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Figure 1. Lunar Studio Benchmark and representative LNEM reconstructions. Lunar Studio provides a standardized multi-orbit
dataset integrating NAC and LUTI observations, while LNEM leverages rigorous pushbroom sensor modeling to produce geometrically
consistent and high-fidelity elevation reconstructions. The results show clear preservation of terrain contours and stable reconstruction
quality across diverse lunar regions and illumination conditions.

Abstract

High-resolution and high-precision digital elevation mod-
els (DEMs) of the lunar surface are essential for land-
ing site selection and geological research. However, tra-
ditional stereo matching provides a limited representation
of the 3D scene and struggling with non-textured regions
and extreme illumination variations. Recent lunar neural
rendering methods are also ill-suited for 3D reconstruc-
tion due to their reliance on simple pinhole approximations
for pushbroom sensors. These challenges are further com-
pounded by geometric misalignment, distributional bias,
and labor-intensive handcrafted preprocessing in satellite
image pipelines. To address these issues, we introduce the
Lunar Neural Elevation Model (LNEM), a volumetric re-
construction method that explicitly incorporates the push-
broom imaging process. A core component of our ap-
proach is Lunar Studio, a multi-orbit dataset and pipeline
constructed using Rigorous Sensor Models (RSMs) to pro-
duce geometrically consistent observations from the Lu-
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nar Reconnaissance Orbiter Camera (LROC) Narrow An-
gle Camera (NAC) and the Korea Pathfinder Lunar Or-
biter (KPLO) Lunar Terrain Imager (LUTI). LNEM inte-
grates this pushbroom camera formulation with learned
shadow modeling, enabling geometrically grounded and
illumination-aware volumetric rendering under challenging
lunar lighting conditions. Extensive experiments demon-
strate that LNEM achieves geometrically consistent recon-
struction across multiple sensors under diverse viewing and
illumination conditions, providing a scalable complement
to conventional DEM pipelines. To support reproducibil-
ity and future lunar research, we release Lunar Studio, the
multi-orbit dataset, and the LNEM reconstruction pipeline.

1. Introduction
One of the most critical tasks in planetary exploration is
generating accurate digital elevation models (DEMs) from
satellite imagery. In the context of lunar missions, DEMs
are pivotal for landing site selection, rover navigation, and
geological mapping, where high-fidelity reconstructions of-
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fer deeper insights into the origin and geological evolution
of the lunar surface.

Conventional photogrammetric pipelines rely on stereo
matching between overlapping image tiles [6], but often
struggle with non-textured regions and the pushbroom ge-
ometry of satellite sensors, where images are captured line-
by-line and the camera pose changes with each scan. This
geometry precludes straightforward epipolar constraints
and complicates correspondence search [6, 11]. Further-
more, illumination variation across orbits violates bright-
ness consistency assumptions of traditional stereo, and ter-
rain misalignments commonly require laser altimeter cor-
rections (e.g., via LOLA) for reliable absolute elevations.

While extensive high-resolution lunar imagery exists
from years of orbital capture, acquiring a geometrically
consistent dataset suitable for high-fidelity neural rendering
remains difficult due to complex, non-linear orbital trajec-
tories and drastic altitude variations. To circumvent this,
current methods often resort to using only a sparse sub-
set of real images [33], generating synthetic data [10], or
relying on simulations based on conventional DEMs [26].
These approaches typically bypass the pushbroom camera
model by approximating it with simple pinhole cameras or
Rational Polynomial Coefficients (RPCs), failing to faith-
fully capture the true lunar 3D geometry. Neural volumet-
ric rendering (e.g., NeRF-like approaches) has shown great
success in capturing high-fidelity scene geometry, but has
not been successfully adapted to these lunar-specific chal-
lenges. To properly leverage this rendering paradigm and
close this gap, we propose the Lunar Neural Elevation
Model (LNEM)1, which enables geometrically consistent
lunar surface reconstruction from multi-orbit pushbroom
imagery, as illustrated in Fig. 1. Unlike standard neural
rendering pipelines, which assume static pinhole cameras,
our framework integrates a rigorous sensor model (RSM)
that accounts for the pushbroom capture process, per-line
camera poses, and changing illumination. This design en-
ables accurate volumetric rendering of the lunar surface by
marching each camera ray through a learnable 3D volume,
overcoming the common limitations and ambiguities of tra-
ditional stereo matching. To validate our approach, we in-
troduce a new multi-orbit lunar dataset that includes precise
camera models and linewise rotation matrices. We further
present Lunar Studio, an RSM-based processing pipeline

1Our approach to DEM reconstruction differs fundamentally from con-
ventional learning-based DEM refinement methods [20, 30], which train a
single network to generalize across large image collections in an image-
to-depth paradigm where geometric constraints become weak at test time.
Instead, we optimize a volumetric implicit representation that encodes the
DEM as the weights of a continuous coordinate-to-density function. This
continuous neural field enables nonlinear fusion of heterogeneous orbital
observations within a unified coordinate frame while remaining decoupled
from image-domain appearance, providing robustness to illumination and
albedo variations. In addition, this implicit formulation offers a compact
and memory-efficient alternative to large explicit elevation grids.

