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Abstract - Autonomous lunar landing is a foundational prerequisite for next-generation planetary exploration, particularly across lunar
polar regions characterized by severe communication latencies and complex topographic features that preclude real-time human
intervention. While accurate hazard assessment encompassing craters, boulders, extreme slopes, and permanently shadowed regions is
imperative for mission survival, ambient low-light conditions yield surface imagery dominated by sub-visual contrast, low visibility, and
sensor noise. To circumvent these imaging constraints, this paper introduces an end-to-end computer vision framework that couples low-
light image restoration with semantic hazard classification for optimal landing zone selection. The core architecture relies on a multi-stage
deep learning pipeline: LLFormer first amplifies micro-illumination features to expose hidden topography, followed by a Restormer
network configured to systematically attenuate noise and reconstruct fine structural details. Downstream, a specialized object detection
model maps localized surface hazards, feeding these spatial constraints into a terrain suitability algorithm that computes localized safety
profiles. Evaluated against standard image quality metrics (PSNR, SSIM) and object detection benchmarks (Precision, Recall, F1-Score,
mAP), experimental validation demonstrates that integrating low-light enhancement prior to object detection significantly boosts
downstream classification accuracy and feature clarity. Ultimately, this framework provides a robust framework for intelligent, vision-
guided navigation and real-time decision-support in autonomous planetary landings.

Keywords

Autonomous lunar landing, Lunar polar regions, Hazard detection, Low-light image enhancement, Image restoration, LLFormer, Restormer, Deep
learning object detection, Safe landing zone selection, Multi-stage pipeline, Vision-based navigation, Terrain suitability analysis, Permanently
shadowed regions, Sensor noise attenuation, Structural topography, Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), Mean
Average Precision (mAP)

INTRODUCTION

Planetary exploration increasingly prioritizes lunar missions due to their scientific value and their foundational role in long-term
human space flight. Recent orbital and surface exploration programs have yielded vast repositories of high-resolution imagery,
which serve as the baseline for topographic mapping, geological classification, resource localization, and landing site evaluation.
As space agencies shift focus toward establishing a sustained human presence on the Moon, developing robust, vision-based
autonomous landing systems has emerged as a primary engineering challenge.

Safe descent and touchdown necessitate that a spacecraft independently evaluate local terrain geometry and isolate non-hazardous
zones without real-time human intervention. This operational autonomy is especially critical during missions targeting lunar polar
regions, where extreme communication latencies, restricted line-of-sight visibility, and severe environmental constraints preclude
manual piloting from Earth. Throughout the powered descent phase, the on-board navigation system must rapidly categorize
topographical hazards—such as craters, boulder fields, steep slopes, macro-roughness, and permanently shadowed regions (PSRs)—
to mitigate catastrophic landing risks.

A principal barrier to reliable vision-guided hazard assessment stems from the degraded quality of imagery captured under extreme
illumination profiles. Because the Moon lacks an atmosphere to diffuse light, low-angle solar incidence produces high-contrast
shadows, uneven illumination boundaries, and pronounced sensor noise. These artifacts mask critical structural details, severely
impairing the performance of standard computer vision networks. While conventional image enhancement methods—including
histogram equalization, gamma adjustment, and Retinex-based models—can elevate global luminance, they typically introduce
artifacts and fail to preserve the fine textural edges required for precise hazard mapping.

To overcome these constraints, recent paradigms in deep learning leverage deep neural network architectures for image restoration
and object detection. Attention-based Transformer models have demonstrated exceptional capabilities in capturing concurrent local
and global spatial dependencies, making them highly suited for low-light restoration. Specifically, architectures like LLFormer
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effectively resolve non-uniform lighting distributions, while Restormer pipelines achieve state-of-the-art results in simultaneous
denoising and structural reconstruction. In parallel, convolutional networks (e.g., the YOLO series) and Vision Transformers (ViTs)
provide accurate, low-latency identification of localized features within complex, noisy visual fields.

This paper introduces an integrated, learning-based framework that couples multi-stage lunar image enhancement with semantic
hazard classification and safe landing zone selection. The proposed architecture deploys a sequential preprocessing pipeline:
LLFormer first rectifies low-illumination constraints to expose sub-visual surface artifacts, after which a Restormer network
attenuates high-frequency noise and reconstructs fine structural details. These enhanced representations feed directly into a deep
learning object detection model trained to delineate craters, boulders, and irregular terrains. Finally, a downstream terrain suitability
module evaluates the spatial distribution of these classified hazards to compute localized safety maps and identify optimal
touchdown coordinates.

