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Learning to Anchor Visual Odometry: KAN-Based
Pose Regression for Planetary Landing

Xubo Luo , Zhaojin Li , Xue Wan , Wei Zhang , and Leizheng Shu

Abstract—Accurate and real-time 6-DoF localization is mission-
critical for autonomous lunar landing, yet existing approaches
remain limited: visual odometry (VO) drifts unboundedly, while
map-based absolute localization fails in texture-sparse or low-
light terrain. We introduce KANLoc, a monocular localization
framework that tightly couples VO with a lightweight but ro-
bust absolute pose regressor. At its core is a Kolmogorov–Arnold
Network (KAN) that learns the complex mapping from image
features to map coordinates, producing sparse but highly reli-
able global pose anchors. These anchors are fused into a bundle
adjustment framework, effectively canceling drift while retaining
local motion precision. KANLoc delivers three key advances: (i)
a KAN-based pose regressor that achieves high accuracy with
remarkable parameter efficiency, (ii) a hybrid VO–absolute local-
ization scheme that yields globally consistent real-time trajectories
(≥15 FPS), and (iii) a tailored data augmentation strategy that
improves robustness to sensor occlusion. On both realistic syn-
thetic and real lunar landing datasets, KANLoc reduces average
translation and rotation error by 32% and 45% , respectively, with
per-trajectory gains of up to 45% /48% , outperforming strong
baselines.

Index Terms—Landing, pose estimation, visual localization.

I. INTRODUCTION

LUNAR landing missions demand precise 6-DoF pose es-
timation, where even minor inaccuracies can jeopardize

mission success [1], [2]. Traditional navigation approaches of-
ten rely on high-power LiDAR systems [3] or complex IMU-
based sensor fusion [4], which impose significant constraints
on payload, power, and complexity, all critical factors for
resource-constrained missions. Vision-based localization offers
a lightweight yet powerful alternative, providing rich environ-
mental information with minimal hardware overhead.

However, the lunar environment presents unique challenges.
Relative visual localization methods, such as Visual Odometry
(VO), are locally stable but inevitably accumulate drift over
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long trajectories [5]. Absolute Visual Localization (AVL), which
aligns the lander’s camera view with a prior satellite map,
can correct this drift. Yet, traditional AVL pipelines, based
on feature matching and Perspective-n-Point (PnP) solvers [6],
show insufficient robustness under lunar conditions. Avail-
able digital elevation models (DEMs) are often too coarse
(≈10 m resolution) for low-altitude navigation [7], while the
repetitive textures and harsh illumination of the lunar sur-
face lead to sparse and ambiguous feature correspondences.
This leaves a critical gap: VO provides continuity but drifts,
whereas AVL offers global accuracy but is often unreliable in
practice.

To bridge this gap, we introduce KANLoc, a framework
that systematically integrates high-frequency VO with low-
frequency absolute pose corrections from a novel AVL mod-
ule. The key innovation is an absolute pose estimator based
on Kolmogorov-Arnold Networks (KANs). While conventional
deep learning models can regress pose, they often require large
datasets that are scarce for lunar scenarios and can be too
computationally heavy for onboard deployment. In contrast,
KANs replace the fixed, scalar weights of standard Multilayer
Perceptrons (MLPs) with learnable univariate functions, de-
composing the high-dimensional image-to-map relationship into
a series of smooth, localized transformations. This structure
provides superior parameter and sample efficiency, enabling
robust image-map alignment from limited data while remaining
lightweight. These properties make KANs particularly well-
suited to the cross-domain regression problem between lander
imagery and satellite maps. Within KANLoc, our KAN-based
estimator produces sparse but accurate absolute pose anchors,
which are fused with a continuous VO tracker through a tightly-
coupled bundle adjustment. This fusion preserves local motion
smoothness while enforcing global consistency. The contribu-
tions of this letter are threefold:
� We propose a KAN-based absolute pose regressor that

performs robust end-to-end estimation, overcoming the
limitations of feature-based methods in texture-sparse lu-
nar environments.

