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Figure 7: Our calibration fits a linear model for the rate β (on the left) and the
radius r (on the right) with respect to distance.

servomotor. Our tracking system runs at more than 20 Hz, so
we may assume that position b and direction n are known at the
beginning of the time step and also that we can accurately (via
first-order extrapolation) approximate their values at the end of
the time step (which has not yet taken place). For each time step,
we ask whether or not to spray with the current color B. We
pose this as an energy minimization problem, where our energy
can be written as a function of the simulated image at a point in
time:

E(C(t)) =
X

p
‖T(p) − C(p, t)‖2, (9)

where we measure the color distance in CIE Lab for better
correspondence with human perception. For each step forward
in time, we would prefer to decrease this energy or at least keep
it constant. We compute the predicted error at the next time
step E(C(t + ∆t)) both for spraying with B and for not spraying
by linearly extrapolating the trajectory. If the energy decreases
more than a certain small threshold (accounting for unknown
noise and error), then we choose to spray, triggering the actuator.
If not, the actuator waits for the next time step and the energy
and simulation remain the same. We update the simulation
C(p, t + ∆t) according to this decision as soon as the trajectory
for t → t + ∆t is known.

We additionally have a more conservative mode, which com-
pares E(C(t+∆t)) if spraying with any one of the available colors
and not spraying. We choose to spray with B if this choice has
the minimal expected energy. Intuitively, this assumes that some
time in the future the user will pass by the same region with
other, possibly more beneficial, paint colors. All our results were
produced starting with the conservative mode and switching to
the normal mode afterwards.

Finally, we also show simulated results where at each time
step we choose the best predicted improvement among all avail-
able colors. This mode presumes a device with multiple spray
cans attached simultaneously (which we have not built in prac-
tice), but provides some insights on the benefits and limitations
of our system. In Figure 12 and in the supplemental material,
we refer to this mode as the optimal strategy.

3.5. Feedback and visualization

To provide guidance to the user, we display a pseudocolor
visualization of the current error E(C(t)) (Equation (9)) on a

potential residual energy
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Figure 8: The potential residual depends on the current color. When near zero,
the user is prompted to switch colors.

nearby monitor (see Figure 3). This visualization helps espe-
cially during the first passes over the canvas when the target
content is just starting to appear. Additionally, to facilitate the
user’s positioning, we display a cursor and a range correspond-
ing to the area of the canvas targeted by the spray can given its
current position and orientation.

We also plot the maximum possible amount of energy that
may be reduced using the current color, or potential residual. For
each pixel, we compute whether adding paint with the current
color B would decrease or increase the overall energy. We solve
a tiny optimization problem for each pixel pi:

argmin
αi

‖T(pi) − (C(pi, t) + αi (B − C(pi, t))) ‖2, (10)

subject to αi > 0,

where the non-negativity constraint ensures that paint is added
and not removed. This is easily solved by first solving without
the positivity constraint:

α∗i =
(B − C(pi, t))T (T − C(pi, t))
(B − C(pi, t))T (B − C(pi, t))

, (11)

and then only keeping the result if positive: αi = max(α∗i , 0).
The total potential residual RB(t) for a given color B is the

sum of the individual per-pixel residuals masked by whether αi

is positive:

RB(t) =
X

pi

8
>><
>>:
‖T(pi) − C(pi, t)‖2 αi > 0,
0 otherwise.

(12)

This quantity proves very useful in practice, see Figure 8 for
a visualization. If the potential residual for the current color
RB1 (t) vanishes, then no more progress can be made with the
current color. Hence, this is a hint to the user that a paint color
switch is in order. Once the paint can is exchanged, the potential
residual for the new color RB2 (t) is recomputed and the user may
continue iterating until satisfaction.

We also provide the user a per-pixel visualization of the
potential benefit. We map the numerator of Equation (11) to a
hue color between blue (negative effect) and red (positive ef-
fect), passing by green (no benefit). Indeed, this quantity is
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Original images (subfigures (a)) source: Flickr Creative Commons & Wikimedia Commons.

