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Abstract: Mars exploration represents a critical frontier in planetary science, combining technological
innovation, scientific discovery, and potential human colonization. This comprehensive review examines the
historical progression of Mars missions, analyzes the planet's challenging surface conditions, and explores
emerging technologies for future exploration. By synthesizing data from multiple missions and analyzing terrain,
soil composition, and environmental challenges, this research provides insights into Mars' potential for supporting
human habitation. Machine learning techniques are highlighted as pivotal in processing complex planetary data,
offering new methodologies for site selection, terrain mapping, and environmental prediction.
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1. Introduction

H umanity's fascination with Mars has long transcended scientific curiosity, representing a profound quest to
understand our cosmic neighbourhood and potential extraterrestrial habitation. The Red Planet, with its
complex geological history and tantalizingly similar characteristics to Earth, has been the focus of increasingly
sophisticated exploratory missions over the past six decades. This research critically examines the evolution of
Mars exploration, focusing on three fundamental aspects: Comprehensive review of historical missions and
technological advancements; Detailed analysis of Mars' surface conditions and inherent challenges; and
Evaluation of emerging technologies, particularly machine learning, in planetary exploration. By integrating
mission data, geological research, and advanced computational techniques, this study aims to provide a holistic
understanding of Mars' potential for future human exploration and potential colonization. The research
underscores the importance of interdisciplinary approaches in unravelling the mysteries of our planetary
neighbour [1-2].

2. History of Mars Exploration and Lander Missions

Mars, the enigmatic Red Planet, stands out as a beacon of mystery and potential. With its rust-hued landscapes,
towering volcanoes, and ancient river valleys, Mars bridges the realms of science fiction and reality. The
exploration of this crimson world has long captivated the imagination of scientists and space enthusiasts alike. As
our robotic pioneers traverse its surface, uncovering secrets buried for eons, we edge closer to answering profound
questions about planetary science and the cosmos. This journey to explore Mars not only tests the limits of our
technology but also pushes the boundaries of our imagination and perseverance, inspiring dreams of leaving
human footprints on alien soil and establishing future colonies in the Martian environmental place both hostile
and tantalizing [2-5].
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From the earliest flybys to today’s sophisticated rovers and orbiters, each mission has added to our
understanding of the Red Planet. The journey began with NASA's Mariner 4 in 1964, the first successful mission
to Mars. This flyby captured the first close-up images of Mars, revealing a cratered, moon-like surface and
providing the first direct data on its thin atmosphere. In 1969, Mariner 6 and 7 expanded on these findings,
focusing on the equatorial and southern regions of Mars. These missions sent back detailed images and data that
laid the foundation for future exploration.

In 1971, Mariner 9 became the first spacecraft to orbit another planet, mapping 70% of Mars’ surface. It
unveiled a world of vast canyons, towering volcanoes, and ancient riverbeds, hinting at a more dynamic and
potentially habitable past. The Viking program in 1975 marked a significant milestone. Viking 1 and Viking 2
successfully landed on Mars, conducting extensive biological experiments, monitoring weather patterns, and
capturing high-resolution images. These landers provided invaluable insights into Martian geology and the
potential for life.

After a brief hiatus, the 1990s heralded a resurgence of Mars exploration. In 1996, the Mars Pathfinder mission
demonstrated new technology and deployed the Sojourner rover. This small yet groundbreaking rover conducted
chemical analyses of rocks and soil, sending back data on Martian weather and surface conditions. That same
year, Mars Global Surveyor began mapping the Martian surface, atmosphere, and magnetic field. Operating for
nine years, it produced high-resolution images and topographic maps, uncovering water-related features that
spurred further interest in Mars’ habitability.

Launched in 2001, Mars Odyssey made groundbreaking discoveries, including the detection of significant
hydrogen deposits, indicating large amounts of water ice beneath the surface. This finding was crucial for
understanding Mars' potential to support life and future human missions. In 2003, the Mars Exploration Rovers,
Spirit and Opportunity, began their search for signs of past water activity. These rovers exceeded expectations,
with Opportunity operating for nearly 15 years. They discovered compelling evidence of ancient water flows and
diverse rock types, further bolstering the case for Mars’ habitability.