� We introduce a tightly-coupled hybrid framework that
fuses high-frequency VO with sparse absolute KAN
anchors, achieving globally consistent localization with
high efficiency.

� We develop a mask augmentation strategy to bridge the
Sim-to-Real gap, enabling the model to generalize to real
flight data despite severe self-occlusions.
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II. RELATED WORK

A. Monocular Localization

Monocular localization infers 6-DoF pose via Relative (RVL)
and Absolute (AVL) Visual Localization.

RVL tracks motion between successive frames. Examples
include the Nova-C lander [8] and Kalman-based methods [9].
Recent neural approaches address the limitations of handcrafted
features by enforcing metric scale via geometric constraints [10]
or patch-based correspondences [11]. Despite providing real-
time estimates, all VO methods suffer from cumulative drift.

AVL corrects drift by aligning images to a map. Classic meth-
ods match features to solve PnP problems [12]; in the context of
planetary landing, Christian et al. [38] provide a comprehensive
review of such Terrain Relative Navigation (TRN) techniques.
However, matching speed and resolution disparities often limit
performance [13]. While probabilistic feature alignment meth-
ods like PixLoc [37] offer improved robustness, they can be
computationally intensive during inference. Consequently, end-
to-end learning frameworks have emerged, categorized into
direct pose regressors and scene coordinate regressors. While
powerful, they struggle with generalization and computational
cost [14], [15], with diffusion-based refinements [16] adding
further overhead. Our work leverages the novel KAN architec-
ture for direct pose regression, balancing high accuracy with
efficiency.

B. Hybrid Localization

Hybrid localization fuses relative and absolute measurements
to prevent drift, typically via Bundle Adjustment (BA) [17],
[18]. We adopt a tightly-coupled approach, integrating absolute
priors directly as optimization factors for superior robustness
compared to loosely-coupled methods. While early works used
GNSS [19], its latency is prohibitive for cislunar space, prompt-
ing a shift to visual map matching [20], [21]. Crucially, unlike
existing methods that rely solely on position priors, our frame-
work incorporates full 6-DoF absolute pose constraints.

C. Kolmogorov-Arnold Networks (KAN)

Inspired by the Kolmogorov-Arnold theorem, KANs replace
fixed nodal activations with learnable univariate splines on
edges. This architecture enables efficient modeling of com-
plex functions with fewer parameters than standard MLPs. We
leverage this to map high-dimensional DINO-v2 features to the
SE(3) pose manifold, as KANs can capture geometric structure
more effectively than monolithic Transformers or CNNs. While
promising in other domains [22], this is the first application of
KANs to absolute pose regression, yielding a lightweight and
robust estimator for robotic localization.

III. METHODOLOGY

Given a sequence of images (Ii)Ni=1 from the lander and prior
reference maps, our goal is to estimate the lander’s real-time
6-DoF pose. We explicitly state that pose transformations are
composed from right-to-left, where T a

b denotes the pose of

Fig. 1. Illustration of lunar landing phases, such as those in the Chang’e-3
mission, which require continuous and accurate localization across different
altitudes and sensor conditions.

frame a in frame b. As shown in Fig. 2, our framework com-
bines high-frequency visual odometry for local motion tracking
with low-frequency absolute pose estimation from our novel
KAN-based regressor. These outputs are fused via absolute-
pose-constrained bundle adjustment for a globally consistent
trajectory. This design explicitly targets two key challenges
in autonomous landing: (i) drift accumulation in relative pose
estimates and (ii) global alignment under scale ambiguity.

A. KAN-Based Absolute Pose Regressor

We propose an AVL module that estimates the 6-DoF pose of
the lander relative to a global map. In contrast to conventional
MLP or transformer-based regressors, our design leverages the
KAN, which offers provable universal approximation via the
Kolmogorov–Arnold representation theorem, improved inter-
pretability, and strong empirical efficiency for real-time infer-
ence.

