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ɄŮɟɑɚɖɣɖ 

ȼ ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ɢɩɟɞɡ ŮɑɜŬɘ ɏɜŬ ɘůɢɡɟɧ ŮɟɔŬɚŮɑɞ ˊɞɡ űɏɟɜŮɘ ɐŭɖ ɟɘɕɘəɏɠ ŬɚɚŬɔɏɠ 

ůŰɞɜ ŰɞɛɏŬ Űɖɠ ɔŮɤɟɔɑŬɠ. ɉɟɖůɘɛɞˊɞɘŮɑŰŬɘ ɔɘŬ Űɖɜ ŬˊɞɛŬəɟɡůɛɏɜɖ ˊŬɟŬəɞɚɞɨɗɖůɖ Űɖɠ 

ŬɜɎˊŰɡɝɖɠ Űɤɜ əŬɚɚɘŮɟɔŮɘɩɜ, Űɖɜ ŰŬɡŰɞˊɞɑɖůɖ ˊŬɟŬůɑŰɤɜ əŬɘ ŬůɗŮɜŮɘɩɜ, ŬəɧɛŬ əŬɘ Űɖɜ 

ŬɡŰɞɛŬŰɞˊɞɑɖůɖ Űɤɜ ŮɟɔŬůɘɩɜ ůŰɞɜ Ŭɔɟɧ. ɋůŰɧůɞ, ŬˊɞŰŮɚŮɑ ˊɟɧəɚɖůɖ ɖ ŭɘŬůűɎɚɘůɖ Űɖɠ 

ŬˊŬɟŬɑŰɖŰɖɠ ɞˊŰɘəɐɠ ˊɞɘɧŰɖŰŬɠ Űɖɠ ŬˊŮɘəɧɜɘůɖɠ ɩůŰŮ ɜŬ ɛˊɞɟŮɑ ɞ ŬɔɟɧŰɖɠ ɜŬ ŭɘŬəɟɑɜŮɘ 

ŮɨəɞɚŬ ɚŮˊŰɞɛɏɟŮɘŮɠ ůŰŬ űɡŰɎ. 

ȼ ˊŬɟɞɨůŬ ŭɘˊɚɤɛŬŰɘəɐ ŮɟɔŬůɑŬ ŮˊɘəŮɜŰɟɩɜŮŰŬɘ ůŰɞ ůɢŮŭɘŬůɛɧ əŬɘ Űɖɜ ɡɚɞˊɞɑɖůɖ 

Ůɜɧɠ ŬˊɞŭɞŰɘəɞɨ ůɡůŰɐɛŬŰɞɠ ŬɜŰɑɚɖɣɖɠ ɔɘŬ ŰŮŰɟɎˊɞŭŬ ɟɞɛˊɧŰ, ɘəŬɜɞɨ ɜŬ ŬɜŬəŬŰŬůəŮɡɎůŮɘ 

ɛŮ ŬəɟɑɓŮɘŬ ɏɜŬ Ŭɛˊɏɚɘ ˊŬɟɎɔɞɜŰŬɠ ůŬűɏɠ ɞˊŰɘəɧ ˊŮɟɘŮɢɧɛŮɜɞ ɔɘŬ Űɞɜ ɢɟɐůŰɖ. ɇɞ 

ŬɜŰɘəŮɑɛŮɜɞ Űɖɠ ˊŬɟɞɨůŬɠ ŮɟɔŬůɑŬɠ ŮɑɜŬɘ ɧɢɘ ɛɧɜɞ ɖ ɏɟŮɡɜŬ əŬɘ ɖ ŬɜɎˊŰɡɝɖ Űɞɡ 

ŬˊŬɟŬɑŰɖŰɞɡ ɚɞɔɘůɛɘəɞɨ ɔɘŬ Űɖɜ ŮˊɑŰŮɡɝɖ Űɞɡ ˊŬɟŬˊɎɜɤ ůŰɧɢɞɡ, ŬɚɚɎ əŬɘ ɖ ŬɜŬůəɧˊɖůɖ 

Űɞɡ ŭɘŬɗɏůɘɛɞɡ ɡɚɘəɞɨ ɔɘŬ ŬɡŰɧɜ Űɞɜ ůəɞˊɧ əŬɘ ŰŮɚɘəɎ ɖ ŮəŰɏɚŮůɖ Ůɜɧɠ ˊŮɘɟɎɛŬŰɞɠ ůŮ 

ˊɟɞůɞɛɞɑɤůɖ ŬɚɚɎ əŬɘ ɛŮ ˊɟŬɔɛŬŰɘəɧ ɟɞɛˊɧŰ ůŮ ˊɟŬɔɛŬŰɘəɏɠ ůɡɜɗɐəŮɠ. 

ȷɟɢɘəɎ ŮɝŮŰɎɕɞɜŰŬɘ ɡˊɎɟɢɞɜŰŬ ˊŬəɏŰŬ ɚɞɔɘůɛɘəɞɨ ɔɘŬ ŰɟɘůŭɘɎůŰŬŰɖ ŬɜŬəŬŰŬůəŮɡɐ əŬɘ 

ɢɤɟɘəɐ ɢŬɟŰɞɔɟɎűɖůɖ. ȼ ůɨɔəɟɘůɖ ˊŬɟɎɔŮɘ ˊɞɚɨŰɘɛŮɠ ˊɚɖɟɞűɞɟɑŮɠ ůɢŮŰɘəɎ ɛŮ ŰŬ ɞűɏɚɖ 

əŬɘ ŰŬ ɛŮɘɞɜŮəŰɐɛŬŰŬ ˊɟɤŰɞˊɞɟɘŬəɩɜ ɛŮɗɧŭɤɜ ŬɜŬəŬŰŬůəŮɡɐɠ ɢɩɟɞɡ. ɇŬ ˊŬəɏŰŬ 

ŭɞəɘɛɎɕɞɜŰŬɘ ůŰɞ ROS noetic əŬɘ ŮűŬɟɛɧɕŮŰŬɘ ŮˊɘŰɎɢɡɜůɖ ɡɚɘəɞɨ CUDA, ɧŰŬɜ ŬɡŰɧ ŮɑɜŬɘ 

ŮűɘəŰɧ. ȺˊɘɚɏɔŮŰŬɘ ŰŮɚɘəɎ Űɞ ŮɟɔŬɚŮɑɞ ɢɤɟɘəɐɠ ɢŬɟŰɞɔɟɎűɖůɖɠ ZED ɛŮ ɡˊɞɚɞɔɘůɛɧ ɓɎɗɞɡɠ 

ɛŮ ɜŮɡɟɤɜɘəɎ ŭɑəŰɡŬ, ɔɘŬ ɜŬ ůɡɛˊɚɖɟɩůŮɘ Űɞɜ ˊɟɞůŬɟɛɞůɛɏɜɞ Ŭɚɔɧɟɘɗɛɞ ŰɟɘůŭɘɎůŰŬŰɖɠ 

ŬɜŬəŬŰŬůəŮɡɐɠ ˊɞɡ ůɢŮŭɘɎɕŮŰŬɘ ůŰɞ Űɏɚɞɠ ŬɡŰɐɠ Űɖɠ ŮɟɔŬůɑŬɠ. 

ɆŰɞ ŰɟɑŰɞ əŮűɎɚŬɘɞ Űɖɠ ˊŬɟɞɨůŬɠ ŭɘˊɚɤɛŬŰɘəɐɠ ŮɟɔŬůɑŬɠ ɛŮɚŮŰɩɜŰŬɘ Ŭɚɔɧɟɘɗɛɞɘ 

ˊɚɞɐɔɖůɖɠ əŬɘ ůɢŮŭɘŬůɛɞɨ ŰɟɞɢɘɎɠ. Ƀ Ŭɚɔɧɟɘɗɛɞɠ ˊɚɞɐɔɖůɖɠ Űɞɡ ɟɞɛˊɧŰ ˊɞɡ Ůɜ ŰɏɚŮɘ 

ŮűŬɟɛɧůŰɖəŮ ɓŬůɑɕŮŰŬɘ ůŮ ˊɟɞɖɔɞɨɛŮɜŮɠ ɛŮɚɏŰŮɠ ɔɘŬ ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ ɛŮ ŭɨɞ əɎɛŮɟŮɠ ˊɞɡ 

ˊɟŬɔɛŬŰɞˊɞɘɐɗɖəŬɜ Ŭˊɧ Űɖɜ ɃɛɎŭŬ ɇŮŰɟɎˊɞŭɤɜ ɅɞɛˊɧŰ Űɞɡ ȺɟɔŬůŰɖɟɑɞɡ ɆɡůŰɖɛɎŰɤɜ 

Ⱥɚɏɔɢɞɡ Űɞɡ ȺɀɄ, ůŮ ɏɜŬɜ ˊɟɤŰɧŰɡˊɞ Ŭɚɔɧɟɘɗɛɞ Ŭˊɞűɡɔɐɠ Ůɛˊɞŭɑɤɜ ˊɞɡ ŬˊɞůɡɜɗɏŰŮɘ 

Űɞɜ ɢɩɟɞ ůŮ ˊɞɚɨɔɤɜŬ, əŬɗɩɠ əŬɘ ůŮ ɏɜŬɜ PID ŮɚŮɔəŰɐ ˊŬɟŬəɞɚɞɨɗɖůɖɠ ŰɟɞɢɘɎɠ. 

ɆŰɖ ůɡɜɏɢŮɘŬ ŮɝŮŰɎɕŮŰŬɘ ɖ Ůˊɘɚɞɔɐ Űɤɜ ɡɚɘəɞŰŮɢɜɘəɩɜ ůŰɞɘɢŮɑɤɜ ˊɞɡ ɗŬ 

ɢɟɖůɘɛɞˊɞɘɖɗɞɨɜ ɔɘŬ Űɖɜ ɡɚɞˊɞɑɖůɖ Űɞɡ ůɡůŰɐɛŬŰɞɠ ŬɜŰɑɚɖɣɖɠ. ɀɘŬ ůɨɔəɟɘůɖ ŬɘůɗɖŰɐɟɤɜ 

əŬɘ ɛɞɜɎŭɤɜ ŮˊŮɝŮɟɔŬůɑŬɠ, əŬɗɩɠ əŬɘ ɛɘŬ ŮɝŮɟŮɨɜɖůɖ Űɤɜ Űɟɧˊɤɜ ɛŮ Űɞɡɠ ɞˊɞɑɞɡɠ ŬɡŰɎ 

ɛˊɞɟɞɨɜ ɜŬ ůɡɜŭɡŬůŰɞɨɜ əŬɘ ɜŬ ŰɞˊɞɗŮŰɖɗɞɨɜ ůŮ ɏɜŬ ŰŮŰɟɎˊɞŭɞ ɟɞɛˊɧŰ, ɞŭɐɔɖůŮ ůŮ 

əŬɚɎ ŰŮəɛɖɟɘɤɛɏɜŮɠ ŬˊɞűɎůŮɘɠ ůɢŮŰɘəɎ ɛŮ Űɖɜ ŰŮɚɘəɐ ŭɞɛɐ Űɞɡ ůɡůŰɐɛŬŰɞɠ. ũɘŬ Űɖɜ 

ŮˊɑŰŮɡɝɖ Űɤɜ ůɡɔəɟɑůŮɤɜ ŬɜŬˊŰɨɢɗɖəŮ ɏɜŬ ŮɟɔŬɚŮɑɞ ŰɟɘůŭɘɎůŰŬŰɖɠ ŬˊŮɘəɧɜɘůɖɠ ˊŮŭɑɞɡ 

ɗɏŬůɖɠ əŬɘ ŬɜɎɚɡůɖɠ lidar (FoVaLiRa) ůŰɖɜ ˊɚŬŰűɧɟɛŬ ŬɜɎˊŰɡɝɖɠ Unity. 

ɇɞ ŰŮɚŮɡŰŬɑɞ əŮűɎɚŬɘɞ ŮˊɘəŮɜŰɟɩɜŮŰŬɘ ůŰɖɜ ŬɜɎˊŰɡɝɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ Vinymap ɔɘŬ 

ŬɜŰɘəŮɘɛŮɜɘəɐ Ŭɝɘɞɚɧɔɖůɖ ˊɞɘɧŰɖŰŬɠ point cloud, ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ŬɛˊŮɚɘɩɜ əŬɘ 

Ŭɝɘɞɚɧɔɖůɖ ˊɡəɜɧŰɖŰŬɠ űɡɚɚɩɛŬŰɞɠ. ɇɞ Vinymap ŮɑɜŬɘ ɛɘŬ əŬɘɜɞŰɧɛɞɠ ŭɘŮɟɔŬůɑŬ əŬɘ 

ŭɞəɘɛɎůŰɖəŮ ůŮ əɘɜɖŰɧ ɟɞɛˊɧŰ ˊɞɡ űɏɟŮɘ Űɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊɞɡ ŭɖɛɘɞɡɟɔɐɗɖəŮ ůŰŬ 

ˊɚŬɑůɘŬ ŬɡŰɐɠ Űɖɠ ŮɟɔŬůɑŬɠ. ȺɑɜŬɘ ɔɟŬɛɛɏɜɞ ůŮ python3, ɛŮ ɢɟɐůɖ ŭɨɞ ɔɜɤůŰɩɜ əŬɘ 

əŬɗɘŮɟɤɛɏɜɤɜ ɓɘɓɚɘɞɗɖəɩɜ ŬɜɞɘɢŰɞɨ əɩŭɘəŬ, Űɤɜ Open3D əŬɘ OpenCV.  

 

ȿɏɝŮɘɠ ȾɚŮɘŭɘɎ ï ũŮɤɟɔɘəɎ ɅɞɛˊɧŰ, ɅɞɛˊɞŰɘəɐ ȷɜŰɑɚɖɣɖ, ɇɟɘůŭɘɎůŰŬŰɖ 

ȷɜŬəŬŰŬůəŮɡɐ ɉɩɟɞɡ, Ʉɚɞɐɔɖůɖ əŬɘ ȰɚŮɔɢɞɠ ȾɘɜɞɨɛŮɜɤɜ ɅɞɛˊɧŰ, ɆɢŮŭɘŬůɛɧɠ 

ɇɟɞɢɘɎɠ 
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Abstract 

3D spatial mapping is a powerful tool that is revolutionizing the field of agriculture. By 

creating detailed digital representations of fields, farmers can gain insights into their land 

that were previously unattainable. This technology can be used to remotely monitor crop 

growth, identify pests and diseases, optimize irrigation and fertilizer applications, and even 

automate field operations. However, it is a challenge to ensure the necessary optical quality 

so that the farmer can easily distinguish details in the plants.  

The present thesis focuses on the design and implementation of an effective perception 

system capable of accurately reconstructing a vineyard while producing clear and 

comprehensive visual content for the user. The subject of the present work is not only the 

research and development of the necessary software to achieve the above goal, but also a 

review of the available hardware for that purpose and ultimately the execution of an 

experiment in simulation, as well as with a real robot in realistic conditions. 

First, the available software on 3D reconstruction and spatial mapping is reviewed. 

Comparing four different packages produces valuable insight regarding the benefits and 

drawbacks of various state-of-the-art reconstruction methods. The packages are tested on 

ROS noetic and CUDA hardware acceleration is enabled to speed up the process. The ZED 

spatial mapping tool with neural depth capabilities is chosen to complement the custom 3D 

reconstruction algorithm that is ultimately implemented in this work. 

Navigation and path planning algorithms are studied in the third chapter of the present 

thesis. The final design of the high-level planner which is utilized in both the simulation and 

the real-life experiments is based on prior studies on dual camera visual odometry 

conducted by the Legged Robots Team of the Control Systems Lab in NTUA, as well as on 

a novel obstacle avoidance algorithm which leverages polytopic decomposition and a stable 

trajectory tracking PID controller.  

Deciding which hardware components to utilize for the implementation of the perception 

system is next addressed in this work. A comparison of sensors and processing units, as 

well as an exploration of the ways in which they can be combined and placed on a 

quadruped robot, led to well-argued decisions about the final structure of the perception 

system. To justify and visualize these comparisons, a three-dimensional field of view 

visualization and lidar resolution analysis tool (FoVaLiRa) was developed in the Unity 

Development platform. 

The final chapter focuses on the development of the Vinymap Objective Quality 

Assessment, Canopy Inspection and 3D Reconstruction Algorithm. Vinymap is a novel 

approach to reconstructing a real vineyard while maintaining the visual features of the 

leaves, the grapes, and the trunk intact. It also assesses the vineyardôs canopy density and 

provides valuable quantitative indexes to the farmers. Vinymap was tested on a mobile 

robotic platform with the perception system developed in this work. It is written in python3 

and utilizes open3D and openCV, two well-known and well-established open-source 

libraries. 

 

Keywords ï Agricultural Robots, Robotic Perception, 3D Reconstruction, Robotic 

Navigation and Control, Path Planning  
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1 ȺəŰŮŰŬɛɏɜɖ Ⱥɚɚɖɜɘəɐ ɄŮɟɑɚɖɣɖ 

1.1 ȺɘůŬɔɤɔɐ 

 

Ƀ ŬɡɝŬɜɧɛŮɜɞɠ ˊɚɖɗɡůɛɧɠ Űɖɠ ũɖɠ əŬɘ ɖ ůɡɜŮɢɐɠ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ ŬˊɞŰŮɚɞɨɜ 

ůɖɛŬɜŰɘəɐ ˊɟɧəɚɖůɖ ɔɘŬ Űɖ ŭɘŬɗŮůɘɛɧŰɖŰŬ Űɟɞűɑɛɤɜ ˊŬɔəɞůɛɑɤɠ. Ƀɘ ˊɟŬəŰɘəɏɠ Űɖɠ 

ɔŮɤɟɔɑŬɠ ŬəɟɘɓŮɑŬɠ (Precision Agriculture) əŬɘ ɖ ŬɡŰɞɛŬŰɞˊɞɘɖɛɏɜɖ ŮˊɘɗŮɩɟɖůɖ Űɤɜ 

əŬɚɚɘŮɟɔŮɘɩɜ ɏɢɞɡɜ ŬɜŬŭŮɘɢɗŮɑ ɤɠ ɓŬůɘəɏɠ ůŰɟŬŰɖɔɘəɏɠ ɔɘŬ ɜŬ əŬŰŬůŰŮɑ ɖ ɔŮɤɟɔɑŬ ˊɘɞ 

ŬˊɞŭɞŰɘəɐ əŬɘ ɓɘɩůɘɛɖ. ȰɜŬɠ əɟɑůɘɛɞɠ ŰɞɛɏŬɠ ŮɑɜŬɘ ɞɘ ŬɛˊŮɚɩɜŮɠ, ɚɧɔɤ Űɖɠ ŭɞɛɖɛɏɜɖɠ 

ŭɘɎŰŬɝɐɠ Űɞɡɠ əŬɘ Űɖɠ ɡɣɖɚɐɠ ŬɝɑŬɠ Űɤɜ ˊŬɟŬɔɧɛŮɜɤɜ ˊɟɞɥɧɜŰɤɜ [1].  

ɋůŰɧůɞ, ˊɟɏˊŮɘ ɜŬ ŬɜŰɘɛŮŰɤˊɘůŰɞɨɜ ŬɟəŮŰɏɠ ˊɟɞəɚɐůŮɘɠ ˊɟɘɜ ɛˊɞɟɏůɞɡɜ ŰŬ ɟɞɛˊɧŰ 

ɜŬ ŮɜůɤɛŬŰɤɗɞɨɜ ˊɚɐɟɤɠ ůŰɖ ŭɘŬɢŮɑɟɘůɖ Űɤɜ ŬɛˊŮɚɩɜɤɜ. ȰɜŬ ůɖɛŬɜŰɘəɧ Ůɛˊɧŭɘɞ ŮɑɜŬɘ Űɞ 

ŬůɗŮɜɏɠ ŭɞɟɡűɞɟɘəɧ ůɐɛŬ ůŰɘɠ ɞɟŮɘɜɏɠ ˊŮɟɘɞɢɏɠ ɛŮ ŬɛˊŮɚɩɜŮɠ. ȷɡŰɧ əŬɗɘůŰɎ ŬɜŬɝɘɧˊɘůŰŬ 

ŰŬ ɄŬɔəɧůɛɘŬ ɆɡůŰɐɛŬŰŬ ɆŰɘɔɛŬŰɞɗɏŰɖůɖɠ (GPS), ɏɜŬ ɞɡůɘŬůŰɘəɧ ůŰɞɘɢŮɑɞ ɔɘŬ Űɖɜ 

ˊɚɞɐɔɖůɖ Űɤɜ ɟɞɛˊɧŰ. Ʉɞɚɚɏɠ ɡˊɎɟɢɞɡůŮɠ ɚɨůŮɘɠ ɓŬůɑɕɞɜŰŬɘ ůŮ ɛŮɔɎɚɞ ɓŬɗɛɧ ůŰɞ GPS 

[2], əŬɗɘůŰɩɜŰŬɠ Űɘɠ ŬɜŬˊɞŰŮɚŮůɛŬŰɘəɏɠ ůŮ ˊŮɟɘɓɎɚɚɞɜŰŬ ɢɤɟɑɠ Ůɡəɟɘɜɏɠ ůɐɛŬ [3].  

ɀɘŬ Ůˊɘˊɚɏɞɜ ˊɟɧəɚɖůɖ ŭɖɛɘɞɡɟɔŮɑ Űɞ ŬɜɩɛŬɚɞ ɏŭŬűɞɠ ɛɏůŬ ůŰɞɡɠ ŬɛˊŮɚɩɜŮɠ ŬɚɚɎ 

əŬɘ ŰŬ ŮɛˊɧŭɘŬ ɧˊɤɠ ɓɟɎɢɞɘ, Ůɝɞˊɚɘůɛɧɠ ɎɟŭŮɡůɖɠ əŬɘ ŮɟɔŬɕɧɛŮɜɞɘ. ȷɡŰɎ əŬɗɘůŰɞɨɜ 

ŬɜŬɔəŬɑŬ Űɖɜ ŬɜɎˊŰɡɝɖ ŬˊɞŭɞŰɘəɩɜ əŬɘ ŮɡɏɚɘəŰɤɜ ɚɨůŮɤɜ ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɩɜ. 

Ⱥˊɘˊɚɏɞɜ, ɖ ŬˊɞŭɞŰɘəɧŰɖŰŬ əɧůŰɞɡɠ ˊŬɟŬɛɏɜŮɘ əɟɑůɘɛɞ ɕɐŰɖɛŬ ɧůɞɜ ŬűɞɟɎ Űɖɜ ŮɡɟŮɑŬ 

ɡɘɞɗɏŰɖůɖ ŰɏŰɞɘɤɜ ůɡůŰɖɛɎŰɤɜ Ŭˊɧ ɔŮɤɟɔɞɨɠ.  

Ʉɞɚɚɏɠ ɡˊɎɟɢɞɡůŮɠ ɚɨůŮɘɠ ŬɜŰɘɛŮŰɤˊɑɕɞɡɜ ůɡɔəŮəɟɘɛɏɜŮɠ ˊŰɡɢɏɠ Űɞɡ ŬɡŰɞɛŬŰɘůɛɞɨ, 

ɧˊɤɠ ɞ ɣŮəŬůɛɧɠ [4], ɖ əŬŰŬɛɏŰɟɖůɖ ůŰŬűɡɚɘɩɜ [5] ɐ ɖ ŬɜɑɢɜŮɡůɖ ŬůɗŮɜŮɘɩɜ [6], 

ůŰŮɟɞɨɛŮɜŮɠ ɛɘŬɠ ɞɚɘůŰɘəɐɠ ˊɟɞůɏɔɔɘůɖɠ. Ƀɘ ŰŮɚŮɡŰŬɑŮɠ ŭŮɜ ˊɟɞůűɏɟɞɡɜ ɛɘŬ ɞɚɞəɚɖɟɤɛɏɜɖ 

ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ Űɤɜ ŬɛˊŮɚɘɩɜ, ɖ ɞˊɞɑŬ ŮɑɜŬɘ ˊɞɚɨŰɘɛɖ ɔɘŬ Űɞɜ ɏɚŮɔɢɞ Űɤɜ 

əŬɚɚɘŮɟɔŮɘɩɜ. Ⱥˊɑůɖɠ, ɖ ɏɟŮɡɜŬ ůɡɢɜɎ ˊŬɟŬɛŮɚŮɑ ŰŬ əɟɑůɘɛŬ ɕɖŰɐɛŬŰŬ Űɖɠ ŬɡŰɧɜɞɛɖɠ 

ˊɚɞɐɔɖůɖɠ əŬɘ Űɖɠ Ŭˊɞűɡɔɐɠ Ůɛˊɞŭɑɤɜ ɛɏůŬ ůŰɞɜ ŬɛˊŮɚɩɜŬ [7], [8]. ȷɡŰɧɠ ɞ 

əŬŰŬəŮɟɛŬŰɘůɛɧɠ ˊŮɟɘɞɟɑɕŮɘ Űɖɜ ŬˊɞŰŮɚŮůɛŬŰɘəɧŰɖŰɎ Űɞɡɠ ůŰɞ ɜŬ ˊŬɟɏɢɞɡɜ ɛɘŬ ˊɚɐɟɖ 

ŮɘəɧɜŬ ůŰɞɜ ŬɔɟɧŰɖ. 

ɄɟɧůűŬŰɖ ɏɟŮɡɜŬ əŬŰŬŭŮɘəɜɨŮɘ Űɖ ŭɡɜŬŰɧŰɖŰŬ ŭɖɛɘɞɡɟɔɑŬɠ űɤŰɞ-ɟŮŬɚɘůŰɘəɩɜ 

ŰɟɘůŭɘɎůŰŬŰɤɜ ɢŬɟŰɩɜ ˊɞɡ ɢɟɖůɘɛɞˊɞɘɞɨɜ ŰɟɘůŭɘɎůŰŬŰŮɠ ũəŬɞɡůůɘŬɜɏɠ [9]. Ⱥɜɩ ŮɑɜŬɘ 

ˊɞɚɨŰɘɛŮɠ, ŰɏŰɞɘŮɠ ɚɨůŮɘɠ ŬˊŬɘŰɞɨɜ ůɡɜɐɗɤɠ ŰŮɟɎůŰɘŬ ɡˊɞɚɞɔɘůŰɘəɐ ɘůɢɨ, əŬɗɘůŰɩɜŰŬɠ ŰŮɠ 

ŬˊŬɔɞɟŮɡŰɘəɎ Ŭəɟɘɓɏɠ ɔɘŬ ˊɞɚɚɞɨɠ əŬɚɚɘŮɟɔɖŰɏɠ əŬɘ ŮɛˊɞŭɑɕɞɜŰŬɠ Űɖɜ ɘəŬɜɧŰɖŰŬ ŮəŰɏɚŮůɖɠ 

ůŮ ́ɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ, ɖ ɞˊɞɑŬ ŮɑɜŬɘ ɞɡůɘŬůŰɘəɐ əŬɗɩɠ ɖ ɔɟɐɔɞɟɖ ɚɐɣɖ ŬˊɞűɎůŮɤɜ ŮɑɜŬɘ 

ɕɤŰɘəɐɠ ůɖɛŬůɑŬɠ ɔɘŬ Űɞɡɠ ŬɔɟɧŰŮɠ ˊɟɞəŮɘɛɏɜɞɡ ɜŬ ŬɜŰɘŭɟɎůɞɡɜ ůŮ ɝŬűɜɘəɎ əŬɘɟɘəɎ 

űŬɘɜɧɛŮɜŬ ɐ əŬŰŬůŰɟɞűɏɠ [10]. 

ȹŮŭɞɛɏɜɤɜ ŬɡŰɩɜ Űɤɜ ˊŮɟɘɞɟɘůɛɩɜ, ɖ ˊŬɟɞɨůŬ ŭɘˊɚɤɛŬŰɘəɐ ˊŬɟɞɡůɘɎɕŮɘ ɛɘŬ ɞɚɘůŰɘəɐ 

ɚɨůɖ ɔɘŬ Űɞ ˊɟɧɓɚɖɛŬ Űɖɠ ŮˊɘɗŮɩɟɖůɖɠ ŬɛˊŮɚɩɜɤɜ ɛŮ əɘɜɖŰɎ ɟɞɛˊɧŰ. ɆŰŬ ˊɚŬɑůɘɎ Űɖɠ 

ŬɜŬˊŰɨɢɗɖəŮ ɚɞɔɘůɛɘəɧ əŬɘ ɡɚɘəɧ əŬɘ ŮűŬɟɛɧůŰɖəŮ ůŮ ˊɟɞůɞɛɞɑɤůɖ ŬɚɚɎ əŬɘ ůŮ 

ˊɟŬɔɛŬŰɘəɏɠ ůɡɜɗɐəŮɠ ɛŮ Űɖɜ Űɟɞˊɞˊɞɑɖůɖ əŬɘ ɢɟɐůɖ ɛɘŬɠ ɟɞɛˊɞŰɘəɐɠ ˊɚŬŰűɧɟɛŬɠ.   

ȷɟɢɘəɎ ˊɟŬɔɛŬŰɞˊɞɘɐɗɖəŮ Ůɘɠ ɓɎɗɞɠ ɏɟŮɡɜŬ əŬɘ Ŭɝɘɞɚɧɔɖůɖ ɡűɘůŰɎɛŮɜɤɜ ˊŬəɏŰɤɜ 

ɚɞɔɘůɛɘəɞɨ, ɛŮ ɏɛűŬůɖ ůŰɘɠ ŭɡɜŬŰɧŰɖŰŮɠ ŰɟɘůŭɘɎůŰŬŰɖɠ ŬɜŬəŬŰŬůəŮɡɐɠ əŬɘ ɢɤɟɘəɐɠ 

ɢŬɟŰɞɔɟɎűɖůɖɠ. ȼ ůɨɔəɟɘůɖ ŮůŰɑŬůŮ ůŰɖɜ ŬˊɞůŬűɐɜɘůɖ Űɤɜ ˊɚŮɞɜŮəŰɖɛɎŰɤɜ əŬɘ 
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ɛŮɘɞɜŮəŰɖɛɎŰɤɜ əɎɗŮ ɛŮɗɧŭɞɡ, ɚŬɛɓɎɜɞɜŰŬɠ ɡˊɧɣɖ əɟɘŰɐɟɘŬ ɧˊɤɠ ɖ ŬəɟɑɓŮɘŬ, ɖ ŰŬɢɨŰɖŰŬ, 

ɖ ŮɡəɞɚɑŬ ɢɟɐůɖɠ əŬɘ ɖ ůɡɛɓŬŰɧŰɖŰŬ ɛŮ Űɞ ůɨůŰɖɛŬ ROS. 

ȺˊɘˊɟɧůɗŮŰŬ, ŬɝɘɞˊɞɘɐɗɖəŮ ɖ ŰŮɢɜɞɚɞɔɑŬ CUDA ɔɘŬ Űɖɜ ŮˊɘŰɎɢɡɜůɖ Űɖɠ ŮˊŮɝŮɟɔŬůɑŬɠ, 

ɧˊɞɡ ŬɡŰɧ ɐŰŬɜ ŮűɘəŰɧ. ȼ ɚŮˊŰɞɛŮɟɐɠ Ŭɝɘɞɚɧɔɖůɖ əŬŰɏɚɖɝŮ ůŰɖɜ Ůˊɘɚɞɔɐ Űɞɡ ŮɟɔŬɚŮɑɞɡ 

ZED spatial mapping ɔɘŬ ɢɤɟɘəɐ ɢŬɟŰɞɔɟɎűɖůɖ əŬɘ ɡˊɞɚɞɔɘůɛɧ ɓɎɗɞɡɠ ɛŮ ɜŮɡɟɤɜɘəɎ 

ŭɑəŰɡŬ. Ƀ Ŭɚɔɧɟɘɗɛɞɠ ŬɡŰɧɠ əɟɑɗɖəŮ ɤɠ ɖ ˊɚɏɞɜ əŬŰɎɚɚɖɚɖ ɚɨůɖ ɔɘŬ Űɖɜ Ůɜɑůɢɡůɖ Űɞɡ 

ˊɟɞůŬɟɛɞůɛɏɜɞɡ Ŭɚɔɞɟɑɗɛɞɡ ŰɟɘůŭɘɎůŰŬŰɖɠ ŬɜŬəŬŰŬůəŮɡɐɠ ˊɞɡ ŬɜŬˊŰɨɢɗɖəŮ ůŰŬ ˊɚŬɑůɘŬ 

Űɖɠ ˊŬɟɞɨůŬɠ ŮɟɔŬůɑŬɠ. 

