
Supplemental Material: Shadow-Free Projection with Blur
Mitigation on Dynamic, Deformable Surfaces

1 Multi-Projector-Multi-Camera Calibration
To enable precise spatial alignment between projectors and depth
sensors, we implemented an automatic calibration procedure that
establishes correspondences between the 2D image coordinates of
multiple projectors and the 3D coordinates obtained from multiple
depth sensors. We project an 8 × 6 checkerboard pattern onto a
wooden board at 32 different positions: 16 positions at one height
level and an additional 16 positions at a second height level (we
used 𝛿ℎ = 20 cm). This dual-height configuration eliminates the
ambiguity between field-of-view and distance parameters inherent
in projector calibration.

For each reference point 𝑖 , we define the 2D image coordinates
on projector 𝑗 as p( 𝑗 )
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]𝑇 , and measure the correspond-
ing 3D point in the coordinate system of depth sensor 𝑘 as P(𝑘 )
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]𝑇 . The calibration seeks to estimate the intrinsic
matrix K( 𝑗 ) of each projector, along with the extrinsic parameters
(R( 𝑗,𝑘 ) , t( 𝑗,𝑘 ) ) describing the rigid transformation between the sen-
sor and projector coordinate systems. We model the projection
using a standard pinhole formulation:

𝑠𝑖 · p̃( 𝑗 )𝑖
= K( 𝑗 ) · [R( 𝑗,𝑘 ) |t( 𝑗,𝑘 ) ] · P̃(𝑘 )
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where p̃( 𝑗 )
𝑖

∈ R3 and P̃(𝑘 )
𝑖

∈ R4 denote the homogeneous coordi-
nates of the 2D and 3D points, respectively, and 𝑠𝑖 is a scale factor.
To align multiple depth sensors into a common coordinate system,
corresponding 3D points P(source)

𝑖
and P(target)

𝑖
are registered using

SVD-based rigid transformation estimation [1]. Reference points
are automatically detected using the checkerboard detection algo-
rithm by Duda et al. [2], and the system parameters are optimized
via reprojection error minimization across all captured calibration
poses. This approach enables largely automatic and precise cali-
bration between multiple projectors and multiple depth cameras
within minutes.

Implementation Note: For Ensenso N36 structured light sensors,
the projected checkerboard patterns could be detected directly in the
infrared image, while the Orbbec Femto required detection via the
color image due to aggressive filtering of visible light in its IR camera.

2 Simulation of depth error

(a) 0mm (b) 1mm (c) 2mm (d) 3mm

Figure 1: Effect of depth sensing errors on a geometrically
corrected UI projected by three projectors using a simulated
constant depth offset. Results from our simulation software
show that even small errors (1–3mm) cause visible blurring.

To demonstrate the projection accuracy needed to prevent over-
lap blurring, we simulated a constant depth offset using our frame-
work. The results are shown in Figure 1.

3 ToF-Multi-Path Interference Effects

(a) Default (b) Scenario A (c) Scenario B (d) Scenario C

Figure 2: Scenarios used to assess the impact of environmen-
tal interference in ToF sensors on projection precision.

Table 1: POD using ToF sensors for surface reconstruction:
Average deviation of projected points between individual
projectors, measured in millimeters. This metric reflects the
perceived blurring caused by overlapping projections (with-
out blur mitigation), as viewed from above.

Surface Projection Overlap Divergence (POD)

Interference Default Scenario A Scenario B Scenario C

(1) Flat board 1.91 4.11 2.74 4.87
(2) Flat cloth 2.86 5.07 4.13 5.78
(3) Uneven cloth 15.28 19.38 16.95 20.61

Table 2: Deviation of identical projectors in different envi-
ronmental scenarios—where people are positioned around
the object—to the default scenario, measured in millimeters.
ToF sensors are used for surface reconstruction.

Surface Environment-dependent Interference Deviation to Default

Scenario A Scenario B Scenario C

Proj. 1 2 3 1 2 3 1 2 3

(1) 1.62 2.10 3.06 0.73 1.08 1.62 2.28 2.51 3.61
(2) 1.35 1.78 2.68 0.57 0.90 1.26 2.24 2.15 3.48
(3) 1.77 2.27 3.66 0.73 0.99 1.58 2.43 2.80 4.31

Time-of-Flight (ToF) sensors are known to suffer from depth
inaccuracies due to environmental interference, material properties,
and surface color [3–5]. We evaluated how these factors affect
projector alignment precision using an Orbbec Femto Bolt sensor
(comparable to Microsoft Azure Kinect).

