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Abstract In this paper, the use of an unsupervised learning algorithm, namely the
Growing Neural Gas (GNG) for a team of robots memorize scenes and collectively
create a general understanding of the environment which is easily understood and
referenced by humans is presented. Each robot will have its own memory repre-
sented by a graph with nodes encoding the visual information of a video stream as a
limited set of representative images. GNG are self-organizing neural networks that
can dynamically adapt their reference vectors and topology. Frames are sequentially
processed by the GNG, automatically generating nodes, establishing connections
between them and creating clusters dynamically. We mainly focus on creating a
robot team learning mechanism to achieve a distributed system of robots automati-
cally sharing acquired knowledge with others available within the area. This is done
using keyframes representing clusters within the robot memory.

1 Introduction

There are situations where tasks cannot be carried out by a single robot. When these
situations arise, tasks are carried out with multiple robot systems (MRS) to collab-
orate and work together as a team in order to achieve the required goal. One such
task is that of surveying and patrolling large areas. MRS can accomplish tasks that
no single robot can accomplish by itself, since ultimately a single robot, no mat-
ter how capable, is spatially limited [3]. When using a MRS, each robot may be
designed for a different task, and the required goal is achieved with proper collab-
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oration by the robots. This would provide a more generic structure as the robots
would be able to reconfigure themselves as required. This highlights the importance
of proper communication for effective teamwork. Furthermore, using several robots
introduces redundancy. Teams of robots therefore can be expected to be more fault-
tolerant than a single robot. The merging of overlapping information coming from
the robot team can help compensate for sensor uncertainty [2]. Extensive work has
been carried out on robot mapping of the environment [23, 5, 1, 9]. Mapping alone
however does not give information about the environment itself. Whilst the focus of
robot mapping is building a geometrical map of the environment, our aim is merg-
ing meaningful visual information to the geometrical map, by creating a topological
map of the environment. We therefore are of the idea that as happens with humans,
only salient images, which we call keyframes, are stored, thus requiring less pro-
cessing and storage power however still all the relevant information is maintained.
As an example, office blocks generally have the same geometrical layout however,
contents may vary between floors. Assuming limited resources on the robot, an ef-
ficient way for the robot to learn the main scene differences and memorize them is
needed. We propose a method to automatically create a visual memory for robots
equipped with cameras surveying, monitoring or searching an area of interest. We
wish to encode the visual information into a limited set of representative images
on-line and with limited computational over-head. The idea behind our approach is
to provide a flexible graphical representation of visual memory to be subsequently
used for the semantic description of a captured scene.

Various video segmentation methods exist in literature [4, 20, 22, 17] and some
are extensively reviewed [15, 16, 8, 19], however these generally assume that the
video is stored and can be post-processed. Some algorithms can also be very com-
putationally intensive. Ngan and Li in [19] highlight four main challenges in im-
age/video segmentation. The first challenge is how to bridge effectively the seman-
tic gap between low-level and high-level features. The second is how to yield ac-
curate segmentation and how to extract accurate masks. The third challenge is that
of working in real time without compromising accuracy and the fourth is the need
to develop appropriate validation and evaluation approaches, by providing a com-
mon database and by developing an evaluation technique. Ngan and Li state that
most evaluation methods in the current literature are based on the computation of
the scores between the ground truth mask and the segmented result. It is reasonable
but not sufficient to address the segmentation quality. Gao et al. in [19] state that the
usage of machine learning techniques has proven to be a robust methodology for se-
mantic scene analysis and understanding. The main characteristic of learning-based
approaches is their ability to adjust their internal structure according to input and
respective desired output data pairs in order to approximate the relations implicit in
the provided (training) data, thus elegantly simulating a reasoning process.

