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A framework for robotic excavation and dry stone
construction using on-site materials
Ryan Luke Johns1,2*, Martin Wermelinger1, Ruben Mascaro3,4, Dominic Jud1, Ilmar Hurkxkens2,
Lauren Vasey2, Margarita Chli3,4, Fabio Gramazio2, Matthias Kohler2, Marco Hutter1

Automated building processes that enable efficient in situ resource utilization can facilitate construction in
remote locations while simultaneously offering a carbon-reducing alternative to commonplace building prac-
tices. Toward these ends, we present a robotic construction pipeline that is capable of planning and building
freeform stone walls and landscapes from highly heterogeneous local materials using a robotic excavator
equipped with a shovel and gripper. Our system learns from real and simulated data to facilitate the online
detection and segmentation of stone instances in spatial maps, enabling robotic grasping and textured 3D scan-
ning of individual stones and rubble elements. Given a limited inventory of these digitized stones, our geomet-
ric planning algorithm uses a combination of constrained registration and signed-distance-field classification to
determine how these should be positioned toward the formation of stable and explicitly shaped structures. We
present a holistic approach for the robotic manipulation of complex objects toward dry stone construction and
use the same hardware andmapping to facilitate autonomous terrain-shaping on a single construction site. Our
process is demonstratedwith the construction of a freestanding stonewall (10meters by 1.7meters by 4meters)
and a permanent retaining wall (65.5 meters by 1.8 meters by 6 meters) that is integrated with robotically con-
toured terraces (665 square meters). The work illustrates the potential of autonomous heavy construction ve-
hicles to build adaptively with highly irregular, abundant, and sustainable materials that require little to no
transportation and preprocessing.
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INTRODUCTION
The construction industry is of central importance to human pro-
ductivity but will require substantive innovation to meet growing
demands and to reduce its high environmental impact. Construc-
tion is among the world’s largest economic sectors, representing
13% of global gross domestic product (1). By extension, it is a
vital component in virtually every other industry: Construction is
responsible for the production of transportation and agricultural in-
frastructure, manufacturing facilities, dams, power plants, and res-
idences. Global deficiencies in housing supply in the face of
population growth and inadequate civil infrastructure (2, 3) are
among the causes for an expected surge in demand for building, a
demand that is unlikely to be met without substantial technological
advances: Labor productivity growth in the building sector has av-
eraged only 1% per year in the past two decades, in contrast to 2.8%
across the global economy and 3.6% in manufacturing (1). The
coming decades will also bring new challenges and opportunities
to the industry, such as the building of coastal defenses to combat
the effects of climate change (4) and the need for efficient extrater-
restrial infrastructure to support space exploration (5). Among the
most critical of these industry challenges is the immediate impera-
tive to reduce the industry’s own ecological footprint: Construction
is a major contributor to global greenhouse emissions, resulting pri-
marily from the manufacturing of building materials such as
cement, steel, plastics, aluminum, brick, and glass (6). Cement
(used for concrete, blocks, mortar, and plaster) alone accounts for
8 to 9% of global anthropogenic CO2 emissions and 2 to 3% of

global energy (6). At the end of its life, concrete is also a major con-
tributor to construction and demolition waste (CDW): Global
CDW exceeds 3 billion tons annually (7), and concrete is 70% of
the United States’ contribution to that figure (8).

Robotics offers an opportunity to increase labor productivity in
construction while also mitigating the concomitant concerns of
safety and fatigue in a notoriously dangerous, unstructured, and
physically taxing workplace environment (9). Beyond improve-
ments to economic and production efficiency in building, robots
also provide an opportunity to reduce the industry’s environmental
footprint by enabling the direct use of local, low-energy, natural,
and recycled materials as alternatives to concrete. In situ resource
utilization (10) has long been proposed as a necessity for facilitating
extraplanetary construction: In space, resources are scarce, trans-
portation is expensive and energy intensive, and there is an
extreme dearth of skilled tradespeople; thus, it is prudent to
develop automated systems that can make use of the resources at
hand. Confronted with the climate crisis and a stagnating construc-
tion industry, these are also terrestrially resonant problems, and the
approach of minimizing energy-intensive manufacturing and trans-
portation by building intelligently with hyperlocal materials can
also be applied here on Earth. Building with regionally sourced
and minimally processed materials such as stone and soil has
been demonstrated to reduce the carbon footprint of built struc-
tures by upward of 50% (11), but these methods are difficult to
adopt in developed areas where mass-manufactured building sup-
plies are more economical.

Historically, building with indigenous materials was common-
place: Stone masonry, for example, has been used in construction
for millennia but fell into decline with the advent of inexpensive
canal and railway transportation, rising labor costs, and industrially
manufactured alternatives that required less-skillful processing on
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the construction site (12, 13). As stone’s popularity as a building
material diminished, so too did the expertise and regional quarries
that made the building method widely accessible and affordable (12,
14). By equipping robots with the capacity to work with irregular
local materials in situ, such sustainable historic building practices
can be reimagined as economically viable alternatives in the
context of contemporary construction.

Toward these ends, we present a 12-ton robotic excavation plat-
form capable of building large-scale stone walls and landscapes
from locally available, unmodified natural and reclaimed materials
(Fig. 1). Our comprehensive pipeline allows for the construction of
arbitrarily curved and explicitly defined wall shapes from highly
heterogeneous stones, using light detection and ranging (LiDAR)
mapping, learned image segmentation, grasp heuristics, and classi-
fication to isolate, digitize, and manipulate stone instances in un-
structured environments. We present an online planning
algorithm that determines a limited-horizon building sequence, le-
veraging geometric attributes to quickly seed candidate stone poses
that are further aligned using a torque-and-penetration-constrained
variant of iterative-closest-point (ICP) registration. The resulting
candidate placements were classified using a three-channel signed
distance field (SDF) representation that encapsulates the local
context and desired-wall-geometry around each unique solution,
and the selected stone placements were executed with a grasp-
and-trajectory plan that considers collision constraints at both
ends of the pick-and-place sequence. The presented construction
and landscaping solutions were executed in a closed loop, where
the accumulated LiDAR map was used for ICP refinement of the
as-built structure in stone construction or to measure displacement
between desired and actual terrain in excavation. This single plat-
form provides the ability to work with a broad array of in situ gran-
ular materials, ranging in scale from clay mud (intermediate axial

length dI < 0.004) to coarse boulders (dI ≈ 2 m) (15). Our work fa-
cilitates the full-scale robotic construction of permanent and per-
formative dry stone walls, leveraging multimodal tool use (of a
gripper and shovel) to complete both infrastructure-scale landscap-
ing and building tasks on a single job site (Movie 1).

Robotic construction with raw and reclaimed materials
The automation of construction tasks gave rise to some of the ear-
liest robotic systems (16), and the first full-scale single-task con-
struction robots (STCRs) were introduced in Japan in the late
1970s (17). Whereas STCRs were limited to highly specific and re-
petitive tasks, the early 21st century brought the application of in-
dustrial robots to formally complex, nonstandard, and mass-
customized architectural assemblies (18, 19). Early work in this
domain explored the aesthetic potential of robotic tools to materi-
alize digital complexity, for example, by creating varied arrange-
ments of bricks (20), dimensional lumber (21), or custom
components (22), but remained dependent on standardized, indus-
trially manufactured building materials.

