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Abstract— Applying micro-patterns to surfaces has been
shown to impart useful physical properties such as drag reduc-
tion and hydrophobicity. However, current manufacturing tech-
niques cannot produce micro-patterned surfaces at scale due to
high-cost machinery and inefficient coverage techniques such
as raster-scanning. In this work, we use multiple robots, each
equipped with a patterning tool, to manufacture these surfaces.
To allow these robots to coordinate during the patterning task,
we use the ergodic control algorithm, which specifies coverage
objectives using distributions. We demonstrate that robots
can divide complicated coverage objectives by communicating
compressed representations of their trajectory history both in
simulations and experimental trials. Further, we show that
robot-produced patterning can lower the coefficient of friction
of metallic surfaces. This work demonstrates that distributed
multi-robot systems can coordinate to manufacture products
that were previously unrealizable at scale.

I. INTRODUCTION

Micro-patterned surfaces have been shown to offer passive
physical benefits, including friction control, drag reduction,
and anti-fouling properties [1], [2]. These properties could be
advantageous when applied to large workpieces, such as the
hulls of ships, to improve fuel efficiency. However, existing
manufacturing techniques struggle to produce such surfaces
at scale without high-precision equipment. Traditional mo-
tion planning strategies for manufacturing, such as raster
scanning, require micro-scale features to be placed over large
areas in predetermined locations. As a result, no scalable
method exists for manufacturing micro-patterned surfaces.

In this work, we show that these requirements are not
necessary to create useful micro-patterns, as the underlying
physical properties that enable surface functionality depend
on feature density, not exact feature placement. This presents
an opportunity to rethink the manufacturing process using the
principles underlying ergodic control, where the objective is
not precise localization, but time allocation proportional to
a spatial distribution [3], [4]. To this end, we use mobile
robots with an indentation tool onboard, which apply micro-
dimples to a workpiece to micro-pattern surfaces, as shown
in Figure 2. Previously, the foundation for scaling these
techniques to collaborative teams was established using a
single robot for micro-patterning [5]. This robot used an
indentation tool to apply divots to a metallic surface through
plastic deformation following pre-planned trajectories gen-
erated with the ergodic control algorithm, developed in [6],
[7]. Subsequent work showed that robots computing ergodic
trajectories could pattern independently on the same metallic
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Fig. 1. Robot patterning. (a) Four robots patterning an image of a sculp-
ture in the Balloon Dog series by Jeff Koons. From left to right: coverage
objective, patterning by four robots without communication, patterning by
four communicating robots. Communicating robots use the decentralized
ergodic control algorithm, in which agents average their trajectory history
to divide coverage. (b) From left to right: the club coverage objective,
patterning by four non-communicating robots, patterning by robots sharing
their trajectory history. (c) Robots patterning the club objective on acrylic.

workpieces [8]. Here, we extend that work by allowing
agents to share their trajectory histories and show that
patterning produced by mobile robots can impart beneficial
physical properties to metallic surfaces. This strategy allows
these compact, mobile robots to generate micro-scale pat-
terns that match given target density distributions, consistent
with desired physical effects, such as drag reduction. We
verify the density-based specification and robot performance
in hardware by evaluating a robot-produced patterning in a
lubricated friction test. We find that the robots produce the
desired patterns and achieve a reduction in sliding friction
on a metallic workpiece. The primary contributions of this
work are listed below:

1) We develop a manufacturing technique for scalable,
multi-robot surface micro-patterning using density
specifications and demonstrate this process in simu-
lated and hardware experiments.

2) We test the tribological properties of robot-patterned
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Fig. 2. Robot design. The robot (a) uses an ESP32S3 microcontroller on
a custom PCB. Angled wheels (b) minimize the footprint. The indentation
tool moves from a low (c,e) to a high (d,f) position using a cam, which then
releases and allows the tip (g) to impact the workpiece, forming a micro-
dimple. (h) The robot moves according to the target density distribution to
place these micro-dimples.

surfaces and show that robot patterning can reduce
friction on a metallic surface.