3. LITERATURE REVIEW

3.1 Lunar Image Analysis and Autonomous Landing

Autonomous lunar landing requires rapid onboard image analysis to identify safe landing zones while avoiding hazards such as
craters, boulders, steep slopes, and rough terrain. High-resolution orbital imagery supports landing site selection, but low
illumination and sensor noise significantly reduce the performance of automated landing systems.

Traditional computer vision methods, including edge detection, texture segmentation, and geometric feature extraction, offer low
computational cost but perform poorly on low-contrast images, shadowed regions, and complex lunar terrain.

3.2 Low-Light Image Enhancement Techniques

Image enhancement is essential for recovering terrain details obscured by poor lighting. Conventional methods such as Global
Histogram Equalization (GHE), CLAHE, and Gamma Correction improve brightness and contrast but often amplify noise and
introduce artifacts, reducing structural accuracy.

Deep learning approaches overcome these limitations by learning complex image degradations. Retinex-based networks improve
illumination while preserving structure, Zero-DCE enhances brightness without paired training data, and EnlightenGAN generates
realistic textures in dark scenes. However, these methods often struggle to maintain both uniform illumination and fine geological
details in lunar images.

3.3 Transformer-Based Image Enhancement and Restoration

Transformer-based models have significantly improved image enhancement and restoration. LLFormer employs hierarchical
attention to enhance low-light images, recover hidden terrain details, and maintain structural consistency under uneven
illumination. Restormer uses efficient multi-head channel attention for denoising, deblurring, and artifact removal while
preserving fine textures and minimizing computational cost.

3.4 Deep Learning-Based Hazard Detection

Deep learning has greatly advanced hazard detection in remote sensing by automatically learning complex visual features. Models
such as Faster R-CNN, SSD, and YOLO replace handcrafted feature extraction with end-to-end object detection.

Among these, YOLO is widely used in autonomous systems due to its balance of speed and detection accuracy. Transformer-
based detectors further improve feature representation and localization through self-attention mechanisms, making them effective
for real-time hazard detection.

3.5 Research Gap

Most existing research treats low-light enhancement and lunar hazard detection as separate tasks. Traditional enhancement
methods fail to preserve structural details required for accurate detection, while object detectors perform poorly on raw low-light
images. Few studies integrate transformer-based enhancement, denoising, and hazard detection into a unified framework.

IJERTV151S061103 Page 2
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

4. PROPOSED METHODOLOGY

4.1 Overview of the Proposed Framework
The architecture introduced herein establishes a learning-based computer vision pipeline optimized for real-time lunar topography
illumination, artifact remediation, and semantic hazard bounding-box localization. The end-to-end framework aims to ingest highly
degraded, low-light imagery from lunar polar regions and output deterministic spatial safety maps to facilitate risk-mitigated
autonomous landing site selection.
The algorithmic execution proceeds sequentially through four distinct computational layers:
e Layer 1 (Data Normalization): Sensor-level image optimization and programmatic geometric variations.
e Layer 2 (Illumination Modeling): Multi-scale illumination rectification via the LLFormer attention framework.
e Layer 3 (Topographic Denoising): High-frequency noise suppression and edge preservation utilizing a channel-wise
Restormer network.
e Layer 4 (Delineation & Site Assessment): Real-time multi-hazard localization via a YOLO-based object detection head
coupled to a terrain suitability cost function.

The strict architectural coupling of low-level vision enhancement with high-level semantic classification ensures structural features
remain invariant under shifting lighting conditions.

4.2 Dataset Formulation and Preprocessing Protocols
The experimental validation of this framework leverages heterogeneous orbital datasets derived from the Chandrayaan mission
instruments and the Lunar Reconnaissance Orbiter (LRO) Narrow Angle Camera (NAC). The aggregated corpus provides extensive
spatial coverage across variable terrain classes, including ejecta blankets, high-density boulder configurations, degraded impact
craters, and permanently shadowed low-sun-angle geometries. [1]
To guarantee gradient stability and minimize structural bias during the optimization phase, raw data tensors are subjected to a
standardized preprocessing pipeline defined as follows:
e Spatial Alignment: Bilinear interpolation maps input tensors to a uniform 512 x 512 pixel resolution.
e Radiometric Calibration: Min-max pixel intensity values are mapped across a bounded [0, 1] range.
e Data Augmentation: Geometric variations—comprising random horizontal flips, 90° axial rotations, and scaling vectors—
are dynamically introduced to suppress overfitting.
e Contrast Standardization: Zero-mean normalization minimizes sensor-specific gain disparities across separate orbital
missions.

