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Abstract. Technical systems, like assembly lines or wind turbines, are
usually set up at locations far away from their manufacturer. Because
well-trained technicians for maintenance may not always be available at
these distributed locations, we propose a solution that allows local technicians without detailed knowledge of the system to do the maintenance
on their own, by the help of an assistance system (AS). The core component of the AS we focus on is the so-called task inference system (TIS)
that recognizes the current task that the technician is doing within the
maintenance procedure. The possible processing sequences during task
processing are modeled as hierarchical task trees using the DCoS modeling language, which is based on ConcurTaskTrees [19].
Based on the recognition of the current task and processing step, the
AS can provide information, indicate errors and provide help. TIS infers
tasks in real time by using different kinds of sensors (eye-tracker, hand
and gesture sensors, RFID for tool recognition, etc.) that observe the
technician while performing the task. In this paper, we will show how
we extended our task models, such that the task inference models based,
which are based on the Dempster-Shafer theory [7], can be derived from
these task models.
Keywords: Maintenance Task · Task Modeling · Task Recognition ·
Dempster-Shafer
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Introduction

Maintenance is a success factor for all kind of companies. According to studies
direct and indirect cost of maintenance amount to 40% [18], but done right it has
the potential to avoid follow-up costs five times higher that would arise through
machine fault [1]. Just by improper maintenance, additional costs of 14 billion
Euro occur annually in Germany [18].
?
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In a typical factory building a lot of technical installations like assembly lines,
punching machines, printers, etc. have to be maintained both scheduled and
unscheduled. A share of them are bought and often there is no local technician
available that has the required knowledge of the installation to be able to perform
proper maintenance. As a result, companies spend an average of 35% of their
maintenance costs on third-party personnel [3].
But relying on third-party personnel is prone to be critical: It is often not
available in a certain amount of time. And if the maintenance task is a repair
this would inevitably cause high costs by a protracted loss of production. In
such a situation companies have the choice to either wait for the third-party
personnel to be available or try to get the repair done by a local technician that
is not familiar with the installation. The latter has the potential to aggravate
the situation even more and can be dangerous for man and machine caused
by the insufficient knowledge of the installation, as well as potentially breaking
warranty.
But not only maintenance of technical installations inside factory buildings
can be an issue. Technical installations that are scattered over vast areas, like
wind turbines, transmission towers or fuse boxes in households, have to be maintained, too. Usually a single technician or a small team is sent to them to do
the maintenance. In most cases the technicians should be experienced enough
to properly maintain such installations. However, the technical complexity in
such installations is constantly increasing and that carries the risk that technicians are less familiar with certain rare maintenance routines of the installation.
Again, this situation would cause high costs through a loss of production if the
maintenance is a repair that cannot be performed by the technicians on site
because of missing knowledge. In such a situation the only options are to either
read documentary or to call for help from other technicians – both cost time.
In this paper, we show a solution that enables companies to reduce costs
through losses of production by allowing local technicians to perform maintenance procedures for technical installations of the same quality as well trained
third-party personnel. In addition, our solution might also be suitable for the
training of technicians.
Roughly speaking our solution is to create an assistance system (AS) that
supports technicians with performing maintenance procedures. In our work we
primarily focus on the core component of the AS – the task inference system
(TIS). The TIS keeps track of that what the technician is doing. To realize such
a component we combine two different approaches from two different research
areas into one integrated approach.
On the one hand, we make use of hierarchical task models. Hierarchical task
models are used to analyze and describe complex tasks by decomposing them into
smaller and smaller units down to a certain level of detail [8]. There are several
formal languages for hierarchical task models. We chose to use the DCoS-XML
description language [19] because it allows us to model temporal constraints
with a high level of detail. On the other hand, we build upon task recognition
models from Honecker & Schulte [13,12,22,15]. They used the Dempster-Schafer
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theory (DST) to develop task recognition models for highly parallel tasks with
little temporal dependencies. We extend this approach by integrating it with
hierarchical task models to improve task recognition for tasks with high temporal
constraints, which is typical for maintenance tasks.
Based on the TIS the AS is able to give situation-aware information to the
technician like highlighting important parts on an Augmented Reality device.
The AS can also warn the technician about skipped tasks. The most important
part is that the AS provides help if the technician does not know further. The
help could be as insight into useful documents or connecting with an expert. The
advantage here is that the technician does not need to explain what he is doing
– the AS would find suitable documents and would connect to an appropriate
expert based on the Information the TIS provides.
In addition to the real use at work, it is also conceivable to use such an AS
for the training and education of technicians. This has a great learning effect
through learning-by-doing as the system offers information, alerts and help to
the trainee. Incidentally, instructors would be able to teach larger groups of
trainees efficiently.
The structure of the paper is as follows: In section 2 we provide a brief
overview of related work on hierarchical task models and task recognition. Our
concept of combining the two approaches is presented in section 3. In section 4 we
demonstrate our combined approach with a use case example. Section 5 includes
a discussion of the achieved results.