Coarse Localization via Image Retrieval: We retrieve the
top-K (K = 5) map tiles (2.0 m/px, 20% overlap in w0) using
DINO-v2 [23] cosine similarity. The search is constrained to
a local neighborhood (W = 9) around the previous match for
efficiency. To mitigate tracking failures, if the similarity score
falls below a threshold τ , the system reverts to global search in
the next frame.

Pose Regression with KAN: Given the DINO descriptors f ic ∈
R

n (camera) and f im ∈ R
n (retrieved map), we fuse them via a

lightweight learned gate:

α = σ

(
(Wqf

i
c)
�(Wkf

i
m)√

d

)
, (1)

xi = α (Wvf
i
m) + (1− α) (Wcf

i
c), (2)

where Wq,Wk,Wv,Wc are learnable projections and σ(·) is
the sigmoid. This gating lets the camera descriptor modulate the
contribution of the retrieved map descriptor. We also evaluate a
token-level cross-attention variant in the supplement.

The fused representation xi ∈ R
n is then processed by our

KAN regressor. Unlike conventional MLP layers with fixed
nonlinearities, KAN layers parameterize nonlinear transforma-
tions using learnable spline bases, providing adaptive capacity
to capture high-dimensional variations in planetary imagery.
Specifically, the inner and outer functions are modeled as linear
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Fig. 2. The proposed KANLoc framework integrates: (a) AVL, combining coarse retrieval with KAN-based 6-DoF refinement; (b) RVL, utilizing standard visual
odometry for high-frequency tracking; and (c) a bundle adjustment back-end ensuring global consistency via AVL constraints.

combinations of parametric and B-spline basis functions:

ψ(x) = wb
x

1 + e−x
+ ws

∑
i

ciBi(x), (3)

where Bi(x) denotes the i-th B-spline basis, wb and ws are
learnable weights, and ci are coefficients. To alleviate the GPU
overhead of recursive B-spline computation, we adopt the Re-
flectional Switch Activation Function (RSWAF) [24], which
provides an efficient closed-form approximation:

Bi(x) ≈ 1−
(
tanh

(
x− xi
h

))2

. (4)

Our KAN regressor comprises three layers with widths and a
spline grid size of 5. At inference, the model achieves up to
20Hz on a RTX 4090 GPU. After L = 3 layers, a final linear
head regresses the 6-DoF pose (R̂i, t̂i). To ensure R̂i ∈ SO(3),
we predict a 6D rotation [34], orthonormalizing it via Gram–
Schmidt and negating the last column if det(R̂i) < 0. We su-
pervise the network using:

Lpose = arccos

(
C
(

tr(R̂iRi
gt
�
)− 1

2

))
+ λ‖t̂i − tigt‖22, (5)

where C(·) clamps inputs to [−1 + ε, 1− ε] (ε = 10−7) for
numerical stability, and λ = 10 balances the translation and rota-
tion terms. The estimated absolute pose is denotedT ci

w0
∈ SE(3).

The scoring function in Algorithm 1 combines the retrieval
similarity with a pose confidence score, where α is a weighting
hyperparameter (empirically set to α = 0.7). The confidence
conf(·) is set to a constant as the current KAN regressor is
deterministic. Therefore, candidate scoring relies on retrieval
similarity combined with the subsequent chi-squared gating,
which we found sufficient for robust outlier rejection.

B. Relative Pose Estimation

For high-frequency motion estimation, we employ a cus-
tom ORB-based monocular VO pipeline implemented in

Algorithm 1: KANLoc AVL Pipeline.

