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Abstract
Objectives: To develop and evaluate a real-time, low-power multi-sensor
fusion framework that performs localization and safe landing-zone detection
together for an aerial vehicle operating over Martian terrain, where neither
GPS nor prior maps are available. Method: A stereo camera (Intel RealSense
D435i), a rotating 16-beam LiDAR and an inertial measurement unit (IMU) are
fused on a Raspberry Pi 5 and Pixhawk flight controller. LiDAR-assisted visual-
inertial SLAM (ORB-SLAMwith an Extended Kalman Filter) provides localization,
while a classical computer-vision pipeline in OpenCV (CLAHE normalization,
Sobel flatness analysis, mask fusion and geometric filtering) selects landing
zones. The system was tested in 50 AirSim descent trials from 12 m altitude
over Martian-analogue terrain with craters, rocks and dust-covered plains.
Findings: Localization error remained below 4 cm, with drift under 0.6 m
over 100 m; visual-inertial fusion cut drift by 45% compared with vision-
only tracking. Map coverage reached 95%. The LSDS classified no-fly zones
with 93% accuracy, needed 18.5 ms per frame (about 5 times faster than
the CNN-based HALO approach) and guided the vehicle to within 0.3 m of
the target. Landing succeeded in 98% of trials (49/50; 95% CI 89.5–99.6%) at
under 10 W, against more than 20 W for GPU-based VINS-Mono at comparable
accuracy. Novelty: Earlier GPS-denied SLAM and planetary landing systems
address either localization or hazard assessment or depend on GPU/LiDAR-
heavy hardware. This work runs both functions concurrently on a single sub-10
W embedded platform without training data.
Keywords:Mars exploration; Autonomous landing; SLAM; Sensor fusion;
GPS-denied navigation
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1 Introduction
Missions to theMoon andMars have advanced planetary exploration considerably, yet several technical problems remain open.
GPS and similar global navigation services do not exist on other planets, the terrain is usually unmapped, and communication
delays with Earth rule out remote piloting during critical phases. At the same time, onboard systems are limited in weight,
power and computing capacity. A vehicle that must navigate and land safely therefore has to map the terrain, localize itself and
find a landing zone in real time, without any external infrastructure.

End-to-end deep-learning navigation has produced encouraging results. Amer et al. showed that deepCNNs could fly drones
along predefined paths from visual input alone, with a mean deviation below 1.4 m in AirSim simulations (1), (2). Monocular
CNNs have been used to fly through indoor corridors without GPS (3), (4), and urban drone localization has been achieved with
CNN-derived district-level visual “signatures” (5). These approaches, however, generally need GPUs, have to be retrained when
the environment or sensor setup changes, and do not yet combine landing-safety assessment with localization.

To address these limitations, a unified lightweight system is presented that delivers real-time terrain safety scoring and
continuous, drift-bounded localization on a credit-card-sized computer. A forward-looking Intel RealSense D435i stereo
camera supplies depth maps, a rotating 16-beam LiDAR fills in depth over low-texture or shadowed regions, and a BNO055
IMU stabilizes pose estimation. All perception threads run at 20 Hz on a Raspberry Pi 5 (< 10W) connected to a Pixhawk flight
controller. SLAM and safe-spot detection therefore run at the same time, whereas earlier approaches either handle only one of
the two or need heavy computation.

The novelty of this implementation lies in combining SLAM-based navigation and onboard safety assessment on a single
minimal-power platform suited to real-time planetary descent. ReplacingGPU-reliantCNNswith compact sensor fusion points
toward practical, low-cost autonomy for future lunar andMartianmissions.The literature relevant to this goal is reviewed below
under three themes: GPS-denied aerial SLAM, planetary landing hazard detection, and embedded real-time autonomy.

1.1 GPS-Denied Aerial SLAM

GPS works well in open terrestrial settings but degrades badly on Mars, indoors or underground. Signal blockage, multipath
and electromagnetic interference (EMI) limit its accuracy to about±2–5m, which is too coarse for confined or complex spaces,
and the signal is also exposed to jamming, spoofing and latency. A recent review of GNSS-denied UAV navigation groups the
alternatives into absolute and relative localization and identifies vision-based localization as the most effective option (6).

Visual-inertial odometry (VIO) and simultaneous localization and mapping (SLAM) are the main candidates. ORB-SLAM
is a feature-based framework that uses ORB (Oriented FAST and Rotated BRIEF) features to build 3D maps and track
position, with localization errors below 10 cm in controlled settings (7); its computational cost, though, is a burden for resource-
constrained systems. VINS-Mono tightly couples monocular vision with IMU data and reaches errors below 5 cm, but its
high computational demand also limits its use on embedded platforms (8). OpenVINS, an open-source VIO framework with
a modular design aimed at constrained hardware, is closest to the requirements of this project. Older systems such as Parallel
Tracking and Mapping (PTAM) proved that vision-based navigation is feasible but lack the robustness of current frameworks.
Table 1 compares these technologies with the proposed ANAV system in terms of GPS dependency, computational load,
accuracy and offline capability.