3) We demonstrate that communication facilitates task
decomposition in simulated and experimental systems.

These results demonstrate that distributed robotic systems
can manufacture micro-patterned surfaces at scale.

II. DECENTRALIZED ERGODIC CONTROL

Traditional manufacturing techniques focus on optimiz-
ing precision-based objectives: following tight tolerances to
make products in an assembly line as similar as possible
without defects. This is often the right instinct for creating re-
liable products, but achieving high-precision results can limit
scalability. However, in the case of surface micro-patterning,

existing literature assumes the physical benefits induced by
micro-patterned surfaces rely on feature density [9]–[11].

To synthesize robot controls that allow density functions
to be used as manufacturing objectives, we use the ergodic
metric introduced in [6]. In our system, each robot runs an
ergodic optimal control algorithm onboard to cover a target
density function, spending time in proportion to the value of
the target density over the surface [3], [4]. This allows robots
to traverse a workpiece quickly while still completing the
underlying coverage task. Each robot applies dimples to the
surface at a constant rate and plans its trajectory to modulate
pattern density, as shown in Figure 1. Our method, shown in
Figure 2h, enables the robot to pattern target images defined
by density objectives while producing functional surfaces.

Manufacturing errors on large workpieces are often costly.
To ensure that agents do not pattern undesired areas of
the workpiece, we use control barrier functions to confine
an agent to a safe subset of the coverage domain [12].
Here, control barrier functions are added as a penalty in
the controller cost function. Enforcing safety in this work
equates to protecting the manufactured product from robot
errors instead of ensuring the safety of the robots themselves.

A. Ergodic Metric

Ergodicity is a statistical property of dynamical systems in
which time is spent in regions of space in proportion to the
measure of those regions [13]. This makes ergodic dynamics
with respect to desired measures useful for coverage and
exploration tasks in robotics [6], [14]–[16]. We use the
ergodic control algorithm, originally developed in [6], to
generate control actions that match trajectory statistics to
spatial distributions. This enables an ergodic controller to
cover a given task distribution without additional metrics
for dividing the coverage domain [3]. In prior work, an
ergodic controller was used to generate trajectories offline
for a single-agent patterning task [17]. In this work, we use
the decentralized ergodic control algorithm for coverage of
target spatial distributions with a multi-robot system [18].
To describe an optimal controller for a multi-robot system,
we assume the system dynamics of N agents are in control-
affine form, controllable, and independent:

ẋ = f(x) + g(x)u

=

 f1(x1)
...

fN (xN )

+

g1(x1) . . . 0
...

. . .
0 gN (xN )

u, (1)

where the state of a robotic agent at every point in time t ∈
R+ is x(t) ∈ Rn and the control is u(t) ∈ [umin, umax] ⊂
Rm. Where f(x) : Rn → Rn and g(x) : Rn → Rn×m

are vector fields for the system’s free dynamics and control
input response. The trajectories of the multi-agent system
are represented by: x(t) = [x1(t), . . . , xN (t)] ∈ RnN . We
use a receding-horizon optimal control algorithm to generate
actions in time for agents over closed subsets of R+; we have
t ∈ [ti, ti + τ ] for some initial time ti with the ith sampling
time and time horizon τ > 0.

5384



We now define a metric on ergodicity, which will be
evaluated using spatial Fourier coefficients. The Fourier
coefficients for the trajectory statistics x(t) are:

ck =
1

τ

∫ ti+τ

ti

F̃k(x(t))dt. (2)

Note that F̃k(x(t)) =
1
N

∑
j Fk(xj(t)) where j is the robot

index and Fk(x) are cosine basis functions [18]. We also
require a Fourier representation of the target distribution.
Here, this will be the goal patterning distribution, given by
ϕk =

∫
T
ϕ(x)Fk(x)dx, where ϕ(x) is the measure of the

distribution over the task space. Finally, we write an ergodic
metric:

E(x(t)) =
∑
k∈Nn

Λk (ck − ϕk)
2 (3)

where Λk is a normalization coefficient ensuring convergence
of Equation 3. Note that the trajectory statistics of the
collective ck are the result of averaging individual agents’
trajectory statistics, ckj

. This is the mechanism that allows
them to coordinate their behavior.

