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Autonomous Dry Stone

On-Site Planning and Assembly of Stone Walls with a Robotic Excavator
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Abstract On-site robotic construction not only has the po-
tential to enable architectural assemblies that exceed the size
and complexity practical with laboratory-based prefabrica-
tion methods, but also offers the opportunity to leverage
context-specific, locally-sourced materials that are inexpen-
sive, abundant, and low in embodied energy. We introduce a
process for constructing dry stone walls in situ, facilitated by

a customized autonomous hydraulic excavator. Cabin mounted
LiDAR sensors provide for terrain mapping, stone localiza-
tion and digitization, and a planning algorithm determines
the placement position of each stone. As the properties of
the materials are unknown at the beginning of construction,
and because error propagation can hinder the efficacy of
pre-planned assemblies with non-uniform components, the
structure is planned on-the-fly: the desired position of each
stone is computed immediately before it is placed, and any
settling or unexpected deviations are accounted for. We present
the first result of this geometric- and motion-planning pro-
cess: a 3-meter tall wall composed of 40 stones with an av-
erage weight of 760 kg.
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1 Introduction

Computational planning and fabrication tools have the po-
tential to greatly increase the sustainability of architectural
construction, allowing for the use of abundantly available
natural and reclaimed materials that are currently too com-
plex or time-intensive for cost-effective widespread appli-
cation. As compared to many common building materials,
minimally-processed rock and locally-recycled demolition
debris have extremely low embodied energy (Morel et al.
2001; Alcorn |2003)), but also have the potential to express
site-specific materiality, revive regional vernacular building
methods, and exhibit new forms of “cultural performance”
(Oesterle [2009).

This chapter presents an integrated system for construct-
ing double-faced dry stone walls in situ using a customized
autonomous mobile hydraulic excavator. We outline a pro-
cess for mapping the environment, and localizing and digi-
tizing irregular stones. Using this digitized information, we
algorithmically determine the position and orientation of stones
to align with a designer-indicated goal surface, and con-
duct grasp- and motion-planning for collision-free place-
ment. We demonstrate the applicability of our method by
constructing a 3 m tall wall with a total length of 5 m out of
40 stones with masses between 230-1548 kg.

2 Related Work

A number of recent projects in the domain of architectural
digital fabrication have made use of nonstandard input ma-
terials combined with robotic construction. Such projects
have played a substantial role in re-establishing computa-
tional design and fabrication as a practice that can not only
materialize digital complexity, but that can understand and
adapt to the existing complexity of the material world. Johns
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Fig. 1 Stone wall constructed with autonomous hydraulic excavator.

and Anderson provide an overview of recent projects
in this general domain, while a number of notable projects
deal more specifically with irregular stone-based assembly:
“Smart Scrap” uses automotive digitization tools to inven-
tory partially-dressed limestone for facade planning (de Boer
etal.[2007), while “Cyclopean Cannibalism” revives ancient
polygonal masonry methods through robotic stone-cutting
(Clifford, McGee, and Muhonen [2018)). The latter fits parallel-
faced polygonal elements within the constraints of demoli-
tion concrete and stone offcuts, using 73% of the stock ma-
terial (selected from a larger set) after dressing. In compar-
ison, the work presented in this chapter makes use of 100%
of each stone object, and uses every stone in the available
set.

Towards the assembly of such raw materials, the geo-
metric nesting of unmodified parts has been explored in two-
dimensions with simulated annealing (Lambert and Kennedy
2012). Others have demonstrated the potential of shape de-
scriptors for matching 3D shapes to existing geometries for
the generation of 3D collages without constraints of fabri-
cability (Gal et al.[2007), or for the reassembly of fractured
objects without structural constraints (Huang et al.[2006).

The demonstrators presented by Furrer et al. and
Liu, Choi, and Napp both perform dry stacking of un-
modified stones, making use of stationary robotic manipula-
tors and RGB-D scanners for the localization of pre-scanned
stones. Both projects consider structural stability using a
physics simulator and evaluate a cost function to determine

the validity of each potential pose. The former is focused
on the construction of vertical stacks, while the latter can
build one-layer thick walls of up to four courses with a 40 %
success rate in an open loop fashion (without accounting for
the settling of placed stones). In this work, we overcome
the design limitations of such 1- and 2- dimensional struc-
tures, presenting a planner capable of building a multiple-
layer-thick structure following an arbitrarily specified target
geometry. Stones are scanned in-situ on the fly, and the as-
built wall is monitored in order to refine the placed-stone
poses before the planner is executed again.

