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Abstract. Multimodal integration is a key component of allowing
robots to perceive the world. Multimodality comes with multiple chal-
lenges that have to be considered, such as how to integrate and fuse the
data. In this paper, we compare different possibilities of fusing visual,
tactile and proprioceptive data. The data is directly recorded on the
NICOL robot in an experimental setup in which the robot has to classify
containers and their content. Due to the different nature of the contain-
ers, the use of the modalities can wildly differ between the classes. We
demonstrate the superiority of multimodal solutions in this use case and
evaluate three fusion strategies that integrate the data at different time
steps. We find that the accuracy of the best fusion strategy is 15% higher
than the best strategy using only one singular sense.

Keywords: Multimodality · Robotics · Machine Learning

1 Introduction

We constantly receive information and stimuli from all of our senses. Even in
simple actions that we perform every day, such as drinking water, we will taste
it, touch the bottle or glass holding the water, feel our muscles that help us lift
it, and hear how we swallow it or how it moves around. We are processing all
of these modalities at once, integrating their features [23]. Robots, on the other
hand, are often much more limited in their perception, often only singular senses
are used for given tasks or a combination of just two or three senses. For these
tasks, a limited diversity of senses is often enough, however, if we want robots to
be able to freely interact with their environment, they need to be able to sense
more of their environment. To facilitate this, we use three sensory modalities of
our robot in this paper vision, tactile and proprioception and look at how to best
integrate them. We do this on a task where perception with a single modality
can be challenging.

In the theory of affordances [5], the perception of the world and specifically
the perception of objects is discussed. The focus lies on perceiving what the
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Fig. 1. The seven object classes, from left to right, we have: the empty bottle, the
filled bottle, the half filled bottle, the empty spam box, the filled spam box, the empty
tomato can and the filled tomato can.

world or objects can afford us. Depending on the observer, objects can have
affordances, such as a ball affording to lift or to grasp if the size of the ball
relative to the observer fits, if the ball is a bit bigger it might afford sitting on it
or leaning against it and so on. The idea is that when we perceive anything, we
mainly perceive what it affords us, as that is what we need to perceive in order
to interact with it. One group of objects that can be especially flexible when it
comes to their affordances are containers. The content of containers can differ
widely, changing what the container affords us. An empty container affords space
to store things safely, while a container filled with water could afford drinking,
washing or cooling. One of the challenges with creating robots that can learn
from the world, imitate others, and use that learned knowledge to interact with
the world, is that some objects are difficult to correctly perceive [3]. This is a
fundamental process on which further steps rely.

Robots tend to have multiple sensors and ways in which they can receive
information about the world, so we need to look at how we can use that multi-
modal data and how to combine it. We want to explore which senses are useful
and how to best integrate them to get a more complete concept of the world. In
this paper, we use a multimodal system to allow a robot to detect the contents
of containers, thereby gaining a deeper understanding of the affordances of con-
tainers for the robot. This understanding allows the robot to interact with the
world and learn from it, the robot can be helped by having a model of the world.
Part of such a model should be the effects of actions. If a robot can understand
the effect of actions, it can also predict what will happen after actions are per-
formed. This can allow the robot to interact with others as it can understand
the purpose or goal of actions. It can also allow it to learn from others [11,13].
As it can find actions that lead to the same effects as the actions it observes
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Fig. 2. An overview of the three methods of multimodal fusion we use.

from others. The ability to detect the content of containers can also improve
human-robot cooperation [20].

Using multiple strategies for multimodal object recognition has been tried
before [1,21], however, to our knowledge it has never been used for the detection
of content inside of containers, where the modalities encounter a higher number
of challenges. The containers we use vary more than in other research studies.
Where most studies only concern themselves with one type of container such as
a glass and different contents [6], we experimented with three containers that
differ in size, material and form.

The main contributions of this paper are summarised as follows:
By using a multimodal approach that utilises vision, touch and propriocep-

tion to detect the contents of containers, we improve the abilities of robots to
interact with their environment and other actors.

