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Tangible interaction has shown to be beneficial in a wide variety of scenarios since it provides more direct manipulation and
haptic feedback. Further, inherently three-dimensional information is represented more naturally by a 3D object than by a
flat picture on a screen. Yet, today’s tangibles have often pre-defined form factors and limited input and output facilities. To
overcome this issue, the combination of projection and depth cameras is used as a fast and flexible way of non-intrusively
adding input and output to tangibles. However, tangibles are often quite small and hence the space for output and interaction
on their surface is limited. Therefore, we propose FlowPut: an environment-aware framework that utilizes the space available
on and around a tangible object for projected visual output. By means of an optimization-based layout approach, FlowPut
considers the environment of the objects to avoid interference between projection and real-world objects. Moreover, we
contribute an occlusion resilient object recognition and tracking for tangible objects based on their 3D model and a point-cloud
based multi-touch detection, that allows sensing touches also on the side of a tangible. Flowput is validated through a series
of technical experiments, a user study, and two example applications.
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1

INTRODUCTION

Today’s screen-based touch interfaces are often criticized to lack haptic experience. To mitigate this, researchers
propose tangible user interfaces that allow for a more direct haptic interaction with 3D objects [16]. Naturally,
such tangible objects are well suited to carry three-dimensional information, which is often lost on flat screenbased 2D interfaces, especially for non-experts (e.g. interpreting a 2D relief map compared to a 3D tangible of the
relief map). However, an interactive system is required to provide input and output for such tangibles.
Research in tangible UIs already investigated in- and output on tangibles. Work has shown that, for instance,
if the tangible is used on a tabletop display, optical pipes placed within the object, transferring the light from
the screen under the tangible to its surface, enable basic output [55]. However, this approach is not viable for
conventional tables. In this case, top-projected augmentation is often used, allowing to project onto the tangible’s
surface as well. In order to do so, tracking of the tangibles is required. To that end, fiducial markers are often used
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Fig. 1. The space on and around a tangible is augmented with an environment-aware projection which places free floating UI
elements like images or information widgets (left) or maximizes the space of an UI element (right) based on the environment.

[23, 26, 33, 34]. However, they require modification of the tangible (which can be a problem if arbitrary objects
shall be used) and are visible to the user.
In a different line, 3D printing has evolved to a level where it is possible to embed sensing and basic output into
the 3D-printed objects [49, 55]. While this would generally allow for interactive tangibles, the actual possibilities
are still very limited (e.g. it is not possible to print the whole surface as a display) and the process is very complex,
time-consuming and requires a lot of expertise, thereby limiting the possible use cases. Further, in all variants,
touch input on the tangible’s surface is difficult to realize, but necessary to interact with the UI on the tangible.
We propose FlowPut, a framework to provide input and output for many 3D objects (see Figure 1). To that end,
FlowPut tracks 3D objects based on their digital 3D model, augments their surface and surroundings using a
top-mounted projector and provides multi-touch input across the objects’ and the table’s surfaces. Further, we
contribute environment-aware layout functions for placement of UI elements on and around the object that avoid
clutter and bad projection (e.g. on text documents that are lying around). The 3D models required for object
tracking can either be provided from an existing file or be scanned ad hoc, allowing to use many 3D objects
with FlowPut. For developers, FlowPut provides touch and object movement events and automatically generates
environment-aware layouts, consisting of any standard UI controls.
Using FlowPut, one could imagine planning a hiking trip: To inform oneself about the available routes, tourist
information offices usually provide a large selection of brochures and maps. For the experienced hiker, there
is no problem to understand a route’s difficulty by looking at a flat relief map. The occasional hiker might
have problems, resulting in a wrong assessment whether she’s capable of taking the route. Having a tangible
of the relief map would make understanding of the route much easier. At the same time, hikers are interested
in sight-seeing and places to rest along the way (e.g. restaurants or viewpoints). Using FlowPut, additional
information is visualized on and around the tangible relief map.
In summary, we contribute in this paper:
• A point-cloud based object recognition and tracking for 3D objects providing low latency recognition and
real-time tracking.
• A point-cloud based touch input detection for 3D objects that provides multi-touch not only on the objects’
upside but also on its sides.
• A projection mapping and layout approach allowing environment-aware projected user interfaces by
considering optical and physical properties of the projection surface. s
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2 RELATED WORK
2.1 Digital Augmentation and Layout
Many efforts have been made to create augmented paperwork with digital projection or input, thereby allowing
the user to interactively add digital content (e.g. annotations or animations) onto [15, 19, 30, 33, 40, 54] or next to
physical documents [26, 31]. Research investigates content-awareness by avoiding projecting onto textual content
either automatically [5, 30, 50] or through user intervention [59]. To avoid projection on content, it is common to
either analyze the surface texture (e.g. by a RGB camera) to avoid textural interference [30] or to analyze the
physical structure of objects [5] to avoid physical interference. Based on these results, it is common to either
relocate content to a free area [30] or transform the representation to fit the free space [5] or combinations thereof.
These approaches all rely on a binary projection quality assessment, masking-out areas deemed unsuitable and
thereby losing the information how unsuitable the areas actually are.
In a similar direction, occlusion has been identified as a problem when working with physical objects on
interactive tabletops. As a result, user-driven layouts have been explored to circumvent obstacles and occlusion
for menus [29]. Also, systems have been developed to automatically avoid occlusion on tabletops for labels [45]
or general objects instead of menus [9, 22, 41]. Again, these systems rely on a binary occlusion measure and do
not trade off between closeness to the original location and display quality. This can lead to situations in which
an object is displayed far away from its intended location as no closer large-enough free-spot is available.
For tangible user interfaces, projective augmentation is of particular importance. One common approach is
to augment 3D objects by tracking of and projecting onto them using sensors in the environment. Thereby,
visual content can be augmented onto a physical environment [18, 56, 57], onto moving objects [21, 51], or next
to tangibles [8]. Further work explored the use of the objects’ surrounding to change its look [32] or provide
additional context [53]. It is noteworthy that in the context of these related works, it is often assumed that the
object’s surface is uniform and suitable for projection [8, 21, 51] and projection happens directly on or around
the tangible in a static manner [8, 53].
In the field of augmented reality, the placement and layout of visual overlays is an important issue as well.
Grasset et al. [13] propose an image-based approach using an edge detector combined with a saliency map to avoid
displaying over important regions. In a similar direction, Orlosky et al. [38] locate dark, billboard-like structures
in an image to overlay text together with a hough lines detection to ensure the stability of the projection. Based
on predefined or generated 3D models, research has emerged to inform the layout of AR environments. For
instance, free and occupied spaces can be modeled by using rectangular areas, which are then used to layout
content [2, 3]. Using RGBD-cameras, Ens et al. [7] propose an approach for spatial constancy, using a Kinect
fusion [17] based model together with a saliency map. However, both approaches require generating a complete
3D model of the whole scene to identify the locations of the objects in the target workspace area. Gal et al.
Table 1. Properties of a representative selection of digital augmentation systems.
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# indicates partial support and # no support.
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proposed a constraint-based optimization approach for AR layout generation [10] that considers the position and
scaling. However, they do not consider interferences with physical objects/surfaces and therefore do not take
into account the quality of the projection or overlay. While this is sufficient in an ideal AR-world with opaque
overlays, current implementations of AR glasses or projection based AR systems are semi-transparent and hence
interference should be accounted for. Setting aside the technological possibilities of fully opaque overlays, there
are scenarios in which transparency is even desired. For instance, when using AR to guide a worker during a
machine repair, it could be fatal if opaque overlays covered dangerous machine parts or limit the worker’s free
field of sight.
In summary, while suitable for their respective target environments, the existing approaches have drawbacks
when projecting on physical objects. To avoid interference, they often search for uniform surfaces in terms of
color (e.g. low saliency, no edges or corners, etc.), neglecting their physical structure. For projection, physical
edges, optically not visible in the camera image, can cause problems. Also, dark surfaces are often not well-suited
for projection while being uniform. Moreover, when adjusting the presentation of the content to adapt to the
environment, existing approaches often either relocate or transform content but not both.
In contrast to prior work (see Table 1 for a comparison), FlowPut expands on this and takes into account physical
features like surface smoothness or edges as well as the surface lightness to assess projection quality by employing
a continuous projectability measure. For layouting, FlowPut combines relocation with the transformation of UI
elements to provide automatically optimized layouts.