Table 1. Key specifications of lunar imaging and altimetry in-
struments. Instruments compared are LROC NAC, KPLO LUTI,
SELENE TC, and LRO LOLA.

Instrument Type Spatial sampling FOV Resolution Spectral range

LROC NAC [27] dual pushbroom 0.5m/px (50 km) 2.85◦ 5064×1 400 to 760nm

KPLO LUTI [16] dual pushbroom 2.5m/px (100 km) 2.88◦ 2048×1 450 to 850nm

SELENE TC [13] stereo pushbroom 10m/px (100 km) 19.3◦ 4096×1 430 to 850nm

LRO LOLA [28] laser altimeter 5m spot, 25m spacing 400µrad – 1064±0.1nm

Table 2. Comparison of existing lunar DEMs derived from dif-
ferent instruments. LOLA provides high vertical accuracy but
coarse spatial resolution, while image-based DEMs offer higher
resolution at reduced accuracy, with NAC DTMs limited to se-
lected local regions. Limitations are in bold. All elevations are
relative to the mean lunar radius of 1,737.4 km.

Specification LDEM [28] NAC DTM [32] SLDEM [2]

Instruments LRO LOLA LROC NAC SELENE TC + LRO LOLA
Pixel scale (m/px) 118 2 to 5 60
Vert. accuracy (m) ∼1.0 ∼1 3 to 4
Vert. precision (m) ∼0.1 ∼1 ∼0.12
Horiz. accuracy (m) ∼20 ∼50 ∼10
Coverage global localized 60◦S–60◦N

that aligns raw satellite cube images with existing DEMs to
produce geometrically consistent inputs for neural render-
ing. Our contributions are as follows.
⋄ We introduce the Lunar Studio multi-orbit dataset, in-

tegrating LROC NAC and KPLO LUTI imagery with
LOLA data for evaluation, with automated preprocessing
and standardized alignment to mitigate operational cost
and distributional bias.

⋄ We propose LNEM, the first volumetric neural render-
ing framework that integrates Rigorous Sensor Models
(RSMs) for learning-based lunar DEM reconstruction,
unifying physical sensor geometry with differentiable
rendering for heterogeneous pushbroom imagery.

⋄ Extensive experiments demonstrate that LNEM achieves
geometrically consistent reconstruction and consistent
performance across different sensors under varying illu-
mination, providing a scalable alternative to conventional
DEM reconstruction.

2. Related Work

Lunar digital elevation models and instruments Digi-
tal elevation models (DEMs) [2, 28, 32] are foundational
for lunar surface analysis, enabling scientific investigation,
landing site selection, and mission planning. We summa-
rize instrument specifications in Table 1 and representative
DEM products in Table 2.

LOLA [28, 29] provides highly reliable laser altimetry
for geometric calibration, integrated into the near-global
LDEM. LROC NAC [5, 27] captures dual-pushbroom im-
agery at 0.5 to 2m/px for high-resolution local topog-
raphy, though NAC DTMs cover only selected regions.
SELENE TC [13] acquires stereo pushbroom imagery at
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Figure 2. Overview of Lunar Studio data processing pipeline.
An end-to-end pipeline integrating photometric corrections and
rigorous sensor modeling for multi-orbit image alignment, export-
ing per-line camera rotations and depth products for downstream
neural rendering.

10m/px and, fused with LOLA, produces SLDEM2015 [2]
at ∼60m/px with improved geometric consistency.

Lunar datasets and 3D vision pipelines Prior neural re-
construction methods for lunar terrain [19, 25, 33] rely
on sparse real images, synthetic data, or simulator-derived
datasets, bypassing rigorous pushbroom geometry. Process-
ing tools such as ISIS3 [17] and ASP [4] exist but expose
fragmented workflows that lack standardized outputs for
learning-based pipelines. We address this gap with Lu-
nar Studio, an end-to-end ISIS3-based pipeline that ex-
ports per-line camera rotations, photometrically corrected
imagery for multi-orbit neural rendering.

Neural radiance fields for satellite imagery Neural ra-
diance fields (NeRFs) [23] represent continuous volumetric
density and radiance, enabling high-fidelity 3D reconstruc-
tion from multi-view images. However, standard NeRFs as-
sume a static pinhole model and are not directly applicable
to pushbroom cameras, where each scan line has a distinct
projection center [38], violating conventional epipolar ge-
ometry [6, 11]. Recent satellite NeRF methods [7, 21, 22]
address Earth-observation data by incorporating RPC cam-
era models and illumination modeling, but RPC approxima-
tions introduce geometric errors that compound in sparse-
view. LunarNRM [33] applies NeRF-style models to the
Moon but relies on RPC cameras and lacks a rigorously
validated multi-orbit pushbroom benchmark. Other lunar
volumetric studies [19, 25] use pinhole-style imagery rather
than real orbital pushbroom observations. LNEM addresses
these limitations by integrating per-line rigorous sensor
models directly into the volumetric rendering pipeline.