ũɘŬ Űɖɜ ˊɚɞɐɔɖůɖ Űɖɠ ɟɞɛˊɞŰɘəɐɠ ˊɚŬŰűɧɟɛŬɠ ůŰɞɜ ɢɩɟɞ ɢɟɖůɘɛɞˊɞɘŮɑŰŬɘ ɏɜŬ 

ůɨůŰɖɛŬ ɞˊŰɘəɐɠ ɞŭɞɛŮŰɟɑŬɠ ɛŮ ŭɘˊɚɐ əɎɛŮɟŬ, ůɢŮŭɘŬůɛɏɜɞ ŮɘŭɘəɎ ɔɘŬ ˊŮɟɘɓɎɚɚɞɜŰŬ ɢɤɟɑɠ 

ůɐɛŬ GPS ŬɚɚɎ əŬɘ ˊŮɟɘɓɎɚɚɞɜŰŬ ɛŮ ɞˊŰɘəɐ ɞɛɞɘɞɛɞɟűɑŬ ˊɞɡ ůɖɛŬɑɜŮɘ Űɖɜ ɏɚɚŮɘɣɖ 

ˊɚɖɗɩɟŬɠ ŭɘŬɗɏůɘɛɤɜ ɞˊŰɘəɩɜ ɢŬɟŬəŰɖɟɘůŰɘəɩɜ. ȼ ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ ɛŮ ŭɘˊɚɐ əɎɛŮɟŬ 

ŮɝŬůűŬɚɑɕŮɘ Űɖ ůɡɜŮɢɐ ɚŮɘŰɞɡɟɔɑŬ Űɖɠ ˊɚɞɐɔɖůɖɠ ŬəɧɛŬ əŬɘ ɧŰŬɜ ɖ ɛɑŬ əɎɛŮɟŬ ŰɡűɚɩɜŮŰŬɘ 

Ŭˊɧ Űɞ ɖɚɘŬəɧ űɤɠ ɐ ɏɜŬ Ůɛˊɧŭɘɞ əɟɨɓŮɘ Űɞ ɞˊŰɘəɧ Űɖɠ ˊŮŭɑɞ. ȼ ŬˊɞŰŮɚŮůɛŬŰɘəɧŰɖŰŬ Űɞɡ 

Ŭɚɔɞɟɑɗɛɞɡ ɓŮɚŰɘɩɗɖəŮ ɛŮ Űɟɞˊɞˊɞɑɖůɖ Űɞɡ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ ɛŮ Űɖɜ ŬɜɑɢɜŮɡůɖ ŮŰɘəŮŰɩɜ 

April Tag, ˊɟɞůɗɏŰɞɜŰŬɠ ɏɜŬɜ Ŭɚɔɧɟɘɗɛɞ ɞˊŰɘəɞɨ ůŮɟɓɞ-Ůɚɏɔɢɞɡ ˊɞɡ ŮɝŬůűŬɚɑɕŮɘ Űɖɜ 

ɓɏɚŰɘůŰɖ ŮɡɗɡɔɟɎɛɛɘůɖ Űɞɡ ɟɞɛˊɧŰ ɛŮ Űɖɜ ŮŰɘəɏŰŬ April Tag ˊɟɘɜ ŬɡŰɧ ɝŮəɘɜɐůŮɘ Űɘɠ 

ŭɘɞɟɗɩůŮɘɠ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ. Ⱥˊɘˊɚɏɞɜ, ɛŮɚŮŰɐɗɖəŮ əŬɘ ŬɝɘɞˊɞɘɐɗɖəŮ ɏɜŬɠ Ŭɚɔɧɟɘɗɛɞɠ 

ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɩɜ ˊɞɡ ɢɟɖůɘɛɞˊɞɘŮɑ ŬˊɞůɨɜɗŮůɖ Űɞɡ ɢɩɟɞɡ ůŮ ˊɞɚɨɔɤɜŬ ɔɘŬ ɜŬ 

ŮɜŰɞˊɑůŮɘ ŭɘŬŭɟɧɛɞɡɠ ɢɤɟɑɠ ŮɛˊɧŭɘŬ. ȷɡŰɐ ɖ ˊɟɞůɏɔɔɘůɖ, ˊɞɡ ŮűŬɟɛɧɕŮŰŬɘ ɔɘŬ ˊɟɩŰɖ űɞɟɎ 

ůŮ ˊɟŬɔɛŬŰɘəɧ ɟɞɛˊɧŰ, ŮˊɤűŮɚŮɑŰŬɘ Ŭˊɧ Űɖ ŭɘɎŰŬɝɖ Űɞɡ ŬɛˊŮɚɩɜŬ ˊɞɡ Ůə űɨůŮɤɠ 

ůɢɖɛŬŰɑɕŮɘ ˊŬɟɎɚɚɖɚɞɡɠ ŭɘŬŭɟɧɛɞɡɠ. 

Ⱥɜ ůɡɜŮɢŮɑŬ ůɢŮŭɘɎůŰɖəŮ Űɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ɛŮ ůŰɧɢɞ ɜŬ űɘɚɞɝŮɜɐůŮɘ Űɞɡɠ 

ŮˊɘɚŮɔɛɏɜɞɡɠ Ŭɚɔɞɟɑɗɛɞɡɠ ŰɟɘůŭɘɎůŰŬŰɖɠ ɢŬɟŰɞɔɟɎűɖůɖɠ, ˊɚɞɐɔɖůɖɠ əŬɘ ůɢŮŭɘŬůɛɞɨ 

ŰɟɞɢɘɎɠ. ȼ ɡɚɞˊɞɑɖůɖ Űɞɡ ůɡůŰɐɛŬŰɞɠ ŬɜŰɑɚɖɣɖɠ ˊɟɞɦˊɞɗɏŰŮɘ Űɖɜ Ůˊɘɚɞɔɐ əŬŰɎɚɚɖɚɤɜ 

ɡɚɘəɞŰŮɢɜɘəɩɜ ůŰɞɘɢŮɑɤɜ. ɄɟŬɔɛŬŰɞˊɞɘɐɗɖəŮ ɚŮˊŰɞɛŮɟɐɠ ůɨɔəɟɘůɖ ŬɘůɗɖŰɐɟɤɜ (əɎɛŮɟŮɠ, 

LiDAR, GPS) əŬɘ ɛɞɜɎŭɤɜ ŮˊŮɝŮɟɔŬůɑŬɠ, ɚŬɛɓɎɜɞɜŰŬɠ ɡˊɧɣɖ əɟɘŰɐɟɘŬ ɧˊɤɠ ɖ ŬəɟɑɓŮɘŬ, ɖ 

ŮɛɓɏɚŮɘŬ, ɖ ŬɜɎɚɡůɖ, Űɞ əɧůŰɞɠ, ɖ ɘůɢɨɠ ŮˊŮɝŮɟɔŬůɑŬɠ əŬɘ ɖ əŬŰŬɜɎɚɤůɖ ŮɜɏɟɔŮɘŬɠ. 

ȺɝŮŰɎůŰɖəŬɜ ŭɘɎűɞɟŮɠ ŭɘŬŰɎɝŮɘɠ ŰɞˊɞɗɏŰɖůɖɠ Űɤɜ ŬɘůɗɖŰɐɟɤɜ ůŮ ŰŮŰɟɎˊɞŭŬ ɟɞɛˊɧŰ, 

ɚŬɛɓɎɜɞɜŰŬɠ ɡˊɧɣɖ ˊŬɟɎɔɞɜŰŮɠ ɧˊɤɠ Űɞ ˊŮŭɑɞ ɗɏŬůɖɠ, Űɞ ɓɎɟɞɠ əŬɘ Űɖɜ ˊɟɞůŰŬůɑŬ Ŭˊɧ 

əɟɞɨůŮɘɠ. 

ũɘŬ Űɖɜ ɡˊɞůŰɐɟɘɝɖ Űɖɠ ɚɐɣɖɠ ŰŮəɛɖɟɘɤɛɏɜɤɜ ŬˊɞűɎůŮɤɜ, ŬɜŬˊŰɨɢɗɖəŮ Űɞ FoVaLiRa 

(Field of View and LiDAR Analysis), ɏɜŬ ŮɟɔŬɚŮɑɞ ŰɟɘůŭɘɎůŰŬŰɖɠ ŬˊŮɘəɧɜɘůɖɠ ůŰɖɜ 

ˊɚŬŰűɧɟɛŬ Unity. ɇɞ FoVaLiRa ɓɞɐɗɖůŮ ůŰɖɜ ɞˊŰɘəɞˊɞɑɖůɖ Űɞɡ ˊŮŭɑɞɡ ɗɏŬůɖɠ əɎɗŮ 

ŬɘůɗɖŰɐɟŬ, ůŰɖɜ Ŭɝɘɞɚɧɔɖůɖ Űɖɠ ŮˊɘəɎɚɡɣɖɠ ˊŮŭɑɤɜ ɗɏŬůɖɠ əŬɘ ůŰɖɜ ŮɝɏŰŬůɖ Űɖɠ ŬɜɎɚɡůɖɠ 

LiDAR ůŮ ŭɘɎűɞɟŮɠ ŬˊɞůŰɎůŮɘɠ. 

ɇɏɚɞɠ, ŬɜŬˊŰɨɢɖəŮ Űɞ əŬɘɜɞŰɧɛɞ ɚɞɔɘůɛɘəɧ Vinymap. ɇɞ Vinymap ˊŬɟɏɢŮɘ 

ɞɚɞəɚɖɟɤɛɏɜɖ ŮˊɘɗŮɩɟɖůɖ Űɞɡ ŬɛˊŮɚɩɜŬ ɛɏůɤ ŭɨɞ ɓŬůɘəɩɜ Ŭɚɔɞɟɑɗɛɤɜ: 1) ȰɜŬɜ 

Ŭɚɔɧɟɘɗɛɞ űɤŰɞɟŮŬɚɘůŰɘəɐɠ 3D ɢŬɟŰɞɔɟɎűɖůɖɠ ˊɞɡ ŭɖɛɘɞɡɟɔŮɑ ůŬűŮɑɠ ɞˊŰɘəɏɠ 

ŬˊŮɘəɞɜɑůŮɘɠ Űɞɡ ŬɛˊŮɚɩɜŬ. 2) ȰɜŬɜ Ŭɚɔɧɟɘɗɛɞ Ŭɝɘɞɚɧɔɖůɖɠ Űɖɠ ˊɡəɜɧŰɖŰŬɠ Űɞɡ 

űɡɚɚɩɛŬŰɞɠ ˊɞɡ ˊŬɟɏɢŮɘ ɕɤŰɘəɐɠ ůɖɛŬůɑŬɠ ˊɚɖɟɞűɞɟɑŮɠ ˊɞɡ ůɢŮŰɑɕɞɜŰŬɘ ɛŮ Űɖɜ ɡɔŮɑŬ əŬɘ 

Űɖɜ ˊɞɘɧŰɖŰŬ Űɤɜ ůŰŬűɡɚɘɩɜ, əŬɗɩɠ Űɞ ˊɡəɜɧ űɨɚɚɤɛŬ ɛˊɞɟŮɑ ɜŬ ˊŮɟɘɞɟɑůŮɘ Űɞ ɖɚɘŬəɧ űɤɠ 

əŬɘ Űɞɜ ŬŮɟɘůɛɧ ɔɨɟɤ Ŭˊɧ ŰŬ ŰůŬɛˊɘɎ ůŰŬűɡɚɘɩɜ [11]. ȼ ŬˊɞŰŮɚŮůɛŬŰɘəɧŰɖŰŬ Űɞɡ Vinymap 

ŬɝɘɞɚɞɔɐɗɖəŮ ŬɟɢɘəɎ ůŮ  ˊɟɞůɞɛɞɘɩůŮɘɠ. ɆŰɖ ůɡɜɏɢŮɘŬ, əŬŰŬůəŮɡɎůŬɛŮ ɏɜŬɜ ůɡɜɗŮŰɘəɧ 

ŬɛˊŮɚɩɜŬ ůŰɞ ȺɟɔŬůŰɐɟɘɞ ȷɡŰɞɛɎŰɞɡ Ⱥɚɏɔɢɞɡ Űɖɠ Ɇɢɞɚɐɠ ɀɖɢŬɜɞɚɧɔɤɜ ɀɖɢŬɜɘəɩɜ Űɞɡ 
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Ⱥ.ɀ.Ʉ. ɔɘŬ ɜŬ ŭɞəɘɛɎůɞɡɛŮ ŮəŰŮɜɩɠ Űɞ ˊɚŬɑůɘɞ, ŮűŬɟɛɞůɛɏɜɞ ˊɚɏɞɜ ůŮ ɛɘŬ ˊɟŬɔɛŬŰɘəɐ 

ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ ɡˊɧ ɟŮŬɚɘůŰɘəɏɠ ůɡɜɗɐəŮɠ. 

 

1.2 ȰɟŮɡɜŬ əŬɘ ȷɝɘɞɚɧɔɖůɖ ɄŬəɏŰɤɜ ȿɞɔɘůɛɘəɞɨ 
ɉŬɟŰɞɔɟɎűɖůɖɠ əŬɘ ȷɜŬəŬŰŬůəŮɡɐɠ ɉɩɟɞɡ 

ȺɝŮŰɎůŰɖəŬɜ ŰɏůůŮɟŬ ɚɞɔɘůɛɘəɎ ŬɜŬəŬŰŬůəŮɡɐɠ ɢɩɟɞɡ ˊɟɩŰɞ ɐŰŬɜ Űɞ RTAB-Map [12] Űɞ 

ɞˊɞɑɞ ŮəŰŮɚŮɑ ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ɢɩɟɞɡ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ ŮűŬɟɛɧɕɞɜŰŬɠ 

Ŭɚɔɞɟɑɗɛɞɡɠ SLAM. ɇɞ ŭŮɨŰŮɟɞ ɐŰŬɜ Űɞ Robot-Centric Elevation Mapping [13], ŬɜŮˊŰɡɔɛɏɜɞ 

Ŭˊɧ Űɖɜ ŮŰŬɘɟŮɑŬ Anybotics ˊɞɡ ŮŭɟŮɨŮɘ ůŰɞ ETH Űɖɠ Ȼɡɟɑɢɖɠ əŬɘ Űɞ ɞˊɞɑɞ ŮəŰŮɚŮɑ 2.5D 

mapping ɐ Ŭɚɚɘɩɠ ɣŮɡŭɧ-ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ɢɩɟɞɡ. ȾŬɘ ŬɡŰɧ Űɞ ˊŬəɏŰɞ ɚŮɘŰɞɡɟɔŮɑ ůŮ 

ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ ŬɚɚɎ ŭŮɜ ŬˊɞŰŮɚŮɑ ɛɘŬ ŮűŬɟɛɞɔɐ SLAM əŬɗɩɠ ŮəŰŮɚŮɑ ɛɧɜɞ 

ɢŬɟŰɞɔɟɎűɖůɖ Űɞɡ ˊŮɟɘɓɎɚɚɞɜŰɞɠ ɢɩɟɞɡ ɢɤɟɑɠ ɜŬ ŮˊɘŰɡɔɢɎɜŮɘ ŮɜŰɞˊɘůɛɧ ɐ ˊɚɞɐɔɖůɖ. ɇɞ 

ŰɟɑŰɞ ˊŬəɏŰɞ ŮɑɜŬɘ Űɞ Gradslam [14] Űɞ ɞˊɞɑɞ ˊɟŬɔɛŬŰɞˊɞɘŮɑ ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ɢɩɟɞɡ 

əŬɘ ŮűŬɟɛɧɕŮɘ Ŭɚɔɧɟɘɗɛɞɡɠ SLAM. ɇɞ ŰɏŰŬɟŰɞ ˊŬəɏŰɞ ŮɑɜŬɘ Űɞ ZED Spatial Mapping [15] Űɞ 

ɞˊɞɑɞ Ůˊɑůɖɠ ŮəŰŮɚŮɑ ŰɟɘůŭɘɎůŰŬŰɖ ŬˊŮɘəɧɜɘůɖ ɢɩɟɞɡ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ ɧɜŰŬɠ ɛɘŬ 

ŮűŬɟɛɞɔɐ SLAM. 

1.2.1 Rtabmap 

ɇɞ Rtabmap ŮűŬɟɛɧɕŮɘ ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ, ŭɖɚŬŭɐ ɚŬɛɓɎɜŮɘ ŭɘŬŭɞɢɘəɏɠ 

ŮɘəɧɜŮɠ əŬɗɩɠ Űɞ ɟɞɛˊɧŰ ˊɞɡ Űɞ ɢɟɖůɘɛɞˊɞɘŮɑ əɘɜŮɑŰŬɘ ůŰɞ ɢɩɟɞ əŬɘ ůɡɔəɟɑɜɞɜŰŬɠ ŰŬ ɞˊŰɘəɎ 

ɢŬɟŬəŰɖɟɘůŰɘəɎ ɛŮŰŬɝɨ ŭɘŬŭɞɢɘəɩɜ Ůɘəɧɜɤɜ ŮəŰɘɛɎŮɘ Űɖɜ əŬŰŮɨɗɡɜůɖ əŬɘ Űɞ ɛɏŰɟɞ Űɖɠ 

əɑɜɖůɖɠ Űɞɡ ɟɞɛɧ́Ű. ȷɝɘɞˊɞɘɩɜŰŬɠ ŰŬ ŭŮŭɞɛɏɜŬ Űɖɠ ɞˊŰɘəɐɠ ɞŭɞɛŮŰɟɑŬɠ, Űɞ ɟɞɛˊɧŰ ŮəŰɘɛɎŮɘ 

Űɖ ɗɏůɖ Űɞɡ ůŰɞ ɢɩɟɞ əŬɘ ŬɝɘɞˊɞɘɩɜŰŬɠ ɏɜŬɜ ŬɘůɗɖŰɐɟŬ ŰɟɘůŭɘɎůŰŬŰɖɠ ŬˊŮɘəɧɜɘůɖɠ ˊɞɡ 

ŮˊɘɚɏɔŮɘ ɞ ɢɟɐůŰɖɠ, əŬŰŬűɏɟɜŮɘ ɜŬ ŬɜŬəŬŰŬůəŮɡɎůŮɘ Űɞɜ ɢɩɟɞ ɔɨɟɤ Űɞɡ ŭɑŭɞɜŰŬɠ ɤɠ ɏɝɞŭɞ 

ɏɜŬ ŰɟɘůŭɘɎůŰŬŰɞ ɜɏűɞɠ ůɖɛŮɑɤɜ (3D point cloud). ȽŭɘŬɑŰŮɟɞ ɢŬɟŬəŰɖɟɘůŰɘəɧ Űɞɡ RTAB-Map 

ŬˊɞŰŮɚŮɑ ɖ ˊɟɞůɏɔɔɘůɖ Bag-of-Words ɔɘŬ Űɖɜ ŮˊɑŰŮɡɝɖ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ (loop closure). 

ȷɡŰɐ ɖ ŭɘŬŭɘəŬůɑŬ ɚŮɘŰɞɡɟɔŮɑ ɤɠ Ůɝɐɠ: ŬɜɎ ˊɟɞəŬɗɞɟɘůɛɏɜŬ ɢɟɞɜɘəɎ ŭɘŬůŰɐɛŬŰŬ Űɞ ɟɞɛˊɧŰ 

ŬɝɘɞˊɞɘŮɑ əɎˊɞɘŮɠ ŮɘəɧɜŮɠ əŬɘ ŬˊɞɗɖəŮɨŮɘ ŰŬ ɞˊŰɘəɎ ɢŬɟŬəŰɖɟɘůŰɘəɎ Űɞɡɠ ůŮ ɛɘŬ ɓɎůɖ 

ŭŮŭɞɛɏɜɤɜ ɛŮ Űɖ ɛɞɟűɐ ɛɘŬɠ ŰůɎɜŰŬɠ  (bag) ɔɘŬ ɜŬ ŰŬ ɢɟɖůɘɛɞˊɞɘɐůŮɘ ɛŮɚɚɞɜŰɘəɎ. ȾŬɗɩɠ Űɞ 

ɟɞɛˊɧŰ ůɡɚɚɏɔŮɘ ˊɚɖɗɩɟŬ ŰɏŰɞɘɤɜ ŰůŬɜŰɩɜ, ŮɚɏɔɢŮɘ ɔɘŬ əɎɗŮ ɛɑŬ Ŭˊɧ Űɘɠ ŰůɎɜŰŮɠ ˊɞɡ 

ɓɟɑůəŮɘ Ŭɜ ŮɛűŬɜɑɕŮɘ ɏɜŰɞɜɖ ɞɛɞɘɧŰɖŰŬ ɛŮ əɎˊɞɘŬ ˊɞɡ ɏɢŮɘ ůɡɚɚɏɝŮɘ ˊŬɚɘɧŰŮɟŬ. ȷɜ ˊɟɎɔɛŬŰɘ 

ɓɟŮɘ ɛŮɔɎɚɖ ɞɛɞɘɧŰɖŰŬ ɛŮŰŬɝɨ Űɖɠ ŰɟɏɢɞɜŰɞɠ ŰůɎɜŰŬɠ əŬɘ ɛɘŬɠ ˊŬɚɘɧŰŮɟɖɠ, ŰɧŰŮ ɗŮɤɟŮɑ ɧŰɘ 

ɓɟɑůəŮŰŬɘ ůŮ ɏɜŬ ůɖɛŮɑɞ ˊɞɡ ɏɢŮɘ ɝŬɜɎ ŮˊɘůəŮűɗŮɑ əŬɘ ɛŮ Űɞɜ Űɟɧˊɞ ŬɡŰɧ Ŭɜ ɖ ŮəŰɑɛɖůɖ Űɖɠ 

ɗɏůɖɠ Űɞɡ ŮɛűŬɜɑɕŮɘ Ŭˊɧəɚɘůɖ, ŰɧŰŮ Űɖɜ ŭɘɞɟɗɩɜŮɘ ŬɜŬŭɟɞɛɘəɎ ɛŮɘɩɜɞɜŰŬɠ ɏŰůɘ ŰŬ ůűɎɚɛŬŰŬ 

Űɤɜ ɛŮŰɟɐůŮɤɜ ˊɞɡ ůɡůůɤɟŮɨɞɜŰŬɘ əŬŰɎ Űɖɜ ŭɘɎɟəŮɘŬ Űɖɠ əɑɜɖůɐɠ Űɞɡ. 

1.2.2 Robot-Centric Elevation Mapping 

ɇɞ Robot-Centric Elevation Mapping ɏɢŮɘ ɤɠ ůəɞˊɧ Űɖ ɢŬɟŰɞɔɟɎűɖůɖ Űɞɡ ˊŮɟɘɓɎɚɚɞɜŰɞɠ 

ɢɩɟɞɡ ɔɨɟɤ Ŭˊɧ Űɞ ɟɞɛˊɧŰ. ȾŬɗɩɠ Űɞ ɟɞɛˊɧŰ ˊɟɞɢɤɟɎŮɘ ůŰɞ ɢɩɟɞ, ɛɏɟɖ Űɞɡ ɢɎɟŰɖ ˊɞɡ 

ɏɢŮɘ ŮˊɘůəŮűɗŮɑ ˊɟɞɖɔɞɡɛɏɜɤɠ ŭɘŬɔɟɎűɞɜŰŬɘ əŬɘ ɞ ɢɎɟŰɖɠ ɞɡůɘŬůŰɘəɎ ŬəɞɚɞɡɗŮɑ Űɞ ɟɞɛˊɧŰ. 

ȼ ́ ɟɞůɏɔɔɘůɖ ŬɡŰɐ ŮɑɜŬɘ ɔɜɤůŰɐ ɤɠ robot-centric mapping kŬɘ ůɡɛɓɎɚɚŮɘ ůŰɖɜ 

Ůɝɞɘəɞɜɧɛɖůɖ ɛɜɐɛɖɠ Űɞɡ ɡˊɞɚɞɔɘůŰɐ Űɞɡ ɟɞɛˊɧŰ, Ůɜɩ ŭɘŮɡəɞɚɨɜŮɘ Űɖɜ ŮəŰɏɚŮůɖ Űɞɡ 

Ŭɚɔɞɟɑɗɛɞɡ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ. 
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ɇɞ Robot-Centric Elevation Mapping űŰɘɎɢɜŮɘ ɏɜŬɜ ɣŮɡŭɧ-ŰɟɘůŭɘɎůŰŬŰɞ ɢɎɟŰɖ ŭɖɚŬŭɐ ŭŮɜ 

ɏɢŮɘ ɤɠ ɏɝɞŭɞ ɏɜŬ ɜɏűɞɠ ɛŮ ůɖɛŮɑŬ ůŰɘɠ ŰɟŮɘɠ ŭɘŬůŰɎůŮɘɠ, ŬɚɚɎ ɏɜŬɜ ŭɘůŭɘɎůŰŬŰɞ ɢɎɟŰɖ ɧˊɞɡ 

ɔɘŬ əɎɗŮ ůɖɛŮɑɞ ŬɡŰɞɨ Űɞɡ ɢɎɟŰɖ ŭɑɜŮɘ ɛɘŬ Űɘɛɐ ɨɣɞɡɠ (elevation map). ȷɡŰɧ ɏɢŮɘ ɤɠ 

ŬˊɞŰɏɚŮůɛŬ ŮɛˊɧŭɘŬ ŰŬ ɞˊɞɑŬ ɓɟɑůəɞɜŰŬɘ ůŮ əɎˊɞɘɞ ɨɣɞɠ əŬɘ Ŭˊɏɢɞɡɜ Ŭˊɧ Űɞ ɏŭŬűɞɠ, ɜŬ 

əŬŰŬɢɤɟɞɨɜŰŬɘ ɤɠ ůɡɛˊŬɔɐ ŮɛˊɧŭɘŬ ˊɞɡ ŮəŰŮɑɜɞɜŰŬɘ Ŭˊɧ Űɞ ɏŭŬűɞɠ ɛɏɢɟɘ Űɞ ɛɏɔɘůŰɞ ɨɣɞɠ 

ůŰɞ ɞˊɞɑɞ űŰɎɜɞɡɜ. ȷɡŰɧ ŭŮɜ ŬˊɞŰŮɚŮɑ ɛɘŬ ŬɜŰɘəŮɘɛŮɜɘəɐ ŬˊŮɘəɧɜɘůɖ Űɞɡ ɢɩɟɞɡ əŬɘ 

ŭɖɛɘɞɡɟɔŮɑ ɘŭɘŬɑŰŮɟɞ ˊɟɧɓɚɖɛŬ ůŮ ˊŮɟɘɓɎɚɚɞɜŰŬ ŬɛˊŮɚɩɜɤɜ ɧˊɞɡ ŰŬ əɚŬŭɘɎ Űɤɜ ŬɛˊŮɚɘɩɜ 

ůɡɢɜɎ ɓɟɑůəɞɜŰŬɘ ůŮ ɨɣɞɠ ɛŮɔŬɚɨŰŮɟɞ Ŭˊɧ Űɞ ɟɞɛˊɧŰ ɞˊɧŰŮ ɗŮɤɟɖŰɘəɎ ŮˊɘŰɟɏˊɞɡɜ Űɖɜ 

əɑɜɖůɖ Űɞɡ ɟɞɛˊɧŰ əɎŰɤ Ŭˊɧ ŬɡŰɎ. ɆŰɖɜ ˊŮɟɑˊŰɤůɖ Űɞɡ Robot-Centric Elevation Mapping 

ɗŬ əŬŰŬɢɤɟɞɨɜŰŬɜ ɤɠ ŬˊɟɞůˊɏɚŬůŰŬ ŮɛˊɧŭɘŬ ˊɟɎɔɛŬ ˊɞɡ ŭŮɜ ŮɑɜŬɘ Ŭɚɖɗɏɠ. 

 
ȺɘəɧɜŬ 1-1: (a) ɀɘŬ ˊɚŬŰűɧɟɛŬ ˊɞɡ ɑˊŰŬŰŬɘ, ůŮ ˊŮɟɘɓɎɚɚɞɜ ˊɟɞůɞɛɞɑɤůɖɠ Gazebo.  (b) ȼ ŬˊŮɘəɧɜɘůɖ 

Űɖɠ ˊɚŬŰűɧɟɛŬɠ əŬɘ Űɞɡ ɔɨɟɤ ɢɩɟɞɡ ɛŮ Űɖ ɢɟɐůɖ Űɞɡ Robot-Centric Elevation Mapping. 

ȽŭɘŬɑŰŮɟɞ ɢŬɟŬəŰɖɟɘůŰɘəɧ ŬɡŰɞɨ Űɞɡ ˊŬəɏŰɞɡ ŬˊɞŰŮɚŮɑ ɖ ŭɡɜŬɛɘəɐ ŬɜŬˊɟɞůŬɟɛɞɔɐ Űɞɡ 

ɢɎɟŰɖ. Aɜ ɏɜŬ Ůɛˊɧŭɘɞ ˊɞɡ ɏɢŮɘ əŬŰŬɢɤɟɖɗŮɑ ůŰɞ ɢɎɟŰɖ ŮɑɜŬɘ əɘɜɞɨɛŮɜɞ əŬɘ ɎɚɚŬɝŮ ɖ ɗɏůɖ 

Űɞɡ, ɞ ɢɎɟŰɖɠ ŬɜŬˊɟɞůŬɟɛɧɕŮŰŬɘ əŬɗɩɠ ɔɑɜŮŰŬɘ ɢɟɐůɖ ray casting ɔɘŬ ɜŬ ɔɑɜŮɘ ŬɜŰɘɚɖˊŰɧ ɧŰɘ 

ɖ ɗɏůɖ ˊɞɡ əŬŰŬɚɎɛɓŬɜŮ ˊɟɞɖɔɞɡɛɏɜɤɠ Űɞ Ůɛˊɧŭɘɞ ŮɑɜŬɘ ˊɚɏɞɜ əŮɜɐ əŬɘ Űɞ ɑŭɘɞ ɏɢŮɘ əɘɜɖɗŮɑ 

ůŮ ɛɘŬ ɜɏŬ ɗɏůɖ. 

1.2.3 Gradslam 

ɇɞ Gradslam ŮɑɜŬɘ ɏɜŬ ˊŬəɏŰɞ Űɞ ɞˊɞɑɞ ŭɖɛɘɞɡɟɔɐɗɖəŮ ɛŮ ůəɞˊɧ ɜŬ ŰɟɞˊɞˊɞɘɐůŮɘ 

ɔɜɤůŰɞɨɠ əŬɘ əŬɚɎ ŮŭɟŬɘɤɛɏɜɞɡɠ Ŭɚɔɞɟɑɗɛɞɡɠ ˊɞɡ ŮűŬɟɛɧɕɞɜŰŬɘ ůŰɖ ŭɘŬŭɘəŬůɑŬ Űɞɡ 

SLAM, ɏŰůɘ ɩůŰŮ ɜŬ ɛˊɞɟɞɨɜ ɜŬ ŮɘůŬɢɗɞɨɜ ůŮ ɛɞɜŰɏɚŬ ɛɖɢŬɜɘəɐɠ ɛɎɗɖůɖɠ əŬɘ ɜŬ ɔɑɜŮɘ 

ŮəˊŬɑŭŮɡůɖ ŬɡŰɩɜ Űɤɜ ɛɞɜŰɏɚɤɜ ŬˊŮɡɗŮɑŬɠ ɛŮ ŭŮŭɞɛɏɜŬ ŮűŬɟɛɞɔɩɜ SLAM. ȳɚɞ Űɞ ˊŬəɏŰɞ 

ɚɞűɘůɛɘəɞɨ Gradslam ŬˊɞŰŮɚŮɑ ɏɜŬ ŭɘŬűɞɟɑůɘɛɞ ɡˊɞɚɞɔɘůŰɘəɧ ɔɟɎűɞ. ɋůŰɧůɞ Űɞ ˊŬəɏŰɞ 

ŬɡŰɧ ŬˊŬɘŰŮɑ ɛŮɔɎɚɖ ɡˊɞɚɞɔɘůŰɘəɐ ɘůɢɨ (Űɞ ŮɚɎɢɘůŰɞ 8GB ɛɜɐɛɖɠ RAM) ŬəɧɛŬ əŬɘ ɔɘŬ Űɖɜ 

ŬɜŬəŬŰŬůəŮɡɐ ɛɘəɟɩɜ ɢɩɟɤɜ. Ⱥˊɘˊɚɏɞɜ ɖ ɘəŬɜɧŰɖŰŬ Űɞɡ ɔɘŬ ŮəŰɏɚŮůɖ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ 

ŮɑɜŬɘ ˊŮɟɘɞɟɘůɛɏɜɖ. 

1.2.4 ZED Spatial Mapping 

ɇɞ ZED Spatial Mapping ŮűŬɟɛɧɕŮɘ ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ ɧˊɤɠ əŬɘ Űɞ RTAB-Map, ŬɚɚɎ 

ɓŮɚŰɘɩɜŮɘ ŰŬ ŬˊɞŰŮɚɏůɛŬŰŬ Űɖɠ ŬɝɘɞˊɞɘɩɜŰŬɠ Űɘɠ ɛŮŰɟɐůŮɘɠ ŬɘůɗɖŰɐɟɤɜ ŬŭɟɎɜŮɘŬɠ (IMU), 

ŰɞˊɞɗŮŰɖɛɏɜɤɜ ˊɎɜɤ ůŰɞ ɟɞɛˊɧŰ ɐ ŮɜůɤɛŬŰɤɛɏɜɤɜ ůŰɖɜ əɎɛŮɟŬ ɖ ɞˊɞɑŬ ŮəŰŮɚŮɑ Űɖɜ 

ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ (visual-inertial odometry).  
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ɇɞ ZED Spatial Mapping ŬˊŬɘŰŮɑ ŬɘůɗɖŰɐɟŬ ŮəŰɑɛɖůɖɠ ɓɎɗɞɡɠ ɔɘŬ ɜŬ ŮəŰŮɚŮůɗŮɑ əŬɘ 

ůɡɔəŮəɟɘɛɏɜŬ ŮűŬɟɛɧɕŮŰŬɘ ůŮ əɎɛŮɟŮɠ ZED [16], ɞɘ ɞˊɞɑŮɠ ŮˊɘŰŮɚɞɨɜ ůŰŮɟŮɞůəɞˊɘəɐ 

ŮəŰɑɛɖůɖ ɓɎɗɞɡɠ. ɄŬɟô ɧɚŬ ŬɡŰɎ ɔɘŬ ŬəɧɛŬ əŬɚɨŰŮɟŬ ŬˊɞŰŮɚɏůɛŬŰŬ ŮəŰɑɛɖůɖɠ ɓɎɗɞɡɠ 

ɢɟɖůɘɛɞˊɞɘɞɨɜŰŬɘ ˊɚɏɞɜ ɜŮɡɟɤɜɘəɎ ŭɑəŰɡŬ əŬɘ ɞ ŰŮɚɘəɧɠ ɢɎɟŰɖɠ ɓɎɗɞɡɠ ˊɟɞəɨˊŰŮɘ Ŭˊɧ Űɖ 

ůŰŬŰɘůŰɘəɐ ɏɜɤůɖ Űɞɡ ůŰŮɟŮɞůəɞˊɘəɞɨ ɓɎɗɞɡɠ ɛŮ Űɞ ɓɎɗɞɠ ˊɞɡ ˊɟɞɏəɡɣŮ ɛɏůɤ Űɤɜ 

ɜŮɡɟɤɜɘəɩɜ ŭɘəŰɨɤɜ. 