2

Related Work

There are several approaches to formally describe tasks and procedures. An easy
to use approach is Hierarchical Task Analysis (HTA) [23]. It is easy because no
special tooling is required - HTA can be done by pen and paper. It allows to
decompose tasks into subtasks revealing their order and hierarchical structure.
Another, early widespread approach is the GOMS (Goals, Operators, Methods, Selection) description language [4]. It allows to define user models for specific
tasks and has often been used to calculate execution times for tasks.
ConCurTaskTrees (CTTs) [20] are a more recent approach. CTTs are a more
general model and focus not only on a single user, but are able to describe
interactions between multiple users and multiple system agents. In contrast to
HTA, temporal relationships can be described in more detail with CTTs, for
example, sequential, parallel, or concurrent processing of work steps. CTTs are
quite expressive and have been adopted by several modeling tools and languages
like CTTE (ConcurTaskTrees Environment), HAMSTERS [11] or the DCoSXML (dynamic, distributed, cooperative systems) [19].
Task recognition in the literature often appears under the term “activity
recognition” [5,16,17,24]. However, these are more related to living environments
than to maintenance tasks in the technical domain. Here different kinds of Dynamic Bayesian Networks (DBN) are used intensively.
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Donath studied task recognition for military helicopter missions [9,10]. In her
scenario a helicopter crew is on a mission and has the ability to controls several unmanned aerial vehicle (UAV). The mission is decomposed with the HTA
method [23] into single tasks like “control speed”, “check flight height” or “make
radio message”. To recognize the single tasks Hidden Markov Models (HMM) [21]
are used. Here the tasks represent hidden states and are connected to suitable
observations. The observations are semantically enriched sensor information like
“pilot looks on display X”, “pilot uses microphone” or “pilot increases air speed”.
The models work quite well if tasks are done in a normative manner but tend
to fail when tasks are done in a non-normative way [9].
Honecker and Schulte [12,13,14,15,22] successfully tried to circumvent this
deficit by creating a simplified Dempster–Shafer theory for task recognition applicable in the same scenario. Each task in the decomposed mission is implemented as a single binary Dempster-Shafer model. Here a task is assigned two
contrary hypotheses. The first hypothesis states that the task is currently done,
whereas the second hypothesis states that the task is currently not done. A hypothesis is assigned evidences that support it. When inferring, a task has three
values as output: The belief and the doubt that the task is currently done and
the ignorance about whether the task is done or not.
Using DST for task recognition has a major advance to other probabilistic
methods specially Bayesian Networks [6]: The number of model parameters is
rather low and thus models can easily be proposed by experts in addition of
applying machine learning and they are human readable. Additionally, the uncertainty that is a core element of DST can be very useful for an AS: A better
appropriate strategy for an AS is to inform the human that it is not knowing
what the human is doing instead of doing wrong things that come from wrong
assumptions. This is going to frustrate humans and might further lead to dangerous situations.
But the work of Honecker also has one major drawback for task recognition in
the technical domain: Tasks in helicopter missions tend to be strongly parallel.
A pilot can check air speed before making radio messages or vice versa. The
pilot can even do these both things at the same time. The order of the tasks
does not play a role because aviation basically consists of monitoring tasks. But
in the technical domain the tasks tend to be much more sequential. Imagine
the scenario where a technician wants to exchange a broken fuse in a fuse box.
When we want to recognize the task “insert new fuse” we should have recognized
some tasks before that are preconditions: The technician first has to do the task
“open fuse box” and “remove broken fuse” before he is even physically able to
insert the new fuse. Honecker’s approach does not consider these dependencies
between tasks.
In the next section we will show how to apply Honecker’s approach to strongly
sequential tasks by combining CTT with DST.
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Combining Methods