Although the GNG was originally designed for offline training [14], this work
extends the ideas suggested in [10] for building visual memories of video streams
to a multi-robot scenario. Several robots can be used to create a visual memory of
the environments in a faster and more efficient manner. Our intention is to generate
a graph of small size as a reduced representation of the environment that could be
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easily shared among robots or a distributed set of computational nodes and easy to
grow in cooperation. The robot’s visual memories are incrementally built using the
GNG self-organizing model. The GNG was chosen because it provides flexibility
and portability, by dynamically building a representative graph of the input space,
in this case a video or scene video sequence. The main contribution of this paper is
an efficient method for learning and memorizing in real time an environment from a
sequential input video stream in a very concise and compact manner using a team of
robots. By real time we mean that the sampling input frequency of the environment
scene being high enough for the GNG visual memory to reflect the salient views
of the robot. This work is primarily intended for robot understanding of their own
environment and possibly localization.

Fig. 1 Training Images (Left) and Generated GNG Clustered Nodes (Right)

Figure 1 illustrates an example of how GNG structures network topology. In
this example, a fixed set of training images and a maximum number of nodes have
been used. After a random iteration of the trained images illustrated on the left
of Figure 1, GNG creates the links between the nodes and the clusters, which are
shown on the right hand side of Figure 1. One can note that some of the images
were merged together. This is mainly due to the feature vector used. In our case
the feature vector is the greyscale pixel value, so images having similar greyscale
distributions tend to cluster together. The more defined the input feature vector the
better the classification is expected to be. It might be argued that there could be
better features one can pass to the GNG rather than the scaled greyscale images.
Unless the selected features are highly descriptive, and since only these features will
be memorized, there is no way to revert to the original image. This would make it
impossible for a human to understand straight away what the robot has memorized.
Another possible option could be that of feeding in a higher semantic level to the
GNG. This however necessitates the robot to be able to recognize what it sees. This
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could work well in an environment where contents are somewhat expected, however
it would fail miserably in a total alien environment.

GNG was proved to be superior to existing unsupervised methods, such as self-
organising Kohonen maps, K-means, growing cell structures [6, 12, 13]. Florez et
al. [6] conclude that networks having an evolving topology adapt better to the input
manifold than any network with pre-established topologies. In a GNG graph, nodes
can be disconnected whilst the network is evolving, creating a separation between
uncorrelated memories. The number of nodes need not be fixed a priori, since they
are incrementally added during execution. Insertion of new nodes ceases when a
set of user defined performance criteria is met, or alternatively the maximum net-
work size is reached. The algorithm iteratively learns to identify similarities of input
data and classifies them into clusters. GNG is much more than a simple clustering
algorithm, it provides a means to associate visual memories and a means to build
ontologies of visual concepts. The most common way of training GNG is that of
having a training dataset from which items are randomly selected and fed into the
network. This can be seen in Figure 1. This generally ensures that the GNG evolves
in a distributed manner and is more likely to represent the input data more accu-
rately. GNG suffers from initialization problems, i.e. every time the GNG algorithm
is run it might evolve slightly differently, depending on the initial seeding and also
on the way the node weights are adjusted. For our robot application, feeding a ran-
dom sample from a stored sequence is not possible. We require a system that is
capable to learn, adapt its knowledge, accept a continuous video stream and process
it online.

This paper is organized as follows. The GNG algorithm is presented in Section 2
followed by our methodology in Section 3. In Section 4 the experiments carried out
together with the results obtained are analyzed and discussed. Finally conclusions
are drawn and possible future work is highlighted in Section 5.

2 The GNG Algorithm

GNG was originally introduced by Fritzke [7], as an unsupervised learning tech-
nique where no prior training is needed. The system starts with two linked nodes;
new nodes are inserted at every fixed number of input cycles up until the maximum
number of allowed nodes is reached. Connections between nodes are also inserted
and removed adapting the network topology. Moreover, nodes which are discon-
nected are removed thus allowing for new nodes to be inserted in a better position
within the topological map. This results in a network having a topological struc-
ture composed of N nodes in Y clusters connected by edges closely reflecting the
topology of the feature distribution. The GNG algorithm operates as shown in Al-
gorithm 1. The GNG network is specified as:

• A set N of nodes (neurons). Each node k ∈ N has its associated reference vector
wk belonging to the input space (80×60 greyscale images).
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• A set of edges (connections) between pairs of nodes. These connections are not
weighted and its purpose is to define the topological structure. An edge ageing
scheme is used to remove connections that are invalid due to the adaptation of
the node during the learning process.