1.2.5 Ⱥˊɘɚɞɔɐ Űɞɡ ȾŬŰɎɚɚɖɚɞɡ ɄŬəɏŰɞɡ ȿɞɔɘůɛɘəɞɨ 

ũɘŬ Űɖɜ Ŭɟɢɘəɐ űɎůɖ Űɤɜ ˊŮɘɟŬɛɎŰɤɜ ˊɞɡ Ŭűɞɟɞɨɜ Űɞ ˊɚŬɑůɘɞ ˊɞɡ ŬɜŬˊŰɨɢɗɖəŮ ůŰɖɜ 

ˊŬɟɞɨůŬ ŭɘˊɚɤɛŬŰɘəɐ ŮɟɔŬůɑŬ ɢɟɖůɘɛɞˊɞɘɐɗɖəŮ Űɞ ˊŬəɏŰɞ ŬɜŬəŬŰŬůəŮɡɐɠ RTAB-Map. 

ȷɡŰɧ ɏɔɘɜŮ ɚɧɔɤ Űɖɠ ŬˊɚɧŰɖŰŬɠ ˊɞɡ Űɞ ɢŬɟŬəŰɖɟɑɕŮɘ, Űɖɠ ɘəŬɜɧŰɖŰŬɠ ŮəŰɏɚŮůɖɠ ůŮ 

ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ, Űɖɠ ŮɡŮɚɘɝɑŬɠ əŬɘ ˊɞɚɡɢɟɖůŰɘəɧŰɖŰŬɠ Űɞɡ, əŬɗɩɠ əŬɘ Űɖɠ ŮɜŮɟɔɐɠ 

əɞɘɜɧŰɖŰŬɠ ɢɟɖůŰɩɜ əŬɘ ŮɟŮɡɜɖŰɩɜ ˊɞɡ ŭɘŮɡəɞɚɨɜɞɡɜ Űɖɜ ŬɜɎˊŰɡɝɖ ɚɞɔɘůɛɘəɞɨ ɛŮ Űɖ ɢɟɐůɖ 

Űɞɡ. ɋůŰɧůɞ ůŰŬ ŰŮɚɘəɎ ůŰɎŭɘŬ Űɤɜ ˊŮɘɟŬɛɎŰɤɜ ɢɟɖůɘɛɞˊɞɘɐɗɖəŮ Űɞ ZED Spatial Mapping 

ɚɧɔɤ Űɖɠ ŮɜŰɡˊɤůɘŬəɐɠ ˊɞɘɧŰɖŰŬɠ ŬɜŬəŬŰŬůəŮɡɐɠ ˊɞɡ ˊɟɞůűɏɟŮɘ ŬɚɚɎ əŬɘ Űɤɜ əŬɘɜɞŰɧɛɤɜ 

ŰŮɢɜɞɚɞɔɘɩɜ ˊɞɡ ɢɟɖůɘɛɞˊɞɘŮɑ. 

1.3 Ʉɚɞɐɔɖůɖ əŬɘ ɆɢŮŭɘŬůɛɧɠ ȹɘŬŭɟɞɛɐɠ 

1.3.1 Ʉɚɞɐɔɖůɖ 

ũɘŬ ɜŬ ŮˊɘŰŮɡɢɗŮɑ ˊɚɞɐɔɖůɖ ɔɘŬ Űɖ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ ɖ ɞˊɞɑŬ ɢɟɖůɘɛɞˊɞɘɐɗɖəŮ əŬŰɎ Űɖ 

űɎůɖ ˊŮɘɟŬɛɎŰɤɜ, ŬɝɘɞˊɞɘɐɗɖəŮ ɏɜŬɠ Ŭɚɔɧɟɘɗɛɞɠ ɞˊŰɘəɐɠ ɞŭɞɛŮŰɟɑŬɠ ɞ ɞˊɞɑɞɠ ŬɝɘɞˊɞɘŮɑ 

ŭɨɞ əɎɛŮɟŮɠ [17]. ɇɞ ɔŮɔɞɜɧɠ ŬɡŰɧ ˊɟɞůŭɑŭŮɘ ŮɡɟɤůŰɑŬ ůŰɞ ůɨůŰɖɛŬ əŬɗɩɠ ŬəɧɛŬ əŬɘ Ŭɜ 

ɛɘŬ əɎɛŮɟŬ ŭŮɜ ŮɑɜŬɘ ɘəŬɜɐ ɜŬ ŮɜŰɞˊɑůŮɘ ɞˊŰɘəɎ ɢŬɟŬəŰɖɟɘůŰɘəɎ ɔɘŬ əɎˊɞɘɞɜ ɚɧɔɞ - ɧˊɤɠ ɔɘŬ 

ˊŬɟɎŭŮɘɔɛŬ ɚɧɔɤ Űɨűɚɤůɖɠ Ŭˊɧ ɎɛŮůɖ ɖɚɘŬəɐ ŬəŰɘɜɞɓɞɚɑŬ - ŰɧŰŮ ɖ Ɏɚɚɖ əɎɛŮɟŬ 

ŬɜŬɚŬɛɓɎɜŮɘ Űɖɜ ŮˊɑŰŮɡɝɖ ɞˊŰɘəɐɠ ɞŭɞɛŮŰɟɑŬɠ. Ƀ Ŭɚɔɧɟɘɗɛɞɠ ŬɡŰɧɠ ŬɜŬˊŰɨɢɗɖəŮ ůŰŬ 

ˊɚŬɑůɘŬ Űɞɡ ȺɟɔŬůŰɖɟɑɞɡ ȷɡŰɞɛɎŰɞɡ Ⱥɚɏɔɢɞɡ Űɖɠ ůɢɞɚɐɠ Űɤɜ ɀɖɢŬɜɞɚɧɔɤɜ ɀɖɢŬɜɘəɩɜ 

Űɞɡ Ⱥɗɜɘəɞɨ ɀŮŰůɞɓɑɞɡ ɄɞɚɡŰŮɢɜŮɑɞɡ. Ⱥˊɘˊɚɏɞɜ, ɞ ɑŭɘɞɠ ɏɢŮɘ Űɖɜ ɘŭɘŬɘŰŮɟɧŰɖŰŬ ɧŰɘ 

əŬŰŬűɏɟɜŮɘ əɚŮɑůɘɛɞ ɓɟɧɢɞɡ ɛŮ Űɖ ɢɟɐůɖ ŮŰɘəɏŰɤɜ April Tags. April Tags ŮɑɜŬɘ ůɨɛɓɞɚŬ 

ŮɜŰɞˊɘůɛɞɨ ɧˊɤɠ ŰŬ ɔɜɤůŰɎ QR-Codes ɛŮ Űɖ ŭɘŬűɞɟɎ ɧŰɘ ɏɢɞɡɜ ůɢŮŭɘŬůŰŮɑ ɏŰůɘ ɩůŰŮ ɜŬ 

ŭɘŮɡəɞɚɨɜɞɡɜ Űɖɜ əɎɛŮɟŬ ˊɞɡ ŰŬ ŮɜŰɞˊɑɕŮɘ ɜŬ ŬɜŰɘɚŬɛɓɎɜŮŰŬɘ Űɞɜ ˊɟɞůŬɜŬŰɞɚɘůɛɧ Űɞɡɠ 

ůŰɞɜ ɢɩɟɞ əŬɘ Ůˊɞɛɏɜɤɠ ɜŬ ŮəŰɘɛɎ Űɞ ŭɘəɧ Űɖɠ ˊɟɞůŬɜŬŰɞɚɘůɛɧ ůŮ ůɢɏůɖ ɛŮ ŬɡŰɎ. ȷɡŰɧ 

Ŭəɟɘɓɩɠ ŮˊɘŰɡɔɢɎɜŮŰŬɘ əŬɘ ůŰɖɜ ˊŮɟɑˊŰɤůɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ˊɞɡ ŬɝɘɞˊɞɘɐɗɖəŮ. 

ɆɡɔəŮəɟɘɛɏɜŬ ɧŰŬɜ Űɞ ɟɞɛˊɧŰ ŮɜŰɞˊɑɕŮɘ ɛɘŬ ŮŰɘəɏŰŬ, ɖ ɞˊɞɑŬ űɏɟŮɘ ɏɜŬ ɛɞɜŬŭɘəɧ 

ŬɜŬɔɜɤɟɘůŰɘəɧ, ŰɧŰŮ Űɖɜ ŬˊɞɗɖəŮɨŮɘ ůŰɖ ɛɜɐɛɖ Űɞɡ. ȺɎɜ ŮɜŰɞˊɑůŮɘ ɝŬɜɎ Űɞ April Tag ɛŮ Űɞ 

ɑŭɘɞ ŬɜŬɔɜɤɟɘůŰɘəɧ ŰɧŰŮ əŬŰŬɚŬɓŬɑɜŮɘ ɧŰɘ ɓɟɑůəŮŰŬɘ ůŮ ůɖɛŮɑɞ Űɞ ɞˊɞɑɞ ɏɢŮɘ ɝŬɜŬŮˊɘůəŮűɗŮɑ 

əŬɘ Ŭɜ ɖ ŮəŰɑɛɖůɖ Űɖɠ ɞŭɞɛŮŰɟɑŬɠ Űɞɡ ɏɢŮɘ ŭɘŬűɞɟɏɠ Ŭˊɧ Űɖɜ ɜɏŬ ŮəŰɑɛɖůɖ ɛŮ ɓɎůɖ Űɞ April 

Tag ŰɧŰŮ ŬɜŬˊɟɞůŬɟɛɧɕŮɘ Űɖɜ ŰɟɞɢɘɎ Űɞɡ əŬɘ ɛŮɘɩɜŮɘ Űɞ ůűɎɚɛŬ (əɚŮɑůɘɛɞ ɓɟɧɢɞɡ ï loop 

closure). 

ɄŬɟŬŰɖɟɐɗɖəŮ ɧŰɘ Ŭˊɧ ˊɚɎɔɘŮɠ ɔɤɜɑŮɠ ɗɏŬůɖɠ əŬɘ Ŭˊɧ ɛŮɔɎɚɖ ŬˊɧůŰŬůɖ Űɞ əɚŮɑůɘɛɞ 

ɓɟɧɢɞɡ ɛŮ ɢɟɐůɖ April Tag ŮɘůɐɔŬɔŮ ůűɎɚɛŬŰŬ ůŰɖɜ ŮəŰɑɛɖůɖ ɞŭɞɛŮŰɟɑŬɠ. ũɘŬ ɜŬ ŮˊɘɚɡɗŮɑ 

Űɞ ˊɟɧɓɚɖɛŬ ŬɡŰɧ əŬŰŬůəŮɡɎůŰɖəŮ ɏɜŬɠ Ŭɚɔɧɟɘɗɛɞɠ ɞˊŰɘəɐɠ ŮɡɗɡɔɟɎɛɛɘůɖɠ Űɖɠ 

ɟɞɛˊɞŰɘəɐɠ ˊɚŬŰűɧɟɛŬɠ ɛŮ Űɞ April Tag. ȼ ŮɡɗɡɔɟɎɛɛɘůɖ ŬɡŰɐ ɚŬɛɓɎɜŮɘ ɢɩɟŬ ˊɟɘɜ ɜŬ 

ŮɜŮɟɔɞˊɞɘɖɗŮɑ ɞ Ŭɚɔɧɟɘɗɛɞɠ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ əŬɘ ŮɝŬůűŬɚɑɕŮɘ ɧŰɘ ɖ əɎɛŮɟŬ Űɖɠ 

ɟɞɛˊɞŰɘəɐɠ ˊɚŬŰűɧɟɛŬɠ ɓɚɏˊŮɘ Űɞ April Tag Ŭˊɧ ɔɤɜɑŬ ɗɏŬůɖɠ 90 ɛɞɘɟɩɜ əŬɘ ŬˊɧůŰŬůɖ 

30cm. ȷűɞɨ ɖ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ ŮɡɗɡɔɟŬɛɛɘůŰŮɑ ɛŮ Űɞ April Tag, ŰɧŰŮ əŬɘ ɛɧɜɞ ŰɧŰŮ 
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ŮɜŮɟɔɞˊɞɘŮɑŰŬɘ ɞ Ŭɚɔɧɟɘɗɛɞɠ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ ɛŮ ɓɎůɖ Űɞɜ ŮɜŰɞˊɘůɛɧ April Tag. ɇɞ 

ůűɎɚɛŬ Ŭˊɧ ɔɤɜɑŬ ɗɏŬůɖɠ 90 ɛɞɘɟɩɜ əŬɘ ŬˊɧůŰŬůɖ 30cm ɓɟɏɗɖəŮ ɛɖŭŮɜɘəɧ. 

 

ȺɘəɧɜŬ 1-2: (a) ȼ ˊŮɘɟŬɛŬŰɘəɐ ŭɘɎŰŬɝɖ ɔɘŬ Űɖɜ ŮɨɟŮůɖ Űɖɠ ɘŭŬɜɘəɐɠ ɔɤɜɑŬɠ ɗɏŬůɖɠ əŬɘ ŬˊɧůŰŬůɖɠ Ŭˊɧ Űɞ 
April Tag ˊɟɘɜ Űɞ əɚŮɑůɘɛɞ ɓɟɧɢɞɡ. (b) ɆűɎɚɛŬ ŮəŰɑɛɖůɖɠ ŬˊɧůŰŬůɖɠ əŬɘ ɔɤɜɑŬɠ  Ŭˊɧ Űɞ April Tag ɔɘŬ 

ŭɘɎűɞɟŮɠ ɔɤɜɑŮɠ əŬɘ ŬˊɞůŰɎůŮɘɠ ɗɏŬůɖɠ. 

1.3.2 ɆɢŮŭɘŬůɛɧɠ ȹɘŬŭɟɞɛɐɠ 

ũɘŬ Űɖɜ ŮˊɑŰŮɡɝɖ Űɞɡ ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɐɠ Űɞɡ ɟɞɛˊɧŰ ɛɏůŬ ůŰɞɜ ŬɛˊŮɚɩɜŬ ŮɝŮŰɎůŰɖəŬɜ 

ŰɟŮɘɠ ŭɘŬűɞɟŮŰɘəɞɑ Ŭɚɔɧɟɘɗɛɞɘ: To Ewok Planner [18], Űɞ Safe Corridors Planner [19] əŬɘ Űɞ 

GB-Planner [20].  

Ewok Planner 

ɇɞ Ewok Planner ŮɑɜŬɘ ɏɜŬɠ Ŭɚɔɧɟɘɗɛɞɠ ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɐɠ ɞ ɞˊɞɑɞɠ ŮůŰɘɎɕŮɘ ůŰɖɜ 

ŰŬɢɨŰɖŰŬ ŮəŰɏɚŮůɖɠ Űɞɡ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ əŬɘ Űɖɜ ɞɛŬɚɧŰɖŰŬ Űɖɠ ŰɟɞɢɘɎɠ ˊɞɡ 

ɡˊɞɚɞɔɑɕŮɘ. ɉɟɖůɘɛɞˊɞɘŮɑ B-Splines ɔɘŬ Űɞɜ ɡˊɞɚɞɔɘůɛɧ ɞɛŬɚɩɜ Űɟɞɢɘɩɜ əŬɘ ŬɜŬˊŬɟɘůŰɎ 

Űɞɜ ɢɩɟɞ ɔɨɟɤ Ŭˊɧ Űɞ ɟɞɛˊɧŰ ɛŮ ɏɜŬ Voxel Grid ɔɘŬ Űɖɜ ŮˊɑŰŮɡɝɖ Ŭˊɞűɡɔɐɠ Ůɛˊɞŭɑɤɜ. 

ȷˊŬɘŰŮɑ Űɖɜ Ůɑůɞŭɞ Ůɜɧɠ ɛɞɜɞˊŬŰɘɞɨ Ŭˊɧ Űɖɜ Ŭɟɢɘəɐ ɗɏůɖ Űɞɡ ɟɞɛˊɧŰ ɏɤɠ Űɖ ɗɏůɖ-ůŰɧɢɞ 

əŬɘ ŮůŰɘɎɕŮɘ ůŰɖɜ Ŭəɞɚɞɨɗɖůɖ ŬɡŰɞɨ Űɞɡ ɛɞɜɞˊŬŰɘɞɨ ɛŮ Űɞɜ ɓɏɚŰɘůŰɞ Űɟɧˊɞ Ůɜɩ 

ŰŬɡŰɞɢɟɧɜɤɠ ŮˊɘŰɡɔɢɎɜŮɘ Ŭˊɞűɡɔɐ Ůɛˊɞŭɑɤɜ.  

Safe Corridors Planner  

O Safe Corridors Planner ŬɝɘɞˊɞɘŮɑ Űɞɜ Ŭɚɔɧɟɘɗɛɞ RRT* ɔɘŬ Űɞɜ ɡˊɞɚɞɔɘůɛɧ Ůɜɧɠ Ŭɟɢɘəɞɨ 

ɛɞɜɞˊŬŰɘɞɨ Ŭˊɧ Űɖɜ Ŭɟɢɘəɐ ɗɏůɖ Űɞɡ ɟɞɛˊɧŰ ɏɤɠ Űɖ ɗɏůɖ-ůŰɧɢɞ. ȹŮɜ ŬˊŬɘŰŮɑ ŬɡŰɐ Űɖɜ 

ˊɚɖɟɞűɞɟɑŬ ůŬɜ Ůɑůɞŭɞ. ȷəɞɚɞɨɗɤɠ ŬɝɘɞˊɞɘŮɑ Űɞ ɛɞɜɞˊɎŰɘ ˊɞɡ ɡˊɞɚɞɔɑůŰɖəŮ ŬɟɢɘəɎ ɔɘŬ ɜŬ 

ŬˊɞůɡɜɗɏůŮɘ Űɞɜ ɢɩɟɞ ɔɨɟɤ Ŭˊɧ Űɞ ɛɞɜɞˊɎŰɘ ůŮ ˊɞɚɨŰɞˊŬ ˊɞɡ ŬɜŰɘ́ɟɞůɤˊŮɨɞɡɜ 

ŮɚŮɨɗŮɟɞ ɢɩɟɞ əŬɘ ŭɖɛɘɞɡɟɔɞɨɜ ŭɘŬŭɟɧɛɞɡɠ ɢɤɟɑɠ ŮɛˊɧŭɘŬ. Ƀ Ŭɚɔɧɟɘɗɛɞɠ ɞɚɞəɚɖɟɩɜŮŰŬɘ 

ůŮ ŬɟəŮŰɎ ɛɘəɟɧ ɢɟɞɜɘəɧ ŭɘɎůŰɖɛŬ ɩůŰŮ ɜŬ ɛˊɞɟŮɑ ɜŬ ŮəŰŮɚŮɑŰŬɘ əŬŰô ŮˊŬɜɎɚɖɣɖ əŬɘ 

Ůˊɞɛɏɜɤɠ ɜŬ ˊŬɟɏɢŮɘ ůŰɞ ɟɞɛˊɧŰ ŭɡɜŬɛɘəɐ Ŭˊɞűɡɔɐ Ůɛˊɞŭɑɤɜ, ŭŮŭɞɛɏɜɞɡ ɧŰɘ ŰŬɢɨŰɖŰŬ 

əɑɜɖůɖɠ Űɞɡ ɟɞɛˊɧŰ ŮɑɜŬɘ ŮɜŰɧɠ ůɡɔəŮəɟɘɛɏɜɤɜ ɞɟɑɤɜ. 
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GB-Planner 

To GB-Planner ŮɑɜŬɘ ɏɜŬɠ ŮɝŮɟŮɡɜɖŰɘəɧɠ Ŭɚɔɧɟɘɗɛɞɠ ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɐɠ. ȷɡŰɧ ůɖɛŬɑɜŮɘ 

ɧŰɘ ɞ Ŭɚɔɧɟɘɗɛɞɠ ŭŮɜ ŬˊŬɘŰŮɑ ɛɘŬ ŰŮɚɘəɐ ɗɏůɖ-ůŰɧɢɞ ɤɠ Ůɑůɞŭɞ. ȷɜŰɘɗɏŰɤɠ ɞ ůɢŮŭɘŬůɛɧɠ 

ŭɘŬŭɟɞɛɐɠ ŮəŰŮɚŮɑŰŬɘ ůŮ ɓɐɛŬŰŬ ɛŮ ůəɞˊɧ Űɞ ɟɞɛˊɧŰ ɜŬ ŮɝŮɟŮɡɜɐůŮɘ Űɞɜ ɢɩɟɞ ɔɨɟɤ Űɞɡ ɛŮ 

ɛɘŬ ˊɟɞŮˊɘɚŮɔɛɏɜɖ ůŰɟŬŰɖɔɘəɐ. Ƀ ŮɚŮɨɗŮɟɞɠ ɢɩɟɞɠ ɔɨɟɤ Ŭˊɧ Űɞ ɟɞɛˊɧŰ ŬɜŬˊŬɟɑůŰŬŰŬɘ ůŮ 

ŬɡŰɐɜ Űɖɜ ˊŮɟɑˊŰɤůɖ ɤɠ ɏɜŬɠ ɔɟɎűɞɠ ɛŮ əɧɛɓɞɡɠ. ɆŮ əɎɗŮ əɧɛɓɞ ŬˊɞŭɑŭŮŰŬɘ ɛɘŬ 

ŮɝŮɟŮɡɜɖŰɘəɐ ŬɝɑŬ. ɇɞ ɟɞɛˊɧŰ ŮˊɘɚɏɔŮɘ ůŮ əɎɗŮ ɓɐɛŬ ɜŬ ŮˊɘůəŮűɗŮɑ Űɞɜ əɧɛɓɞ ɛŮ Űɖ 

ɛŮɔŬɚɨŰŮɟɖ ŮɝŮɟŮɡɜɖŰɘəɐ ŬɝɑŬ. ɆŰɖɜ ˊŮɟɑŰ́ɤůɖ Űɞɡ GB-Planner, ˊɟɞůŰɑɗŮɜŰŬɘ Ůɘ́ˊɚɏɞɜ 

ŮˊɑˊŮŭŬ ůɢŮŭɘŬůɛɞɨ ˊɞɡ ŮɝŬůűŬɚɑɕɞɡɜ ɧŰɘ Űɞ ɟɞɛˊɧŰ ɗŬ ŮˊɘůəŮűɗŮɑ ɧɚɞɡɠ Űɞɡɠ əɧɛɓɞɡɠ 

ɡɣɖɚɞɨ ŮɜŭɘŬűɏɟɞɜŰɞɠ, əŬɗɩɠ əŬɘ ɧŰɘ ɖ ŮɝŮɟŮɨɜɖůɖ ŭŮɜ ɗŬ ɗɏůŮɘ Űɞ ɟɞɛˊɧŰ ŮəŰɧɠ əɎˊɞɘɤɜ 

ůŰɧɢɤɜ (ɢɟɞɜɘəɩɜ ɐ Ůɝɞɘəɞɜɧɛɖůɖɠ ŮɜɏɟɔŮɘŬɠ).  

Ⱥˊɘɚɞɔɐ Űɞɡ ȾŬŰɎɚɚɖɚɞɡ ɄŬəɏŰɞɡ ɆɢŮŭɘŬůɛɞɨ ȹɘŬŭɟɞɛɐɠ 

ȺˊɘɚɏɢɗɖəŮ ŰŮɚɘəɎ ɖ ɢɟɐůɖ Űɞɡ Free Corridors Planner, əŬɗɩɠ ɖ ŰɞˊɞɚɞɔɑŬ Űɤɜ ŬɛˊŮɚɩɜɤɜ 

ŭɖɛɘɞɡɟɔŮɑ Ůə űɨůŮɤɠ ŮɚŮɨɗŮɟɞɡɠ ŭɘŬŭɟɧɛɞɡɠ ɛŮŰŬɝɨ Űɤɜ ůŮɘɟɩɜ Űɞɡ ŬɛˊŮɚɘɞɨ əŬɘ ŬɡŰɧ 

ŭɘŮɡəɞɚɨɜŮɘ əŬɘ ŮˊɘŰŬɢɨɜŮɘ Űɖɜ ŮəŰɏɚŮůɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ. Ⱥˊɘˊɚɏɞɜ, ɞɘ ɟɞɛɞ́Űɘəɏɠ ŮɟɔŬůɑŮɠ 

ůŰɞɜ ɢɩɟɞ Űɞɡ ŬɛˊŮɚɘɞɨ ůɡɜɐɗɤɠ ŭŮɜ ŮˊɘɓɎɚɚɞɡɜ ɡɣɖɚɏɠ ŰŬɢɨŰɖŰŮɠ əɑɜɖůɖɠ Űɤɜ ɟɞɛˊɧŰ 

ɛŮ ŬˊɞŰɏɚŮůɛŬ ɖ ŮəŰɏɚŮůɖ ůŮ ˊɟŬɔɛŬŰɘəɧ ɢɟɧɜɞ ɜŬ ŮɑɜŬɘ ŮűɘəŰɐ ŬəɧɛŬ əŬɘ ɛŮ ɡɣɖɚɏɠ 

Ŭɚɔɞɟɘɗɛɘəɏɠ ˊɞɚɡ́ɚɞəɧŰɖŰŮɠ. ɇɏɚɞɠ, Űɞ Ŭɛˊɏɚɘ ɢŬɟŰɞɔɟŬűŮɑŰŬɘ ŮɨəɞɚŬ əŬɘ ɞ ŮɝŬɔɧɛŮɜɞɠ 

ɢɎɟŰɖɠ ŭŮɜ ŬɚɚɎɕŮɘ ůɡɢɜɎ, ˊɟɎɔɛŬ ˊɞɡ əŬɗɘůŰɎ ˊŮɟɘŰŰɐ Űɖɜ ɢɟɐůɖ Ŭɚɔɞɟɑɗɛɤɜ 

ŮɝŮɟŮɨɜɖůɖɠ, ɛɘŬɠ əŬɘ ŮɑɜŬɘ Ůɨəɞɚɞ ɜŬ ŭɞɗŮɑ ɛɘŬ ɗɏůɖ-ůŰɧɢɞɠ ɟ́ɘɜ Űɞɜ ůɢŮŭɘŬůɛɧ ŭɘŬŭɟɞɛɐɠ 

ɛŮ ɓɎůɖ ɏɜŬɜ ɡűɘůŰɎɛŮɜɞ ɢɎɟŰɖ Űɞɡ ŬɛˊŮɚɘɞɨ. 

1.4 ɆɢŮŭɑŬůɖ ɆɡůŰɐɛŬŰɞɠ ȷɜŰɑɚɖɣɖɠ 

ɆŰŬ ˊɚŬɑůɘŬ Űɖɠ ˊŬɟɞɨůŬɠ ŮɟɔŬůɑŬɠ ŭɖɛɘɞɡɟɔɐɗɖəŮ ɏɜŬ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊɎɜɤ ůŰɞ 

ɞˊɞɑɞ ŮəŰŮɚɏůŰɖəŬɜ ɞɘ Ŭɚɔɧɟɘɗɛɞɘ ŬɜŬəŬŰŬůəŮɡɐɠ ɢɩɟɞɡ əŬɗɩɠ əŬɘ ɞɘ Ŭɚɔɧɟɘɗɛɞɘ 

ůɢŮŭɘŬůɛɞɨ ŰɟɞɢɘɎɠ ˊɞɡ ŮˊɘɚɏɢɗɖəŬɜ. ũɘŬ Űɞ ůəɞˊɧ ŬɡŰɧ ŮɟŮɡɜɐɗɖəŮ Űɞ Ůɑŭɞɠ Űɤɜ 

ŬɘůɗɖŰɐɟɤɜ Űɞɡ ůɡůŰɐɛŬŰɞɠ ŬɜŰɑɚɖɣɖɠ (LiDAR, Depth Cameras, Structured Light 

Projectors), Űɞ ˊɚɐɗɞɠ Űɤɜ ŬɘůɗɖŰɐɟɤɜ, əŬɗɩɠ əŬɘ o Űɟɧˊɞɠ ŰɞˊɞɗɏŰɖůɐɠ Űɞɡɠ ˊɎɜɤ ůŰɖ 

ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ ˊɞɡ ɢɟɖůɘɛɞˊɞɘɐɗɖəŮ ůŮ ˊŮɘɟɎɛŬŰŬ ůŮ ˊɟɞůɞɛɞɑɤůɖ ŬɚɚɎ əŬɘ ůŮ 

ˊɟŬɔɛŬŰɘəɧ ɢɩɟɞ. ȺəŰɧɠ ŬɡŰɞɨ, Űɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊŮɟɘɚŬɛɓɎɜŮɘ əŬɘ ɛɘŬ ɛɞɜɎŭŬ 

ŮˊŮɝŮɟɔŬůɑŬɠ ɔɘŬ Űɖɜ Ůˊɘɚɞɔɐ Űɖɠ ɞˊɞɑŬɠ ŮɝŮŰɎůŰɖəŬɜ ɞɘ Ůɝɐɠ əŬŰɖɔɞɟɑŮɠ: ɀɘəɟɞŮɚŮɔəŰɏɠ, 

ɈˊɞɚɞɔɘůŰɏɠ ɛɑŬɠ ɚ́ŬəɏŰŬɠ (Single Board Computers), Mini PCs əŬɘ Laptops. 

1.4.1 Field of View Visualization and Lidar Resolution Analysis Tool (FoVaLiRa)  

ũɘŬ Űɖɜ ŭɘŮɡəɧɚɡɜůɖ Űɞɡ ˊɟɞůŭɘɞɟɘůɛɞɨ Űɞɡ Ůɑŭɞɡɠ ŬɚɚɎ əŬɘ Űɞɡ Űɟɧˊɞɡ ŰɞˊɞɗɏŰɖůɖɠ Űɤɜ 

ŬɘůɗɖŰɐɟɤɜ Űɞɡ ůɡůŰɐɛŬŰɞɠ ŬɜŰɑɚɖɣɖɠ ˊɎɜɤ ůŰɖ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ ŬɜŬˊŰɨɢɗɖəŮ Űɞ 

ŮɟɔŬɚŮɑɞ FoVaLiRa ɛŮ Űɖ ɓɞɐɗŮɘŬ Űɞɡ Unity. ɇɞ ŮɟɔŬɚŮɑɞ ŬɡŰɧ ɢɟɖůɘɛɞˊɞɘŮɑ ray casting ɔɘŬ 

ɜŬ ˊɟɞůɞɛɞɘɩůŮɘ ŬɘůɗɖŰɐɟŮɠ ɚɏɘɕŮɟ ŬɚɚɎ əŬɘ əɎɛŮɟŮɠ ɓɎɗɞɡɠ. ȺˊɘŰɟɏˊŮɘ Űɖɜ Ůɨəɞɚɖ əŬɘ 

ɔɟɐɔɞɟɖ ůɨɔəɟɘůɖ ˊɞɚɚɩɜ ŭɘŬŰɎɝŮɤɜ ůŮ ŭɘŬűɞɟŮŰɘəɏɠ ɟɞɛˊɞŰɘəɏɠ ˊɚŬŰűɧɟɛŮɠ. ɀŮ Ŭűɞɟɛɐ 

Űɖ ŭɖɛɘɞɡɟɔɑŬ Űɞɡ ŮɟɔŬɚŮɑɞɡ ŮˊɘŰŮɨɢɗɖəŮ Ůˊɘ́ɚɏɞɜ ɖ ˊɟɩŰɖ űɎůɖ Űɖɠ ˊɟɞůɞɛɞɑɤůɖɠ Űɞɡ 

ŬɛˊŮɚɘɞɨ ůŮ Unity. 

ɇɞ ŮɟɔŬɚŮɑɞ FoVaLiRa ŮˊɘŰɟɏˊŮɘ Űɖɜ ŮɘůŬɔɤɔɐ ůŰɧɢɤɜ ɞɘ ɞˊɞɑɞɘ ůŰɖɜ ˊŮɟɑˊŰɤůɖ ɛŬɠ 

ŮɑɜŬɘ ŰŬ ŰůŬɛˊɘɎ Űɞɡ ŬɛˊŮɚɘɞɨ. ȺˊɘŰɟɏˊŮɘ ɞˊŰɘəɞˊɞɑɖůɖ Űɖɠ ŮˊɘəɎɚɡɣɖɠ Űɞɡ ɞˊŰɘəɞɨ ˊŮŭɑɞɡ 
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ŭɨɞ ɐ ˊŮɟɘůůɞŰɏɟɤɜ ŬɘůɗɖŰɐɟɤɜ ˊɎɜɤ ůŰɖɜ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ, əŬɗɩɠ əŬɘ Űɖɜ 

ŮɘůŬɔɤɔɐ ˊŬɟŬɛɏŰɟɤɜ Ŭˊɧ .csv ŬɟɢŮɑɞ ɔɘŬ Űɖɜ Ůɨəɞɚɖ ˊŬɟŬɛŮŰɟɞˊɞɑɖůɖ Űɖɠ 

ˊɟɞůɞɛɞɑɤůɖɠ.  