Figure 9: Chaplin, the Boxer and the Toucan have been physically realized. These demonstrate how closely our simulation (b) matches the physical realization (c) and
recover a low frequency version of the target (a). Additionally, we show difference images between the target and the physical painting in the bottom right corners.

close to zero when the painting matches the target, in which
case adding more paint can only make things worse, or matches
the current paint color, in which case adding more paint would
have no effect. When the current paint color differs from the
painting, there is a potential benefit in spraying. The dot product
in Equation (11) is positive/negative if adding the current paint
color would improve/degrade the painting, respectively. There-
fore, the user can also rely on this visualization to paint in the
positive-effect areas.

4. Results

We have validated our system by spray painting a set of pho-
tographs, as shown in Figures 2, 9, 10, 11, 12 and the accompa-
nying video. Table 1 presents some statistics of our experiments.

A typical painting session begins by registering the cameras
with respect to the wall. Then the user can directly start spraying
the chosen input image. An extract of a typical painting session
is shown in Figure 3. A monitor showing the current potential
residual helps the user determine which part of the image may
be improved with the current color. When satisfied with the
first layer, the user switches the spray can to a different color
and continues. The energy rapidly decreases and then stabilizes
after a while, and the potential residual is a good indicator when
to switch cans (see also Figure 8). A session usually lasts be-
tween 10 and 15 minutes for one A0-format-sized canvas for
grayscale images, and about 25 to 30 minutes for color paintings,
which require more color switches. The accompanying video
demonstrates a full painting session.

Painting on a physical canvas. Due to the difficulty of obtaining
permission to spray paint a building, and the challenges aris-
ing from unpredictable weather conditions (e.g. wind, rain), we
opted to paint on paper sheets of A0 size. This also facilitated
convenient archiving and scanning of our results. To create
larger paintings, we divided the input images into segments ar-
ranged in a grid, each corresponding to a single paper sheet, and

spray painted each sheet separately. Figure 9 and 11 present
four physical paintings realized with our system. The Snail (Fig-
ure 2) is a larger-scale example realized by combining twelve A0
sheets, covering a total surface of almost 12 m2. These results
empirically validate that our spraying model closely matches
the physical process and truly scales to large canvases by sim-
ply translating the setup. Additionally, we present difference
images, which show how our system is able to reproduce the
low-frequency features of the target image (for more details we
refer the reader to our supplemental material).

Painting on a virtual canvas. In addition to physical spray paint-
ing, we ran several virtual simulations using a large LCD display
as our virtual canvas coupled with either our tracking system or a
mouse (no tilt in this case) to define the spray can trajectory. For
virtual paintings larger than the display, we split the image into a
grid and paint each region in succession, as in the physical setup,
while always considering a single, larger virtual canvas. As such,
painting at the border of a region can affect the neighboring
regions, thus avoiding artifacts due to mismatch between indi-
vidual paper sheets. This shows again how our system scales by
simply translating the tracking setup to the current working area.
In theory, our framework even parallelizes: different painters in
charge of each color could work simultaneously. In Figure 10
we evaluate our virtual setup on the target images from Shilkrot
et al. [15]. We use different types of paint and different painting
tools resulting in different aesthetics. While their results can
appear aesthetically more pleasing, our paintings usually match
our simulations more closely, because we prevent effects which
we cannot replicate in simulation (e.g. paint advection or run-
offs). A more quantitative comparison is difficult, because this
would require using both systems in the same settings.

Painting aesthetics. In Figure 12 and in our supplemental mate-
rial, we show how our system retains enough freedom to allow
for very different painting aesthetics. In particular, the pointillis-
tic style of our physical results can be attenuated by changing
some of the properties of the device (e.g. trigger duration), the
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Original images (top insets) source: www.123rf.com, used with permission.

