 1024. The implementation was primarily written in



Python and did not undergo performance optimization. These results therefore suggest that, despite the
use of a conventional general-purpose processor and an unoptimized Python-based pipeline, the method
exhibits encouraging computational performance. Accounting for the possibility of further optimization,
particularly through language-level and algorithmic improvements, this approach holds promise for
real-time operation, though dedicated testing on the specific space-qualified hardware targeted would be

required to fully assess its feasibility.

3.6 Algorithm Parameters

A sensitivity analysis was completed for the optical flow to egomotion framework, outlined in Section 5.
This study involved optimization of parameters to balance accuracy and computational efficiency. For all
the results depicted in this study, a resolution of 1024 x 1024 was used for generation of images, at a
frame-rate of four Hz. Parameters for the Lucas-Kanade optical flow estimation were chosen such that
points of estimation were relatively spread across the full image, averaging around 200 tracked features

at any one time. Specific Lucas-Kanade and Shi-Tomasi parameters can be found in Section A.2.

4 Results

In this section, we evaluate the proposed methodology, as described in Section 2, on landing scenarios,
Hohmann transfers, and the end-to-end trajectory introduced in Section 3.2. The planar model depth
map, defined in Equation (9), is used for the four landing trajectories, while the sphere approximation
depth map, defined in Equation (15), is used for the Hohmann transfers and end-to-end trajectory. The
resulting relative velocity error, as defined in Equation (21), is shown in Table 2 which serves as high-level
overview of the method performances. Here, the parameters «, 5 and -y are computed from the camera
angles rather than being estimated during the motion field inversion, which means the surface is assumed
to be orthogonal to the local spheroid normal.

A more detailed look at the results on landing scenarios is shown in Figure 8 where the estimated and
ground-truth velocities for the landing descent at the Flat landing site are compared. The relative error
is largely constant during the trajectory, remaining between 10~! - 10~2, with the only exception being
during the final seconds, where the error spikes. This final spike in the relative error is due to the ground
truth velocity approaching zero, and not to degraded performance of the algorithm.

Table 2 shows how the Crater landing site velocity estimation achieves a similar error to the Flat landing
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Fig. 8 Comparison of estimated and ground-truth velocity components during the landing descent at the Flat
landing site, along with the relative error in velocity magnitude. Velocity estimates closely follows the ground truth
throughout the descent. A pronounced error spike appears near touchdown because the ground-truth velocity mag-

nitude approaches zero, amplifying small absolute deviations without reflecting an actual decline in performance.



Table 2 Summary of velocity errors across all simulated trajectories. Landing trajectories use the planar depth

model, while the Hohmann and end-to-end cases rely on the spherical depth approximation.

Mean Absolute Relative Velocity Error
Trajectory Velocity Error (£ m/s)  Mean Max Min STD
Flat 1.4938 0.0292 0.3890 0.0084 0.0325
Peak 2.0698 0.0332 0.3533 0.0018 0.0345
Landing
Crater 1.2536 0.0237 0.3203 0.0031 0.0286
Incline 4.8199 0.0736 0.3631 0.0211 0.0453
Hohmann
Orbital 28.9054 0.0179 0.0682 0.0001 0.0131
Transfer
Full Transfer to
End-to-End 10.2259 0.0163 1.1492 0.0002 0.0172

Landing

site, both being located in a similarly flat region of the Moon. With some degradation, the Peak landing
site velocity estimation also shows an error in the same order of magnitude. The velocity estimation
over the Incline landing site presents a higher error, as it is placed in regions with slopes and inclined
terrain, conflicting with the orthogonal surface assumption. This conflict can be remediated using the
slope estimation planar model in which « and [ are estimated alongside the translational velocity. As
described in Section 2.4, the formulation becomes a non-linear least squares problem, which increases
computational complexity and can introduce optimization instabilities. Results of this experiment, as
shown in Figure 9, indicate an improved v, estimation above the Incline site, where the fixed planar
model deteriorated, at the cost of a slightly degraded performance and greater variance of the velocity
estimation error across the more uniform landing sites. These findings suggest that while slope estimation
enhances robustness to non-uniform terrain, it reduces overall reliability of the optimization algorithm
used in this work. Different optimization methods could improve the sensitivity of the velocity estimation
error to the increase in optimization complexity.

For the trajectories featuring higher altitudes, namely the Hohmann transfers and the end-to-end tra-
jectory, the absolute error is higher than in the the landing trajectories due to higher orbital velocities
involved, however, the relative error is lower. The lowered relative error is probably due to local terrain
variations being negligible relative to the spacecraft altitude, making the spherical depth model approxi-
mation a better approximation at higher altitudes than the fixed planar depth model is at lower altitudes.

For both of these trajectories, the mean error in Table 2 is below 0.02, showing the applicability of the
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Fig. 9 Boxplots of velocity estimation error for different landing sites using the fixed planar model on the one

hand in (a), and the slope estimated planar model on the other hand in (b).

proposed approach in a broad range of altitudes up to 300 km.