With improved contextual awareness through vision and depth
sensing, architectural robotics has expanded in the past decade to
include construction from materials with natural geometric hetero-
geneity. Beyond manufacturing artificial variation from digital
models, these processes adapt to existing variations in the environ-
ment to facilitate fabrication from readily available and sustainable
materials. This approach has been applied to timber structures,
where subassembly details or the overall design adapt to the “mate-
rial morphospace” (23) of available, naturally nonstandard trunks,
branches, and tree forks (24–27). Others have leveraged three-di-
mensional (3D) scanning to reduce waste in manually constructed
walls built from digitally machined stones (28, 29). Such applica-
tions have demonstrated the potential of nonstandard materials in

Fig. 1. HEAP is an autonomous excavator for construction with in situ resources. HEAP is a modified 12-ton walking excavator equipped with multiple cabin- and
arm-mounted LiDAR sensors and cameras, facilitating the construction of the pictured 65-m-long retaining wall and terraced landscape from unmodified local materials.
(A) Arm-mounted Livox Mid-70 sensor, (B) rooftop perception box with multiple LiDAR sensors and camera, and (C) lower-cabin camera.
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construction but typically require substantial intervention in the
loop: Scanning is executed in a separate stage, and with the excep-
tion of Wu and Kilian’s work (27), the layout is fixed after the initial
optimization for piece-by-piece machining and assembly. Our
process instead digitizes objects automatically during the construc-
tion process and updates the building plan continually, thus allow-
ing for reduced error accumulation by accounting for settling and
ensuring robustness if a single building element is damaged or
goes missing.

Because the machining of stone introduces additional process
complexity and can substantially increase the carbon footprint of
masonry construction (30), there is motivation to develop
methods that can autonomously plan structures using entirely un-
modified stone. Previous work in this domain has used simulated
annealing to search for stone poses in a 2D scene (31) or a combi-
nation of physics simulation and heuristics to find stone poses for
AR-assisted (32–34) or robotic (35) assembly. Furrer et al. (36) used
gradient descent and a support polygon–based cost function to
create stacked towers of up to four stones, whereas Liu et al. (35)
achieved stacks up to six stones, and single-layer walls up to four
courses, with a combination of hierarchical heuristics adapted
from dry stone masonry guidebooks: Both studies built physical
structures at the desktop scale in an open loop using prescanned
stones that were localized for grasping with a manipulator-
mounted RGB-D sensor. Deep Q-learning has been applied for
learning stone assembly policies from physics simulations in 2D
scenes (37) and as a model-free method that uses 2.5D representa-
tions of the scene-top and stone-underside to position stones with
fixed orientations toward the construction of double-faced walls in
simulation (38). One limitation of the latter approach is the lack of
consideration of the top surface of the candidate stones: Stones with
outward-sloping top surfaces jeopardize the stability of subsequent
stones (39, 40), severely limiting the heights that can be achieved
with the method.

Our research improves on these studies by targeting the in situ
construction of arbitrarily shaped double-faced dry stone walls built
from large-scale boulders and concrete demolition debris (we use

“stones” henceforth to describe both of these elements interchange-
ably). Building on our earlier work in geometric planning, stone
segmentation, and grasping (41–43), we present a synthesized
system capable of autonomously detecting, grasping, scanning,
and reorienting stones in the wild, allowing our geometric
planner to optimize for stable and geometrically registered solutions
that are unconstrained in orientation. We constructed permanent
robotic stone walls, reaching heights up to 6 m, and used these dem-
onstrators to perform an environmental impact assessment for the
building method. We also present the preliminary use of an excava-
tor-mounted force-torque sensor to evaluate structural stability at
the end of construction, building on small-scale precedents in
robotic structural testing (44, 45).

Mobile robotic platforms for autonomous construction
To facilitate adaptive construction tasks, robotic systems must be
highly mobile and capable of navigating in dynamic, unstructured
environments. Small-scale robots have demonstrated the use of
available resources, such as blocks (46) or compliant, “amorphous”
materials (47), to modify their environment for increased navigabil-
ity (48, 49). A variety of mobile-based manipulators have been de-
veloped for in situ additive manufacturing with urethane foams
(50), clay (51), concrete (52–54), and plaster (55) and for the assem-
bly of brick and block walls (56–59). Toward the manipulation of
irregular materials such as stone, specialized hardware has been de-
veloped for assistive rock clearing in agriculture (60) and teleoper-
ated leveling and assembly of rubble breakwaters (61, 62).

For heavy construction tasks, a range of tracked and wheeled ex-
cavators have been modified for autonomous and semi-autono-
mous operation in the past 25 years (9, 63–65). Our work makes
use of hydraulic excavator for an autonomous purpose (HEAP)
(66), a customized robotic excavator previously deployed for
trenching (67), tree harvesting (68), and teleoperation (69). A
brief system overview is provided in section S2. For an overview
of existing autonomous construction platforms, we point the
reader to reviews covering topics of STCRs (17), multirobot
systems (70), and on-site construction robots (71).

Movie 1. A framework for robotic excavation and dry stone construction using on-site materials.
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RESULTS
Robotic stone wall assembly
The autonomous construction of stone walls required locating and
digitizing discrete building materials and a combination of assem-
bly, grasp, and motion planning to aggregate those toward some
globally defined form. To accomplish this, we first mapped and seg-
mented the environment to discover stone instances and then used
the segmented point cloud representations of those instances for
grasp planning. Stones were individually picked up, laser-scanned
in the excavator’s gripper, and returned to the ground for storage. In
this manner, we built a limited inventory until it contained 20 to 40
stones. Those were used by the geometric planner, which found a
feasible subset that could be placed in stable and well-aligned poses
on the current wall. Each stone was then regrasped for placement in
the wall, with possible intermediate reorientations as necessary.
Once placed, the stone pose was refined by laser scanning and
updated in the geometric planner. This entire process was repeated
each time after all scanned stones were placed or after the planner
was no longer able to find solutions with the available inventory. An
overview of the dry stone assembly process is provided in Fig. 2, and
a detailed description is given in Materials and Methods. We dem-
onstrated the process with two full-scale walls built from more than
1000 elements with an average mass of 997 ± 438 kg.

Freestanding wall
The freestanding wall was robotically constructed from 109 unique
elements, with a mixture of waste concrete (24%) and gneiss boul-
ders. The structure measured 10 m by 1.7 m by 4 m, with a tapering
thickness from a symmetric batter or rake angle of 3° from the ver-
tical plane (where 1.7 m was the mean); this is notably steeper than
the 5.7° to 11.3° rake angle range typical of dry stone masonry walls
(Fig. 3, A and B) (40). Constructed during a 2-week period, the
structure was built at a rate of 17.4 min per stone placement, with
direct placements taking an average of 11.8 min and placements re-
quiring intermediate reorientations taking 21.8 min each, inclusive
of regrasp attempts. Upon refining the as-placed stone poses with
HEAP’s laser map, we evaluated the median positional error of
each settled stone with respect to the planned pose as 0.108 m.
The mean pose error Epose(Oplanned, Oplaced) was (0.128 ± 0.088,
0.218 ± 0.172), where Epose is defined in Materials and Methods
(Eq. 12).