1: In: Img Iic, Map D, jprev, W , K; Out: Pose T ci
w0

, Info Ωi

2: Get Top-K candidates {mk} in window W via DINO
sim: f ic

�
fmk

3: for each candidate mk do
4: Regress pose: (R̂, t̂)← Ortho(KAN(Fuse(f ic , fmk

)))
5: Assemble T ci

k w0
and compute score

sk←α cos(f ic , fmk
) + (1− α) conf(T ci

k w0
)

6: end for
7: Select k∗ ← argmaxk sk and set T ci

w0
← T ci

k∗w0

8: Calc residual ei; return (e�i Σ
−1ei < χ2

τ ) ?
(T ci

w0
,Σ−1) : Reject

OpenCV [27]. We selected this CPU-efficient method to es-
tablish a heterogeneous computing architecture, reserving GPU
resources solely for the KAN network to avoid hardware con-
tention. Furthermore, unlike the patch-based DINO features
used for global matching, ORB provides the efficient pixel-
level geometric precision required for high-frequency tracking.
Sparse keypoints are detected and described using ORB, and cor-
respondences are established via a K-nearest neighbors matcher.
To improve robustness, matches are filtered by the ratio test and
geometric verification with RANSAC.

Once an initial motion estimate is obtained, 3D landmarks are
triangulated. Camera poses are refined by minimizing the total
reprojection error:

Erep =
∑
k

∥∥pk − π
(
K(RXk + t)

)∥∥2, (6)

where π(·) is the perspective projection function and K is the
intrinsic matrix. The estimated relative pose is denoted as T ci

c0
∈

SE(3).
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C. Globally-Consistent Trajectory Estimation Via Constrained
BA

The relative pose from VO is scale-ambiguous and defined in
a local frame initialized at the start of motion. To correct drift
and align the trajectory to the global frame, we fuse the VO
estimates with the sparse absolute pose measurements from our
KAN module. Unlike standard BA, our approach incorporates
these absolute poses as priors in a pose-graph optimization. A
similarity transformation Ac0

w0
∈ Sim(3) is jointly optimized to

align the relative VO frame to the global world frame:

T̂ ci
w0

= Ac0
w0
T ci
c0
, (7)

where T̂ ci
w0

is the aligned i-th camera pose. The residual for
an absolute pose measurement T ci

w0
is defined on the manifold

se(3):

ei = log
(
(T ci

w0
)−1T̂ ci

w0

)∨
= log

(
(T ci

w0
)−1Ac0

w0
T ci
c0

)∨
(8)

where (·)∨ maps an element of the Lie algebra se(3) to its vector
representation. We construct a factor graph where camera poses
are nodes, and edges represent either relative motion constraints
from VO or absolute pose constraints from our KAN module.
We employ g2o [33] to solve the full nonlinear least-squares
problem, which jointly minimizes reprojection errors and abso-
lute pose residuals: All factors are wrapped with a Huber kernel,
and suspected outliers are first filtered using a chi-square gate.

A∗ = argmin
A

∑
i∈K

e�i Ωiei +
∑
j∈M

Erep,j , (9)

where K is the set of keyframes with absolute pose measure-
ments from the KAN,M is the set of all 3D map points, and Ωi

is the information matrix for the absolute measurement. In the
measurement selection step (Algorithm 1), the confidence term
is set to a constant because the current KAN regressor is deter-
ministic; thus, candidate weighting relies primarily on retrieval
similarity. The information matrix Ωi provides a principled
way to weight the influence of each absolute measurement. The
empirical covariance Σ is estimated on a held-out validation set
by aggregating pose regression errors, and its inverse Ωi = Σ−1

is frozen during testing. To filter dynamic outliers, we set the
chi-square gating threshold at χ2

τ ≈ 16.81, corresponding to
a p-value of 0.99 with 6 degrees of freedom (covering both
translation and rotation). This process fuses absolute and relative
poses, yielding a smooth and globally consistent trajectory.

IV. EXPERIMENTS

In this section, we first perform experiments on a synthetic
dataset to investigate the influence of lighting and terrain on the
localization accuracy of our method. Following this, we evaluate
on the real-world landing sequence of Chang’e-3 to assess the
generalization ability of our method.