2.2

Touch Input on Surfaces

Touch input has become a popular input modality, often used for tangible user interfaces. There are several
different approaches to provide touch input on and around tangible 3D objects.
Touch functionality can be embedded into or attached to tangibles by utilizing embedded sensing. This can
be done using capacitive [46] or acoustic sensors [37] delivering information on whether an object is grabbed
or not. Also, it is possible to integrate touch-sensitive pipes [4, 47, 55] into objects. More advanced but also
more complex is the use of capacitive touch sensor foils [11, 20, 35, 36, 48] that allow detecting touch points of
individual fingers. However, these approaches often require to manually assemble additional electronics or are
only applicable on simple, developable surfaces.
Another stream of research utilizes external sensors, mounted in the environment (such as RGBD cameras),
to enable touch input on a large variety of surfaces and objects without the need to alter the tangibles or
surfaces itself [24, 26, 54, 56, 58–60]. Yet, most of the approaches [24, 58, 60] rely on the concept of background
subtraction which is suitable for static scenes and can be extended to dynamic scenes by continuously updating
the background model. However, this approach is often limited, for instance when body parts, present during the
Table 2. Properties of a representative selection of touch detection approaches. Embedded approaches require sensors to be
attached to or into the object. External approaches use sensors in the object’s environment. indicates that a property is
supported, G
# indicates partial support and # no support.
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update, need to be removed from the background model. Also, touch capabilities are usually limited to surfaces
facing towards the camera, neglecting touch on the object’s sides.
In contrast to prior work (see Table 2 for a comparison), we contribute an approach based on point-cloud
processing instead of a background model being subtracted to detect touch. The touch points are established by
detecting intersections of the objects’ point cloud with point clouds identified as body parts. The intersection
based approach allows us to expand touch to the sides of objects, which is currently only possible with embedded
sensing requiring additional electronics within the tangible. Further, FlowPut can deliver 3D coordinates of a
touch relative to an object instead of limited 2D surface coordinates.

2.3

Object Recognition and Tracking

Projection mapping requires an accurately calibrated projector and camera system. The camera’s extrinsic and
intrinsic parameters are usually known or can be calculated, for instance, using Zhang’s method [62]. Calibration
parameters for the projector are similarly computed by finding the projected 2D positions of known 3D locations
in the physical scene [1, 39].
The object tracking method used for projection mapping must be very precise and fast to avoid misalignments
between the tracked object and the projected texture. Previous approaches use magnetic sensors [1, 28, 63] or
markers [23, 26, 33, 34] to obtain the object’s position and rotation. However, these approaches require specialized
hardware, additional sensors or markers that need to be attached to the objects.
To overcome these issues, optical methods have been investigated [5, 30, 40, 54] that use image analysis to
recognize objects. Yet, these approaches are affected by projection on objects since the appearance is changed.
This can be avoided by using infrared cameras [5].
Depth-based tracking methods are not intrusive and use the object’s 3D model and a depth camera [7, 25, 27,
44, 51, 52, 63]. Since depth cameras often use the infrared spectrum, they are immune to interferences by visual
projection. The initial pose estimate is often acquired by matching Fast point feature histograms (FPFH) [25, 43, 52],
while the pose updates in the tracking phase are computed using the Iterative closest point algorithm (ICP) only
[43, 52] or in combination with a particle filter [25, 27]. However, depth-based methods are computationally very
expensive and the camera and projector also contribute to an additional delay, which has to be compensated by
predicting the object’s motion [1, 27, 63].
In contrast to prior work (see Table 3 for a comparison), we contribute a method to detect and track objects using
depth measurements from a consumer-grade depth camera that provides real-time performance. Additionally, we
apply an inlier-based method of the ICP algorithm, which allows tracking partly occluded objects (e.g. by the
user’s hands).