Three surface types were tested: (a) flat wooden board, (b) flat
surgical drape, and (c) wrinkled surgical drape. Each was evaluated
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𝑃𝑂𝐷 = 1.61mm 𝑃𝑂𝐷 = 1.60mm 𝑃𝑂𝐷 = 2.03mm 𝑃𝑂𝐷 = 1.35mm 𝑃𝑂𝐷 = 1.47mm 𝑃𝑂𝐷 = 1.49mm 𝑃𝑂𝐷 = 1.51mm

Figure 3: Images of the uneven surfaces (N=7) used for precision measurement using two Ensenso N36 (SL) cameras (see
paper, Table 1). Top: side view of the surface illustrating the uneven geometry. Middle: top-down view from the camera
used for measurement. Bottom: separate measurements of the Projection Overlap Divergence 𝑃𝑂𝐷 (𝑃1, 𝑃2, 𝑃3). The reported
error includes inaccuracies of calibration, depth sensor, and our surface reconstruction pipeline. For practical reasons, the
measurement camera perspective did not exactly match the viewer’s position, resulting in slight warping of the dot pattern in
the middle row. As the measurements rely on inter-projector point distances, this does not significantly affect the results.
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(d) Sim. depth error: 4mm

Figure 4: Comparison of SSIM and POD for evaluating the precision of overlapping projections in our simulation software.
Depth errors of (a) 0mm, (b) 2mm, and (c–d) 4mm were simulated, assuming an ideal calibration and ideal depth sensors. The
virtual camera for capturing the images was positioned above the projection surface, consistent with the real-world comparison
described in the paper. Two contents (UI and dot pattern) were projected onto a slightly uneven surface. Only images with all
three overlapping projectors are shown here, but the metrics were computed pairwise on the individually projected images of
each projector. Results: SSIM strongly depends on projected content and camera distance, and does not scale linearly with error.
In contrast, POD is independent of projected content and camera distance and is related to the simulated error.

under four environmental conditions: without nearby people and
with one to two people positioned around the setup (see Figure 2).

Results show that alignment error depends strongly on both
surface and surroundings. The baseline average error (flat wood, no
people) was 1.91mm. Environmental interference increased errors
up to 4.87mm. Wrinkled surfaces introduced severe misalignments,
with errors ranging from 15.28mm to 20.61mm.

Table 1 summarizes the Projection Overlap Divergence (POD).
Relative deviations across conditions for separate projectors are
given in Table 2.

3.1 Further Precision Measurement Results
To provide a clearer understanding of projection accuracy on un-
even surfaces, Figure 3 illustrates the results of seven trials con-
ducted on uneven surfaces using the Ensenso N36 (SL) camera (see
Table 1 in the paper), with their corresponding POD values. The
results demonstrate that accurate projection can be achieved even
on highly uneven surfaces.

To further highlight the difference between using SSIM and our
proposed POD definition, Figure 4 presents bothmetrics on different
examples. For controlled error evaluation, we used our simulation



environment to introduce artificial depth errors of 2mm and 4mm
into the depth maps of simulated depth sensors. For SSIM, we used
the displayed simulated camera images as input, while we detected
the dot patterns on the simulated camera images using OpenCV for
calculating the POD. Note that 96 dots were used in (Figure 4a–c),
while only 24 dots were used in (Figure 4d). The results show that
SSIM strongly depends on the projected content and the camera
distance used for capturing the comparison images, and it does not
scale linearly with the actual error. By contrast, our POD metric
reflects these changes more reliably and is largely invariant to such
external factors.

As seen in our setup (see teaser image, Figure 1 in the paper),
projectors and depth cameras are tilted at roughly 40◦ relative to
the projection surface, causing images to be cast at an angle. In such
a configuration, a depth error (offset along the z-axis) is expected
to result in a visible image shift by constant factor. This behavior
is well captured by the POD metric, apart from a small offset: a
0mm depth error corresponds to a POD of 0.5mm, 2mm to 2.2mm,
and 4mm to 3.9mm. Since the simulation assumes ideal calibra-
tion (with projector–camera transformations directly applied) and
ideal depth sensors, the residual 0.5mm error might be attributed
to virtual sensor resolution limits (640 × 576) and discretization
inaccuracies within the software pipeline.

4 Detailed Runtime Breakdown
To evaluate the runtime performance, we measured the timings
of individual modules of our pipeline using a setup with three
projectors (see Figure 5), each at a resolution of 3840× 2160 while
the depth sensors had an resolution of 640× 576. In particular, we
evaluated the effect of the number of depth sensors on the overall
pipeline performance.

