International Journal of Engineering Science and Advanced Technology Vol 25 Issue 10,2025

MARS SAFE LANDING ZONES USING CONVOLUTIONAL NEURAL NETWORKS

!G. RENUKA, *M. AKHILA

IAssistant Professor, CSE, Tallapadmavathi College of Engineering, Somidi, Kazipet,
Hanumakonda — 506003.Email-id: renuka.gabbeta@gmail.com.

ZResearch Scholar, H.no: 24UC1D5808, CSE, Tallapadmavathi College of Engineering,
Somidi, Kazipet, Hanumakonda — 506003,Email-id: akhilamutike@gmail.com.

ABSTRACT

This project presents a CNN-based system for identifying safe landing zones for spacecraft on
Mars by analyzing high-resolution terrain images. The system operates in two stages. First, it
classifies each input terrain image as either "safe" or "unsafe" using a convolutional neural
network based on the MobileNetV2 architecture. Safe terrain is characterized by flat, obstacle-
free surfaces, whereas unsafe terrain may contain rocks, craters, or steep slopes. MobileNetV2 is
chosen for its efficiency and high accuracy in image classification, making it suitable for
deployment in resource-constrained environments such as onboard spacecraft.In the second
stage, if an image is classified as "safe," the system further analyzes it to identify and highlight
exact safe landing zones within the image. This is achieved through image processing techniques
that detect flat regions, followed by contour detection to locate continuous plain surfaces. These
regions are then validated and visually highlighted, providing precise localization of the safest
landing sites. The combined approach ensures both high-level terrain assessment and fine-

grained identification of safe landing zones, contributing to safer autonomous planetary landings.

Index Terms — Mars landing, CNN, MobileNetV2, Image processing, Safe landing zone

detection, Terrain analysis, Autonomous navigation.
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INTRODUCTION

Safe and efficient landing on extraterrestrial
surfaces, particularly Mars, remains one of
the most critical challenges in planetary
exploration. The Martian terrain is highly
diverse, featuring craters, rocks, and slopes
that pose significant risks to spacecraft and
rovers during landing. Traditional methods
for selecting landing sites often rely on pre-
mission data analysis or manual assessment,
which can be time-consuming and may not
account for real-time environmental
changes. As space exploration advances,
there is an increasing need for autonomous
systems capable of evaluating landing site
safety in real time, especially during the
crucial descent phase, when spacecraft must
make rapid decisions to avoid hazardous
terrain.Recent advancements in artificial
intelligence, particularly deep learning and
computer vision, offer powerful tools for
automating  landing  site  evaluation.
Convolutional Neural Networks (CNNs)
have demonstrated exceptional performance
in image classification tasks, owing to their
ability to extract meaningful features from
complex visual data. In this context,
classifying terrain as "safe" or '"unsafe"
based on images captured from orbiters or
critical.

during descent s Beyond

classification, accurately pinpointing the
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exact landing zones within safe areas is
essential to ensure smooth and hazard-free
CNN-based

landings. By combining

classification ~ with  traditional  image
processing techniques, such as contour
detection, it is possible to both classify
terrain and highlight precise regions suitable
for landing.This project aims to develop a
deep learning-based system to classify
Martian terrain images into "safe" and
"unsafe" categories. For images classified as
safe, the system further identifies exact safe
zones within these regions. The first stage
employs MobileNetV2, a lightweight and
efficient  CNN  model, for terrain
classification. The second stage utilizes
contour detection techniques to detect and
highlight flat, obstacle-free areas within the
safe images. By automating safe landing
zone identification, this system can
significantly enhance the autonomy and
safety of Mars exploration missions,
enabling spacecraft to make critical real-

time decisions during landing.

RELATED WORKED

Gaudet, Linares, and Furfaro introduced a
deep  reinforcement learning (DRL)
approach for six-degree-of-freedom (6-
DOF) planetary powered descent and
landing.

Utilizing  Proximal  Policy
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Optimization (PPO), they developed a
policy that maps the lander’s estimated state
to commanded thrusts, achieving accurate
and  fuel-efficient trajectories  while
demonstrating robustness to noise and

system parameter uncertainty in a simulated

6-DOF environment.

Scorsoglio et al. proposed an image-based
DRL approach for autonomous lunar
landing, integrating guidance and navigation
using images and altimeter data to derive
optimal thrust commands. Their system
highlighted the potential of combining
convolutional neural networks (CNNs) with
reinforcement learning (RL) for planetary

landing applications.

Oestreich, Linares, and Gondhalekar
developed a policy for 6-DOF docking
maneuvers using PPO, demonstrating the
application of RL in spacecraft proximity
operations and its adaptability under

uncertain conditions.

Vision-based techniques have also been
explored for space applications. Sharma,
Beierle, and D’ Amico focused on monocular
vision-based pose estimation for non-
cooperative spacecraft rendezvous using
CNNs. They addressed challenges such as

illumination variability and dataset scarcity
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through an image synthesis pipeline capable
of generating high-fidelity images of any
spacecraft 3D  model, demonstrating

robustness and scalability.

Polvara et al. extended DRL to aerial
robotics, proposing a hierarchical Deep Q-
Network (DQN) approach for autonomous
quadrotor landing. Their method enabled
UAVs to land on ground markers using low-
resolution images, illustrating RL’s potential
for  precision

landing in  dynamic

environments.