Retaining wall
The largest structure built using our method is a permanent, 65.5-
m-long retaining wall consisting of 938 unique elements, with a
mixture of reclaimed concrete (7%), mixed erratics (3%), and
gneiss boulders (90%; Fig. 3, C to F). Designed with variable
height and incline (section S3), it has a mean thickness of 1.8 m
and an apex height of 6 m. A conjoined parapet (freestanding
portion) continues 1.5 m above the retained earth, with a fixed
rake angle of 11.3°. The structure was built at a rate of 16.25 ±
6.88 min per stone placement, inclusive of grasping, driving, and
refinement, measured from the time between subsequent place-
ments for 300 stones over 21 nonconsecutive working days. We
refined the stone poses of the final structure with a high-density
point cloud produced by a surveying laser scanner (Leica
RTC360) to assess the median positional error between planned

and placed poses as 0.115 m and the mean pose error as (0.135 ±
0.089, 0.089 ± 0.111).

Robotic landscaping
HEAP (66) is additionally capable of autonomously excavating free-
form embankments with high precision (72), given a designed
target geometry defined as a 2.5D height map. Our design process
generally begins with a map captured by surveying equipment or by
aerial or excavator-mounted LiDAR. Incorporating considerations
like building codes, slope stability, and drainage, the design model
can be generated by signed distance functions that operate directly
on the height map, using operators based on input points, paths,
and areas with parametric connections to specified locations, di-
mensions, slopes, and volumes (73). The excavation planner is ini-
tialized using this designed height map, together with a design line
that is aligned with the general shape of the embankment, tangential
to the digging direction (Fig. 4). In our excavation work, this height
map was used to determine the starting location for each digging or
dumping cycle, where the planner was run in an iterative fashion
until the entire site was excavated to a certain error threshold (re-
ceiving an updated environmental LiDAR map for every new plan-
ning step). Rather than being position or velocity defined, the
digging strategy of HEAP uses a force-torque defined digging tra-
jectory to adapt to different soil types and interaction forces, allow-
ing us to circumvent the inherently difficult task of estimating or
predicting soil properties (67). Thus, the shovel could dig freely in
fine-grained materials (sand, silt, and clay) while adapting to
densely compacted or frozen regions, pebbles, and intermittent
fine cobbles. Because the size of the landscape was much larger
than the workspace of the machine, we facilitated automated repo-
sitioning with a driving path that was offset from the design line,
where the ultimate position of the machine was found by projecting
the excavation or dump points orthogonally onto the driving path.
Because the design contained horizontal, hard edges (from steps),
the bucket was implicitly aligned to those edges, thus conveniently
enabling excavation with the necessary precision. For motions
through the air, such as approaching the excavation or dump
points, an SDF-informed trajectory planner was used to avoid un-
wanted collisions with the ground.

Contoured landscape
The robotically constructed retaining wall was built in the context of
a public park (Fig. 5A), with the adjacent landscape excavated by
HEAP to form four contoured terraces that facilitate water manage-
ment, erosion control, and pedestrian circulation: The recreational
terraces accommodated height disparities on site, providing two 6%
access ramps that run along the wall. On each slope, two interme-
diate berms (0 to 1.2 m) decelerated water runoff with a 10% back-
sloping geometry, preventing excessive erosion and collecting fine
sediment to provide space and humidity for spontaneous plant
growth. A rock trench ran along the bottom of each slope, collecting
water for on-site storage.

About 1 to 1.5 m of depth was autonomously excavated to
produce the precisely rippled terrace surfaces (Fig. 5, B to D). For
the largest terraces where the reach of HEAP proved inadequate, the
embankment was split into two levels: where the upper part was first
excavated with the machine partially driving on the slope using the
actively controlled chassis to maintain a level cabin. This process
used the excavation workflow developed in our previous work
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(72), with the exceptions being that the initial survey was completed
by a tripod-mounted surveying laser scanner (Leica RTC360) rather
than by drone and that the construction plan was entirely subtrac-
tive (it did not require the additional deposition of soil to build up
the terrain). Thus, the excavated earth could be simply dumped to
the left side of the machine for later removal (fig. S1). The four ter-
races have a combined area of 665 m2 and were excavated autono-
mously over 8 nonconsecutive days, with an average active soil
removal rate of 4.3 min/m3. The finished surface has an average
grade of 38.5 ± 18.6%, ranging from 2 to 65%. Taking the distances
between the surveyed point cloud of the final excavation and the
input design mesh, we observed an absolute average distance

error of 0.023 ± 0.020 m and a root mean square error (RMSE) of
0.030 m.

DISCUSSION
The robotic construction processes developed in this work facilitate
large-scale material-aware landscaping and construction tasks with
high geometric complexity. Our assembly pipeline combines capa-
bilities in stone segmentation and manipulation (Fig. 6) with online
3D scanning (Fig. 7) to accumulate an inventory of unique stone
models that can be used for geometric planning (Fig. 8). The syn-
thesis of these elements allowed for the completion of physical
structures, which could be used to understand both the efficacy of

Fig. 2. Autonomous dry stone construction sequence. The construction process began with stones in the environment and a point cloud map produced using the
cabin- and boom-mounted LiDAR sensors. Individual stone instances were segmented from this map (A), and an initial grasp was planned for each of these segments (B).
Once grasped, each stonewas fully scanned in hand (C), and the intrinsic properties of the stonewere computed from the resultantmesh (D). The stonewas then returned
to the ground for storage, with its pose refined by LiDAR map upon release (E). An inventory (F) was accumulated in this manner, which was then used by the geometric
planner (G) to compute poses within the target wall. Each solution was grasped directly for placement or with an intermediate reorientation (H) when necessary. The
poses of held stones were refined in hand (I) using the cabin-mounted LiDAR, placed in thewall, and refined again (J). Stability probing (K) could be done either at the end
of construction or in batches after each solution set was placed.
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Fig. 3. Robotically constructed stonewalls. (A and B) A 10 m–by–1.7 m–by–4 m freestanding wall built with 109 automatically digitized stones and reclaimed concrete
elements. (C to F) A 65.5 m–by–1.8 m–by–6 m retaining wall built to comply with global geometric constraints. (C) Front elevation of retaining wall with partial overlay of
mesh models from digital twin. (D and E) Overview of the built structure with variable height and incline. (F) Iteratively refined 3D digital twin model displayed in the
geometric planning software.
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the proposed building method and the potential to improve and
expand it toward new applications in the future.

Construction speed
Combining the average duration of the scanning and placing rou-
tines, our process currently requires 21 min per stone placement.
Given the size of our stones, this equates to 1 m3 or 2.8 t of
placed material per hour. Considering the mean wall thickness
and void ratio of our demonstrators, this is equivalent to 1.1 m2

of finished wall surface per hour. Excluding the preparatory stone
scanning, we have demonstrated an average placement rate up to
12.2 min per stone for 28 consecutively placed stones in a single
day. For comparison, our field observations revealed experienced
excavator operators building single-layer walls against earth with
an average rate of 11 min per stone placement: Hence, we are cur-
rently outperformed by human excavator operators in placement
speed. Such operators, however, typically require string and paint
references with which to register their construction and often a
second or third person outside the machine to provide guidance
and to insert small supporting stones, gravel, and soil by hand
and shovel. In contrast, our process can build complex nonplanar
global surface geometries without physical reference markers,
does not require a skilled driver or small supporting stones, and
provides a full digital twin of the built structure for better account-
ability and future reuse. Because of the large scale of the materials,
our robotic process is notably faster than the manual per-person
building rate of 2 t/day for a trained stonemason’s construction of

two-layer cobble walls (40). However, these dextrous workers will
likely have a higher daily output in quantity of stones, amounting
to more than 87 individual stones, if we assume that each is within
the 23-kg upper-lifting limit prescribed by the National Institute for
Occupational Safety and Health (NIOSH) (74).