3. Lunar Studio and Multi-Orbit Dataset
Motivation on workflow integration We present Lu-
nar Studio, a unified pipeline that integrates fragmented

ISIS3 [17] and ASP [4] workflows for systematic pho-
tometric and geometric preprocessing of lunar multi-orbit
datasets. Although these tools offer powerful capabili-
ties, their fragmented command structures hinder consistent
large-scale processing and lack explicit outputs of key inter-
mediate products such as camera rotation matrices. Lunar
Studio resolves this by consolidating the required ISIS3 op-
erations and exporting corrected camera rotations for direct
use in downstream learning-based reconstruction.

Motivation on rigorous sensor modeling Rigorous sen-
sor model (RSM) is crucial for accurate 3D reconstruc-
tion of planetary surfaces. Pushbroom sensors introduce
linewise projection-center shifts, leading to parallax and
geometric inconsistencies, while lunar regolith exhibits re-
flectance variations driven by phase angle, solar incidence,
and material composition [14, 18, 38]. Lunar Studio in-
corporates RSM throughout the pipeline to explicitly model
these sensor and illumination effects. To our knowledge, it
is the first dedicated pipeline for lunar neural rendering that
integrates rigorous sensor modeling, bridging planetary re-
mote sensing and learning-based terrain reconstruction.

3.1. Lunar Studio
Pipeline Our pipeline, illustrated in Fig. 2, integrates key
ISIS3 operations to produce consistent, well-aligned inputs
for multi-view neural rendering from heterogeneous lunar
datasets. To ensure photometric fidelity, we apply radio-
metric corrections to remove detector bias and dark current
and to perform flat-field normalization, followed by pho-
tometric correction using an empirical reflectance model
built from over 760,000 NAC tiles. Geometric consistency
is achieved through multi-stage bundle adjustment: we ini-
tialize SPICE [1] geometry with SLDEM2015 as the shape
model, refine a multi-image control network, and then run
jigsaw [8], substantially improving cross-orbit alignment.

3.2. Dataset
Hierarchy Our dataset is organized into a three-level hi-
erarchy: region, site, and image. A region represents a
broader lunar area of scientific interest. Each site is a lo-
calized sub-area within a region, selected to capture ter-
rain variability and to collect overlapping observations from
multiple orbital passes. An image corresponds to a single
NAC or LUTI frame that contributes to the site’s multi-view
dataset. This hierarchical structure reflects both the spatial
organization of lunar terrain and the observational relation-
ships inherent in multi-orbit sensing.

Selected regions We focus on mid-latitude regions that
incorporate diverse baseline shape models such as LDEM,
SLDEM, and NAC DTM to ensure comprehensive terrain
coverage. As summarized in Table 3 and Table 4, each
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Table 3. Terrain characteristics and LROC NAC imagery statistics for the eight benchmark regions in Lunar Studio. The upper
rows list common terrain attributes, and the lower rows summarize NAC image properties. Heights are relative to a mean lunar radius of
1,737,400m. All angular measurements and heights include standard deviations in parentheses.

Region Apollo 15 Apollo 16 Apollo 17 Eimmart A Tycho V. Schröteri Lacus Mortis Pit Marius Hills Pit

Terrain type Mare–Highland Highlands Volcanic Mare Basalt Impact Crater Volcanic Mare Pit Crater Mare Pit Crater
Lat., Lon. 26.1◦N, 3.6◦E 9.0◦S, 15.7◦E 20.2◦N, 31.0◦E 24.0◦N, 65.6◦E 43.3◦S, 11.4◦W 25.5◦N, 53.6◦W 44.9◦N, 25.6◦E 14.1◦N, 56.7◦W

Sites 5 5 5 5 5 5 1 1
Images per site 3 2 3 2 3 3 3 3
LOLA points 22 11 20 109 17 61 21 42
Resolution (px) 512×512 512×512 512×512 512×512 512×512 512×512 512×512 512×512
Pixel scale (m/px) 1.03 to 1.42 0.98 to 1.03 0.98 to 1.45 0.46 to 1.45 0.53 to 0.72 1.21 to 1.49 0.87 to 1.66 0.83 to 1.27
Height (m) −2013.9 (±107.0) 91.1 (±109.6) −2335.2 (±626.2) −2127.3 (±73.2) −3159.9 (±400.7) −1649.1 (±57.9) −2040.9 (±15.0) −1567.9 (±7.0)
Phase (◦) 45.04 (±1.44) 65.66 (±18.85) 64.67 (±5.64) 50.15 (±7.44) 51.38 (±8.91) 49.45 (±7.19) 55.15 (±4.25) 18.90 (±7.46)
Incidence (◦) 45.71 (±2.74) 67.61 (±0.99) 61.69 (±6.32) 47.98 (±2.81) 53.15 (±2.54) 52.42 (±0.69) 53.46 (±3.54) 35.36 (±9.77)
North azimuth (◦) 243.90 (±2.78) 274.83 (±0.21) 257.45 (±2.40) 246.80 (±1.64) 318.43 (±5.22) 110.83 (±0.56) 139.25 (±10.16) 113.43 (±7.44)

Table 4. KPLO LUTI imagery statistics in the Lunar Studio
Benchmark. The four regions are processed and summarized.

