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Abstract. Affordances, e.g., grasping possibilities, play a role in the
guidance of human attention. We report experiments on the integration
of affordance estimation with artificial visual attention in a prototypical
model. Furthermore, Growing Neural Gases are discussed as a potential
framework for future attention models that deeply integrate affordance,
saliency and further attentional mechanisms.
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Introduction

With the transition of robots from specialized automata performing predefined
tasks to general autonomous agents, the requirements to perceive, reason about,
and interact with their environment have drastically increased. A recent development in robotics is to model aspects of environmental psychology, which deal
with the interaction between humans and their surroundings. A popular concept
is the affordance of objects, introduced by J. J. Gibson in 1977 [1]. In this holistic
view, objects possess certain affordances, i.e., objects or their parts can afford
certain actions. A common example is a mug, whose handle affords grasping.
This idea has been transferred to technical systems, not only to enhance
grasping actions, but also to benefit object recognition and semantic scene perception (see e.g., [2–4]). In many cases, objects are better defined by actions the
object supports, than by visual attributes. Coming back to the example of a
mug, even though colors and shapes may differ widely, mugs in general afford
grasping (possibly by some kind of handle), containing liquid and drinking [5].
Therefore, recent research integrates affordance estimation with object recognition [6, 5] and the semantic interpretation of scenes and objects [7, 8].
Artificial visual attention is a concept inspired by cognitive psychology. The
main idea is to filter relevant from irrelevant information very early in processing, and distribute processing resources accordingly. Attention can be guided
bottom-up by saliency (local feature contrasts) [9] or in a top-down manner by
incorporating knowledge, task demands [10] or the “gist of the scene” [11].
Findings from psychology suggest that affordances influence human visual
attention. This has been shown in reductions of reaction times when affordances
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were used to guide attention towards target locations [12] and effects on event
related signals in electrophysiological and brain imaging research [13].
This design paper is an update of the report we presented at the First Workshop on Affordances: Affordances in Vision for Cognitive Robotics [14]. The
remainder of the paper is organized as follows: Section 2 contains a compressed
report of the experiments conducted in [14]. In section 3 we discuss Growing
Neural Gases as a framework for artificial attention that we believe has the potential to integrate bottom-up saliency, affordance-based attention and top-down
mechanisms in a consistent architecture and improve on several disadvantages
of current region-based attention systems. Section 4 concludes the paper.

2

Change Detection Experiments on Saliency and
Affordance in Human Attention

In a previous study [15], we employed a “single-shot” change detection task
with natural images (see e.g., [16]) to measure the participants’ distribution of
attention towards salient or affording objects. The phenomenon of change blindness due to short scene interruptions renders the detection of changes in objects
difficult. An observer’s performance depends on the allocation of attention towards the objects [17]. For the evaluation of psychologically inspired computer
vision systems, the change blindness paradigm has the great advantage that images with natural scenes can be used, whereas many other psychophysical tasks
require the use of highly artificial synthetic stimuli. We found that human observers performed better in reporting the changes that were made to objects
selected by an affordance-based model than when those selected by the saliency
model were changed.
The single-shot paradigm shows a single change from the original to the
altered image which are shown only briefly (usually between 100 and 500 ms)
and a blank screen is shown between the two images. The presentation usually
lasts for less than a second and participants respond afterwards, when the image
is already gone. Thus, there is only a single binary hit-or-miss measurement per
change. Furthermore, the same images cannot be repeated and therefore the
amount of trials is limited to the number of available images. Their creation
is quite an effort, due to editing in the changes (object removals in our case).
Because of the limited number of trials and the binomially distributed response,
a large number of subjects is required (40 – 80) to obtain reliable results.
Hence, in this experiment, we test the so called “flicker paradigm” (see e.g.,
[17]): the presentation is similar as described above, but it is repeated until the
change is reported. Therefore, a more informative measure, namely the time it
takes the subject to detect the change, can be obtained. This not only reduces
the number of participants required, but may also allow to relate the degree of
affordance and saliency to the response time. Therefore, the objective of this
first experiment is, using the stimulus material from [15], to investigate whether
the effect that affordances are more important than saliency in change detection
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can be replicated using the flicker paradigm. Furthermore, a first insight in the
influence of the saliency and affordance values on the response time is provided.
2.1

