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PLASTR: Planning for Autonomous
Sampling-based Trowelling

Mads A. Kuhlmann-Jørgensen, Johannes Pankert, Lukasz L. Pietrasik, Marco Hutter

Abstract—Plaster is commonly used in the construction in-
dustry to finish walls and ceilings, but the application is
labor-intensive and physically strenuous, which motivates the
need for automation. We present PLASTR, a receding hori-
zon optimization-based planning algorithm for robotic plaster
trowelling. It samples trowelling sequence rollouts from a new
plaster simulator and weights them according to the flatness of
the finished wall.
The proposed simulator approximates the real-world plaster-
trowel interaction adequately while allowing execution orders
of magnitude faster than real-time. We evaluate PLASTR in
simulation and on a real-world test setup and compare it to two
handcrafted heuristic baseline algorithms. PLASTR performs
equal to or better than the best heuristic in terms of material
coverage for both simulated and real-world experiments while
being 50% more efficient in terms of trowelled distance.

Index Terms—Robotics and Automation in Construction; Mo-
tion and Path Planning; Optimization and Optimal Control

I. INTRODUCTION

DESPITE the construction industry being slow to adopt

innovation, the field of construction robots has seen sig-

nificant growth in recent years due to the potential economic,

operational, and environmental benefits of bringing automation

to the building site [1]. Plasterwork is a very common task

in construction due to various desirable properties of plaster,

including fire protection, heat and humidity regulation, and

aesthetics [2], [3]. The common process for plastering is to

first coarsly apply plaster onto the surface and afterwards

iteratively spreading the material using a plastering trowel until

the desired surface is obtained. This work is labor intensive

and physically strenuous, motivating automation in this area

to bring benefits in economic terms and regarding worker

health and safety. However, craftsmen typically rely on years

of experience and a heavy amount of intuition based on visual

and interaction feedback, making it challenging to transfer this

task to a robotic platform. In this paper, we present the findings

of our work towards automating trowel-based plastering, with

the long-term goal of producing surfaces of human worker-

level quality. In this foundational work, we focus on the task

of even distributing pre-applied plaster across a wall surface.
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Fig. 1: A robotic manipulator is smoothening a surface with

troweling actions. The work area is marked, and the measured

elevation is visualized with the overlaid color map.

A. Related Work

The subject of robotic plastering has been studied for more

than 25 years, with early works examining manipulator design,

mapping, and navigation for robotic plaster spraying [4], [5].

Another early work holistically analyzes different mechanical

components required when designing a plastering robot, e.g.,

the manipulator end-effector [2]. Much of the literature on

robotic plastering investigates mechanical design and low-

level control of the manipulator and end-effector [6], [7],

[8]. For the latter, several works propose leveraging a laser

or a similar depth sensor mounted on or near the trowel to

ensure correct positioning relative to the surface of interest [9],

[10]. [11] additionally include a torque sensor in a 3DoF end-

effector design, allowing for impedance control to be utilized

in keeping sufficient surface contact.

The area of trajectory generation and path planning for

robotic plastering is less covered in existing literature, espe-

cially for trowel-based plastering. Methods have been pro-

posed for automatically adapting trajectories to the current

state of the work surface [12], [13] and for an operator to

interactively define trajectories in an augmented reality setting

[14]. However, both of these works only consider plaster

spraying. For trowelling, the primary investigation has been in

training a convolutional neural network to predict trowelling

directions based on images of the surface [15], [16]. Since

little prior work has been conducted on path planning for
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robotic plaster trowelling, this is an unexplored field open to

investigation.
While the literature on action planning, specifically for the

manipulation of plaster, is sparse, robotically shaping other

complex materials, where the outcome of a given action is

inertly hard to predict, has been investigated. Molds have been

fabricated by iteratively stamping a clay block into the desired

shape based on a heuristic [17]. Another work uses a roller

to shape clay-like material to fit a target 2D contour [18].