The Mars Reconnaissance Orbiter, launched in 2005, has been instrumental in providing high-resolution
images of the Martian surface and identifying potential landing sites for future missions. Its imaging and climate
data have been vital for planning subsequent explorations. The Phoenix Mars Lander, which arrived in 2007,
focused on the Martian Arctic. It confirmed the presence of water ice just below the surface and conducted soil
analysis that hinted at the planet's potential habitability.

The Curiosity rover, which landed in 2012, elevated the search for life on Mars. It investigated the planet's
habitability by studying its climate and geology, discovering ancient lakebeds and organic molecules—strong
evidence that Mars could have supported microbial life. In 2013, the Mars Atmosphere and Volatile EvolutioN
(MAVEN) mission began studying the Martian atmosphere and its interaction with solar wind. MAVEN’s data
offered insights into the loss of Mars’ atmosphere over time and its impact on the planet’s climate.

Around the same time, India achieved a major milestone with its Mars Orbiter Mission (Mangalyaan) in 2013.
India became the first nation to reach Mars on its maiden attempt. Mangalyaan not only demonstrated India's
capabilities but also conducted scientific experiments, studying the Martian atmosphere, methane levels, and
surface features—all on a limited budget.

In 2016, the ExoMars Trace Gas Orbiter, a collaboration between ESA and Roscosmos, launched to search for
trace gases in the Martian atmosphere, which could indicate biological or geological activity. This mission has
mapped the distribution of these gases, furthering our understanding of Mars’ current state.

NASA’s InSight mission, which landed in 2018, deployed a seismometer and heat flow probe to study the
planet’s interior. By monitoring Marsquakes and measuring heat flow, InSight has revealed new insights into
Mars’ geology and seismic activity, shedding light on its formation and evolution.

In 2021, NASA demonstrated a groundbreaking feat with the Ingenuity helicopter, the first powered flight on
another planet. Ingenuity's success has paved the way for future aerial exploration, enabling access to areas
otherwise unreachable by ground-based rovers. Alongside Ingenuity, the Perseverance rover is exploring Jezero
Crater, searching for signs of ancient life and collecting samples for future return to Earth. Equipped with
advanced instruments, Perseverance is also testing technologies crucial for human exploration of Mars.
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Each of these missions has played a pivotal role in unraveling the mysteries of Mars. The wealth of data they
have provided has significantly advanced our understanding of the planet’s geology, atmosphere, and history of
water. This information is vital for selecting optimal landing sites for future missions, particularly those aimed at
exploring subsurface habitats. As we look to the future, the achievements of past missions will continue to guide
and inspire our quest to explore Mars and unlock its secrets.

3. Potential Challenges and Mars Surface Conditions

Each of these missions has played a pivotal role in unraveling the mysteries of Mars. The wealth of data they
have provided has significantly advanced our understanding of the planet’s geological diversity, atmospheric
characteristics, and historical presence of water. This information is crucial for selecting optimal landing sites for
future missions, especially those aimed at exploring subsurface habitation. As we look to the future, these past
missions will continue to guide and inform our quest to explore Mars and unlock its secrets. Additionally, we
have learned about the numerous challenges that persist regarding Mars' harsh surface conditions. These
challenges primarily revolve around the planet’s extreme climate fluctuations, frequent dust storms, and high
levels of radiation [1].

3.1. Harsh Climate:

Mars experiences extreme temperature variations due to its thin atmosphere and lack of significant heat
retention. Daytime temperatures near the equator can reach a relatively mild 20°C, but at night, they plummet to
around -90°C. Near the poles, temperatures can drop even lower, reaching as low as -150°C during winter. These
fluctuations pose significant challenges for equipment and habitats designed for human exploration.

3.2. Dust Storms:

Mars is infamous for its intense dust storms, which can engulf the entire planet and last for weeks or even
months. These storms reduce visibility, interfere with solar power generation, and deposit fine dust on equipment,
potentially causing mechanical issues. Understanding the dynamics of these storms is crucial for mission planning
and ensuring the safety and effectiveness of surface operations.