Experiment 1

Participants: Twelve volunteers (average age of 26.82, SD = 3.6) participated
in this experiment. All had normal or corrected-to-normal vision and not seen
the images before.
Stimuli: The stimulus material reported in [15] was used. This consisted of 28
natural scenes, mostly pictures of office environments that contained a number of
objects in the reachable action space and some in background areas which would
not be reachable by the observer of the scene. For every image, two changed versions were created by locally altering the image (locally blending in an identical
image in which the object had been removed at that location). In one altered
image of the same scene, an object selected by the saliency model by Itti et
al. [9] had been removed, in the other altered image, one object selected by
an affordance-based prediction (density of grasping possibilities per image area;
this corresponds to the affordance stream described in see section 2.2) had been
removed. Refer to [15], for more details regarding the stimulus generation and
the actual pictures.
Design and Procedure: The experiment was conducted on a 12.1” touchscreen laptop1 . Participants were presented with every original image paired
with one of the possible changes. The number for which each changed image
appeared with the affordance or saliency change was balanced over all subjects.
In contrast to the task used in [15], the images cycled back and forth between
the original and changed image until the change was reported by touching the
screen at the location of the change. If no response was made within one minute,
the current trial was aborted and the next trial started. The timing of the image
sequence was: “1000 ms initial blank”–“300 ms original image”–“300 ms blank”–
“100 ms changed image”–“300 ms blank”. For every trial, the response time was
recorded.
Results and Discussion: Figure 1 shows the average response time to saliencyand affordance-based changes. Affordance based changes are reported significantly faster, t(11) = −5.03, p < 0.001, confirming our earlier results [15] from
the single shot hit-or-miss task. This provides further evidence for the importance of affordances in the deployment of attention. The one minute time limit
was reached only four times in the 336 changes presented over all subjects.
In [14] we show response time distributions over the different changes and
images. No long response times are found when saliency and affordance of a
change were high. Especially for the saliency-based changes, long response times
1

Note that the change blindness effect is very robust and does not require highly accurate timing that can only be established with CRT monitors or specialized equipment, which is the case for many other psychophysical paradigms.
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Fig. 1. Average response times for affordanceand saliency-based changes (error bars show the
SEM; *** p < 0.001).

occur where the affordance is close to zero. Therefore, an attention model that
combines saliency and affordance could show a better performance than models
based on each individual component.
2.2

Experiment 2

This second experiment is based on predictions from a prototypical model that
combines affordance and saliency estimation. It is intended to investigate whether
predictions based on combined saliency and affordance better reflect human attention than the individual components.
A Combined Model of Saliency and Affordance: The model is outline in
figure 2. The left image of a stereo image pair is segmented into homogeneously
colored regions 1 (see e.g., [18]). These regions can be considered proto-objects
at pre-attentional stages.
In the saliency stream, the regions are used to generate feature magnitude
maps for color, orientation, eccentricity, symmetry and size s2 . The feature
color is obtained as the average color of all pixels of a region. Orientation,
eccentricity and symmetry are calculated based on 2D central moments of the
spatial distribution of a region’s pixels. Size is the number of pixels in a region.
As a next step in this stream, saliency maps are calculated for each feature
dimension individually s3 . This is done by applying a voting style procedure,
where each region collects votes from its neighbors, regarding the dissimilarities
in every feature dimension (details for the feature and saliency computations
can be found in [19]).
In the affordance stream, the left image is used to generate 2D Texlets which
are small local texture patches a1 . Using stereo disparities a2 , the 2D Texlets are
transformed into 3D Texlets a3 . Small groups of neighboring Texlets are created
by applying a position-based k-means clustering. Planes are fitted through the
groups to form Surflings a4 , which are further grouped (when close to each
other and similarly oriented) to generate Surfaces a5 [20].
Grasping hypotheses in 3D space are generated by fitting a simulated gripper
(see figure 3a) to elements of the scene considering the surfaces generated in the
process outlined above a6 . Details of this process can be found in [20]. The
result, which we make use of in this study, is the estimated contact points of the
gripper on the surfaces. Note that in the present study the simulated gripper
performs simple two-fingered grasping.
The combined attention map is then obtained by integrating the individual
saliency maps s4 [19] and the contribution from the affordance stream using the
regions from the initial segmentation. While the saliency contribution is already
in region-form, the grasping hypotheses (contact points) have to be projected
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Fig. 2. Structure of the proposed model. The type and
flow of data is described in
the main text referring to
this figure.
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into 2D first. All points which fall into a certain region a7 + 2 are summed and
normalized by the region size. Because the contact points can often be found on
the edges of objects (in their 2D projection), instead of considering a single point
in this process, each back-projected point is expanded to 5 × 5 points in a square
region surrounding the initial location, with their contribute decreasing with
distance from the original location. This can be seen in figure 3b. In this first
attempt to combine saliency and affordance in a technical model, we combine
both linearly with equal weights. More advanced strategies to combine different
feature channels in attention models are discussed in [9].
Fig. 3. a: A test scene. Inset: exemplary grasps fitted to a sparse 3D
representation. b: Grasp points projected into 2D. White patterns represent grasps towards reachable locations, red patterns indicate locations out of reach. “A” affordance, “S”
saliency, and “A+S” combined selection. c–e: Underlying affordance (c),
saliency (d), and combined (e) maps.