Multiscalar construction
The constructed freestanding and retaining walls exhibit 42.2 and
40.2% void ratios, respectively, considering stone that occupies
the enclosed mesh volume of the designed wall (excluding any
stone mass that protrudes beyond the wall surface). These void
ratios are near the coarse end of the 20 to 40% spectrum considered
typical for manually constructed dry stone walls (40, 75). Such tra-
ditional walls, however, generally include stones that have been re-
shaped for an improved fit and contain a multitude of much smaller
“hearting” stones that are carefully laid to fill the core of the wall and
“wedging” stones that fill and support the underside of larger stones
(40); together, this stone debris accounts for 5 to 20% of the wall
volume (76). Our current process does not allow for modification
of the stones, nor does the large-scale gripper of HEAP facilitate
construction with smaller cobble-scale stones (15). Although the
current level of porosity is unproblematic for a variety of utility
structures and can even be desirable as supplemental habitat for
local flora and fauna (77) or for water flow in breakwaters, reducing
this void ratio can increase a stone gravity wall’s resistance to inci-
dent forces (40) and reduce the permeability of structures intended
to enclose indoor spaces. Potential approaches to filling the gaps

Fig. 4. Autonomous excavation procedure.HEAPmoved gradually along the terrain, bringing the untouched landscape (A) toward the target geometry (B) with angled
cuts (C) that reduced the effects of actively dug soil disturbing the already-surfaced areas. The machine perceived the environment by LiDAR and assembled laser (D) and
elevation maps from the data. By subtracting the designed desired elevation map (E) from the laser map, a difference map (F) was constructed. This difference map was
used to determine the next excavation point, to which the machine approached along the driving path (G), to work orthogonally on the embankment. The driving path
was offset from the design line (H), which was provided along with the desired elevation map. After filling the bucket in an excavation cycle, the material was dumped to
the side by rotating the cabin (I), and the process was repeated.

S C I ENCE ROBOT I C S | R E S EARCH ART I C L E

Johns et al., Sci. Robot. 8, eabp9758 (2023) 22 November 2023 7 of 19

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



between stones could include mortar printing (52), rammed-earth
or clay construction (78), and jammed tensile-reinforced gravel
printing (79) or, in an extraterrestrial context, regolith sintering
(80) or binder-supplemented microscale assembly (81). Toward
the more traditional insertion of small filling stones, we consider
the application of a compound manipulator for macro-micro as-
sembly (fig. S2), with the understanding that parallelization with
multiple machines would be necessary for practical implementation
(planning and placing a small stone requires a similar execution
time as placing a single large boulder).

High-level planning
The present workflow requires the global target geometry of stone
walls and landscape features to be manually specified by a designer.
This designer must, for example, correctly size the goal wall to meet
structural requirements or other site-specific demands. Although
this preemptive planning is practical for the majority of scenarios
that must integrate with other preplanned building phases (and
where material is being delivered on the fly), it is undesirable in
remote or relief scenarios where materials are limited to the direct
vicinity of the construction site and where the utility of the built
structure is more important than its specific shape. In such

applications, high-level planning routines should be capable of sur-
veying the available resources and automatically modifying the
overall construction plan accordingly to suit the size distribution
and quantity of stones or of adjusting the target terrain to accom-
modate local features while steering toward high-level goals, such as
navigability (82, 83).

Autonomy in construction
Construction sites are highly dynamic and safety-critical environ-
ments, providing numerous challenges to the future of full con-
struction autonomy. The freestanding wall prototype was built on
a planar concrete surface in a facility protected from outside distur-
bances, and construction could be completed in that context
without a human operator in the machine. The retaining wall and
terraced landscape, however, were built as permanent installations
in an active construction site: Additional manually operated ma-
chines and human workers frequently required access to the area
for activities such as material handling and storage, earthmoving,
and the routing of drainage or electrical services. Weather condi-
tions and excavation works also introduced mud and erosion chal-
lenges to the process. For these reasons, the retaining wall was
constructed predominantly with a human operator inside the

Fig. 5. Robotic landscaping. (A) Overview of park with integrated robotic terracing and stone retaining wall. (B) HEAP positioning to modify the lower slope with a
grading bucket. (C) Grading bucket exit path while cutting the middle slope. (D) Intermediate berms on the sloped landscape for erosion control, displaying first signs of
ruderal plant growth.
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excavator cabin to provide oversight and avoid accidents: Picking,
placing, and scanning were executed autonomously, whereas
driving between these operations was done manually. In both
cases, high-level task sequencing and the handling of unexpected
situations were managed by a human supervisor. Unexpected situ-
ations can include stones that fall entirely off the wall or the need to
remove stones with problematic settling (the freestanding and re-
taining walls had 6 and about 25 such events, respectively). In
these cases, the process is interrupted by the supervisor, the prob-
lematic stone is moved away, and the planning-and-building
process is restarted by first relocalizing each stone using the
LiDAR map. To remove these requirements, future work can imple-
ment automation of this overarching management, together with
providing a high-level understanding of holistic site goals beyond

a single task, thereby allowing robotic devices to safely recognize,
collaborate with, or cede access to adjacent robots and operations.

In our digging and assembly experiments, the machine relied on
a Global Navigation Satellite System (GNSS) for site localization:
On several occasions, this reliance resulted in undesirable down
time because of connection failures to the RTK base station.
These concerns have been subsequently mitigated with a graph-
based multisensor fusion method (84) that also incorporates
LiDAR for pose estimation. Future works might also include incor-
porating texture- or LiDAR-based methods that provide local ad-
justments to the global end-effector pose to improve alignment in
grasping and placement.

Fig. 6. Stone segmentation and grasp planning. The stone segmentation pipeline was trained with a combination of automatically labeled stone piles generated in
simulation (A) and manually labeled real images (B). RGB input images (C) were masked with identified stone instances (D). The LiDAR map was then projected onto the
image frame and segmented using the RGB masks (E and F). The grasp planner determined a feasible grasp on the segmented cloud (G) that was then executed by
HEAP (H).
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Outlook
Our use of local and reclaimed materials for the robotic assembly of
dry-stacked structures has been applied toward the construction of
freestanding and retaining walls, but the process could also be
adapted to the development of coastal defenses, transportation, ag-
ricultural, or extraterrestrial infrastructure and as an alternative
building method in sustainable disaster recovery (85, 86).