Table 3. Properties of the most related object recognition and tracking systems. For object tracking, indicates full tracking
and G
# recognition only. For object recognition, indicates a specific object, G
# only the object’s category are identified;
#means only presence of objects is detected.
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3

FLOWPUT OVERVIEW

FlowPut tracks 3D objects, provides touch input on and around them, and projects visual output onto those
objects and their surroundings. The projection additionally takes into account the surface structure of the object
and the environment to avoid projection on unsuitable surfaces (e.g. strongly textured or dark). This functionality
is conveniently provided as an API, thereby making it easy to develop full applications requiring interactive
tangibles or quickly prototype interactive systems.
To this end, FlowPut requires a hardware-setup providing a projector, a depth camera and optionally an IR
camera. The IR camera allows keeping track of the environment without interference from the projected content.
An overview of the setup is shown in Figure 2. We envision this projection-camera system to be combined into a
single piece of furniture so that it can be part of any room’s standard infrastructure in the form of a non-obtrusive
conventionally looking lamp. We identified the following requirements to ensure a broad applicability of FlowPut:
(1) Real-time performance
The object recognition, tracking and layout generation should be performed in real-time as required for
interactive systems.
(2) Stable and occlusion resilient object recognition and tracking
Predefined objects that are recognized once should be tracked in a stable manner to avoid flickering and
jumping of visualizations. The framework should be able to track multiple objects simultaneously and
tolerate cluttered environments since the target setting are office desks and tables. As the user’s hands or
other body parts may cover the objects during movement, tracking should be resilient to partially occluded
objects.
(3) High touch accuracy and resolution
For an interactive system, touch input should be possible. To allow fine-grained interaction on tangibles, a
high resolution of the touch detection is required. Further, the number of false and not-recognized touches
should be minimal to ensure a positive user experience.
(4) Occlusion and interference aware UI
The UI layout of the framework should respect the physical environment of the objects and avoid interference and occlusion by dynamically clipping or relocating the UI elements with respect to a dynamically
changing environment.

Fig. 2. Overview of the FlowPut environment consisting of a projector, RGBD-camera and IR camera mounted above a
conventional table. The framework tracks known tangible objects, detects occluding (or other) objects and projects digital
content, e.g. contextual information, on and around the tangibles.
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4

OBJECT TRACKING AND TOUCH INPUT DETECTION

FlowPut’s object tracking and touch input detection methods only rely on depth data since image-based methods
would interfere with the color or texture of the projection. The depth information is processed as a 3D point
cloud with each depth pixel resulting in a single point.

4.1

Input and Reference Model Preprocessing

Processing large point clouds is very time consuming as most algorithms (e.g. the iterative closest point algorithm)
are at least linearly or quadratically dependent on the number of points. Therefore, reducing the size of the
point clouds, while still keeping as much valuable information as possible is one of the key challenges to achieve
real-time performance.
4.1.1 Model preprocessing. Since the reference models of the objects to be tracked are static (e.g., data from
a 3D-scan), they can be preprocessed before the application startup. During this process, the resolution of the
object’s point cloud is reduced to 2 mm in order to match the resolution of the depth camera’s point cloud data.
4.1.2 Plane removal. For the input point cloud captured by the depth camera we can simply remove all points
belonging to the table’s surface plane (See Figure 3 left versus center, where the table plane is removed). Those
points do not have any value for the following processing steps as the plane can be represented using a simple
plane equation (z = 0). However, the noise floor of the depth camera causes the table’s surface points to be
randomly distributed above and below the table’s actual surface by up to 1 cm. The majority of these points can
be removed by applying a height threshold (e.g. abs(z) < 0.25 cm). While filtering most of the table’s surface,
this also loses the lower parts of the objects. However, the remaining object points are sufficient enough for a
robust pose estimation. Any further outliers are removed by applying a statistical outlier test, which checks each
remaining point if it has at least 5 neighbors within a small neighborhood (0.75 cm), otherwise it is removed as
well, since it is most likely a residue from the plane removal process.
4.1.3 Clustering. The filtered point cloud needs to be separated into a single cluster for each individual
physical object in the scene in order to decide which processing step is applied next (see Figure 3 center versus
right, where the point cloud is split into four separate clusters). For already tracked objects, the object’s last
position and rotation is known from previous frames. Thus, we can extract appropriate points using the object’s
dimensions and a small margin to allow for movements in between frames. Those points are subsequently passed
to the appropriate tracking method. For the remaining points, we first cluster the filtered point cloud using an
Euclidean clustering algorithm with a 5 cm cluster-to-cluster distance. For each resulting cluster, we decide
whether it belongs to the user’s body or if it is an unknown cluster that could probably represent a object that
should be tracked. We consider clusters as body by evaluating if the cluster intersects with the field of view of
the camera, because the user’s arms always come into the workspace from the outside. Such body clusters are
passed to the touch input detection, while all other clusters are passed to the object recognition.

Fig. 3. Processing pipeline of the point cloud data: raw (left), preprocessed (center) and clustered/tracked (right)
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4.2

Object Recognition

The object recognition maintains a database of objects to track and their respective point cloud. Its task is then to
identify any unknown clusters and estimate the 3D position and rotation of found objects.
In order to compare two point clouds for similarity, they need to be aligned with each other. Previous
work [25, 43, 52] use 3D features and matching algorithms to find a good alignment, but these methods are
computationally very expensive and did not provide robust and accurate enough results for noisy data. Therefore,
we make use of the already isolated clusters and align the unknown clusters with the trackable models 3D point
clouds using principal component analysis (PCA). By applying PCA to the clouds, we receive three principal axes
in order of their variance. Further, we know which side of the clouds faces up and that the models can be assumed
to be laying on a flat surface. Therefore, we project the clouds onto the x-y-plane and only compare the respective
largest principal axis of the two clouds to compute a single rotation angle around the z-axis. However, PCA only
yields an axis, but no direction. Hence, we further check a second rotation angle, which is just the complement
to the first rotation angle (α+180°). The translation between the two clouds is compensated by moving their
respective center of mass to the origin.
The initial rotation estimation during object recognition is based on the point cloud’s principal axis. For objects
with a rectangular bounding box, as used in our applications, this is very easy to compute. For objects with
a quadratic bounding box, principal axes may not be distinguishable. Hence, we have to check four possible
rotations (instead of two). In case the object has a varying surface structure along one axis, the correct rotation
can still be found. However, if the object is symmetric, the rotation is inevitably ambiguous.
After alignment, the quality of the match is evaluated using a fitness score. For each point in the model’s
cloud, we compute the nearest neighbor in the aligned unknown cluster and accumulate their distances. The
average point-to-point distance is then used as the fitness score, which is independent of the model’s cloud size.
If the fitness score is below a certain threshold (e.g. average point mismatch less than 2 mm), indicating a good
alignment, the unknown cluster is identified as a trackable object and the object tracking is initiated using the
pose estimate derived from the PCA alignment.
As the fitness score computation is also linearly dependent on the number of points in the model’s point
cloud, we use a subsampled model point cloud with a cloud density of 1 cm. This results in about 100-200
remaining points depending on the model’s size. This reduction strongly decreases the computation time, while
still maintaining enough expressiveness to determine the matching quality.