Lu et al. (7) reviewed vision-based localization under GPS-denied conditions, with particular attention to neural-network
feature extraction in occluded scenes, and Chang et al. (9) surveyed UAV autonomous navigation without GPS, covering deep-
learning methods for obstacle avoidance and path planning. Adochiei et al. (10) fused a downward-facing LiDAR rangefinder
with barometric, INS/GNSS, optical-flow and airspeed data for terrain-relative takeoff and landing of a fixed-wing UAV under
degraded GNSS, and verified it through software-in-the-loop, hardware-in-the-loop and real flights. Wang et al. (11) proposed
fiducial marker-corrected stereo visual-inertial localization (FMC-SVIL), in which marker detections correct IMU bias against
an external reference and improve localization accuracy.Thesemethods localize well, but none of them assesses landing hazards
during descent.

1.2 Planetary Landing Hazard Detection

NASA’s Mars helicopter Ingenuity is the key reference for this work, since it demonstrated vision-based navigation on Mars
using onboard sensors (12). Flying over low-texture, rocky terrain without GPS showed how much extraterrestrial platforms
depend on reliable sensor fusion and lightweight algorithms.

Cerda et al. (13) selected flat landing areas for UAVs in GPS-denied conditions by computing the mean altitude and standard
deviation of small regions in a depth image on a companion computer, and confirmed the method in outdoor flights. Fares et
al. (14) matched onboard images to satellite imagery with elevation- and orientation-aware correlation for GNSS-denied drone
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Table 1. Comparison of navigation systems
System GPS Dependency Computational Load Accuracy Offline Capability
GPS-Based High Low ±2–5 m No
ORB-SLAM None High <10 cm Yes
VINS-Mono None High <5 cm Yes
OpenVINS None Moderate <5 cm Yes
ANAV (proposed) None Low <4 cm Yes

localization in real time. Khattak et al. (15) combined vision-depth landmarks with inertial data to navigate in visually degraded
environments and reported low drift under low-light conditions similar to planetary terrain. Hong et al. (16) studied robotic
mapping under changing illumination at planetary construction sites, using adaptive deep-learning algorithms so that SLAM
remains consistent as lighting varies. Nagarajan and Jothiraj (17) detected UAV runway landing paths with K-means clustering
of remote-sensing data. Most of these landing studies assume prepared or pre-mapped sites, heavier sensing hardware, or a
separate localization source.

1.3 Embedded Real-Time Autonomy

Recent GPS-free navigation work has also combined stereo vision, LiDAR and IMU to gain robustness in degraded
environments within real-time computing limits. Shao et al. (8) proposed Stereo Visual Inertial LiDAR SLAM, a tightly coupled
optimization that adds LiDAR to stereo cameras and achieves centimetre-level mapping accuracy in dynamic environments.
Tyagi and Gaur (18) built a surveillance quadcopter that runs visual SLAM on embedded hardware and adds fault detection and
redundancy so that the vehicle keeps operating when faults occur.

Deep learning is also increasingly used for drone navigation. It removes much of the manual feature engineering, but its
computational cost is hard to fit into embedded real-time power budgets. Amer et al. (1) used CNN-derived region and edge
features for path-finding in unknown terrain. Sadeghi Esfahlani et al. (19) examined the role of deep CNNs in mobile-robot
navigation, where CNN perception of raw sensor data is fused with SLAM to support real-time decisions in dynamic scenes.
NVIDIA researchers (20) released a deep-learning framework in which GPU-accelerated tools are used to train drones for flight
in unmapped areas. Karatzas et al. (21) trained a Rainbow DQN agent that combines reinforcement learning with neural feature
extraction to choose actions in uncertain environments.These GPU-dependent pipelines show the trade-off behind the present
work: greater representational capacity usually costs more power and computation than a planetary lander can provide.

The proposed system uses global shutter cameras to avoid the motion distortions (wobble, skew and jello effect) of rolling
shutter sensors, which improves feature matching and pose estimation. Classical computer vision was chosen for safe-spot
detection because it is efficient and works offline, which is essential on Mars where no connectivity is available.

1.4 Research Gap and Positioning of the Present Work

In summary, GPS-denied SLAM studies (Section 1.1) localize accurately but are rarely evaluated for landing-hazard awareness.
Planetary landing studies (Section 1.2) handle hazard detection but usually assume pre-mapped sites or heavier LiDAR-centred
hardware. Embedded and real-time studies (Section 1.3) show that GPU-class deep-learning pipelines are difficult to fit within
sub-10 W planetary power budgets. None of the reviewed systems performs real-time SLAM-based localization and onboard
safe-landing-zone assessment together on one low-power embedded platform.This work fills that gap by fusing stereo, LiDAR
and IMU data for simultaneous localization and safe-spot detection on a Raspberry Pi 5/Pixhawk platform drawing less than
10 W.