Dry stone structures are not only materially efficient to produce
but are fully reversible and reusable at their end of life: Our process
extends this circular capacity by producing a process-inherent 3D
database of the materials available within the wall, useful for

future planning. Robotic automation of stone masonry construction
has the potential to restore the widespread feasibility of a task that
otherwise requires expensive and time-consuming expertise on site,
allowing for the use of nontoxic, low-energy, local, and natural ma-
terials that can reflect regional vernacular traditions and provide an
improved sense of place. Similarly, the building process can support
local economies of material acquisition (12) and encourage sustain-
able urban mining or upcycling of disused structures. We have used
these walls as the basis for a cradle–to–end of construction evalua-
tion of their associated greenhouse gas emissions in section S4,
showing that our process demonstrates a conservative 41%

Fig. 7. Stone digitization. (A) The stonemesh andmass properties were generated from a cloud accumulatedwhile the stonewas held in the gripper and rotated. (B) The
salient texture region was extracted from the RGB camera images by first generating a corresponding image of the stone mesh in the camera frame using the kinematic
state and then applying that image as a seed for grabcut segmentation. (C) For improved alignment for texturing, we recomputed camera poses using a sparse recon-
struction, aligned the 3D reconstruction to the base mesh, and projected the segmented images from these updated camera poses onto the mesh to create a textured
model. (D) Using the downsampled mesh, we iteratively applied the seed-and-flood VSA method to identify meta-faces and edge frames.
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reduction in embodied carbon equivalents when compared with a
similarly performing reinforced concrete wall. With the promise of
reducing embodied energy through such adaptive assembly
methods, future robotics research can facilitate new models for mul-
tiscalar manufacturing and construction, unlocking the latent po-
tential of nonstandard and reclaimed materials toward sustainable
products, buildings, and infrastructure.

MATERIALS AND METHODS
Mapping and segmentation
To accumulate an inventory of digitized building materials, we must
first localize and segment candidate building elements that are
freely distributed on the construction site. By generating a precise
map that includes the location and shape of nearby stones, we can
plan grasp configurations and arm motions that allow for additional
in-hand analysis of these objects.

Our mapping pipeline builds on the LaserSLAM (87) framework
for incremental pose-graph optimization, with extensions that

consider odometry constraints from the fusion of GNSS and inertial
measurement unit (IMU) readings and scan-matching constraints
generated by the ICP registration (88) of incoming LiDAR scans to a
subset of previously acquired scans. These scans are filtered using
the kinematic state of the machine (to remove self-seen points
from the excavator’s arm and legs) and integrated into a volumetric
map that is built around the current robot location, uncorrupted by
its moving parts. This map is leveraged for landscaping, stone de-
tection, and grasping and is also shared with the geometric planner,
where it is meshed to provide collision geometries of the ground
that can be regularly updated as necessary (such as with the retain-
ing wall, where surrounding earthwork and backfilling operations
were conducted during construction).

Although our previous work also used LiDAR-based mapping to
facilitate autonomous grasping (42), its reliance on geometric seg-
mentation limited applications to semicontrolled environments
with approximately flat ground. To handle more challenging, un-
staged, and naturally occurring settings, including arbitrary piles
of stones and rough terrain, we augmented the LiDAR sensors

Fig. 8. Stone placement planning. The construction objective was specified by a single designed surface that was offset with a specified rake angle θ (A) to produce a
closed volume (B). At each planning iteration, rays were cast in all directions from a curvePe lofted above the center line of the as-built wall (C) to approximate the top
surface of the existing ground and placed stones (D). The intersection of this surfacewith the designed bounding volume defined the rim pathPrim, which was filtered on
the basis of masonry-informed heuristics (E) to provide the basis for the initial seed frames of candidate stone placements (F). These initial poses were further refined for
alignment and stability (G). Each of the registered and stable candidate solutions were then encapsulated in an offset and voxelized bounding box centered on the stone
origin (H), and an SDF was used to classify the placeability of the solution (I). A custom software interface (J) provided interactive visualizations of the wall state, search
area, and solutions (i); the available inventory (ii); and individual stone models (iii).
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with a cabin-mounted camera, providing visual cues that have
proven to be more suitable for instance segmentation in cluttered
environments.

The improvements to instance-aware mapping presented here
leverage state-of-the-art, learning-based visual object recognition
techniques to process the live camera feed: We used a custom
Mask R-CNN architecture (89) trained for the task of stone detec-
tion and segmentation on RGB images. To this end, we generated a
training dataset containing automatically masked, rendered images
of photorealistic 3D stone models that were randomly aggregated in
simulation (Fig. 6A) (90). After training with synthetic images, the
neural network was fine-tuned on a small set of manually labeled
images captured on site with a handheld camera (Fig. 6B). For
each recorded trajectory, we generated a 3D reconstruction using
COLMAP (91, 92) and labeled the resulting dense point cloud
using the Supervisely (93) annotation tool. Last, 3D labels were pro-
jected back to the original images using COLMAP’s estimated
camera poses, and the resulting 2D instance segmentation maps
were refined by means of a conditional random field. At test time,
for each stone recognized in the current image, the neural network
predicted a 2D segmentation mask that was propagated from the
image plane to the 3D map and fused with instance predictions
from previous views to achieve an accurate and consistent 3D in-
stance-level segmentation (Fig. 6, C to F).

To propagate instance segmentation information from 2D to 3D,
scans acquired between two input images were projected onto the
current image plane using LiDAR odometry estimates and the pre-
calibrated camera-LiDAR transformation. The generalized hidden
point removal algorithm (94) was then applied to discard projected
3D points that were not visible to the camera. This determination of
view-specific point visibility was crucial, given that the camera and
the LiDARs were mounted some distance apart. Last, the 2D seg-
mentation masks predicted by Mask R-CNN were used to
segment the projected point cloud, and the resulting 3D segments
were associated with existing stone instances already present in the
map (that were detected in previous views). This was achieved by
searching, for each stone instance in the map, for the best-fitting
3D segment predicted in the current view. Any remaining un-
matched segments were used to initialize a new stone instance in
the map.

As newly segmented raw point clouds were integrated into the
map, the 3D segmentation was continually regularized in a separate
thread by means of an efficient, graph-based label diffusion ap-
proach. This method allowed instance labels to be easily propagated
between neighboring 3D voxels if the underlying surface was
smooth, thus enforcing 3D segmentation boundaries to match
actual geometric boundaries. For more specific technical details re-
garding the label diffusion approach and online instance-level
mapping pipeline, we refer the reader to (95).

Grasp planning
The goal of the grasp planner was to find viable grasp configurations
on the detected object instances that were collision-free and have
contact wrenches that span the object’s centroid (force closure;
Fig. 6, G and H). We generated grasp hypotheses for a two-finger
gripper model by sampling surface points on the point cloud repre-
sentation of the object instance (42). For each sample point, a local
reference frame was assigned with its x axis pointing along the
normal and its z axis in the direction of minimal curvature. A

convex polyhedral gripper collision model was aligned with the ref-
erence frame and moved along the normal direction with several
opening angles until the palm or jaws were in contact with the sam-
pling point cloud. These many sampled grasp hypotheses were first
evaluated for validity (force closure) by a grasp classifier using a
four-layer convolutional neural network (CNN) presented in (96).
The valid grasps were further ranked by a task-specific heuristic
cost, which resulted in a physical grasp success rate of 82.2%,
where failures most commonly occurred because of stone move-
ment during grasp closure, either from imprecise grasp pose execu-
tion, slight grasp asymmetries that caused the stone to shift before
both sides of the gripper made contact, or wedge-shaped stones that
were pushed away by the gripper’s closing force. In the case of a
slipped grasp or dropped stone, the grasp planner started afresh.
At present, these grasp failures are detected manually, but this
could be achieved autonomously in the future by comparing the
actual gripper closing angle with the specified closing angle for a
given grasp. A more detailed overview of grasp planning from seg-
mented object instances can be found in (42, 43).