4.3

Object Tracking

Object tracking is performed using the iterative closest point algorithm (ICP) [61] with the last known pose as
initialization. ICP minimizes the matching distance of two point clouds by iteratively transforming them based on
their respective point to point nearest neighbor matches. However, the ICP algorithm can only cope with small
misalignments between both objects clouds or else it might not converge towards the correct transformation.
Therefore, we need to minimize the movements between two consecutive runs of the tracking algorithm. This is
done by reducing the computation time and therefore being able to process each individual frame. To reduce the
computation time we use the subsampled model’s point cloud and a filtered and cropped input cloud of the scene.
The ICP algorithm uses a similar score as the previously described fitness score. However, it ignores point-topoint distances larger than 2.5 cm to allow for occlusion, e.g. by the user’s hands or fingers. As a consequence,
occluded points do not reduce the fitness score, while the remaining points are still expressive enough to determine
a good alignment.
The pose returned by the ICP algorithm for each frame can vary slightly, even when the object is not moving.
These slight variations also cause the mapped projection to move accordingly, which is very unappealing and
disturbing to the user’s eye. Therefore, we added a smoothing filter, that averages over the recently computed
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poses and thereby achieves a stable pose estimate. In order to still be responsive in case of actual movements and
avoid additional latency due to the smoothing operation, we also employ a movement detection which skips the
smoothing step if the object is actually moving.

4.4

Touch Input Detection

FlowPut is able to detect touch interaction on the table’s plane and on the tracked object’s surface. Unlike
background-subtraction based approaches, the point-cloud based approach allows detecting touches on the
objects’ sides as well. To do so, our detection uses the clusters which were classified as body clusters in the
preprocessing step. Instead of performing complex finger detection and only detecting touch at the fingertips, we
perform touch detection on the whole body cluster and then filter any false touch points depending on their size.
At first, the distance between each point in the body cluster and the table’s or object’s surface is computed. For
the table, this distance is given by using a simple plane equation. For an object, we transform the model’s point
cloud according to its last known pose and then perform nearest-neighbor searches for each point of the body
cluster. Only points within a small distance to the table or object are considered further, as those points indicate
the touched areas. Such areas can be caused by one or multiple fingers or even larger parts of the body touching
the table or an object. By clustering the touched areas with a 1 cm minimum distance, we obtain a single cluster
for each of the touched areas. If a single touched area has a smaller or larger size than a fingertip (e.g. complete
hand resting on the table or noise) the touch area is discarded. Considering a resolution of 2 mm to 2.5 mm, the
typical fingertip of size 16 mm to 20 mm [6] has a point cloud consisting of 5 to 50 points.
Using this approach for touch detection, each touch point is assigned to a specific body cluster. This enables
multi-touch for multiple users that can be easily extended by adding user tracking and identification to allow
associating touch points to specific identified users. To offer touch-down, touch-move and touch-up events,
the detected touch points are tracked over time. The tracking information is used to smooth the touch event’s
position using exponential filtering and thereby increase its accuracy. It also improves the touch detection’s
robustness by filtering single noisy measurements.
Additionally, FlowPut detects if certain predefined areas of a tracked object are touched. These so-called touch
regions act as a virtual button and can be easily defined using a simple tool and provide more semantical meaning
to the applications (e.g. the roof of the house was touched) than just a simple 3D coordinate. The touch regions
are internally stored as sub surfaces of the object’s point cloud. They are activated if the touch point’s closest
surface point is within the touch region’s surface.

5

ENVIRONMENT-AWARE UI LAYOUT

While people are working, tables are usually cluttered with a wide variety of different objects with different
textures (e.g. paper documents, pens, or notebooks). A naive projection system without an awareness of its
environment would produce an irritating user interface that projects over such objects in an uninformed manner,
resulting in a poor user experience and usability (e.g. digital text projected over a printed text often renders both
unreadable).
In order to reflect the presence of different objects and textures, but at the same time provide a sophisticated
output on and around a tangible object, layout techniques that consider the environment are required to place UI
elements. As illustrated in Figure 4, we propose two techniques that utilize the object’s surrounding for visual
output (1) by placing UI elements based on environmental constraints, and (2) by projecting as much visual
content in the surrounding of the tangible object as possible without jeopardizing projection quality.
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Fig. 4. Layout for UI elements based on environmental constraints (left) and maximum space layout (right). Projection is
shown in red.

5.1

Projectability

The environment-aware UI layout techniques described in this paper rely on a per-pixel projectability measure,
which we proposed earlier [42]. The projectability measure assesses the suitability of the area covered by the
projector regarding projection quality. Instead of computing a binary measure (i.e. projectable/not projectable),
we employ a continuous projectability in a range from 0 (very suitable) to 255 (unsuitable).
In general, areas suitable for projection are of light color and ideally smooth without textures or physical
surfaces that often vary in depth. These factors are considered and can be flexibly weighted when the projectability
map P is calculated:
P = w smooth C + w light L + w depth D + w user U
The user can specify the individual weights to customize the projection assessment. The maps are computed
as follows.
5.1.1 Color Smoothness. To locate obstacles (e.g. printed text or figures) an edge detector is used in order to
capture textured areas. This includes text, lines, circles, and other shapes as well as more gradual changes in
color of the surface (e.g. the wood-texture of a table) and is encoded in a color edge map C. We use a gradient
magnitude based approach that allows for a continuous response for edges depending on the difference in color.
The gradient is derived using the Sobel operator in x and y direction. The magnitude is defined as the length of
the resulting vector.
5.1.2 Lightness. Even though smoothness is able to capture a wide range of possible obstacles, there are (very)
dark, yet smooth surfaces that do not contain any edges. Therefore, we consider the surface lightness in order to
find suitable spaces in form of a lightness map L. It is defined as the inverse of the normalized, thresholded, and
grayscaled color image.
5.1.3 Physical Surface. Additionally, the physical surface is factored based on the depth information captured
using a depth camera, because users have a different viewpoint than the camera. Hence, the surface might seem
flat and continuous (i.e. no visible edges) from the camera’s perspective, but not continuous from the user’s
perspective (e.g. due to tall objects). Analog to smoothness, a gradient-magnitude based approach is applied to
the depth image to calculate the depth edge map D.
5.1.4 User Mask. Besides projection quality aspects, an application or a user might have additional personalized
constraints (e.g. masking a certain area to always avoid projection). These can be taken into account through a
user mask U which allows specifying biases for certain areas.
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Fig. 5. Visualization of the element [gray] placement on top of a projectability map [blue=good score, red=bad]. The elements
target position is the black dot on the physical object [red box] (left). Image captured by the IR camera with and without IR
filter. The projected content is invisible in the filtered image (right).

