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Abstract. In many countries, people are obliged to remain in their jobs
for a long time. This results in an increased number of elderly people with
certain disabilities in working life. Therefore, a support with technical
assistance systems can avoid further health risks and help employees in
their everyday life. An important step for offering a suitable assistance
is the automatic recognition of working situations. In this paper we ex-
plore the unobtrusive data acquisition and classification of working situ-
ations above a tabletop surface. Therefore, a grid of capacitive sensors is
deployed directly underneath the tabletop.
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1 Introduction

The demographic change in many industrialized countries and consequential
restructuring of social security systems leads to an increased number of elderly
and disabled people in working life. Considering modern societies, computer
work and activities that require a seated posture are one of the major risks for
an employees health, often resulting in a lack of exercise and stress to the spine.

These risks can be partially avoided by an ergonomic workplace that offers a
personalized technical assistance in suitable situations. For example, additional
lights can be switched on when the employee starts an activity that is related to
reading documents. Moreover, the height of the table or parameters of the chair
can be automatically adjusted to working situations. An ergonomic workplace
utilizing assistive technology can not only help people avoid developing health
issues, but can also aid people with pre-exisiting issues have a less distracting
and more productive work experience. On the following pages, we present a
method for recognition of working situations, forming the basis for realizing a
comprehensive and helpful technical assistance. We apply an array of unobtru-
sive capacitive sensors placed under a desk’s wooden surface to enable activity
recognition. One of the benefits of the use of capacitive sensor arrays as we de-
scribe it here is the cost-effectiveness of the solution. Low power consumption
as well as low hardware costs make this a promising solution for the hardware
basis of assistive services in the office environment.
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Based on this work, we intend to develop assistive services in the workplace to
make it more ergonomic, efficient and supportive in the most relevant everyday
desk work tasks. In summary, we present the following contributions:

1. We introduce a novel concept of a smart desk for recognizing working
situations that is equipped with an array of capacitive proximity sensors.

2. An approach for extracting features from a grid of capacitive proximity sensors
is presented. Based on this data, we introduce a concept for classifying working
situations.

3. We evaluate the recognition process with different test persons that carry
out a number of common office activities.

2 Related Work

Capacitive Sensing is a commonly used technology for realizing multi-touch
interfaces[4]. The technology can also be employed to realize proximity sens-
ing applications that measure the distance to objects, typically up to a distance
of 50 cm [9]. Compared to camera-based solutions, capacitive proximity sensors
offer the great advantage of being robust against changing lighting conditions
and visual occlusion. Moreover, they can be deployed unobtrusively under any
non-conductive material, such as wood, glass or plastic. Due to its low energy
consumption, the sensing technique can also be employed in battery-driven or
energy-harvesting applications. Given the unobtrusive nature of capacitive prox-
imity sensors, researchers have applied the measurement technique to activity
recognition in smart furniture or in wearable devices [6,11,3].

Detecting work activity has found widespread use in call centers and other
fully computerized work environments to monitor productivity. However, in
classical office work settings, the use of paper is still commonplace [7], mak-
ing computer-only work tracking systems insufficient for widespread workplace
usage.

In the area of table-top activity recognition, one can find a variety of existing
approaches for detecting different activities on a desktop as well as turning the
desktop itself into an interaction device. Tabletop activity recognition systems
are usually built for specialized use. In recent works one can find cooking- and
food-related systems like a diet-aware dining table[2], which recognizes different
dishes (using RFID tags) and their weight (using a pressure-sensing surface)
anm. Similarly specialized is the eLab bench, which offers support to biologists
in their daily lab work [1]. Regarding office work, research has been conducted on
the use of multitouch surface tabletop systems [10]. The research most related
to what is described in this paper in terms of underlying technology are the
work on the DiamondTouch system [4] as well as the Smart Skin large-scale
surface[8]. These solutions focus on a usage similar to the multitouch surface
tabletop systems.
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3 Concept

The system used in this work is deployed under the surface of an ordinary desk,
as illustrated in Figure 1. The grid is composed of three conductors placed hor-
izontally and five conductors placed vertically. Using this setup, we can detect
objects like hands and body parts located 10 cm above the desk, with a sen-
sor update rate of approximately 50Hz. This setup is the basis for subsequent
feature extraction and classification. In this work, we employed loading-mode
sensing, which measures the capacitance between an electrode and its surround-
ing environment [9]. However, there are other sensing methods, that can be used
to perform those measurements, such as shunt-mode and transmit-mode sensing
[9]. We chose loading-mode sensing due to its simplicity, as it is only based on a
single electrode and very easy to implement.

Fig. 1. The smart desk is equipped with a 3 by 5 grid of capacitive proximity sensors.
The sensors measure the proximity to a user’s body parts, for example the knees placed
below the table, or the hands placed upon the table.

In this work, we used the OpenCapSense evaluation toolkit, which is suitable
for rapidly prototyping capacitive proximity sensing applications [5]. Therefore,
we placed eight loading-mode sensors under the tabletop surface and connected
them to the wires under the desk’s surface. The loading mode sensors were then
attached to the OpenCapSense board by using standard USB cables. We used
OpenCapSense’s measurement and evaluation application Sensekit to record
activities for later evaluation with the WEKA machine learning framework1.

As a first processing step for recognizing working situations, we extracted
time-windows of five second length from the eight proximity sensors. We then
calculated the mean and standard deviation for each sensor window. Moreover,
we extracted the center of mean and the center of standard deviation from
all sensors. This can be achieved by weighting the sensors’ x- or y-positions

1 http://www.cs.waikato.ac.nz/ml/weka/

http://www.cs.waikato.ac.nz/ml/weka/
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with the corresponding mean or standard deviation. These features acted as
an input vector for later classification of the performed activity. The sensors
were configured with a high update rate of 50Hz enabling us to capture fast
movements. Using the features extracted from the time-window, we applied RBF
Networks for classification.