Several projects have been developed which demonstrate
the potential of large-scale autonomous construction with
on-site robotics. Generally combining mobile platforms with
conventional industrial robots, these compound setups have
been predominantly demonstrated with standardized build-
ing components (Dérfler et al. 2016) or industrially pro-
duced chemical products (Keating et al. 2014). Recent re-
search has demonstrated the potential of robotic systems to
construct auxiliary structures in order to achieve and main-
tain navigability in previously unknown or untraversable ter-
rain, but these experiments have only been demonstrated
at a small scale, and do not make use of naturally occur-
ring found construction materials (like stones), but instead
use compliant bags (Saboia, Thangavelu, and Napp
or polyurethane foam (Fujisawa et al. 2015) to homogenize
the irregularities in their environment.
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3 Methodology
3.1 Platform

The stone wall was created using HEAP (Hydraulic Excava-
tor for an Autonomous Purpose), a highly customized Menzi
Muck M545 12t walking excavator that was developed for

Fig. 2 Setup Diagram:

A) Available stones

B) Constructed wall

C) Search space

D) Rim path with keypoints

E) Grid map

F) Gripped stone

G) LiDAR sensors

H) GNSS antennas

I) Network antenna

J) HEAP platform with axes in-
dicated

K) Reference scale and payload
comparison with human and in-
dustrial robot.

3,000 kg

autonomous applications and advanced teleoperation (Fig-
ure 2))). The fully-mobile 23-axis excavator is capable of
lifting objects to a height of 9 meters, and can freely manip-
ulate items weighing up to 3,000 kg. Adaptable to complex
terrain, the machine is equipped with force-controllable hy-
draulic cylinders that allow for control of ground interaction
forces, and cabin- and chassis-mounted Inertial Measure-
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ment Units (IMUs) that track machine orientation. Global
cabin localization is achieved by a Leica iCON iXE3 with
two Global Navigation Satellite System (GNSS) antennas
and a receiver (Figure |Z|H). Real-time kinematic (RTK) cor-
rections for the GNSS signals are received over the network
from permanently installed base stations for improved accu-
racy. Draw wire encoders are used to measure the position
and velocity of the hydraulic arm- and grapple-cylinders.

For exteroceptive sensing (scanning of the environment,
available stones, and in-progress structure), two Velodyne
Puck VLP-16 LiDAR scanners are placed at the front edge
of the cabin’s roof to provide 3D scans. The LiDARs are
mounted orthogonally to each other, such that scan points
accumulate both while driving the robot around and while
pivoting the cabin (Figure[2G). For a more detailed descrip-
tion of the system’s sensors and actuators, we refer the reader
to (Jud et al.[2019).

All software components of the project are written in
C++, and the Robot Operating System (ROS) is used to
transfer data over the network between the different soft-
ware nodes distributed on several computers. The ROS mas-
ter, managing the connection between processes, is located
on the on-board computer of HEAP.

3.2 Stone Localization & Scanning

To reconstruct and localize the stones in the surroundings
of the excavator, we use the LiDARs mounted on the cabin
roof (Figure2JG). Before the construction process begins, the
available stones are loosely distributed on the terrain (Fig-
ure[3). This facilitates the detection of single stone instances
by first segmenting the ground plane from the LiDAR map,
and subsequently performing euclidean clustering on the re-
maining point cloud to distinguish the single objects. These
point clusters are used to compute an initial grasp configu-
ration on the not yet reconstructed stone segments. Once a
given stone is picked up using this relatively low-resolution
data, a high resolution scan of the full stone is completed
while it is held in the gripper. In the following sections, we
describe this stone reconstruction process, the LIDAR-based
scene mapping, and the object pose refinement based on the
reconstruction and scene map information.

Reconstruction For the 3D reconstruction, the end effector
is spun with a continuous velocity in front of the LiDAR
sensors while holding the stone. With the known geometry
of the gripper, we filter out points that belong to the end-
effector while accumulating points on the stone. The com-
plete contour of the stone is recorded by concatenating mul-
tiple point clouds from different viewing angles, and apply-
ing Poisson surface reconstruction (Kazhdan, Bolitho, and
Hoppe [2006) to generate the surface mesh from the point
cloud data.

Fig. 3 Initial state of stones, loosely distributed on the terrain. LIDAR
mapping and RANSAC ground segmentation allows for initial detec-
tion and grasping for refined scanning in the gripper.

LiDAR-based Scene Mapping A precise map of the excava-
tor’s complete surrounding (including the as-built structure)
is necessary for planning grasp configurations and arm mo-
tions, and for facilitating the decision of where and how to
position stones. However, simple accumulation of single Li-
DAR scans is very temporally and spatially limited, as pre-
cise knowledge of the sensor’s motion is necessary (and er-
ror accumulation leads to drift over time). To create a con-
sistent map over large time- and motion- intervals, we use
LaserSLAM (Dubé et al. 2017), a laser-based graph SLAM
that considers the odometry constraints provided by the ex-
cavator’s state estimation, fusing GNSS measurements with
the IMUs, and scan-matching constraints provided by regis-
tering a new scan pair using the Iterative Closest Point (ICP)
algorithm with a map consisting of the previous scans. Self-
see points of the excavator’s arm or legs in the LiDAR scans
are filtered to get a 3D point cloud, built locally around the
current robot location, without being corrupted by its mov-

ing parts (Figure[7A).