ȼ ŰŮɚɘəɐ ŭɘɎŰŬɝɖ ˊɞɡ ŮˊɘɚɏɢɗɖəŮ ŬˊɞŰŮɚŮɑŰŬɘ Ŭˊɧ ŰɏůůŮɟɘɠ əɎɛŮɟŮɠ ɓɎɗɞɡɠ əŬɘ ɏɜŬɜ 

ŬɘůɗɖŰɐɟŬ LiDar ɔɘŬ Ůˊɘˊɚɏɞɜ ŮɡɟɤůŰɑŬ. Ƀ ŰŮɚŮɡŰŬɑɞɠ ŮɑɜŬɘ ˊɟɞŬɘɟŮŰɘəɧɠ əŬɘ Űɞ ɞˊŰɘəɧ Űɞɡ 

ˊŮŭɑɞ ŮˊɘəŬɚɨˊŰŮŰŬɘ ɛŮ Űɞ ɞˊŰɘəɧ ˊŮŭɑɞ Űɖɠ ɛˊɟɞůŰɘɜɐɠ əɎɛŮɟŬɠ Űɞɡ ɟɞɛˊɧŰ. ȼ ŭɘɎŰŬɝɖ 

ŬɡŰɐ ŮűŬɟɛɧůŰɖəŮ ůŮ ŰŮŰɟɎˊɞŭɞ ɟɞɛˊɧŰ əŬŰɎ ŰŬ ˊŮɘɟɎɛŬŰŬ ˊɟɞůɞɛɞɑɤůɖɠ ŬɚɚɎ əŬɘ ůŰɖɜ 

ˊɟŬɔɛŬŰɘəɐ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ əŬŰɎ ŰŬ ˊŮɘɟɎɛŬŰŬ ůŰɞ ŮɟɔŬůŰɐɟɘɞ. 

 

 
ȺɘəɧɜŬ 1-3: ɇɞ ŰŮŰɟɎˊɞŭɞ ɟɞɛˊɧŰ Lealaps II, ɛŮ Űɖɜ ŰŮɚɘəɐ ŭɘɎŰŬɝɖ ŬɘůɗɖŰɐɟɤɜ ŬɜŰɑɚɖɣɖɠ ɧ́ ɤɠ 

űŬɑɜŮŰŬɘ ŮɜŰɧɠ Űɞɡ ŮɟɔŬɚŮɑɞɡ ɞˊŰɘəɞˊɞɑɖůɖɠ FoVaLiRa. 

1.4.2 ɀɞɜɎŭŬ Ⱥ Ů́ɝŮɟɔŬůɑŬɠ 

Ƀɘ ɛɘəɟɞŮɚŮɔəŰɏɠ ɐŰŬɜ ɖ əŬŰɖɔɞɟɑŬ ˊɞɡ ŮɝŮŰɎůŰɖəŮ ˊɟɩŰɖ ɤɠ ɡˊɞɣɐűɘŬ ɛɞɜɎŭŬ 

ŮˊŮɝŮɟɔŬůɑŬɠ ɔɘŬ Űɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊɞɡ ŬɜŬˊŰɨɢɗɖəŮ. Ƀɘ ɛɘəɟɞŮɚŮɔəŰɏɠ ˊɟɞůűɏɟɞɡɜ 

ŮɜŰɡˊɤůɘŬəɐ ŬˊɞŭɞŰɘəɧŰɖŰŬ ɘůɢɨɞɠ ŬɚɚɎ ɡůŰŮɟɞɨɜ ůɖɛŬɜŰɘəɎ ůŮ ˊɞɚɡɢɟɖůŰɘəɧŰɖŰŬ əŬɘ 

ŮɡəɞɚɑŬ ˊɟɞɔɟŬɛɛŬŰɘůɛɞɨ. ũɘŬ Űɞ ɚɧɔɞ ŬɡŰɧ ŮɝŮŰɎůŰɖəŬɜ ɏˊŮɘŰŬ ŰŬ Laptops əŬɘ ŰŬ Mini PCs. 

ȷɡŰɏɠ ɞɘ Ůˊɘɚɞɔɏɠ ŭɘɏˊɞɜŰŬɘ Ŭˊɧ ůɖɛŬɜŰɘəɐ ˊɞɚɡɢɟɖůŰɘəɧŰɖŰŬ əŬɘ ŮɡəɞɚɑŬ ɢɟɐůɖɠ ŬɚɚɎ 

ɡůŰŮɟɞɨɜ ůɖɛŬɜŰɘəɎ ůŮ ŬˊɞŭɞŰɘəɧŰɖŰŬ ɘůɢɨɞɠ əŬɘ ɓɎɟɞɡɠ. ȷɡŰɧ ɞŭɐɔɖůŮ ůŰɞ ɜŬ ŮɝŮŰŬůŰɞɨɜ 

ŰŮɚɘəɎ ɞɘ ɡˊɞɚɞɔɘůŰɏɠ ɛɘŬɠ ˊɚŬəɏŰŬɠ (Single Board Computers) ɞɘ ɞˊɞɑɞɘ ɧˊɤɠ ŬˊɞŭŮɑɢɗɖəŮ 

ˊɟɞůűɏɟɞɡɜ ɛɘŬ ɘůɞɟɟɞˊɑŬ ɛŮŰŬɝɨ ˊɞɚɡɢɟɖůŰɘəɧŰɖŰŬɠ, ɓɎɟɞɡɠ əŬɘ ŬˊɞŭɞŰɘəɧŰɖŰŬɠ ɘůɢɨɞɠ. 

ȷɡŰɎ ŰŬ ɢŬɟŬəŰɖɟɘůŰɘəɎ ŮɑɜŬɘ ŰŬ ɘŭŬɜɘəɎ ɔɘŬ Űɖɜ ŮűŬɟɛɞɔɐ ˊɞɡ ŮɝŮŰɎɕɞɡɛŮ ůŰŬ ˊɚŬɑůɘŬ Űɖɠ 

ˊŬɟɞɨůŬɠ ŭɘˊɚɤɛŬŰɘəɐɠ ŮɟɔŬůɑŬɠ əŬɘ ɏŰůɘ ɞɘ ɡˊɞɚɞɔɘůŰɏɠ ɛɘŬɠ ˊɚŬəɏŰŬɠ ŮˊɘɚɏɢɗɖəŬɜ ɔɘŬ Űɖ 

ůɡɜɏɢŮɘŬ Űɤɜ ˊŮɘɟŬɛɎŰɤɜ. 

1.5 ȷɜɎˊŰɡɝɖ Űɞɡ Vinymap ɔɘŬ ȸŮɚŰɘɤɛɏɜɖ ȷɜŬəŬŰŬůəŮɡɐ əŬɘ 
ȺˊɘɗŮɩɟɖůɖ 

ɇɞ Vinymap ŮɑɜŬɘ ɏɜŬɠ Ŭɚɔɧɟɘɗɛɞɠ ˊɞɡ ŬɜŬˊŰɨɢɗɖəŮ ɔɘŬ ɜŬ ˊŮŰɨɢŮɘ ŰɟŮɘɠ ůŰɧɢɞɡɠ: Űɖ 

ɓŮɚŰɑɤůɖ Űɖɠ ˊɞɘɧŰɖŰŬɠ Űɤɜ ŭŮŭɞɛɏɜɤɜ point cloud ˊɞɡ ɚŬɛɓɎɜɞɜŰŬɘ Ŭˊɧ Űɘɠ əɎɛŮɟŮɠ 

ɓɎɗɞɡɠ, Űɖɜ ŮəŰɑɛɖůɖ Űɖɠ ˊɡəɜɧŰɖŰŬɠ Űɞɡ űɡɚɚɩɛŬŰɞɠ Űɤɜ ŬɛˊŮɚɘɩɜ əŬɘ Űɖɜ ˊŬɟŬɔɤɔɐ 

Ůɜɧɠ ŭŮɑəŰɖ ɞ ɞˊɞɑɞɠ ŮɟɛɖɜŮɨŮŰŬɘ ŮɨəɞɚŬ Ŭˊɧ Űɞɡɠ ŬɔɟɧŰŮɠ əŬɘ, Űɏɚɞɠ, Űɖɜ űɤŰɞ-ɟŮŬɚɘůŰɘəɐ 

ŬɜŬəŬŰŬůəŮɡɐ Űɞɡ ŬɛˊŮɚɩɜŬ ɛŮ ůəɞˊɧ ɞ ŬɔɟɧŰɖɠ ɜŬ ɏɢŮɘ ɏɜŬ ŰɟɘůŭɘɎůŰŬŰɞ ŬɜŰɑɔɟŬűɞ Űɞɡ 

ŬɛˊŮɚɘɞɨ Űɞɡ əŬɘ ɜŬ Űɞ ŮˊɘɗŮɤɟŮɑ ůŮ ŭŮɨŰŮɟɞ ɢɟɧɜɞ. 
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1.5.1 ȷɝɘɞɚɧɔɖůɖ əŬɘ ȸŮɚŰɑɤůɖ ɄɞɘɧŰɖŰŬɠ Ɂɏűɞɡɠ ɆɖɛŮɑɤɜ (point cloud) 

ɇɞ Vinymap ŮˊɘŰɡɔɢɎɜŮɘ Űɖɜ Ŭɝɘɞɚɧɔɖůɖ əŬɘ ɓŮɚŰɑɤůɖ ˊɞɘɧŰɖŰŬɠ Űɞɡ point cloud ɛŮ ŰɟŮɘɠ 

Űɟɧˊɞɡɠ: ɛŮŰɟɎŮɘ ŰŬ points ŰŬ ɞˊɞɑŬ ɔŮɘŰɜɘɎɕɞɡɜ ɛŮ ɚɘɔɧŰŮɟŬ points Ŭˊɧ Űɞɜ ɛɏůɞ ɧɟɞ. ɇŬ 

ŬűŬɘɟŮɑ Ŭˊɧ Űɞ Ŭɟɢɘəɧ point cloud ŭɘɧŰɘ ŮɑɜŬɘ ˊɘɗŬɜɧ ɜŬ ŬˊɞŰŮɚɞɨɜ ɗɧɟɡɓɞ. ȰˊŮɘŰŬ 

ɡˊɞɚɞɔɑɕŮɘ Űɞɜ ɧɔəɞ ˊɞɡ ŬɡŰɎ əŬŰŬɚŬɛɓɎɜɞɡɜ əŬɘ ˊŬɟɎɔŮɘ ɏɜŬɜ ŭŮɑəŰɖ ˊɞɡ ŮəűɟɎɕŮɘ Űɖɜ 

ŬɟŬɘɧŰɖŰŬ Űɞɡ point cloud (sparsity index).   

 

ȺɘəɧɜŬ 1-4: ȺɨɟŮůɖ ˊŮɟɘɞɢɩɜ ɢŬɛɖɚɐɠ ˊɡəɜɧŰɖŰŬɠ ůŰɞ point cloud. 

ȾŬŰɎ ŭŮɨŰŮɟɞɜ ŮɜŰɞˊɑɕŮɘ əŮɜɎ ɛɏůŬ ůŰɞ point cloud. ȷɡŰɧ ŮˊɘŰɡɔɢɎɜŮŰŬɘ ɔŮɛɑɕɞɜŰŬɠ Űɞɜ ɢɩɟɞ 

ɞɛɞɘɧɛɞɟűŬ ɛŮ points, ŬűŬɘɟɩɜŰŬɠ Űɞ Ŭɟɢɘəɧ point cloud Ŭˊɧ Űɖɜ ɞɛɞɘɧɛɞɟűɖ əŬŰŬɜɞɛɐ 

points əŬɘ ŮűŬɟɛɧɕɞɜŰŬɠ opening [21] ůŰɞ ŮɜŬˊɞɛŮɑɜŬɜ point cloud. ɇɞ ŬˊɞŰɏɚŮůɛŬ ŮɑɜŬɘ ɖ 

ŮűɎɜɘůɖ əŮɜɩɜ ˊŮɟɘɞɢɩɜ Űɞɡ point cloud ɤɠ ɜɏŬ ɜɏűɖ. ȷɡŰɏɠ ŮɟɛɖɜŮɨɞɜŰŬɘ ɤɠ 

ŬɢŬɟŰɞɔɟɎűɖŰɞɘ ɢɩɟɞɘ - ŰɟɨˊŮɠ - əŬɘ ɛɏůɤ ŬɡŰɩɜ ˊŬɟɎɔŮŰŬɘ ɏɜŬɠ ŭŮɑəŰɖɠ ˊɞɘɧŰɖŰŬɠ ůŮ 

ůɢɏůɖ ɛŮ Űɞɜ Ŭɟɘɗɛɧ əŬɘ Űɞɜ ɧɔəɞ ˊɞɡ əŬŰŬɚŬɛɓɎɜɞɡɜ ɞɘ ŰɟɨˊŮɠ ůŰɞ Ŭɟɢɘəɧ point cloud.  

 

ȺɘəɧɜŬ 1-5: ȷɚɔɧɟɘɗɛɞɠ ŮɨɟŮůɖɠ əŮɜɩɜ ˊŮɟɘɞɢɩɜ ůŰɞ point cloud. 

ȾŬŰɎ ŰɟɑŰɞɜ, Űɞ Vinymap ɢɤɟɑɕŮɘ Űɞ Ŭɟɢɘəɧ point cloud ůŮ ůɡůŰɎŭŮɠ (clusters) əŬɘ Ŭˊɧ ŬɡŰɏɠ 

ŬűŬɘɟŮɑ Űɘɠ ŬˊɞɛŬəɟɡůɛɏɜŮɠ əŬɘ ɛɘəɟɏɠ ůŮ ɧɔəɞ əŬɗɩɠ ŬɡŰɏɠ ŮɑɜŬɘ ˊɘɗŬɜɧ ɜŬ ŬˊɞŰŮɚɞɨɜ 

ɗɧɟɡɓɞ. ɄŬɟɎɚɚɖɚŬ ɛŮŰɟɎŮɘ Űɞɜ ɧɔəɞ ˊɞɡ ŬɡŰɏɠ əŬŰŬɚŬɛɓɎɜɞɡɜ əŬɘ ˊŬɟɎɔŮɘ ɏɜŬɜ ŬəɧɛŬ 

ŭŮɑəŰɖ ˊɞɘɧŰɖŰŬɠ. ɆɡɜŭɡɎɕɞɜŰŬɠ Űɞɡɠ ŭŮɑəŰŮɠ ˊɞɡ ɡˊɞɚɞɔɑůŰɖəŬɜ ůŮ ɏɜŬ ŰŮɚɘəɧ ŭŮɑəŰɖ, Űɞ 

Vinymap ŭɑɜŮɘ Űɖ ŭɡɜŬŰɧŰɖŰŬ ŬɜŰɘəŮɘɛŮɜɘəɐɠ Ŭɝɘɞɚɧɔɖůɖɠ Űɞɡ point cloud. ɄŬɟɎɚɚɖɚŬ, ɛŮ Űɘɠ 

ŮɜɏɟɔŮɘŮɠ ŬűŬɑɟŮůɖɠ ɗɞɟɨɓɞɡ ɓŮɚŰɘɩɜŮŰŬɘ ɖ ˊɞɘɧŰɖŰŬ Űɤɜ Ŭɟɢɘəɩɜ ɜŮűɩɜ ůɖɛŮɑɤɜ. 
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ȺɘəɧɜŬ 1-6: ȺɜŰɞˊɘůɛɧɠ ůɡůŰɎŭɤɜ ˊɞɡ ŬˊɞŰŮɚɞɨɜ ɗɧɟɡɓɞ. 

1.5.2 ȺəŰɑɛɖůɖ ɄɡəɜɧŰɖŰŬɠ ūɡɚɚɩɛŬŰɞɠ ȷɛˊŮɚɘɩɜ 

ɇɞ Vinymap ŮˊɘŰŮɚŮɑ Ůˊɘˊɚɏɞɜ ŮəŰɑɛɖůɖ Űɖɠ ˊɡəɜɧŰɖŰŬɠ Űɞɡ űɡɚɚɩɛŬŰɞɠ Űɤɜ ŬɛˊŮɚɘɩɜ. 

ȷɡŰɧ ŮˊɘŰɡɔɢɎɜŮŰŬɘ ɛŮ Űɖ ůɡɜɏɜɤůɖ Űɤɜ ŭɘŬŭɞɢɘəɩɜ ɚŬɛɓŬɜɞɛɏɜɤɜ point clouds 

(registration) ɛŮ Űɖ ɢɟɐůɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ KISS-ICP [22]. ȷəɞɚɞɡɗŮɑ ɞ ŭɘŬɢɤɟɘůɛɧɠ Űɞɡ 

űɡɚɚɩɛŬŰɞɠ ɛŮ ɓɎůɖ Űɞ ɢɟɩɛŬ. ȼ ŭɘŬŭɘəŬůɑŬ ɞɚɞəɚɖɟɩɜŮŰŬɘ ɛŮ Űɖɜ ŮəŰɑɛɖůɖ Űɞɡ ˊɚɐɟɞɡɠ 

űɡɚɚɩɛŬŰɞɠ ɛɏůɤ Űɖɠ ɢɟɐůɖɠ Űɤɜ Űɞˊɞɚɞɔɘəɩɜ ɘŭɘɞŰɐŰɤɜ Űɤɜ alpha shapes [23]. ȼ 

ůɡůɢɏŰɘůɖ Űɞɡ ˊɚɐɟɞɡɠ, ɔŮɛɎŰɞɡ űɡɚɚɩɛŬŰɞɠ ɛŮ Űɞ əŬɜɞɜɘəɧ űɨɚɚɤɛŬ ˊɟɞůŭɑŭŮɘ ɏɜŬɜ 

ŭŮɑəŰɖ Űɖɠ ˊɡəɜɧŰɖŰŬɠ Űɞɡ űɡɚɚɩɛŬŰɞɠ Űɞɡ ŬɛˊŮɚɘɞɨ. 

 

ȺɘəɧɜŬ 1-7: ȷɚɔɧɟɘɗɛɞɠ ŮəŰɑɛɖůɖɠ ˊɡəɜɧŰɖŰŬɠ űɡɚɚɩɛŬŰɞɠ ŬɛˊŮɚɘɩɜ. 

1.5.3 ūɤŰɞ-ɟŮŬɚɘůŰɘəɐ ȷɜŬəŬŰŬůəŮɡɐ ȷɛˊŮɚɩɜŬ 

ɇɏɚɞɠ Űɞ Vinymap ŮˊɘŰɡɔɢɎɜŮɘ űɤŰɞ-ɟŮŬɚɘůŰɘəɐ ŬɜŬəŬŰŬůəŮɡɐ ŬɛˊŮɚɩɜŬ ɢɎɟɖ ůŰɖ 

ůɨɔɢɟɞɜɖ ŬˊɞɗɐəŮɡůɖ ɏɔɢɟɤɛɤɜ Ůɘəɧɜɤɜ ɛŬɕɑ ɛŮ ŰŬ ŭɘŬŭɞɢɘəɎ ɚŬɛɓŬɜɧɛŮɜŬ point cloud. 

Ƀɘ ŮɘəɧɜŮɠ ŬɡŰɏɠ ˊɟɞɓɎɚɚɞɜŰŬɘ ˊɎɜɤ ůŮ ɏɜŬ ŬɜŬəŬŰŬůəŮɡŬůɛɏɜɞ ˊɚɏɔɛŬ ˊɞɡ ˊɟɞəɨˊŰŮɘ 

Ŭˊɧ Űɖɜ ůɡɜɏɜɤůɖ Űɤɜ point clouds. ũɘŬ Űɖɜ ŮˊɑŰŮɡɝɖ Űɖɠ ŭɘŬŭɘəŬůɑŬɠ ŬɡŰɐɠ ŬˊŬɘŰŮɑŰŬɘ ɖ 

ɔɜɩůɖ Űɤɜ ŮůɤŰŮɟɘəɩɜ əŬɘ ŮɝɤŰŮɟɘəɩɜ ˊŬɟŬɛɏŰɟɤɜ Űɖɠ əɎɛŮɟŬɠ ˊɞɡ ɚŬɛɓɎɜŮɘ ŰŬ point 

cloud ŬɚɚɎ əŬɘ Űɖɠ ɏɔɢɟɤɛŮɠ ŮɘəɧɜŮɠ. Ƀ Ŭɚɔɧɟɘɗɛɞɠ ŬɡŰɧɠ ɛˊɞɟŮɑ ɜŬ ɢɟɖůɘɛɞˊɞɘɖɗŮɑ əŬɘ ůŮ 

ůɡůŰɐɛŬŰŬ ˊɞɡ Ŭɝɘɞˊɞɘɞɨɜ ɏɜŬ LiDAR əŬɘ ɛɘŬ ɏɔɢɟɤɛɖ əɎɛŮɟŬ RGB. 
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ȺɘəɧɜŬ 1-8: ȷɚɔɧɟɘɗɛɞɠ űɤŰɧ-ɟŮŬɚɘůŰɘəɐɠ ŬɜŬəŬŰŬůəŮɡɐɠ ȷɛˊŮɚɩɜŬ. 

1.6 ɄŮɘɟŬɛŬŰɘəɐ ȹɘɎŰŬɝɖ 

ɆŮ ˊɟɩŰɞ ůŰɎŭɘɞ Űɞ ˊɚŬɑůɘɞ ɚɞɔɘůɛɘəɞɨ ŬɜŬˊŰɨɢɗɖəŮ ɛŮ Űɖ ɓɞɐɗŮɘŬ Űɞɡ ˊɟɞůɞɛɞɘɤŰɐ 

Gazebo [24]. ȺəŮɑ əŬŰŬůəŮɡɎůŰɖəŮ ɏɜŬ ɣɖűɘŬəɧ ŬɜɎɚɞɔɞ Ůɜɧɠ ɛɘəɟɞɨ ŬɛˊŮɚɩɜŬ ɛŮ ɘŭŬɜɘəɏɠ 

ůɡɜɗɐəŮɠ űɤŰɘůɛɞɨ ŮůɤŰŮɟɘəɞɨ ɢɩɟɞɡ. ɆŰɖ ůɡɜɏɢŮɘŬ ɧɚɞɘ ɞɘ Ŭɚɔɧɟɘɗɛɞɘ ŮűŬɟɛɧůŰɖəŬɜ ůŰɞ 

ŬɜŮˊŰɡɔɛɏɜɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ, Űɞ ɞˊɞɑɞ ŬɜŬɟŰɐɗɖəŮ ˊɎɜɤ ůŮ ɛɑŬ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ 

əŬŰŬůəŮɡŬůɛɏɜɖ ůŰɞ EɟɔŬůŰɐɟɘɞ AɡŰɧɛŬŰɞɡ Eɚɏɔɢɞɡ. ȽŭɘŬɑŰŮɟɞ ɢŬɟŬəŰɖɟɘůŰɘəɧ Űɖɠ 

ɟɞɛˊɞŰɘəɐɠ ˊɚŬŰűɧɟɛŬɠ ŬɡŰɐɠ ŬˊɞŰŮɚŮɑ ɘəŬɜɧŰɖŰŬ Űɖɠ ɔɘŬ əɎɗŮŰɖ əŬɘ ɞɟɘɕɧɜŰɘŬ əɑɜɖůɖ ŬɚɚɎ 

əŬɘ ŬɡŰɞ-ˊŮɟɘůŰɟɞűɐ ɢɎɟɖ ůŰɞɡɠ Űɟɞɢɞɨɠ Űɨˊɞɡ mecanum [25] ˊɞɡ űɏɟŮɘ.  

 
ȺɘəɧɜŬ 1-9: ȼ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ əŬɘ Űɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊɞɡ ŬɜŬˊŰɨɢɗəŬɜ ůŰɞ ȺɟɔŬůŰɐɟɘɞ 

ȷɡŰɞɛɎŰɞɡ Ⱥɚɏɔɢɞɡ. 

ȼ ɟɞɛˊɞŰɘəɐ ŬɡŰɐ ˊɚŬŰűɧɟɛŬ ŮəŰɏɚŮůŮ ˊŮɘɟɎɛŬŰŬ ůŮ ɏɜŬɜ ůɡɜɗŮŰɘəɧ ŬɛˊŮɚɩɜŬ ɞ 

ɞˊɞɑɞɠ əŬŰŬůəŮɡɎůŰɖəŮ ůŰɞ ɑŭɘɞ ŮɟɔŬůŰɐɟɘɞ ɛŮ ůəɞˊɧ ɜŬ ŬˊɞŰŮɚŮɑ ɏɜŬ ˊɘůŰɧ ŬɜŰɑɔɟŬűɞ 

Ůɜɧɠ ˊɟŬɔɛŬŰɘəɞɨ ŬɛˊŮɚɘɞɨ ŬɜŬűɞɟɘəɎ ɛŮ ŰŬ ɞˊŰɘəɎ Űɞɡ ɢŬɟŬəŰɖɟɘůŰɘəɎ ŬɚɚɎ əŬɘ Űɘɠ 

ŭɘŬůŰɎůŮɘɠ Űɞɡ. 
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ȺɘəɧɜŬ 1-10: ɄŮɘɟŬɛŬŰɘəɐ ŭɘɎŰŬɝɖ ůɡɜɗŮŰɘəɞɨ ŬɛˊŮɚɩɜŬ ůŰɞ ȺɟɔŬůŰɐɟɘɞ ȷɡŰɞɛɎŰɞɡ Ⱥɚɏɔɢɞɡ. 

1.7 ȷˊɞŰŮɚɏůɛŬŰŬ 

1.7.1 ȷɝɘɞɚɧɔɖůɖ əŬɘ ȸŮɚŰɑɤůɖ ɄɞɘɧŰɖŰŬɠ Point Cloud 

ȷɟɢɘəɎ, ɖ Ŭɝɘɞɚɧɔɖůɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ˊɟŬɔɛŬŰɞˊɞɘɐɗɖəŮ ɛŮ ɡˊɞəŮɘɛŮɜɘəɐ ɛŮɗɞŭɞɚɞɔɑŬ. 

ɆɡɔəɟɑɗɖəŬɜ ŰŬ ɜɏűɖ ůɖɛŮɑɤɜ ˊɞɡ ˊɟɞɏɟɢɞɜŰŬɜ ŬˊŮɡɗŮɑŬɠ Ŭˊɧ Űɖɜ əɎɛŮɟŬ ɛŮ ŰŬ 

ŬɜŰɑůŰɞɘɢŬ ŮˊŮɝŮɟɔŬůɛɏɜŬ əŬɘ ɓŮɚŰɘɤɛɏɜŬ. ɆŰɖ ůɡɜɏɢŮɘŬ, ɡɚɞˊɞɘɐɗɖəŮ ˊɞůɞŰɘəɐ ŬɜɎɚɡůɖ 

Űɤɜ ŬˊɞŰŮɚŮůɛɎŰɤɜ, ŬɝɘɞˊɞɘɩɜŰŬɠ Űɞɡɠ ŭŮɑəŰŮɠ Ŭɝɘɞɚɧɔɖůɖɠ Űɞɡ Vinymap. 

ɆŰŬ ŬɟɢɘəɎ ɜɏűɖ ůɖɛŮɑɤɜ ˊɟɞůŰɏɗɖəŮ ŰŮɢɜɖŰɎ ɗɧɟɡɓɞɠ, ɛŮ ůəɞˊɧ ɜŬ ŬɝɘɞɚɞɔɖɗŮɑ ɖ 

ɘəŬɜɧŰɖŰŬ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ Vinymap ɜŬ Űɞɜ ŬɜɘɢɜŮɨŮɘ əŬɘ ɜŬ Űɞɜ ŬˊɞɛŬəɟɨɜŮɘ. ȼ ŬɜɎɚɡůɖ 

ŮˊɘɓŮɓŬɑɤůŮ Űɖɜ ŮˊɘŰɡɢɐ ŬɜɑɢɜŮɡůɖ əŬɘ ŬˊɞɛɎəɟɡɜůɖ Űɞɡ ɗɞɟɨɓɞɡ 

1.7.2 ȷɝɘɞɚɧɔɖůɖ ȷɚɔɞɟɑɗɛɞɡ ȺəŰɑɛɖůɖɠ ɄɡəɜɧŰɖŰŬɠ ūɡɚɚɩɛŬŰɞɠ 

ɀŮ ůŰɧɢɞ ɜŬ ŬɝɘɞɚɞɔɖɗŮɑ ɖ Ŭˊɧŭɞůɖ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ɛŬɠ ɔɘŬ Űɖɜ ŮəŰɑɛɖůɖ Űɖɠ ˊɡəɜɧŰɖŰŬɠ 

Űɞɡ űɡɚɚɩɛŬŰɞɠ Űɤɜ űɡŰɩɜ, ŭɘŮɝɐɢɗɖůŬɜ ˊŮɘɟɎɛŬŰŬ ůŮ ŭɨɞ ˊŮɟɘɓɎɚɚɞɜŰŬ: ɏɜŬɜ 

ˊɟɞůɞɛɞɘɤɛɏɜɞ əŬɘ ůɡɜɗŮŰɘəɧ ŬɛˊŮɚɩɜŬ. ȼ ˊɟɞůɞɛɞɑɤůɖ ˊŬɟŮɑɢŮ ɏɜŬ ˊŮɟɘɓɎɚɚɞɜ ɛŮ 

ɡɣɖɚɧ ŮˊɑˊŮŭɞ Ůɚɏɔɢɞɡ, ůɢŮŭɧɜ ɢɤɟɑɠ ŭɘŬəɡɛɎɜůŮɘɠ ůŰɖɜ ˊɡəɜɧŰɖŰŬ Űɞɡ űɡɚɚɩɛŬŰɞɠ. ɇɞ 

ˊŮɟɘɓɎɚɚɞɜ Űɞɡ ůɡɜɗŮŰɘəɞɨ ŬɛˊŮɚɘɞɨ ɐŰŬɜ ˊɘɞ ɟŮŬɚɘůŰɘəɧ, ŬɚɚɎ əŬɘ ˊɎɚɘ ŮɚŮɔɢɧɛŮɜɞ. ȷɟɢɘəɎ 

ŭɞəɘɛɎůŬɛŮ Űɞɜ Ŭɚɔɧɟɘɗɛɞ ůŮ ɡ́əɜɎ, ŰɏɚŮɘŬ űɡɚɚɩɛŬŰŬ, ɚŬɛɓɎɜɞɜŰŬɠ ˊɞɚɨ ɡɣɖɚɏɠ Űɘɛɏɠ 

ůŰɞɜ ŭŮɑəŰɖ ˊɡəɜɧŰɖŰŬɠ, ɧˊɤɠ ŬɜŬɛŮɜɧŰŬɜ. ȰˊŮɘŰŬ ŭɞəɘɛɎůŬɛŮ ŭɨɞ ŭɘŬűɞɟŮŰɘəɎ ůŮɜɎɟɘŬ: 1) 

ȾŬɜɞɜɘəɧ ūɨɚɚɤɛŬ: Ƀ Ŭɚɔɧɟɘɗɛɞɠ ŮˊɏůŰɟŮɣŮ ɏɜŬɜ ŭŮɑəŰɖ ˊɡəɜɧŰɖŰŬɠ ŮɜŰɧɠ Űɤɜ 

ŬɜŬɛŮɜɧɛŮɜɤɜ ɞɟɑɤɜ, ůɨɛűɤɜŬ ɛŮ Űɖɜ ɞˊŰɘəɐ ŮəŰɑɛɖůɖ Űɞɡ űɡɚɚɩɛŬŰɞɠ. 2) ȷɟŬɘɧ 

ūɨɚɚɤɛŬ: ȼ ˊŬɟɞɡůɑŬ əŮɜɩɜ ɞŭɐɔɖůŮ ůŮ ůɖɛŬɜŰɘəɎ ɢŬɛɖɚɧŰŮɟɞ ŭŮɑəŰɖ ˊɡəɜɧŰɖŰŬɠ, 

ŮˊɘəɡɟɩɜɞɜŰŬɠ Űɖɜ ɘəŬɜɧŰɖŰŬ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ɜŬ ŬɜɘɢɜŮɨŮɘ əŬɘ ɜŬ ˊɞůɞŰɘəɞˊɞɘŮɑ Űɘɠ 

ŬɜɤɛŬɚɑŮɠ Űɖɠ ɓɚɎůŰɖůɖɠ. 

ɆŰɞ ŮɟɔŬůŰɐɟɘɞ, ŮˊŬɜŬɚɎɓŬɛŮ Űɞɡɠ Ůɚɏɔɢɞɡɠ əɎŰɤ Ŭˊɧ űɡůɘəɧ əŬɘ ŰŮɢɜɖŰɧ űɤŰɘůɛɧ. 

ȳɚŮɠ ɞɘ ŭɞəɘɛɏɠ ˊŬɟŮɑɢŬɜ Ŭəɟɘɓɐ əŬɘ ŮɨɢɟɖůŰŬ ŬˊɞŰŮɚɏůɛŬŰŬ, ŬˊɞŭŮɘəɜɨɞɜŰŬɠ Űɖɜ 

ŬˊɚɧŰɖŰŬ əŬɘ Űɖɜ ŬˊɞŰŮɚŮůɛŬŰɘəɧŰɖŰŬ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ůŰɖɜ ŮəŰɑɛɖůɖ Űɖɠ ˊɡəɜɧŰɖŰŬɠ Űɞɡ 

űɡɚɚɩɛŬŰɞɠ Űɤɜ űɡŰɩɜ. 
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ȺɘəɧɜŬ 1-11: ȷɝɘɞɚɧɔɖůɖ ˊɡəɜɧŰɖŰŬɠ űɡɚɚɩɛŬŰɞɠ. ɀŮ əɧəəɘɜɞ ɢɟɩɛŬ: əŮɜɎ ůŰɞ űɨɚɚɤɛŬ Űɤɜ 

Ŭɛ́Ůɚɩɜɤɜ. 

