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Abstract. In this paper the Averaged Hidden Markov Models (AHMMs)
are examined for the upper limb rehabilitation purposes. For the data
acquisition the Microsoft Kinect 2.0 sensor is used. The system is intended
for low-functioning autistic children whose rehabilitation is often based on
sequences of images presenting the subsequent gestures. The number of
such training sets is limited and the preparation of a new one is not available for everyone, whereas each child requires the individual therapy. The
advantage of the presented system is that new activities models could be
easily added.
The conducted experiments provide satisfactory results, especially in
the case of single hand rehabilitation and both hands rehabilitation based
on asymmetric gestures.
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1

Introduction

The necessity of rehabilitation is usually considered to be useful only after accidents or injuries. However, it is also needed in some cognitive impairments, such
as autism. The rehabilitation of low-functioning autistic children is often based
on sequences of images presenting the subsequent gestures to be performed. The
number of such rehabilitation sets is limited and the preparation of a new one
is not available for everyone. It is a well known fact that every autistic person
is diﬀerent and needs the individual approach [1–3]. Hence, the individuals with
autism may need signiﬁcantly diﬀerent rehabilitation exercises.
In the literature there are numerous examples of rehabilitation systems. The
one of mostly considered issues is a post-stroke rehabilitation as that strokes are
the often a cause of motor deﬁcits. Regenbrecht et al. proposed the system ART
for the treatment of upper limb dysfunctions [4]. The system uses the augmented
reality and computer games based approach in order to increase patients motivation. The post-stroke rehabilitation system has been also developed by Kuttuva
et al. [5]. In this tool called Rutgers Arm the virtual reality (VR) technology
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is used. The another example is a game-based system for upper limbs rehabilitation presented by Pastor et al. [6]. For post-stroke patients rehabilitation the
wearable wireless sensors have been used as well [7].
Along with the development of the depth sensors technology the Microsoft
Kinect became an increasingly used device in rehabilitation. Clark et al. have
conﬁrmed Kinect to be successfully used for assessing the postural control [8].
Scherer et al. developed the Kinect-based system for injured athletes [9]. Another
example for using Kinect in rehabilitation is a system Kinere, which has been
applied for patients suﬀering from (1) severe cerebral palsy and (2) acquired
muscle atrophy [10]. Kusaka et al. used Kinect to develop a rehabilitation system
for patients with hemiplegia [11]. The Kinect-based rehabilitation system for
home usage was designed by Su et al. [12]. Kinect was also used in the system
intended for patients with body scheme dysfunctions and left-right confusion
[13].
Despite the great number of research dealing with rehabilitation, we believe
that there is still a lack of the system which would make it possible to easily
add a new rehabilitation task. Such a feature would be very useful in the very
individualized in their nature therapies for autistic persons.
The other motivation for this research is that Hidden Markov Models
(HMMs) have been never used, to the best of authors knowledge, in the task
of rehabilitation, in spite of the fact that the left-to-right HMM [14] models,
which preserve the information about the observation symbols order, seem to
be a valuable tool for the purpose of motion tracking and evaluation. The Averaged HMMs [15], composed of multiple left-to-right HMMs, combine the features
of all component models, thus the most commonly occurring features could be
retrieved from such a ﬁnal model. Moreover, the observation symbol distribution
in states is a property that describes movements’ noise and uncertainty in a very
natural way.
• First of all the symbol distribution in AHMM contains only motions that
really occurred in the therapists movements.
• Secondly, the multitude of learning sequences ensures that a wide variety of
proper movements is included.
In this paper the usefulness of Averaged Hidden Markov Models (AHMMs) in
the rehabilitation exercises have been examined. The 13 activity AHMM models
have been used for the upper limbs rehabilitation. For the data acquisition the
Microsoft Kinect 2.0 depth sensor is used.
The paper is organized as follows. The notation is introduced in Sect. 2. The
Sect. 3 contains the description of methods used in the research. The application
and usage examples have been presented in Sect. 4. The Sect. 5 contains the
overall conclusions and plans for the future.