III. ROBOTIC SYSTEM DESIGN

Unlike conventional manufacturing tools, such as gantries,
mobile robots are not limited by domain size (when the
workpiece grows, the tool itself does not need to scale
accordingly) and offer an alternative to traditional precision
manufacturing techniques for surface patterning [19]. For this
reason, we have developed a mobile robot to apply surface
patterns using a dimpling tool, shown in Figure 2. Previous
work introduced the design of the robot platform in detail,
but it will be described briefly here [8]. The robot uses
two wheels, angled to minimize the footprint, to traverse
flat workpieces. It applies indentations using a sharpened
carbide tip which is raised and snapped downwards by a cam-
flexure mechanism. Controls are computed onboard using a
XIAO ESP32S3 microcontroller powered by two 2200 mAh
batteries for at least 2 hours of runtime. Collisions with other
robots are detected by bump switches. The majority of the
robot, including the flexure mechanism, is FDM 3D printed.
The robot itself is approximately 75 mm in diameter and
135 mm tall, small enough to allow multiple robots to work
together in a 500 by 500 mm domain.

IV. MULTI-ROBOT COMMUNICATION

In this work, we test simulated and experimental systems
of four robots with two options for communication. In
both cases, each robot computes optimal ergodic controls
online. First, agents do not explicitly communicate. Each
agent is responsible for the same patterning objective, but
no information is passed between individuals. Second, robots
communicate explicitly by sharing the Fourier representation
of their trajectory statistics, as shown in Equation 2. Then,
robots average the trajectory statistics of all agents and
generate their control action based on the history of the
collective. This averaging process allows robots to track
the patterning progress of the whole system and focus on
particular subsections of the coverage domain, which reduces

Fig. 3. Simulated results with and without communication. Four robots,
each running the ergodic control algorithm, were simulated for 25 trials. No
communication means that each robot is separately running ergodic control.
Full communication means that agents average their trajectory history to
divide the task, using the decentralized ergodic control algorithm. The black
lines in (a) and (b) are the median values. (a) Agent trajectories are more
different from each other when they communicate. (b) Performance is the
average ergodic metric over the trial. Agents perform similarly across all
cases, but perform worse on the more complicated balloon dog objective.
(c) For each objective, the no communication case is on the left and the full
communication case is on the right. Individual agent trajectories are different
when agents communicate and the same when they do not communicate.

redundant coverage. We refer to the parallelization of the
coverage task between agents as task division. To measure
task division, we will quantify the difference between each
agent’s trajectory. Agents that are not communicating are in-
dividually responsible for the entire patterning task and thus
should have similar trajectories. Agents that have knowledge
of the state of the collective patterning process should be able
to divide the task, meaning their trajectories will be different
from one another.
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A. Assessing Trajectory Heterogeneity

To measure task division, we use a metric on trajectory
heterogeneity. To compute the trajectory heterogeneity be-
tween two agents, we compare the Fourier coefficients of
individual agents using a norm outlined in Section II. Instead
of comparing a target distribution to agent trajectories, we
compare the Fourier representation of the trajectories of
agent i and agent j. The trajectory heterogeneity metric
between agent i and agent j is then:

Ei,j(xi(t), xj(t)) =
∑
k∈Nn

Λk

(
cki

− ckj

)2
(4)

where Λk is a normalization coefficient. We compare the
trajectory statistics of every agent compared to every other
agent in a given trial. We then average the trajectory hetero-
geneity values to get an overall score per trial.