We collected multimodal data with a real-world humanoid robot of 3 objects
each with different fill levels for a total of 7 classes. Examples of the seven classes
can be seen in Fig. 1.

2 Related Work

2.1 Container Content Detection

Detecting the content of containers can be done in many ways, often depending
on the kind of container at hand. We can find some separation between them
by looking at which modalities are used. Using vision to detect the content of
containers is a common approach, where it is possible to look into or through
the container to see the content [4,14,17]. The vision can consist of just RGB
cameras or be improved further with specialised cameras such as depth cameras
or CCD cameras. The perceived images can be processed with many kinds of
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mechanisms such as neural networks, edge detectors or probabilistic models.
There are some containers where vision is not quite as useful to detect the
content. This applies for instance to cans, where we cannot see anything inside
them, or even fruits such as avocados, whose colouring tells us little about their
ripeness. A modality that can be used for these containers is the tactile sense [2].
Just like humans would touch an avocado to learn about its ripeness, machine
learning mechanisms can use the data gathered by tactile sensors to classify what
is inside of an object. Similarly, proprioception can be used to detect the weight
of a container and extrapolate from that to information about the content [15].

To use the advantages of more than a single modality, multimodal approaches
integrate senses to improve detection. While there is often an imbalance in the
performance between senses, the combination of them does improve the overall
results [7,8,16].

2.2 Multimodal Integration

Ofcourse,usingmultiplemodalitiesmeans thatwehave to integrate themandbring
them together. Fusion strategies are often separated into three groups. The three
groups are known by multiple terms [10,18,19], but tend to be quite similar. The
first group of fusion strategies fuses the data gained from the sensors directly before
anysortofmappinghappensfromthedatatoadesiredresult.Thisfusioncanbedone
in many ways depending on the data and often challenges are encountered, such as
different sizes of the data or other ways in which the data is hard to match between
senses [10].Another group of fusion strategies only fuses the information at the very
end of the process. Here, the senses are handled individually until they finish map-
ping fromthe informationtotheresult, andtheresults fromthesensesare then fused
to formaconsensus.Someexemplarymethodsaremajorityvoting,weightedmajor-
ity voting, behaviour knowledge space, andNaive-Bayes classification [12].The last
group is somewhat inbetween, here thedata is first processed individuallybut fused
before coming to clear results.The laterwe integrate the information, the easier this
integration tends tobe,with lesser training requirements ordata requirements.The
downside of later fusions is that it is easier to miss cross-modal interaction, as some
information about how the modalities interact with each other can be lost [22].

3 Multimodal Data Set for Container Content
Classification

We propose a multimodal data set including three modalities, vision, propri-
oception and tactile perception. We recorded this data set with the NICOL
(Neuro-Inspired COLlaborator) [9]. We started recording data from the cameras
hosted in the head of NICOL, the effort of its joints and the data from the tactile
sensors of the fingers. We put the container onto the table in front of NICOL,
where the robot moves its arm to grasp the container. Then the robot lifts the
container briefly, moving it around before putting it back in place. We filtered
out the data where the robot was not holding the container for the tactile and
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Fig. 3. Exemplary images recorded with the fish eye lens camera from the NICOL
robot.

proprioception data later on. The modalities are recorded at different frequen-
cies depending on the robot’s capabilities. We used three kinds of containers, a
water bottle, and, from the YCB Object and Model set, the spam box as well
as the tomato can. For the water bottle, we had three possible fill levels, empty,
halfway filled and filled. The other objects could either be filled or empty. The
bottle and the tomato can be grasped using a side grasp, while we used a top
grasp for the spam box. In total, we recorded around 77000 samples from the
joints, 95000 samples from the tactile sensors and around 57000 images.

For the vision, the robot recorded images at a resolution of 1920× 1080 with
a fish eye camera lens. We record 30 images per second. Which is quite high
regarding the movement in the images. This means that the difference between
two sequential images can be insignificant, so we only used every tenth image.
The containers only take up a small part of the image. Some exemplary images
are shown in Fig. 3. We annotated the data by hand, drawing bounding boxes
around the containers and labelling them.