2 Methodology

2.1 Stereo Vision-Based Localization

2.1.1. Hardware Description
An Intel RealSense D435i depth camera was used. It has an OmniVision OV9282 image sensor with 1280 × 800 active pixels,
a global shutter, a diagonal field of view of 100.6∘ and a frame rate of 100 fps.
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2.1.2. Camera Shutter Technologies
The shutter type has a strong effect on vision-based navigation. A rolling shutter camera reads the image line by line, so fast
motion produces wobble, skew and the jello effect. This rolling shutter effect degrades feature matching (Figure 1) and pose
estimation, which matters in dynamic settings such as Martian terrain. A global shutter camera exposes the whole frame at
once and gives distortion-free images. Its advantages for this application are: (i) no motion distortion during fast movement;
(ii) uniform exposure, so features are tracked consistently across the image; (iii) simultaneous capture of left and right frames
for precise stereo depth; (iv) no need formotion compensation, which reduces computation; (v) suitability for high-speed drone
motion without geometric distortion; and (vi) time-consistent, distortion-free frames that improve SLAM/VIO performance.
Because the scene is effectively frozen, a global shutter is well suited to dynamic SLAM and localization, and it was therefore
adopted for Martian conditions where fast drone motion and low-texture terrain demand high image quality.

Fig 1. Rolling shutter distortion of a rotating object

2.1.3. ORB-SLAM Framework
ORB-SLAM (Oriented FAST and Rotated BRIEF Simultaneous Localization and Mapping) is a feature-based SLAM system
that runs three parallel tasks: tracking, local mapping and loop closure. It was chosen because it builds 3D maps and tracks
position reliably in difficult environments such as low-texture, rocky Martian terrain.

Tracking:ORB features are extracted from stereo image pairs. Keypoints are detected with FAST (Features from Accelerated
Segment Test), which marks a pixel as a corner when intensities in its circular neighbourhood differ strongly from it. Each
keypoint is described with BRIEF (Binary Robust Independent Elementary Features), a 256-bit binary descriptor built from
intensity-pair comparisons, so that matching can use the Hamming distance. The drone pose is estimated by minimizing the
re-projection error of the matched features:

min𝑅,𝑡 ∑𝑖 ∥ 𝑝𝑖 −𝜋(𝑅𝑃𝑖 +𝑡) ∥2 (1)

where 𝑅 is the rotation matrix, 𝑡 the translation vector, 𝑃𝑖 the 3D point, 𝑝𝑖 the observed 2D point and 𝜋 the camera projection
function (Figure 2(a)).

Stereo disparity is used to triangulate 3D points 𝑃 = (𝑋,𝑌 ,𝑍) from the camera intrinsics (focal length 𝑓 , principal point
(𝑐𝑥, 𝑐𝑦)) and the baseline 𝑏:

𝑍 = 𝑓 ⋅ 𝑏
𝑑 (2)
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where 𝑑 is the disparity between the left and right images. This keeps pose estimation accurate in dynamic environments.
Local mapping: A sparse 3D map is built by triangulating matched ORB features, and a co-visibility graph records the

relationships between keyframes. Bundle adjustment then refines the 3D point positions and camera poses. Low-texture
Martian areas make feature detection harder, so additional depth data are integrated to improve map accuracy.

Loop closure:When the drone returns to a known area, similar keyframes are found with a bag-of-words approach, and the
pose graph is optimized with bundle adjustment to remove accumulated drift from the map and trajectory. This is essential for
consistent localization over long Mars missions (Figure 2(b)–(c)).

Fig 2.ORB-SLAM evaluation in a simulated Martian environment: (a) estimated IMU poses during trajectory reconstruction; (b) Cam0 and
(c) Cam1 reprojection error distributions of the stereo camera, showing pixel deviations across image indices (the colour bar gives the image
index during trajectory estimation)

The ORB-SLAM pipeline processes stereo images in real time and combines them with inertial measurements. It was
implemented in ROS Noetic, with a custom ROS wrapper that publishes stereo images, IMU data and camera intrinsics as
topics compatible with ORB-SLAM3. Algorithm 1 lists the sequence of operations, from feature extraction and data fusion to
map optimization and pose estimation, and Figure 3(a) shows the overall pipeline flow.

Algorithm 1: ORB-SLAM pipeline
Input: Stereo images, IMU data
Output: Drone pose, 3D map

1. Initialize the map, pose and co-visibility graph.
2. While the mission is active, repeat steps 3–12:
3. Capture stereo images and IMU data.
4. Extract ORB features using FAST and BRIEF.
5. Match features across stereo pairs using the Hamming distance.
6. Compute stereo disparity and triangulate 3D points.
7. Fuse visual and IMU data using the EKF.
8. Update the map with new features and the co-visibility graph.
9. Detect loop closure using bag-of-words.
10. Optimize the pose graph with bundle adjustment.
11. Estimate the pose and plan the path.
12. Send control commands.