Material is moved outwards from the point with the largest

material excess. We compare our approach to this strategy in

the evaluation section. Similar heuristics have been applied

to plan autonomous excavation [19]. The dig- and dump

positions for shaping soil are computed from metrics such as

target deviation and current bucket position. These works all

employ a feedback-driven approach: Actions are planned and

executed iteratively based on the current material state, aiming

to converge to the target shape.
Data-driven approaches for selecting actions have become

popular in recent years. Imitation learning from human demon-

strations has been used to teach a robot to shape kinetic sand

[20]. Manipulation of granular media can be learned with deep

reinforcement learning from real-world data collected on a

physical experimentation setup [21]. Due to the large data

requirement of learning-based approaches, many researchers

use simulators for training. Some approaches explicitly learn

the action policy [22], [23], while others learn the physics

model and define the action policy based on optimization [24],

[25]. If the learned physics model is differentiable, this can be

exploited by gradient-based optimization [24]. Path Integral

Policy Improvement (PI²) can be used when explicit gradients

are not available. It finds optimal actions based on value

function gradients estimated from sampled action sequence

roll-outs [26], [27]. We use PI² in this work to find optimal

trowel paths based on simulator roll-outs.
Even though simulating viscous and granular material is

challenging, commercial software is available for the task.

A popular and versatile particle-based simulator for granular

media and fluids is nVidia FleX [28]. It runs in real-time

rendering a single frame in 10ms. Other simulators are

more accurate but come at a higher computational cost [29].

Viscoelastic materials, in particular, are expensive and time-

consuming to simulate. Recent methods do, however, allow for

real-time execution at 0.03 s per frame with 15k particles [30].

While this might be sufficient to facilitate offline learning, we

intend to use simulation online for stochastic optimization.

This requires orders of magnitude faster execution which

is why we propose a new trowelling simulator powered by

lightweight interaction heuristics.

B. Contributions

We provide the following contributions to the literature:

– Development of a fast plaster trowelling simulator for

optimization-based planning.

– Proposing PLASTR, an optimization-based planning al-

gorithm for trowelling.

– Evaluation of the simulator and the PLASTR strategy in

extensive robotic plastering experiments.

II. TROWELLING SIMULATOR

We introduce a plaster trowelling simulator for action

planning based on stochastic, sampling-based optimization.

To achieve reasonable planning times, the simulator’s speed

should be orders of magnitude faster than real-time. Therefore,

we focus on speed over accuracy by developing a volume-

based simulator specifically for trowelling actions. While a

sim-to-real gap is expected, we foresee that this will be

addressed by the closed-loop performance of our planner as

we want to replan continuously.

The simulator is based on the movement of a trowel through

a 2.5d grid-based elevation map environment, where each

cell represents the elevation as a continous value. The Grid

Map library is utilized in the software backend [31]. For

each simulation time step, the effect on the swept area of

the plastering tool between two nearby locations is computed.

The full algorithm is described in algorithm 1. During the each

step, the trowel can accumulate or deposit material:

A. Accumulation

The material in the swept region and above the tool el-

evation should be scraped off and accumulated. The first is

achieved by setting the elevation in the relevant grid cells equal

to the trowel height, and the second is realized by adding the

removed material to a buffer. The buffer is divided into several

bins as illustrated in fig. 2 to emulate the distribution of the

accumulated material across the width of the tool. The buffer

cannot hold infinite amounts of material. The accumulation

is bounded by the available space between the trowel and

the wall as shown in fig. 2. We call the space accumulation

threshold τacc and compute it as follows:

τacc = w ·
l2 · sin (α) · cos (α)

2
(1)

w and l are the width and length of the tool, α is the pitch

angle. Note that the threshold is adaptive and depends on α.

Since only a very small region is considered at a time, we

assume α, and thus τacc, to be constant. The added material

can exceed τacc (algorithm 1, line 6), however, due to the

volume of a single cell, this is considered negligible.

B. Deposition

Grid cells below the trowel height are filled with material

accumulated on the tool. If the relevant bin holds enough

accumulated material, the elevation of the grid cell is set

to the trowel height, and the deposited volume is removed

from the bin. Similar to accumulation, we propose an adaptive

depositing threshold τdep that depends on the pitch of the tool:

τdep =
w

nbins

·
b2 · tan (α)

2
(2)

α and w follow the definitions from eq. (1). nbins is the

number of accumulation bins. b is a design parameter that

defines a distance from the trowel edge, parallel to the surface,

to which the buffer should be filled before depositing. This

heuristic leads to more accumulated material being required

for depositing with a larger pitch angle which replicates the
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Fig. 2: The simulation model subdivides the plaster accumu-

lation buffer on the trowel into bins. A maximum volume of

τacc can be stored. During the material deposition phase, we

assume that an adaptive volume τdep of plaster remains on the

trowel, and excess material (green) can be deposited onto the

surface.

behavior observed in real experiments. To deposit material

in a cell, the appropriate bin must hold at least the missing

amount in the cell plus τdep. We observe that including the

threshold and applying it per bin rather than for the whole

trowel improves the realism of the simulation results.