Algorithm 1 GNG Algorithm
Set two nodes containing random values, age edge = 0, error = 0

while (Stopping Criterion = false) do
- capture an input image vector x
- from all nodes, find winning node s1 and second best node s2
- increase the age of all the edges from s1 to its topological neighbours
- update the error of s1
- move s1 and its neighbors towards x

if (s1 and s2 are connected by an edge) then
- set the age of the edge to 0.

else
- create an edge between them.

end if

if edges are older than age threshold then
- remove edges

end if
- remove isolated neurons

if (current iteration is a multiple of λ ) and (maximum node count = false) then
- find node u with largest error.
for all neighbors of u do

find node v with largest error
end for
- insert a new node r between u and v
- create edges between u and r, and v and r
- remove edge between u and v
- decrease the error variables of u and v
- set the error of node r

end if
- decrease error value of all nodes

end while

Due to the sequential nature of the robot’s visual data acquisition the GNG was
adapted for our application as follows:

• During testing it was noted that the Best Matching Unit (BMU) will be the same
one for a number of consecutive frames which are very similar. In our case this
is good, however we do not want to over train therefore. If this happens one
possible option could be that to skip input frames.
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• We also need to learn fast. The BMU is made to converge to the actual input very
fast by adding a large proportion of the error between the input and the BMU.
This basically set the BMU to the input image.

• The second BMU (for the same frame) is slightly adjusted. This allows for more
information storage within the same cluster rather than having several nodes with
the same value within the cluster.

• A new node is inserted at a relatively fast rate (e.g. every other iteration). Thus
allowing for a large number of nodes to be used from early age and new nodes
are inserted soon after isolated nodes are killed.

3 Methodology

We want each robot in the team to memorize its own area and at the same time share
some of its acquired knowledge with its peers in an efficient and compact way. As it
happens with human memory, details of a scene are retained and memorized images
can be blurred or somewhat unclear. However, sufficient information is retained to
recall relevant information from memory about a part of the scene [11]. Likewise,
our proposed algorithm does not produce a perfect photographic memory, but rather
retains image representations, which contain meaningful information about the ex-
plored environment. In our method each node consists of an 80×60 pixel greyscale
grid representing an evolving memory image. One basic way of having a global
understanding of the environment is to have each robot surveying its own area, gen-
erating their own set of clusters and then feeding them into another learning network
to create a common central memory. This however has some disadvantages. Aside
from the fact there is reliance on a centralized system, robots would only know their
area and would be totally unaware of what other robots are experiencing in other
areas. This means that if one robot dies (e.g. run dry on battery power) all the infor-
mation obtained from the robot would be lost, unless it has already been provided to
the central system. We want to have a distributed system to complement the above
idea so that if one robot dies along the process some of its most relevant informa-
tion will be retained. We therefore suggest having several robots each with its own
visual memory within a distributed environment. Robots are to memorize what they
see and also accept incoming visual information from neighboring robots, diagram-
matically shown in Figure 2. We take inspiration from the island model genetic
algorithm [24]. This methods revolves around the concept of migration where each
island (in our case a robot) will periodically exchange a portion of its population
(nodes) with other islands. Each robot will start generating clusters of similar im-
ages within its own visual memory. The average of this cluster is then calculated and
a single image is produced thus generating one image per cluster (keyframe). One
of these generated images will then be selected at random and shared with the other
robots. With our suggested method we can have both a distributed and centralized
system working together. The distributed system consists of robots which memorize
mostly their environment with some influence from other robots and the centralized
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Fig. 2 Concept behind the distributed visual memory

system to have a general understanding of all the environments being monitored.
One way to do this in a distributed manner is to have a “visually impaired” robot
together with the other “normal” robots. This means that this robot would only re-
ceive inputs coming from other robots and share its own clusters based on these
inputs. Referring to Figure 3 the noise cluster 5 is most likely generated by the blind
robot itself since in the first iteration it could only share noise as it had seen nothing
before. At times this cluster can evolve into meaningful images but at others, as in
this case, it might linger in the robot network.