2.1.4. Visual-Inertial Odometry (VIO)
VIO combines stereo vision with IMU data to estimate the drone’s motion in real time. It is essential in GPS-denied
environments because it keeps pose tracking stable during rapid manoeuvres or when visual features are briefly lost
(Figure 4(a)).
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Fig 3. System block diagrams: (a) ORB-SLAM pipeline flow; (b) software architecture; (c) safe-spot detection (LSDS) pipeline

An Extended Kalman Filter (EKF) fuses the visual and inertial measurements and updates the state vector of position,
velocity and orientation,

𝑥𝑡 = [𝑝 𝑣 𝑞]𝑇 (3)

according to

𝑥𝑡|𝑡−1 = 𝑓 (𝑥𝑡−1,𝑢𝑡) (4)

𝑧𝑡 = ℎ(𝑥𝑡)+𝑣𝑡 (5)

where 𝑢𝑡 contains the IMU accelerations and angular velocities, 𝑧𝑡 is the measurement vector (stereo disparities) and 𝑣𝑡 is the
measurement noise (Figure 4(b)). Accurate measurement models keep the EKF observable, which is critical on Mars where
low-texture surfaces make visual tracking difficult (Figure 4(c)–(d)).

2.1.5. Camera-IMU Calibration with Kalibr
VIO and ORB-SLAM both depend on accurate sensor alignment. The Kalibr framework from ETH Zurich was used for joint
spatial and temporal calibration of the stereo cameras and IMU. The calibration provides: (1) intrinsic camera parameters,
namely focal lengths (𝑓𝑥,𝑓𝑦), principal point (𝑐𝑥, 𝑐𝑦) and distortion coefficients (𝑘1,𝑘2,𝑘3,𝑝1,𝑝2); (2) stereo extrinsics, the
relative pose (𝑅𝑟𝑙, 𝑡𝑟𝑙) between the left and right cameras; (3) camera-IMU extrinsics (𝑅𝑐𝑖, 𝑡𝑐𝑖); (4) the temporal offset 𝑡𝑑
between camera and IMU measurements; and (5) IMU intrinsics, i.e. accelerometer and gyroscope biases, scale factors and
noise parameters (Figure 5(a)).

Synchronized stereo images and IMU data were recorded while viewing an AprilGrid target of known geometry. IMU noise,
bias and random-walk characteristics were identified with the Allan variance ROS toolbox. Kalibr then wrote a YAML file
containing the transformation matrices, for example the camera-IMU transformation

𝑇𝐶𝐼 = [𝑅𝐶𝐼 𝑡𝐶𝐼
0 1 ] (6)

The corresponding angular velocity error is shown in Figure 5(b). The resulting alignment allowed precise sensor fusion and
reliable localization (Figure 5(c)). Calibration was particularly important because the sensors work in different coordinate
frames, and accurate state estimation for ORB-SLAM and VIO depends on relating them correctly.
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Fig 4. VIO performance: (a) predicted vs. measured angular velocities in the body frame; (b) sample inertial rate of the IMU; (c) predicted
vs. measured specific force from accelerometer data; (d) acceleration error between estimated and ground-truth accelerations

Fig 5. Kalibr calibration results: (a) estimated accelerometer bias; (b) angular velocity error between calibrated IMU outputs and ground
truth; (c) estimated gyroscope bias from IMU intrinsic calibration
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2.1.6. Optimization for Real-Time Performance
Running ORB-SLAM on a resource-constrained platform required several optimizations: (1) limiting feature extraction to
about 1000 ORB features per frame; (2) using a coarse-to-fine image pyramid for scale-invariant detection, which copes better
with changes in Martian terrain; (3) running the tracking and mapping threads in parallel; and (4) down-sampling depth data
to the stereo image resolution. With these measures, localization accuracy was better than 4 cm, which is adequate for precise
navigation in GPS-denied Martian environments.

2.2 Safe-Spot Detection System

TheLanding Safe-SpotDetection Subsystem (LSDS) is themost extensively developed part of the project. It enables autonomous
landing in GPS-denied Martian environments by finding flat, obstacle-free zones with classical computer vision implemented
in OpenCV. The design favours efficiency, offline operation and robustness, since computing power and connectivity are both
limited on Mars. This section covers the design rationale, pipeline, integration with navigation, a case study, performance and
the main challenges; the complete sequence is shown in Figure 3(c).

2.2.1. Design Rationale
Classical computer vision was preferred over learning-based methods such as convolutional neural networks (CNNs) because
the system had to be lightweight and work offline. CNNs need large training sets, large memory and GPU resources, which
embedded platforms cannot provide. OpenCV-based methods run fast, need little data and are easy to deploy, which makes
them suitable for real-time landing-zone detection on Mars. The LSDS works on live video from global shutter cameras, so
motion distortion does not corrupt feature detection.