Figure 10: The Tiger and Frog are two large-scale examples realized virtually
with our system. We only use up to five different paint colors. While being
limited in the color spectrum, our optimization in CIE Lab space is able to find a
perceptually acceptable match. The two inset images show the target, as well as
Shilkrot et al.’s results.

specifications of the spray can (e.g. deposition profile), the tra-
jectory (e.g. human vs. robot), and the optimization strategy
(e.g. conservative vs. normal mode). We refer the reader to our
supplemental webpage for more examples.

5. Discussion and future work

Analogous to the “sculpting by numbers” approach of Rivers
et al. [11], we do not aim to train the user to become a skilled,

Table 1: Statistics about our datasets and experiments.

Image #A0 Sheets Size (m2) Painting time (min) #Color switches

Boxer 2 1.7×1.2 13 4
Toucan 2 1.7×1.2 21 6
Chaplin 2 1.2×1.7 30 12
Snail 12 4.7×2.5 80 26
Clown 4 1.5×1.7 52 21
Chameleon 5.2×3.0 129 7
Frog 3.5×3.3 72 5
Tiger 4.5×3.0 85 5

(a)

(b)

(c)

Original image (subfigure (a)) source: Flickr Creative Commons.

Figure 11: The Clown is a medium-size painting realized with six colors. Guided
by the user, our system is able to recover important semantic features, even at
this limited resolution.

unassisted spray painter, nor are we expecting to reach the qual-
ity of professional artists. Instead, our system provides the basic
technology to spray paint an input image. Without it, a novice
would only produce a rough abstraction of the image, especially
for the scale we target. However, our current system does not
offer a very creative user experience and considerably limits the
artistic freedom of the user. As in Shilkrot et al.’s airbrushing sys-
tem [15], adding an override trigger to our device could improve
creativity at the expense of automation. Doing so empowers the
user to paint manually while the system only acts as a fail-safe.
Our high fidelity online simulation could become the bedrock of
creative or educational systems. Our system enables researchers
to explore multiple future directions (e.g. automation, user inter-
action, quality, training) either by completely replacing the user
by a robot with full control over the trajectory, or by leveraging
the user’s creativity with more complex tools such as stencils, or
even by training the user by developing a guidance system.

Several improvements could push the quality of our results
or practicality of our system further. We would like to optimize
the design and performance of our device to allow better and
faster control over the spray response. Our system currently
works best with high-contrast images that are not dominated by
high frequency detail. We rely on our small time intervals for
actuation to blend colors in a soft way, but a more direct approach
would need to control the pressure precisely. This would require
us to build a much more sophisticated – but not necessarily much
more expensive – device or switch to a different spraying tool.
Another direction could be to design a special cap with aperture
control. While these modifications are interesting engineering
problems and could significantly aid in reconstructing smooth
gradients and high frequencies, their integration in our current
optimization would be relatively straightforward. Moreover, our
simulation and optimization run mostly on the GPU and perform
one order of magnitude faster than the servomotor actuation rate.
Therefore, using a higher quality servomotor would directly
impact the quality of the paintings.

We used an affordable and efficient tracking solution to proto-
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Original image (subfigure (a)) source: www.123rf.com, used with permission.

Figure 12: (a) Target, (b) Result made by the user with our physical setup, (c)
Optimization/triggering time ∆t = 2sec with the same setup, (d) Different nozzle
with larger deposition radius r and rate β and the normal strategy, (e) Different
nozzle with small dispersion radius r and the conservative strategy, (f) Generated
diagonal scanline trajectory with optimal strategy

type our painting setup, and custom-made state-of-the-art track-
ing is out of the scope of this project. Nevertheless, we believe
than one direction for improving the quality of the paintings lies
in using more sophisticated tracking technology and advanced
tracking algorithms. When relying solely on a vision-based sys-
tem, the lighting conditions can become an issue. It would also
be beneficial to make the setup even more lightweight, eliminat-
ing the external cameras. A vision-based tracker fully embedded
on the spray can, while appealing, seems extremely challenging
due to restricted view, airborne paint particles, lack of suitable
features to track, etc. It would be interesting to explore the use
of other types of sensors (e.g. inertial or time-of-flight).