3.3. Radiation Exposure:

One of the most daunting challenges for human missions to Mars is radiation exposure. Unlike Earth, Mars
lacks a global magnetic field and a thick atmosphere to shield its surface from cosmic rays and solar radiation.
This exposes astronauts and equipment to higher levels of radiation, increasing the risk of cancer and other health
issues during extended missions. Developing effective shielding and mitigation strategies is essential to protect
crew members during long-duration missions.

As we continue to explore and study Mars, addressing these challenges will be critical for advancing our
capabilities and ensuring the safety and success of future missions. Technologies and strategies developed from
the past and current missions will play a crucial role in overcoming these obstacles. From these insights, we can
optimize mission planning, enhance spacecraft design, and ultimately enable humans to explore Mars, driving our
pursuit of new discoveries on our neighboring planet.

4. Mars Underground Habitation

As humanity sets its sights on the exploration and potential habitation of the Red Planet, the challenges posed
by its hostile surface conditions necessitate innovative solutions. Underground habitation offers several
compelling advantages over surface structures, addressing critical issues such as radiation exposure, meteorite
impacts, and thermal stability. One of the greatest hazards for human missions to Mars is exposure to radiation.
Mars lacks a global magnetic field and has a thin atmosphere, which means its surface receives higher levels of
cosmic rays and solar radiation compared to Earth. This exposure poses significant health risks to astronauts over
prolonged periods. Underground structures can leverage the surrounding Martian soil and rock as natural
shielding against radiation. Several meters of regolith can effectively reduce radiation exposure levels, providing
a safer environment for long-term habitation. Compared to surface habitats—which require thick and heavy
radiation shielding materials—underground habitats achieve similar protection with less mass, reducing launch
costs and complexity [6-8].
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Moreover, Mars experiences frequent meteorite impacts due to its lack of a substantial atmosphere. These
impacts can pose risks to surface structures and equipment and kick up dust and debris, further complicating
surface operations. Underground habitats are inherently protected from meteorite impacts by the Martian soil and
rock above them. This natural barrier reduces the risk of damage to critical infrastructure and enhances the safety
of occupants. The concept of underground habitation holds promise for enabling sustainable human exploration
and potential colonization of Mars. Advancements in construction techniques, habitat design, life support systems,
and resource utilization will be crucial to realizing the vision of Martian habitation. As we continue to explore
and study Mars, collaboration across international space agencies and innovative research efforts will be essential
in overcoming these challenges and paving the way for humanity's next great leap into the cosmos.

5. Overview of Martian Terrain

As we explore the potential for human habitation on Mars, understanding the planet’s diverse terrain is vital
for planning missions and establishing sustainable settlements. The Martian surface features a variety of
landscapes, each with unique characteristics that present opportunities and challenges. Below is an analysis of the
most notable terrain types: plains, valleys, and craters [9-12].

5.1. Plains

Mars boasts vast plains that are relatively flat, expansive regions shaped by ancient volcanic activity.
These plains, predominantly basaltic in composition, offer significant advantages for exploration and resource
utilization:

e Construction and Resources: Rich in basaltic rock, suitable for construction and manufacturing
materials.

e Landing and Habitats: Their flat surfaces make them ideal for spacecraft landings and the establishment
of human settlements.

¢ Notable Examples: Amazonis Planitia: One of the smoothest plains on Mars, shaped by lava flows and
minimal erosion, making it favorable for missions; and Elysium Planitia: Located near the equator, it
features volcanic formations, including Elysium Mons, one of the tallest Martian volcanoes.

5.2. Valleys

Martian valleys, or "valles,”" provide compelling evidence of past liquid water flows, offering critical
insights into the planet’s climatic history and potential habitability:

o  Water Clues: These valleys may harbor subsurface ice, essential for human survival.

o Natural Shelter: Valleys offer protection from harsh surface conditions, such as radiation and high winds.