4.3 Low-Light Illumination Modeling via LLFormer
The initial stage of the enhancement architecture targets the high-contrast shadow boundaries characteristic of lunar polar regions,
where the minimal solar incident angle obscures structural topography. Rather than relying on spatial-domain adjustments that
introduce illumination clipping, the framework routes preprocessed arrays through an LLFormer layer.
LLFormer exploits hierarchical transformer blocks integrated with self-attention masks to decompose the scene into global
illumination fields and localized reflectance features. This architectural layout facilitates:

e Non-uniform cross-image luminance equalization.

e Dynamic range expansion within deep shadow boundaries.

e  Preservation of underlying macro-scale geological geometries.
The resulting tensor exhibits augmented sub-visual features, providing an exposed structural baseline for the subsequent noise-
attenuation stage.

4.4 Topographic Denoising and Restoration via Restormer

While the LLFormer layer rectifies macro-illumination constraints, the high gain required to amplify sub-visual features
fundamentally elevates high-frequency sensor noise and introduces block artifacts. To restore fine textural definitions, the pipeline
sequentially pipes the intermediate tensor into a Restormer network.

4.5 Real-Time Semantic Hazard Delineation
Following structural restoration, the enhanced feature representations are directed into an automated hazard detection head. This
component translates raw pixel data into classified spatial coordinates corresponding to spacecraft landing risks.
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The detection module uses a unified YOLO-based convolutional architecture optimized for high-speed inference. It continuously
maps bounding boxes and category probabilities for five primary terrain hazard.

The detector outputs structured arrays containing the confidence scores and spatial coordinate sets for each detected object boundary,
ensuring that localized terrain boundaries are explicitly mapped.

4.6 Terrain Suitability Mapping and Cost-Function Analysis
Upon identifying the hazards, a downstream landing suitability module aggregates the spatial coordinates to generate a continuous
safety map. This calculation computes a regional suitability index using distance transform fields from the bounding boxes of
detected hazards.
The suitability matrix evaluates candidate regions against explicit geometric constraints:

e  Structural separation distances from mapped crater lips and boulder arrays.

e Localized micro-roughness variances.

e Ambient pixel-level visibility and uniform lighting parameters.

5. EXPERIMENTAL EVALUATION

To evaluate the effectiveness of the proposed method, several image quality metrics are used.

PSNR (Peak Signal-to-Noise Ratio)

PSNR measures the reconstruction quality of the enhanced image compared to the reference image. A higher PSNR value indicates
better image quality.

SSIM (Structural Similarity Index)

SSIM measures the similarity between two images in terms of structural information. It evaluates how well the enhanced image
preserves important features.

Visual Assessment

A landing suitability heatmap was generated to visualize the safety level of different regions on the lunar surface. Regions with
higher safety scores were recommended as potential landing locations.

6. RESULT ANALYSIS

6.1 Visual Results

An empirical evaluation of the visual outcomes demonstrates the explicit tracking performance and functional efficiency of the
integrated pipeline when processing highly degraded lunar inputs. By isolating intermediate outputs across successive processing
layers, the distinct structural contributions of the illumination and restoration models can be qualitatively benchmarked against raw
baseline captures.

Fig 6.1 Sample results

As illustrated by the initial states, the un-enhanced lunar imagery is severely impacted by sub-visual contrast thresholds, steep
clipping in low-light zones, and dominant high-frequency noise that completely masks micro-topography. Passing these arrays
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through the LLFormer layer yields a striking expansion of the dynamic range; the model successfully homogenizes global
illumination profiles and uncovers macro-scale surface features previously obscured within deeply shadowed fields.

6.2 Hazard Detection Results

The downstream hazard localization network underwent systematic validation utilizing the illuminated, structurally reconstructed
imagery produced by the proposed framework. Empirical testing demonstrates that the model achieves precise multi-class
classification across critical surface features, successfully mapping the boundaries of impact craters, isolated boulder fields, non-
uniform macro-roughness zones, and heavily shadowed depressions.

Transitioning to pre-processed, high-visibility visual data serves as a critical optimization step that broadens the contrast threshold
of structural edges. This allows the neural detection architecture to resolve small-scale anomalies and occluded geological structures
that remain completely indistinguishable within raw low-light inputs. The resulting bounding-box tensors yield deterministic spatial
coordinate arrays, providing an explicit geometric foundation for down-stream landing site verification.

6.3 Landing Suitability Analysis

Upon executing the semantic hazard classification layer, a terrain suitability assessment engine parses the coordinate vectors to
execute a multi-criteria cost function analysis against localized topographic profiles. The resulting algorithmic mapping
programmatically clusters the candidate landing field into three distinct operational states: permissible touchdown envelopes,
marginal risk buffers, and completely excluded hazard sectors.