Our feedback display already serves as a good visual aid to
guide the user, but an interesting avenue for future work would
be to investigate other interfaces to train inexperienced users. We
considered other options, such as projecting information directly
onto the wall, into virtual reality glasses, or onto a phone/tablet
attached to the spray can.

Finally, even though we are able to produce color paintings,
we believe more investigation of the suitable color spaces and
color mixing models would prove useful. Moreover, in our
model, colors can mix, but we believe that some features can
become incredibly challenging to reproduce if the choice of ini-
tial colors was inadequate. An interesting (though challenging)
idea for future work would be to suggest colors to buy, given an
input image and a paint catalog.

6. Conclusion

We presented an interactive system and an online spray paint-
ing simulation algorithm, enabling novice users to paint large-
scale murals of arbitrary input photographs. Our system aids
the user in tasks that are difficult for humans, especially when
lacking artistic training and experience: it automatically tracks
the position of the spray can relative to the mural and makes
decisions regarding the amount of paint to spray, based on an on-
line simulation of the spraying process. We devise a lightweight
calibration method and a fast spraying simulation resulting in
close matching between our simulation and the murals. We
presented a number of physically-realized and simulated murals
that demonstrate the flexibility of our system. We hope that
this work will inspire further interactive, creative applications of
computer graphics in physical environments.

Acknowledgments

The authors would like to thank Gilles Caprari for his help
in developing the prototype version of the device, Maurizio
Nitti for the concept art he created, and the Computer Science
department of ETH Zurich for lending us a painting workspace.
We also thank our colleagues from DRZ, IGL and CGL for
insightful discussions and early user testing.

9



References

[1] Ganz N. Graffiti World: Street Art from Five Continents. Harry N. Abrams;
2009.

[2] Deussen O, Lindemeier T, Pirk S, Tautzenberger M. Feedback-guided
stroke placement for a painting machine. In: Proc. CAe. 2012, p. 25–33.

[3] Lindemeier T, Pirk S, Deussen O. Image stylization with a painting
machine using semantic hints. Computers & Graphics 2013;37(5):293–
301.

[4] Yao F, Shao G. Painting brush control techniques in chinese painting robot.
In: Proc. IEEE International Workshop on Robot and Human Interactive
Communication. 2005, p. 462–7.

[5] Tresset PA, Leymarie FF. Sketches by Paul the robot. In: Proc. CAe.
ISBN 978-1-4503-1584-5; 2012, p. 17–24.

[6] Lehni U, Hektor . In a beautiful place out in the country. In: Wenn Roboter
Zeichnen. Kunstmuseum Solothurn; 2004,.

[7] Flagg M, Rehg JM. Projector-guided painting. In: Proc. UIST. ISBN
1-59593-313-1; 2006, p. 235–44.

[8] Laviole J, Hachet M. Spatial augmented reality to enhance physical artistic
creation. In: Adjunct Proc. UIST. ISBN 978-1-4503-1582-1; 2012, p.
43–6.

[9] Iarussi E, Bousseau A, Tsandilas T. The drawing assistant: Automated
drawing guidance and feedback from photographs. In: Proc. UIST. ISBN
978-1-4503-2268-3; 2013, p. 183–92.

[10] Rivers A, Moyer IE, Durand F. Position-correcting tools for 2d digital
fabrication. ACM Trans Graph 2012;31(4).

[11] Rivers A, Adams A, Durand F. Sculpting by numbers. ACM Trans Graph
2012;31(6).

[12] Zoran A, Shilkrot R, Paradiso J. Human-computer interaction for hybrid
carving. In: Proc. UIST. ISBN 978-1-4503-2268-3; 2013, p. 433–40.

[13] Yoshida H, Igarashi T, Obuchi Y, Takami Y, Sato J, Araki M, et al.
Architecture-scale human-assisted additive manufacturing. ACM Trans
Graph 2015;34(4).

[14] Shilkrot R, Maes P, Zoran A. Physical painting with a digital airbrush. In:
SIGGRAPH Emerging Technologies. 2014,.