Figure 10 shows a comparison between the ground-truth and estimated velocity through the whole
end-to-end trajectory, as well as the resulting error, which remains around the order of 102 across the
full trajectory, despite large variations in altitude, velocity, and lighting conditions. The translational
velocity estimates remained consistently accurate, while the vertical velocity showed larger fluctuations.
These fluctuations likely stem from rangefinder sensitivity to rapid translational motion over varying
terrain, suggesting that more frequent polling or improved filtering could mitigate such effects. Overall,
the results demonstrate that the proposed method can deliver reliable velocity estimation across all major

phases of a lunar landing trajectory.

5 Sensitivity and Robustness Analyses

To assess the robustness of the proposed framework, a series of analyses were performed, evaluating
how different factors affect performance: spatial resolution, temporal resolution, camera noise, and state
noise. Understanding these sensitivities can help define more optimal system parameters for future im-
plementations. Figure 11 shows how varying the aforementioned settings affects the landing trajectory
performance, which, as discussed in Section 4, represents the most challenging scenario for the method-
ology proposed in this study. The Flat landing site was selected to minimize depth map-related errors.

The rest of this section analyses in detail the effect of the individual parameters on performance.
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5.1 Spatial Resolution

As shown in Figure 11(a), increasing the resolution causes the error to drop until the gain saturates at
1024 x 1024 pixels. This decrease in the erro is expected, as increasing the resolution allows for a more
accurate tracking of features by the Lucas-Kanade algorithm, thereby reducing the optical flow error.
In case of hardware or computational limitations, lower resolutions of 512 or even 256 pixels per side
remain viable with only a marginal error increase, but these lower resolutions may be more susceptible
to noisy, low-light scenarios.

An important consideration is that the feature tracking by the optical flow estimation is fundamentally
restricted by the detail in the images, which in turn is capped by the resolution of the textures themselves
in the synthetic PANGU model. In other words, even if the resolution were to increase substantially, the
feature tracking would still reach saturation due to the lack of detail in the textures of the synthetic PANGU

model. To remedy this, efforts were made to ensure realistic models, which are outlined in Section 3.3.

5.2 Temporal Resolution

A lower temporal resolution (i.e. a reduced camera frame-rate) increases the time interval over which
optical flow and velocity estimations are interpolated. As illustrated in Figure 11(b), this produces a strong
inverse relationship between frame-rate and estimation error, with a performance impact even greater
than that of spatial resolution.

The underlying cause of this dependence lies in the temporal continuity of the motion field equations,
in contrast to the discrete nature of optical flow estimation. Since optical flow is computed between image
frames separated by a finite time step, the result corresponds to the average motion over that interval
rather than the instantaneous motion field. Similarly, IMU state measurements, sampled asynchronously
with respect to the camera, are interpolated between frames, introducing analogous averaging artifacts.
These effects become more pronounced in scenarios with rapid variations in angular or linear velocity.

Beyond these theoretical aspects, temporal resolution also affects feature tracking performance. At
lower frame-rates, the displacement of visual features between consecutive frames increases, making
it more difficult for the Lucas—Kanade algorithm to match features consistently, particularly under the
highly dynamic conditions encountered during low-altitude descent. Increasing the frame-rate reduces
inter-frame motion, thereby improving the stability and robustness of optical flow computation.

The combined impact of temporal averaging effects and feature-tracking limitations explains the

pronounced sensitivity to temporal resolution observed in the results. Empirically, a frame-rate of four



Hz provided a suitable trade-off between accuracy and computational cost for the lunar descent scenario
considered. Nevertheless, higher frame-rates would likely enhance performance further, especially during
high-dynamics phases such as hazard-avoidance maneuvers. In contrast, for trajectories with a ventral
camera orientation and limited angular velocity changes, such as the one analyzed in Section A.1, the
dependence on frame-rate was noticeably weaker, as the reduced nonlinear motion within frame intervals

diminished both averaging effects and tracking difficulties.

5.3 Camera Noise

Camera noise was modeled by independently sampling each pixel intensity from a Gaussian distribution
N (0, o), with tested standard deviations (STD) up to 32, corresponding to one-eighth of the full pixel
intensity range. As illustrated in Figure 11(c), the proposed pipeline demonstrated strong resilience to
substantial levels of camera noise. Performance degradation became significant only for extreme noise
levels above 16 STD. This behavior is expected, as uncorrelated pixel noise tends to average out across
the large number of tracked features, particularly at higher spatial resolutions, thus limiting its impact on

both optical flow computation and egomotion estimation accuracy.

5.4 State Noise

In this study, Gaussian noise was added to the IMU states. It can be seen in Figure 11(d) that the
framework is less robust to state noise than to camera noise. This reduced resilience is expected, as these
state variables are singular measurements whose errors cannot be mitigated by spatial averaging without
the use of filtering. While the random errors caused by state noise clearly impact egomotion estimation,
systematic errors and in particular long-term sensor drift represent an even more significant risk for
autonomous landers relying on propagated IMU states, though this aspect lies beyond the scope of the
present work.

In addition, the larger sensitivity is caused by the fact that small angular velocities can generate large
apparent motion in the image. The effect of this phenomenon must be minimized to isolate the optical
flow induced by translational movement. This phenomenon becomes particularly pronounced when the
translational component of the flow is small. Accurate measurements of attitude and angular velocity

from the IMU are therefore even more critical.