B. Collision Handling

Work in [20] showed that agents using the ergodic control
algorithm with shared states in their coverage domains
are guaranteed to be co-located. As a result, agents will
inevitably collide with each other during the patterning
process. The presence of collisions creates a notable issue:
for a system to be ergodic with respect to a set of states,
coverage of all states of the system is necessary. To this
end, we make a key assumption, shown in Equation 1, that
agent velocities are uncorrelated. However, collisions mean
that agents’ velocities will be correlated, jeopardizing the
ergodicity of agents’ coverage. As our claims about the
ergodicity of our system relate time-averaged behavior to
coverage of states, correlations in agent behavior may bias
their exploration and thus will compromise ergodicity with
respect to the target distribution.

To resolve this issue, agents have a de-correlation protocol
when they collide: each agent calculates a random direction
in their respective half plane, which preserves their inde-
pendence. Thus, each agent chooses a new velocity inde-
pendently in a half-plane pointing away from their current
heading. This ensures that post-collision trajectories are sta-
tistically independent. Then, the system recovers the property
that long-term averages of the trajectories converge to the
spatial distribution prescribed by the coverage objective.

V. SIMULATIONS

As discussed in Section IV, communication is achieved
using the decentralized ergodic control algorithm in which
agents share their trajectory history, average that history,
and then synthesize control actions based on the collec-
tive progress [18]. Here, we simulate the system with two
objectives with 25 trials for each communication style for
four agent teams. The agent trajectories are shown in Fig-
ure 3. Each column represents a different communication
style for the target images. The effect of communication
is reflected visually in the agent trajectories, where task
division increases with increasing communication. The me-
dian trajectory heterogeneity for communicating agents is
higher for both objectives. Performance refers to the average

value of the ergodic metric over a trial with respect to the
agents’ true dimple distribution. Lower values indicate better
performance. Figure 3a and Figure 3b show the trajectory
heterogeneity metric and task performance, respectively. Per-
formance is similar across communication styles.

VI. EXPERIMENTS

We performed experiments with four agents for each com-
munication mode for the club and balloon dog objectives. For
these experiments, the robots were tracked with an overhead
camera and sent their true positions. As the robots were
connected to a laptop through Bluetooth for localization,
we communicated the robot’s trajectory history to other
robots through the same central hub. The robot still computes
the ergodic control algorithm onboard, so this system can
be described as distributed, but not fully decentralized. In
future work, we plan to have the robots localize themselves
and communicate directly using Bluetooth. Rather than a
metallic workpiece, the robots apply dimples to an acrylic
sheet illuminated from its edges. Each dimple redirects the
light toward the camera, making dimples easier to see from
a distance than those on a metal surface.

The resulting patternings are shown in Figure 4. As in
simulation, the communicating agents can divide the task
better than the agents without communication. This can
also be seen in the trajectory heterogeneity metric from
Equation 4, also used with the simulated results. The ex-
perimental trajectory heterogeneity is shown in Figure 4a,
and the individual agent trajectories are shown in Figure 5.
No communication shows the least heterogeneity, while full
communication shows the most differences between agent
trajectories. We also compare the performance of the two
communication cases, where, again, performance refers to
the average value of the ergodic metric over a trial with
respect to the agents’ true dimple distribution. We see that
for the club objective, both communication cases perform
the same. For the dog objective, the no communication case
performs worse than the full communication case at the
beginning of the run. The dog objective is more complicated
in both density specification and shape, making it possible
for robots to become jammed in different areas, which can
compromise performance.

A. Functional Surface Verification

Previous work has demonstrated that a patterning tool with
the form factor used in our experiments can produce patterns
that reduce friction due to hydrodynamic drag [8]. That work
mounted the robot texturing tool in a computer-controlled
motion stage, then rastered the tool over a workpiece at
varying speeds and stepovers, producing surface patterns on
small aluminum stubs. These stubs could then be evaluated in
a rotary tribometer to determine their frictional performance.
While this strategy showed that this tool could produce
successful friction-reducing features and that density was
a key control parameter, the patterns were not made by
the robots themselves. This route was taken because the
robots are not designed to produce exact pattern densities on
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Fig. 4. Experimental results with and without communication. Note that these results include one experimental trial for each case. (a) Trajectory
heterogeneity score for each objective. Communicating agents have a higher trajectory heterogeneity score than non-communicating agents. The heterogeneity
scores were higher for the dog objective, which is more complicated. (b) The system’s ergodic metric over each trial. This shows a snapshot of the first
40 timesteps. The ergodic metric was minimized and stabilized to the shown values. Communication benefits the performance of the more complicated
dog object, while it does not affect the performance of the club objective. (c) Images over time from the dog patterning experiment with 15 minutes total
time. Elapsed time from left to right: 30 seconds, 2.5 minutes, 7.5 minutes, 15 minutes.