Region Apollo 15 Apollo 17 Eimmart A Tycho

Sites 5 5 5 5
Images per site 3 2 2 2
LOLA points 306 158 98 337
Resolution (px) 512×512 512×512 512×512 512×512
Pixel scale (m/px) 2.62 to 3.68 2.58 to 2.88 2.33 to 2.65 2.18 to 2.62
Height (m) −1805.4 (±362.3) −1851.0 (±681.0) −1885.4 (±173.0) −2913.1 (±913.0)
Phase (◦) 26.72 (±2.78) 20.25 (±0.93) 24.59 (±4.85) 73.51 (±6.39)
Incidence (◦) 28.70 (±0.39) 22.50 (±0.30) 42.14 (±0.42) 56.81 (±0.61)
North azimuth (◦) 148.34 (±1.50) 147.11 (±1.16) 116.48 (±0.43) 51.12 (±1.00)

region contains multiple NAC and LUTI sites, with each
site comprising multi-orbit imagery acquired under varying
photometric and geometric conditions. The entire dataset,
including images and SLDEM, NAC DTM, and LOLA el-
evation products, is co-registered within a unified geodetic
coordinate frame to ensure spatial consistency.

4. Lunar Neural Elevation Model
Applying neural volumetric rendering [23, 34] to the lu-
nar domain faces three challenges: pushbroom instruments
such as LROC NAC [27] provide only grayscale measure-
ments, the lunar surface is dominated by similar craters and
low albedo contrast that reduces the semantic and geometric
signals needed for reliable reconstruction, and multi-orbit
observations yield far fewer viewpoints than typical Earth-
observation datasets [9]. We present the LNEM design
choices that explicitly address these challenges. LNEM
serves as a foundational baseline for pushbroom neural ren-
dering on the Moon, complementing rather than replacing
traditional DEM pipelines [2, 3, 15].

Grayscale volume rendering In the volume rendering
formulation [23], the color of a pixel is obtained by inte-
grating radiance weighted by density along a camera ray:

Ĉ(r) =

N∑
i=1

Ti

(
1− exp(−σi δi)

)
ci (1)
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Figure 3. LNEM pipeline. A pushbroom orbit sample is pro-
cessed to output volume density and a 256-dimensional feature
vector. The feature is combined with the sinusoidal-encoded view
direction γ(d) to predict grayscale cg , and with the solar direction
ω to predict sun visibility v, while Iind is predicted solely from ω.
Hidden dimensions are 256 for the shared trunk and 128, 64, and
32 for the subsequent branches, each producing a scalar output.

where the transmittance Ti = exp(−
∑

k<i σkδk), and σi,
ci denote the raw density and intensity at each sampling
interval δi, respectively. Replacing ci with a single-band
scalar enables the network to learn a grayscale radiance field
from monochromatic pixels [35, 37].

Pushbroom ray computation Unlike pinhole cameras
where all pixels share a single projection center, pushbroom
sensors acquire each line at a distinct time with its own
camera position and orientation, and we explicitly model
both ray origin and direction in a line-wise manner. For
each pushbroom line l ∈ {0, . . . , n}, the ephemeris time is
tl = t0 + l∆t, where t0 and tn denote the start and end
times of the image acquisition, and ∆t is the line exposure
duration. The camera center o(l) is obtained from the SPK
kernel as the spacecraft position at tl in the Moon body-
fixed frame MOON ME, while the camera-to-Moon rotation
RC2M(l) is derived from the CK/FK kernels, following the
SPICE convention [1], yielding a per-line camera pose.

Given pixel coordinates (sample s, line l), the camera-
frame line-of-sight direction d(s) is computed by convert-
ing sample coordinates into focal-plane coordinates using
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focal length f , applying distortion corrections from the in-
strument kernel to obtain corrected coordinates (xu, yu),
and normalizing:

d(s) =
(xu, yu, −f)√
x2
u + y2u + f2

(2)

The complete ray for pixel (s, l) is then formulated as

r(s, l) = o(l) + λRC2M(l)d(s) (3)

where d(s) is the camera-frame line-of-sight direction from
the RSM, and λ ≥ 0 is the depth.

Positional encoding Standard fixed Fourier feature map-
pings [31] are inadequate for lunar pushbroom imagery,
requiring site-specific high-frequency tuning that leads to
slow convergence and inaccurate geometry.