5.1.5 Interference. Obviously, the (visual) projectability measure would be influenced by the projection. For
example, when considering a completely white, even surface, the projectability would allow projection anywhere.
However, if the framework decides to project at a place P, the next projectability calculation would suggest
avoiding projection at P as the camera picks up the projected image. The projection would then be moved to
another place and the process would start over. To avoid this, we use an offline computation approach, that
computes the projectability of, for instance, an object or the environment before the projection starts and caches
the map for future use (e.g. projection of text onto objects). This approach is very suitable for environments
where only tracked objects are moved and the textures remain static.
Since we target dynamic scenes as well, this would also be a severe limitation. Therefore, we extend the caching
approach as follows: Since the framework knows where it projects, the cached projectability map can be updated
regularly in areas where no projection occurs, filling the projection areas with the cached information. To account
for texture changes in areas with projection, we use an additional IR-camera equipped with a low-pass filter to
filter out visible light, i.e. the projection (see Figure 5 right). In this way, the areas with projection are monitored,
and if significant changes in (IR) texture are detected, the projection can be very shortly disabled, the map updated
in this area, and then, based on the updated map, re-enabled and, if necessary, moved to another place.
Using this approach, the projection needs to be disabled to update the map. To not completely disable the
projection one could synchronize the camera with the projector and generate a short gap within one of the
colors-phases of the projector (in case of a DLP projector) as done in [19]. However, this is rather complex and
requires modifying the projector. Therefore, we propose another approach: Projectors with laser light sources,
that are becoming more and more popular, use three (R,G,B) very specific wavelengths. These wavelengths could
be filtered for the camera by using narrow-band notch filters, so that the camera can constantly monitor the area
in the visible spectrum but does not pick up the projection at all.

5.2

Placement Based on Environmental Constraints

For the placement of additional related information, the layout process should consider the projection quality of
the target surface and a set of other constraints as well. For instance, labels should be as close as possible to the
object they label and be oriented towards the users for improving readability while being displayed on a surface
with good projection quality. Since these constraints often contradict each other (e.g. a big projectable space far
away vs. a less projectable small space nearby), we propose to use an optimization-based approach to generate a
UI layout, that computes an optimal place for all UI elements based on a set of environmental constraints (see
Figure 4 left and Figure 5 left).
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The elements to be placed are characterized by their 2D position, size (width and height), and orientation:
v = (x, y, s, α). Width and height are represented by a scaling factor s to maintain the aspect ratio of the element.
We formalize the optimization as a minimization problem, since our goal is to minimize the total costs C Total
for the placement of all elements E with each element e ∈ E having a set of costs Ce where each cost c(v) is
weighted with an individual factor w e,c :
ÕÕ
min C Total (v) =
w e,c c(v)
e ∈ E c ∈ Ce

This formulation allows for an individually weighted set of constraints for each element based on their individual
properties (e.g. readability of a text element is more crucial compared to an image element that tolerates more
interference). For single elements, it is sufficient to optimize v by only considering the projection quality and the
element-local constraints (e.g. minimum size). In case of multiple elements, it is also important to ensure that the
elements do not overlap each other. This is fed into the optimizer as an additional constraint. To avoid unwanted
flickering, we added a motion filter which only repositions the elements if their new location largely differs from
the last position.
5.2.1 Constraints. The optimization currently considers the following constraints but can be easily extended
with additional ones.
Projection quality: To ensure a good projection quality, the table’s surface is assessed by the framework based on the projectability map P, containing a continuous projection quality value for each pixel. The projection
quality for an element is then computed by averaging the individual pixel values Px,y from the map across the
area of the element e given its current location, rotation, and scale:
Õ
1
cP =
Px,y
width · heiдht
(x,y)∈e

Proximity to the desired location: The position cost is modeled as the Euclidean distance between the desired
location pd and the actual location p = (x, y) of the element:
q
cpos = (pd − p) · (pd − p)T
Orientation towards the user: Since the projected content is ideally oriented towards the user who requested
the element to be displayed, the angle cost is modeled as the absolute difference between the angle making it face
towards the user αd and the angle α of the element itself:
c anдl e = abs(αd − α)
Besides the cost for deviations from αd , a hard constraint on the maximum rotation is enforced (i.e. α min ≤ α ≤
α max ). This is necessary to avoid rotating elements by 180 degrees and to ensure readability of text elements since
too much rotation often renders text unreadable.
Scale: Depending on the content, an element may be scaled to fit into a projectable area. This can be achieved
using a scale constraint which is modeled as the absolute difference between the original scale of the element sd
and the actual scale s of the element:
c scal e = abs(sd − s)
As for the angle, scaling is constraint on the minimum and maximum scale (i.e. s min ≤ s ≤ s max ). In most cases,
s max will be equal to sd with both being one (the element should be displayed at its intended size and not larger).
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5.2.2 Normalization. The constraints are not consistent in their value range, i.e. the scaling factor is a value
between 0 and 1, the orientation angle falls in a range from 0 to 2π and the projection quality is in a range from 0
to 255. If the cost values would be directly summed up, the projection quality, for instance, would have a much
higher impact than a deviation in scale or rotation and therefore would always outweigh them. To consider
the different ranges and allow to weight the different metrics for any element individually, we normalize the
cost values c to the interval [0, 1] and then weight them using element specific factors. If necessary, this can be
extended using more complex (e.g. non-linear) normalization functions. Initially, all weights are 1, so that every
factor is weighted identically. However, users may change the weights if desired.

5.3

Maximum Space Layout

Besides the need to place information related to the tangible in its surrounding, there are situations in which the
tangible needs to be viewed in its context. For instance, in case of a tangible relief map, the framework could
not only texture the 3D tangible itself but also display the geographic map information on the table around the
tangible (see Figure 1 right). However, such context information is fixed in its position relative to the tangible
and thus cannot be placed with our optimization technique. Also, the information displayed should be as large as
possible. While one can display this in a naive way by just projecting everywhere within the projectors reach,
this is problematic on cluttered tables, because the projection heavily interferes with other physical objects on
the table. This has been shown to be very undesirable and distracting for users [40].
Therefore, we propose to use the projection quality to layout the element around obstacles using a flood fill
approach. The area around the tangible is filled as long as the projectability score is below a predefined threshold.
In order to close tiny holes and smoothing the contour, two iterations of dilate/erode are performed. To improve
the stability of the detected occlusion regions at the border areas and prevent flickering of the contour, we
perform additional smoothing and filtering operations. The UI element is then clipped according to a binary map
denoting the connected projectable area around the tangible. To visually enhance the contour, we approximate a
low complexity polygon of the contour and transform the linear line segments into a continuous Bézier curve.