The way GNG is used in this paper bears some resemblance to well-known video
annotation and segmentation methods [19] and [21]. These methods generally look
for specific changes in the video segment such as scene change or cross fading be-
tween scenes. They also use more complex segmentation algorithms such as graph-
cuts and eigen-based methods. The main limitation of such methods is that they
cannot segment and annotate in real-time, as the whole video has to be processed to
create a reliable segmentation. Our choice provides several advantages when imple-
mented for a robot. Storing and transmitting a video stream requires a large amount
of memory and a high bandwidth, usually scarce on a robot. Each robot will operate
using the procedure presented in Algorithm 2.

In the proposed algorithm each robot is the “expert” of its area, however it will
have enough information from the other robots to know what else is in the surround-
ings. Figure 4 shows a summary of how cluster sharing happens between robots.
Robots 1 and 2 generate an average cluster (keyframe) image which is shared with
Robot 3. Robot 3 will generate its own keyframe which in turn will be shared with
the other robots. One can note that the outcome fidelity is reduced. This is to be
expected as observed in humans. When person A and person B say something to
person C, it is highly unlikely that person C will relay accurate information to per-
son D. This would mean that in the case of a general scene identification query
sent to all the robots, the one with the original data (the expert) is more likely to
respond with the best match. Robot learning is similar to that of a child. Initially its
knowledge will be “blurred”. As time passes, its clusters will be better defined and
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Fig. 3 Visually Impaired Robot - This robot only memorizes what other robots share

therefore the will start sharing “better” information. Same applies to when it has to
share its knowledge. A child will have unclear or “blurred” concepts which will be-
come more clear by time. The main advantage it that of initializing seeds within the
peer robots with information about scenes which were not previously seen by that
robot. This seed would allow robots to learn a new environment faster, if it happens
to be the similar to one already visited and shared by other robots.
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Algorithm 2 Robot Learning and Sharing Procedure
while (Stopping Criterion = false) do

- Capture image from the environment
if (broadcast image from other robots = true) then

- Accept broadcast image
end if
- Scale and convert captured images to greyscale
- Feed images into memory learning algorithm {learning algorithm starts generating its own
clusters}
if (specified or random time elapsed = true) then

- select a cluster at random and broadcast its average image (keyframe)
end if

end while

Fig. 4 Cluster Sharing

4 Experimental Analysis and Results

In our study, we have mainly analyzed how individual learning evolves with the
change in number of robots and image injection rate from other robots. The im-
plementation was developed in ROS (Robot Operating System). ROS is a robot-
specific middle-layer solution for distributed computation and message passing. It
allows easy integration of sensor drivers and data processing components including
both off-the-shelf and in-house components. The distributed nature of ROS allows
each independent component to function with some degree of independence and fa-
cilitates extensibility [18]. The main reasons for using ROS are that we can have
multiple robot instances running as separate nodes / threads, it can be implemented
on real robots, the input to the robot learning algorithm can come from any visual
capturing device available on the robot / ROS network and robots can join or leave
at any point. This also caters for the likely case that robots die along the way. For
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our experiments only video inputs were required. The video streams were captured
using a digital camera and fed into the ROS environment as a camera node to which
each robot subscribed using its memory node. A range between two and five robots
were used, each having a different input video sequence all of same length (2500
frames). Robot 1 and 2 surveyed two different corridors, Robot 3 was moving along
an outside passageway between two buildings. Robot 4 was moving outside along a
pavement in a car park and Robot 5 was in a road leading to the car park. The GNG
parameters and the maximum number of nodes was kept fixed, the reason being that
we want to analyze the effect of varying the number of robots and the frequency
of sharing. The maximum number of nodes in the GNG was set to 50 and a new
node was inserted every 5 iterations. The best matching unit coefficient was set to
0.95 and that of its neighbors to 0.001. The maximum edge age was set to 2 and for
every iteration the error of each node is decreased by a factor of 0.005. For each set
of robots (2, 3, 4, 5) a different sharing frequency was used (one image shared by
each robot every 5, 15, 25, 35, 45, 55 iterations). This led to a total of 84 different
graphs. 12 for 2 robots, 18 for 3 robots, 24 for 4 robots and 30 for 5 robots. Each
graph was checked for which nodes in the visual memory were not from the robot’s
input but rather from the common pool by manually comparing it to the ground truth
data. The percentage sharing between robots was then calculated using