The tactile data was recorded from the tactile sensors that NICOL has in its
five fingers. We used the values representing the directional forces relative to the
fingertips, so the force that is measured along the x, the y and the z-axis. The
tactile data is recorded at 50 samples per second. The tactile data does depend
on the grip that the robot has on the container. Throughout the lifting attempts,
the way each finger is positioned can change and impact the values we receive
from the tactile sensors.

The proprioceptive data was gathered from the joints of NICOL. For each
joint, we receive three values describing the position of the joint, the velocity
of the joint and the effort of the joint. Similar to the tactile data, the propri-
oception data is impacted by the way in which the robot grasps the container.
The proprioception data is recorded at a frequency of 40 samples per second.
By proprioception data, we refer to the data we get from the joint motors of the
robot, in our case, we have 23 joints.
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Throughout the data collection, we used two ways of grasping the object,
for the spam box we used a top grasp while we used a side grasp for the other
objects.

4 Approach

We have used three ways of integrating our modalities, they are depicted in
Fig. 2. The first strategy is majority voting, where we have individual classifiers
for vision, proprioception and tactile data. We further have two voting mechanics
to combine the output of these classifiers. The first one is hard voting, where we
take the classification from each classifier as one value. So, this classification will
either be filled, unfilled or half filled. Each classifier is counted as one voter. The
option that was voted for by the majority of the classifiers is chosen. If there is
no clear majority and there are multiple classifications with the highest number
of votes, we declare the vote as undecided and count it as a false classification.
Secondly, we have soft majority voting. Instead of taking a clear classification
from each classifier, we use the whole output from each classifier. This means
that each classifier provides us with an array that has seven values, one value for
each possible classification. We add the arrays together, forming a new array also
with three values. To form a final classification, we simply look at the highest of
the three values and the class it correlates to.

Apart from the majority voting, we also used a neural network to fuse the
modalities. We used the output from our classifiers as the input for another
classifier, fusing the modalities and providing a classification. Finally, we fused
the data at the beginning and created a NN that uses the fused data to directly
classify the fill level. So, we have three strategies as to when the fusion happens
in relation to the mapping from the data to the class.

To allow any of this, we first have to synchronise the data. The modalities are
recorded in different frequencies, and we want the samples to match for each of
the modalities. To avoid having a sample multiple times, we took the vision data
as our lead, as it had the lowest frequency. We then synchronised the data from
all modalities so that the samples would match each other across the modalities.
Like this, we compose a data set that has data from all modalities. This is the
data set that we use in our experiments. This way, the individual classifiers are
also looking at the same time frame.

We preprocessed the visual data, inverted the colours, and cut down the
image so that the container is a larger part of the image and in the centre of the
image. We used the images with a resolution of 256× 256 for our CNN, which
worked as our visual classifier. The inversion of colour was done, so that parts
of the images that are important to the detection of the content become easier
to see [14]. For example, the border where water meats air in the bottles. We
cut down the image because the original images had a lot of background with
only a small part being the container we wanted to focus on. This meant, that
often the classifier had problems finding the container in the first place, not even
getting to the task of identifying the contents.
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In our mid fusion strategy, we create a classifier to fuse the output from the
classifiers for each of the modalities. This classifier is a dense NN which consists
of 4 layers with the activation function relu and an output layer with the sigmoid
function and three neurons which provide three output values corresponding to
the possible fill levels. We use Adam as our optimiser and the categorical cross-
entropy loss function. We trained this network for 10 epochs with a batch size
of 5. This strategy allows us to process more cross-modal information, as the
classifier providing the final output has access to some information about each
modality. It also means that it would still be possible to judge the quality of the
individual modalities and gain information from them. This could be useful for
evaluating the modalities or judging how trustworthy the results are.