To overcome these limitations, we adopt multi-resolution
hash encoding [24], which maps grid-cell corners to shared
trainable entries across L levels and concatenates the inter-
polated per-level features:

y(x) = (y1(x), . . . ,yL(x)) (4)

which is fed into an MLP. We employ a significantly deeper
hierarchy with L = 32 levels, twice the default configu-
ration, to capture fine-scale geometric variations, yielding
more stable convergence and sharper reconstructions.

Shadow modeling Motivated by shadow-aware irradi-
ance modeling to Earth satellite imagery [7, 21], we per-
form shadow modeling for lunar terrain. Using the Sun di-
rection derived from Lunar Studio azimuth and incidence
angles, we model sun visibility and indirect illumination for
each sample along the camera ray via additional branches:

ci = cg,i ·
(
v(xi,ω) + (1− v(xi,ω)) · Iind(ω)

)
(5)

where ω is the Sun direction derived from the per-line
ephemeris time tl in Eq. (3), cg,i ∈ [0, 1] is the base
grayscale intensity at sample i, v(xi,ω) ∈ [0, 1], denoted
by vi, is the sun visibility scalar, and Iind(ω) ∈ [0, 1] is
the indirect illumination scalar predicted by a separate MLP
conditioned on the Sun direction ω. The full model ar-
chitecture is illustrated in Fig. 3. We further align solar-
ray transmittance TSR,i with the predicted visibility vi via a
shadow correction loss:

LSC(RSR) =
∑

r∈RSR

NSR∑
i=1

(TSR,i − vi)
2 (6)

For lunar imagery with extreme lighting variations and
sparse views, we use only point-wise matching without in-
tegral constraints, as the sigmoid-bounded vi ∈ [0, 1] pro-
vides sufficient regularization. Here, RSR is the batch of
solar rays cast toward the Sun from each sample point along
the camera ray, with NSR = 512 samples per solar ray.
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Figure 4. Comparison of 2D and 3D IoU (Intersection over
Union). We quantify spatial overlap between different orbital im-
ages. The 2D IoU uses area intersection over union, while the 3D
IoU computes volumetric overlap by placing spheres of radius r
(ranging from 0 to 10m) around each 3D point in Moon body-
fixed coordinates (MOON ME) and measuring volumetric overlap
across orbits. Eimmart A exhibits lower IoUs due to pixel scale
variations from the large orbital altitude difference.
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M1223633267L M1238941399L ℓ1 error map M1238941399L ℓ1 error map

Reference frame
(pixel scale = 1.028 m/px)

Figure 5. Comparison before and after bundle adjustment
(BA). Before BA, cross-orbit images exhibit geometric misalign-
ment across corresponding locations, resulting in large ℓ1 error
spikes. The residual errors can be attributed to variations in solar
illumination between orbits (solar angular separation ∼ 2.35 ◦, so-
lar distance difference ∼ 0.033AU).

Depth supervision Dense multi-view constraints are im-
practical for lunar reconstruction due to sparse orbital
passes and large pose variations, making depth supervi-
sion an appealing complement to photometric loss. Among
available sources, LOLA measurements are too sparse for
dense guidance and LDEM is too coarse relative to NAC
resolution. NAC DTM provides the highest resolution and
quality but covers only selected regions, so we adopt it as
the primary depth source where available, falling back to
SLDEM which offers the best balance of coverage and res-
olution elsewhere, as summarized in Table 2.

The ground-truth depth is the distance between camera
position o(l) in Eq. (3) and the DEM surface intersection,
with the bounding volume defined as an axis-aligned box
from the per-site depth range. Depth supervision also pro-
vides metric scale anchoring, preventing the scale ambi-
guity that arises in photometric-only training. We sample
N = 512 points per camera ray and optimize:

L =
∑
r∈R

∥∥Ĉ(r)− C(r)
∥∥2
2
+ wD

∥∥D̂(r)−D(r)
∥∥2
2
+ wSC LSC(RSR)

(7)
where C and Ĉ denote the ground-truth and predicted
grayscale intensities, D and D̂ denote the ground-truth and
predicted depths, wD is the depth supervision loss weight,
and wSC is the shadow correction loss weight. We set
wD = 300 and wSC = 0.02.
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Table 5. Elevation error (m) with respect to LOLA measurements across eight LROC NAC regions. SLDEM and NAC DTM are
production-level DEMs∗. Bias-corrected metrics (bias, RMSEcorr, std) are reported for all other methods using 2 to 3 orbits per site.
EO-NeRF and Sat-NeRF use RPC models from ASP’s cam2rpc on identical Lunar Studio data. SM denotes shadow modeling.