Spatial cells intersecting macro-scale crater rings, high-density boulder distributions, steep slope gradients, or severe lighting
deficiencies within permanently shadowed regions (PSRs) are assigned maximum cost coefficients, triggering immediate exclusion
flags. Conversely, contiguous surface domains presenting minimal terrain roughness variations and sub-threshold hazard proximity
profiles accumulate optimized safety indices, designating them as high-priority target landing coordinates.

6.4 Quantitative Evaluation

The proposed framework achieved improved image quality compared to individual enhancement models. Higher PSNR and SSIM
values indicate better reconstruction quality and structural preservation, while lower MSE values demonstrate reduced
reconstruction error.

Method PSNR (dB) SSIM MSE
LLFormer 31.2 0.88 0.0027
Restormer 32.5 0.90 0.0022
Proposed 35.1 0.95 0.0014
Framework

Table 6.4.1: Image Enhancement Performance Comparison

Method Precision(%) Recall(%) F1-Score(%) mAP@50(%)
Faster R-CNN 84.5 84.5 84.5 84.5

SSD 80.4 80.4 80.4 80.4
YOLOv11 89.3 89.3 89.3 89.3
Proposed 92.1 92.1 92.1 92.1
Framework

Table 6.4.2: Hazard Detection Performance Comparison.

Quantitative escalations across standardized evaluation metrics—specifically Precision, Recall, and mean Average Precision (mAP)
empirically validate the structural integration of low-level pixel restoration and high-level semantic object detection within a
singular, unified computation pipeline. This joint optimization confirms that resolving image degradations is a prerequisite for
stabilizing downstream computer vision models in complex planetary environments.
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6.5 Comparative Analysis

The functional performance of the proposed architecture underwent comparative indexing against traditional image enhancement
algorithms and established autonomous hazard detection pipelines. While conventional spatial-domain enhancement techniques
successfully elevated localized luminance metrics, they systematically introduced structural artifacts, amplified background sensor
noise, and failed to protect the fine textural edges mandatory for precise topographical mapping.

Standalone attention-based enhancement architectures yielded superior structural fidelity relative to convolutional baselines.
However, the sequential orchestration of LLFormer and Restormer within this framework achieved an optimal multi-objective
balance, yielding concurrent optimization across non-uniform exposure correction, high-frequency noise attenuation, and fine
topographical detail preservation.

Collectively, empirical validations verify that the introduced computational architecture effectively mitigates the low-light
illumination constraints of lunar remote sensing data. By significantly increasing feature-space visibility and object detection
accuracy, this unified approach provides a robust navigation engine capable of guiding autonomous planetary spacecraft to safe
touchdown locations.

7. CONCLUSION

This study introduces a learning-based computer vision architecture optimized for autonomous lunar hazard localization and
deterministic landing zone optimization using structurally restored imagery. The end-to-end framework bridges low-level pixel
processing and high-level semantic classification by structurally coupling multi-stage lighting correction, neural denoising, object
detection, and spatial cost-function evaluation within a singular, unified pipeline. The initial processing layers exploit an LLFormer
network to rectify non-uniform luminance constraints, successfully expanding the dynamic range to expose structural micro-
topography obscured within deep lunar shadows. These enriched feature tensors are subsequently piped through a channel-wise
Restormer block configured to attenuate high-frequency sensor noise and sharp edge artifacts while systematically preserving high-
frequency textural definitions and topographical gradients.

The denoised, contrast-stabilized visual maps serve as optimized upstream inputs for a YOLO-based deep neural network head. This
detector executes real-time multi-hazard boundary localization, outputting highly accurate spatial coordinates and class probabilities
for complex terrain features including craters, boulder distributions, irregular rough surfaces, and permanently shadowed regions
(PSRs). By parsing these structured coordinate arrays, a downstream terrain analysis module computes continuous spatial risk
matrices that partition the targeted lunar grid into three operational envelopes: permissible touchdown zones, marginal risk buffers,
and completely excluded hazard sectors. This multi-criteria mapping approach substantially boosts feature visibility and maximizes
bounding-box true-positive rates, thereby reinforcing the operational safety profile of vision-guided spacecraft descent.

8. FUTURE WORK

Although the introduced architecture demonstrates robust capabilities for lunar hazard detection and landing zone selection, several
distinct vectors exist for further engineering refinement and algorithmic extension. A primary priority is the realization of
lightweight, computationally streamlined variants optimized for embedded, onboard deployment within resource-constrained flight
hardware and planetary landers. Investigating model compression, structural pruning, and low-bit quantization regimes will be
essential to reduce memory footprints and runtime latencies without compromising structural localization precision.

Concurrently, expanding the training and validation corpus represents another crucial advancement. Future datasets should ingest
multi-spectral orbital data across diverse exploration programs, sensor types, and extreme solar incident geometries to foster robust
cross-domain generalization across unpredictable terrain boundaries.
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