6

APPLICABILITY

We consider FlowPut as a unique solution for turning tangibles into interactive applications, combining the tangible
with touch-enabled user interfaces (i.e. both content and controls) and leveraging the dynamically changing
display space surrounding it in an environment-aware manner. We consider two categories of applications as
particularly well suited: (1) interactive tangible 3D displays and (2) interactive tangible 3D proxies. We will
explain the value of FlowPut for these two categories by means of two interactive sample applications, namely
(1) a tangible relief map and (2) a tangible car proxy (see Figure 6).

6.1

Interactive Tangible 3D Displays

Projecting information on everyday surfaces in combination with touch detection allows for many unobtrusive
interfaces (cf. [14]). FlowPut adds to this vision by providing the means to not only make flat 2D surfaces
interactive but physical 3D tangibles as well. To illustrate this category, we created an interactive map relief as
an example application that leverages the physical 3D geographical shape of a 3D-printed object to improve the
spatial understanding of a geographical terrain (see Figure 6 left). By augmenting the tangible with a projected
map control, users can search for nearby images by touching a point on the tangible map. The map’s projection
is maximized using the maximum space layout and images are optimized to optimally leverage the available
display space surrounding the tangible (see Figure 1 left).
After registering the tangible’s 3D model to FlowPut, any existing UI content or control can be easily bound to
its position and orientation. Moreover, FlowPut automatically clips the UI elements according to the maximum
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Fig. 6. Two interactive example applications: a tangible relief map (left) used as a tangible 3D display, and a tangible car
(right) used as a 3D tangible proxy.

space layout. Detected touches on the tangible and table are automatically redirected onto the respective UI
element. In our sample, touches on the tangible are used to retrieve images for the respective geographic location
and register them to FlowPut’s optimization procedure. The position and rotation of each image are continuously
and automatically adjusted to the most adequate space on the table.
In summary, an existing standard map application could be easily transferred to FlowPut by interchanging the
layout-controlling components (e.g. grids) with FlowPut.

6.2

Interactive Tangible 3D Proxies

Today, 3D objects are often customized or configured on a computer, for instance using CAD software (e.g. for
3D printing) or product configurators (e.g. for customized cars or furniture). For expert users, these systems are
easy to use after a steep learning curve. However, for novice users, FlowPut is well suited to be used to easily
explore, adjust or configure such 3D objects by directly interacting with a corresponding tangible proxy. For
instance, users may adjust the object’s surface properties (e.g. add color or texture directly on the proxy’s surface)
or perform customizations (e.g. enabling or disabling parts for a 3D print). These changes are instantly visualized
on the tangible proxy and can be fed into the configuration software in parallel. Thereby, a more direct and
haptic interactive experience can be provided. In addition, FlowPut is not limited to one tangible proxy: FlowPut
works with multiple proxies in parallel, thereby supporting scenarios like areal planning as well (e.g. placement
of machines in a factory or furniture in a living room). Here, the ability to interact with the individual proxies (e.g.
configuring a machine type) as well as with the ensemble (e.g. placing the machines in the hall) is convenient.
To illustrate this category, we implemented an interactive tangible car proxy as an example application (see
Figure 6). Using FlowPut, users can specify a car’s colors and surface materials, or control the car’s interiors via
touching the specific part of the tangible proxy. The updated specifications are then displayed in-place, enabling
a more direct manipulation than conventional touch- or mouse-based interfaces. Furthermore, by touching a part
of the car, additional information is shown at the most suitable place on the table using the constraint-based
layout algorithm (see Figure 1 right).
New proxies can be added by registering their 3D models to the framework and binding a dedicated UI element
to their position. The named touch regions facilitate binding the new model to the UI elements by naming the
corresponding touch regions in the same way (e.g. every car has tires that should invoke the “select tire” dialog).
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7

IMPLEMENTATION

Our lab implementation is based on a standard full HD projector (1080p) mounted 2.35 m
above the table together with a Kinect V2 depth and color camera for projectability
assessment and an additional IR camera (uEye UI-548xSE-M with an IR low-pass filter)
to detect texture changes. The cameras are mounted about 95 cm above the table (see
Figure 7). Our demo objects are 3D-printed with a standard BCN3D Sigma 3D printer
and regular white Verbatim PLA filament. The respective 3D models are preprocessed
using a Meshlab filter script, which normalizes the triangle mesh by applying a uniform
mesh resampling, re-computing the vertex normals and exports the simplified mesh into
a .PLY-format.
The FlowPut framework is written in C++ using Qt. Object recognition, object tracking
and touch detection process the Kinect’s depth data in a point cloud data structure.
Therefore, we use the plane removal, noise removal, Euclidean clustering, nearestneighbor-searches (k-d tree), iterative closest point algorithm and principal component
analysis methods provided by the point cloud library (PCL). The calibration from Kinect
to projector, computation of the projectability maps and computing the maximum space
layouts uses OpenCV. To optimize the 2D UI elements placements according to the
projectability maps, we use the non-linear optimization library NLopt and the gradientfree local optimization using the principal-axis method. In our current setup, the user
Fig. 7. Our lab setup
position is fixed to one side of the table for the rotation of the elements. The software
implementation, however, allows to define different target orientations for each element to reflect multiple user
positions, e.g. provided by a user tracking system. Communication with other applications is based on Google’s
Protocol Buffers for serialization and TCP as the network protocol.
Applications for FlowPut can be written in any language or run on separate machines, as the FlowPut API is
accessible via ProtoBuf messages sent over TCP. Thereby, it is possible to use any desired UI toolkit. For instance,
our example applications are built in C# using WPF.

8

EVALUATION

To assess the applicability and ensure to cover a broad range of scenarios, we evaluate and discuss each of the
four previously defined requirements in the following.