Apollo 15 Apollo 16 Apollo 17 Eimmart A Tycho V. Schröteri Lacus Mortis Pit Marius Hills Pit

R
M

S
E

L
O

L
A SLDEM∗ 2.115 1.366 1.893 2.842 3.476 5.096 2.487 0.922

NAC DTM∗ 1.918 0.616 0.954 3.586 1.551 3.698 4.865 0.823
LNEM (without SM) 10.602 1.970 8.264 10.995 3.886 10.904 11.214 1.530
LNEM (with SM) 8.602 4.630 7.318 10.686 2.117 4.248 10.228 0.676

R
M

S
E

co
rr

ASP [4]: bias −2.158 −0.638 0.721 −3.547 −1.330 0.955 −205.634 0.949
RMSEcorr 3.103 0.324 1.986 2.283 0.672 15.083 109.961 1.891
std 3.061 0.323 1.986 2.248 0.637 15.069 107.120 1.860

EO-NeRF [22]: bias 311.575 336.557 169.317 423.434 152.403 175.902 493.293 300.569
RMSEcorr 58.386 7.341 29.824 97.719 46.951 22.826 62.296 38.243
std 57.156 6.838 29.819 97.710 45.398 22.288 60.874 38.068

Sat-NeRF [21]: bias 55.888 11.949 42.528 21.369 7.420 −25.642 37.878 −2.547
RMSEcorr 39.196 15.956 24.169 38.917 11.207 19.137 8.734 6.209
std 38.886 15.675 24.163 38.649 11.192 18.994 8.587 5.665

LNEM (with SM): bias −8.405 −1.375 −7.059 −8.618 −1.782 −1.375 −10.161 0.017
RMSEcorr 1.565 4.096 1.228 5.674 0.979 3.689 2.025 0.673
std 1.564 4.079 1.218 5.658 0.975 3.576 2.020 0.665

∗SLDEM co-registers 43,200 TC tiles via two-step ICP with GRAIL-based refinement. NAC DTM uses up to 9 stereo pairs aligned to LOLA via geomorphic feature matching.

Table 6. Elevation error (m) with respect to LOLA measure-
ments across four KPLO LUTI regions. Eimmart A has no NAC
DTM coverage. The elevated bias in LUTI results stems from re-
constructed SPICE kernels with larger pointing uncertainties than
the precision smithed kernels used for NAC.

Apollo 15 Apollo 17 Eimmart A Tycho

R
M

S
E

L
O

L
A SLDEM∗ 2.915 3.233 3.034 4.360

NAC DTM∗ 1.901 0.898 – 3.191
LNEM (without SM) 40.980 7.156 6.434 16.931
LNEM (with SM) 40.102 5.880 2.573 14.434

R
M

S
E

co
rr LNEM (with SM): bias 26.965 0.827 1.258 0.019

RMSEcorr 29.071 5.608 2.261 14.429
std 29.064 5.410 2.261 13.835

5. Experiments
Training details We implement LNEM in PyTorch us-
ing the Adam optimizer with learning rate 5 × 10−4, β =
(0.9, 0.999), ϵ = 10−8, a CosineAnnealingLR scheduler
with minimum learning rate 5 × 10−6, and a batch size of
1,024 rays. Each site is trained for 50,000 to 100,000 it-
erations, requiring approximately 4 to 8 hours on a single
NVIDIA RTX 4090 GPU.

LOLA evaluation To assess the absolute vertical accu-
racy of each DEM, we compare its elevation values against
LOLA laser altimetry, following the evaluation conven-
tion of [15]. We perform point-to-point matching: each
LOLA measurement within the reference image footprint
is matched to its nearest DEM grid cell, and the root mean
squared error of the elevation residuals is computed:

RMSELOLA =
√

1
n

∑n
i=1(zLOLA,i − zDEM,i)

2 (8)

where n is the number of matched LOLA points. All val-
ues in Tables 5, 6, and 8 are reported in meters. Since raw

RMSELOLA can be dominated by a global vertical offset
between the DEM and LOLA reference frame, we addition-
ally report bias-corrected metrics for neural methods, where
bias = median(zLOLA − zDEM) captures the global ver-
tical offset. The bias-corrected RMSE is:

RMSEcorr =

√
1
n

∑n
i=1

(
zLOLA,i − zDEM,i − bias

)2
(9)

We also report std = std(zLOLA − zDEM), which isolates
local terrain shape fidelity independent of systematic bias.

5.1. Quality of Multi-Orbit Dataset
We evaluate the geometric quality of our multi-orbit dataset
using two complementary analyses. First, we report
Intersection-over-Union (IoU) scores in Fig. 4, which quan-
tify spatial overlap in both 2D image footprints and 3D point
distributions across orbits, highlighting the effect of orbital
altitude variation on coverage. Second, due to the line-by-
line pose variation in pushbroom imagery, accurate cam-
era modeling is essential for multi-orbit consistency; bun-
dle adjustment within Lunar Studio substantially reduces
cross-orbit misalignment, as shown in Fig. 5. Together,
these results confirm the geometric consistency of our cu-
rated multi-orbit dataset.