As mentioned before, Honecker developed a simplified DST. The simplification
is that each task is represented in a separate DST model rather that all task are
represented in a single DST model. Although the tasks are depicted in separate
models, we will refer to the set of all tasks and their relationships as a composite
model.
A composite model M = (T, Λ, E) in Honecker’s simplified DST consists of a
set of n tasks T = {τ1 , τ2 , . . . , τn }, a set of m events Λ = {λ1 , λ2 , . . . , λm } and a
set of evidences E ⊆ T × Λ. The set of tasks T is the result of the decomposition
of an overall task into single elementary tasks. The set of events Λ is defined
on all possible data of sensors and data sources like eye trackers, microphones,
speedometers, or acceleration sensors. An event may be something like “pilot
looks on X”, “pilot makes radio call”, “aircraft’s speed is low” or “aircraft’s height
is over 1000 m”. Whether an event is currently active or not active is given by
a : Λ → {0, 1}. A task τ ∈ T may be connected with an event λ ∈ Λ through
an evidence eτ,λ = (τ, λ) ∈ E. An evidence eτ,λ either supports or doubts the
hypothesis that task τ is being done when event λ is being active. This is given
by s : E → {0, 1}. How strong the support or the doubt is depends, as in the
classical theory, on the mass of the evidence. The mass of an evidence e is given
by m : E → [0, 1]. The set of evidences assigned to a task τ is denoted as E τ ⊆ E.
The components that build up a composite model M are depicted in Figure 1.
Tasks T one the left side are connected to events Λ on the right side through
evidences E in the middle. Each evidence e supports or doubts a task with s(e)
by a mass of m(e).
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E
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Fig. 1. Components of a simplified DST model M on an example. A task τi ∈ T on
the left side and an event λj ∈ Λ on the right sight are connected through an evidence
eτi ,λj ∈ E. Each evidence e supports or doubts a task with s(e) by a mass of m(e).
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The execution time of inferring a model in the classical DST increases exponentially with the number of hypothesis as an evidence can be assigned a whole
set of hypothesis [2]. This is the reason why the classical DST has been rarely
used in applications. Honecker has simplified his research question to use DST
for task recognition. The question is no longer “Which of all possible task combinations the pilot is currently working on?” but “Is the pilot currently working
task X? Yes or no?” [13]. So in Honecker’s DST an evidence can only be assigned one out of two possible hypotheses. This is either the hypothesis that
states that the task is being done or the hypothesis that states that the task is
not being done. Honecker refers to his kind of simplified DST as a binary DST.
The simplification makes DST suitable for real time applications because less
computations are needed when inferring [13].
Inference is the process of iterating through the evidences {eτ,λ ∈ E τ |a(λ) =
1} of a task τ that have active events and combining the masses of these evidences
to a belief triplet ϑτ = (pτ , qτ , rτ ) : pτ + qτ + rτ = 1 by the application of
Dempster’s Rule of Combination [7]. The value pτ indicates the belief that the
task τ is currently done. The value qτ indicates the doubt that the task τ is
currently done. The ignorance rτ indicates uncertainty about whether the task
τ is done or not. Inference is performed in a fixed time interval for each task
τ ∈ T.
This is the basic concept of Honecker’s simplified DST. But as explained
in the previous section Honecker’s approach is not well suitable for sequential
maintenance tasks but rather for strongly parallelized tasks like helicopter missions. To circumvent this deficit we extend DCoS-XML models and use them in
conjunction with Honecker’s approach.
DCoS-XML enables us to hierarchically model tasks and to encode all possible sequences of a task. The hierarchical structure of a task is represented in
a tree. Each task can be divided into subtasks. A subtask itself is also a task
and in turn can have subtasks. The hierarchic structure can be seen in Figure 2.
Here task τ2 and task τ3 are subtasks of task τ2,3 . Task τ2,3 is itself a subtask of
task τ1,2,3,4,5 (together with τ1 , τ2 and τ4 ).
To encode sequences two sibling tasks τi and τj are connected with an edge
containing a temporal operator. A temporal operator defines in which order the
two tasks must or can be executed. There are several different temporal operators like enabling, parallel or optional described in [20]. Temporal operators are
illustrated in Figure 2. The tasks τ1 and τ2,3 are connected through an edge
with an enabling operator. It states that task τ2,3 cannot be started before task
τ1 has been finished. The edge from task τ2 to task τ3 contains an interleaving
operator. This means that the execution can switch between these tasks permanently. At last there is an independence operator between the tasks τ4 and τ5 .
This operator states that one of the two tasks has to be started and finished
before the other task can be started.
We use DCoS-XML to extend Honecker’s DST approach in order to improve
task recognition for tasks with more complex temporal constraints like maintenance tasks. It works well because the decomposed tasks in the DST model and
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τ1