Fig. 5. Experimental trajectories for each robot. Individual robot
trajectories for each case. Robots that communicate can divide the task,
taking responsibility for a part of the coverage area. Robots that do not
communicate have redundant coverage, each covering the whole area.

workpieces much smaller than themselves, such as the stubs.
Using a motion stage allowed sufficient control over pattern

Duration [s] Rotation Rates [rpm]
30 400, 360, 320, 280, 240, 200
60 180, 160, 140, 120, 100, 90, 80, 70, 60, 50
90 45, 40, 35, 30, 25, 20

120 18, 16, 14, 12, 10, 8, 6, 4, 2

TABLE I
ROTARY TRIBOMETER TESTING SEQUENCE.

density to measure the effect of density relatively precisely
while applying patterns to the small workpieces directly.

Here, we show that the textures produced by the robots
themselves have improved frictional performance, though we
focus on the transition from the hydrodynamic to the mixed
lubrication regime. A gradient target distribution of high to
low density (from left to right) was loaded onto a single robot
which patterned a 50 by 50 mm area on an aluminum 6061
sheet over 100 minutes, leaving approximately 20 thousand
dimples on the surface. After patterning, the sample was
sanded with 1500-grit sandpaper to remove excess material
displaced by the indentation tool during dimpling (a standard
procedure for Laser Surface Texturing [21]). Microscope
images of a typical dimple after patterning and a similar
dimple after sanding are shown in Figure 6 along with
depthmap information.

To overcome the restriction on small samples, we pattern
a large workpiece with our robots, then use Wire Electrical
Discharge Machine (WEDM) to machine small circular
samples, which are then glued to aluminum stubs, shown in
Figure 7. The stubs have a cone machined to allow tip and
tilt motion to ensure the sample face runs parallel to the disk
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Fig. 6. Representative dimples on aluminum. A typical dimple after
patterning (a) and a similar dimple (b) after being sanded to remove raised
edges. Depthmap slices (c) show the excess material removed by sanding
as well as the asymmetry due to robot motion during patterning.

of the rotary tribometer. The rotating disk of the tribometer is
turned flat before each test. Three different texture densities
were tested (high, medium, and low), corresponding to 7.5%,
5.4%, and 0.5% area coverage (measured using ImageJ [22]),
along with a blank, control sample.

Samples were submerged in 80W-90 gear oil (Lucas Oil)
and positioned face-down, 23.874 mm from the center of disk
rotation, giving 2.5 mm/s relative velocity per rpm. A series
of discrete rotation rates from 2 to 400 rpm was applied
to the disk, resulting in relative velocities from 0.005 to
1 m/s at the pattern-disk interface. The exact rotation rates
and durations spent at each velocity are shown in Table I.
We then applied a normal load and measured the resulting
tangential load to calculate the friction coefficient over time.
The test began by loading the sample to 5 N, accelerating
to maximum velocity (i.e., 400 rpm), then increasing the
load to 150 N. The relative velocity was then decreased in
discrete steps over time. By starting at high relative velocity
(i.e., within the hydrodynamic regime), the chance of wear
damage affecting early results was minimized.