¢ Notable Example: Nanedi Valles: Its meandering channels resemble terrestrial river valleys, suggesting
prolonged water flow in Mars' past.

5.3. Craters

Impact craters on Mars reveal the planet's geological history and often serve as natural reservoirs for
water ice and other valuable materials:

e Scientific Potential: Craters provide access to subsurface materials for studying Mars' composition.

e Resource Deposits: Potential water ice deposits in craters could sustain human missions.

o Notable Examples: Gale Crater: Known for Mount Sharp and sedimentary layers indicating the presence
of water; and Jezero Crater: Features an ancient river delta, making it a prime location for studying past
life.

6. Soil Composition and Geological Features

The study of Mars' soil composition and geological features is vital for understanding the planet’s history, its
potential to support life, and the feasibility of future human habitation. Mars' soil, or regolith, is a complex mixture
of fine dust and broken rock covering much of the planet's surface, with its mineralogy and chemical properties
extensively analyzed by landers, rovers, and orbiters. Predominantly composed of basaltic minerals, such as
pyroxene, olivine, and plagioclase feldspar, the soil reflects Mars' volcanic origins. The characteristic red hue of
the Martian surface is attributed to iron oxides, including hematite and magnetite, which indicate long-term
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weathering processes. Additionally, the presence of sulfur compounds, such as gypsum and jarosite, suggests a
history of liquid water and acidic conditions, while high concentrations of silica, including opaline silica, hint at
possible hydrothermal activity in certain regions. These diverse geological features and chemical compositions
provide valuable insights into Mars’ climatic history and highlight resources that could support future missions
[13-15].

7. Criteria for Landing Site Selection

Selecting optimal landing sites on Mars is crucial for ensuring the safety of missions, achieving scientific
goals, and enabling future human habitation. Scientific value remains a primary criterion, with priority given to
sites that offer evidence of past or present water activity, diverse geological features, and potential biosignatures.
Locations such as ancient river valleys, lakebeds, and clay-rich regions provide opportunities to investigate Mars'
hydrological history and search for signs of past life. For long-term exploration, resource availability is another
critical factor. Sites with accessible water ice or hydrated minerals are essential for sustaining life and enabling
in-situ resource utilization (ISRU), such as producing oxygen, fuel, and construction materials from local
resources.

Safety and accessibility are equally important considerations when choosing landing sites. Smooth, flat terrain
minimizes the risk of landing hazards and facilitates rover mobility, while low elevations with thicker atmospheric
conditions enhance spacecraft deceleration during descent. Favorable weather conditions, including minimal dust
activity and stable wind speeds, ensure reliable operations. Environmental factors like thermal stability, radiation
levels, and dust activity are also considered to protect equipment and maintain astronaut safety. By carefully
evaluating these parameters, scientists and engineers aim to identify landing sites that maximize scientific returns
while paving the way for a sustainable human presence on Mars.

8. Role of Machine Learning in Landing Site Selection

8.1. Analyzing Vast Martian Data

As the quest to explore and potentially colonize Mars intensifies, the process of selecting suitable landing
sites has become increasingly complex. Machine Learning (ML) has emerged as a powerful tool, revolutionizing
how scientists and engineers analyze data and make decisions about landing site selection. This report highlights
the importance of ML in identifying optimal landing locations on Mars, emphasizing its applications, advantages,
and impact on future missions.

The selection of landing sites on Mars requires analyzing vast datasets from various sources, including
satellite imagery, topographical maps, and mineralogical surveys. Traditional data analysis methods can be time-
consuming and may fail to capture subtle patterns or anomalies. ML algorithms, however, can process and analyze
large datasets quickly and efficiently, identifying features and trends that might be overlooked by human analysts.

ML techniques, such as convolutional neural networks (CNNs), are employed to analyze high-resolution
images of Mars' surface, identifying geological features, potential hazards, and areas of interest with high
precision. Algorithms can classify terrain types (e.g., plains, valleys, and craters) based on their characteristics,
aiding in site suitability assessments for landing and exploration. Additionally, ML can detect patterns, such as
recurring geological formations or signs of past water activity, which are crucial for understanding Mars' history
and potential habitability.