>>

τ2,3

>>

τ2

|||

τ3

τ4

|=|

τ5

Fig. 2. Example DCoS-XML model depicting the hierarchical tree structure of a task
and the temporal constraints between tasks. There are three kinds of temporal operators in the figure: An enabling operators between the tasks τ1 and τ2,3 and the tasks
τ2,3 and τ , an interleaving operator between the tasks τ2 and τ3 , and an independence
operator between the tasks τ4 and τ5 .

the leaf tasks in the DCoS-XML model depict the same facts - both describe
elementary tasks that can not be further decomposed. So tasks can be mapped
from a DST model into a DCoS-XML model as leaf tasks. The mapping allows
them to be recognized in the DCoS-XML model using the DST inference algorithm. It is sufficient to only recognize leaf tasks in the DCoS-XML model.
By recognizing a leaf task, in turn, the parent task is recognized. In addition,
the activities associated with events are defined very demarcated in leave tasks
compared to parent tasks. The combined approach is roughly:
1. Propagate results inferred from DST model to a rule engine operating on
the hierarchal DCoS-XML model that ...
2. ... keeps track of tasks’ states by considering both sequential constraints and
results inferred from the DST model and ...
3. ... that in turn is able to modify DST model parameters during the term to
improve the inferred results from the DST model.
The combined approach is visualized in Figure 3. From each belief triplet ϑτ
we first generate a belief value that is βτ = pτ − qτ . We use these belief values
to define an order relation on the set of tasks T . We will describe how the rule
engine recognizes the currently performed task τt by evaluating the order of T
later in this section.
To decide which task is currently performed, the rule engine alters the states
of the tasks within the DCoS-XML model. A task accepts the following states:
waiting, active, blocked, ongoing, done. A state machine depicting the states of a
task τ and the state transitions are given in Figure 4. A task is blocked if it waits
for another task to be done. A task is waiting if it is not blocked by another
task. A task is active when it is currently executed. Parent tasks are ongoing
when a subtask is active. A task is done when its execution is finished or all of
its subtasks are done.
To set the tasks’ states the rule engine uses the belief values (βτ1 , βτ2 , . . . , βτn )
from DST inferring. The rule engine picks the highest belief value βτ amongst the
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Fig. 3. Visualization of the recognition of a task τ at a time t with our combined
approach: At first the DST Inference create belief triplets (ϑτ1 , ϑτ2 , . . . , ϑτn ). The belief
triplets are then transformed into belief values (βτ1 , βτ2 , . . . , βτn ). The Rule Engine
uses the highest value amongst the belief values and sets the appropriate task as the
current one τ (t) and thus modifies the states of the tasks in the DCoS-XML model. At
last the Rule Engine activates the doubting evidence for task τ (t)