In the sensor fusion strategy, the classifier we create needs to be able to
process both visual data as well as data from the tactile sensors or the joints. To
facilitate this, there are two input arms, one consisting of convolutional layers
while the other one uses dense layers. The convolutional arm has 4 convolutional
blocks of a convolutional layer and a max pooling layer, each before a dense layer.
The dense arm has four dense layers with 100 neurons each. Both arms then
lead into a dense layer with 100 neurons, followed by three more dense layers
before the output layer with three neurons and the sigmoid activation function
which produced our output. The model can be seen in Fig. 4. The output is the
same as with the other models and has one value correlating to each possible
fill level. This strategy allows us to use a lot of cross-modal information. The
model has direct sensory data from each of the modalities and can gain a deeper
understanding of how they relate to each other and the desired output. However,
the model also has to deal with more complex data, so its task is more difficult.
We also lose some understanding about the model itself, as it would be a lot
harder to tell afterwards how important which modality was to the result and
whether or not we need all modalities or how to improve the data collection.

To gain a deeper understanding of each of our modalities, we further
researched how classifiers, that only depend on one of the modalities, perform.
Starting with the vision, we used the classifier that is also used for the majority
voting. We have a CNN with eight convolutional blocks, each consisting of one
convolutional layer with a relu activation function and max pooling layer. After
the convolutional blocks, we have one dense layer with 64 neurons, which also
uses the relu activation function. Finally, we have our output layer which has
three neurons and uses the sigmoid activation function to produce our output
which consists of three values, each corresponding to one possible fill level of
the container. We used the Adam optimiser and the categorical cross-entropy
loss function. We trained the network for 10 epochs and used an 80:20 split for
the training and validation set. The training data is a subset of the data set
introduced in Sect. 3.

For the other modalities, we used a dense neural network consisting of four
dense layers with the relu activation function and one output layer with three
neurons, which has the sigmoid function as its activation function. The only
difference between the tactile classifier and the proprioception classifier is, that
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Fig. 4. This figure displays the architecture of the neural network, that is utilised in
our sensor fusion strategy. The sensory data, gathered from the robot’s vision, joints
and tactile sensors, is used as the input. The outputs are one-hot encoded labels corre-
sponding to the seven possible classes we have. The number below the layers denotes
their output shape

the tactile classifier has 15 input values which are the force directions along
the x, y and z axis for each of the five fingers while the proprioception model
has 69 input values which are the velocity, position and effort of each of the
23 joints. Both of these models use the Adam optimiser and the categorical
cross-entropy loss function. We did, however, find that the proprioceptive model
needs significantly more epochs to converge than the tactile model; therefore, the
tactile model is trained for 10 epochs while the proprioception model is trained
for 50 epochs.

5 Results and Discussion

Table 1 shows the results of our fusion strategies, as well as the results of using
only singular modalities. The results are averaged from ten training runs. The
data used changed in between runs but stayed the same in one run for each clas-
sification method. The only way of fusing our data that performs worse than any
of the individual modalities is the hard majority fusion. Here the negative impact
of the more inaccurate modalities can be seen. As the other fusion strategies use
more sophisticated approaches to fuse the data, they can find more nuances and
be less impacted by the less accurate modalities. With most fusion strategies
performing better than even the best modality, we show the benefits of multi-
modality. The best-performing fusion strategy is the mid Fusion, in which we
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created a NN, which takes the output of the individual classifiers as its input
and produces seven values as its output which correlate to the seven possible
classes. While this method keeps less cross-modal information than the sensor
fusion strategy which directly takes the data from all sensors as its input, the
data that needs to be processed is also less complex. This advantage turns out
to be more important than the additional information. The soft majority voting
and the sensor fusion strategy perform similarly, and both still outperform the
best modality by more than 0.07 accuracy.

Table 1. Comparison of the classifiers on the synchronised data from ten training runs.