A. Experiments on Synthetic Datasets

Visual localization accuracy against a prior map is heavily
influenced by factors like lighting and terrain. In this section, we
systematically investigate these effects using synthetic datasets.

1) Synthetic Dataset Generation: We build a synthetic lunar
landing dataset using Unreal Engine and AirSim [25], simulating
the Chang’e-3 landing site. The dataset includes four trajectories
with lengths ranging from 1800m to 2000m, covering varying
illumination (0.2-1.0) and slope angles (0-20◦). The lander’s
trajectory simulates near-ground inspection (1000m), angle ad-
justment (500-1000m), and final descent (0-500m) stages.1

2) Implementation Details: We compare against represen-
tative monocular localization methods, including RVL (ORB-
SLAM2 [26], ORB-SLAM3 [27], DPVO [11], NeRF-VO [28],
LEAP-VO [29]) and AVL (HLoc [36], Reloc3r [14], Rel-
Pose++ [30], Direct-PoseNet [31], PoseDiffusion [32]). To en-
sure a fair and rigorous comparison, all learning-based baselines
were re-trained from scratch on our synthetic lunar dataset
using their publicly available implementations. We adopted a
unified training protocol for all methods: Adam optimizer, initial
learning rate 1× 10−3 with ×0.1 step decay every 20 epochs
(60 total), batch size 32, weight decay 10−4, and input resolution
of256× 256. The loss weight λ for pose regression methods was
set to 10. This protocol ensures that performance differences can
be attributed to model architecture and methodology rather than
disparities in training data or optimization. Unless otherwise
stated, performance is measured on a single NVIDIA RTX
4090. We employ a dual-resolution strategy:256× 256 for KAN
inference to ensure speed, and 512× 512 for ORB tracking to
maintain geometric precision. VO threading is fixed, AVL fires
every 10 frames, and retrieval uses GPU-based descriptors.

3) Results and Analysis: Table I shows the quantitative re-
sults. Among RVL methods, ORB-SLAM3 is the most accurate
but still exhibits significant drift, with an average translation
error of 11.03 m. AVL methods generally show much higher
errors and slower speeds, highlighting the difficulty of direct
regression even when trained on the target domain.

Our proposed KANLoc framework consistently achieves the
lowest error across all trajectories, registering an average transla-
tion error of 7.50m and a rotation error of 7.78◦. This represents
a significant improvement, reducing the translation and rota-
tion errors of the next-best method, ORB-SLAM3, by 32.0%
and 44.8% , respectively. Notably, KANLoc maintains robust
performance under challenging conditions like low illumination
and rough terrain (Trajectories 2 and 4), where other methods
degrade. The significant performance drop of other AVL meth-
ods in low light (e.g., Reloc3r on Trajectory 4, with a 40.45 m
translation error) is likely due to the collapse of distinctive visual
cues that their backbones rely on. Similarly, the structure-based
baseline HLoc performs well in distinctive terrains (T1, T2)
but struggles in texture-poor regions (T3, T4), leading to higher
overall errors compared to KANLoc. In contrast, our approach
benefits from the robustness of the pre-trained DINO features
and the KAN’s ability to learn a smooth mapping function that
is less sensitive to illumination variance. The hybrid approach
effectively mitigates drift while ensuring global consistency.

1We acknowledge that real missions often face dust-induced visual degra-
dation at low altitudes (<10 m), typically necessitating a switch to non-visual
sensors.
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TABLE I
RMSE OF THE PROPOSED METHOD AND BASELINES ON THE SYNTHETIC DATASET. † INDICATES METHODS EVALUATED ON CPU; OTHERS

ARE EVALUATED ON A GPU.