100
n

n

∑
i=1

x(i)
z(i)

where x(i) is the number of nodes within the visual memory of robot i not origi-
nating from the onboard camera and z(i) is the total number of nodes within that
network. The outcome was plotted in Figure 5 showing the percentage of memory
originating from the other robots (y-axis) versus Frame sharing frequency (x-axis).

The higher the sharing frequency between the robots the higher is the percentage
of shared memory between the robots. A monotonic curve with negative gradient
could therefore be assumed. Given a number of robots and a desired percentage of
shared memory to be stored, the frame sharing frequency should be set accordingly.
In order to find the best fitting curve a 3 robot case scenario was used. The sharing
frequency was varied from 2 up to 40 in steps of 2. Various curves where fitted
and their R-squared value noted. Out of all the curves fitted, the best match was
that using a polynomial of order 3, followed by a log, then power, exponential and
finally the least accurate being the straight line approximation. When varying the
number of robots, the best overall performance was given by the log curve with an
R-squared value of over 0.8 for the 2 and 5 robot case and a 0.6 for the 3 robot case.
The 4 robot case performed at 0.2, still higher than the straight line approximation.
Due to the initialization process of the GNG and the random nature of cluster image
selection to feed other robots, the content of each visual memory will be different
(i.e. not repeatable). This means that Figure 5 cannot be reproduced exactly for
every run, however the general negative trend still holds. If the frequency of sharing
is low robots will tend to learn only their environment with low influence from the
neighboring robots. If on the other hand the frequency of sharing is too high then
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Fig. 5 Percentage memory sharing (y-axis) vs Frame sharing frequency (x-axis) for various team
sizes.

it might be that some robots could be overwhelmed with information coming from
other robots and end up learning what others are memorizing rather than building a
memory of their environment. As the results tend to indicate, this situations becomes
more acute as the number of robots increases.

5 Conclusion

In this paper we provided a method where a team of robots efficiently creates a
distributed visual memory. This is implemented by learning and memorizing the
robots’ environment in real time from sequential input video streams into a flexible
graphical representation using a Growing Neural Gas (GNG) network. We tested the
system on various raw video streams coming from the robots. Experimental results
show that the proposed method suits its intended application and a very concise yet
meaningful representation of input data is obtained. We saw that as the sharing fre-
quency between the robots increases, the higher is the percentage of shared memory
between the robots, however a good balance between the number of robots available
and how much information they share is required so as not to overwhelm robots with
external information. In our system we feed in the scaled down raw images. If the
movement of the robot is not smooth, sequence frames capturing the same scene
will generate a different Euclidean distance. This was noted during the experiments
and this tends to generate multiple clusters of the same scene. We intend to look into
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this next and possibly use features which are position invariant and video stabiliza-
tion techniques such as those suggested in [25]. In this paper we only considered a
randomly selected image to be shared. We will study methods where robots could
decide which image to share and with which robots to share it with.
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