The OpenGL thread of our application — which includes geo-
metric correction, shadow avoidance, GUI rendering via ImGUI,
and debug visualization of the colored point cloud using BlendPCR
in a 3D view — requires an average of 22.2ms when using three
depth cameras, 16.9ms with two cameras, and 8.7ms with a single
camera. The debug visualization may be disabled to save roughly
1–2ms of runtime.

During time measurement, up to three background threads were
active, responsible for receiving live depth frames from the Orbbec
sensors at a constant rate of 30 fps. Although our pipeline still
offers potential for further optimization, the results clearly demon-
strate that our blur mitigation approach enables high-performance,
shadow- and blur-free projection.

Furthermore, we conducted a more detailed analysis of the run-
time of individual components of the blur mitigation pipeline, see
Figure 6. A more time-consuming part is the generation of the
Projector Distance Maps, taking 1.18ms for three depth cameras.
These maps are implemented via adapted screen-space passes from
BlendPCR and continuously render point clouds at a resolution of
1280× 720.

Using the Jump-Flooding algorithm, we compute the Shadow
Distance Maps for all three cameras in approximately 0.55ms at a
resolution of 256× 256 pixels, which provides sufficient accuracy for
shadow avoidance. Themost computationally expensive stepwithin
the blur mitigation pipeline is the Per-Tile Processing, which takes

Figure 5: Runtime of modules in our geometric correction
and shadow-free projection pipeline using 3 projectors at
3840× 2160, depending on the number of depth cameras used.

Figure 6: Runtime of individual components of the blur miti-
gation pipeline using 3 projectors, depending on the number
of depth cameras used.

1.90ms for three cameras. This step partly runs on the CPU and
processes per-camera distance maps of size 256× 256 to determine
the minimum distances per tile.

5 Supplemental Materials for the User Study

Table 3: Effect sizes (Kendall’s W and |r|) for the individual
items of the NASA-TLX questionnaire, as well as for our three
additional questions. Color shading indicates conventional
thresholds for effect sizes: 0.1–0.3 (light green, small effect),
0.3–0.5 (orange, medium effect), and 0.5–1.0 (red, large effect).

Kendall’s W Pairwise Wilcoxon (|r|)
No, A, B No vs. A No vs. B A vs. B

Mental Demand 0.21 0.55 0.51 0.13
Physical Demand 0.02 0.41 0.32 0.21
Temporal Demand 0.01 0.01 0.14 0.04
Performance 0.21 0.51 0.52 0.22
Effort 0.19 0.6 0.25 0.26
Frustration 0.1 0.56 0.45 0.08

Char Readability 0.56 0.84 0.86 0.34
Plot Readability 0.48 0.88 0.6 0.44
Artifacts 0.38 0.85 0.49 0.28

NASA-TLX (Raw) 0.2 0.55 0.39 0.22
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Figure 7: Detailed comparison of individual questions from the NASA-TLX test. A direct comparison of the NASA-TLX test
questions reveals significant differences inMental Demand, Performance, and Effort.

Figure 8: Results of the time measurements, cumulated as
median values per participant. Left: grouped by condition;
right: sorted by execution order. No significant differences
are observed between conditions for texts (𝑝 = 0.738) and
plots (𝑝 = 0.84). A minimal learning effect is evident, which
is significant for plots (𝑝 = 0.001) but not for texts (𝑝 = 0.119).

Figure 9: Results of the error measurements, reported as me-
dian values per participant. Clear Errors refer to mistakes
that were unambiguously incorrect and not self-corrected by
the participant, whileAll Errors include both clear errors and
those that the participant immediately corrected. A slight
trend is observable in the text data, suggesting that in Condi-
tion Per-Pixel (A), fewer clear errors were made, but a higher
number of self-corrected errors occurred. However, these
results are not statistically significant. P-values from left to
right: 𝑝 = [0.166, 0.664, 0.670, 0.790].

NASA-TLX questions and effect sizes. For completeness, we also
report the results of the individual NASA-TLX questions (see Figure
7) as well as the effect sizes of all questions and the overall NASA-
TLX score in Table 3.

Timings and Errors. In the user study, we also measured task
completion times and observed errors; however, we did not find
any statistically significant differences between the conditions, see
Figure 8 and Figure 9. Still, there was a slight trend suggesting
that participants made fewer clear reading errors in the Per-Pixel
Assignment (A) condition, although this was accompanied by a
slightly higher number of verbal slips or self-corrected errors.

The observed trends in the data — such as slightly fewer reading
errors but more hesitations in Per-Pixel Assignment (A) — may be
related to the faint, moving stripe artifact present in this condition.
This artifact could have drawn participants’ visual attention, po-
tentially impacting reading fluency. These effects warrant further
investigation to better understand the cognitive and perceptual
implications of such subtle visual disturbances.
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