1.7.3 ȷɝɘɞɚɧɔɖůɖ ȷɚɔɞɟɑɗɛɞɡ ūɤŰɞ-ɟŮŬɚɘůŰɘəɐɠ ȷɜŬəŬŰŬůəŮɡɐɠ ȷɛˊŮɚɩɜŬ 

Ƀ Ŭɚɔɧɟɘɗɛɞɠ ūɤŰɞ-ɟŮŬɚɘůŰɘəɐɠ ȷɜŬəŬŰŬůəŮɡɐɠ ȷɛˊŮɚɩɜŬ ůɡɔəɟɑɗɖəŮ ɛŮ ŰŬ ɛɖ 

ŮˊŮɝŮɟɔŬůɛɏɜŬ ŭŮŭɞɛɏɜŬ ɜɏűɞɡɠ ůɖɛŮɑɤɜ əŬɘ Űɞɜ Ŭɚɔɧɟɘɗɛɞ ɢŬɟŰɞɔɟɎűɖůɖɠ ɢɩɟɞɡ ZED 

Spatial Mapping Űɖɠ Stereolabs ɧůɞɜ ŬűɞɟɎ Űɖɜ ɞˊŰɘəɐ ˊɘůŰɧŰɖŰŬ əŬɘ Űɞɜ ˊɚɞɨŰɞ ɞˊŰɘəɐɠ 

ˊɚɖɟɞűɞɟɑŬɠ. 

ȼ ɎɛŮůɖ ůɨɔəɟɘůɖ ɛŮ ŰŬ ɛɖ ŮˊŮɝŮɟɔŬůɛɏɜŬ ŭŮŭɞɛɏɜŬ point cloud ŬˊɞəŬɚɨˊŰŮɘ Űɖ 

ŭɘŬűɞɟɎ. Ⱥɜɩ ŰŬ ɛɖ ŮˊŮɝŮɟɔŬůɛɏɜŬ ŭŮŭɞɛɏɜŬ ˊŬɟɏɢɞɡɜ ɛɘŬ ɓŬůɘəɐ ŬɜŬˊŬɟɎůŰŬůɖ, Űɞ 

ŬɜŬəŬŰŬůəŮɡŬůɛɏɜɞ ˊɚɏɔɛŬ ɛŬɠ ˊɟɞůűɏɟŮɘ ɛɘŬ ůɖɛŬɜŰɘəɎ ˊɘɞ Ůɡəɟɘɜɐ ŬˊŮɘəɧɜɘůɖ Űɞɡ 

ŬɛˊŮɚɩɜŬ. ȳˊɤɠ űŬɑɜŮŰŬɘ ůŰɖɜ ȺɘəɧɜŬ 1-12, ɖ ŮŰɘəɏŰŬ April Tag ˊŬɟɞɡůɘɎɕŮɘ ɓŮɚŰɘɤɛɏɜɖ 

ŮɡəɟɑɜŮɘŬ əŬɘ ŰŬ ɛŮɛɞɜɤɛɏɜŬ ůŰŬűɨɚɘŬ ɛɏůŬ ůŰŬ ŰůŬɛˊɘɎ ŭɘŬəɟɑɜɞɜŰŬɘ ˊɘɞ ŮɨəɞɚŬ. 
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ȺɘəɧɜŬ 1-12: Ɇɨɔəɟɘůɖ ˊɞɘɧŰɖŰŬɠ ŬɜŬəŬŰŬůəŮɡɐɠ. 

ɆŮ ůɨɔəɟɘůɖ ɛŮ Űɖɜ ɡɣɖɚɐɠ ˊɞɘɧŰɖŰŬɠ ŬɜŬəŬŰŬůəŮɡɐ Űɞɡ Ŭɚɔɞɟɑɗɛɞɡ ɢŬɟŰɞɔɟɎűɖůɖɠ 

ɢɩɟɞɡ ZED Spatial Mapping Űɖɠ Stereolabs ůŰɘɠ ɡɣɖɚɧŰŮɟŮɠ ɟɡɗɛɑůŮɘɠ Űɞɡ, ɖ 

ŬɜŬəŬŰŬůəŮɡɐ ɛŬɠ ŬɜŬŭŮɘəɜɨŮŰŬɘ ɤɠ ɖ ŬɜɩŰŮɟɖ ɚɨůɖ. ȼ ˊɟɞůɏɔɔɘůɖ ˊɟɞɓɞɚɐɠ ŮɘəɧɜŬɠ ůŮ 

ˊɚɏɔɛŬ ŭɖɛɘɞɡɟɔŮɑ ˊɚɏɔɛŬŰŬ ɛŮ ůɖɛŬɜŰɘəɎ ɛŮɔŬɚɨŰŮɟɖ ɞˊŰɘəɐ ɚŮˊŰɞɛɏɟŮɘŬ, ŮˊɘŰɟɏˊɞɜŰŬɠ 

ůŰɞɡɠ ŬɔɟɧŰŮɠ ɜŬ ŮˊɘɗŮɤɟɐůɞɡɜ ɛŮ ɛŮɔŬɚɨŰŮɟɖ ɎɜŮůɖ ɛŮɛɞɜɤɛɏɜŬ űɨɚɚŬ əŬɘ ůŰŬűɨɚɘŬ. 

ȷɡŰɐ ɖ ɓŮɚŰɘɤɛɏɜɖ ɡűɐ ŭɘŮɡəɞɚɨɜŮɘ Űɖ ɚɐɣɖ ˊɘɞ ŮɜɖɛŮɟɤɛɏɜɤɜ ŬˊɞűɎůŮɤɜ ůŰɖɜ 

ŬˊɞɛŬəɟɡůɛɏɜɖ ɔŮɤɟɔɑŬ ŬəɟɘɓŮɑŬɠ. 

1.8 ɆɡɛŮ́ɟɎůɛŬŰŬ əŬɘ ɀŮɚɚɞɜŰɘəɐ ȺɟɔŬůɑŬ 

ȼ ˊŬɟɞɨůŬ ŭɘˊɚɤɛŬŰɘəɐ ŮɟɔŬůɑŬ ˊŬɟɞɡůɘɎɕŮɘ ɏɜŬ ɜɏɞ ˊɚŬɑůɘɞ ɔɘŬ Űɖɜ ŰɟɘůŭɘɎůŰŬŰɖ 

ŬɜŬəŬŰŬůəŮɡɐ əŬɘ ŬɜɎɚɡůɖ  ŬɛˊŮɚɩɜɤɜ. ȺɝŮŰɎɕɞɜŰŬɠ Űɖɜ ˊɟɞůɏɔɔɘůɐ ŬɡŰɐ ůŮ ůɡɜɗŮŰɘəɧ 

ŬɛˊŮɚɩɜŬ, ŮˊɘŰŮɨɢɗɖəŮ ɓŮɚŰɘɤɛɏɜɖ ˊɚɞɐɔɖůɖ ɛŮ ɞˊŰɘəɐ ɞŭɞɛŮŰɟɑŬ ɛɏůɤ ŮŰɘəŮŰɩɜ 

AprilTags əŬɘ ɞˊŰɘəɐɠ ŮɡɗɡɔɟɎɛɛɘůɖɠ ˊɟɘɜ Űɖɜ ɏɜŬɟɝɖ ɓŮɚŰɘůŰɞˊɞɑɖůɖɠ əɚŮɘůɑɛŬŰɞɠ ɓɟɧɢɞɡ. 

ɄɟɞɏəɡɣŮ ˊɘɞ Ůɡəɟɘɜɐ ŰɟɘůŭɘɎůŰŬŰɖ ŬɜŬəŬŰŬůəŮɡɐ ŬɛˊŮɚɩɜŬ ůŮ ůɨɔəɟɘůɖ ɛŮ Űɖɜ 

ˊɟɞůɏɔɔɘůɖ ɢŬɟŰɞɔɟɎűɖůɖɠ ɢɩɟɞɡ ZED (ZED Spatial Mapping). ȷɜŬˊŰɨɢɗɖəŮ Ůˊɑůɖɠ ɛɘŬ 

ɞɚɞəɚɖɟɤɛɏɜɖ ɚɨůɖ ŮˊɘɗŮɩɟɖůɖɠ ˊɞɡ ŮɜůɤɛŬŰɩɜŮɘ ˊɟɞůŮɔɔɑůŮɘɠ ůɢŮŭɘŬůɛɞɨ ŭɘŬŭɟɞɛɐɠ 

ɛŮ ɓɎůɖ Űɖɜ ŬˊɞůɨɜɗŮůɖ ˊɞɚɨŰɞˊɤɜ, ɛɘŬ ɛɏɗɞŭɞ ŮűŬɟɛɞɕɧɛŮɜɖ ɔɘŬ ˊɟɩŰɖ űɞɟɎ ůŮ 

ˊɟŬɔɛŬŰɘəɐ ɟɞɛˊɞŰɘəɐ ˊɚŬŰűɧɟɛŬ. ɇɞ ůɨůŰɖɛŬ ŬɜŰɑɚɖɣɖɠ ˊɟɞůŬɟɛɧůŰɖəŮ ŮɘŭɘəɎ ůŰɖɜ 
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ŮűŬɟɛɞɔɐ ɛŬɠ ɛŮ Űɖ ɓɞɐɗŮɘŬ Űɞɡ FoVaLiRA, Ůɜɧɠ ŮɟɔŬɚŮɑɞɡ ŬɜɎɚɡůɖɠ ˊŮŭɑɞɡ ɧɟŬůɖɠ əŬɘ 

ŬɜɎɚɡůɖɠ LiDar əŬɘ əŬɛŮɟɩɜ ɓɎɗɞɡɠ, ŬɜŬˊŰɡɔɛɏɜɞ ůŰɞ Unity. 

ȾɞɘŰɎɕɞɜŰŬɠ ˊɟɞɠ Űɞ ɛɏɚɚɞɜ, ɖ ŮɜůɤɛɎŰɤůɖ ŰŮɢɜɞɚɞɔɘɩɜ ɓŬɗɘɎɠ ɛɎɗɖůɖɠ əŬɘ 

ŬɡŰɞɛŬŰɞˊɞɘɖɛɏɜɤɜ ŰŮɢɜɘəɩɜ ŬɜɎɚɡůɖɠ ɗŬ ɛˊɞɟɞɨůŮ ɜŬ ŮˊɘŰɟɏɣŮɘ ˊɞɚɨˊɚɞəŮɠ ŮɟɔŬůɑŮɠ 

ŮˊɘɗŮɩɟɖůɖɠ, ɧˊɤɠ ɖ ŬɜɑɢɜŮɡůɖ ŬůɗŮɜŮɘɩɜ ɐ ɖ ŮˊɘůɐɛŬɜůɖ ˊɘɗŬɜɩɜ əɘɜŭɨɜɤɜ ɔɘŬ 

ˊŮɟŬɘŰɏɟɤ ŮɝɏŰŬůɖ Ŭˊɧ Űɞɜ ɞɘɜɞˊɞɘɧ. Ⱥˊɘˊɚɏɞɜ, ɖ ŮˊɏəŰŬůɖ Űɖɠ ŬɡŰɧɜɞɛɖɠ ŮˊɘɗŮɩɟɖůɖɠ 

ɗŬ ɛˊɞɟɞɨůŮ ɜŬ ɞŭɖɔɐůŮɘ ůŮ ˊɚɐɟɖ əɎɚɡɣɖ əŬɘ ˊŬɟŬəɞɚɞɨɗɖůɖ Űɞɡ ŬɛˊŮɚɩɜŬ, ɢɤɟɑɠ ɜŬ 

ŬˊŬɘŰɞɨɜŰŬɘ ˊɟɞəŬɗɞɟɘůɛɏɜŬ ůɖɛŮɑŬ ɏɜŬɟɝɖɠ əŬɘ ɚɐɝɖɠ ŭɘŬŭɟɞɛɐɠ. ɄɘůŰŮɨɞɡɛŮ ɤůŰɧůɞ ɧŰɘ 

ŬɡŰɧ Űɞ ˊɚŬɑůɘɞ ŬˊɞŰŮɚŮɑ ɏɜŬ ɘůɢɡɟɧ ˊɟɩŰɞ ɓɐɛŬ ˊɟɞɠ ɛɘŬ ɞɚɞəɚɖɟɤɛɏɜɖ ɚɨůɖ ɔɘŬ Űɖɜ 

ɔŮɤɟɔɑŬ ŬəɟɘɓŮɑŬɠ ůŮ ŬɛˊŮɚɩɜŮɠ. 
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2 Introduction 

2.1 Motivation 

The agricultural sector is facing numerous challenges, including climate change, resource 

scarcity, and the need to increase productivity while minimizing environmental impact. 

Traditional agricultural practices often rely on manual observation and data collection, which 

can be time-consuming, labor-intensive, and error prone. This limits farmers' ability to make 

informed decisions and optimize crop yields. 3D reconstruction technology offers a 

transformative solution to these challenges; measuring crop height, canopy density, and 

other phenotypic parameters, as well as detecting weeds and mapping field topography and 

soil conditions are only some of the possibilities.  

The Legged Robots Team of the Control Systems Lab (CSL) in NTUA has designed 

and manufactured quadruped robots which utilize sophisticated and in-house-developed 

mechanical and electrical subsystems. Lealaps II and its successor, Argos, are two optimally 

designed quadruped robots, well suited for agricultural use. They were lacking, however, a 

robotic perception system which would empower them to perceive, understand, and interact 

with their surroundings autonomously. 

The objective of the present thesis is to design and implement a perception system for 

agriculture quadruped robots with 3D reconstruction of vineyards as the main focus. The 

design considers both software and hardware. It features a novel spatial mapping algorithm 

which preserves the visual detail required for a reconstruction to be useful for crop and field 

analysis. A navigation and path-planning stack which enables the robot to traverse a real-life 

vineyard effectively and safely is also proposed in this work. It utilizes a state-of-the-art 

Model Predictive Control (MPC) planner, an in-house dual-camera visual odometry algorithm 

and a robust PID trajectory tracking controller. A thorough review of relevant literature is 

crucial for narrowing down design decisions. 

2.2 Literature Review 

2.2.1 Agriculture Robots 

Human population has grown rapidly in recent years and will continue to do so for several 

more. The need for food is a global concern for governments and scientists. However, the 

way to increase food production should not be to expand cultivated land at the expense of 

forests, but to increase the productivity of the soil and plants that are already established. As 

a result, the interest in Agriculture Robots has been increasing the last few years.  

There are three main factors that heavily influence the design of agriculture robots and 

differentiate it from the design of other task-specific robots: agriculture-specific navigation, 

agriculture-specific image processing and Handling Rough Terrain [26]. Focusing on these 

aspects, researchers have come up with various solutions in the recent past.  

The authors in [27] have designed a wheeled robotic platform which utilizes a 

monocular downward facing RGB camera primarily used for classification of crop and weed 

plants and for visual odometry. The robot uses machine vision to detect weeds within the 

crop rows and treats the weeds by high precision drop-on-demand application of herbicide. 



 
 

 
38/156 

Researchers in [28] have developed the VineRobot, a multi-million euro project robot 

designed to autonomously and non-intrusively traverse vineyards utilizing ultrasonic sensors 

and RGB camera visual feedback, while providing the farmers with useable real time data 

regarding the state of the vineyard it explores. The authors in [29] have developed an 

autonomous pruning robot. Their pruning setup consists of a Universal Robots UR5e robot 

mounted on a linear axis. The end effector consists of a set of electric bypass pruners along 

with a RealSense D435 RGBD camera. For field trials, the robot was installed on the back of 

a remote-controlled utility vehicle and powered with a portable generator.  

It is evident that the world of agriculture is complex enough to allow for the development 

of a large variety of robotic solutions that differ according to the problem that they are called 

to solve. The present thesis focuses on the mediterranean vineyard, which is often 

characterized by mountainous and rocky terrain, unsymmetrical rows as well as erratic 

canopy at the late vegetative state. The mobility advantage and agility that a legged robot 

presents cannot be replicated by a simple wheel layout. This is one of the reasons why legs 

are the main locomotion mechanism in nature and the reason why the perception system 

described in this work is mounted on and designed for a quadruped robot. Finally, the rich 

and irregular canopy of vine trees calls for innovative machine vision solutions. 

 
Figure 2-1: Robots designed for various agricultural Tasks. 

(a) wheeled weed detection robot designed by the authors in [27] 
(b) VineRobot (c) pruning robot designed by the authors in [29] 

(d) Lealaps II quadruped robot designed at CSL NTUA. 
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2.2.2 Path Planning  

Although path planning has been studied extensively for applications in indoor 

environments, there is still much room for development and research for optimization in 

agricultural environments. In fact, most recent relative research has focused on Coverage 

Path Planning (CPP) algorithms [30]; these solve the problem of determining a path that 

passes over all points of an area or volume while avoiding obstacles [31]. Point-to-point path 

planning i.e.: determining an optimal and collision-free path from a starting point to a 

destination point, which is more useful in precision agriculture applications, is not as 

common in the literature. There are, however, several interesting publications. 

Recently, researchers have designed a path planning and obstacle avoidance package 

which enables their custom rover to either move along the middle of a row of a mountainous 

vineyard or move through a row according a received path line [32].  To achieve this, their 

software represents three-dimensional space as a two-dimensional occupancy gird map i.e. 

a grid where cells with obstacles are labeled as occupied. This map is then heuristically 

subdivided into regions based on the robotôs maneuvering capability and fed into a decision-

making algorithm. This is a simple and effective approach. The software, however, is closely 

linked to the robotôs kinematic characteristics and cannot be generalized. In a more recent 

work researchers introduce a new path planning algorithm that utilizes a topological map 

and extends the A* search based planning algorithm , to ensure a safe path and a maximum 

distance from the vine trees of a steep slope vineyard [33]. 

The authors in [34] propose a hybrid Voronoi-based ant colony optimization (V-ACO) 

path planning algorithm to solve an adaptive ocean sampling problem. Ant Colony 

Optimization is a metaheuristic algorithm inspired by the foraging behavior of ants. Ants 

communicate with each other by laying down pheromone trails, which they use to guide 

others to food sources. ACO algorithms use this same concept to search for solutions to 

optimization problems. 

The algorithm works by having a population of artificial ants, each of which starts at a 

random location in the search space. The ants then follow a probabilistic path through the 

search space, using pheromone trails to guide their way. The pheromone trails evaporate 

over time, so the ants are more likely to follow trails that have been recently laid. If a 

simulated ant finds a short path to the target, it will execute more routes to and from the 

target. Thus, the short path will have less evaporated pheromones than other paths and will 

be preferred as closer to optimal. The Voronoi based scheme utilizes Voronoi partition to 

highlight high interest areas. The V-ACO algorithm could be altered to suit an agricultural 

setting, although vineyards have a distinct and special topology of corridors and rows that 

this scheme does not capitalize on.  

Finally, machine learning is often used as a solution to path planning problems that 

involve multiple agents or take place in complex, dynamic environments. The authors in [35] 

present deep reinforcement learning as a framework to model the complex interactions and 

cooperation required by robots that navigate among pedestrians. They utilize an LSTM 

neural network that enables the algorithm to use observations of an arbitrary number of 

agents. The algorithm learns collision avoidance among a variety of types of dynamic agents 

without assuming they follow any particular behavior rules. The authors in [36] propose a 

Bezier curve based approach for the path planning in a dynamic field using a Modified 

Genetic Algorithm (MGA). The robot's path is dynamically decided based on the obstaclesô 

locations. With the goal of optimizing the distance between the start point and the target 
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point, the MGA is employed to search for the most suitable points as the control points of the 

Bezier curve. Using the chosen control points, the optimum smooth path that minimizes the 

total distance between the start and the end points is selected.  

 
Figure 2-2: Path planning strategies.  

(a) Ant Colony Optimization Visualized [34] (b) Local occupation grid map generated in [30]. On the left 
sensor observation, on the right the produced grid map.  

2.2.3 SLAM and 3D reconstruction 

Simultaneous Localization and Mapping (SLAM), as the name implies, is the problem of 

simultaneously estimating a robot's position and the 3D structure of the environment it is 

traversing. 3D reconstruction, on the other hand, focuses solely on building a detailed 3D 

representation of the scene, independently of the robot's motion. Most active SLAM 

approaches provide estimations of the environment in the form of geometric representations 

(e.g., OG maps, Octomaps). However, when we explore new environments as humans, we 

are not just interested in the shape of the environment, but also in the textures and materials 

of the world around us, as well as in semantic elements of the environment (e.g., presence 

of objects, rooms) [37]. Achieving SLAM while capturing high- and low-level semantics is 

commonly referred to as Spatial Perception or Spatial Mapping.  In this case, 3D space is 

represented as a 3D mesh or a 3D point cloud. Determining the quality of the representation 

is of outmost importance, especially for agricultural applications, where the output data must 

be reliable enough to aid with tasks such as crop inspection. 

Point Cloud Quality Assessment 

Point cloud quality assessment (PCQA) is a crucial task for evaluating the integrity and 

usability of point clouds, which are collections of data points that represent three-

dimensional objects or environments. PCQA metrics aim to quantify the degradation or 

distortion introduced during acquisition, processing, compression, transmission, or rendering 

processes. This information is essential for optimizing point cloud processing algorithms, 

ensuring data consistency, and maintaining visual quality for applications in various 

domains. Two main categories of PCQA metrics exist: full-reference (FR) and no-reference 

(NR). 

FR metrics require access to a reference point cloud of the same scene or object to 

compare with the distorted version. The reference point clouds are usually of very high 
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quality and together formulate a dataset that is considered a ground truth dataset. The 

ground truth dataset can be synthetic as in [38] and [39], or include point clouds that are 

captured with a high quality and expensive scanner as in [40] [41].  

NR metrics, on the other hand, operate solely on the distorted point cloud itself, making 

them more versatile for applications where reliable reference point clouds data may not be 

readily available [42]. Recent advancements in PCQA have focused on learning-based 

approaches, which utilize deep neural networks to extract discriminative features from point 

clouds and predict quality scores. These methods have shown promising results in capturing 

subtle distortions and generalizing to diverse datasets [43] [44]. Simpler NR quality metrics 

like point cloud density, point confidence and Local outlier factor (LOF) [45] [46], as well as 

mathematical methods [47] have also been used successfully throughout literature. 

There is yet another common method of assessing 3D point cloud quality: Subjective 

point cloud quality assessment. Humans visually review and effectively assign quality scores 

to 3D data. Occlusions, unregistered objects and visible distortion in the reviewed point 

cloud or mesh are often mentioned [48] [49]. Subjective point cloud quality assessment is 

often used to evaluate objective quality assessment metrics [50]. 

Canopy Quality Assessment 

The quest to objectively assess canopy quality and predict crop yield has long 

enthralled precision agriculture researchers. Early efforts relied on laborious and destructive 

chemical processes like leaf nitrogen analysis [51], offering limited insights and heavily 

impacting plant health. 

As technology evolved, non-destructive alternatives emerged. Hyperspectral imaging 

[52], while promising, brought its own challenges: complexity, expensive equipment, and 

specific technical knowledge requirements from the farmers. 

Recently, computer vision techniques have gained popularity [53], offering optical 

assessment methods with potential for real-time insights. Approaches like machine learning-

based leaf area estimation are effective [54], but often wrestle with training data 

requirements, computational demands, and susceptibility to varying lighting and weather 

conditions, potentially hindering their practical application. 

Our approach in Vinymap sought a different path. Driven by the need for simplicity, real-

time applicability, and robustness under diverse environmental conditions, we designed a 

canopy assessment algorithm that is non-destructive, preserving precious vine health for 

optimal yield, simple, real-time viable and robust,  performing reliably across diverse lighting 

conditions. 

Spatial Mapping 

Spatial mapping or 3D reconstruction is the ability to create a digital representation of 

physical space while maintaining semantic information.  The three most common methods to 

achieve 3D reconstruction are Structure from Motion (SfM), Stereopsis and Light Detection 

and Ranging (LiDar)  [55]. The implementation of each method, however, presents great 

diversity in the literature and depends on the purpose for which spatial mapping is used, but 

also on the hardware and computational power that is available. 

Researchers in [49] leverage 2D thermal images to reconstruct 3D buildings using SfM. 

They create point clouds from RGB images and thermal images separately and then 
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successfully align them to create a high-resolution output point cloud. The authors in [48] 

utilize the COLMAP pipeline [56] [57] and propose a novel view planning method effectively 

deciding the placement of a set of available RGB cameras in the 3D space in order to 

optimally reconstruct noisy 3D corn plants using SfM.  

Recently, a novel scene representation based on Gaussian splatting [9] has been 

shown to deliver on-par or even better rendering and reconstruction performance than other 

state-of-the-art reconstruction methods. Researchers in [58] and the authors in [59] have 

used this representation to implement monocular camera SLAM frameworks that achieve 

impressive performance in camera pose estimation, map construction, and novel-view 

synthesis, while allowing real-time rendering of a high-resolution dense 3D map. 

3D reconstruction using Stereo cameras and LiDars is also frequently encountered in 

the literature and has established its position in this research field in recent years. The 

authors in [60] propose a fusion of LiDar and Stereo camera data to effectively map 3D 

space without missing out on texture or volumetric details. The authors in [61] recently 

proposed a feature-based approach that enables fast and dense mapping of crop fields 

observed by a vehicle-mounted stereo camera. They leveraged Bayesian inference to tackle 

the feature matching ambiguity problem that is common in crop field mapping where 

uncertainties due to repetitive textures and uneven lighting are induced. 

 
Figure 2-3: (a) Subjective quality assessment of a point cloud of a plant [40]. Left: parts of plant have not 

been reconstructed. Right: view planning improves reconstruction.   
(b) Depth Camera on a combine harvester machine [62].
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3 Reconstruction Software 

3.1 SLAM 

3.1.1 Localization 

Robot localization, a fundamental aspect of robotics, refers to the process of determining a 

robot's position and orientation (pose) within a specified, known environment. With an 

accurate map of the environment, the robot can utilize sensor measurements (observations) 

to acquire knowledge about its distance from objects around it (landmarks) and use this 

knowledge to estimate its position and orientation in the known map. Sensors include 

cameras, lasers, and inertial measurement units (IMUs) which gather information about the 

robot's surroundings, while the map serves as a reference frame for interpreting these 

sensory inputs. 

 

Figure 3-1: Robotic Platform Localization Illustration. 

Conventional robot localization techniques often employ a probabilistic approach, where the 

robot's location is represented by a probability distribution, capturing the uncertainty inherent 

in sensor measurements. This probabilistic framework allows the robot to continuously refine 

its estimate of its position as it acquires new sensory data, ensuring robustness against 

noise and errors. Various localization algorithms have been developed, each tailored to 

specific sensor modalities and environmental conditions. For instance, visual odometry, 

relying on camera imagery, excels in indoor environments, while laser-based techniques are 

well-suited for outdoor scenarios due to range superiority [63]. 
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The success of robot localization hinges on the accuracy and reliability of both sensor 

data and the underlying map representation. Sensor noise and environmental clutter can 

introduce significant challenges, requiring robust algorithms and filtering techniques to 

mitigate these effects. Moreover, the map itself must be adequately detailed and up to date  

with the environment it represents, in order to provide accurate localization information. As 

robotics technology advances, the pursuit of more efficient, accurate, and robust localization 

algorithms remains a critical area of research, paving the way for increasingly sophisticated 

autonomous robots capable of navigating complex and dynamic environments. 

3.1.2 Mapping 

In the context of robotics, mapping refers to the process of creating a comprehensive 

representation of an environment, typically represented as a 2D or 3D map. This 

representation, often referred to as a reconstruction, captures the spatial layout, objects, and 

other relevant features of the surroundings. Mapping is a fundamental capability for robots to 

navigate and operate autonomously in their environment. By constructing a map, a robot can 

gain a detailed understanding of its surroundings, enabling it to perform tasks such as path 

planning, object recognition and manipulation and environmental monitoring. 

 
Figure 3-2: ANYmal robot mapping terrain (staircase) using a stereo camera [64]. 

Making a 2D or 3D reconstruction of the surrounding environment works a lot like connecting 
pieces of a puzzle; the robot gathers information about its surroundings using its sensors 
and saves that information in an appropriate file format. It then moves and repeats this 
process to acquire new data. Provided that it knows its position and orientation in space at 
any given time, i.e. it always successfully localizes itself in the environment, then it can 
create a map of its surroundings by appropriately stitching the newly acquired information, at 
its new pose, with its older representation of the environment.  
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3.1.3 SLAM 

As discussed in sections 2.1.1 and 2.1.1, for a robot to successfully perform localization, an 

accurate map of the environment must be available. In addition, for a robot to successfully 

perform mapping of the environment, it must be successfully localized in it. Enabling a robot 

to perform both of these tasks simultaneously appears at first glance like a chicken-and-egg 

problem. SLAM stands for Simultaneous Localization and Mapping. It is the name for the 

solution to this very problem. It is a fundamental technique in robotics that allows a robot to 

build a map of its surroundings while simultaneously determining its own location within that 

map. This capability is essential for robots to operate autonomously in unknown 

environments without the need for a-priori information about the trajectory they are following 

or a priorly constructed map of their surroundings. 

 
Figure 3-3: 2D and 3D Occupancy Grid Maps built using 2D and 3D Lidar SLAM utilizing MATLAB's 

Navigation Toolbox [65]. 

The key to performing SLAM is the knowledge of the relationship between two consecutive 

poses of a moving robot. This is otherwise known as odometry. The robot gathers 

information about its surroundings using its sensors and saves that information in an 

appropriate file format. It then moves and repeats this process to acquire new data. The 

robot does not know its position and orientation in space at the time of gathering the old or 

the new data; absolute localization is not a given. It estimates, however, its motion 

(transformation) from the old to the new pose. Then it can create a map of its surroundings 

by appropriately stitching the newly acquired information, at its new pose, with the 

information gathered at its old pose. There are a lot of ways to estimate the transformation 

from a previous to a new pose (odometry estimation). Odometry estimation is commonly 

achieved in the following ways:  

¶ Wheel odometry: This method relies on measuring the rotation of the robot's wheels. The 

robot's position and orientation can then be estimated by tracking the cumulative rotation 

of each wheel. 

¶ Inertial odometry: This method uses an inertial measurement unit (IMU) to measure the 

robot's acceleration and angular velocity. The robot's position and orientation can then 

be estimated by integrating these measurements over time. 

¶ Visual odometry uses a camera to track features in the environment. The robot's position 

and orientation can then be estimated by matching the features in the camera's images 

to landmarks in the map. 
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¶ Laser odometry uses a laser scanner to measure distances to surrounding objects. The 

robot's position and orientation can then be estimated by tracking the changes in the 

laser scans over time. 

Wheel odometry is a simple and reliable method that is well-suited for robots that have 

wheels or tracks. However, it is susceptible to errors due to wheel slippage and non-

linearities in the robot's motion. Inertial odometry is a more accurate method that is not 

affected by wheel slippage. However, it is also prone to errors due to drift, which is the 

accumulation of IMU measurement errors over time. Visual and Laser odometry accuracy 

results are largely dependent on the amount of complexity of the environment of the robot, 

i.e. the amount of features or the shape variability of the surrounding space. To improve the 

accuracy of odometry estimation the above methods are often combined and statistically 

reinforce the total odometry accuracy with the usage of Kallman Filters. 

3.1.4 VSLAM 

Visual simultaneous localization and mapping (vSLAM) is a type of SLAM that utilizes visual 

data, typically from cameras, to determine the robot's position and orientation within an 

environment (visual odometry), while simultaneously building a map of that environment. 

build a map of an environment while simultaneously. VSLAM algorithms typically involve 

three main components: 

¶ Feature extraction: This involves identifying and extracting distinctive features from the 

camera images. These features can be points, lines, or other geometric shapes or 

structures that are relatively invariant to changes in lighting and viewpoint. 

¶ Correspondence matching: This involves matching features from subsequent images to 

features in the existing map. This is typically done by calculating the distance or angle 

between features in different images. 

¶ Optical flow and ego-motion estimation: Optical flow, is the pattern of apparent motion of 

features in a visual scene caused by the relative motion between an observer and a 

scene. Optical flow can be used to estimate ego-motion. Ego-motion, in the field of 

computer vision, refers to estimating a camera's motion relative to a rigid scene [66]. An 

example of ego-motion estimation would be estimating a car's moving position relative to 

lines on the road or street signs being observed from the car itself. 

 

VSLAM algorithms face several challenges, including: 

¶ Illumination variations. Changes in lighting can make it difficult to extract features and 

match them across images. 

¶ Occlusions: Objects in the environment can block the view of features, making it difficult 

to track enough of them to accurately estimate ego-motion. 

¶ Sensor noise: Image sensors are not perfect -especially in low-light conditions-  and their 

measurements can contain noise that can corrupt the localization estimates and 

accumulate over time. 

Loop Closure 

Loop closure is a crucial aspect of Simultaneous Localization and Mapping (SLAM) that 

refers to the ability of a robot to recognize previously visited places and use this knowledge 

to improve its localization and map estimation. This mechanism plays a critical role in 
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correcting the accumulated errors in the robot's pose estimation and ensuring the accuracy 

of the map. Without loop closure, the robot's pose estimation would gradually drift away from 

its actual position due to the accumulation of odometry errors. With loop closure, the robot 

identifies a location in space, usually by saving special visual features characteristic to this 

location. If it detects these features again while it is moving, then it assumes that it is in that 

location once more. If the odometry data state otherwise, then they are corrected 

accordingly and recursively along the whole trajectory of the robot. This correction is known 

as bundle adjustment.  

 
Figure 3-4: Loop Closure Illustration. 

Saving visual features for a specific location in the scene and assuming they are unique to 

this location is not a faultless assumption. The problem that arises is called perceptual 

aliasing. This occurs when two different places can be perceived as the same. For example, 

in a texture-wise monotonous and empty building, it is nearly impossible to determine a 

location solely with the visual information, because all the corridors or rooms may look the 

same [67]. In that case, a lot of false-positive loop closure detections would disrupt the 

odometry data.  

Multi-Camera Visual SLAM For Vineyard Inspection 

A novel approach to enhancing the robustness of vSLAM has been developed in CSL, 

specifically tailored for vineyard inspection applications [68]. The proposed VSLAM method 

utilizes multiple cameras which increases the available Field of View (FoV) resulting in more 

features available to track. Moreover, in situations in which one or more of the cameras is 

obscured by the sun or leaves, the other cameras will still be able to identify useful features 

in the environment and thus the visual odometry estimation will not be hindered.  
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Figure 3-5: (a) One camera's lenses are obstructed resulting in very low number of detected features. 