A landing zone is accepted only if it meets all of the following criteria: minimum area of 0.25 m2 (based on the drone
footprint); convexity ratio of at least 85%; aspect ratio between 0.5 and 2.0, to reject elongated regions; low standard deviation
of pixel intensity (uniform brightness, indicating even lighting); and fewer than 15% dark pixels. Together these criteria restrict
landing to flat, stable surfaces without rocks or craters. The pipeline operates at 250 Hz and passes the selected zone to the
navigation system.

2.2.2. LSDS Pipeline
The LSDS processes the video feed in the following steps, each tuned for speed and accuracy in Martian conditions.

(I) Frame conversion: Individual frames are taken from the live 1080p stereo streamandprocessed independently. Stereo pairs
are kept synchronized so that disparities for ORB-SLAM remain consistent. High frame rates were handled by optimizing buffer
management and limiting processing to 30 fps, which balances speed and accuracy and gives later stages clean, synchronized
images for feature detection on low-texture terrain.

(II) Meters-per-pixel (MPP) estimation: Pixel measurements are converted to physical distances through an MPP estimate
derived from image features. Canny edge detection finds edges in the grayscale frame, and gradient variance and contour sizes
serve as scale cues. Because altitude is often unknown on Mars, a fixed altitude of 2.0 m was assumed, with adaptive MPP
between 0.04 and 0.12 m per pixel depending on brightness variance and feature scale. Each pixel covers a ground distance
equal to the height above ground divided by the focal length of the D435i in pixels, so this scale changes continuously as the
vehicle descends. The 2.0 m value is therefore the reference used close to touchdown, and at greater heights the MPP is scaled
by the ratio of the current height, taken from the stereo depth and the ORB-SLAM pose, to this 2.0 m reference. Scaling can be
inaccurate in feature-sparse regions such asMartian plains; this was reduced by cross-checking with depth data when available.

(III) Brightness normalization:To improve contrast under varied lighting, from shadowed craters to sunlit plains, the frame is
converted to LAB colour space and Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied to the L (lightness)
channel with a clip limit of 2.0 and an 8 × 8 tile grid. Over-enhancement of bright regions was avoided by tuning the clip limit
dynamically from the average brightness. CLAHE was preferred for three reasons. An unprocessed image applies no contrast
adjustment and keeps its inherent noise, which can lead to inaccurate ormisleading analysis. Traditional histogram equalization
treats the whole image uniformly, over-amplifies contrast globally and amplifies noise in uniform areas; it is lightweight but not
adaptive. CLAHE enhances contrast locally over the 8 × 8 tiles, limits noise through the 2.0 clip limit and is fast enough for
real-time use. Its input and output are shown in Figure 6(a)–(b).

(IV) Flatness detection: Sobel filters in the X and Y directions give the gradient magnitude, which is normalized so that low-
variation areas (gradient below a threshold) can be identified. Rocks and slopes make this difficult on uneven ground, so the
threshold is adjusted to terrain complexity and checked against depth data when available. Only flat regions pass to the next
step, which keeps boulders and craters out of consideration.
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(V) Combined mask generation: Flat and bright regions are merged with a bitwise AND so that candidate zones are both flat
and well lit. Morphological opening and closing remove noise and fill small gaps. False positives on low-texture plains were
reduced by enlarging the morphological kernel and using depth data to confirm surface properties.

(VI) Filtering detected regions: Contours are extracted from the cleaned mask and kept only if they satisfy the criteria of
Section 2.2.1: area ≥ 0.25 m2, convexity ≥ 85%, aspect ratio 0.5–2.0, low brightness standard deviation and < 15% dark pixels.
In low-texture scenes, surface flatness is again confirmed with depth data, and unsuitable regions are discarded.

(VII) Zone selection:The zone nearest the image centre is chosen to minimize flight time and energy use. Pixel distances are
converted to metres with the MPP estimate, and the drone position is updated every frame. In cluttered terrain, centring errors
were resolved by favouring zones with higher convexity and more uniform brightness.

(VIII) Simulation: An OpenCV simulation draws the descent path, marking the selected zone in red and the other zones in
green. It converts pixel displacement to metres with the MPP estimate, updates the drone’s x, y and altitude, and labels the final
frame “Landed”. This visualization is used to check LSDS behaviour in Martian scenes.

(IX) Drone landing simulation logic: Algorithm 2 gives the core decision logic of the landing simulation for reproducibility,
and Figure 6(c)–(e) shows the simulated landing-zone outputs.