belief values to set the appropriate task τ to active. After setting a task to active
the previous active task is set to done or ongoing. In this way the rule engine is
able to track the sequence of tasks (τ (0), . . . , τ (t − 1), τ (t)) that a technician is
producing while performing a maintenance task. Based on the knowledge of the
temporal constraints the rule engine is able to recognize whether a technician
has skipped a task and can produce a warning in that case. The warning could
be used by the overlying AS, e.g. ask the user if the skip was intended. This
can be illustrated by an example in Figure 2. The edge from task τ1 to task
τ2,3 contains an enabling operator. If the DST inference in the first run would
assign task τ2 (subtask of τ2,3 ) the highest belief value then the rule engine would
set task τ2 from blocked to ongoing. But task τ1 , that compellingly should be
completed before τ2 , is still blocked. Such situations can always occur for a variety
of reasons, such as sensor errors or carelessness on the part of the technician if
he forgets to do a task.
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Fig. 4. The modifications the Rule Engine makes to a task illustrated by a state machine
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At last there is the problem of recognizing tasks again that are already set to
done. This could happen because of sensor error and is seen as a false recognition.
But in some cases doing a task again after it has finished is intentional. Imagine
a technician that has finished task τ2 in Figure 2 and now is currently working
on task τ4 . He is suddenly realizing that he forgot to do some parts that belong
to task τ2 . So he has to stop working on task τ4 and do the forgotten parts of
task τ2 . In future work we want to recognize that task τ2 is active again. So we
cannot just blacklist all done tasks. Instead we want to reduce the probability of
recognizing a task again after it has been done. This mitigates the effects of sensor
errors but still preserves the ability to recognize a task again. We accomplish
this by defining special events for the set of events Λ in the DST model. For each
task τ an event λ will be defined in the DST model that will be activated by the
rule engine when the task is set to done. Each task τ is connected with its event
λ through a doubting evidence: ∀τ ∈ T : ∃!λ ∈ Λ ∧ ∃!e ∈ E : s(eτ,λ ) = f alse.

4

Demonstration

We want to demonstrate the strengths of our combined approach by comparing
it with Honecker’s pure DST. For the comparison, we have decided to choose an
installation of an electricity meter into a fuse box as a scenario for a maintenance
task. This scenario has a practical use, because in the near future many old
electricity meters in Germany have to be replaced by new smart meters due
to the regulations (Messstellenbetriebsgesetz). This scenario would also be well
suited for training purposes, as the capacity of trained technicians may not be
sufficient to carry out the required number of modifications. In this case new
trainees have to be hired, that could be prepared for this scenario with our
combined approach.
At a first step we turned the task “install electricity meter” into a DCoS-XML
model by
1. breaking tasks down into smaller and smaller tasks up to the elementary
tasks to create a hierarchical task structure
2. defining temporal constraints between tasks
The resulting DCoS-XML model is depicted in Figure 5. The outcome of the
decomposition into a hierarchical structure are seven parent tasks and fifteen elementary tasks {τ1 , τ2 , . . . , τ15 } encoded in the leaf nodes of the resulting DCoSXML model.
Figure 5 also shows the temporal constraints between tasks that we identified after the decomposition. We identified 3 types of temporal operators between
tasks. Enabling operators (denoted as >> ) occur twelve times and are predominant. What is left is one interleaving operator (denoted as ||| ) between the tasks
τ5 and τ6 and one independence operator (denoted as |=| ) between the tasks τ12
and τ13 .
Enabling operators indicate that the left task must be done before the right
task can become active. Some enabling operators express a physical precondition.
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τ1 >>

τ2

>>

>>

>>

τ3

τ4

>>

τ5

Task
τ1
τ2
τ3
τ4
τ5
τ6
τ7
τ8
τ9
τ10
τ11
τ12
τ13
τ14
τ15

Name
open fuse box
check main fuse state
deactivate main fuse
position meter cross
fix meter on cross
attach cables to meter
activate main fuse
check voltage
re-deactivate main fuse
attach cover
attach seals
take pictures of meter
scan 2D code
send report
close fuse box