In terms of efficiency, KANLoc runs in real-time at 16.35
FPS, a speed that is significantly faster than all AVL methods
and competitive with most RVL methods. This validates the
parameter efficiency of KANs compared to larger models used
in other methods, such as Reloc3r (103.5M) and NeRF-VO
(131.2M). Quantitatively, the proposed neighborhood search
strategy significantly reduces computational load. Compared to
the global search which scans 165 regions (≈1650 ms), our
method processes only ≤9 local patches (≈90 ms), achieving
an 18× speedup.

B. Experiments on Real Flight Dataset

We now evaluate our method on real flight data from the
Chang’e-3 mission to assess its generalization to real-world
conditions.

1) Dataset Preparation: We processed the publicly avail-
able landing video of Chang’e-3 into an image sequence at
25 fps, resulting in 1,060 frames over a 1268.69-meter tra-
jectory. This dataset is challenging due to occlusions from the
lander’s own components (e.g., legs, support structures), which
can obscure visual features. To improve robustness, we applied
mask augmentation to our synthetic training data, simulating
these occlusions. This forces the model to learn from partial
views, improving its generalization. Details on the augmentation
strategy are in Section IV-C1. Because absolute ground truth is
unavailable, we align predicted trajectories to a geo-registered
reference using Sim(3) alignment [35]. We acknowledge that
this evaluation protocol can mask certain global errors like
scale drift but remains a standard and necessary practice for
such datasets; we will release our alignment scripts to ensure
reproducibility.

2) Implementation Details: We use the same set of compet-
ing methods and evaluation metrics (RMSE of translation and
rotation, FPS) as in the synthetic experiments.

3) Results and Analysis: Table II presents the results on the
real flight dataset. Our proposed KANLoc method significantly
improves over the selected baselines in accuracy while main-
taining real-time performance. It achieves a translation error of
12.50m and a rotation error of 9.25◦.

TABLE II
RESULTS OF THE PROPOSED METHOD AND OTHER METHODS ON THE REAL

FLIGHT DATASET. THE HEIGHT ERROR (ERR. HEIGHT) IS EXPLICITLY

ANALYZED TO ADDRESS SCALE AMBIGUITY CONCERNS.

RVL methods like LEAP-VO perform reasonably well
but still suffer from accumulated drift. AVL methods show
severely degraded performance on real data. Specifically, Re-
loc3r and RelPose++ exhibit extreme translational jitter and
Z-axis drift rather than a complete loss of odometry. This failure
stems from overfitting to synthetic textures, leading to scale
misidentification on real imagery. This domain gap arises from
subtle differences in sensor noise, motion blur, and the unique
photometric properties of lunar regolith that are difficult to
perfectly replicate in simulation.

KANLoc demonstrates remarkable robustness, achieving
the lowest translation and rotation error. Compared to the best
RVL method (LEAP-VO), our framework improves translation
accuracy by 2.34% and rotation accuracy by 23.6% . This
highlights the effectiveness of our drift correction mechanism.
Crucially, it maintains a practical 15.52 FPS. The scale ambi-
guity is a critical concern in monocular systems. Global ATE
can often hide potentially dangerous errors along the approach
axis. Table II explicitly reports height error, where KANLoc
achieves a significant 35.3% improvement over LEAP-VO,
demonstrating its ability to maintain scale consistency.

The box plot in Fig. 4(a) further illustrates the superior con-
sistency of KANLoc. The occlusions from lander components
severely impact feature-based methods. Our mask augmentation
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Fig. 3. Sample images from (a) real Chang’e-3 imagery and (b) high-fidelity
simulation used for training or evaluation.

TABLE III
IMPACT OF MASK AUGMENTATION ON LOCALIZATION ACCURACY. THE

“OCCLUSION RATIO” INDICATES THE APPROXIMATE PERCENTAGE OF THE

IMAGE AREA COVERED BY MASKS.

strategy proves effective, enabling the KAN module to produce
reliable pose estimates even with partial views. Fig. 4(b) visu-
alizes the accuracy-efficiency trade-off, showing that KANLoc
occupies a favorable position with high accuracy, high speed,
and a moderate model size. Comparisons to structure-based lo-
calization (e.g., hierarchical local-feature pipelines) are deferred
to future work.