A smoothing convolution operation is applied over the ac-

cumulation bins to simulate material diffusion between these.

The lateral material spill is not simulated. Including this will

improve the realism of the simulation and could be considered

for future work. The kernel is a design parameter for which

we choose an approximated Gaussian, ω = 0.25
[

1 2 1
]

.

Including the convolution, which is performed at each time

step, qualitatively improved the simulation. Other kernels have

not been examined.

C. Evaluation

We evaluate the developed simulator against real-world

measurements from an Azure Kinect depth sensor. We define

the grid resolution of the elevation map such that each cell

covers 3×3mm and set the accumulation buffer bin width to

be 1.75 cm. The elevation map is initialized with the measured

state of the real world before each trowelling stroke. The

results are presented in table I. The accuracy metrics are com-

puted based on the difference between the surface predicted

by the simulator and a real-world measurement after a single

trowelling stroke. Figure 3 shows examples of predictions and

measurements. Only the area covered by each sweep is used

in the computation, as the remaining area is expected to stay

mostly unchanged. The included noise measure is computed

based on the area not covered by each action. While in the

worst case, the Root Mean Square Error (RMSE) deviation

from the desired surface is 1.95 mm, 70% of the troweled area

achieves the target height within a 2mm tolerance. This shows

that the proposed simulator is a reasonable approximation to

the real world and we expect the deviations to be compensated

Algorithm 1 Conceptual overview of one step of the simulator.

tool[c] refers to the elevation of the trowel edge above

the grid coordinates of cell c. buffer refers to all bins of

the accumulation buffer. bin[c] indicates the specific bin

which c projects into. elevation[c] refers to the material

elevation at c.
Input:

– Two tool poses, p1 and p2
Initialize:

– Ω as the area covered by the tool between p1 and p2
– τacc and τdep as in eqs. (1) and (2) respectively

1: for all cells, c, in Ω do

2: d ← elevation[c] − tool[c]

3: if d > 0 then

4: elevation[c] ← tool[c]

5: if sum(buffer) < τacc then

6: bin[c] ← bin[c] + d ▷ Accumulation

7: else

8: if bin[c] > τdep then

9: elevation[c] ← tool[c] ▷ Deposition

10: bin[c] ← bin[c] + d

11: buffer ← convolve(buffer )

TABLE I: We provide simulation accuracy metrics for the

affected area of singular sweeps on a vertical and a horizontal

surface along with a measurement noise reference. Area within

±2mm refers to the faction of the considered area that falls

into a tolerance band that captures 99% of the noise.

µ± σ [mm] RMSE [mm] Area within ±2mm

Vertical 0.08± 2.00 1.95 0.70
Horizontal 0.37± 1.42 1.38 0.84
Noise −0.04± 0.95 0.78 0.99

for by the receding horizon nature of PLASTR. Execution

time is a key feature of the simulator. Since this primarily

depends on the length of the simulated sweep, we present

the average time per trowelled meter. At 2.44msm−1, this

is approximately 4000 times faster than the trowelling speed

of 0.10m s−1 used in our real-world experiments. It should

be noted that the simulation speed can be further optimized

through parallelization and utilization of GPU resources [32].

III. PLANNING ALGORITHMS

A. State and Action Space

An elevation map reflecting the current state of the work

area makes up the primary observation space utilized by all

presented planners. This is updated from sensor measurements

after each action. The optimization-based planner further re-

quires an estimate of the accumulated material defined in sec-

tion II-A. The target surface is also represented as an elevation

map. For the task of evenly spreading plaster, we consider only

planar target surfaces. Their elevation is computed based on

the volume of available plaster at the beginning of execution:

ztarget =
1

m · n
·

m−1
∑

i=0

n−1
∑

j=0

[G(i, j)]−
ν

A
(3)
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Fig. 3: Visualisation of the real measurements (bottom) and the one-step prediction based on the simulator (top). The color

map indicates the elevation with the color gradient centered around the desired surface.

G is the current elevation map, m and n are the rows and

columns of G, A is the area of G, and ν is a design parameter

to compensate for excess material. We define actions as linear

trowel sweeps parameterized by a start and an endpoint, with

the trailing edge of the trowel always perpendicular to the

direction of motion. The start and end points are always

placed in the target plane, thus leaving only four parameters

((xstart, ystart), (xgoal, ygoal)). The pitch angle (α in fig. 2)

is kept constant for a single action. It is the smallest angle

that still ensures that the upper edge of the trowel is free of

collision with plaster. We favor smaller angles as experiments

have shown these to yield better adhesion when depositing.