Classification Method Validation Accuracy Validation Standard Deviation

Tactile 74.9% 2.2%

Proprioception 43.3% 1.4%

Vision 60.9% 8.2%

Hard Majority Voting 65.4% 5.8%

Soft Majority Voting 83.5% 4.9%

Mid Fusion 90.6% 3.7%

Sensor Fusion 82.8% 6.8%

Out of the individual modalities, the classifier using the tactile data performs
the best, followed by the classifier using the visual data and finally the classifier
using the proprioception data. The tactile sensors can tell us a lot about the
weight of the object, and the different forms of the object also make it so that
they are grasped differently. Combining this information with the tactile data
allows the classifier to be able to accurately differentiate between the classes. For
the visual data, there are more obstacles to overcome, for some of the recorded
samples it is almost impossible to tell whether a given container is filled or
not with the hand of the robot occluding the content of the container. Another
hindrance is the transparent nature of the bottles and the water they are filled
with, which can also make it hard to detect the fill level. These factors lead
to the visual data, leading to a less accurate classifier. The classifier using the
proprioception data had the lowest accuracy. While it was able to have a far
better idea about the container than could be gained from simply guessing, the
data from the motors is quite noisy, especially with the grasping and lifting
process differing with each attempt.

While each of the modalities has its challenges, we have already seen that
the combination of them improves the results, to gain a deeper understanding
of the benefit that the combination of modalities provides, we compare how
each classification method performs for each class in Table 5. The results in the
table are averaged over ten runs. The first thing that comes to note is that
all of the best results for the classes come either from the mid fusion strategy,
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the sensor fusion strategy or, in one case, the Classifier using only tactile data.
While the mid fusion strategy is not surprising here as we had already seen
in Table 1 that it produced the best results overall, it is unexpected that for
two of the seven classes, the sensor fusion strategy is the most accurate. The
soft majority voting had a better overall accuracy, but also ends up being less
volatile, having higher lows and lower highs than the sensor fusion strategy.
With the main difference between the fusion strategies being the amount of
cross-modal information available, it appears that for the classes “Bottle Half
Filled” and “Can Full”, this information is more important than for other classes.
The other possible explanation is that the sensor fusion strategy does not make
use of the classifiers for the individual modalities. So, it could be possible that
the mid fusion and the soft majority voting perform worse for these three classes
than the sensor fusion because the individual classifiers are less sure about these
classes, so they could have high values for the class as well as a secondary class.
With the class “Bottle Half Filled”, we can easily imagine that the classifiers see
a larger similarity to the classes “Bottle Filled” and “Bottle Empty” than they
see between these two classes directly. Similarly, the classes “Can Empty” and
“Can Full” could be quite close to each other as they do look quite similar, and
the container is less prone to be deformed during the grasp regardless of its fill
level.

We can also see some peculiarities with individual modalities, The visual
classifier seems to be particularly challenged by the classes “Bottle Empty” and

Fig. 5. Comparison of the average results of the Classifiers per class over ten runs in
percent.

Fig. 6. Confusion Matrix for the vision classifier from a single run.
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“Bottle Half Filled”. If we look further at the individual runs, we can see that
there is always one bottle label that performs very well, most of the time that is
the “Bottle Filled” but on some runs, it is one of the others, the problem seems
to be to differentiate between the fill levels of bottles and not in detecting the
bottle. We can also see this in the confusion matrix shown in Fig. 6, where the
classifier has a strong bias towards the “Bottle Filled” class whenever any of
the bottle classes should be predicted. The tactile data finds the class “Spam
Empty” to be the hardest to detect. Of course, the tactile data also provides
the best result for the class “Can Empty”. That the visual classifier has such
difficulties with two of the bottle classes could be explained by the challenge of
transparency, why the tactile sensors performed worse on the “Spam Empty”
class would need to be researched further.

6 Conclusion

In this paper, we present multiple ways of classifying containers and their con-
tent, integrating up to three modalities. Our experiments compare different
fusion strategies and showcase their strengths and weaknesses on data collected
by a new robot. We evaluate the results and find that the best-performing fusion
strategy utilises an NN to combine the results of individual classifiers for each of
the modalities. We find an NN that can accurately classify multiple containers
and their content, which improves the ability of the robot to perceive the world
and learn about the objects in said world, which is necessary to discern self from
others. The large variance in shape appearance and material of the containers
in our data sets lets us find strengths and weaknesses of the sensory modalities,
as well as how we can overcome them by fusing the modalities. Future work can
include expanding the data set with more containers.
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