The results of friction testing are shown in Figure 8.
The raw data shows friction starting low, decreasing slightly
over time (i.e., with decreasing velocity), then increasing
toward the end of the test. The coefficient of friction for
each discrete velocity step is averaged over time and plotted
against relative velocity on a log-log plot, forming a Stribeck
curve [23]. A Stribeck curve plots the friction coefficient
against relative velocity, highlighting the boundary, mixed,
and hydrodynamic lubrication regimes. The shaded region
shows plus or minus one standard deviation. All samples
show similar performance on the right side of the curve (i.e.,

Fig. 7. Friction testing setup. (a) Position history from robot and (b)
resulting patterned workpiece with circular samples removed, (c) microscope
images of samples taken from the high, medium, and low pattern density
regions, (d) a sample bonded to its mount, (e) a reversed sample showing
the leveling cone, and (f) the rotary tribometer setup showing the sample
orientation, forces being measured, and input rotation.

in the hydrodynamic lubrication regime) but show differences
as the velocity decreases (i.e., in the mixed and boundary
regime). The low- and medium-density patterning appears to
keep the friction coefficient low for longer, resulting in a two
orders-of-magnitude difference between the control and low-
density patterns at velocities around 2× 10−1. This verifies
that the patterns produced by the robots have a beneficial
effect that could be leveraged in real applications.

VII. CONCLUSIONS AND FUTURE WORK

In this work, we demonstrated the feasibility of distributed
multi-robot systems for scalable surface patterning. We
showed that robots could collaborate on micro-patterning
coverage tasks in simulated and hardware experiments. Fur-
ther, we showed that robot-produced micro-patterns can
impart beneficial physical properties on metallic surfaces.
However, several avenues remain open for future research.

First, a fully decentralized system will require that robots
perform onboard localization, e.g., through SLAM, rather
than relying on overhead vision. Developing such capabilities
would enable true peer-to-peer coordination and remove the
need for camera infrastructure in the environment.

Second, many manufacturing processes involve sequen-
tial or complementary tasks, suggesting the potential for
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Fig. 8. Rotary tribometer results. (a) Friction coefficient over test
duration and (b) resulting Stribeck curves produced from the patterned
workpiece. Low- and medium-density patterning reduces the onset of
the mixed lubrication regime compared to a control, unpatterned surface.
This result confirms the beneficial effect of robotic patterning for friction
reduction.

leader–follower interactions in which one group of robots
generates patterns while others perform post-processing op-
erations such as sanding or coating. Ensuring reliable, safe
coordination in these settings motivates the use of control
barrier functions beyond restricting the coverage domain.
In future work, control barrier functions could capture
both individual agent constraints and collective system-level
requirements, such as mediating sequential tasks through
onboard sensing of the state of the patterning task.

Finally, the role of communication remains a critical
design consideration. While sharing richer state information,
such as trajectory history, enables coordination, using low-
bandwidth communication techniques can maintain scala-
bility. Future directions could include the development of
adaptive or learned communication policies that determine
what information should be exchanged. Communication may
also include onboard sensing of the shared patterning task to
track the progress of the patterning process. Together, these
extensions would broaden the applicability of multi-robot
patterning systems to more complicated, heterogeneous, and
industrially relevant manufacturing settings.
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J. Možina, “Surface texturing by pulsed nd: Yag laser,” Tribology
International, vol. 42, no. 10, pp. 1496–1504, 2009.

[10] L. Dan, Y. Xuefeng, L. Chongyang, C. Jian, W. Shouren, and W. Yan-
jun, “Tribological characteristics of a cemented carbide friction surface
with chevron pattern micro-texture based on different texture density,”
Tribology International, vol. 142, p. 106016, 2020.

[11] X. Tong, J. Shen, and S. Su, “Properties of variable distribution density
of micro-textures on a cemented carbide surface,” Journal of Materials
Research and Technology, vol. 15, pp. 1547–1561, 2021.

[12] A. D. Ames, S. Coogan, M. Egerstedt, G. Notomista, K. Sreenath,
and P. Tabuada, “Control barrier functions: Theory and applications,”
in European Control Conference (ECC), 2019, pp. 3420–3431.

[13] U. Krengel, Ergodic theorems. de Gruyter, 1985.
[14] D. A. Shell, C. V. Jones, and M. J. Matarić, “Ergodic dynamics by
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