By integrating environmental data, such as weather patterns and dust storm activity, ML models can
predict future conditions at potential landing sites, helping select areas with favorable conditions. In-situ resource
utilization (ISRU) is a vital component of sustainable Mars exploration. ML assists in identifying sites rich in
accessible resources, such as water ice and useful minerals, optimizing resource extraction and reducing the need
for supplies from Earth. Furthermore, ML algorithms analyze spectral data to detect water ice, hydrated minerals,
and other resources, guiding the selection of high-resource-potential sites.

Advances in ML technology and increasingly detailed data will further enhance the precision and reliability
of site selection processes. Future missions will benefit from real-time data analysis and adaptive decision-making
capabilities enabled by ML, ensuring safer landings and more productive exploration.
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8.2. Advanced Image Analysis and Terrain Mapping

The exploration of Mars involves analyzing both the surface imagery and the environmental conditions
of the planet. By employing image processing and ML techniques, meaningful insights can be derived from visual
data, and weather conditions can be predicted—critical for future Mars missions.

Image Preprocessing Techniques

e Image Loading and Conversion: Images are initially loaded using OpenCV, a robust library for image
processing. Conversion from BGR to RGB ensures color accuracy for subsequent processing and
visualization.

e Cropping and Resizing: Cropping the image to focus on central regions eliminates irrelevant areas (e.g.,
polar regions). Resizing to a standard resolution (1024x512 pixels) ensures uniformity and computational
efficiency.

e Normalization: Normalizing pixel values to the range [0, 1] stabilizes numerical computations, enhances
contrast, and improves feature extraction.

8.3. Local Binary Pattern (LBP) for Texture Analysis

LBP is a simple yet effective method for texture analysis. By thresholding each pixel's neighborhood and
interpreting the result as a binary number, LBP captures micro-patterns essential for texture recognition.
Parameters such as radius and the number of points (8 x radius) balance detailed feature capture with
computational efficiency. The uniform method reduces dimensionality, improving noise resistance.

8.4. Noise Reduction with Median Filtering

The median filter, a non-linear technique, effectively removes noise while preserving edges, ensuring that Martian
surface features remain intact for analysis.

8.5. Edge Detection using Sobel Filter

The Sobel filter calculates the gradient magnitude in x and y directions, highlighting image boundaries.
Normalizing gradient values enhances visibility and prepares the image for segmentation.

8.6. Watershed Algorithm for Image Segmentation
The Watershed algorithm segments images by treating them as topographic surfaces. The steps include:

o  Compute the distance transform for topographic mapping.

o ldentify local maxima as markers.

o  Apply the Watershed algorithm to segment regions.

e Contours extracted post-segmentation help visualize and verify accuracy.

8.7. Terrain Detection
Using the Sobel filter's gradient magnitude, thresholds are applied to detect terrains:

e Craters: Higher thresholds for deep gradients.

o Valleys: Lower thresholds for moderate gradients.

e  Plateaus: High thresholds for elevated flat regions.

e Plains: Low thresholds for minimal gradients.

e  Specific colors (e.g., red for craters, green for valleys) visually differentiate terrains.

8.8. Machine Learning for Weather Prediction

The Martian weather dataset undergoes cleaning (e.g., removing missing values) before extracting
features like 'sol' (Martian day), 'ls' (areocentric longitude), and 'month.' The month is converted to an integer for
numerical analysis.




Acceleron Aerospace Journal || AAJ.11.2106-2502
Volume 4, Issue 1, pp (817-830)
E-ISSN- 2583-9942

e Training Models: Linear regression models predict continuous variables like temperature and pressure.
Predictions are categorized as 'Safe," "Vulnerable,' or 'Hazard Prone' based on thresholds.

ML aids mission planners in identifying regions with favorable conditions for landing and mapping safe

traversal paths for rovers, enhancing surface operations' efficiency and safety.