C. Ablation Study

We conducted comprehensive ablation studies using the syn-
thetic dataset to ensure a controlled evaluation with precise
ground truth. Specifically, we evaluated the impact of mask
augmentation strategies, absolute localization frequency, loss
function weights, and the choice of the pose regressor architec-
ture on the overall system performance.

1) Mask Augmentation: To simulate occlusions from lander
components, we apply random rectangular masks to training
images. We define three augmentation levels based on occlusion
ratios: Low (5 masks,∼10% ), Medium (10 masks,∼20% ), and
High (20 masks, ∼40% ), with mask dimensions sampled from
[0.1H, 0.2H]. As shown in Table III, medium augmentation
yields the best performance, balancing feature diversity with
information preservation, whereas excessive masking degrades
accuracy.

2) Absolute Localization Frequency: We investigated the im-
pact of the absolute pose estimation frequency on accuracy and
efficiency by varying the interval at which absolute constraints
are added to the BA (every 20, 10, and 5 frames). This analyzes
the trade-off between drift correction and real-time performance.

Table IV shows that increasing the frequency reduces error but
also lowers the processing speed. Low-frequency corrections are
fastest but less accurate; high-frequency corrections are most
accurate but too slow for real-time use. A medium frequency
(every 10 frames) offers the best balance between accuracy and
real-time performance.

TABLE IV
IMPACT OF ABSOLUTE POSE ESTIMATION FREQUENCY

TABLE V
EFFECT OF DIFFERENT LOSS WEIGHT RATIOS ON LOCALIZATION ACCURACY.

EVALUATED ON A VALIDATION SPLIT.

TABLE VI
ABLATION OF THE POSE REGRESSOR ARCHITECTURE (MEAN RMSE ON A

VALIDATION SPLIT). KAN DEMONSTRATES SUPERIOR ACCURACY AND

SAMPLE EFFICIENCY.

3) Loss Function: We conducted an ablation study on the
loss weight λ, which balances the translation and rotation terms.
We tested λ values of 1, 5, 10, and 20.

Table V shows that increasing λ reduces translation error at the
cost of higher rotation error. The best balance between accuracy
for both terms and convergence speed is achieved at λ = 10,
which we use for all experiments.

4) Pose Regressor Ablation: To validate our choice of a
KAN-based pose regressor, we replaced it with parameter-
matched MLP and Transformer backbones, keeping all other
system components and training protocols fixed. As shown in
Table VI, the KAN architecture is not only the most accurate
with full training data, but also demonstrates superior sample
efficiency. When trained on only 25% of the data, KAN’s
translation error degrades by just 23% , compared to 50% for
the Transformer and 65% for the MLP. This efficiency stems
from KAN’s learnable spline-based activations, which provide
an adaptive basis for approximating the complex image-to-pose
mapping more effectively than the fixed nonlinearities of an
MLP or the general attention mechanism of a Transformer,
especially with limited data. This ablation confirms that the KAN
regressor is a key contributor to KANLoc’s overall performance.

5) Remark on Generalization: While absolute errors vary
with terrain complexity (Table I and Table II), the relative
performance trends are expected to generalize across sites.
This is because Masking and KANs address intrinsic learning
challenges, such as overfitting and high-frequency modeling,
independent of specific coordinates.

Authorized licensed use limited to: University of Chinese Academy of SciencesCAS. Downloaded on March 21,2026 at 19:32:20 UTC from IEEE Xplore.  Restrictions apply. 



3580 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 11, NO. 3, MARCH 2026

Fig. 4. (a) Box plot of the localization errors on the Chang’e-3 landing sequence. (b) Error vs. Efficiency of different models (lower error is better). Bubble size
indicates model parameters.