(b) A different camera is not obstructed and continues to produce accurate visual odometry [17]. 

The proposed approach offers yet another novelty to add more robustness to VSLAM: It 

does not utilize visual features to detect loop closures, as in vineyards, the crop is organized 

in parallel rows and agricultural robots move in the open corridors between them. There, a 

purely feature based approach would result in incorrect loop detection due to the high 

similarity between images (perceptual aliasing). Instead, the developed method leverages 

AprilTags, which are placed in fixed positions in the vineyard in order to assist with loop 

closure detection.  

AprilTags are a type of fiducial marker, similar to QR codes [69]. AprilTag markers can 

be easily printed and embedded in any environment. The open-source AprilTag detection 

software accurately determines the 3D location and orientation of each marker relative to the 

camera, as well as its unique identifier. The AprilTag library is written in C and requires no 

external libraries. It is designed to be seamlessly integrated into existing applications and 

can run efficiently on embedded devices. AprilTags are designed to encode far smaller data 

payloads than QR codes (between 4 and 12 bits), allowing them to be detected more 

robustly and from longer ranges. They are also designed for high localization accuracy, 

unlike QR codes which are mainly designed for saving data in a visual format.  

 

Figure 3-6: April Tags used for research purposes in April Laboratory, University of Michigan [69]. 
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A robot that uses Multi-Camera Visual SLAM For Vineyard Inspection will assume that it has 

reached a position that it has also visited in the past only if it registers an AprilTag for the 

second time. Knowing its relative position to the AprilTag using the respective open-source 

code, while also knowing the fixed positions of all the AprilTags inside the vineyard allows 

the robot to accurately re-localize and perform bundle adjustment every time it sees an 

AprilTag, instead of relying on loop closure detection based on visual features. 

3.2 SOTA Packages 

3.2.1  RTAB-Map 

RTAB-Map (Real-Time Appearance-Based Mapping) is a state-of-the-art graph-based 

Simultaneous Localization and Mapping (SLAM) algorithm that utilizes RGB-D, stereo, and 

lidar data to construct a comprehensive representation of an environment in real-time [12]. 

Its core strength lies in its efficient loop closure detection mechanism, which effectively 

identifies previously visited locations and integrates them into the evolving map.  

Loop closure Detector 

The loop closure detector in RTAB-Map uses a bag-of-words (BoW) approach to determine 

how likely it is that a new image comes from a previously visited location. That means that 

each newly acquired image is dissected into so-called visual words. This is similar to how a 

text can be dissected into words. For example, in the common classification problem of 

labeling an email as spam or not spam, each email can be parsed into words. Building a 

histogram of the frequency of the appearance of each word in the mail and checking if 

spam-related words appear often can very accurately lead to a characterization of the mail 

as spam or not spam. For instance, if the word ñmoneyò appeared more frequently in the 

reviewed mail than in an average non-spam email, then the likelihood that the reviewed mail 

is spam is increased. Similarly, RTAB-Map parses each new acquired image frame into 

small homogenous pieces known as visual words. It creates a Bag of Words. It then 

compares the BoW from the newly acquired frame to older BoW which are saved in a 

constantly updating database of Bags. If the newly acquired BoW consists of similar visual 

words to a previously saved BoW, then RTAB-Map concludes that the new image comes 

from a location that has been visited before. This is known as accepting a loop closure 

hypothesis. When a loop closure hypothesis is accepted, a graph-based optimization is 

performed.  

Graph-based optimization loop closure is a commonly used approach that represents 

the robot's trajectory as a connected graph, where nodes represent poses and edges 

represent constraints between poses. This graph-based representation allows for efficient 

and robust loop closure detection and correction. Pose graph optimization involves refining 

the poses of all nodes in the graph to minimize the overall error in the odometry data. This 

process considers the constraints between poses, including odometry measurements and 

loop closure constraints. Upon accepting a loop closure hypothesis, RTAB-Map adds a new 

constraint to the odometry data and the mapôs graph, then a graph optimizer minimizes the 

errors in the map.  

Performance and Integration 
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A memory management approach is used to limit the number of locations used for loop 

closure detection and graph optimization, so that real-time constraints on large-scale 

environments are always respected. This mainly involves map caching and map pruning 

[70]. Map caching is the method of storing frequently accessed map elements, such as 

poses and landmarks, in a separate cache memory. This reduces the need to repeatedly 

load these elements from disk, which can significantly improve performance. Map pruning 

involves periodically removing less relevant map elements, such as old poses or landmarks 

that are no longer considered important. This helps to keep the map size manageable and 

free up memory for new data. 

RTAB-Mapôs algorithmic pipeline ensures consistent and accurate localization even in 

complex and dynamic environments. Its versatility extends beyond indoor mapping, as it can 

effectively handle outdoor environments with varying lighting conditions and challenging 

terrains. Its open-source nature and modular architecture make it a valuable tool for 

researchers and developers in robotics, autonomous vehicles, and augmented reality. 

Recently, a version of the package for iOS devices has been released and produces high 

quality results paving the way for wider commercial use of the software [12]. 

 

Figure 3-7: A 3D map of an office building constructed with RTAB-Map iOS application [12].  

3.2.2 Robot-Centric Elevation Mapping 

Robot-Centric Elevation Mapping (RCEMapping) is a ROS package developed by Anybotics 

as part of ANYmal Research [13]. The mapping process involves fusing range 

measurements from a sensor, such as a laser or structured light scanner, with the robot's 

pose estimation, typically obtained from an inertial measurement unit (IMU) and odometry. 

The integration of range data and pose information enables the construction of a consistent 

and reliable elevation map of the terrain around the robot. 

Robot-Centric Approach 
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RCEMapping adopts a robot-centric perspective, constructing a local elevation map 

centered around the robot. This approach aligns with the inherent limitations of onboard 

sensors, ensuring that the map reflects the robot's direct field of view and the associated 

pose uncertainty. Namely, at any time, the robot-centric elevation map is a local 

representation of the surrounding terrain, meaning that the observed regions close to the 

robot - which have the highest accuracy ï are registered in the map, while older, previously 

seen parts of the map are considered inaccurate and are deleted. Thus, uncertainty that is 

aggregated through the motion of the robot due to sensor noise does not result in an 

accumulated drift of the pose of the constructed map.  

2.5D Mapping 

The core data structure that RCEMapping utilizes is a voxel grid, which partitions the 

mapping environment into a regular grid of voxels. Each voxel represents a small volume of 

space, and its occupancy is determined based on the accumulated range measurements 

from the robot's sensor. To further manage the uncertainty associated with range 

measurements and pose estimation, RCEMapping employs a probabilistic voxel 

representation. Each voxel is assigned a probability distribution reflecting the likelihood of 

different terrain heights at that location. This probabilistic representation enables 

RCEMapping to provide meaningful estimates of terrain elevation and its associated 

uncertainty. To make the algorithm more computationally efficient, the OctoMap 3D 

occupancy mapping library which implements an octree data representation is utilized [71]. 

Importantly, the map constructed with Anybotics Elevation Mapping is not a 3D map of 

the environment, but rather a 2.5D map (two-and-a-half dimensional, alternatively pseudo-

3D or three-quarter map): For every point in the plane on which the robot moves, the 

elevation of this point is saved and the result is plotted in 3D space. This simplifies the data 

but also creates problems with modelling multiple surfaces that are stacked along the z-axis. 

For example, if an obstacle object is placed 2 meters over a point in the robotôs field of view, 

then the software will assume that the elevation at that specific area is equal to the height at 

which this object is. It is however possible that there is enough room under the obstacle for 

the robot to pass through. Nevertheless, this software will render the area under the obstacle 

as part of the obstacle itself.  

To demonstrate the above issue, a floating horizontal platform was placed in front of a 

turtlebot robot in a simulated demo of RCEMapping. There was enough space under the 

platform for the simulated robot to get through as can be seen in figure 20. However, in the 

elevation map the floating platform was interpreted as ground elevation and therefore as a 

high obstacle. 
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Figure 3-8: (a) A floating platform in Gazebo. (b) The elevation map constructed with RCEMapping. 

Dynamic map adjustment 

It is worth mentioning that the map can also adapt to dynamic environments. Namely, the 

map remains consistent even if objects inside the mapped environment are being moved 

during the mapping process. To achieve this, a visibility check is performed using ray 

tracing. Virtual rays are casted from the robotôs sensors towards the environment. A visibility 

map is constructed from the points that are collected from the collision of the rays with the 

surface constructed from the height measurements. This map reflects the maximal height 

that each cell can have based on the visibility constraint. Namely, if a cell is registered as 

being high enough to block the sensorôs visibility, but the visibility is not being blocked, then 

that cell violates the visibility constraint and is removed. As this visibility check is 

computationally intensive, it is only performed at a lower rate (e.g., 1 Hz). 

 
Figure 3-9: A rectangular obstacle was moved from right to left. The visibility is checked with ray tracing 

and the previous map (red) is accordingly updated resulting in an updated map (blue) [13]. 
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3.2.3 Gradslam 

Gradslam emerges as a novel approach to SLAM by employing differentiable optimization 

techniques, aiming to enable the integration of deep learning into the SLAM process. This 

change opens up new avenues for improving SLAM performance and adaptability. 

In conventional SLAM systems, the mapping and pose estimation processes are 

typically decoupled, relying on individual algorithms for each task. This separation limits the 

ability to optimize both processes simultaneously and hinders the integration of deep 

learning techniques. Gradslam breaks down this barrier by representing the entire SLAM 

pipeline as a differentiable computational graph. This allows gradients to flow from the 

outputs of the system (map, trajectory) back to the inputs (raw sensor data, parameters, 

calibration, etc.), enabling the optimization of both mapping and pose estimation using 

gradient-based methods [14]. 

 

Figure 3-10: Gradslam provides differentiable building blocks for simultaneous localization and mapping 
(SLAM) systems. The four main blocks it offers are Differentiable Visual Odometry, 

Differentiable Registration using least-squares, Differentiable Mapping and Ray 
differentials [14]. 

Gradslam performs similarly to other state-of-the-art dense mapping algorithms, while 

offering enhanced flexibility by allowing the integration of various deep learning architectures 

and loss functions. However, the current implementation of dense SLAM in Gradslam 

requires a large amount of memory to store the produced computational graph. For instance, 

running the KinectFusion algorithm with a voxel resolution of 128 × 128 × 128 consumes 

approximately 6GB of GPU memory. This memory consumption significantly limits the size 

of scenes that can be reconstructed within this framework. The team that designed 

Gradslam [14], are currently working on improving the memory efficiency of this 

implementation. Additionally, they are developing more robust filters for various stages of the 

pipeline, such as Iterative Closest Point (ICP) registration, photometric warping, and 

optimization routines.  
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Figure 3-11: Small office scene reconstructed using Gradslam [14]. 

3.2.4 Zed Spatial Mapping 

ZED cameras, developed by Stereolabs, are renowned for their ability to capture high-quality 

3D data and perform real-time spatial mapping. Zed spatial mapping is the dedicated 

software developed to optimally perform SLAM by fully utilizing the camera hardware. At the 

heart of Stereolabsô technology lies a combination of stereo vision and inertial measurement 

unit (IMU) data [72]. 

 
Figure 3-12: Mesh Generation (a) and Point Cloud Generation (b) with ZED Spatial Mapping. 

Visual-Inertial Odometry 

Visual-inertial odometry (VIO) is a technique for determining the precise position and 

movement of an agent, such as an aerial or ground robot, without relying on GPS or lidar. It 

leverages the combined power of cameras and inertial measurement units (IMUs) to achieve 

exceptional accuracy and robustness [73]. 

While stereo vision provides depth data and visual odometry, the IMU complements it 

by tracking the camera's movement and orientation in space. This information is essential for 

registering subsequent depth maps and maintaining the spatial consistency of the 3D world. 

The IMU captures acceleration, angular velocity, and orientation data. Those data are 

statistically combined (usually with the use of extended or unscented Kalman filters [74]) 

with visual odometry allowing the software to precisely track the camera's trajectory through 

space. 
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Neural Depth Sensing 

Using deep learning algorithms to estimate depth from a single image or a sequence of 
images, a technique known as Neural Depth Sensing, is a rapidly growing field with the 
potential to revolutionize many applications. The main reason is that it allows for monocular 
depth estimation i.e. estimating depth using a single image. This is a challenging task, but 
recent advances in deep learning have made it possible to achieve relatively good results 
[75]. The Zed Spatial Mapping software allows the user to choose between performance-
oriented, simple algorithmic stereo depth estimation techniques and neural depth estimation, 
which is a sophisticated approach that combines stereo and neural depth estimates. In 
recent software update releases, enabling the neural depth estimation while using Zed 
Spatial Mapping produced faster and cleaner results.  

The Multi-Step Process of Building the Spatial Map 

The spatial mapping process encompasses several key steps [15]: 

¶ Feature Detection and Matching: The software identifies distinctive features in each 

depth map, such as corners or edges. These features are then matched across 

subsequent images, creating a network of correspondences that stitch together the 

individual depth maps. 

¶ Planar Segmentation: The software identifies and segments planar surfaces in the 

scene, such as walls, floors, or ceilings. This process simplifies the representation of the 

environment and reduces computational complexity. 

¶ Mesh Generation: The software constructs a 3D mesh from the depth data, representing 

the reconstructed environment as a collection of interconnected triangles. This mesh 

provides a polygonal approximation of the scene, allowing for efficient visualization and 

interaction. 

¶ If area memory is enabled, a database that stores information about the environment 

that the ZED camera has already mapped is created. This information includes a point 

cloud representation of the environment, as well as information about the camera's pose 

(position and orientation) at different points in time. When the tracking detects an already-

visited area by searching in the database, it will perform a loop closure and compute an 

updated position estimation that cancels eventual drifts. 
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Figure 3-13: Successful Monocular Depth Estimation [75]. 

3.3 Comparison and Decisions 

3.3.1 Comparison 

Overall, Rtabmap is a good choice for robotics applications that require high accuracy, 

robustness, and flexibility. Anybotics Elevation Mapping is well-suited for vineyard mapping 

due to its efficiency in handling elevation changes which are commonly encountered in 

mountainous vineyards but fails to capture critical details in the canopy and fruit. Gradslam 

is a good choice for research and development purposes, especially for machine learning 

SLAM applications. Nevertheless, it significantly lacks real time performance and memory 

management, as well as integration and ease of use. Zed Spatial Mapping is an excellent 

software for prototyping due to its and real-time performance and high-quality Application 

Programming Interface (API). However, it can only be used with Stereolabs hardware and is 

not open-source. 

Table 3-1 shows a detailed comparison of the four SLAM software packages for 

vineyard mapping. 

Table 3-1: A comprehensive comparison of four SLAM software packages. 
 

Feature RTAB-map 

Robot-Centric 

Elevation 

Mapping 

Gradslam 
ZED Spatial 

Mapping 

Active 

development 

 Actively 

developed, 

maintained, and 

upgraded by a 

large community 

Maintained by 

Anybotics 

Maintained by a 

community of 

researchers 

Actively 

developed, 

maintained, with 

frequent, major 

updates 
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Community 

support 

Large and active 

community with 

extensive 

documentation 

and support 

forums 

 

Smaller 

community with 

good support 

forums 

Community with 

limited activity in 

recent years 

Dedicated 

community with 

extensive 

documentation 

and good 

support forums 

Real Time 

Performance 

Performs well in 

real-time 

applications. 

High memory 

requirements for 

loop closure 

 

Very efficient for 

mapping 

environments 

with elevation 

changes 

Slow in real-time 

applications. 

Very high 

memory 

requirements 

Very efficient for 

real-time 

applications with 

Zed Stereo 

cameras 

Reconstruction 

Quality 

High quality 3D 

reconstruction 

with accurate 

feature matching 

and mapping 

 

Can only 

produce 2.5D, 

undetailed 

reconstruction. 

High quality 

reconstruction for 

simple 

environments 

High quality 3D 

reconstruction 

with a variety of 

output data 

representation. 

Specific 

Features 

Supports a wide 

range of sensors, 

including LiDAR 

and depth 

cameras 

Designed 

specifically for 

2.5D terrain 

mapping with 

Octomap 

representation. 

Great memory 

management 

 

Fully 

differentiable 

Graph-based 

SLAM system. 

Specifically 

designed for Zed 

Stereo cameras. 

Easy integration. 

3.3.2 Decisions 

Robot-Centric Elevation Mapping by Anybotics will encounter challenges in vineyards due to 

the presence of dense vegetation and other dynamic obstacles that cannot be accurately 

rendered with a 2.5D map representation. It also fails to capture texture and minor details 

which are crucial for crop inspection applications.  

Gradslam's flexible mathematical structure comes at the expense of real-time 

performance in vineyard mapping applications. Real-time 3D mapping is often crucial in 

vineyard mapping tasks, such as navigation and obstacle avoidance. Gradslam's potential 

for lower real-time performance limits its suitability for these applications. It is also the 

software that enjoys the least active development, maintenance, and support. 

In the context of vineyard mapping, Rtabmap emerges as the preferred choice if a ZED 

Stereo camera is not available. Its versatility, robustness, and accuracy make it well-suited 

for the challenging conditions often encountered in vineyards. In addition, it comes with 

extensive documentation, frequent updates and active support forums. Conversely, if a ZED 

Stereo camera is available, ZED Spatial Mapping provides a compelling alternative. Its 
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streamlined integration and real-time 3D mapping capabilities make it efficient for rapid 

prototyping and applications where real-time feedback is desired. ZED Spatial Mapping is 

actively maintained and supported and it is regularly updated with state-of-the-art algorithmic 

integration.  
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4 Path Planning 

Path planning stands as a fundamental cornerstone of robotics, enabling autonomous robots 

to navigate complex and dynamic environments with precision and efficiency. It is the 

process of determining a collision-free trajectory for a robot to move from a starting point to a 

designated goal while adhering to various constraints, such as obstacle avoidance, terrain 

features, and kinematic limitations [76].  

Path planning remains a highly active area of research, with ongoing efforts to develop 

more efficient, robust, and versatile algorithms that can handle increasingly complex and 

challenging environments. The advancements in path planning algorithms hold immense 

promise for the future of robotics, paving the way for autonomous robots that can seamlessly 

integrate into our everyday lives. 

4.1 Taxonomy of Planners 

4.1.1 Global and Local path planners 

Path planning algorithms can be broadly classified into two categories: global and local. 

Global path planning algorithms, also known as off-line planning algorithms, generate an 

entire path from the start to the goal before the robot begins its movement. These algorithms 

excel in open and predictable environments. However, they struggle in dynamic 

environments with rapidly changing obstacles or unpredictable terrain disturbances. 

 
Figure 4-1: Combination of Global and Local Planner Illustrated. 
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In contrast, local path planning algorithms, also known as on-line planning algorithms, 

generate paths in real-time as the robot navigates the environment. These algorithms 

continuously update the map of the environment and adapt the path to avoid obstacles 

encountered along the way. The predicted path in a local path planner is in principle much 

shorter than that of a global path planner and concerns the robotôs vicinity. They are well-

suited for dynamic environments, where obstacles may move or appear unexpectedly and 

are usually combined with global path planners to enable robots to reach a designated goal 

avoiding collisions along the way. 

4.1.2 Obstacle Representation 

Based on how free space and obstacles are mathematically represented, path planning 

algorithms are further categorized in four main categories: 

¶ Grid-based or Search Based planners: These planners discretize the environment into a 

grid and use search algorithms like A* or Dijkstra's to find a path through the grid. They 

are efficient for simple environments but can be computationally expensive for complex 

environments, as the map on which the robot operates must be extensively subdivided to 

form a grid which effectively models the operating space [77]. 

 
Figure 4-2: Grid-based free space (white squares) and obstacle (dark squares) representation and viable 

path from starting position (green circle) to target position (red circle). 

¶ Sampling-based planners: These planners build a tree of possible paths in the 

environment by randomly sampling free space, creating a network that connects the 

samples (nodes) and checking for collisions in the paths between the samples (edges). 

They can handle complex environments with obstacles but may not always find the 

optimal path to the target. 
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Figure 4-3: Rapidly-exploring Random Tree*  (RRT*), a common sampling-based path planner that 

builds a tree of potential paths by randomly sampling points in the environment and 
checking for collisions [78] . 

¶ Potential field planners: These planners create a potential field that represents the 

attractive force towards the goal and the repulsive force from obstacles. The robot 

moves along the gradient of the potential field to reach the goal. They are simple and 

efficient but may not be suitable for all environments. Inherent problems to potential field 

path planners include local minimum traps and unwanted oscillations around obstacles 

[79]. 

 
Figure 4-4: Potential Field Planner Visualization. Environment with 10 obstacles [79]. 
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¶ Hybrid planners: These planners combine elements of the first three planners utilizing 

sophisticated algorithms to alternate between approaches and achieve considerable 

flexibility. 

4.1.3 Exploratory Path Planners 

Exploratory path planning is a branch of path planning that aims to navigate a robot 

effectively through an unknown or partially known environment to collect information about 

its surroundings. The goal of an exploratory path planning agent is not to reach a single 

specific goal efficiently, but rather to maximize the amount of information gathered by 

exploring the environment. Hence the name, exploratory path planning. 

In this context, computing an optimal path before starting the exploration is often not a 

viable option as there is not enough useful information about the operating environment for 

a-priori waypoint or goal setting. It is therefore common for explorational path planners to 

employ complex and automated goal setting schemes. Based on their goal setting scheme, 

explorational path planners can be categorized as follows: 

¶ Next-best-view (NBV) planners: NBV planners select goals based on the robot's current 

perception of a specific target in the environment. They identify locations that will provide 

the robot with more information about that target, such as locations that will provide them 

with higher visibility or locations that will allow the robot to see new, so far obscured 

parts of the target. For example, the authors in [80] created an NBV planner to enable a 

robotic arm to calculate the optimal trajectory around fruits to effectively reconstruct their 

complete shape. The algorithm predicts fruit shapes prior to mapping them and 

computes targeted viewpoints to enable the robot to observe yet unobserved parts of the 

fruits. 

 
Figure 4-5: Goals (Views) planned using view planning lead to less 3D reconstruction error and greater 

object completeness percentage than regular views [81].  
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¶ Coverage-based planners (CPP): Coverage-based planners aim to maximize the amount 

of useful area covered by a part of the robot or scanned by a sensor of the robot. It is a 

particularly important task in the context of agriculture robotics, especially for automated 

harvesters and watering robots. CPP is however an integral algorithm for a plethora of 

applications including cleaning robots, underwater vehicles creating image mosaics, 

demining robots and more [31].  

 
Figure 4-6: Solution for a UAV coverage path planning problem in Matlab  

calculated using Matlabôs UAV Toolbox [82]. 

¶ Information-theoretic planners: Information-theoretic planners use information theory to 

quantify the amount of information gathered by the robot. They plan paths that maximize 

the expected information gain from each new candidate waypoint, which is the amount of 

information the robot can expect to gather by visiting it [83]. Waypoints that hold 

significant exploratory value are often called frontiers. Such planners are commonly used 

in search and rescue or other time-sensitive applications.  
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Figure 4-7: Information-Theoretic Exploratory Planner illustration [84]. 

4.2 SOTA Packages 

4.2.1 Ewok Planner 

In their work, Ewok: Real-Time Trajectory Replanning for MAVs using Uniform B-splines and 

3D Circular Buffer [18], the authors present a real-time approach for local trajectory 

replanning specifically designed for agile robots such as Micro Aerial Vehicles (MAVs). 

Unlike traditional methods that assume static environments and prior map knowledge, Ewok 

thrives in dynamic scenarios, efficiently adapting trajectories on-the-fly to navigate cluttered 

and unpredictable surroundings. This makes it particularly valuable for applications like 

search and rescue, autonomous exploration, and spatial mapping in unknown environments. 

 
Figure 4-8: MAV dynamically planning its path while moving through a simulated forest using the Ewok 

Planner [18]. 



 

 
65/156 

Uniform B-splines 

Ewok represents trajectories as smooth and flexible curves using uniform B-splines. 

Formally, a spline is a piecewise polynomial function defined over a set of intervals [85]. The 

places where the polynomial pieces meet are known as knots. Splines are a powerful tool when 

there is a need to represent smooth curves that pass through or interpolate given data points 

due to the following attributes: 

¶ Continuity: Splines have continuity of at least order Ὧ at each knot point, meaning both 

the function value and its derivatives up to order Ὧ match across intervals. 

¶ Locality: Each polynomial piece only affects the curve in its corresponding interval, 

allowing for local control of the shape. 

The degree of the polynomial pieces determines the spline's smoothness and flexibility. For 

example, a cubic spline (k=2) will have continuous first and second derivatives, creating 

smooth and visually appealing curves. 

B-splines (basis splines) are a specific type of spline representation. B-splines of order ὲ 

are basis functions for spline functions of the same order defined over the same knots, 

meaning that all possible spline functions can be built from a linear combination of B-splines, 

and there is only one unique combination for each spline function. They have several 

desirable properties: 

¶ Each B-spline is non-zero only over a specific interval defined by its corresponding 

knots. 

¶ The sum of all B-splines associated with a given knot sequence is always 1. 

¶ B-splines can be defined recursively based on lower-degree B-splines, simplifying 

calculations. 

 
Figure 4-9: A cubic parametric polynomial spline[86]. P denotes control points. The first and third 

polynomic parts of the curve are painted blue, while the second orange. Single knots at 1/3 

and 2/3 of the curve establish a spline of three cubic polynomials meeting with ╒  
parametric continuity. Triple knots at both ends of the interval ensure that the curve 

interpolates the end points. 
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The value of a B-spline of degree Ὧ  ρ can be evaluated using the following equation: 

 
▬◄  ▬░║░ȟ▓◄ ȟ

▪

░

 (4-1) 

where ὴᶰὙ  are control points at times ὸȟὭɴ πȟȣȟὲ and ὄὭȟὯὸ are basis functions that 

can be computed using the De Boor ï Cox recursive formula [87]. Uniform B-splines are a 

special case where the knots are equally spaced within the time domain. This simplifies 

calculations and offers predictable control over the curve's shape. In the context of the Ewok 

planner, uniform B-splines are utilized for calculating an initial global path. 

Leveraging splines allows the ewok planner to produce smooth paths, preventing abrupt 

changes in velocity and acceleration, essential for safe and comfortable agile robot 

maneuvers. Furthermore, modifying a global trajectory defined with splines is not 

complicated, as modifications to individual control points affect only a specific segment of 

the trajectory, allowing for targeted adjustments without impacting the entire path. The 

authors of the Ewok planner have specifically employed a real-time trajectory modification 

applied on the global path computed with B-splines. This is achieved through a local planner 

which solves an optimization problem and is triggered when the robot detects an obstacle in 

its vicinity and on its computed trajectory. Eq. (4-2) describes the cost function which must 

be minimized when the local planner is triggered:  

 ╔◄▫◄╪■╔▄▬ ╔╬ ╔▲ ╔■ ȟ (4-2) 

where ὉὩὴ (endpoint position) is a cost function that expresses position and velocity deviation 

from the optimal values that are imposed by the global trajectory; Ὁὧ (collision) is a cost 

function that heavily penalizes collision with obstacles; and Ὁ and Ὁὰ are cost functions that 

ensure continuous and smooth derivatives (cost of integral and limit on the norm, 

respectively), preventing abrupt changes in velocity and acceleration, essential for safe and 

comfortable MAV maneuvers.  

B-splines guarantee continuous position and its derivatives up to the degree of the 

spline minus one at any given control point and the basis functions simplify calculations, 

enabling real-time replanning within onboard computational constraints. However, B-splines 

do not naturally interpolate control points, hindering imposition of arbitrary boundary 

conditions. Only static constraints (zero-time derivatives) can be guaranteed by duplicating a 

control point (Ὧ ρ times, where Ὧ is the spline degree). Non-zero time derivative constraints 

necessitate iterative optimization. Other trajectory representations, such as Polynomial 

Splines allow direct enforcement of boundary conditions, including non-zero time derivatives, 

at the expense of increased complexity.   

When control points originate only from planning algorithms (RRT, PRM) requiring 

collision-free paths, adhering to these points is crucial. Therefore, representations such as 

polynomial splines are more suitable. Local replanning employed in Ewok deals with 

unexpected obstacles not considered in initial planning and changes the control points in 

real-time. Here, strict adherence to control points becomes less critical, and the inherent 

smoothness and computational efficiency of B-splines make them preferable. 

 

 



 

 
67/156 

3D Circular Buffer 

To maintain real-time environmental awareness, Ewok employs a 3D circular buffer that 

moves along with the MAV. This buffer stores occupancy grid information, essentially 

representing a dynamic map of the surrounding obstacles within a defined range. Sensors 

like LiDAR or cameras continuously update the buffer, reflecting changes in the environment 

as the MAV navigates. By querying the buffer during replanning, Ewok identifies potential 

collisions and modifies the trajectory accordingly. The buffer is implemented by employing 

the following strategies: 

Discretization: The environmental volume is discretized into voxels of size ὶ. This 

establishes a mapping between points in 3D space ὴ and integer-valued indices ὼ that 

uniquely identify individual voxels. The inverse operation allows retrieval of the voxel center 

point given its index. A continuous array of size N represents the 3D environment. An offset 

index έ defines the location of the buffer's coordinate system relative to the MAV. Given the 

index and offset, the following functions can be defined to check if a voxel lies within the 

represented volume and determine its address within the stored array:  

 ░▪▼░▀▄╥▫■◊□▄● ● ▫ ╝ȟ (4-3) 

 ╪▀▀►▄▼▼● ● ▫□▫▀╝Ȣ (4-4) 

Robotcentric Update: To maintain the buffer centered around the MAV's camera, the 

offset (o) is simply updated based on the vehicle's movement. The newly incorporated part 

of the volume is cleared, eliminating the need for large data copies during movement. This 

way, the size of the array can be restricted to ὔ  ς  and the above functions can be 

altered to use cheap bitwise operations instead of divisions: 

 ░▪▼░▀▄╥▫■◊□▄● Ȧ● ▫Ǫͯ ▬ ȟ 
(4-5) 

 ╪▀▀►▄▼▼● ● ▫Ǫ ▬  ȟ (4-6) 

where Ǫ is a ñbitwise andò,  ͯis a ñbitwise negationò and Ȧ is a ñboolean notò. 

If a collision is imminent, the local planner identifies the point of conflict and generates 

alternative segments using B-splines. These segments prioritize obstacle avoidance while 

adhering to constraints like minimum altitude, maneuverability limits and proximity to the 

original trajectory. The new segments are seamlessly connected to the existing trajectory, 

ensuring a smooth and continuous path. 
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Figure 4-10:  Example of online trajectory replanning using the ewok planner [18]. The plot shows a 

global trajectory computed by fitting a polynomial spline through fixed waypoints (red), 
voxels within 0.5 m of the obstacle (blue), computed B-spline trajectory with fixed (cyan) 

and still optimized (green) segments and control points.  

Ewok presents a valuable approach for real-time trajectory replanning in dynamic 

environments for agile robots. One of its limitations is the planning horizon: The 3D circular 

buffer limits the planning scope to the immediate surroundings. Long-range planning might 

require additional techniques. In addition, a smooth curved trajectory is especially useful 

when dealing with fast-moving robots, like MAVs. In the case of a quadruped agriculture 

robot, a trajectory with angles and sharp turns is perfectly acceptable and can even be 

optimal. 

4.2.2 Sequential MPC Reactive Planning using Safe Corridors 

In their work, A Sequential MPC Approach to Reactive Planning for Bipedal Robots [19], the 

authors delve into a path planning solution that leverages the power of Sequential Model 

Predictive Control (MPC) and offline polytopic decomposition to enable robust and reactive 

motion for legged robots in complex and dynamic scenarios. 
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Figure 4-11: Example environments and paths generated by the MPC-safe corridors controller [19].  The 

successively connected polytopes (blue) represent safe corridors. (a) Polygonal obstacles 
(b) Rotated rectangular obstacles. 

Safe Corridors  

The authors leverage RRT* to efficiently explore the environment and identify obstacle-free 

regions. RRT* iteratively expands a tree-like structure in the configuration space, prioritizing 

exploration towards the goal while respecting robot constraints. Figure illustrates the logical 

flow diagram for RRT*, given a set state space ὢ, in which the robot operates, a start point 

ὢίὸὥὶὸ and a goal point ὢὫέὥὰ.  

 

Figure 4-12: RRT* logical flow diagram. 

It should be noted that RRT* is the same algorithm as RRT with the added optimization 

routine after each new node addition. This is a three-step routine that employs the following 

functions: 

Local Search: Starting from the newly created node, its neighboring nodes are checked 

within a specific radius. 
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Cost Comparison: For each neighbor, the routine checks if connecting to the new node 

would create a lower cost path compared to its current connection. Cost can represent 

distance, time, or any other relevant metric. Algorithms like Dijkstraôs or Kruskalôs are 

employed for  path cost calculation. 

Rewiring: If a lower-cost path is found, the routine rewires the connections of the affected 

neighbors to connect them through the new node. 

The resulting tree is a near-optimal path solution. 

Instead of directly using the complex free space identified by RRT*, the authors 

decompose it into simpler, convex shapes called polytopes. This decomposition leverages 

computational geometry techniques to ensure safe and tractable representation of free 

space. The individual polytopes are then carefully connected through a recursive process 

that uses their Chebyshev centers, to form a continuous and collision-free "corridor" that 

guides the robot towards its goal. This corridor prioritizes directness while adhering to safety 

constraints and robot limitations. The algorithm follows the below structure: 

Obstacle Inflation: The static workspace, denoted as ὡί, is first augmented to account for 

the physical dimensions of the mobile robot. Obstacles are inflated by a specified radius, 

assuming the robot can be represented by a disc of that size. 

Convexity Assumption: All obstacles in ὡί are assumed to be convex. While not 

universally true, this simplification allows for efficient computation of free space regions for 

motion planning. 