Participants: Thirty volunteers (average age of 28.46, SD = 5.86) participated.
Stimuli, design and procedure: Stimulus material, experimental design and
procedure mostly correspond to the description of the first experiment in section
2.1. The only differences were the use of a new image set (see figure 4a) with an
additional third possible change based on the combined prediction. Furthermore,
the saliency-based prediction was obtained with the region-based saliency model
[19], which constitutes the saliency channel in the combined model, in contrast
to the first experiment where the model by Itti and colleagues [9] was used.
Due to the fact that three predictions (affordance, saliency, combined) are
required for each image, and the images focus mainly on the action space where
saliency and affordance are both expected to be relatively high, sometimes the
same object was selected by two or all three predictions. In such a case, the scene
was slightly rearranged by unsystematically shifting objects or the camera, and
the scene was rerecorded, until three distinct predictions were obtained.
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Fig. 4. a: Change locations marked in nine exemplary images (all 29 images are shown
in [14]). b: Average response times for the changes based on affordance, saliency (regionbased), and combined predictions (error bars show the SEM).

Results and Discussion: Figure 4b shows the average response times to
changes based on the (region-based) saliency, affordance, and combined predictions. According to an one-way repeated measures ANOVA, no effect of prediction type was found, F (2, 29) = 0.63, p = 0.54. This is in contrast to the
result of our first experiment, where the responses to affordance-based changes
were significantly faster. Furthermore, the saliency conditions (from experiment
1 and experiment 2), as well as the affordance conditions (from each experiment),
differ significantly, t(40) = 5.82, p < 0.001 (affordance), t(40) = 4.3, p < 0.001
(saliency) according to Holm-Bonferroni corrected two-sided t-tests.
The long response times in the second experiment indicate that the task was
more difficult than in the first experiment. Moreover, the scenes were arranged
to contain a large number of affording objects in the action space and thus also
the saliency-based selections were mainly such foreground objects, whereas the
stimulus material used in the first experiment contained saliency-based changes
which were frequently in the background. Inspection of the distribution of the
individual changes’ average response times (refer to [14]), hints that saliencybased changes may benefit from increasing affordance, while the same seems not
to be the case for affordance-based changes.
Notably, the one minute limit was reached twelve times for affordance- and
nine times for saliency-based changes, and only once in the combined condition.
Hence, whether and how saliency and affordance enhance each other remains
unclear. In the prototypical model, affordance and saliency have been processed
based on different representations (ECV vs. region-based), normalized in different ways, and integrated eventually. Due to this process it becomes difficult to
assess the relative contributions of both channels and relate them to response
times (we attempted this to some degree in [14]). Furthermore, for future technical applications, calculating and maintaining to separate representations is
rather unpractical. Therefore, in the remainder of the paper Growing Neural
Gases as a potential structure for a fully integrated representation and attention
model is discussed.

3

Growing Neural Gases: An Architecture for Combining
Saliency, Top-Down Attention and Affordances?