Stone digitization
Scanning
After the initial grasp that was planned on a partially obscured point
cloud, we generated a full mesh of each held object by scanning it in
hand. Using the cabin-mounted LiDAR, we accumulated points in
the end-effector coordinate frame while spinning the gripper and
stone at a constant velocity of 0.18 rad/s and filtering out points be-
longing to the gripper, achieving full coverage in a single grasp. To
remove undesired artifacts (such as from falling dust), we applied a
statistical outlier removal filter and isolated the largest cloud after
Euclidean cluster extraction (r = 0.2 m) (97) for meshing with
Poisson surface reconstruction (98). Each mesh was automatically
validated and repaired if necessary (99) and then used to compute
the mass properties (100) and to produce a downsampled copy.
Because the initial reconstruction output overly dense meshes,
with about 28,000 faces and 14,000 vertices/m2 (±40%), downsam-
pling allowed for improved loading, rendering, and planning per-
formance. These downsampled copies have an average resolution
of 523 ± 11 faces/m2 and 261 ± 4 vertices/m2. Each stone was as-
signed an intrinsic reference frame T!

i
s that originates at its centroid

and is aligned to its principal axes (computed with principal com-
ponents analysis on the original mesh vertices; Fig. 7A) (41). The
full scanning sequence took 4.7 min per stone, averaged across
110 field-digitized boulders.
Texturing
To obtain a textured mesh, we simultaneously recorded RGB
images from a cabin-mounted camera during the scanning
process. Using the known excavator and reconstructed stone geom-
etry in each view, the images were masked to remove the back-
ground and excavator using GrabCut (101), initialized with the
center of the visible stone mesh (Fig. 7B). To correct for misalign-
ments of the camera pose with respect to the held stone, we recon-
structed the camera poses with a georegistered sparse 3D
reconstruction and registered and scaled this sparse cloud to the
LiDAR-produced point cloud using ICP registration, applying the
same transformation to the camera poses. The images at these re-
computed camera poses were then projected and blended onto the
mesh using MVS texturing (Fig. 7C) (102). The texturing pipeline is
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currently used for documentation and to assist human recognition
and troubleshooting with specific stones. In the future, it could fa-
cilitate feature-based pose estimation or enable planning for visual
patterns and color distributions on wall faces.
Face approximation
To assist the assembly planner, we precomputed additional intrinsic
geometric properties and stored them in the database alongside
each stone object. Edges and meta-faces (approximately planar
regions on the stone) were computed by iteratively applying the var-
iational shape approximation method (VSA) (41, 103): Beginning
with a number of randomly seeded proxy faces (ks = 4), we repeated
the VSA process of distortion-minimizing flooding and proxy
fitting until each region had an L2,1 error metric below a specified
threshold. If the maximal L2,1 error condition was not met after 10
iterations, then the region with the most distortion was split (incre-
menting ks), and the process was repeated until there was some
quantity ks of meta-faces that all fell within the specified L2,1

error constraint. A meta-face adjacency matrix facilitated the iden-
tification of stone edges, and each edge midpoint was assigned two
local reference frames T!

i
e;a;T!

i
e;b in T!

i
s whose normals were aligned

with the mean area-weighted normal of the mesh faces in each ad-
jacent meta-face region and whose x axis was aligned to the stone
edge (Fig. 7D). Fast point feature histogram (FPFH) descriptors
(104) with a radius of 0.2 m were precomputed at each of these
edge midpoints using points populated on the mesh surface and
normals estimated from the mesh.

Geometric planning
The geometric planner considered the inventory of scanned stones
and attempted to find a collection of candidate placements ci [ C

in the target wall, where each candidate ci consisted of the tuple (si,
Oi, vi) containing the unique stone identifier si, the planned poseOi
of the stone in the world reference frame, and an assigned fitness
value vi.

Each target wall geometry was defined by an arbitrary open tri-
angular mesh that represented the center of the wall
Mc ¼ ðVc;FcÞ, offset in opposing directions with a specified dis-
tance and rake angle [40] to produce the outer wall surfaces M� 1

s
and M1

s (if desired, then M� 1
s and M1

s can also be set explicitly)
(Fig. 8A). These surfaces were joined into a closed bounding
volume Mb ¼ ðV

� 1
s < V1

s ; F� 1
s < F1

s < FnÞ, where Fn con-
sists of faces derived from the trivial triangulation of the corre-
sponding naked border vertices in V� 1

s and V1
s (Fig. 8B).

Candidate seeding
Each search for placeable candidatesC began with a superset of can-
didates S . C, seeded within the boundary volume ℳb, that were
gradually refined and reduced toward C. Rather than randomly se-
lecting stones and poses within the intractably large search space of
ℳb, we leveraged the intrinsic geometric properties of the stones to
quickly produce a fixed number of partially registered candidates.
Taking the mesh ℳr representing the rigid objects in the scene (a
concatenation of the meshes for the ground and any previously
placed stones) with vertices Vr and the naked boundary vertices
Vnb , Vc of the lowest edge in ℳc, we produced a collection of
points Pe projected onto ℳc and lifted slightly above the center

of the built structure (dl = 0.2 m; Fig. 8C)

Pe ¼ projMc vinb;x; v
i
nb;y;max z

�
�
�
�
�

ðx; y; zÞ [ Vr ^

j vinb;x � x j, 1 ^

j vinb;y � y j, 1

8
><

>:

9
>=

>;
þ dl

0

B
@

1

C
A

8vinb [ Vnb

ð1Þ

From each point in Pe, we cast rays in all directions and re-
meshed the set of points where these rays strike ℳr using Poisson
reconstruction to produce a single simplified surface ~Mr that ap-
proximated the top of the existing structure and lofted over small
irregularities near the wall boundaries (Fig. 8D). The subspace of
ℳb above ~Mr represents the boundary of the active search
volume M̂b, and the loop of counterclockwise-ordered vertices at
the intersection of ~Mr and ℳb defines the rim path Prim, the
upper perimeter edge of the in-progress wall. The collection of
frames T!

k
rim [ Trim were positioned at each point in

pkrim [ Prim, with normals aligned to those of ℳb and with x
axes tangent to Prim. Candidate seed poses were thus obtained by
registering each stone edge frame T!

i
e;a, T!

i
e;b with each rim

frame T!
k
rim.

To improve the bonding and stability of a stone wall, traditional
masons suggest placing each stone above the joint between two un-
derlying stones, such that there are few vertical running joints
between layers (section S5) (39, 40). It is also typical to maintain
an even height during construction and to build inward from the
wall corners (105). We incorporated these concepts as a heuristic
filter to our perimeter frames Trim by first identifying a set of key
frames Tkey ¼ ððTcorner < TjointÞ> TlowÞ , Trim where

Tjoint ¼ T!
k
rim8 k; such that ðs:t:Þ k j opkrim = opk� 1

rim
; pkrim [ Prim

n o

ð2Þ

Tlow ¼ T!
k
rim8k;

s:t: k j pkrim;z � zmin þ b rb
zmax � zmin

b

l ml m
; pkrim [ Prim

n o ð3Þ

with zmin ¼ minfz j ðx; y; zÞ [ Primg

and zmax ¼ maxfz j ðx; y; zÞ [ Primg
ð4Þ

Tcorner ¼ T!
k
rim8k;

s:t: k j
pkrim � pk� 1

rim

kpkrim � pk� 1
rim k

� �

�
pkþ1

rim � pkrim
kpkþ1

rim � pkrimk

� �

, 0:5; pkrim [ Prim

� �

ð5Þ

where opkrim is the index of the closest object in the combined set of
rigid objects ℳb to the kth rim point pkrim. Toward building with
horizontal layers, we divided the rim path points into bands with
height b = 0.3 m and prioritized filling in the lower areas by includ-
ing only the bottom half of these bands (rb = 0.5; Fig. 8E). We then
finalized a set of seed frames Tseed , Trim to include all perimeter
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frames within a given radius of a key frame (rkey = 0.75 m)