8.9. Case Studies:

e HiRISE on Mars Reconnaissance Orbiter: Clustering algorithms classify terrain types from HiRISE data,

identifying dunes, outcrops, and sedimentary layers.

e Curiosity Rover in Gale Crater: Clustering geological units revealed distinct sedimentary rock groups,

offering insights into Mars' ancient climate and habitability.

9. Source Code

import cv2

import numpy as np

import matplotlib.pyplot as plt

from skimage.feature import local binary pattern
from scipy import ndimage as ndi

from skimage.segmentation import watershed

from skimage.feature import peak local max

image path = "8k mars.jpg"
image = cv2.imread(image_ path)
if image is None:

raise ValueError ("Image not found or unable to load. Please check the image
path.™)
# Converting the image from BGR to RGB format
image rgb = cv2.cvtColor (image, cv2.COLOR BGR2RGB)
height, width, = image rgb.shape
image cropped = image rgb[int (height*0.1) :int (height*0.9), :]
plt.figure (figsize=(10, 10))
plt.title ("Cropped Image (Polar Regions Ignored)")
plt.imshow (image cropped)
plt.axis ('off")
plt.show ()
image resized = cv2.resize(image cropped, (1024, 512))
image normalized = image resized / 255.0 #
Normalization of the image
image gray = cv2.cvtColor (image resized, cv2.COLOR RGB2GRAY) #
Converting the image to grayscale
radius = 3
n _points = 8 * radius
lbp = local binary pattern(image gray, n_points, radius, method='uniform') #
Apply Local Binary Pattern (LBP) for texture analysis
plt.figure(figsize=(10, 10)) #
Display the LBP image
plt.title("Local Binary Pattern (LBP) Image")
plt.imshow (lbp, cmap='gray')
plt.axis ('off")
plt.show ()
image filtered = cv2.medianBlur (image gray, 5) #
Use a median filter to reduce noise
distance = ndi.distance transform edt(image filtered) #
Computing the distance transform
AAJ 4-1 (2025) 817-830 7
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local maxi = peak local max(distance, indices=False, footprint=np.ones((3, 3)),

labels=image filtered) # Find peaks in the distance transform

markers = ndi.label (local maxi) [0]
Create markers for watershed algorithm
labels = watershed(-distance, markers, mask=image filtered)

plt.figure (figsize=(10, 10))

plt.title ("Segmented Regions (Watershed Algorithm)")
plt.imshow (labels, cmap='nipy spectral')
plt.axis('off")

plt.show ()
segmented image = image resized.copy ()
segmented image[labels == 0] = [0, 0, 0]

plt.figure(figsize=(10, 10))

plt.title ("Segmented Regions Overlay")
plt.imshow (segmented image)

plt.axis ('off")

plt.show ()

contours, _ = cv2.findContours (labels.astype (np.uint8),
cv2.CHAIN APPROX SIMPLE) # Extract contours of the segmented regions

contoured image = image resized.copy ()
cv2.drawContours (contoured image, contours, -1, (255, 0, 0),

plt.figure (figsize=(10, 10))

plt.title ("Contours of Segmented Regions")
plt.imshow (contoured image)

plt.axis ('off")

plt.show ()

plt.figure (figsize=(10, 10))
plt.title("Final Processed Image")
plt.imshow (contoured image)
plt.axis ('off")

plt.show ()

import cv2

import numpy as np

import matplotlib.pyplot as plt

from skimage.feature import local binary pattern
from scipy import ndimage as ndi

from skimage import exposure

image path = "8k mars.jpg"
image = cv2.imread(image path)
if image is None:

cv2.RETR_TREE,

raise ValueError ("Image not found or unable to load. Please check the image

path.™)

image rgb = cv2Z.cvtColor (image, cv2.COLOR BGRZRGB)

height, width, = = image rgb.shape

image cropped = image rgb[int (height*0.1) :int (height*0.9), :]
image resized = cv2.resize (image cropped, (1024, 512))

image gray = cv2.cvtColor(image resized, cv2.COLOR RGB2GRAY)

# Applying Local Binary Pattern (LBP) for texture analysis
radius = 3
n _points = 8 * radius

lbp = local binary pattern(image gray, n points, radius, method='uniform')