8.1

Real-time Performance

The user experience heavily relies on the application being responsive enough to directly detect and respond
to any user input (e.g. touch, object or occluder movement). Therefore, real-time performance is a key element
for the FlowPut framework. Each frame has to be completely processed before the next frame arrives (maximal
33 ms at 30 frames per second).
We measured the computation times for the individual processing steps during a normal use case scenario
with up to three tracked objects and three unknown objects at a time, touch interaction and up to 12 individual
free flowing UI elements. The measurements were conducted on a desktop computer running Windows 10 with
8 GiB RAM and a 3.6 GHz Intel i5 Processor.
The preprocessing takes about 15.6ms (σ = 6.1 ms), which is mainly caused by the expensive noise filtering
and clustering process. After the initial preprocessing, all of the following processing steps can run in parallel
and therefore their times do not add up to each other. Object detection requires 1.2 ms (σ = 0.4 ms) and object
tracking 4.3ms (σ = 1.9 ms), which is however influenced by the model’s size. Touch detection and tracking are
only evaluated if the user’s hands are present in the scene and take 0.3 ms (σ = 0.6 ms).
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Fig. 8. General setup with 40% occluded object (left) and results (right) of the evaluation of the performance of our tracking
approach

Optimizing the UI elements arrangement and computing the maximum space layout is not performed on
a frame-by-frame basis and hence does not inflict with the critical path. Instead, they are constantly running
and updating in the background with the currently available object positions and projectability maps. The time
taken for the layout optimization is mainly dependent on the number of elements. For eight UI elements, the
optimization takes 12 ms (σ = 5.4 ms). Computing the maximum space layout for two objects takes 8.4 ms
(σ = 4.5 ms).
This leads to a maximum processing time of 19.9 ms (σ = 6.4 ms) per frame, which is below the 33 ms
limit required to process all frames. However, the Kinect and projector add about 155 ms of latency, largely
outnumbering the framework’s latency and leading to a visible delay when moving objects at high speeds.

8.2

Stable and Occlusion Resilient Recognition and Tracking

For our example applications, we utilize models between 15.8 cm × 10.0 cm × 4.8 cm and 14.3 cm × 9 cm × 3 cm
in size. However, our tests revealed that models down to 5 cm × 5 cm × 2 cm can be detected. The minimum
height of 2 cm is due to the fact that most of the object’s point’s need to be above the table surface with respect
to the Kinect’s noise floor of ±5 mm.
To evaluate the tracking’s resilience to occlusion, we manually occluded an object with cardboard after the
initial recognition. We tested occlusions of 0% to 90% relative to the object’s surface in 10% steps. We recruited
five participants, all male and aged between 29 and 35. While partly occluded, each object was moved by the
participant along a predefined path with a length of 215 cm across the table. Since the tracking is also dependent
on the object’s speed, participants moved the object at five different speeds (5 to 25 cm/s in 5 cm/s steps). To
ensure constant and correct speed, participants had to move the object along a yellow dot, digitally moved
along the path (see Figure 8 left for the setup and the path). The path was chosen to contain a nearly straight
section (1), a 180-degree turn (2), and a slightly sloped section (3). The object was moved along the path once by
each participant for each combination of occlusion and speed. This leads to a total of five recordings for each
combination. We counted the number of successful trials. A trial was successful if the tracking was never lost
during the trial and the detected pose did not differ more than 3 mm and 5 degrees along any axis from the
predefined path.
The results are shown in Figure 8 right. As one would expect, the tracking becomes more unstable with
increasing occlusion as well as with increasing speed. At 25 cm/s, tracking was always lost while moving the
object even without occluding the object. With 90% occlusion, tracking was lost either directly upon occlusion or
after a few centimeters of moving. The loss at 90% (or 15.8 cm2 of visible area) occlusion is consistent with the
object’s minimum size of 25 cm2 (5 cm × 5 cm). At 5cm/s, the slowest speed, tracking was only lost once at 80%
occlusion. For a more practical speed of 10 cm/s, tracking is stable for up to 50% occlusion. At even higher speeds
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the success rate drops further: At 15 cm/s we observed 100% success rate up to 10% occlusion and only 20% at
20% occlusion. At 20 cm/s, we observed 60% success without occlusion and 40% with 10% occlusion.
In practice, this limitation does not pose a severe restriction because the occlusion of an object is usually
caused by the user’s hands while moving the tangible, which is only temporary. The tracking is immediately
restored after the user removes their hand, leading to only short outages of the projection during fast movements.
This is especially prominent with small objects where the hand can occlude nearly the whole surface while the
object is grabbed. However, this is a general problem of all vision-based approaches since a marker or the object
itself needs to be visible for the camera.
In 76.47% of the cases, tracking was lost at the narrow curve during the 180-degree turn (see (2) in Figure 8
left), i.e. when a fast rotation combines with linear translation. Therefore, the results could further improve for
non-rotating move-only interactions. In general, we noted that the tracking’s occlusion performance is also
related to the surface geometry of the object: areas without distinguishing surface features are not as important
for the tracking as highly structured areas.

8.3

Touch Accuracy

In order to evaluate the touch detection accuracy, we performed a small-scale evaluation with the same five participants Table 4. Standard deviations of the reported touch cooras for the occlusion study. To that end, we selected five diffe- dinates for different surface geometry in mm.
rent representative surface geometries, namely two vertical
planes to evaluate touch on object sides (one parallel to the
Touch Plane σx
σy
σz
camera’s field of view, one perpendicular), a convex spot
x-z
2.95 0.01 4.73
standing out of a surface, a concave area and finally, as a Side (Frontal)
Side
(Side)
y-z
0.21
2.83 4.82
reference, a spot on the table’s flat surface.
Convex
x-y
2.13
1.77
1.39
The spots were marked on the model and touched repeaConcave
x-y
5.25
2.08
1.63
tedly, each one 3 times by each participant, leading to a total
Flat
x-y
2.54
2.08
0.00
of 15 samples per point. A projected blue dot indicated a
successful (i.e. detected by the framework) touch on the target area. Besides two failed touches inside the concave
area, all others were successful. The touch coordinates reported by FlowPut were recorded. We computed the
standard deviation as a measure of repetition accuracy from the values. The results are shown in Table 4. The
table’s surface is in the x-y plane, the z-axis is perpendicular to the table plane in upward direction.
Touch on concave surfaces yields the worst results due to the ambiguity of the intersection, as there are
multiple possible touch points from the camera perspective, from which the center one is picked. However, a
standard deviation of 5.25 mm along the x-axis is still within the size of a fingertip (cf. [6]).
For flat and convex surfaces, the results improved further, with only about 2 mm standard deviation on the
x- and y-axis and about 1.5 mm on the z-axis (see Table 4 for the exact values). Given the fact that the camera
observes an area of about 1 m in width and 80 cm in height at a resolution of 512 × 424 pixels, 2 mm standard
deviation is equivalent to 1 pixel in the raw depth image, which is an acceptable performance.
For the touch recognition on the side surfaces, there is no huge difference between the two different orientations
of the sides. In both cases, the axis perpendicular to the orientation of the side (e.g. the y-axis for the frontal
side) has a very low standard deviation since its value is directly derived from the model’s tracking data. For the
variable axes, we observed a slightly higher variance for the x- (or y respectively) axis than with a flat or convex
area. The z-axis has the worst deviation but is still within the typical size of a fingertip.
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8.4