Sampling-Based Planning: A sequence of points,    ὴȟȢȢȢȟὴ ȟ is generated within the 

free space of the workspace (dynamic and static), denoted by ὡ ὡ͵ί. This sequence 

connects the initial location with the desired goal position and is generated using RRT*. 

Initial Polytope Generation and Waypoint Extraction: An initial polytope Ὄ  is created 
and saved within the free space ὡ ὡ͵ί containing the initial robot position ώ. This is done 

using a convex optimization process [88]. ώ  is saved as the initial waypoint ύȢ The 
algorithm checks if the goal position ύ  lies within Ὄ . If not, the algorithm iterates through 

the points ὴᶰ   starting from j = 1. It finds the first point ὴ  not contained in Ὄ . 

Intersecting Polytopes Guarantee: The algorithm takes the current polytope Ὄ  and the 

waypoint ὴ  as input. It generates a new polytope Ὄ  around ὴ . It then performs two 

operations: 

Intersection Check: It checks if the current polytope and the polytope Ὄ  generated around 

ὴ  have a non-empty intersection (Ὄ ᷊Ὄ  ɲ). 

Intersection Guarantee: If an intersection exists, the algorithm saves Ὄ  as a new polytope 

Ὄ  and a waypoint ύ  representing the Chebyshev center of the intersection Ὄ ᷊Ὄ . If 

there is no intersection, the algorithm generates a sequence of intersecting polytopes and 

waypoints ὋӶ connecting Ὄ  and Ὄ  by iteratively creating polytopes using points on the 

straight line that connects ώ with ύ . The generated polytopes and waypoints are saved. 

The algorithm repeats this process for each point ὴɴ   . 

Final Output: The algorithm outputs a sequence of pairwise intersecting free polytopes 

Ὄȟ ὌȟȢȢȢȟ Ὄ  containing the initial position and a set of waypoints ύȟȢȢȢȟύ  such 

that:  

 ύ░ɴ  Ὄ░ ᷊ Ὄ░    for    Ὥ ρȟȣȟὓ ρ (4-7) 

and ύ╜ ύ ᶰ Ὄ Ȣ These waypoints and polytopes 0are to be utilized in subsequent 

Model Predictive Control (MPC) algorithms for robot motion. 
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Sequential Model Predictive Control (MPC) 

Model Predictive Control (MPC) is an advanced control technique widely used in various 

industries, from chemical plants and refineries to autonomous vehicles. It offers a powerful 

framework for controlling complex systems while incorporating constraints and optimizing 

performance goals [89].  

At the heart of MPC lies a mathematical model representing the dynamics of the system 

being controlled. This model can be linear, nonlinear, or a combination, depending on the 

system's complexity. MPC operates over a finite time window called the receding horizon. At 

each time step, it predicts the system's future behavior based on the current state and 

potential control inputs. An optimization problem is formulated with a cost function that 

penalizes deviations from desired outputs and control effort. By minimizing this cost function, 

MPC determines the optimal control sequence for the receding horizon. Only the first control 

input in the sequence is applied to the actual system. At the next time step, the horizon 

moves forward, incorporating new sensor measurements to update the model and repeat 

the optimization process. This is what the sequential aspect of this approach implies. In their 

work [19], the authors leverage MPC to optimize a rough initial trajectory created by the 

RRT* algorithm. The MPC controller optimizes a cost function that considers factors like 

trajectory smoothness, control effort, and distance to the goal. This ensures efficient and 

goal-oriented navigation within the created safe corridors. 

 
Figure 4-13: Model Predictive Control Schematic. 

The core concept behind the planning and control approach in the work by the authors in 

[19] lies in the following equation for the Ὥ ὸὬ MPC (ὓὖὅὭ): 

 ▐░ȟ▒═●▓ ║◊▓ ♬▐░ȟ▒●▓ȟ    ▒ ȟȣȟ■░ ,  (4-8) 

where ὼ represents the current state of the robot model (in [19] it is a 3D-LIP robot model) 

at time step Ὧ. The state encompasses its position ὼȟώ, orientation —, and velocities ὼȟ ώ, 

ό denotes the control input applied to the robot model at time step Ὧ. This input directly 

influences the acceleration and subsequent trajectory of the robot. ὬὭȟὮ represents a 

collection of smooth scalar-valued functions. Each function ὬὭȟὮ corresponds to a specific 

half-space within a polytope ὅ. It acts as a measure of how far the robot state ὼ is from the 
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boundary of that half-space. The polyhedra ὅ define safe regions within the workspace. The 

robot's state and trajectory must remain within these polyhedra throughout its motion to 

guarantee collision-free navigation. Each polytope ὅ is formed by the intersection of multiple 

half-spaces. Each half-space is defined by a linear inequality represented by the function ὬὭȟὮ. 

ὰ represents the number of half-spaces that contribute to defining a specific polyhedron ὅ. 

The core constraint utilizes the functions ὬὭȟὮ associated with a polytope so that if 

ὬὭȟὮὼὯ π for all j, the robot's state lies within the safe region ὅ. 

The constraint enforces that the control input ό  steers the robot's predicted next state 

ὼ ὃὼ ὄό further into the polytope region or at least keeps it within the boundaries. 

This ensures collision avoidance with static obstacles, while respecting the robot modelôs 

constraints. 

Reactive Planning 

While the robot follows the current safe corridor segment, the MPC controller continuously 

replans the subsequent segments in the sequence. This allows for real-time adjustments 

based on dynamic obstacles or changes in the environment, ensuring reactive collision 

avoidance and smooth trajectory adaptation. Additionally, the authors propose incorporating 

a "reactivity layer" within the Safe Corridor generation itself, making the corridors themselves 

adaptable to moving obstacles without complete replanning, by incorporating sensor input in 

the corridor formation process. This is because a new polytopic decomposition can be 

performed in less than a second, even in complex and cluttered environments. 

4.2.3 Graph-based exploration planner (GB-planner) 

In their work, Graph-based Subterranean Exploration Path Planning using Aerial and 

Legged Robots [20], the authors propose an approach employing path planning specifically 

designed for robotic exploration in large-scale, tunnel-like, underground networks, enabling 

efficient and safe navigation. GBPlanner 2.0 is an extension of their previous work on a 

Graph-Based Exploration Planner. The new planner presents improved computational 

performance and better handling of positive and negative obstacles for ground robots. The 

planner does not require any prior knowledge of the environment other than the general 

bounds of the volume to be explored. 

Graph Representation 

Much like in RRT*, graph nodes are placed in random locations of the subterranean 

environment, in close vicinity to the robot which is performing the exploration. Nodes that are 

placed on obscured locations or on obstacles are discarded, while the rest of the nodes are 

connected to form a tree-like structure which depicts potential paths from the robot to each 

node. Ground traversability is also considered as a constraint during this process. The graph 

representation simplifies the complex 3D environment into a structured and easily 

analyzable format. 

Exploration Gain Metrics 

To guide the robot's decision-making, various metrics are assigned to graph nodes. These 

metrics quantify the potential information gain associated with exploring a specific node. 
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Nodes that lie near uncharted territories are ranked higher in terms of explorational value. 

Metrics reflecting terrain difficulty, narrow passages, or potential hazards are also introduced 

to influence path selection for safe navigation. The robot iteratively calculates the 

explorational value of all the nodes in the so-far explored map. It then decides which node to 

visit next, based on its explorational value and the length of the path it must take to get 

there.  

 
Figure 4-14: A graph representation is used to describe free space [20]. Frontiers and Home Location 

affect the robot's (blue triangle) decision making process. 

Nodes that held great explorational value but have not been visited due to their distance 

from the robot are saved as frontiers. A frontier in explorational path planning is defined as 

the boundary between known and unknown space in a map. It can be visualized as the edge 

of the explored area, where information about the environment is still missing. The robot 

knows the path from its position to all explored frontiers at any moment. It decides to visit 

nodes close to a frontier if there are no new nodes in its vicinity with a high enough 

explorational value. 

The authors of GBplanner2.0 specifically employ two separate exploration gain metrics; 

one for the local planner and one for the global planner. Both approaches utilize a volumetric 

gain calculation algorithm. The proposed method for calculating volumetric gain leverages 

ray casting. Given the robot's current pose and a specific 3D sensor model, the algorithm 

identifies: 

Unknown space: The unmapped portion of the environment. 

Sensor frustum: This represents the cone-shaped volume which represents the sensorôs 

field of view. 

Voxels: The environment is discretized into small, 3D cubes called voxels. 

The algorithm then performs the following steps: 

Ray Casting: For each direction within the sensor frustum, a ray is cast from the robot's 

position into the unknown space. 

Voxel Intersection: Each ray is checked for intersections with voxels in the unknown space. 

Traversable Voxels: The number of intersected voxels is identified, representing the 

potentially traversable volume within the sensor's field of view. 

This approach provides a computational and efficient estimation of the unmapped volume 

accessible to the robot, aiding in exploration gain estimation. In particular, given a path „ᶰ

  ȟὭ ρȟȣȟὲ, - where   is the set of all shortest path in the map- , with number of vertices 
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ά  and a set of vertices ὺᶰ„ ȟὮ ρȟȣȟά  along the path, the equation that describes the 

exploration gain estimation process for the local planner is the following: 

 
╔●▬■▫►╪◄░▫▪╖╪░▪Ɑ░  ▄♬╢╢Ɑ░ȟⱭ▄●▬ ╥▫■◊□▄◄►░╬╖╪░▪○▒

░▄♬╓╓○
░ȟ○▒
░

□░

▒

 ȟ (4-9) 

where Ὓ„ȟ„ ȟὈὺȟὺ  are weight functions with tunable factors ‎ȟ‎ πȢ In addition, 

Ὀὺȟὺ  is the cumulative Euclidean distance from a vertex ὺὮ
Ὥ to the root ὺρ

Ὥ along the path 

„. This promotes efficient exploration by prioritizing paths that require minimal robot travel 

distance but at the same time maximize the anticipated information gain (e.g., unmapped 

space coverage) per unit travel distance, leading to a faster exploration rate. Similarly, the 

equation that describes the exploration gain estimation process for the global exploration 

planner is: 

 ╖■▫╫╪■╔●▬■▫►╪◄░▫▪╖╪░▪╖○╖ȟ░
╕

╣○╖ȟ╬◊►ȟ○╖ȟ░
╕ ╥▫■◊□▄◄►░╬╖╪░▪○╖ȟ░

╕ ▄Ⱡ╓╓○╖ȟ╬◊►ȟ○╖ȟ░
╕
ȟ  (4-10) 

where Ὂ symbolizes a frontier, Ὃ symbolizes the combination and clustering of all graphs on 

the map, called the global graph and ╣○╖ȟ╬◊►ȟ○╖ȟ░
╕  is the estimated remaining exploration 

time if the planner chooses to go from the current vertex (ñcurò) to the frontier vertex ○╖ȟ░
╕ . 

The Ὕ parameter is derived by approximating the robot's Remaining Endurance Time (RET) 

and subtracting the Estimated Time of Arrival (ETA) required for the two following traversals:  

1. Travel from the current vertex to the designated vertex (○╖ȟ░
╕ ). 

2. Return travel from the designated vertex (○╖ȟ░
╕ ) back to the home location (ὺȟ ). 

Thus, the above becomes: 

 ╣○╖ȟ╬◊►ȟ○╖ȟ░
╕ ╡╔╣╔╣═○╖ȟ╬◊►ȟ○╖ȟ░

╕ ╔╣═○╖ȟ░
╕ȟ○╖ȟ▐▫□▄ (4-11) 

 

Conceptually, this value represents the tentative volumetric gain achievable within the 

remaining time Ὕ if the exploration planner decides to explore frontier ○╖ȟ░
╕ . This gain is an 

estimate of the unmapped space the robot can potentially cover during this timeframe, given 

its energy consumption constraints. 

Search Algorithms & Multi-level Planning 

Efficient algorithms traverse the graph, selecting paths that optimize a combination of these 

exploration gain metrics while adhering to robot constraints like battery life, maneuverability, 

and communication range. To address large-scale environments, hierarchical planning 

approaches are often employed. A high-level planner creates a coarse roadmap in the 

formed graph using simplified models, while a lower-level planner refines the path within 

specific regions based on detailed sensor data for safe and efficient exploration. This 

technique is known as multi-level planning. In their work, the authors of GB-planner 2.0 

utilize multi-level planning not only by employing both a global and a local planner but also 
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by employing a different exploration gain metric for each planning level, as shown in the 

previous paragraph. 

4.3 Comparison and Decisions 

For robot navigation within a vineyard, path planning approaches must address the unique 

spatial structure and constraints of this environment. A spline-based planner, like the ewok 

planner, while efficient for simple trajectories, is unsuitable for navigating across multiple 

vineyard rows due to its limited global planning capabilities. Obtaining a path that allows for 

multi-row scanning with a mobile robot, while simultaneously avoiding obstacles is a process 

that demands using both a global and local planner.  

An exploration-based planner designed for dynamic environments, such as GB-planner, 

would work in most environments, complex or simple. However, it becomes redundant in the 

mostly static context of a vineyard. Pre-mapping the vineyard allows for a more efficient 

approach, eliminating the need for re-exploring the vineyard every time the robot is tasked 

with a new inspection procedure. Creating an accurate 2D representation of the vineyard 

and providing it as input for the utilized planner is the most efficient approach. In addition, 

finding the optimal path through the entire explored environment can be computationally 

expensive for large-scale scenarios, when using GB-planner. 

Therefore, after evaluating various path planning packages, the Sequential MPC 

Reactive Planning using Safe Corridors was selected based on its suitability for our specific 

use case. Unlike the Ewok planner or the GB-planner, this planner combines the ability of 

planning trajectories that allow the robot to traverse multiple rows, with the addition of 

efficient optimal path estimation and dynamic obstacle avoidance. The free corridors aspect 

matches the inherent corridor-like structure of vineyard rows, enabling fast and reliable 

polytope calculation and free space estimation, leading to safe robot movement. 
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5 Vision System 

For agricultural robots tasked with vineyard inspection, the hardware comprising the 

perception system is crucial. This system enables the robot to navigate, identify obstacles, 

and accurately assess vine health. Its importance stems from the inherent complexity of the 

vineyard environment: dense foliage, varying lighting conditions, and potential presence of 

pests and diseases demand precise and reliable data acquisition. However, the 

effectiveness of this system hinges not just on the choice of sensors, but also on their 

optimal positioning on the robot and their integration with the computing platform. Carefully 

selecting sensors tailored to the specific inspection needs, strategically placing them for 

comprehensive coverage, and ensuring compatibility with the processing power of the 

embedded platform are all essential for a successful vineyard inspection robot. Only through 

a meticulously designed perception system can an agricultural robot achieve the level of 

awareness and adaptability required to navigate and analyze the dynamic tapestry of the 

vineyard. 

5.1 Sensing 

Standard digital cameras output images as a 2D grid of pixels. Each pixel has values 

associated with it ïRed, Green, and Blue, or RGB. Each attribute has a number from 0 to 

255, so black, for example, is (0,0,0) and a pure bright red would be (255,0,0). Thousands to 

millions of pixels together create the kind of photographs we are all very familiar with. To 

produce a 3D reconstruction of the surrounding environment, on the other hand, pixels 

which have a different numerical value associated with them are needed. That number is the 

distance from the camera, or depth. The three most prominent technologies that are 

commonly utilized for capturing depth are lidar sensors, depth camera sensors and standard 

digital cameras utilized for photogrammetry. It was necessary to carefully consider the 

strengths and weaknesses of each technology to reach an informed decision about the 

perception system for our robot. 

5.1.1 Lidar Sensors 

LiDAR, an acronym for Light Detection and Ranging, operates like an echolocation 

system for light. It emits pulsed laser beams and measures the time it takes for the reflection 

to return, calculating the distance to objects in its environment. This precise method creates 

highly detailed 3D point clouds, offering valuable insights for diverse applications. Currently, 

two main types of LiDAR sensors dominate the scene: mechanical and solid-state.  

Mechanical LiDAR sensors 

Mechanical LiDARs utilize laser beams guided by rotating mirrors to scan their surroundings, 

offering high accuracy but require moving parts which can cause potential wear and demand 

energy to move. In addition, mechanical LiDARs scan the visible scene point by point, 

gradually building a 3D reconstruction. This can lead to "jitter" if the scene or sensor moves 

during a single scan. A LiDAR ego-motion correction method must be used to mitigate this 

error [90].  



 

 
77/156 

 
Figure 5-1: 3D arrangement of a typical LiDAR sensor [91]. 

Solid-state LiDAR sensors 

Solid-state LiDARs, on the other hand, eliminate moving parts and promise increased 

reliability, durability, and energy efficiency. The three most prominent types of Solid-state 

LiDARs are Flash LiDARs, MEMS-based LiDARS and optical phased array LiDARs. 

Flash LiDAR is a technology that illuminates the entire scene in a single pulse by 

diverging a laser beam, unlike conventional LiDAR's point-by-point scanning. Both 

technologies use time-of-flight sensors to measure how long the laser takes to bounce back, 

revealing distances. But while conventional LiDAR uses a single point sensor, Flash LiDAR 

employs an array of pixels, each recording distance and intensity. The result can be 

described as taking a 3D photo, not with color, but with distance as the detail. The utilization 

of an instantaneous pulse (flash) means that these LiDARs can capture high-resolution 3D 

images smoothly, without jitter, even in dynamic scenes. However, the powerful burst must 

be eye-safe, limiting wavelengths and driving up costs. Standard image sensors can't easily 

read these wavelengths, demanding expensive gallium-arsenide alternatives [92]. 

While not entirely solid-state due to rapidly spinning silica-based mirrors, 

Microelectromechanical Mirrors (MEMS) LiDARS offer benefits in size and cost that are 

comparable to Flash LiDARS. They employ a single laser directed at a tiny, rapidly rotating 

mirror that scans the scene like a high-speed kaleidoscope. However, MEMS scanners 

primarily operate in one direction (left-to-right). Creating a 2D scan typically requires an 

additional mirror moving up-down or another laser at a different angle. Also, vibrations and 

shocks can disrupt the delicate MEMS mirror, potentially requiring recalibration [93]. 

The third family of solid-state LiDARS, phased array LiDARS, can illuminate any 

direction by using a microscopic array of individual antennas. Controlling the timing (phase) 

of each antenna steers a cohesive signal in a specific direction. This technology has been 

employed in conventional radars since the 1940s. The same technique can be used with 

light and promises lower cost and higher efficiency than mechanical LiDAR sensors without 

sacrificing robustness or 3D data quality.  
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Figure 5-2: (a) A flash LiDAR with diffused light; (b) The principle of an optical phased array (OPA) 

scanner; (c) A LiDAR motorized spinning scanner; (d) A microelectromechanical mirrors 
(MEMS) laser scanner [94]. 

5.1.2 Depth Cameras 

Depth cameras play a crucial role in perceiving the 3D world, offering valuable insights for 

various applications. Two main technologies dominate this field: stereo depth cameras and 

structured light depth cameras.  

Stereo cameras, inspired by human binocular vision, employ two lenses capturing 

slightly offset images. Sophisticated algorithms analyze these images and detect specified 

geometric features within them. They calculate depth based on the parallax shift between 

corresponding features. This process is known as triangulation. Stereo cameras excel in 

good lighting conditions and provide rich texture information, but accuracy can be sensitive 

to image quality and object texture.  

 
Figure 5-3: Stereo Depth Estimation. Objects further away from the stereo camera pair produce larger 

disparity [95]. 

Structured light depth cameras project a known pattern (e.g., infrared dots) onto the 

scene. The camera then analyzes the deformation of the pattern on objects to calculate 

depth. This method shines in low-light situations and works reliably on featureless surfaces 

but struggles with specular reflections and suffers lower overall accuracy compared to high-

end stereo depth cameras or LiDAR sensors. Another drawback of structured light cameras 

is that, contrary to stereo cameras, there are limits to how many of them you can use in a 

particular space ï the cameras might interfere with each other by projecting light into one 

anotherôs field of view.  
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Figure 5-4: Structured Light projected on a sphere [96]. 

5.1.3 Photogrammetry 

Photogrammetry is a well-established 3D reconstruction technique [97]. It utilizes sets of 

overlapping images to reconstruct 3D models. This process also hinges on the geometric 

principle of triangulation, where corresponding points in multiple images are identified and 

used to calculate the 3D position of those points. Unlike stereo depth estimation, however, 

where the baseline distance between the two camera lenses is known, in photogrammetry a 

virtual baseline distance regarding two consecutive images is not known, but it is rather 

estimated based on optical flow computer vision techniques.  

Photogrammetry is a broader term encompassing the entire process of creating 3D 

models from images. It includes not only the geometric reconstruction of the scene but also 

calibration of the cameras, texture mapping, and other post-processing steps. A term closely 

related to photogrammetry is Structure from Motion (SfM). SfM focuses specifically on the 

geometric reconstruction aspect. It relates to the algorithms that receive a set of images as 

input and automatically estimate the 3D structure of the scene and the camera poses 

(positions and orientations) without requiring any prior knowledge about the cameras or the 

scene geometry.  

5.1.4 Comparison and Decisions 

Each 3D sensing technology boasts unique strengths and weaknesses tailored to specific 

applications. LiDARS are so far unrivaled in accuracy and range, and they offer precise 3D 

representation, even over long distances. However, its high cost, high energy demands, as 

well as the inability to apply texture or color to the 3D models it produces, create significant 

hurdles for resource-constrained projects that require photo-realistic reconstruction.  

Depth Cameras offer a balance between affordability and performance and provide real-

time depth information at a significantly lower cost than LiDAR. While accuracy and range 

might be lower, they excel in compactness and weight, making them ideal for mobile 

platforms like legged or wheeled robots. They also produce colored point clouds and capture 

RGB images that can be used to add realism to the reconstructed depth map. Nevertheless, 
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their performance can be affected by lighting conditions, target surface reflectivity and lack 

of visual features in the environment. 

Photogrammetry leverages conventional cameras and boasts exceptional texture and 

color capture, enriching 3D models beyond just depth. Additionally, its scalability allows for 

capturing objects of varying sizes. However, reconstruction accuracy can be lower, and 

computational demands are significant. Additionally, good lighting and texture variations are 

crucial for accurate results. Poor lighting and texture conditions can lead to both coloring 

errors and errors in the reconstructed geometry. 

 
Figure 5-5: Radar Graph illustrating each sensor's strengths and weaknesses. 

For our vineyard inspection robot, depth cameras emerged as the optimal choice. Cost 

effectiveness was an important factor. Depth cameras are more affordable than LiDAR 

sensors, allowing us to place more sensors on the robot and achieve greater coverage for 

the same budget. In addition, color information is crucial for analyzing vine and grape health, 

and depth cameras provide sufficient detail for this purpose. Also, as the robot operates 

within proximity to the vines, the limited range of depth cameras didn't pose a significant 

challenge. Lastly, real-time processing requirements, as well as varying light conditions and 

robotic ego-motion would significantly affect photogrammetry accuracy.  

As the project evolves, future iterations may explore integrating other technologies like 

LiDAR if the need for higher precision 3D models arises. However, for the current stage of 

vineyard inspection, depth cameras offer a powerful and cost-effective solution. 

5.2 Processing Unit 

The selection of an appropriate computing platform to host perception systems for 

agricultural robots presents a critical challenge, as the optimal choice hinges on a delicate 

balance between various factors. Five distinct categories of platforms have been evaluated 

for the proposed system: microcontrollers, single-board computers (SBCs), mini computers, 

and workstations. Each platform has been assessed based on a comprehensive set of 
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criteria crucial for mobile robot applications: performance, interface, power consumption, 

weight, and price. This analysis has drawn upon established benchmarks, technical 

specifications, and relevant research findings to ensure an objective and data-driven 

evaluation.  

5.2.1 Performance Metrics 

Evaluating the performance of a computing platform is not a simple task. Computers perform 

differently across different applications, even under the perception umbrella. It is, however, 

essential to define specific metrics for performance to employ a scientific lens and culminate 

in a well-reasoned recommendation for the most suitable solution. In the context of this 

analysis, the following quantities have been utilized to measure performance: 

¶ CUDA (Compute Unified Device Architecture) Cores: These specialized cores, found in 

NVIDIA GPUs, excel at parallel processing tasks, making them well-suited for deep 

learning algorithms employed in perception systems. Their efficiency in handling multiple 

calculations simultaneously translates to faster processing and real-time performance. 

CUDA Cores are the Nvidia GPU equivalent of CPU cores [98]. 

¶ Tensor Cores: These newer cores, also found in NVIDIA GPUs, specifically enhance the 

speed of AI training by enabling mixed-precision calculations. This means they can 

handle lower-precision data formats (e.g., FP16) alongside high-precision data while 

maintaining accuracy, significantly accelerating the training process for your perception 

system's neural networks [99]. 

¶ FLOPs/TOPS: These metrics directly quantify the processing power of a platform. 

FLOPs (Floating-point Operations Per Second) measure the number of floating-point 

calculations, while TOPS (Total Operations Per Second) encompass a wider range 

including integers and other data types. While FLOPs were traditionally used, the advent 

of Tensor Cores has shifted the focus to TOPS, as mixed-precision training often 

benefits from lower-precision operations [100], [101]. 

¶ VRAM (Video RAM): This specialized memory holds graphics data crucial for real-time 

graphics processing applications. In the context of a perception system, it stores 

information like depth maps, shadow maps, texture maps and other intermediate results 

generated by the processing units. Having sufficient VRAM ensures smooth and efficient 

processing of visual data. 

Beyond the Numbers: 

5.2.2 MicroControllers 

While microcontrollers boast undeniable advantages in terms of power consumption, weight, 

and price, their suitability for a mobile robot's perception system demands careful evaluation. 

This subchapter dives into the key characteristics of microcontrollers, highlighting their 

strengths and limitations in the context of perception tasks. 

¶ Performance: Microcontrollers are champions of efficiency, specializing in dedicated, 

real-time tasks with minimal computational overhead. However, this very strength 

presents a significant hurdle for perception systems. They usually lack dedicated 

floating-point math units which renders them incapable of handling the complex 

computations required for algorithms like convolutional neural networks or spatial 

mapping. The resulting performance limitations can make them unsuitable for the 

demanding requirements of perception systems in mobile robots. 



 

 
82/156 

¶ Memory: Microcontrollers prioritize compact footprints, resulting in severely limited 

memory resources. Typically offering only a few megabytes of RAM, they fall far short of 

the memory requirements for processing visual data and constructing spatial maps. This 

constraint effectively bars them from consideration for perception applications. 

¶ Interface: The miniature size of microcontrollers comes at the cost of standard 

interfaces. USB ports, often used for camera and LiDAR connections, are scarce, 

requiring custom solutions using serial communication pins. Additionally, their 

programming often demands specialized tools and knowledge, deviating from common 

operating systems used in perception systems. 

¶ Power Consumption: Microcontrollers excel in minimizing power draw, consuming 

mere milliwatts. This makes them ideal for applications where battery life is paramount. 

However, the computational platform of a mobile robot is often one the least power 

consuming modules on the robot accounting for only a small portion of its total power 

usage. 

¶ Weight: Microcontrollers reign supreme in the weight category, typically weighing only a 

few grams. This minimal footprint makes them attractive for robots prioritizing agility and 

maneuverability, like UAVs or small rovers. 

¶ Price: Microcontrollers boast affordability, with most models costing under $100. This 

price advantage makes them attractive for cost-sensitive projects. However, the trade-off 

in performance and capabilities must be carefully considered before deciding. 

 
Figure 5-6: Some of the most popular Microcontrollers. 

5.2.3 Single-Board Computers (SBCs) 

Single-Board Computers (SBCs) offer an intriguing proposition for a mobile robot's 

perception system, balancing compact size with significant performance gains over 

microcontrollers. This subchapter delves into their key characteristics. 
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¶ Performance: The advantage of SBCs lies in their diversity. Performance varies greatly, 

with some SBCs exceeding microcontrollers by orders of magnitude and others 

approaching the capabilities of mini-computers. Options capable of processing several 

TFLOPs (Trillion Floating-point Operations Per Second) are widely available, while high-

end SBCs harness Tensor Cores to reach impressive 275 TOPS (Total Operations Per 

Second) [102].  

¶ Interface: Despite their compact size, SBCs are surprisingly well-equipped. They boast 

multiple USB ports, Ethernet connections, and often HDMI outputs, enabling 

compatibility with diverse cameras, LiDAR sensors, and displays. Furthermore, their 

support for common operating systems like Linux and Windows allows for leveraging 

existing software packages or developing custom solutions with relative ease. While 

some hardware-specific tweaks might be necessary depending on the chosen SBC 

architecture, the level of flexibility they offer far surpasses microcontrollers. 

¶ Power Consumption: One of the key strengths of SBCs is their power efficiency. Even 

the most powerful options typically consume only tens of watts, significantly less than 

mini-computers or workstations. This translates to longer battery life for the agricultural 

robot, a crucial factor for extended operation. However, higher performance often comes 

at the cost of slightly increased power draw, so specific workloads must be carefully 

considered before selecting. 

¶ Weight: While not as light as microcontrollers, SBCs remain relatively lightweight, 

typically ranging from 100 grams to slightly over 1 kilogram. This balance between 

portability and processing power makes them ideal for robots where maneuverability and 

computational capabilities are equally important, like legged robots or rovers. 

¶ Price: Simple SBCs catering to basic tasks can be found for under $100, making them 

an attractive option for budget-conscious projects. However, as performance and 

processing power increase, so does the price tag. SBCs capable of handling AI and 

vision applications typically range from $100 to $3,000, requiring careful consideration of 

budget and performance requirements. 

 

 
Figure 5-7: Some of the most popular SBCs. 
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Table 4-1 presents three popular SBCs compared to an Nvidia GeForce RTX 3070 mobile 

graphics card for intuition purposes, as a standalone graphics card cannot support common 

operating systems. For that, a motherboard hosting a CPU, RAM and the graphics card 

must be used. 

Table 5-1: Popular SBCs currently in the market. 

Specification 
Google Coral Dev Board 

(4GB) [103] 

Jetson 
AGX Xavier 

(64GB) 
[104] 

Jetson 
AGX Orin 
(64 GB) 

[102]  

Nvidia 
GeForce 

RTX 
3070 [10

5] 

AI performance 4 TOPS 32 TOPS 275 TOPS 
~ 200 
TOPS 

Cuda Cores n/a 512 2048 5888 

Tensor Cores n/a (dedicated TPU) 64 64 184 

Memory 4 GB RAM 
64GB 
shared 

64 GB 
shared 

8GB 
VRAM 

Storage 8 GB eMMC + 64GB 
expandable 

64GBeMMC 64GBeMMC n/a 

Power 5W 10W-30W 15W-60W 
115W 

(Laptop) 

OS Linux Mendel 
Ubuntu 
based 

Ubuntu 
based 

any 

Weight 250g 
630g (with 

fan) 
1580g (with 

fan) 
~1kg 

(with fan) 

Price ~175ú ~1600  ~2400  ~500ú  

5.2.4 Mini-PCs 

Mini PCs offer an alternative path, bridging the gap between compact SBCs and powerful 

workstations. This subchapter explores their key capabilities and limitations. 

¶ Performance: Mini PCs occupy the middle ground in terms of processing power. They 

harness components typically found in laptops or even desktops, albeit in compact 

versions often lacking dedicated cooling systems. While this grants them significant 

performance gains over SBCs, thermal limitations can emerge under sustained 



 

 
85/156 

workloads. The thermal management capabilities of any mini-PC must be evaluated 

carefully to ensure it can deliver consistent performance for the perception system's 

demands. 

¶ Interface: One of the key advantages of mini-PCs lies in their seamless integration with 

existing infrastructure. They function like traditional PCs, supporting common operating 

systems and software packages out of the box. This minimizes the need for extensive 

hardware or software modifications, allowing the usage of established tools and 

development environments. Additionally, they typically offer a wide range of ports similar 

to full-sized PCs, ensuring compatibility with diverse sensors and devices. 

¶ Power Consumption: Compared to full-sized desktops, mini-PCs boast improved power 

efficiency. However, they are significantly less power-efficient than SBCs. The presence 

of dedicated graphics cards, often crucial for AI and vision applications, alone pushes 

power consumption above 100 watts. Including separate RAM and CPU units can raise 

total consumption under load to over 200 watts. The robot's battery life and operating 

environment must be carefully considered when evaluating this trade-off. 

¶ Weight: While not bulky, mini-PCs are heavier than SBCs, typically ranging from 1.5 to 

slightly over 2 kilograms. This increased weight might impose limitations on robots 

prioritizing maximum agility or operating on weight-sensitive platforms. 

¶ Price: Basic mini-PCs, lacking dedicated GPUs, offer attractive affordability, readily 

available for under 900ú. However, for AI and vision applications requiring hardware 

acceleration, the costs escalate. Integrating an external graphics card or opting for a 

mini-PC with a built-in laptop GPU pushes the price closer to 2000ú.  

Table 4-2 presents three popular mini-PCs compared to an Nvidia GeForce RTX 3070 

mobile graphics card for intuition purposes. 