This is also reflected in simulation by the adaptive threshold

τdep which grows with the pitch angle.

Algorithm 2 We propose PLASTR, an optimization-based

planning algorithm for plaster trowelling inspired by STOMP.

Starting from an initial guess, the plan is updated based on

weighted averages of noisy exploration samples. Following

the notation introduced in the STOMP paper, we present the

algorithm for one-dimensional actions.

Given:

– Current state, s

– Horizon length, N

– Standard deviation for exploration noise, σ

Initialise action sequence

– If first run, initialise all N actions, θ1:N
– Else, shift previous θ and initialise only θN

Repeat until cost converges:

1) Create K action sequences: θ̃k = θ+ϵk, ϵk ∼ N (0, I ·σ2)
2) For k = 1 . . .K:

a) Simulate θ̃k starting from s to get ϕk and q(θ̃k,i)

b) For each action find: S(θ̃k,i) = ϕk +
∑N

n=i q(θ̃k,n)

c) Calculate P (θ̃k,i) =
e
−

1
λ

S(θ̃k,i)

∑

K
l=1

[

e
−

1
λ

S(θ̃l,i)
]

3) For i = 1 . . . N , compute: [δθ]i =
∑K

k=1
P (θ̃k,i) [ϵk]i

4) Update θ ← θ + δθ

5) Calculate cost: Q(θ) = ϕ+
∑N

i=1
q(θi)

Execute first action, θ1

B. Optimisation-based Planning

With an optimization-based planning approach, we utilize

the developed simulator to alleviate the need for hand-designed

rules and heuristics. To circumvent the need for a differentiable

simulator, we adopt a gradient-free path integral optimization

scheme and base our implementation on the STOMP algorithm

[27]. The algorithm starts from an initial sub-optimal and/or

infeasible trajectory, which is iteratively updated until conver-

gence based on noisy exploration samples. At each iteration,

K noisy realizations of the current trajectory are sampled,

and each time step of each sample is assigned a cost. The new

trajectory is then formed by updating the current one based on

a weighted average of the samples. The weights are inversely

proportional to the costs.

Our method is outlined in algorithm 2. It differs from

STOMP in a few key areas:

1) Cost: We define the total cost to optimize:

Q(θ) = ϕ+

N
∑

i=1

q(θi) (4)

with N as the horizon length, ϕ the terminal cost defined as

the sum of absolute errors between the target and predicted

elevation at the end of the horizon, and q(θi) as the stage cost

for a single action:

q(θi) = ∆Vtotal · βV + d · βd (5)

∆Vtotal penalizing actions that remove plaster volume from

the overall system, i.e., material inside the work area or accu-

mulated on the trowel. d penalizes longer actions to discourage

unnecessarily passing over already completed areas. βd and βV

are tuneable coefficients.

Where STOMP can omit the terminal cost and optimize

only independent stage costs, we let the terminal cost be

the dominating term that captures the progress toward the

target surface. Furthermore, we sum subsequent stage costs

as these can be affected by previous actions, e.g., filling up

the accumulation buffer increases the likelihood of incurring

costs with the following actions.
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Fig. 4: Illustration of how the trowelling actions are updated. The magenta arrows indicate the updated actions and those in

grey show the initialization based on the previous step. The actions are initialized for a horizon length of N (here 5) and

iteratively updated until convergence. At this point, the first action is executed, and the process repeats. The optimisation is

generally warmstarted using the previous solution. This cannot be done for the initial sweep and thus typically more updates

are required for convergence (here 6) than for the remaining sweeps. The colored overlay shows the observed elevation map.

The numbers on the arrows are their absolute indices from the start of the experiment. We show the first few sweeps illustrating

the update process. For progress pictures including the final result see fig. 6.

2) Receding horizon: While STOMP optimizes over the

whole task length, which is assumed fixed, we optimize over

a fixed horizon length, N , and execute only the first action

before re-optimizing in a typical receding horizon fashion.

This helps accommodating model mismatches between the

simulator and the real world.
3) Initialisation: The optimization must be initialized with

a sequence of actions. For this, we evaluate two approaches;

selecting actions uniformly at random, and using an informed

initialization based on the strips heuristic. Due to the receding

horizon approach, full sequence initialization is only necessary

once. Hereafter, only the last action in the new sequence has

to be explicitly initialized, as the remaining can be carried

over. An example of how action sequences are updated using

PLASTR is illustrated in fig. 4.