Algorithm 2: Landing command generation and descent simulation
Input: Selected landing spot (centre 𝑡𝑥, 𝑡𝑦), MPP, altitude 𝑎(default 5.0 m)
Output: Simulated descent trajectory and landing status

1. If no landing spot is available, report “No landing spot available” and stop.
2. Set the image centre (𝑐𝑥, 𝑐𝑦) = (160,120) for a 320 × 240 image and read (𝑡𝑥, 𝑡𝑦) from the spot centre.
3. Compute the metric offsets 𝑑𝑥,𝑚 = (𝑡𝑥 −𝑐𝑥) ⋅𝑀𝑃𝑃 and 𝑑𝑦,𝑚 = −(𝑡𝑦 −𝑐𝑦) ⋅𝑀𝑃𝑃 .
4. Set the number of steps 𝑁 = 50 and the increments Δ𝑥 = (𝑡𝑥 −𝑐𝑥)/𝑁 , Δ𝑦 = (𝑡𝑦 −𝑐𝑦)/𝑁 , Δ𝑧 = −𝑎/𝑁 .
5. For 𝑘 = 0,1,…,𝑁 : update 𝑥𝑘 = 𝑐𝑥 + 𝑘Δ𝑥, 𝑦𝑘 = 𝑐𝑦 + 𝑘Δ𝑦, 𝑧𝑘 = 𝑎 + 𝑘Δ𝑧 , and optionally draw the drone

position and target.
6. Report “Landing initiated”, wait 2 s, then report “Landing complete”.

Fig 6. LSDS results: (a) input image before and (b) output image after CLAHE, showing improved local contrast; (c) landing-zone detection
output (detected spots, combinedmask, gradient map and original image); (d) landing-zone detection output for a second terrain; (e) landing
simulation output
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2.2.3. Integration with Navigation System
The LSDS is connected to the ORB-SLAM navigation system through ROS2 and MAVROS, and the pose estimates are used
to steer the drone to the selected zone. Control commands are sent over MAVLink. Communication latency was reduced by
optimizing ROS node execution and giving priority to critical messages, so that localization and landing stay coordinated.

2.2.4. Case Study: Martian Landing Scenario
In a simulated Martian landing scenario, the LSDS was tested on terrain with rocks, craters and dust-covered areas. It found
a 0.3 m2 flat zone at 2 m altitude and guided the drone to land within 0.3 m of the target. The visualized descent confirmed
reliable operation in low-texture conditions, with varying lighting and sparse features.

2.2.5. Performance and Trade-offs
The LSDS processes frames at 250 Hz. Compared with machine-learning (CNN) approaches, which offer higher general
accuracy but run slower on GPUs, need large amounts of training data and are only moderately easy to deploy, the stereo
image-based analysis gives mission-specific accuracy tuned to Martian terrain, runs faster, needs no training data and is easy
to deploy. Algorithm 3 summarizes the pipeline with the measured time of each step.

Algorithm 3: LSDS processing pipeline with per-step timing
Input: Live stereo video frame
Output: Selected landing zone and simulated descent

1. Frame conversion: extract and synchronize the stereo frame (2.5 ms).
2. MPP estimation from edges, gradient variance and contour size (3.0 ms).
3. Brightness normalization with CLAHE on the L channel (4.0 ms).
4. Flatness detection with Sobel gradient thresholding (3.5 ms).
5. Combined mask generation with bitwise AND and morphology (2.0 ms).
6. Filtering of contours by area, convexity, aspect ratio, brightness and dark-pixel criteria (2.5 ms).
7. Zone selection nearest the image centre (1.5 ms).
8. Descent simulation and visualization (3.0 ms).
9. Total processing time per frame: 18.5 ms.

2.2.6. Challenges and Solutions
Three main challenges were encountered. (1) Stereo depth noise: disparities were unreliable over low-texture Martian terrain,
which was mitigated with depth data from additional sensors when available. (2) Lighting variation: shadowed craters and
sunlit plains disturbed feature detection, which was handled with CLAHE and adaptive thresholds. (3) Computational load:
processing demand was lowered by optimizing the OpenCV algorithms. Planned enhancements include lightweight ML
classifiers for better filtering, LiDAR-based elevation mapping and hybrid CV-ML methods for complex scenes.

2.3 Software Architecture

ROS2 handles data management, MAVROS handles navigation control and OpenCV performs the LSDS image processing. In
the sensor fusion pipeline, an EKF combines stereo vision and IMU data into real-time pose estimates, and Kalibr calibration
supports accurate VIO and ORB-SLAM. Algorithm 4 lists the steps of the internal software flow, and Figure 3(b) shows its data
flow and hierarchy.
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Algorithm 4: Sensor fusion pipeline
Input: Stereo images, IMU data
Output: Fused pose estimate

1. Initialize the EKF.
2. While the mission is active, repeat steps 3–6:
3. Read stereo and IMU data.
4. Compute stereo disparity.
5. Update the EKF with IMU measurements.
6. Output the pose estimate.

2.4 System Testing

Simulation setup and trials:The system was evaluated in simulated GPS-denied Martian environments in AirSim. Fifty descent
trials were run from 12 m altitude over terrain containing craters (0.5–2 m deep), rocks (0.1–0.5 m high) and dust-covered
plains (texture variance < 10%), including dusty scenes and extreme simulated dust storms.