Table 5-2: Popular Mini-PCs currently in the market 

Specification  

MinisForum 
UM700 (16GB) 

[106] 

11th Gen Intel NUC 
+ Nvidia 3070 EGPU 

(64GB) [107] 

Zotac 
MAGNUS 

EN173070C 
[108] 

Nvidia 
GeForce 
RTX 3070 

[105] 

AI 
performance 

3 TFLOPS1 
<150TOPS(usbc 

bottleneck) 
>200 TOPS 

~ 200 
TOPS 

Cuda Cores n/a 5888 5888 5888 

Tensor Cores n/a 184 184 184 

Memory 
16 GB RAM 
(max 32GB) 

64GB shared 
64 GB/8 GB 

VRAM 
8GB VRAM 

Storage 256 GB 
(expandable) 

64GBeMMC 
2 SSD slots 
expandable 

n/a 
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Power 65W 10W-30W + 90W 150W-220W 
60W - 
115W 

(Laptop) 

OS Any Ubuntu based any any 

Weight 500g 504g + 4kg 1.8kg 
~1kg (with 

fan) 

Price ~430ú 
~1100ú (NUC 
barebone is 460ú) 

~2000ú ~500*ú 

5.2.5 Laptops 

While laptops share many similarities with mini-PCs in terms of performance, interface, and 

price, their inherent form factor presents both advantages and disadvantages for mobile 

robot applications. On the positive side, laptops offer readily available hardware 

configurations, diverse port options, and familiar operating systems, streamlining integration 

and development. Additionally, their built-in batteries provide some level of independent 

operation, potentially beneficial for short-term deployments. 

However, their larger size and weight significantly impact a mobile robot's 

maneuverability and energy efficiency. The constant demand for external power limits their 

operational range, and heat dissipation becomes a critical concern, often requiring active 

cooling systems that further increase weight and power consumption. Furthermore, their 

ruggedness and protection against environmental elements might require additional 

modifications, adding complexity and cost. Last, their screen accounts for a great part of 

their total power consumption. 

5.2.6 Comparison and Decision 

Having analyzed various computing platforms for our mobile robot's perception system, we 

arrived at a compelling choice: the NVIDIA Jetson AGX Orin, an SBC (Single-Board 

Computer).  

Microcontrollers, while boasting exceptional power efficiency and minimal weight, were 

ultimately disqualified by their limited performance and memory, rendering them incapable of 

handling the complex computations required for real-time perception applications. Mini PCs, 

while offering increased performance and familiar interfaces, presented challenges in terms 

of power consumption and weight, potentially hindering the robot's agility and operational 

range. Laptops, despite their versatility, were deemed unsuitable due to their inherent bulk 

and limited battery life, compromising the robot's portability and independence. 

SBCs emerged as the ideal compromise, balancing performance with portability and 

efficiency. Their diverse range allows for tailored selection based on specific needs, and 

their compact size minimizes weight concerns. The NVIDIA Jetson AGX Orin, specifically, 

stood out amongst SBCs due to its exceptional capabilities. Figure 5-8 illustrates a 

comparative analysis which underscores the Orin's suitability for real-time applications. Orin 

features both NVIDIA cores and Tensor Cores, delivering exceptional processing power for 

demanding perception and machine learning tasks. Despite its impressive performance it 
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maintains moderate power consumption, ensuring longer operation and compatibility with 

battery-powered robots. The SBC's small form factor and light weight minimize its impact on 

 
Figure 5-8: Bar graph illustrating the relationship between performance and other features for the top 

platform of each category. 

the robot's mobility and agility. The Orin offers a wide range of ports and connectivity 

options, enabling seamless integration with various sensors and devices. It can not only host 

all ZED depth cameras, but it also allows for connectivity with the ZED X mini depth camera, 

one of Stereolabs latest additions to its plethora of cameras. Additionally, the NVIDIA 

ecosystem provides extensive development tools and resources, streamlining the 

implementation and optimization of perception and machine learning algorithms.  

By leveraging the NVIDIA Jetson AGX Orin's strengths, any mobile robot can be 

efficiently empowered with a perception system capable of real-time obstacle detection, 

navigation, and environment understanding.  

5.3 Field of View Visualization and Lidar Resolution Analysis Tool 
(FoVaLiRa) 

The process of designing a perception system for a robot involves deciding not only what 

sensors are going to be used but also what their position and rotation on the robot will be. 

The ability to visualize the combined field of view produced by camera and lidar sensors on 

the robot in simulation assists with such design decisions. While several online tools 
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visualize field of view (FOV), they lack the detail, realism, and versatility necessary for 

effectively comparing diverse 3D perception system designs. Consequently, we opted to 

develop our custom FOV visualization tool within the Unity game engine. This tool facilitates 

informed design decisions regarding blind spots, coverage, and resolution for both depth 

cameras and LiDARs, commonly employed for 3D mapping on mobile robots. 

5.3.1 The Scene 

Unity 

The Unity Development Platform was used to create the 3D simulated environment and 

code the behavior of the sensors in it. Unity was chosen over other simulators for several 

reasons: 

¶  Unity currently supports over 25 different platforms making it a cross-platform engine. 

[109] 

¶ As of 2020, Unity-made applications were used by 2 billion monthly active users, with 1.5 

million monthly creators [110]. The vast community behind Unity enables developers to 

ask questions and quickly find solutions to their issues. 

¶ Unity is lately transitioning to Robotics, AI and simulation applications with new and 

actively supported packages [111]. 

¶ Unity provides a visually intuitive and user-friendly development environment, allowing 

researchers and developers with varying levels of programming expertise to create and 

interact with simulations. This can be particularly beneficial for future projects in CSL 

requiring rapid prototyping and iterative design, where quick visualization and 

modification of the simulated environment are crucial. 

¶ Unity offers a vast library of pre-built 3D assets and environments, encompassing 

various objects and scenarios relevant to agriculture and mobile robotics. Additionally, its 

robust physics engine enables realistic simulation of object interactions, force dynamics, 

and sensor responses within the virtual environment, further enhancing the validity and 

reliability of the simulation for research purposes. 

Simulated Vineyard 

Within the Unity platform, we constructed a 3D simulated vineyard scene reflecting typical 

viticulture practices in Greece. The scene incorporates essential vineyard row parameters, 

including an inter-plant spacing of approximately 1 meter and a minimum grape height of 

0.60 meters. Virtual grape clusters are modeled as capsules, while the vine canopy exhibits 

a realistic density, leading to diverse visibility conditions. Specifically, a portion of the grapes 

are partially obscured by leaves, while others are situated in the foreground plane. The 

vineyard layout comprises two parallel rows, each measuring 4 meters in length, situated on 

even terrain. 

Figure 5-9 illustrates the scene that a user views after downloading, installing, and launching 

the developed Unity Project. To the left of the scene tab, on the Hierarchy tab, the user can 

see that the vines are registered as Vine Trees under the Obstacles object category. On the 

scene tab, within the branches of the vines, the user can observe the blue capsules that 

represent grape clusters and are registered as targets on the Hierarchy tab, as those are the 

objects of interest for the robot. 
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Figure 5-9: The default starting scene in Unity. 

In the Hierarchy tab, some object names can be seen in fainted white color. These 

objects are also present in the scene but they are deactivated. The user can select any of 

these from the Hierarchy tab. Thus, the Inspector tab on the right side of the window will 

display information about the selected object. To activate the selected object, the user can 

check the checkbox near the name of the selected object in the Inspector tab. 

 
Figure 5-10: Activating and Deactivating an Object 

The objects that are deactivated by default are the Spot robot model and three objects 

labeled as Sensors. The Spot robot model can be used as an alternative to the Laelaps 

robot model. The Sensors represent lidar (or camera) sensors and are by default placed on 
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the sides and on the front face of the Lealaps robot model. Activating the three objects 

labeled as Sensor, Sensor (1) and Sensor (2) and clicking on play to run the simulation - the 

play and pause buttons are on the middle of the Unity toolbar on the top of the screen - will 

start the visualization of each sensorôs field of view. Figure 4-11 illustrates the running 

visualization for this configuration.  

     
Figure 5-11: The scene while running the visualization. 

5.3.2 Configuration 

The user can configure several parameters to simulate different sensor setups. The list of 

parameters that can be configured for each sensor is as follows: 

position(x,y,z) : The position of the sensor in the scene, relative to the laelaps robot 

transform. Values are in decimeters. 

rotation(x,y,z) : The rotation of the sensor in the scene, relative to its own transform. Values 

are in degrees. 

View Radius: The range of the lidar while scanning horizontally (or max range for camera). 

View Angle: The horizontal view angle of the lidar (or camera). 

Vertical View Radius: The range of the lidar while scanning vertically (or max range for 

camera). 

Vertical View Angle: The vertical view angle of the lidar (or camera). 

Mesh Resolution: Number of rays cast for each horizontal mesh divided by the horizontal 

view angle in degrees (See section "How it was made" for more intuition). 

Horizontal Offset Resolution: Number of horizontal meshes to be cast, divided by the 

vertical view angle in degrees (See section "How it was made" for more intuition). 

Vertical Mesh Resolution: Number of rays cast for each vertical mesh divided by vertical 

view angle in degrees (See section "How it was made" for more intuition). 

Vertical Offset Resolution: Number of vertical meshes to be cast, divided by the horizontal 

view angle in degrees. (See section "How it was made" for more intuition). 

Edge Resolve Iterations: Binary search iterations to resolve the "edge problem" (See 

section "How it was made" for more intuition). 

Edge Distance Threshold: Minimum distance at which an obstacle would be considered to 

be too far to be accounted for the resolution of the "edge problem" (See section "How it was 

made" for more intuition). 

There are two ways to easily set the position and rotation of the sensors on the scene 

as well as to configure the sensor parameters: One is through modifying the instantiation.txt 
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file located in the project folder. The other is using the Unity Editor to directly edit the scene 

and the sensor parameters. 

Configuration using the instantiation file 

The "instantiation.txt" file is located inside the project folder. Essentially, the instantiation file 

represents an array. The elements of the array inside each row are separated by commas 

as the file is in csv format. The first row contains the headers of each column. Each row 

added after the first will cause the instantiation of a new sensor on the scene. The new 

sensorôs parameters will be the elements of the new row in correspondence with the 

headers. As an example, the "typical_instantiation.txt" can be used to instantiate three 

sensors on the lealaps robot, at predefined positions and rotations. These sensors are also 

parameterized arbitrarily. To try the instantiation file, the user can copy the contents of 

"typical_instantiation.txt" inside the "instantiation.txt" file, deactivate the preexisting sensors 

in the scene and run the simulation. If the "instantiation.txt" file cannot be edited while the 

Unity Development Platform is open, then the user might need to close it when editing and 

then open it again to run the simulation. 

Configuration using the Unity Editor 

In the unity editor, the user can activate, deactivate, or duplicate the preexisting sensors 

Sensor, Sensor (1), Sensor (2), Sensor (3) and Sensor (4) which can be found in the object 

Hierarchy. Clicking on a sensor object triggers the inspector to show information about that 

object. The user can configure all the parameters by editing the field of view script for each 

sensor directly in the Inspector. In this case, the "instantiation.txt" file should be empty 

except for the first row (except, of course, if the user desires to both have sensors 

preexisting in the scene and instantiate some more sensors when starting the simulation). 

To change the position and rotation of the sensors on the scene, the user can use the move 

and rotate tools that the Unity Editor offers. To duplicate a sensor, the user can hold the óaltô 

key while translating a sensor in the scene. That will leave the old sensor object in place and 

instantiate a new one. 

Configuring the robotôs animation 

Locating the Lealaps object - which is a child of the LealapsII object - in the object Hierarchy 

and clicking on it will open the inspector tab. The animator component which controls the 

animation of the body of the lealaps robot will be active in this tab. To deactivate it, the user 

can simply click on the checkbox next to its name. The same can be done for the robotôs 

legs: Each leg has two child objects named TopLeg and BottomLeg. Both have animator 

components which can be deactivated from the Inspector tab. To access the animator 

controller for the body or any of the legs of the robot, the user can open the inspector of the 

desired object by clicking on it. Then the user can click on the name box near the controller 

variable in the animator component. An Animator window will appear. The sequence and the 

transition between animations can be controlled in this window. For now, the body executes 

a single translation animation. Each part of each leg executes a translation-rotation 

animation. The right hind and front left legs of the robot execute an idle animation before 

executing the translation-rotation animation to simulate a phase difference. To edit an 
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animation individually, the user can open the animation window (Ctrl+6 hotkey). In there, 

animations can be created and edited via the Dopesheet or the Curves tab. More 

information on creating and editing animations in the Unity Development Platform are 

provided in online documentation [112]. 

5.3.3 The FoVaLiRa development process 

Ray casting 

In the domain of computer graphics, ray casting represents a foundational technique for 

rendering three-dimensional environments onto a two-dimensional display. It simulates light 

rays originating from a specific viewpoint, typically the camera, and calculates their 

intersections with objects within the scene [113]. The closest intersection determines the 

visible portion of an object rendered onto a particular pixel. While computationally efficient 

and particularly effective in early 3D games, ray casting inherently struggles with intricate 

lighting effects and smooth object curvature. Modern rendering techniques, such as ray 

tracing, have emerged to address these imitations: Ray tracing builds upon the principles of 

ray casting but goes further by simulating the full path of light, including reflections and 

refractions, leading to superior visual fidelity [114]. However, this enhanced realism comes 

at the cost of significantly increased processing power [115]. Within the Unity game engine, 

ray casting remains a valuable tool for tasks like object selection and collision detection due 

to its efficient nature. 

FoVaLiRa employs a ray casting approach, where rays are emitted from the modeled 

LiDAR or depth camera sensors towards the simulated environment. These rays are 

organized into a grid-like structure composed of individual meshes, each representing a 

circular sector within the sensor's FOV. The user-defined grid size directly corresponds to 

the desired FOV of the LiDAR. Upon encountering a target object (e.g. grape cluster) within 

the environment, a ray triggers the extraction and return of information regarding the target's 

location. This information can be subsequently utilized for further analysis or visualization 

purposes. 

Forming a single horizontal mesh 

To understand the formation of the grid of meshes, it is simpler to first study how a single 

horizontal 2D mesh is made: Several rays are cast from the center of the sensor radially 

inside the horizontal view angles determined by the user. Figure 5-12 illustrates this from a 

top view.  
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Figure 5-12: Raycasting visualization. The sensor is the white capsule.  

Rays are in red color. Targets are blue capsules. Obstacles are orange rectangular cuboids. 

The number of rays for a given field of view angle is determined by the mesh resolution 

parameter which can be configured by the user. This parameter simulates a lidarôs resolution 

and corresponds to the modelled sensorôs ability to capture detail in the part of the scene it 

covers. The rays do not pass through obstacles. The starting and ending point of each ray 

are sequentially saved in a list as 3D points. This list is then used with Unityôs Mesh class to 

form a flat mesh. Figure 5-13 presents the formed colored mesh, cast from a sensor 

modelled with a capsule. The higher the mesh resolution parameter is set to, the denser the 

formed mesh. 

 
Figure 5-13:A continuous 2D mesh in light blue color. 
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The edge artifact 

The distance that an unobstructed ray travels, is a user-defined parameter called view 

radius. It models the sensorôs range. An edge artifact appears when the edge of an obstacle 

lies between any two cast rays. Thus, one ray hits an obstacle and the next one misses, 

ending naturally on the view radius. The two endpoints of the rays that are used to form the 

colored mesh by the mesh renderer are now forming a triangle (artifact) that passes through 

the obstacle. Figure 5-14 demonstrates that the resulting, colored mesh does not represent 

the actual field of view correctly. 

 
Figure 5-14:The edge problem can be clearly seen if the mesh resolution is lowered. 

To solve the problem, a binary search process is performed. Angles in the domain that is 

formed by the rays that cause the artifact are checked, until an angle, namely a ray direction, 

that passes closely enough to the edge, is found. Then a ray is cast in that direction. The 

more the iterations of the performed binary search, the closer the new ray will be at the real 

edge. The number of iterations can be adjusted by the user by modifying the 

EdgeResolveIterations parameter. Figure 5-15 illustrates the result. 
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Figure 5-15: Solving the edge problem with 5 binary search iterations. 

There is however a problem regarding the condition which triggers the solution of the edge 

problem. Currently, the condition is that when one ray hits an obstacle and the next one 

does not hit an obstacle, ending on the view radius, the solution of the edge problem is 

triggered. The problem is that when both rays hit, but the hit points are a large distance 

apart, the solution should be triggered, but it does not. Figure 5-16 demonstrates this issue. 

 
Figure 5-16:The binary search is not triggered and thus a falsely shaped triangle is formed in the mesh 

To solve the problem, the condition which triggers the solution of the edge problem was 

changed so that the process is triggered either when a ray hits and the next one misses 

ending on the view radius, or two consecutive rays hit and the hit points are a distance apart 

greater than the EdgeDstThreshold (parameter set by the user). Figure 5-17 shows the 

result. The produced mesh is smooth and continuous. Algorithm 4-1 contains the pseudo-

code for the edge artifact problem solution. 
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Figure 5-17:Smooth mesh after applying the edge problem solution. 

ALGORITHM 4-1 EDGEARTIFACT PROBLEM SOLUTION  

Require: (previous ray hits and next ray does not hit) or (previous ray hits and next ray 

hits and next ray endpoint distance > EdgeDstThreshold) 

Ensure: There exists a ray that passes close enough to the obstacle edge. 

  min Ŷ angleOfRayThatHit  

  max Ŷ angleOfRayThatMissed 

  i Ŷ 1 

  while i Ò EdgeResolveIterations do 

  angle Ŷ άὭὲ  

  Cast newRay with angle, min < angle < max 

  angleOfNewRay Ŷ newRay.angle 

  if  newRay hits then 

  min Ŷ angleOfNewRay 

  else 

  max Ŷ angleOfNewRay 

  end if 

  end while 

Add newRay.endpoint to the mesh 

5.3.4 Forming a 3D Mesh 

To form a 3D Mesh, multiple 2D Meshes, rotated around a determined sensor axis were 

utilized. Figure 5-19 demonstrates how rotating horizontal meshes around the sensorôs x-

axis by a specific angle (horizontal offset) simulates a lidarôs scanning slices created by the 

laserôs horizontal motion. The rotated 2D meshes are saved as a single object, a 3D mesh. 
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Figure 5-18: Creating a 3D Mesh by rotating multiple 2D meshes around the sensorôs x axis. 

To make such a 3D mesh denser, the HorizontalOffsetResolution parameter can be 

increased. Similarly, rotating vertical meshes around the sensorôs y-axis by a specific angle 

(vertical offset) simulates a lidarôs scanning slices created by the laserôs vertical motion. To 

make the 3D mesh denser, the VerticalOffsetResolution parameter can be increased. Figure 

5-19 demonstrates this. 

The rotation of each mesh is achieved by rotating the rays that are cast to create it. The 

rays need to be rotated relative to the sensorôs transformation. For each ray there is a 

vector3 variable that determines its direction. It is easier to use rotation matrices to rotate 

each vector around the desired sensor axis [116]. The matrix of a proper rotation Ὑ by angle 

— around the axis ό όȟόȟό , a unit vector with ό ό ό ρ is given by: 

 

ÃÏÓ— ό ρ ÃÏÓ— όό ρ ÃÏÓ— όÓÉÎ— όό ρ ÃÏÓ— όÓÉÎ—

όό ρ ÃÏÓ— όÓÉÎ— ÃÏÓ— ό ρ ÃÏÓ— όό ρ ÃÏÓ— όÓÉÎ—

όό ρ ÃÏÓ— όÓÉÎ— όό ρ ÃÏÓ— όÓÉÎ— ÃÏÓ— ό ρ ÃÏÓ—

 

 
Figure 5-19: (a) Creating a 3D Mesh by rotating multiple 2D meshes by the vertical y-axis.  

(b) Increasing the mesh resolution. 

To form a denser and uniform 3D mesh, the rotation of both vertical and horizontal 2D 

meshes is necessary. Rotating horizontal meshes around the sensorôs x-axis by a specific 

angle (horizontal offset) and vertical meshes around the sensorôs y-axis by a specific angle 

(vertical offset) simulates a lidarôs scanning slices created by the laserôs horizontal and 
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vertical motion. Figure 5-20a demonstrates that the resulting field of view closely resembles 

the geometry of a depth camera or lidar field of view. Figure 5-20b Illustrates a denser 3D 

mesh. To make a uniform 3D mesh denser, the VerticalOffsetResolution parameter, the 

HorizontalOffsetResolution parameter or both parameters can be increased. This type of 

field of view visualization is the most accurate of those discussed so far and was extensively 

used to assist with decisions regarding a robotôs perception system. 

 
Figure 5-20:3D meshes formed by rotating horizontal and vertical meshes. 

5.3.5 Detecting Visible Targets 

The blue capsules in the scene represent targets. Targets that are in the overall field of view 

of the robotôs perception system are marked with red color instead of blue. The information 

that a target is inside the overall field of view can be acquired in two ways: The first one is 

utilizing the rays that are cast to form the 2D meshes. A check can be run for each ray to 

determine if the ray hits a target or not. If a target is hit, it can then be marked as visible, and 

it can be added to a list containing all the visible targets. In an editor script, the red color can 

be assigned to every target in the list with the visible targets. This method simulates a lidarôs 

visibility constraints, attributed to its resolution. This method can test a lidarôs both vertical 

and horizontal resolution. Namely, as Figure 5-21 illustrates, if a targetôs dimensions are 

smaller than the dimension of a single cell in the 3D mesh grid formed by the rays, then the 

target could remain undetected even if its position is in the sensorôs effective field of view. 

This test case simulates a lidar that is unable to map a small object or detail despite the 

latter being inside the lidarôs declared field of view.  
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Figure 5-21: Capsule target is positioned in the effective field of view but is too small to be detected by 

the sensor. Thus, it is not colored red. 

The second way to acquire the information that a target is inside the overall field of view, is 

to simply use math to check if the center of the target lies within the field of view locus. For 

that to be true, three conditions must be met.  

¶ The distance between the sensorôs center and the targetôs center must be smaller than 

the view radius. 

¶ The angle Ŭ formed by the sensorôs z transform vector (front vector) and the projection 

of the targetôs relative position vector to the sensorôs ώᴆ plane, must be smaller than the 

horizontalViewAngle (HOVA). Figure 5-22a illustrates this constraint. 

¶ The angle ɓ formed by the sensorôs z transform vector (front vector) and the projection 

of the targetôs relative position vector to the sensorôs ὼᴆ plane, must be smaller than the 

verticalViewAngle (VEVA). Figure 5-22b illustrates this constraint. 

This method simulates a depth cameraôs visibility effectiveness, if it is assumed that the 

camera has no blind spots within its FOV. 

         
Figure 5-22: Using the field of view locus method to determine if a target is visible. 
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5.4 The Lealaps Perception System 

5.4.1 Perception System Requirements 

To determine the ideal position and rotation of the sensors on the lealaps robot, a list of 

specific requirements was considered. These requirements resulted from the intended use 

of the robot, namely in outdoor agricultural environments and more specifically in vineyards 

for grape and vine inspection. Naturally, each of these requirements cannot always be 

fulfilled and therefore, trade-offs play an essential role when designing the lealaps 3D 

perception system. In summary, the 3D perception system requirements for the lealaps 

robot are shown in Error! Reference source not found.. 

Table 5-3: Summary of 3D perception system requirements. 

index Requirement 

1 The 3D perception system should have the best possible observation area and the least possible blind 
spots. 

2 The 3D perception system should be energy efficient. 

3 The view radius of the robot should be large enough for the robot to detect obstacles early enough to 
avoid them. 

4 The vision of the robot should not be heavily impaired under adverse weather or lighting conditions. 

5 The 3D perception system should be capable of distinguishing visual features and areas of interest in 
ranges of at least up to two meters. 

6 The update rate of the sensors of the perception system should be high enough to allow for fast 
perception in all directions. 

7 The 3D perception system should be capable of mapping whole vines and similar plants which can 
reach a little more than a meter in height. 

5.4.2 Discussing possible sensor configurations 

With these requirements in mind, seven different sensor configurations for the laelaps 3D 

perception system were tested using the Field of view visualization tool in unity.  

1. Laelaps with 2x Zed2 Depth Cameras [16] and a Velarray M1600 Lidar [117]. The 

FOVALIRA tool in unity was used to check for blind spots and overall visibility constraints 

for this configuration. Figure 5-23 illustrates that this option offers a large observation 

area covering the whole front and sides of the robot, with small and not substantial blind 

spots. However, there is no view from the back of the robot, which could be useful in 

case the quadruped performs maneuvers which require it to move backwards. An extra 

Zed2 stereo camera could be added at the back of the robot providing the setup with a 

near 360Ǔ field of view. In terms of energy efficiency, this setup is lightweight and 

efficient. The ZED2 cameras consume a mere 1.9W each [118] while the Velarray 

M1600 Lidar, being a solid state lidar with no moving parts, needs 15 W [119] at most to 

be fully operational. In addition, the update rate of solid state lidars is typically higher 

than that of conventional lidars. Conventional lidars are sometimes slow when it comes 

to coverage in all directions. The limitations are clear in state-of-the-art robot platforms 

such as those that participated in the DARPA Robotics Challenge in 2017 (DRC 2017), 

which had slow update rate as reported by some of the teams [120]. The M1600 can 

manage a 25Hz refresh rate which is higher than its conventional lidar counterparts. 

Furthermore, combining lidars and depth cameras allows for versatility even in adverse 

weather or lighting conditions. Lidars do not require external light sources to operate, 

and their functionality is not affected by changes in lighting conditions. Cameras on the 
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other hand are generally not as susceptible to rain, fog, or dust as lidars. They can also 

map reflective surfaces with more accuracy than lidars. However, given that the field of 

view of the cameras does not overlap with the field of view of the lidar, if a sensor 

underperforms then the whole system is affected. 

 
Figure 5-23: Lealaps with 2x Zed2 Cameras and a Velarray M1600 Lidar. (a) Top view. (b) Side view. 

2. Laelaps with 4x Intel Realsense D435 depth Cameras [121]. This option also offers a 

large observation area covering the whole front, sides and back of the robot, with small 

although not negligible blind spots. Figure 5-24 illustrates this configuration. In addition, 

the D435 depth cameras offer a large vertical field of view angle (58Ǔ), which allows the 

robot to easily obtain depth images of tall plants, even when standing close to them. In 

terms of energy efficiency, this setup is lightweight and very efficient. The maximum 

power draw of the Vision Processor D4 Board, which handles power for both the Vision 

Processor D4 and the Depth Module of the D435 camera, is rated at 700 mA [122]. With 

a nominal supply voltage of 5V, each camera consumes a mere 3.5W for a total of 14W 

for the whole setup. Nevertheless, this setup utilizes only depth cameras. The absence 

of a lidar means that the field of view radius or the effective range of the perception 

sensors is smaller, while the point cloud quality at the front side of the robot would be 

inferior as lidars do produce higher quality and relatively artifact-free depth-clouds. 

 
Figure 5-24: Lealaps with 4x Intel Realsense D435 depth Cameras. (a) Top view. (b) Side view. 
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3. Laelaps with 5x Intel Realsense D435 depth Cameras. An interesting approach to 

keeping the simplicity and energy efficiency of the second setup, while raising the depth-

cloud quality at the same time is adding a fifth Intel Realsense D435 sensor. Since most 

obstacles and points/areas of interest will appear in front of the robot, the extra camera 

should be placed on the front side of the robot, alongside the preexisting front depth 

camera. In this particular approach, the two front cameras are rotated around the y-axis, 

which in unity is the vertical axis, at 20Ǔ inward so that their field of views overlap. Figure 

5-25 illustrates this configuration. This creates information redundancy but yields a 

higher quality depth-cloud overall, since a single underperforming front sensor (for 

example due to dust or strong direct light on the lenses) will not affect the generated 

front depth map. This setup, nevertheless, does not increase the effective range of the 

robotôs perception. It does, however, reduce the size of the blind spots on the front side 

of the overall field of view. Boston Dynamicôs spot robot utilizes a similar perception 

system [123].  

 
Figure 5-25: Lealaps with 5x Intel Realsense D435 depth Cameras. (a) Top view. (b) Side view 

4. Laelaps with 4xD435 + Velodyne Ultra Puck Surround View Lidar [124]. 

Informational redundancy can lead to a more robust perception system. This approach 

utilizes overlapping 3D fields of view to accomplish just that. On the center top of the 

robot, a Velodyne Ultra Puck Surround View Lidar offers a 360Ǔ field of view with high 

resolution. To refine the resulting point cloud, 4xD435 depth cameras, one in every side 

of the robot, provide additional depth images. Figure 5-26 clearly shows that there are no 

blind spots with this setup and an underperforming sensor will not significantly affect the 

produced point cloud. A major drawback of this system is the weight and the limited 

energy efficiency. The lidar alone is around 1kg heavy. It consumes 10W of power at 

typical operating conditions [125]. The cameras combined weigh 1kg and consume a 

total of 14W. Thus, the setup weighs 2kg and consumes 24W of power. This makes this 

perception system the heaviest and most energy-consuming system discussed so far. In 

addition, it is not focused on one side of the robot. The field of view expands evenly 

away from the robot. This is usually not desired, as four legged robots are generally 

more agile when moving forwards and thus it is a preferable design choice for the 

perception system to be focused on the front side of the robot. Anybotics Anymal C robot 

utilizes a similar perception system [126].  



 

 
103/156 

 
Figure 5-26: Laelaps with 4xD435 + Velodyne Ultra Puck Surround View Lidar. (a) Top view. (b) Side view. 

5. Laelaps with 4xD435 and an extra D435 at the front, rotated around the x-axis. This 

configuration aims to improve the robotôs perception in the front, while also improving the 

overall vertical field of view. Robots that will commonly encounter obstacles (e.g. 

branches) high above their body height or need to gather visual information from tall 

objects and structures will benefit from a design like this. Figure 5-27vdemonstrates that 

several -though not significant -blind spots appear when visualizing the overall field of 

view of this perception system. The small overlap between the two front cameraôs field of 

view will yield slightly better point cloud quality in the fused map shaped in the front of 

the robot. The system is very energy efficient and lightweight since it only utilizes 

lightweight depth cameras with low consumption (typically 3.5W). Xiaomiôs Cyberdog 2 

utilizes a similar setup, due to its need to have visual contact with human faces and 

gestures [127]. 

 

 
Figure 5-27:Top view of Lealaps with 4x Intel Realsense D435 depth Cameras and an extra D435  

at the front, rotated around the x-axis. 

5.4.3 Deciding on a near optimal sensor configuration for Laelaps 

The Laelaps robot, being optimally designed using a combination of criteria related to 

forward speed, would benefit from a perception system that is focused on the field of view in 

front of the robot. However, in agricultural environments, the robot will encounter difficult 

terrain, dead-ends and obstacles that cannot be easily avoided. In such conditions, the 
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quadruped will be required to rotate, turn and even walk backwards. Therefore, the robot 

should be equipped with a setup that produces a near 360Ǔ field of view. Considering this, as 

well as the summary of 3D perception system requirements presented in Table 1, the 

Laelaps sensor configuration would benefit from 4x ZED2 Stereo Depth cameras and one 

Velarray M1600 Solid State Lidar. Combining a Lidar with depth cameras will provide 

versatility and robustness even in adverse weather or lighting conditions. Placing the lidar on 

the front side of the robot and overlapping its field of view with that of the front depth camera 

will add to the valuable point cloud quality in front of the robot. 

Capitalizing on the increased range of the lidar, the lidar is placed at a subtler downward 

angle than the front depth camera. Figure 5-28 illustrates the setup. Thus, the camera 

mainly maps the ground close and in front of the robot, while the lidar captures information 

about terrain and obstacles further ahead. This system is both lightweight and energy 

efficient. The lidar consumes at most 15W of power while all the depth cameras combined 

consume an average of 6W of power. Each depth camera weighs about 125g while the solid 

state lidar weighs well below 1kg. The lidar offers premium quality mapping at distances 

from 0.1m to 30m while the depth cameras have depth ranges of up to 20m. 

For the initial laboratory experiments involving the robotic rover, a simplified sensor 

configuration was utilized due to budgetary and accessibility constraints. This temporary 

setup consisted of three ZED depth cameras: one ZED2 facing forward, one ZED2 facing 

backward, and one ZED X mini with a wide field of view positioned on the side of the rover. 

This configuration provided adequate view coverage for the current research phase, which 

focused on single-row vineyard mapping without complex obstacle detection requirements. 

However, in future deployments involving the quadruped robot and potentially more 

challenging environments, the sensor configuration encompassing four ZED2 cameras and 

the Velarray M1600 LiDAR will be implemented. 

 
Figure 5-28: Top view of Lealaps with 4x ZED2 depth Cameras and a Velarray M1600 Solid State Lidar  

at the front, placed at an angle. 
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6 Simulation Experiments 

6.1 Simulated World 

The vineyard inspection and 3D reconstruction framework proposed in this work was 

extensively tested in simulation. To thoroughly evaluate the framework, a comprehensive 

simulation environment was established using Gazebo [128]. This simulated environment 

closely mirrored the real-world testing compartment located within the Control Systems 

Laboratory. This room comprises a synthetic vineyard designed specifically for agricultural 

robot experimentation. The controlled lighting conditions within the laboratory are replicated 

in the simulation. The vineyard layout features three equally spaced vine rows, forming 1-

meter-wide corridors for robot navigation. The ground texture replicates a mosaic pattern, 

and the inclusion of three cast iron radiators near the walls further enhances the realism of 

the simulation. A high-fidelity robotic platform (RP) model was designed and integrated 

within the simulated environment. This model meticulously replicates the actual RP intended 

for deployment in subsequent real-world experiments.  

 
Figure 6-1:The simulated world in Gazebo. 

An April Tag was placed at the beginning of the second row. Its purpose is to facilitate the 

loop closure process which takes place as soon as the robot effectively aligns its left camera 

with the April Tag. April Tags and their significant impact on correcting accumulated 

odometry errors in the context of the developed framework are thoroughly described in 
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section 2.1.4 of this thesis. Finally, a two-dimensional map of the simulated world was 

designed for visualization purposes. The map reflects the real-world dimensions of the 

development space with high-fidelity. Rviz [129] and foxglove studio [130] are the two 

software platforms that were utilized to visualize RPôs movement through the simulated 

vineyard, as well as to monitor valuable data.  

 
Figure 6-2: The RP and the April Tag in the Simulated Environment 

 
Figure 6-3: RPôs trajectory and simulated environment map as seen from foxglove studio. 


















































