ICP Refinement Being able to refine the pose of an already
reconstructed stone in the environment (Figure mB) or in the
gripper is an essential capability, as the stone might settle
during placement or shift as it is being picked up. For this
pose refinement, we first sample a point cloud on the re-
constructed mesh of the stone. Using an ICP step, this point
cloud is registered to the scene map (if the stone is placed
in the environment), or to the accumulated gripper cloud (if
it is grasped by the excavator). To improve the localization,
we first segment the ground plane in the vicinity of the stone
using RANSAC-based 3D plane fitting. Additional filtering
is necessary, however, as stones might be cluttered and par-
tially occluded, especially if they are constituents of the in-
progress wall. Therefore, the scene map is further segmented



Autonomous Dry Stone

using Euclidean Clustering, and segments belonging to al-
ready refined stones or segments too far from the assumed
pose are removed before the ICP step. This allows for the
reliable pose refinement of objects even if they are partially
occluded by the built structure. If the initial orientation of
the stone is unknown (e.g. after it has been overturned), the
ICP step is performed for multiple initial orientations and
the refined transformation with the highest ICP-score is se-
lected.

3.3 Geometric Planning

The iterative selection, positioning and orienting of each stone
is determined by a geometric planning software that attempts
to construct a double-faced-wall bounded vertically by any
user-specified mesh target surface, and below by the LiDAR-
scanned elevation map of the existing terrain. Given any
number of available stones, the software determines the pre-
ferred placement from the available solutions, and the se-
lected stone and the desired transformation are further pro-
cessed for grasp-planning and physical positioning. Rather
than pre-planning the entire wall, the software computes so-
lutions on the fly, stone-by-stone. This is done for two rea-
sons:

First, for sufficiently large constructions, it is imprac-
tical to pre-scan, sort, and store hundreds or thousands of
stones when the required space and complexity can instead
be minimized if they are salvaged, unearthed, or delivered
on-demand, as needed. Computing solutions on the fly al-
lows for a more adaptive construction that is not held up if
one pre-planned stone goes missing.

Second, the absolute-rigidity of stone makes for signif-
icant error propagation that would result in undesirable de-
viation from the desired geometry, and higher probability
of structural collapse in turn. Any minute difference in the
scanned geometry can cause unexpected collisions or set-
tling during placement, and the current setup allows for these
changes to be automatically accounted-for in the next solu-
tion.

Finding a suitable position of even one stone in a rela-
tively small area can be a computationally heavy problem,
and the irregular nature of the stones and substrate geom-
etry make it generally difficult to apply stochastic solvers
or continuous optimization methods. The software should
generally find a valid solution in less time than it takes for
the excavator to physically locate, grasp, and place a stone,
such that the finding of solutions does not significantly de-
ter progress (at present, the solver takes approximately one
minute per stone on a laptop running Ubuntu 18.04 with an
Intel i7-8750H 4.1 GHz Processor and 16GB RAM).

Much like the algorithm presented by Liu, Choi, and
Napp (2019), we make use of a number of heuristics de-
rived from conventional stone masonry techniques to reduce

the size of the solution space. However, our approach dif-
fers significantly in the specification and sequencing of these
heuristics: we use both the geometric properties of the stones
and the constraints of the designer-specified goal surface
to inform an algorithm that begins with fast computational
checks, and increases in complexity as the solution space is
substantially reduced.

For any given stone placement, the following high level
goals are established: determine a structurally stable solu-
tion that minimizes the volume directly under the stone in
question (Figure fJA) and also minimizes the volume be-
tween the exposed stone face and the designated geometry
of the wall surface (Figure[dB). To achieve these objectives,
we implement the following subroutines:

Stone Attributes At all times, the software holds an inven-
tory of stones that have been scanned. Upon receipt of new
information from the scanning node, the stone mesh is im-
mediately cleaned by removing any degenerate faces and
disjoint remnants that might remain from the Poisson re-
construction. The mass properties are computed using the
method described by Bacher et al. (2014), and each stone
is repositioned such that its centroid is at the origin, and
its principal axes (computed using PCA on the mesh ver-
tices) are aligned with the global frame. An iterative imple-
mentation of the Variational Shape Approximation method
(Cohen-Steiner, Alliez, and Desbrun 2004) is used to de-
termine approximate partitioned face-surfaces on the stones
given an allowable normal deviation per clustered region
of mesh triangles. From these partitioned regions, a face-
adjacency matrix is generated, stone edges and edge mid-
points are identified, and the mean weighted normal of each
region is used to represent the normal direction of each par-
titioned face-surface (Figure B[C).

Search Space A volumetric search space (Figure [2C) is de-
fined as the region bounded by the designated outer wall
surfaces on all sides and above, and bounded below by the
ground and the upper surface of the in-progress wall. While
this upper surface is in reality generally composed of many
disjointed stones, it is approximated as a single continu-
ous surface using a simulated LiDAR scanner on the known
mesh data of the ground and placed stones, and meshed us-
ing Poisson reconstruction. Thus, both the empty ground
and the upper bounds of a half-built wall are treated simi-
larly as the foundation for the next stone. The intersection
between this reconstructed “ground” surface and the target
wall-face surfaces defines the rim path, which we identify as
the upper perimeter edge of the structure at any given state
(the contour where the top surface of the as-built structure
intersects with the vertical goal wall-surfaces)(Figure 2D).
An even sampling along the rim path serves as a one-
dimensional list of possible placement positions, and this list
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