Moholkar and  Patil conducted a
comprehensive survey on agent-based deep
learning techniques for space landing
missions, examining RL algorithms such as
DQN, PPO, A2C, DDPG, and TRPO. Their
review provided insights into  the
applications and challenges of RL in

spacecraft landing scenarios.

Labreéche, Evans, Marszk, and Zelenevskiy
demonstrated the use of Al for autonomous
operations on the OPS-SAT CubeSat
platform. They explored unsupervised
learning and online machine learning
techniques, contributing to the advancement
of  autonomous  spacecraft  systems.
Similarly, Yielding, Curro, and Cain applied

multi-agent reinforcement learning for
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satellite guidance to triangulate moving
objects in relative orbit frames, advancing
autonomous satellite operations and object

tracking.

EXISTING SYSTEM

Current Mars landing zone detection
systems primarily rely on pre-mission
satellite imagery and manual analysis to
select potential landing sites. Some missions
also incorporate basic hazard detection
algorithms during descent, using stereo
vision or LIDAR to identify and avoid
obstacles. These approaches generally
depend on techniques such as terrain slope
estimation, shadow detection, and elevation
mapping to assess hazards and determine
safer landing areas. While effective to some
extent, these methods are often limited by
manual intervention, computational

constraints, and an inability to adapt in real

time to unforeseen terrain variations.
DISADVANTAGES

e Current systems cannot make real-
time autonomous decisions and rely
on pre-defined landing sites, which
may miss unexpected terrain
changes.

e Traditional image processing and

stereo vision may fail to detect small
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obstacles in low-contrast or noisy
environments, risking unsafe

landings.

PROPOSED SYSTEM

The proposed system introduces a two-stage
deep learning-based approach for identifying
safe landing zones on Mars using terrain
images. In the first stage, a Convolutional
Neural Network (CNN) based on the
MobileNetV2 architecture classifies the
terrain as either "safe" or "unsafe." This
lightweight model is ideal for deployment
on spacecraft due to its low computational
requirements.If the terrain is classified as
safe, the second stage involves applying
image processing techniques, such as
contour detection, to highlight flat, obstacle-
free areas within the image, ensuring precise

localization of the safest zones for landing.

ADVANTAGES:

e MobileNetV2 enables fast terrain
classification on low-power systems,
allowing real-time spacecraft
decisions during descent.

e (Combining CNN classification with
contour analysis identifies safe
terrain and exact flat landing areas,
improving mission safety and

precision.
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DataCollection:

High-resolution images of Martian
terrain were collected from publicly
available datasets such as NASA’s
HiRISE and Mars Reconnaissance
Orbiter archives. The images were
manually labeled into two categories:
“safe” (flat, smooth surfaces) and
“unsafe” (rocky, cratered, or sloped
terrains). Additionally, segmentation
masks were created for safe images
to mark the actual flat zones.
DataPreprocessing:

All images were resized to a fixed
128x128  or
224x224) to match the input size of

dimension  (e.g.,
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MobileNetV2. Pixel values were
normalized to the range [0, 1]. Data
augmentation techniques such as
rotation, flipping, and zooming were
applied to increase dataset diversity
and improve model robustness.

3. Model 1 — Terrain Classification

using MobileNetV2:

The first stage employs MobileNetV2, a
lightweight CNN architecture, to classify
input images as safe or unsafe. The
model is trained using binary cross-
entropy loss and evaluated with metrics
like accuracy and Fl-score. Transfer
learning is applied by fine-tuning a pre-
trained MobileNetV2 on the Mars terrain

dataset.

4. Model 2 — Safe Zone Localization

using Contour Detection:

For images classified as ‘“safe,”

classical image processing
techniques are applied to identify
exact landing zones. This involves
converting the image to grayscale,
applying Gaussian blur, performing
edge detection (e.g., Canny edge
detector), and using contour
detection to locate flat regions.

Bounding boxes are then drawn
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around these zones to mark potential Result

landing sites.

5. Visualization and Output

Generation:

The safe zones identified via

contours are overlaid on the original

images to highlight the most suitable
landing areas. These visual outputs
can assist autonomous systems or wida
mission planners in validating

landing site selections.

RESULTS:
Home Page ° . o SsLoCOoBME-CaBSm oo
CONCLUSION
1 rhrTemm cxwmmcn In conclusion, the CNN-based system for

identifying safe landing zones on Mars
involves a two-step process. First, a
MobileNetV2-based classification model is
trained to classify terrain images as "safe" or
"unsafe" based on terrain characteristics.
Once an image is classified as safe, a
contour detection technique is applied to
highlight the specific flat and obstacle-free
areas, validating the safety of the terrain.
This approach combines deep learning for
classification =~ with image processing

techniques for zone identification, ensuring
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efficient and accurate identification of safe

landing zones for spacecraft.
FUTURE ENHANCEMENTS

Future enhancements to this system could
include the integration of more advanced
deep learning techniques, such as object
detection models (e.g., YOLO or Faster R-
CNN), to identify specific obstacles or
hazards within the safe zones, improving the
precision of landing site selection.
Additionally, incorporating multispectral
imagery and data from other sensors (e.g.,
LIDAR or radar) could provide richer
information for terrain analysis, helping to
better distinguish between different types of
terrain features. Enhancing the system’s
adaptability to various planetary
environments beyond Mars, such as the
Moon or asteroids, would also increase its
versatility. Finally, improving real-time
processing capabilities could enable fully
autonomous decision-making during

spacecraft missions.
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