Occlusion and interference aware UI

By utilizing projectability maps for our UI layout optimization, FlowPut can adapt the UI to the physical
environment. Since this as an automated process which constantly adjusts the UI layout, we investigate how
users perceive such a dynamic UI compared to a static one.
We conducted a user study to assess the impact of an optimization-based layout approach on user experience.
To that end, we compared two conditions (static and dynamic) for photo browsing using our tangible relief map.
In both conditions, participants were asked to find a specific photo from a set of 10 photos bound to landmarks
on the map, which were marked with a red dot. By touching the red dot on the map, participants could toggle the
visibility of a landmark’s photo. In the static condition, we displayed photos in a standard list of photos right to
the map. In the dynamic condition, we used FlowPut to automatically layout each photo at a spot close to the
landmark. In both cases, the photos were connected to the landmark using a red line. To provide a more realistic
environment, we also added common objects to the scene (keyboard, pen, another tangible and a coffee mug).
There were 6 participants (all male, aged between 27 and 34). We chose a within-subject design. For each task,
participants were given time to familiarize themselves with the system. Each session lasted about 20 minutes
and participants were asked to think-aloud. We conducted a semi-structured interview after condition to collect
additional feedback specifically regarding the layout aspects.
In the static condition, all participants complained that after placing the tangible relief map, the projection
collided with other physical objects. All but one participant started with moving the physical objects away to
have a free working area. While P6 found the presentation with the list structured (since the photos were always
to be found at the same place), P2, P3 and P5 complained that the relation between landmarks and photos is
often unclear despite the connecting lines (P5: “Lines intersect other landmarks”, P3: “The lines were sometimes
crossing”). P4 noted that “the many photos are overextending”.
In contrast, in the dynamic condition, we observed that all participants opened more photos at the same time
and were amazed by the automatic layout. They found it more well-arranged and tidier (P3: “It’s good that
the photos are always close to their location on the map”, P6: “It’s nice that the photos automatically avoid
obstacles”, P5: “Following the lines is much easier now”). However, P1, P2, and P4 also criticized that there was
no way to intervene, e.g. by pinning an object to its current position or manually moving it away (P4: “It would
be interesting to manually move the photo as well”). Furthermore, participants were occasionally irritated by
photos moving due to camera noise. To improve this, the position changes could be filtered even more to ignore
movements below a certain threshold, hence avoiding “shaking” (P2) of the projected content.

9

LIMITATIONS

This paper presents FlowPut, an environment-aware touch-enabled projection framework. However, FlowPut
has limitations that must be considered before usage.

9.1

Minimum Object Size

Currently, tangibles should be at least 2 cm high above the table to track them correctly. The same holds for
the overall size of a tangible that needs to be at least 5 cm by 5 cm. As FlowPut is mainly targeted at tangibles
with sufficient space for top-projection, this restriction is usually not an issue. However, there are cases in which
users might want to track multiple smaller tangibles (e.g. playing pieces for an augmented board-game). The
limitations of the object minimum height and size are not inherent to FlowPut’s algorithms, but the result of the
depth camera’s noise (e.g. for our setup, camera noise is about ±5 mm at a distance of 1 m) and overall resolution.
Additionally, the flying-pixel effect is further affecting the precision of the measurements [12]. Future depth
cameras are likely to mitigate this issue due to reduced noise and increased resolution.
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9.2

Touch Point Accuracy

The touch point’s location accuracy depends on the object’s surface geometry. Touch points on convex regions of
the surface (e.g. the top of a mountain) result in more accurate location estimates compared to concave or flat
regions (e.g. a valley in a tangible relief map). As we select the closest surface point to the fingertip as the touch
location, there is usually a unique point for convex regions. However, in case of concave regions, there are often
multiple closest points and hence multiple possible touch locations. While we use the center of the candidate
cluster, a lower noise and higher resolution depth camera would increase performance. Future work could also
explore more advanced algorithms to disambiguate touch points (e.g. by taking the user’s viewing perspective
into account).

9.3

Body Part Classification

To determine body clusters within the point cloud data, FlowPut uses a simple heuristic that defines a cluster as
belonging to a body if it hovers above the table surface, starts at the edge of the camera field of view and had not
previously been classified as another object. As a result, a new object moved into the tracking area is classified as
body part until it is placed on the surface and not touched anymore. Thus, it is not possible to directly interact
with a new object without moving the hand away after placing it. Future work should investigate methods to
separate the user’s hand from the object while being held to mitigate this issue. This would also allow the user to
interact with the object while being held in the air above the table.

9.4

Automated Element Placement

Despite the projectability map used by FlowPut as a basis for layout generation is adjustable via a user mask,
there is currently no way for users to influence the placement of elements more fine-grained. Based on the
user feedback in the evaluation, future work should investigate ways for users to actively specify the desired
placement in addition to the location computed by FlowPut. For instance, users may move or fixate an element’s
location with a three finger gesture.

10

SUMMARY

We presented FlowPut, a framework providing interactivity for tangible objects by visually augmenting them and
their surroundings using environment-aware projection and by providing multi-ouch input across the tangibles’
and the surrounding table’s surface. FlowPut aims at casual use where the tangible objects are used together
with office equipment and documents on the same surface. Therefore it provides environment-aware layout
mechanisms to minimize interference between the projected digital content and the physical environment. We
contributed a real-time detection and tracking approach for partly-occluded 3D objects based on their 3D model, a
multi-touch detection for object’s sides, as well as a set of environment-aware UI layout techniques. We validated
our contributions through user studies and discussed FlowPut’s applicability as well as its limitations.
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