TABLE VII
INFERENCE SPEED (FPS) COMPARISON ON NVIDIA JETSON AGX ORIN

UNDER DIFFERENT POWER BUDGETS

D. Deployment on AGX Orin

To address concerns regarding the suitability of our approach
for onboard deployment and to validate the efficiency of the pro-
posed KAN-based architecture, we conducted hardware-in-the-
loop experiments using an NVIDIA Jetson AGX Orin (64 GB).
Table VII presents the inference speed (FPS) of KANLoc com-
pared to ORB-SLAM3 and RelPose++ under different power
budgets (15W, 30W, 50W, MAXN). KANLoc consistently out-
performs both baselines across all power modes, achieving
real-time performance even at the lowest power setting. Re-
garding resource consumption, the model utilizes approximately
8.3GB of VRAM and 35% of the RTX Orin’s compute capacity
during inference, leaving ample margin for parallel tasks. This
demonstrates that our method is not only accurate but also effi-
cient enough for practical deployment on resource-constrained
embedded systems commonly used in lunar landers.

V. DISCUSSION

A. Generalization and Uncertainty Estimation

It is important to note that the proposed AVL regressor is
scene-specific, implicitly encoding the metric map of the target
site within its weights. While the method requires site-specific
training, the masking strategy effectively bridges the Sim-to-
Real domain gap, allowing the model to generalize from syn-
thetic training data to real-world flight imagery with varying
illumination and textures.

However, a limitation of the current framework is its determin-
istic nature. The confidence score relies on a fixed covariance
assumption, which may not capture the varying reliability of
visual features in degraded environments. Ideally, the network
should predict a heteroscedastic uncertainty score to replace the
fixed covariance in Algorithm 1:

sk←α cos(f ic , fmk
) + (1− α) conf(T ci

k w0
). (10)

Integrating such dynamic confidence into the g2o framework
would allow the fusion system to adaptively downweight AVL
measurements in degraded scenarios, seamlessly falling back to
robust relative odometry to ensure trajectory continuity.

B. Role of Inertial Sensors and System Redundancy

While high-grade Inertial Measurement Units (IMUs) are
standard on lunar landers and Visual-Inertial Odometry (VIO)
is widely used for drift mitigation, we intentionally focus on
a pure vision solution to enhance strategic system redundancy.
In deep space exploration, reliance on a single sensor modality
poses risks; therefore, developing a robust, IMU-independent
capability ensures navigation continuity even if the IMU fails
or saturates during high-vibration phases. Although pure VO
typically suffers from unbounded drift, our fusion architecture
effectively addresses this by employing the KAN-based AVL
as a global correction mechanism, conceptually similar to loop
closure, to periodically reset accumulated error. This enables
KANLoc to achieve bounded trajectory accuracy solely through
visual inputs, providing a critical fail-safe backup for the primary
navigation system.

VI. CONCLUSION

In this letter, we proposed KANLoc, a robust and efficient
monocular 6-DoF localization framework for lunar landers. Our
core innovation is the KAN that provides sparse yet highly
accurate absolute pose anchors, which are fused with visual
odometry via constrained bundle adjustment to effectively mit-
igate cumulative drift. Extensive experiments on synthetic and
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real-world datasets confirm that KANLoc delivers superior ac-
curacy and real-time performance against baselines. Primary
limitations lie in the domain gap and feature degradation under
extreme lighting. Future work will prioritize four key directions:
1) Probabilistic Modeling: Extending the KAN regressor to
predict uncertainty scores for adaptive sensor fusion; 2) Hard-
ware Migration: Optimizing the model via quantization for
deployment on space-grade embedded platforms (e.g., FPGAs
or SoCs); 3) Environmental Robustness: Incorporating physics-
based modeling of dust plumes and outgassing to rigorously test
resilience during touchdown; and 4) Closed-loop Validation:
Integrating the system into Hardware-in-the-loop (HIL) GNC
simulations to verify stability in active landing control.
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