>>

|||

τ6

τ7

τ8

>>

>>

τ9

>> τ10 >> τ11

>> τ14 >> τ15

τ12 |=| τ13

Description
In order to start the work, the door of the fuse box must be opened.
Before working on electricity parts, the main fuse state has to be checked.
To increase safety, the main fuse must be turned off.
The meter cross is the attachment for the electricity meter and has to be positioned.
The electricity meter is fixed on the meter cross.
Fuse box’s power cables are attached to the electricity meter.
Main fuse has to be turned on to test the installation.
The Cabling is tested with an two-poled voltage tester.
Main fuse must be off.
The electricity meter has a cover for shielding, which is attached.
To protect the counter from tampering, the cover of the electricity meter is sealed.
For documentation purposes, a photo of the built-in electricity meter is shot.
For documentation purposes, the barcode of the built-in electricity meter is scanned.
Image and barcode are sent to the head office in a report.
All tasks are finished and fuse box s closed

Fig. 5. Resulting DCoS-XML model of task “install electricity meter” and description
of elementary tasks encoded in the leaf nodes of the DCoS-XML model

For example, a technician must complete task τ1 (open fuse box) before he is even
physically able to start task τ2 (check main fuse), because the main fuse is inside
the fuse box and cannot be seen if the door is closed. Other enabling operators
express not necessarily physical conditions but rather reasonable orders. For
example, for his own safety a technician should complete task τ3 (deactivate
main fuse) before he starts working on task τ4 (position meter cross) where he
could come in contact with electricity parts.
The interleaving operator between the tasks τ5 (fix meter on cross) and τ6
(attach cables to meter) states that a technician can do both tasks in parallel.
Until the one of the two tasks are done he can even switch from the one task
to the other task and back in an unlimited way. The reason is that both tasks
produce interim results. Fixating the electricity meter onto the meter cross has
three interim results: each is a screw, which connects the electricity meter with
the meter cross, screwed on. Attaching cables to the electricity meter has six
interim results - each is a cable attached to the electricity meter. As a technician
is physically able to do both tasks at the same time he can produce the interim
results in any order.
The independence operator between the tasks τ12 (take picture of meter) and
τ13 (scan 2D code) is more restrictive than the concurrent operator. It states
that a technician must complete one of the two tasks before he can start the
other task, but can freely choose in which order the tasks are performed. Taking
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a picture and scanning a 2D code both produce a single result - the picture and
the decoded 2D code respectively. So a technician cannot start taking a picture,
switch to scanning the 2D code and switch back to the same state of taking a
picture that he left when he switched to scanning the 2D code because both task
produce no interim results that could be continued.
At the second step we created the DST model. First we took the 15 elementary tasks from the DCoS-XML model and defined them in the DST model.
Then we decided which events are important for recognizing the tasks. As event
sources we used eye tracking and tool- and hand position recognition. For each
task we decided which events support the task and connected the task with the
appropriate event through a supporting evidence with an estimated mass. For
example, the event λ “using wrench” is connected with the task τ5 (fix meter on
cross) through a supporting evidence eτ5 ,λ and is assigned a high mass me = 0.9
because a technician uses a wrench for only this task. We also decided for each
task, which events may doubt a task and connected the task with such an event
through a doubting evidence with an estimated mass. For example, when a technician tests voltage he uses a two-poled voltage tester. As it makes no sense to
use the two-poled voltage tester in other tasks than task τ13 (scan 2D code)
we assigned those tasks a doubting evidence connecting the task with the event
“using two-poled voltage tester”.