In the long term, a fully integrated architecture for artificial attention is desirable. In such a framework, feedback loops, which are known to be highly im-
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portant in biological vision, can be established: results from higher levels of the
architecture, such as affordances or top-down information can be used to influence the generation or propagation of the scene representation from lower levels.
Furthermore, the integration of different dimensions, such as various saliency
dimensions, specific and gist-based top-down influences and object affordances
benefits from a common consistent representation which can preserve the relative strength of each dimension’s contribution (a prerequisite for more advanced
combination strategies as suggested in [9]).
We discuss Growing Neural Gases (GNG; e.g. [21]) as pre-attentional structures for a fully integrated approach. GNGs have not been applied to artificial
attention before but exhibit promising features. On the one hand, they can be
seen as related to the already mentioned region-based approaches [19, 22, 23] as
pre-attentional structures are employed. On the other hand, they implement a
basic perceptual learning in the sense that the current representation is updated
with new data instead of recalculating it entirely as in region-based artificial attention. We briefly describe the main concepts of GNGs and discuss its potential
application to saliency, top-down and affordances calculations.
GNGs constitute an unsupervised learning technique. Nodes (neurons) may
be connected by edges and possess attributes representing properties of the state
space (e.g., x- and y-positions). Examples are presented to the algorithm and it
determines the closest node according to a distance measure on the respective
properties. For this node and, with a reduced strength its topological neighbors,
the properties are updated. Edges carry an age value, which is increased in every
update. A new edge is inserted between the closest node and the runner-up. If
such an edge already exists, its age is reset. Edges which are too old are deleted.
Furthermore, there is a domain dependent error value for each node, which
must have the characteristic that it is reduced when a new node is inserted in
proximity. At fixed intervals, the node with the highest error value is determined,
as well as its neighbor with the highest error. A new node is inserted in between
and connected with these two nodes, replacing their original connection. The
error value is redistributed between all three nodes reducing the probability
that the next insertion is performed nearby, guiding the growth of the network.
An additional utility term quantifies a node’s usefulness and may result in the
deletion of the node to avoid infinite growth of the network.
The algorithm is initialized with two connected nodes with random properties. The dynamically adapting set of nodes with changing neighborhoods can
form multiple independent graphs.
Pre-Attentional Structures and Saliency based on GNGs: GNGs can
potentially be adapted to generate pre-attentional structures. Pixels of the image
are chosen uniformly at random and used as examples to train a GNG as described above. Distances to the pixels can be calculated by using, e.g., a weighted
euclidean distance. Figure 5a depicts the result for a simple synthetic test image.
For the resulting graphs, feature magnitudes and saliency can be calculated as
described for region-based saliency in [19].
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Fig. 5. a: Exemplary results using GNG-based pre-attentional structures. Node colors
reflect the represented object. b: The result of a saliency computation. Gray levels of
the nodes represent the orientation saliency of a graph (background graph removed in
calculation). c: GNGs may include useful candidates (two-node networks; white) for
estimating grasp affordances. Networks with more than two nodes are colored in gray.

The feature orientation is used as an example here. As in the aforementioned
paper, 2D central moments are calculated for each node n(x, y) in graph Gi :
i

m1,1 =

X
X
X
i
2
i
2
(x − x) and m0,2 =
(y − y) ∀n(x, y) ∈ Gi
(x − x)(y − y), m2,0 =

(1)

where (x, y) denotes the center of Gi . The orientation φi is then computed as
i

φ =

1
−1
tan
2

2mi1,1
mi2,0 − mi0,2

!
,

(2)

resulting in an orientation value φi between 0◦ and 180◦ . The orientation saliency
sφi of every graph Gi is then obtained as
sφi =

X
Gi ,i6=j

|φi − φj |
.
90◦

(3)

The result of this process is an orientation saliency map (saliency value associated
with every graph) and shown for an orientation pop-out stimulus in figure 5b.
Applying Top-Down Information in GNGs: As argued above, mechanisms
from region-based attention can be transferred to GNG structures. Therefore,
templates could be used as described in [22, 24] for region-based attention.
Furthermore, as the transfer from pixels to the substantially smaller number
of neurons provides a simplified problem space, rough heuristics, such as for determining the gist of a scene, may also benefit from a GNG-based representation.
Integrating Object Affordances in GNGs: Pre-attentional structures obtained from GNGs may prove sufficiently stable to apply appearance-based affordance estimation in local and global contexts as proposed by [25]. Furthermore,
GNGs obtained with the described procedure may provide easily identifiable
candidates for graspable elements. Figure 5c shows GNGs obtained from a picture of a cooking pot extracted from Song et al. [25]’s figure 4b (the pink dot was
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removed). Highlighting only two-node networks, in agreement with the groundtruth for such handles (see Song et al. [25]’s figure 2a), successfully detects the
pot’s handle. Such rough heuristics could be directly useful for generating local
graspability estimates which can then be fused with global estimates [25], or
provide candidates for more expensive follow-up processing.

4

Conclusion

The results of our first experiment further supports the idea that object affordances are important for the spatial deployment of visual attention [23]. In
the second experiment we did not find additional enhancements by combining
saliency and affordance. This is in line with another change blindness study [26],
where saliency did not further enhance the detection of changes in objects which
are shown in unusual contexts. Early attention appears to be strongly influenced
by the environment represented in the scene. The second experiment, however,
did also fail to replicate the advantage of the affordance-based predictions over
the saliency-based predictions. This may arise from limitations of the prototypical model (see section 2.2). Alternative possibilities are discussed in [14].
Hence, an important next step in this line of research is a deeper integration
of affordance in attention systems. The fact that affordance-based advantages are
present in 2D images presented to humans, which depict foregrounds and background (experiment 1 and experiments reported in [15]), proves that binocular
cues are not necessary for the effect in biological vision. Thus, a 2D dimensional
retinotopical structure would provide a useful domain for such a fully integrated
approach. We discussed Growing Neural Gases as a framework for this in section 3. These may allow to integrate appearance based affordance-estimation as
suggested by Song et al. [25] with bottom-up and top-down attention in future
work to allow more sensitive experiments and practical evaluation in a robot.
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