Tseed ¼ T!
k
rim8k;

s:t: k j arg min
j
kpkrim � pjrimk � rkey; p

k
rim [ Prim;T!

j
rim [ Tkey

( )

ð6Þ

After computing FPFH descriptors at each frame in Tseed (106),
we found the k-closest correspondences between each stone edge
and each frame in Tseed (k ≈ 10). From these correspondences,
we prefiltered any likely unstable stone poses that have a low
depth-to-height ratio (41) and kept the top n correspondences as
set S for further refinement (n ≈ 2 × 104). This approach yields
a relatively fast set of approximately feasible solutions (Fig. 8F),
with the entire process of reconstructing Pe, ~Mr, M̂b, and Prim;
filtering; and computing descriptors and correspondences typically
taking under 10 s (on a laptop running Ubuntu 20.04 with an Intel
i7-8750H 4.1-GHz processor and 64 GB of RAM).
Torque and intersection constrained registration
The candidate placements seeded in S can exhibit infeasible inter-
sections with the existing context (the ground and partially built
wall), poor geometric alignment, and instability. Thus, we required
some approach to refine these toward a new pose that is both stable
and well aligned to the desired wall surface. Here, we adapted the
approach of ICP registration, typically used for aligning point sets
from observations of corresponding objects or scenes, for the task of
rigidly transforming a stone such that it was well mated with its sur-
roundings. In our previous work (41), we applied this strategy by
using conventional point-to-plane ICP registration until conver-
gence and then iterating a rigid-body physics simulation for a
maximum number of time steps or until equilibrium was reached.
The downsides of this method are that the registration and physics
simulation are separate processes that can pull the candidate stone
in opposite directions. In addition, the ICP registration typically
results in many intersections between the stone and the surround-
ing rigid objects, which can lead to instability in the physics solver;
we would thus project the stone up from any intersections after ICP
registration, degrading the geometric alignment to the local context.
To overcome these issues, we introduced a torque and intersection
constrained registration (TICR) approach that combines contact-
induced rotation with ICP registration in a single step, allowing
us to compute contact points only as needed for registration
rather than relying on a separate representation (such as convex de-
composition) for collision detection.

We took the set of sample points Ps ¼ fpi; � � � ; pjNjg, populat-
ed with a specified density (Dp ≈1000 points/m2) on each candidate
stone with area As, where N is the set of sequential indices {1, ⋯,
⌈DpAs⌉}. Given an equally dense set of points Qb on our search
volume M̂b, we considered foot points fqi; � � � ; qjNjg [ Qb,
where qi is the closest point on the stationary search volume for
each point pi. We obtained surface normals at each point from
the underlying mesh geometries, where np,i and nq,i are the
normals at points pi and qi, respectively. Note that because the
normals nq,i were derived from the outward-facing closed mesh
M̂b, those normals that correspond to the ground or already
placed rocks were reversed. We considered the subsets of point
indices J # N for all points where np,i ⋅ nq,i ≥ 0 and ‖pi − qi‖2

≤ dt for some distance threshold dt; I # J for indices where qi
is on a portion of our search volume that belongs to a rigid object
(the ground or previously placed stones); and H ⊆ I for a 0.1-m
voxel subsampling of the remaining points ‖pi − qi‖2 ≤ dc within a
contact distance threshold dc (Fig. 8G).

Within each single iteration, we first determined whether the
object is in static equilibrium by minimizing the sum of contact
forces (fi) and torques subject to friction constraints using quadratic
programming

min
x
k
X

i
f i þ Fgk

2
þ k
X

i
ðpi � csÞ � f ik

2
; 8i [ H

s:t: j f i � ti;j j� μð� nq;i � f iÞ; j ¼ 1; 2
� nq;i � f i � 0

ð7Þ

where x is the stacked vector of contact-forces [fi, x, fi, y, fi, z, ⋯,
f∣H∣, x, f∣H∣, y, f∣H∣, z]⊤ and where Fg = msg, for stone mass ms and
gravitational acceleration g. We use cs for the stone centroid, μ for
the coefficient of friction, and ti,j as an arbitrary pair of orthonormal
vectors perpendicular to the surface normal nq,i.

We then continued to register the stone by computing its trans-
formation with the point-to-plane objective function for ICP (88),
applying a zero penetration constraint (107) to rigid objects, an in-
crementally applied partial penetration constraint to the target wall
surface (dp ≈ 0.1 m), and increased weight (ψi) to foot points on
rigid objects. When the stone was in contact but not in equilibrium,
we also constrained its rotation to align with the contact-induced
rotation axis ω, derived from the sum of residual torques of Eq. 7

min
T̂

X

i
½ðTðpiÞ � qiÞ � ψinq;i�

2
; 8i [ J

s:t: nq;i � ðTðpiÞ � qiÞ , 0;ψi ¼ 1; 8i [ I

nq;i � ðTðpiÞ � qiÞ , dp;ψi ¼ 0:5; 8i [ JnI

a � ðω=kωkÞ . ϕ) kωk . 0; ϕ � 0
ka� ωk ) kωk . 0

ð8Þ

where the operator T(pi) applies a homogeneous transformation to
point pi using the linearized 4 x 4 transformation matrix

T̂ ¼

1 � γ β tx
γ 1 � α ty
� β α 1 tz
0 0 0 1

2

6
6
4

3

7
7
5 ð9Þ

with rotation component a = (α, β, γ). Because the rotation angle is
determined by the magnitude of a, we forced a small rotation by
increasing the value of ϕ when the object is not in equilibrium to
escape local minima where the stone is aligned geometrically but
unstable (ϕ = 0.1). We then allowed convergence by reducing this
value by half at each impulse where ωcurrent ⋅ ωprevious < 0.

For each candidate solution, we incrementally applied TICR up
to a maximum number of iterations (niter ≈ 50) or until conver-
gence. Convergence was accepted when the pose error between
current and previous candidates Epose(Ocurrent, Oprevious) < (1 ×
10−4,1 × 10−4). After registration, these solutions were sorted by
the foot-point distance RMSE, and the top candidates (ntop ≈ 5 ×
103) were run through a rigid-body physics engine (108). Because of
its consideration of penetration and torques (although not yet
sliding), TICR-registered solutions were 1.6 times more likely to
reach equilibrium in the physics simulation compared with conven-
tional ICP, a figure that we obtained by comparing the simulation
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survival rate of 10,000 TICR-registered and ICP-registered seed
candidates on the same partially built wall (24.6 and 15.0%, respec-
tively). This entire sequence of registration and simulation was iter-
ated twice per execution of the geometric planner (section S6).
Classification
Because our method attempts to avoid the error accumulation and
high logistical and computational costs associated with precomput-
ing the full structure, it is essential that individually placed stones
are not detrimental to the feasibility of downstream solutions.
This can be achieved by applying heuristics from traditional
masonry guidebooks (35, 41), such as having the top surface of
stones slope toward the interior of the wall and avoiding solutions
that leave too little space for adjacent stones by extending close to
the opposite side of the wall (40). In practice, however, these heu-
ristics can become complicated by special cases, for example, by
throughstones that span both sides or others that fall fully within
the center of the wall. The surrounding context is also often as im-
portant as the candidate stone in determining the validity of the sol-
ution. Mitigating these challenges, we used an SDF-based classifier
to determine whether an otherwise registered and stable solution is
a placeable one. We trained our 3D U-net–based (109–111) model
on hand-labeled three-channel SDFs from a database of candidate
solutions in automatically generated walls (fig. S3). For each candi-
date ci, we created a bounding region centered onOiwhose nonuni-
form dimensions were determined such that there was one meter of
clearance on all sides of the axis-aligned bounding box of ci. This
box was subdivided into a 323-point voxel grid, and from each
point in the grid, we computed three separate signed distances:
one to the surface of the candidate stone ci, one to the boundary
volume ℳb, and another to the existing rigid objects ℳr (Fig. 8,
H and I). The model was trained on 9000 subjectively labeled
SDFs and obtained 87% accuracy with the labeled test set of previ-
ously unseen stones.
Subset selection
After refinement and filtering, each execution of the solver yields
distributed solutions that consider the full inventory across the ex-
tended search space of the wall: A single stone can have several valid
poses along the length of the wall, and a single position in the wall
can have multiple valid solutions with different stones. To reduce
the overhead of running the solver for each placed stone, we max-
imized the number of high-quality solutions that can be placed si-
multaneously from a given solution set.