C. Heuristic-based Baselines

As heuristics have been popular for planning in related

literature, we propose two heuristics to evaluate as baselines.

High-to-low is inspired by existing works [18], [19]. Strips is

proposed by us specifically for plaster trowelling:

– High-to-low: This approach places the start and end

points at the highest and lowest points in the elevation

map, respectively. It aims to accumulate and deposit in

the same sweep.

– Strips: The work area is divided into vertical sections. The

planner alternates between actions along the center lines

of the sections with the most excess and most missing

material. It aims to accumulate material with one action

and deposit with the next.

IV. EXPERIMENTS

A. Setup

We use a UR10 robotic arm for hardware experiments.

A statically mounted Azure Kinect provides depth measure-

ments. The end-effector is a standard plastering trowel attached

Fig. 5: The hardware setup constructed for physical experi-

ments. The manipulator and camera are positioned in front of

the work surface in the vertical setting.

to the robot with 3D-printed parts. For future work, the mount

allows for force-torque sensor integration. The experimental

setup is shown in fig. 5.

All experiments begin with the available plaster inside the

work area as illustrated in the leftmost images in the progress

sequences shown in fig. 6. The work area is 0.6m2 large and

limited by the robot’s reach. The target surface is determined at

the beginning of each experiment as described in section III-A,

where ν is set as 100 cm3. The grid resolution, ρ, of the

elevation map is fixed at 3mm2. All actions are executed

with a fixed linear velocity of 0.1m s−1. In addition to the

proposed planning algorithms, we include random actions as a

sanity check. The evaluated methods are outlined with relevant

parameters in table II.
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(a) PLASTR with strips initialisation (N = 5)

(b) Strips heuristic baseline

Fig. 6: Examples of trowelling progress for the optimization-based planner and the strips heuristic. The work area is indicated

with a grey border, and the measured elevation map is overlaid. We observe in all experiments that spreading material fully

to the edges of the work area poses a challenge. We attribute this to issues with establishing sufficient adhesion for reliable

deposition which is addressed in section V.

TABLE II: Overview of evaluated planning algorithms. Ran-

dom is included as a sanity check and high-to-low and strips

are heristic baselines. The PLASTR row defines different

configurations of our proposed optimization based planner.

Refer to section III for details.

Random Uniform sampling inside work area

High-to-low Action extension: 0.1m at each end

Strips No. of sections: 20

PLASTR Initialisation N σ K βV βd

’greedy’ Strips 1 0.1 25 2 2
’strips’ Strips 5 0.1 25 2 2
’random’ Random 5 0.1 25 2 2

Fig. 7: From the RMSE relative to distance trowelled, it can

be seen how PLASTR outperforms strips in simulation while

converging roughly 50% faster. The RMSE is plotted on a

logarithmic scale for visual clarity to distinguish the results.

B. Performance Metrics

We evaluate performance using three metrics. To track how

much plaster is lost, we use the normalized material volume:

Vnorm =

∑m−1

i=0

∑n−1

j=0
[Gt(i, j)]

∑m−1

i=0

∑n−1

j=0
[G0(i, j)]

(6)

where G0 refers to the initial elevation map and Gt the current,

and m and n are the rows and columns of these. To evaluate

how well the elevation matches the target surface, we propose

the Root Mean Square Error (RMSE) as follows:

RMSE =

√

√

√

√

1

m · n
·

m−1
∑

i=0

n−1
∑

j=0

[

(G(i, j)− T (i, j))
2

]

(7)

where G and T are the actual and target surface grid maps.

The third error metric, completed area, shows what percentage

of the work area has the desired target height within a 2mm
error margin.

C. Simulation Results

The top part of table III presents the results from the

evaluated methods in simulation. The results are based on 52

different starting conditions collected from real-world data.

The simulation experiments are terminated after 20 actions

for all methods. In simulation, the optimization-based plan-

ner with random initialization achieves the best performance

across all metrics, on average covering 99.8% of the work

area. The high-to-low method has the worst performance

covering only 92.6% on average, which is less than a 3

pp improvement from random actions. Strips performance is
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TABLE III: Experiment results from simulation and real world.