6 Conclusions

This study demonstrates that vision-based egomotion estimation, combining sparse optical flow with
simplified depth modeling, can provide a reliable and computationally efficient solution for autonomous
lunar landing navigation. Both planar and spherical depth approximations, when complemented by
rangefinder measurements, were found to yield accurate velocity estimates across varying altitudes and
terrain profiles. The proposed approach operates within modest computational budgets, making it suitable
for deployment on the resource-limited platforms characteristic of small lunar landers.

The sensitivity analyses revealed a pronounced dependence on temporal resolution and state accu-
racy, highlighting the importance of balancing hardware limitations with real-time navigation accuracy.
A typical onboard camera configuration (resolution >512 px, frame-rate >4 Hz), combined with a
rangefinder and an accurate IMU, as presumed in this study, is shown to be sufficient to support reliable
optical-flow—based egomotion estimation. Compared to commonly used LiDAR-based alternatives that
are typically heavy and power-demanding [46, 47], the proposed approach offers a far more lightweight
and energy-eflicient solution, relying solely on onboard computation and potentially pre-existing cameras.

Preliminary tests with a RANSAC-based variant of the least-squares estimation did not yield notable
improvements; nevertheless, introducing appropriate filtering mechanisms could mitigate optical flow
estimation errors expected in real flight conditions. Furthermore, integrating this framework with sensor
fusion methods such as Kalman filtering [ 1 5] may improve the accuracy of attitude and angular velocity
estimates, enhancing stability and robustness in operational scenarios.

Overall, the results establish the practicality and effectiveness of this lightweight vision-based frame-
work, advocating for its integration into future governmental and commercial lunar missions where

autonomy, reliability, and efficiency remain central design objectives.
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A Appendix

A.1 Temporal Resolution study for end-to-end trajectory

The influence of temporal resolution on egomotion accuracy for the end-to-end trajectory is summarized
in Table 3. The results show stable performance down to 1 Hz, with a sharp degradation observed for lower
frame-rates. The indifference to frame-rates above 1 Hz highlights that the averaging effects, described
in Section 5.2, are less prevalent when motion is more linear, with degraded performance becoming

challenging only below 1 Hz — where feature tracking begins to struggle.

Table 3 Egomotion estimation error statistics for different temporal resolutions (frame-rates).

Frame-rate Mean Absolute Relative Pose Error
(Hz) Pose Error (£ m) Mean Max Min STD
4.0 10.2259 0.0163 0.0172 1.1492 0.0002
2.0 9.8499 0.0159 0.0150 0.4625 0.0002
1.0 9.7195 0.0165 0.0341 1.7517 0.0002
0.5 12.8536 0.0234 0.1264 5.2228 0.0002
0.25 89.9750 0.1454 0.2616 1.0849 0.0003

0.125 277.9690 0.4620 0.4162 2.4615 0.0007




A.2 Lucas-Kanade with Shi-Tomasi feature selection and pyramidal feature tracking

Table 4 lists the parameters employed for feature detection and tracking, combining Shi—Tomasi corner
extraction with Lucas—Kanade optical flow using a pyramidal scheme to ensure robust tracking across

scales.

Table 4 Parameters used for Shi-Tomasi feature selection and Lucas—Kanade pyramidal optical flow tracking.

Feature Detection

Value
& Tracking Parameters

Max. Corners (Npax) 1000

Shi—Tomasi Quality Level (q) 0.1
Corner Detection Min. Distance (dp;n) 50 px
Block Size (b) 10 px

Window Size (w X h) 50 x 50 px
Lucas—Kanade
Max. Pyramid Levels (L) 4

Optical Flow (with pyramids)
Termination Criteria (€, Njter) e=0.03, N =10

A.3 Spherical Depth Map Further Derivation

An extra step that is non-trivial is relating «, 3, and -y to the attitude of the spacecraft. This allows for the
analytical determination of «, 3, and -y, which subsequently don’t have to be learned by the least squares
estimation discussed in Section 2.4. Given ¢, 0, and 1) as the angles rotating the spacecraft from a body
frame to the camera frame (given in Figure 2(b)) around the X, Y, and Z axis, respectively. Then a rotation
matrix Rg can be formed . The body frame (with superscript b) is defined to be one where the positive
z-axis points towards the center of the moon, the cross product between the z-axis and the velocity vector
gives the y-axis, and finally the cross-product between the y- and z-axis give the x-axis. The angle v can
be found by

2° = R32°,
giving an expression for the z-axis in the camera. Now

5C . 5B — cosv

gives v. Subsequently applying the sine rule for the triangle MPO, one can find p with

sinv  sinp

R p



Using the sum of angles for a triangle, one gets

A=m—pu—v,
and finally H can be found with a second application of the sine rule giving Eii‘% = Si}%”.
Using previously constructed vectors, k¢ can now be found:
R Fe_ e
LC = oP oM (22)

176p = 76l

[0, 0, p]T — (H + R)RSzP

= 7 (23)
Io,0.p] = (1 + RIRG2B|
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