Given a solution set S, we looked for the subset C # S to max-
imize fitness

max
kfc1;���;ckg

Xk

i
vi 8ðsi;Oi; viÞ [ S

s:t: :ðca j cbÞ 8a; b [ fc1; � � � ; ckg
ð10Þ

where the incompatibility between two candidates ca ∣ cb is defined
as

ca = cb ^ ðsa ¼ sb _ ca > cb = ;Þ ð11Þ

and where ca ∩ cb ≠ ; indicates a physical intersection of the two
candidate meshes computed using the fast winding number
(section S7) (112). This subset selection process allows for the place-
ment of many solutions in longer walls (around four stones per
solver iteration with 15-m walls). Given the relatively constant du-
ration of the full solver (≈4.8 min), this process typically saves more

than 75% of computing time per placed stone compared with only
accepting a singular top candidate.

Pick and place
Given C, the final set of compatible candidate solutions, we planned
feasible grasps and motion trajectories that allowed these solutions
to be placed in the in-progress structure. Grasp planning for place-
ment is similar to the initial grasping of segmented object instances,
as outlined in the grasp planning section above. In this case,
however, wewere able to augment the point cloud used for sampling
grasp hypotheses with the meshes of already scanned and localized
stones. Picking for placement additionally requires consideration of
collision constraints at both ends of the sequence: We first generated
grasp hypotheses on the desired stone by transforming its mesh to
the target placement pose and sampling noncolliding grasps. These
grasp hypotheses were then reprojected to the current stone pose
(for picking), evaluated for collision and force closure, and ranked
by task-specific heuristic costs (43).

If no direct pick-and-place sequence was feasible, then we reori-
ented the stone to a more suitable intermediate pose using a strategy
that exploits the particular range of motion of the excavator arm.
We first selected a preferred placement grasp that was uncon-
strained by the picking orientation and context. Then, we planned
for an intermediate pose by letting the stone settle in a physics sim-
ulation from several starting orientations: The settled pose that
allowed for a grasp closest to the preferred one was selected as a
stable intermediate placement pose. A reorientation grasp was
then planned that lies on the mid-plane between the actual
ground plane and the projected ground plane of the intermediate
pose. By revolving the stone about the wrist’s infinite yaw axis
while it was held in the reorientation grasp, the stone was brought
into the intermediate pose, and grasp planning for placement was
applied again.

To avoid unwanted collisions during placement, we computed
the direction of a 1-m linear motion trajectory to be tracked
during object placement. This desired placement direction (nplace)
was determined by casting rays in all directions from the stone cen-
troid at the desired pose Oi. Rays that did not hit the ground or sur-
rounding objects were averaged to obtain the placement direction
with the highest margin to obstacles (41).

Refinement
At each physical interaction with a stone (grasping, placement on
the ground, and placement in the wall), unpredictable settling
occurs that causes the stone to translate or rotate slightly with
respect to its planned reference frame. To adapt to these perturban-
ces, we refined the pose of the stone using ICP at each step, regis-
tering a point cloud sampled on the reconstructed stone mesh to the
LiDAR map accumulated in the neighborhood of the approximately
localized stone (41, 43). Upon releasing a stone on the ground or in
the wall, both cabin- and arm-mounted LiDAR sensors were used
for mapping its surrounding area, where the reach of the excavator
facilitated refinement even when stones were placed on the backside
of the structure. Points belonging to the ground or to previously
refined stones were segmented out of the laser map before ICP reg-
istration, and the newly refined stone pose was updated in both the
inventory database and geometric planner for accurate grasping and
simulation in subsequent operations.
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Stone poses were similarly refined in hand during placement:
The held stone was slowly rotated while being transferred to the
wall, accumulating scan points as with the scanning operation.
The final placement trajectory was modified to account for any de-
tected grasp deviations, or the stone was returned to the ground for
regrasping if the shifted stone could no longer be placed because of
gripper collisions or kinematic constraints.

Stability probing
Stone walls must withstand a variety of load cases, including lateral
loads from soil retention, self-weight due to gravity, and dynamic
loads such as human climbing and wind. According to masonry
guidelines (113, 114), the possible failure modes of slipping and
overturning must be considered globally, but also locally, on an in-
dividual stone or subset of stones. Global failure modes can be mit-
igated in the design stage using established formulas to verify the
resistance to overturning and sliding given the overall geometry
and the assumed density of the wall (113, 114). Such global
methods, however, do not allow for the stability assessment of indi-
vidual elements: Thus, we introduce a physical testing method to
alleviate safety concerns from local failures in robotically assembled
stone walls.

Our probing routine used a custom-built force-torque sensor
based on strain gauges (section S8) to verify that placed stones
were load-bearing and locally stable and could resist sliding under
applied target threshold forces. Identified stones that slip or rock at
low threshold forces could be further stabilized with manually
placed wedging stones or mechanical fastening. An overview of
the method is provided in section S9.

Construction materials
Our walls were constructed from a combination of gneiss boulders
extracted from a quarry in southern Germany (35 km from the
building site), erratics unearthed at nearby construction sites, and
concrete debris from recently razed buildings within the metropol-
itan area of Zurich. A detailed outline of the stones used in con-
struction is defined in section S10, and the full archive of 3D
models has been made available (115).

Pose error
For assessing the placed accuracy relative to the planned pose and to
identify convergence in registration, we defined the pose error
between two poses Oi and Oj as

EposeðOi;OjÞ ¼ ðEpos;EorientÞ ð12Þ

where each pose is composed of a translation t ∈ ℝ3 and rotation R
∈ SO(3) and where the position and orientation errors are defined
respectively as

Epos ¼ kti � tjk2 and Eorient ¼ sinθ ð13Þ

where we obtain θ from the axis-angle representation of Rdiff, with
axis w

wsinθ ¼
1
2

r32 � r23
r13 � r31
r21 � r12

0

B
@

1

C
A and Rdiff ¼ RiRT

j :¼

r11 r12 r13
r21 r22 r23
r31 r32 r33

2

6
4

3

7
5

ð14Þ
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