Parameter settings: 1000 ORB features per frame with a coarse-to-fine pyramid; perception threads at 20 Hz; 1080p input
limited to 30 fps; CLAHE clip limit 2.0 with an 8 × 8 tile grid; assumed altitude 2.0 m with adaptive MPP of 0.04–0.12 m per
pixel; landing criteria of area ≥ 0.25 m2, convexity ≥ 85%, aspect ratio 0.5–2.0 and < 15% dark pixels.

Metrics, baselines and ablation: Localization error and drift, map coverage, hazard-labelling accuracy, landing precision,
landing success rate, processing time per frame and power were recorded. Internal comparisons were made between vision-
only ORB-SLAM and VIO fusion, and between unprocessed images, traditional histogram equalization and CLAHE. External
comparisons used values reported for VINS-Mono, ORB-SLAM, ALHAT, HALO, Ingenuity and recent GNSS-denied studies
(Section 3.2). Simulation code and trial logs are available from the corresponding author on reasonable request.

Subsystem tests confirmedORB-SLAMaccuracy (< 4 cm localization error, 95%map coverage) and LSDS reliability (landing
within 0.3 m of the target), and system-level tests gave a 98% safe-landing success rate over low-texture, rocky terrain (Table 2).

3 Results and Discussion

3.1 Obtained Result

The evaluation followed the protocol of Section 2.4. Localization accuracy, map coverage, safe-spot detection precision and
overall landing success are summarized in Table 2, and qualitative results appear in Figure 2 and Figure 6(c)–(e).

With ORB-SLAM localization, the mean orientation error was 6∘, and drift stayed below 0.6 m over 100 m (Table 2). Re-
projection errors followed a normal distribution with means of 0.32 pixels (Cam0) and 0.35 pixels (Cam1) and a standard
deviation of 0.15 pixels, i.e. less than 0.5% on either end (Figure 2(b)–(c)). FusingVIO instead of relying on vision alone reduced
drift by 45%, because the IMU bridged short losses of features in low-texture areas (Figure 4).

Each keyframe contributes to 95% map coverage, although the 3D reconstruction is sparse, with about 5,000 points per
keyframe.The no-fly zones identified by the LSDS were 93% correct, and unsafe areas (slopes > 5∘ and obstacles > 0.10 m) were
labelled as such in 98% of cases. Processing took 18.5 ms per frame on average (Algorithm 3), an operating rate of 54 Hz. In
repeated tests with rocks as landing obstacles, the drone landed within 0.3 m of the target, and MPP estimation error stayed
below 5% (Figure 6(e)) in three different dusty scenes. Landing succeeded in 98% of trials (49 of 50; Wilson 95% confidence
interval 89.5–99.6%). The only failure occurred in an extreme simulated dust storm that reduced visibility below 1 m.

Robustness and ablation:The low localization errors show that global shutter stereo imaging and EKF fusion limit the errors
caused by low texture and shadow variation in Martian-analogue terrain. The 45% drift reduction from VIO fusion isolates
the contribution of the IMU, and the comparison of raw, histogram-equalized and CLAHE images (Section 2.2.2) isolates the
contribution of brightness normalization. Performance degraded only when visibility fell below 1 m. Where shadowed regions
restrict LiDAR and vision, thermographic imaging is a possible complementary sensor for future versions. The classical LSDS
was faster than CNN-based alternatives (18.5 vs. 100+ms), but it gives up some generality, because it treats Martian-like terrain
as a special case. The < 10 W power draw and real-time operation are promising for planetary missions, although hardware
tests are still needed to capture vibration-induced noise and other effects that simulation does not model.
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Table 2. System test results and comparison with reported GPS-denied navigation and landing approaches (– : not reported)
Approach Localization

error / drift
Landing
preci-
sion

Detection / coverage / success Time
per

frame

Power /
hardware

Validation

ANAV (this
work)

< 4 cm; drift <
0.6 m over 100

m

0.3 m 95% map coverage; 93% no-fly-zone
accuracy; 98% landing success

(49/50)

18.5 ms
(54 Hz)

< 10 W;
Raspberry Pi 5 +

Pixhawk

Simulation,
50 trials

ORB-SLAM,
vision
only (22)

0.1–0.5 m drift – – – – Planetary-
analogue
data

VINS-Mono 0.05 m – – – > 20 W (GPU) –
ALHAT (23) – 0.5 m – – LiDAR-heavy,

power-intensive
–

HALO (24) – – 90% accuracy ≈ 5×
LSDS
time

GPU-dependent –

Ingenuity (12) – 1 m Pre-mapped sites – – Mars flight
FMC-
SVIL (11)

RMSE
0.340–0.416 m

– – – Onboard
computer

Field flights

REOLA (14) < 5 m – 97.1% success (< 5 m) 44.4 ms Jetson Orin
Nano

–

3.2 Comparative Performance with Literature

The system was benchmarked against earlier GPS-denied navigation and landing work, using Tables 1 and 2 and
references (7), (8), (9), (11), (12), (14), (22), (23), (24). By fusing IMU and LiDAR measurements, the VIO-extended system reduces
localization error to 0.04 m and is more robust over low-texture Martian analogues than ORB-SLAM alone, which shows
0.1–0.5 m drift without comparable multi-sensor fusion (22).