5.2. Evaluation on LNEM
We evaluate LNEM through both quantitative and quali-
tative analyses, including elevation error metrics against
LOLA altimetry data in Table 5 and Table 6, and qualita-
tive reconstruction quality in Fig. 6 and Fig. 7.

Comparison with neural rendering baselines To con-
textualize LNEM’s performance, we compare against ASP
stereo [4], EO-NeRF [22], and Sat-NeRF [21], where
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Figure 6. Qualitative and elevation comparison of SLDEM, NAC DTM, and LNEM, where LNEM is trained using NAC images as
input. We compare DEMs from SLDEM, NAC DTM, and LNEM over (a) Tycho and (b) Lacus Mortis Pit using three-orbit inputs. LNEM
reconstructs continuous and detailed elevation, even where NAC DTM exhibits voids. Elevation maps use a common colormap and range,
and profiles along I-1 and I-2 are presented.

-1,709

-2,264

elevation [m]

-881
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-2,016

-2,148
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(b) LNEM (ours) (c) Sat-NeRF (d) EO-NeRF (e) ASP(a) M1345728205L

Figure 7. Baseline comparison on Lacus Mortis Pit. (a) Input
NAC image. (b) LNEM. (c) Sat-NeRF. (d) EO-NeRF. (e) ASP.
Methods (b)–(d) are trained for 50,000 iterations, while (e) is a
classical stereo pipeline. Methods (b) and (c) are depth-supervised
and share the same supervision data and elevation range, whereas
(d) and (e) use separate ranges due to larger offsets. Quantitative
results are reported in Table 5.

EO-NeRF and Sat-NeRF use RPC cameras generated via
ASP’s cam2rpc on identical Lunar Studio data across all
eight NAC regions. ASP requires convergence-angle relax-
ation under small-baseline lunar conditions and still fails
at narrow-baseline sites such as Lacus Mortis Pit due to
triangulation instability. As shown in Table 5, EO-NeRF
relies solely on photometric consistency without depth su-
pervision, resulting in large global vertical offsets due to
scale ambiguity, even reconstructing the pit crater as con-
vex. Sat-NeRF mitigates this issue with depth supervi-
sion but still exhibits significantly higher RMSEcorr than
LNEM across most regions, highlighting the advantage of
rigorous pushbroom sensor modeling over RPC approxima-
tions. ASP achieves competitive bias-corrected accuracy in
regions with favorable stereo geometry such as Apollo 16
and Tycho, but degrades severely at the challenging sites
noted above. Table 5 provides a detailed case study on La-
cus Mortis Pit, with qualitative comparison shown in Fig. 7.

Regional variation and bias-corrected analysis Plane-
tary observations inherently vary in quality, coverage, and
observation geometry. As shown in Table 5, after bias cor-
rection, LNEM achieves RMSEcorr of 0.67 to 5.67m across
all NAC regions. Sites with three input views achieve 0.67

Table 7. PSNR comparison between sinusoidal and adaptive
hash encodings. The sinusoidal baseline is sensitive to M , while
LNEM remains consistent across sites.

Site (NAC)

Encode Sinusoidal (Fourier) Adaptive hash

M = 4 M = 10 M = 16 M = 30 LNEM

Apollo 15 24.29 28.33 28.25 29.01 48.41
Apollo 17 26.46 32.92 32.82 33.38 48.39

to 3.69m, while two-view sites such as Apollo 16 and Eim-
mart A show elevated errors of 4.10 to 5.67m. Eimmart A
further exhibits lower 3D IoU due to large orbital altitude
variation in Fig. 4, which reduces cross-orbit spatial over-
lap and degrades geometric constraints. The high raw er-
rors in several regions mainly arise from global vertical
offsets, as reflected by the gap between RMSELOLA and
RMSEcorr in Table 5. For KPLO LUTI in Table 6, even
after bias correction, Apollo 15 yields RMSEcorr = 29.07m
and std= 29.06m, confirming that the error originates from
kernel quality rather than the method itself. These results
could be further improved with smithed kernels providing
higher pointing precision [36].

5.3. Ablation Studies

Effectiveness of adaptive positional encoding When
Fourier frequency M is optimized for one site, the sinu-
soidal (Fourier) baseline fails to render grayscale intensity
correctly on another, confirming its limited generalization
and the high cost of site-specific tuning. Adaptive multi-
resolution hash encoding in Eq. (4) achieves robust, high-
fidelity representations across all sites with a single fixed
set of parameters. As shown in Table 7, the best sinusoidal
baseline yields inconsistent PSNR across sites depending
on M , whereas adaptive multi-resolution hash encoding in
Eq. (4) achieves robust, high-fidelity representations across
all sites with a single fixed set of parameters.
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Table 8. Mean σ2
total (m2) across eight regions for LNEM with

and without shadow modeling (SM). σ2
total quantifies the disper-

sion across orbits in matched 3D points, where lower values indi-
cate higher geometric consistency.