Fig. 6. The fuse box we use for our demonstration: On the left side the door of fuse
box is closed. The fuse box’s initial state with opened door is depicted in the middle
and the fuse box’s state of an installed electricity meter is shown on the right side
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For our demonstration we use a real fuse box sponsored by ABB as presented
in Figure 6. On the left side of that figure the fuse box’s door is closed. The fuse
box’s initial state with opened door is depicted in the middle and the fuse box’s
state of an installed electricity meter is shown on the right side.
Before we started to perform the task we first decided in which order we
execute the 15 elementary tasks. We have stuck to it, as demonstrated by a
regional energy provider in Oldenburg. Then one of us would execute the tasks
in this order while recording it with an eye tracker. The execution of the task
lasts approximately five to six minutes. Afterwards we annotated the recording
with tools in use and hand position data. Finally we applied task recognition
to the annotated recording twice - once by using Honecker’s simplified DST
approach and once by using our combined approach. Both task recognitions
were done with the same DST model. In this way we were able to estimate how
our combined approach performs in comparison to Honecker’s simplified DST
approach.
The comparison is depicted in Figure 7. The three horizontal bars illustrate
the tasks at a specific time by different colors. Bar 2 shows the tasks, as they
were done in reality. Bar 1 and bar 3 show the tasks recognized by Honecker’s
approach and our combined approach respectively.
0

time

334 s

1
2
3

1 DST
τ1 open fuse box
τ2 check main fuse state
τ3 deactivate main fuse
τ4 position meter cross
τ5 fix meter on cross

2 real
τ6 attach cables to meter
τ7 activate main fuse
τ8 check voltage
τ9 re-deactivate main fuse
τ10 attach cover

3 DST + DCoS + Rule Engine
τ11 attach seals
τ12 take pictures of meter
τ13 scan 2D code
τ14 send report
τ15 close fuse box

Fig. 7. Comparision of Honecker’s DST with our combined approach: The three horizontal bars illustrate the tasks at a specific time by different colors. Bar 2 shows the
tasks, as they were done in reality. Bar 1 and bar 3 show the tasks recognized by
Honecker’s approach and our combined approach respectively.

As can be seen in the figure, we were not able to recognize the correct order
of the tasks with Honecker’s approach, although we achieved a relative good
accuracy of 0.826 for correctly recognized tasks. For example, as shown in the
figure, task τ1 , τ3 , τ6 , τ5 and τ4 are recognized in between while actually task τ10
is being performed. The reason for this is that the evidences of these tasks are
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very similar. A technician would use the same tool, would roughly look at the
same area within the fuse box and would use his hands in the approximately same
position while performing one of these tasks. Now if, for example, the technician’s
gaze deviates, a different task than the actual one could be recognized. The result
reflects our initial guess that Honecker’s simplified DST alone is not well suitable
for strongly sequential tasks.
In contrast, with our combined approach we were able to recognize all tasks
in the correct order with an accuracy for correctly recognized tasks of 0.958.
Among other things, the accuracy is not 1 because the transition from one task
to the other is difficult to detect. Often, newly started tasks can only be detected
with a certain delay. The delay is due to the fact that the events of the evidences
do not always occur at the beginning of a task. For example, when starting task
τ5 (fix meter on cross) a technician first takes a screwdriver and then, only after
some time, he looks at the meter cross.

5

Discussion

In this paper we showed how to combine Honecker’s simplified DST inferring
with a rule engine operating on a DCoS-XML model to improve task recognition for strongly sequential tasks like maintenance tasks. Although our first
attempts confirm this improvement, we still see room for improvement. The first
improvement would be a more precise interpretation of the belief triplets Θ that
are produced by the DST inference engine. Honecker’s interpretation in a highly
parallel helicopter scenario is to select those tasks as part of the pilot’s current
activity that have a belief of pτ > qτ + rτ [14]. We instead generate belief values
from the belief triplets to define an order relation on the set of tasks. Because
only one task can currently be processed in a sequential maintenance task, we
choose the task τ having the highest belief value βτ . What we do not consider
is the ignorance rτ that expresses the uncertainty whether a task τ is processed
or not processed. We suspect that a belief value βτ supports or doubts a task
τ with a greater probability the smaller the uncertainty rτ is. In the future we
want to investigate this.
Another improvement relates to recognizing the next task. We already reduce
the probability of recognizing a completed task again. But we do not influence
the probability of recognizing future tasks. The idea is to increase the probability
for those tasks that are allowed to be processed after the current task. We want
to experiment with these probabilities, so that it is more likely to recognize a
valid next task but still possible to detect sequence violations.
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