[15] Shilkrot R, Maes P, Paradiso JA, Zoran A. Augmented airbrush for
computer aided painting (cap). ACM Trans Graph 2015;34(2).

[16] Haeberli P. Paint by numbers: Abstract image representations. In: Proc.
ACM SIGGRAPH. 1990, p. 207–14.

[17] Hertzmann A. Painterly rendering with curved brush strokes of multiple
sizes. In: Proc. ACM SIGGRAPH. 1998, p. 453–60.

[18] Zeng K, Zhao M, Xiong C, Zhu SC. From image parsing to painterly
rendering. ACM Trans Graph 2009;29(1).

[19] Baxter B, Scheib V, Lin MC, Manocha D. DAB: Interactive haptic painting
with 3D virtual brushes. In: Proc. ACM SIGGRAPH. 2001, p. 461–8.

[20] Baxter W, Wendt J, Lin MC. IMPaSTo: A realistic, interactive model for
paint. In: Proc. NPAR. 2004, p. 45–148.

[21] Chu N, Baxter W, Wei LY, Govindaraju N. Detail-preserving paint mod-
eling for 3D brushes. In: Proc. NPAR. 2010, p. 27–34.

[22] Lu J, Barnes C, DiVerdi S, Finkelstein A. Realbrush: Painting with
examples of physical media. ACM Trans Graph 2013;32(4).

[23] Curtis CJ, Anderson SE, Seims JE, Fleischer KW, Salesin DH. Computer-
generated watercolor. In: Proc. ACM SIGGRAPH. 1997, p. 421–30.

[24] Luft T, Deussen O. Real-time watercolor for animation. J Comput Sci
Technol 2006;21(2):159–65.

[25] Lee S, Olsen SC, Gooch B. Interactive 3D fluid jet painting. In: Proc.
NPAR. 2006,.

[26] Lei SIE, Chen YC, Chen HT, Chang CF. Interactive physics-based ink
splattering art creation. Comput Graph Forum 2013;32(7):147–56.

[27] Konieczny J, Meyer G. Airbrush simulation for artwork and computer
modeling. In: Proc. NPAR. 2009, p. 61–9.

[28] Marner MR. Digital airbrushing with spatial augmented reality. In: Proc.
ICAT, Demos. 2010,.

[29] Porter T, Duff T. Compositing digital images. In: Proc. ACM SIGGRAPH.
1984, p. 253–9.

[30] Hertzmann A. Tutorial: A survey of stroke-based rendering. IEEE Comput
Graph Appl 2003;23(4):70–81.

[31] DeCarlo D, Santella A. Stylization and abstraction of photographs. ACM
Trans Graph 2002;21(3).

[32] Bronson J, Rheingans P, Olano M. Semi-automatic stencil creation through
error minimization. In: Proc. NPAR. 2008, p. 31–7.

[33] Hausner A. Simulating decorative mosaics. In: Proc. ACM SIGGRAPH.
2001, p. 573–80.

[34] Kim J, Pellacini F. Jigsaw image mosaics. ACM Trans Graph
2002;21(3):657–64.

[35] Ye Q, Domnick J, Scheibe A, Pulli K. Numerical simulation of electrostatic
spray-painting processes in the automotive industry. In: Proc. HPCSE.
2004, p. 261–75.

[36] Ye Q. Using dynamic mesh models to simulate electrostatic spray-painting.
In: Proc. HPCSE. 2005, p. 173–83.

[37] Antonio JK. Optimal trajectory planning for spray coating. In: Proc.
Robotics and Automation; vol. 3. 1994, p. 2570–7.

[38] Chen H, Fuhlbrigge TA, Li X. A review of CAD-based robot path planning
for spray painting. Industrial Robot 2009;36(1):45–50.

[39] Konieczny J. Application, rendering and display of automotive paint. Ph.D.
thesis; University of Minnesota; 2009.

[40] Conner DC, Greenfield AL, Atkar P, Rizzi A, Choset H. Paint deposition
modeling for trajectory planning on automotive surfaces. IEEE Trans
Automation Science and Engineering 2005;2(4):381–92.

10