4 Experiment

4.1 Setup and Scenario

In our experiment, we were able to show that our approach is a promising concept
for classifying working situations among different users. We also investigated
if the classification approach can be generalized for all users, enabling cross-
user classification without separately annotating training data for each person.
However, we expected that the working situations are often carried out very
differently, highly depending on the specific person and habits. Figure 2 shows
an exemplary measurement result from a working situation. We can see that
the sensor values reflect the placement of the user’s hands and the proximity to
his knees.

Fig. 2. Exemplary visualization of sen-
sor values, depending on an activity.
High sensor values are marked in red,
low sensor values are marked in green.

Fig. 3. The office chair’s positions were
split into five discrete classes: (a) outer
right, (b) middle right, (c) middle left,
(d) outer left and no person

We identified the following classes that are typical for the presented office
scenario: typing on a computer (employing only the keyboard), mousework (em-
ploying only the mouse), reading a book, phoning, pause, hand-writing and no
person. Figure 4 shows two exemplary activities, that were carried out in our
evaluation. In addition to these common working activities, we aimed to recog-
nize the office chair’s position, illustrated in Figure 3. This position was classified
separately employing five classes: outer right, middle right, middle left, outer left
and no person. Even though the person might not always place the hands close to
the table, it is possible to detect the proximity of the knees to make inferrations
about the office chair’s position.



Unobtrusive Recognition of Working Situations 119

Fig. 4. Two exemplary activities, carried out above the smart desk: phoning and writ-
ing. The position of both hands is very different and can be exploited to distinguish
between the two activities.

Our test set consists of the activities of 12 persons who carried out each
activity for approximately two minutes. The activities were always interrupted
by non-related activities, such as moving away from the table or walking. In order
to evaluate scenarios like reading or typing, we placed several office-related items
like keyboards, mice and books on the table. These items have a very low impact
on the sensor values, as they are not grounded and only slightly influence the
measurements with their permittivity.

4.2 Evaluation Results

The main goal of the evaluation was to identify working situations on the given
data basis. Furthermore, we aimed to find out if a single training set can be
shared among all participants and if the working situations of unknown par-
ticpants can be reliably classified. In order to evaluate the possiblity of having
a shared data set, we performed a 4-fold cross validation on the recorded and
annotated data of all participants.

With the RBF network classifier, we achieved an overall accuracy of 93.2% for
the four different desk chair positions. Splitting the test set into six participants
for training and six participants for testing, we achieved an overall accuracy of
70.5%. The reason for this lack of precision can be assumed to lie in the great
variety of sitting postures and the different ways of placing one’s arms on a desk’s
surface. Regarding the confusion matrix, it is obvious that office chair positions
are often misclassified in their neighboring ones, such that misclassifications will
not have a very negative effect on later applications using this data.

Considering the seven different working situations, we achieved an overall
accuracy of 81.8% for a 4-fold cross-validation. As the hand positions are very
similar for reading and writing activities, these classes were often confused. With
an accuracy of 93.7%, the class mousework showed the best performance for the
given test set. The pause activity was classified with a very poor accuracy of
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Fig. 5. The two center-of-mean features in x- (horizontal) and y-direction (vertical).
The number above the bars represent the number of instances in the data set.

59.9%. Regarding this activity, there were many variations in the body posture
(for example leaning back) and the type of activity (e.g. eating chocalate).

When splitting the data set into a dedicated test and training set of six partic-
ipants each, the classifier could achieve an overall accuracy of 49.8%. Therefore,
we must conclude that office activities are highly individual and must be trained
in advance with each person. Moreover, the placement of the electrodes is not
optimal, as Figure 5 shows. The plot for the y-axis center-of-mean shows that
most activity was performed in the first half of the table, the area which is close
to the person. Thus, it would be reasonable to deploy more electrodes in this
area to achieve a higher resolution. The x-axis center-of-mean reveals that the
placement of tools, such as a phone, and the user’s characteristics, such as being
right-handed, leads to a very unbalanced usage of the two tabletop halfs.

5 Summary

On the last few pages we have presented an approach to recognize working situ-
ations using a grid of capacitive sensors that is unobtrusively placed below the
surface. Using self-capacitance measurements from various electrodes we were
able to gather information about the working situation using a minimal amount
of required hardware. We have created a prototype system based on the Open-
CapSense rapid prototyping toolkit [5] and performed an evaluation with 12
users. We tried to differentiate six different working situations associated to a
typical office employment (typing, mouse-work, reading, hand-writing, pausing
and talking on the phone). The results have shown that theses tasks are varying
strongly between the different persons and it is difficult to correlate training data
from one user to measurements of another. We can therefore conclude that a sin-
gle array of sensors is not sufficient to reliably detect working situations. However
they form a solid base for this approach and can be easily combined with other
systems. In the future we intend to create heterogenous sensing systems that
will enable a more reliable detection of working situations. For example, we are
planning to integrate further capacitive sensors into the office chair, which will
give us additional data particularly concerning the position of the back that is
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correlated to the current working situation. Additionally we plan to extend the
system with vibration or shock sensors, e.g. based on accelerometers or piezo
technology. They also can be applied unobtrusively and be hidden below the
office desk. We expect the vibration of the desk to correlate with typing and
handwriting tasks. It may even be possible to extract mouse click features. Ad-
ditionally, we need to gather more training data with a larger variety of users.
Finally we want to investigate a more generic approach that will allow us to
transfer our method to other working desks or additional working situations.

Acknowledgments. We would like to thank the evaluation participants from
Fraunhofer IGD.
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