VINS-Mono reaches 0.05 m error but needs more than 20 W of GPU compute. The proposed system runs on embedded
hardware below 10 W, roughly a 50% reduction in power for comparable accuracy.

NASA’s ALHAT (23) reports 0.5 m precision with LiDAR-heavy, power-intensive hardware. The LSDS achieves 0.3 m at 18.5
ms per frame, about 5 times faster than the CNN-based HALO approach (24) (90% accuracy, GPU-dependent). Because it needs
no training data, the classical LSDS is also simpler to deploy than CNN-based alternatives.

The Ingenuity helicopter (12) achieved 1 m landing precision on Mars but relied on pre-mapped sites, whereas the proposed
system maps autonomously with 95% coverage. Recent GNSS-denied studies give further context. FMC-SVIL (11) reports
localization RMSE of 0.340–0.416 m under bridges using fiducial markers, while the present system needs no markers.
REOLA (14) reports 97.1% success for sub-5 m visual localization at 44.4 ms per frame on a Jetson Orin Nano; the LSDS needs
18.5 ms per frame, although the two tasks differ. Cerda et al. (13) and Adochiei et al. (10) validated depth-camera and LiDAR
landing in real flights but do not provide SLAM-based mapping and hazard scoring on the same low-power board.

Overall, the method is a low-power, simulation-validated approach to integrated SLAM and landing, with competitive drift
(< 0.6 m over 100 m), a clear power reduction relative to GPU-based baselines and more than 93% landing-hazard detection
accuracy. All results so far come from simulation, so field tests on physical hardware are required to confirm these benefits
under real sensor noise and vibration.

3.3 Application

Thesystemwas designed for autonomous navigation and safe landingwithoutGPS, and its offline operation, precise localization
and safe-spot detection make it applicable to both extraterrestrial and terrestrial scenarios.

Mars exploration:The system is optimized forMartianmissions. Stereo vision-based localization and safe-spot detection let a
rover or dronemap and land on rugged ground, crossing craters, rocky surfaces and dusty plains without GPS for scientific data
collection and site exploration, and offline operation keeps it working despite communication delays with Earth during long-
duration missions. Disaster response: After earthquakes or building collapses, it can move through rubble-filled, GPS-denied
structures, mapping unknown spaces in real time and identifying safe paths to improve situational awareness and support the
deployment of resources or robots in hazardous areas. Search and rescue: In caves, tunnels and collapsed mines, its compact
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design and sensor fusion allow operation in confined spaces to locate trapped people or map inaccessible areas, and offline
mode keeps it reliable where communication is disrupted.

4 Conclusion
Theobjective of this studywas a real-time, low-power framework for autonomousnavigation and safe landing of an aerial vehicle
in GPS-denied Martian environments. Three contributions meet this objective. First, stereo vision, LiDAR and IMU data were
fused on low-resource embedded hardware (Raspberry Pi 5 and Pixhawk), giving SLAM-based localization with sub-4 cm
error, sub-metre drift (< 0.6 m over 100 m) and 95% map coverage; VIO fusion reduced drift by 45% compared with vision
alone. Second, the LSDS, a classical OpenCV pipeline used in place of GPU-dependent CNNs, identified landing-zone hazards
with more than 93% accuracy in 18.5 ms per frame and brought the vehicle to within 0.3 m of the target. Third, both functions
ran together at 20 Hz below 10 W, and 49 of 50 simulated Martian-analogue descents (98%) landed safely. Compared with the
GPU-based baselines considered, this indicates promising power efficiency for combined navigation and hazard avoidance.

The architecture tackles central problems of planetary exploration, including low-texture surfaces, variable lighting and the
absence of external navigation aids, and it may also serve disaster response in rubble-filled structures and search-and-rescue in
confined spaces without GPS. Its limitations are the reliance on simulation, the absence of real-world noise and vibration, and
LSDS filtering criteria based on assumed Martian-like terrain.

Future work is planned in four directions: (i) hardware-in-the-loop testing of the Raspberry Pi 5/Pixhawk stack, followed
by field flights over Mars-analogue terrain to measure the effect of vibration and real sensor noise on the reported localization
and landingmetrics; (ii) thermal imaging for low-visibility and shadowed scenes, including dust conditions below 1m visibility
where the only simulated failure occurred; (iii) lightweight ML classifiers and hybrid CV-ML filtering, together with LiDAR-
based elevation mapping, to adapt the landing criteria to different extraterrestrial terrains; and (iv) evaluation on public
planetary-analogue datasets for direct comparison with other methods. Based on the present results, global shutter stereo
imaging, CLAHE-based normalization and IMU fusion are recommended for low-power landing systems. As an early-stage
simulation study, this research is a first step toward scalable autonomy for future lunar andMartianmissions, pending validation
through hardware-in-the-loop and field testing.
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