Planner Completed Area Vnorm RMSE [mm] Trowel Distance [m]

S
im

u
la

ti
o

n

Random 0.898± 0.040 0.849± 0.041 1.367± 0.410 8.575± 0.768
High-to-low 0.926± 0.067 0.879± 0.056 0.716± 0.510 13.529± 3.483
Strips 0.994± 0.006 0.942± 0.011 0.277± 0.121 13.720± 0.095
PLASTR ’greedy’ 0.990± 0.011 0.937± 0.011 0.385± 0.196 4.302± 0.476
PLASTR ’strips’ 0.997± 0.002 0.945± 0.007 0.200± 0.084 5.421± 0.635
PLASTR ’random’ 0.998± 0.001 0.946± 0.007 0.151± 0.052 5.586± 0.604

R
ea

l

Random 0.573± 0.108 0.766± 0.074 2.626± 0.577 8.108± 1.734
Strips 0.693± 0.038 0.734± 0.066 2.148± 0.113 10.049± 0.653
PLASTR ’greedy’ 0.657± 0.057 0.792± 0.060 1.973± 0.176 14.546± 1.540
PLASTR ’strips’ 0.682± 0.066 0.824± 0.028 1.997± 0.204 10.807± 1.169
PLASTR ’random’ 0.702± 0.046 0.781± 0.059 2.008± 0.234 11.475± 2.135

similar to the PLASTR planners in final result metrics. PLASTR

is considerably more efficient than Strips as can be seen from

the much faster convergence in fig. 7 and the trowel distance

results.

D. Real-World Results

The accompanying video shows the results of the hardware

experiments 1. The bottom part of table III shows the quan-

titative results of the experiments using the physical setup.

High-to-low was left out due to poor simulation performance.

For the remaining methods, each experiment was repeated five

times, both for a vertical and a horizontal surface. Experiments

were terminated when the results converged after a minimum

of 15 actions. All experiments used the premixed Fixit 151A

plaster, which dries relatively slowly and thus can be reused.

To avoid biases related to plaster drying out or other changes

throughout the day, experiments were carried out in random

order.

Compared to simulation, all methods lose more material.

In particular, strips loses on average 26.6% of material. We

observed that this was partly due to pushing the plaster outside

the work area. Still, it also indicates that the accumulation

and deposition processes are more complex than assumed

in simulation. We also observe a large increase in RMSE

for all methods. However, as shown previously in table I,

measurement noise alone may contribute up to 0.78mm to the

RMSE. This indicates that the measured results are close to the

accuracy limits of the depth camera sensor. While no method

outperforms the others in all three metrics, we see evidence

that the optimization-based planner with random initialization

performs the best in evenly spreading the plaster. It covers

70% of the work area within ±2mm. The inconsistencies

between simulation and real world indicates that measures

should be taken to reduce the sim-to-real gap, as elaborated

on in section V. Distributing material to the edges of the work

area has been observed to be challenging in all experiments

which we attribute to insufficient adhesion control during

deposition.

V. CONCLUSIONS AND FUTURE WORK

We propose an optimization-based method for planning

plaster trowelling, solving the task of spreading pre-applied

plaster evenly across a surface.

1https://youtu.be/xlI1H1Hyx9w

In simulation, both the optimization-based planner and our

newly proposed heuristic strips cover more than 99% of the

work area with the desired tolerance. The baseline heuristic

based on literature, high-to-low, barely improves upon random

actions, showing the difficulty of designing effective heuristics.

Our optimization-based planner offers a principled alternative

to hand-crafted heuristics. It slightly outperforms strips in

coverage while being 50% more efficient in conversion speed.

Our plastering robot can execute both the optimization-

based and the strips plans in hardware experiments. The

optimization-based planner outperforms the heuristics in the

real world, too, but the overall performance drops compared

to the simulation results. Parts of the performance decrease

are caused by the limited accuracy of the Azure Kinect

depth sensor. Purpose-build sensor setups could provide better

feedback to the planners [33]. We, furthermore, observe that

even in areas that are measured flat, with low RMSE, micro-

imperfections like burrs can appear. In future work, such

features could be detected in RGB images and treated in a

finishing step. We identify the sim-to-real gap between the

simulator and the real-world test setup as the major cause of

performance decrease. To address this, the simulator could be

improved by modeling the plaster interaction with greater de-

tail, i.e. including side spill. More importantly, the lower-level

execution of the planned troweling motion should be studied.

When the robot moves the trowel along the target plane,

the plaster does not always adhere to the surface. A force-

controlled low-level controller could regulate the pressure of

the plaster during the application process. This change would

allow for better tracking of the desired deposition behavior

modeled in the simulator, narrowing the sim-to-real gap.

The proposed planning strategy is not limited to the task of

plaster smoothing. It could be adapted to manipulation plan-

ning for other viscous materials, such as artistic clay forming,

earth moving with a bulldozer, or pizza dough handling in a

kitchen environment.
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