Apollo 15 Apollo 16 Apollo 17 Eimmart A Tycho V. Schröteri Lacus Mortis Pit Marius Hills Pit

w/o SM 3.1884 1.1773 5.6028 8.7154 4.2006 4.5983 17.8351 0.7088
w/ SM 2.2145 1.1481 4.3430 7.9491 3.9869 3.5194 6.2285 0.6332

𝝈𝒕𝒐𝒕𝒂𝒍
𝟐 of LNEM (with SM)NAC (M1356476581R) 𝝈𝒕𝒐𝒕𝒂𝒍

𝟐 of LNEM (without SM)
12.762

0.2889

variance [𝑚2] 

LNEM (with SM)
-1,912

-2,068

elevation [m] 𝑚𝑒𝑎𝑛 𝜎𝑡𝑜𝑡𝑎𝑙
2 = 3.1884 𝑚𝑒𝑎𝑛 𝜎𝑡𝑜𝑡𝑎𝑙

2 = 2.2145

Figure 8. Geometric consistency (σ2
total) map (Apollo 15).

Shadow modeling reduces multi-view inconsistency, yielding
lower σ2

total values and cleaner deviation maps.

Shadow modeling and geometric consistency To eval-
uate the impact of shadow modeling on cross-orbit con-
sistency, we analyze both elevation error and geometric
consistency. As shown in Table 5, LNEM with shadow
modeling achieves lower RMSELOLA than the variant with-
out shadow modeling in 7 of 8 cases. The only excep-
tion is Apollo 16, a two-view site where shadow model-
ing increases RMSELOLA from 1.970 to 4.630m, suggest-
ing overfitting due to insufficient multi-view constraints.
To further quantify the effect of shadow modeling across
orbits, we measure geometric consistency by projecting
predicted depth maps from multiple viewpoints into the
MOON ME frame, yielding one 3D point cloud per orbit. For
each reference point, nearest neighbors are retrieved from
other orbits within a 50m threshold. Spatial dispersion is
measured using per-axis standard deviations (σx, σy, σz),
yielding the rotation-invariant metric:

σ2
total = σ2

x + σ2
y + σ2

z (10)

Smaller σ2
total indicates tighter multi-view convergence and

higher geometric consistency. As shown in Table 8, shadow
modeling improves σ2

total across all regions. The spatial dis-
tribution of σ2

total in Fig. 8 further reveals that regions with
high variance are strongly correlated with severe photomet-
ric variation, particularly near shadow boundaries where
cross-orbit depth estimation becomes ambiguous.

Sensitivity to depth supervision We vary the percentage
of rays receiving depth supervision on Apollo 17. As shown
in Fig. 9, all ratios achieve comparable reconstruction qual-
ity, confirming that LNEM does not memorize the supervis-
ing DEM but learns geometry primarily through multi-view
photometric consistency.

10% 40% 100%M104318871R

𝑅𝑀𝑆𝐸𝑐𝑜𝑟𝑟 = 2.444 m 𝑅𝑀𝑆𝐸𝑐𝑜𝑟𝑟 = 2.098 m 𝑅𝑀𝑆𝐸𝑐𝑜𝑟𝑟 = 1.864 m

10% 40% 100%M104318871R

Figure 9. Depth supervision sensitivity (Apollo 17). Qualitative
DEM results at 10%, 40%, and 100% supervision ratios, achieving
RMSEcorr of 2.444m, 2.098m, and 1.864m, respectively.
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Figure 10. Shadow map prediction (Eimmart A). Brighter re-
gions indicate areas directly illuminated by the Sun, while non-
overlapping regions exhibit unreliable estimates.

6. Conclusion

A key motivation behind our research is to facilitate the de-
velopment of neural DEM approaches that complement ex-
isting methods [2, 3, 15]. Toward this end, we introduce
Lunar Studio, a data processing pipeline using RSM-based
pushbroom imagery from LROC NAC and KPLO LUTI,
and publicly release a curated dataset featuring eight near-
side regions of significant geological and scientific interest.
Building on this, we propose LNEM, which leverages con-
tinuous volumetric representations and multi-view parallax
under rigorous sensor models to address the challenges of
sparse observations, grayscale imagery, and subtle textural
variations, achieving geometrically consistent reconstruc-
tion under varying illumination conditions.

Limitations and future work While LNEM demon-
strates promising results for lunar DEM reconstruction, our
shadow modeling approach relies on photometric intensity-
based learning rather than explicitly modeling the physical
reflectance properties of lunar regolith. As illustrated in
Fig. 10, this approach does not fully capture secondary illu-
mination effects and polarization characteristics that vary
across terrains. Incorporating physics-based reflectance
models, such as the Hapke BRDF [12], is a promising direc-
tion for improving physical fidelity. Currently, our bench-
mark is focused on mid-latitude regions. Future work will
extend the dataset to include south polar NAC observa-
tions and enable multi-sensor fusion across heterogeneous
sources, such as NAC and LUTI, within a unified model.
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