# Applying Sobel filter for edge detection and elevation simulation
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sobel x = cv2.Sobel (image gray, cv2.CV_64F, 1, 0, ksize=5)

sobel y = cv2.Sobel (image gray, cv2.CV_64F, 0, 1, ksize=5)

sobel magnitude = np.sqgrt(sobel x**2 + sobel y**2)

sobel magnitude = exposure.rescale intensity(sobel magnitude, in range=(0, 255)) #
Normalization of the sobel magnitude image

plt.figure(figsize=(10, 10))

plt.title ("Sobel Magnitude Image")

plt.imshow (sobel magnitude, cmap='gray')

plt.axis ('off")

plt.show ()

# Thresholding to segment different terrains

, binary craters = cv2.threshold(sobel magnitude, 100, 255, cv2.THRESH BINARY INV)
, binary valleys = cv2.threshold(sobel magnitude, 50, 255, cv2.THRESH BINARY INV)
, binary plateaus = cv2.threshold(sobel magnitude, 150, 255, cv2.THRESH BINARY)

, binary plains = cv2.threshold(sobel magnitude, 20, 255, cv2.THRESH BINARY INV)

# Create a blank image to mark the terrains
terrain marked = np.zeros like(image resized)

terrain marked[binary craters == 255? = [0, 0, 255] # Red

terrain marked[binary valleys == 255] = [0, 255, 0] # Green

terrain marked[binary plateaus == 255] = [255, 0, 0] # Blue

terrain marked[binary plains == 255] = [255, 255, 0] # Yellow

overlay image = cv2.addWeighted(image resized, 0.7, terrain marked, 0.3, 0)

plt.figure (figsize=(15, 10))
plt.title("Terrain Detection")
plt.imshow (overlay image)
plt.axis ('off")

plt.show ()

import cv2

import numpy as np

import matplotlib.pyplot as plt

from skimage import exposure

from scipy.ndimage import gaussian filter

image path = "8k mars.jpg"
image = cv2.imread(image_ path)
if image is None:
raise ValueError ("Image not found or unable to load. Please check the image

path.™)

image rgb = cv2.cvtColor (image, cv2.COLOR BGR2RGB)

height, width, = image rgb.shape

image cropped = image rgb[int (height*0.1) :int (height*0.9), :]
image resized = cv2.resize (image cropped, (1024, 512))

image gray = cv2.cvtColor (image resized, cv2.COLOR RGB2ZGRAY)

image smooth = gaussian filter (image gray, sigma=2) # Applying Gaussian filter for
smoothing
flat regions = cv2.adaptiveThreshold (image smooth, 255,

cv2.ADAPTIVE THRESH GAUSSIAN C, cv2.THRESH BINARY INV, 11, 2) # Applying adaptive
thresholding to find flat regions

contours, _ = cv2.findContours (flat regions, cv2.RETR EXTERNAL,
cv2.CHAIN APPROX SIMPLE) # Find contours of the flat regions

contoured image = image resized.copy ()
cv2.drawContours (contoured image, contours, -1, (255, 0, 0), 2)

plt.figure(figsize=(15, 10))
plt.title("Flat Regions Highlighted with Red Contours")
plt.imshow (contoured image)
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plt.axis ('off")
plt.show ()

import numpy as np

import pandas as pd

from sklearn.linear model import LinearRegression
from sklearn.model selection import train test split
import ipywidgets as widgets

from IPython.display import display

import warnings

data path = "mars-weather.csv"
mars weather = pd.read csv(data path)
mars_ weather.drop (columns=['wind speed'], inplace=True)

mars weather.dropna (inplace=True)

if mars weather['month'].dtype == 'object':

mars weather['month'] = mars_weather['month'}.str.extract('(\d+)').astype(int)
X = mars weather[['sol', 'ls', 'month']]
y temp = mars weather[['min temp', 'max temp']]

y _pressure = mars weather['pressure']
if X.empty or y temp.empty or y pressure.empty:

raise ValueError ("The dataset 1is empty after preprocessing.
data.™)

Please check the

X train, X test, y train temp, y test temp = train test split (X, y temp,

test size=0.2, random state=42)

X train, X test, y train pressure, y test pressure = train test split (X, y pressure,

test size=0.2, random state=42)
model temp = LinearRegression()
model temp.fit (X train, y train temp)

model pressure = LinearRegression()
model pressure.fit (X train, y train pressure)

print ("\n\nModels trained successfully.")

TEMP SAFE = (-50, -20)

TEMP VULNERABLE = (-73, 10)
PRESSURE SAFE = (600, 900)
PRESSURE VULNERABLE = (400, 1200)

def classify conditions(min_ temp, max temp, pressure):
if (TEMP_SAFE[0] <= min temp <= TEMP SAFE[1] and
TEMP_SAFE[0] <= max_temp <= TEMP SAFE[1l] and
PRESSURE_SAFE[0] <= pressure <= PRESSURE SAFE[1]):
return "Safe"
elif (TEMP_ VULNERABLE[O] <= min temp <= TEMP VULNERABLE[1] and
TEMP VULNERABLE[0] <= max temp <= TEMP VULNERABLE[1] and

PRESSURE VULNERABLE [0] <= pressure <= PRESSURE VULNERABLE[1]) :

return "Vulnerable"
else:
return "Hazard Prone"

def predict weather(sol, 1ls, month):
input features = np.array([[sol, 1ls, month]])
pred temp = model temp.predict (input features)
pred pressure = model pressure.predict (input features)
min temp, max temp = pred temp[0]
pressure = pred pressure[0]
return minitemp, max temp, pressure
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sol slider = widgets.IntSlider (value=400, min=0, max=1000, step=1, description='Sol
(Martian day):"'")

1s slider = widgets.IntSlider(value=200, min=0, max=360, step=1, description='LS
(Areocentric Longitude):'")
month slider = widgets.IntSlider (value=6, min=1, max=12, step=1,

description='Month:")
output = widgets.Output ()

def update prediction(sol, 1ls, month):
with output:

output.clear output ()
min temp, max temp, pressure = predict weather(sol, ls, month)
condition = classify conditions(min temp, max temp, pressure)
print (f"Predicted Min Temperature: {min temp:.2f} °ecm)
print (f"Predicted Max Temperature: {max temp:.2f} °cm)
print (f"Predicted Pressure: {pressure:.2f} Pa")
print (f"Condition: {condition}")

widgets.interactive (update prediction, sol=sol slider, ls=1s _slider,
month=month slider)

display(sol slider, ls slider, month slider, output)
warnings.filterwarnings ("ignore", category=UserWarning)

10.Results

Cropped Image (Polar Regions Ignored)

Local Binary Pattern (LBP) Image
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Final Processed Image

Sobel Magnitude Image

STy

NP

Terrain Detection
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Segmented Regions Overlay

Flat Regions Highlighted with Red Contours

Models trained successfully.

Sol (Martian... () 400
LS (Areocen... () 283
Month: () 6

Predicted Min Temperature: -75.80 °C
Predicted Max Temperature: -4.34 °C
Predicted Pressure: 853.21 Pa
Condition: Hazard Prone
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11. Conclusion

Mars exploration represents a complex, multifaceted endeavor that demands continuous technological
innovation, scientific rigor, and collaborative international efforts. Our analysis reveals that while significant
challenges persist, including harsh surface conditions, radiation exposure, and extreme environmental
variability—remarkable progress has been made in understanding the planet's potential for habitability. Key
findings underscore the critical role of machine learning and advanced imaging techniques in processing vast
planetary datasets, enabling more precise landing site selection, terrain mapping, and environmental prediction.
Underground habitation emerges as a promising strategy for mitigating surface-level challenges, offering natural
radiation shielding and protection from meteorological extremes. Future Mars exploration will require integrated
approaches that combine robotic missions, advanced computational methods, and innovative habitat design. As
our technological capabilities evolve, so too will our understanding of this enigmatic planet, bringing humanity
closer to potentially establishing a sustainable presence beyond Earth.
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