2

Notation

In the paper the following notation is used for HMMs:
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λ = {A, B, π} - the complete parameter set for HMM,
N - the number of states,
M - the number of observation symbols,
T - the length of observation sequence,
A = {aij : i, j ∈ {1, . . . , N }} - the state transition matrix,
B = {bij : i ∈ {1, . . . , N }, j ∈ {1, . . . , M }} - the probability distribution
matrix for observed symbols,
π = {πi : i ∈ {1, . . . , N }} - the initial state distribution vector,
O = O1 , O2 , . . . , OT - the observation sequence,
Oj:k - the part of observation sequence including symbols from j-th to k-th,
inclusive.
For AHMMs the following notation is used:
D - the number of component models,
x(d) : d ∈ {1, . . . , D} - the value x from d-th component model.

3

Methods

The rehabilitation module is based on Averaged Hidden Markov Models
(AHMMs) [15], brieﬂy described below. In order to decide whether the new
motion is correct or not, the rehabilitation models extend the methods for action
recognition in HMM. These algorithms are listed in Sect. 3.2. The other methods
used for rehabilitation are described in Sects. 3.3 and 3.4.
3.1

Averaged Hidden Markov Models

Each activity model is created from multiple learning sequences. In the later
stages of AHMM generation each single learning sequence becomes the base for
a one component HMM model. Thus the number D of learning sequences is
equal to the number of component models.
One of the learning sequences is chosen as a pattern sequence and deﬁnes
all models structure, i.a. the number of states. The pattern sequence is used for
the base model deﬁnition. The base model is a left-to-right HMM with states
matched to subsequent observation symbols, thus in this stage the model could
be reduced to the simple Markov chain.
Each of the rest of component models is computed based on the base model
and the corresponding learning sequence. Such a child model has a structure
similar to the base model:
• the child model is also a left-to-right HMM model,
• the base and child models have the same number of states,
• the same observation symbols in base and child models occur in the same
states, taking under consideration the symbol order.
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The detailed algorithm for base and child models parameters computation is
described in the previous work [15]. At this stage there is D similar left-to-right
HMMs.
Finally, all the component models are simply averaged using the Eqs. (1), (2)
and (3). In consequence, we obtain one resultant Averaged HMM model which
generates each of its learning sequences O(i) with the probability P (O(i) |λ) > 0.
D

(d)
1
d=1 D · aij
D 1 (d)
· bij
b̄ij = d=1 D
D 1
(d)
π̄i = d=1 D · πi

āij =

3.2

(1)
(2)
(3)

Action Recognition

The task of rehabilitation could be considered as the subproblem of the realtime recognition problem. In both cases the information whether the activity is
completed or not is crucial. The posterior probability P (O|λ) is not a suﬃcient
indicator, while each beginning part of the recognized sequence is also recognized,
i.e.
∀1≤t<T P (O1:T |λ) > 0 =⇒ P (O1:t |λ) > 0.
Therefore the method developed for real-time recognition [16] has been used. The
NR value (the real number of states, which is diﬀerent for each of the component
models) has been added to the model during the learning phase as the id of the
last state that is always accessed while recognizing any of learning sequences.
It means that the sequence ending in the state with lower id than NR is not
complete. The last state is estimated by the Viterbi algorithm [14] based on the
observation symbol sequence.
Because of short activities, which consist of less than 4 symbol changes and
where noise might change the recognized class (activity id), the additional condition has been added. The last symbol OT in the considered sequence has to
be probable to occur in the last state in the model, i.e. bN OT > 0.
The complete sequence recognized by model λ fulﬁlls all the three conditions
for this model.
3.3

Rehabilitation

The idea of rehabilitation using HMMs is based on displaying the most probable
symbol in the next most probable state based on the actual state. The actual
state is estimated using the Viterbi algorithm. In general the rehabilitation problem could be stated as a set of following equations. The ﬁrst state is chosen as
the most probable one due to the initial state distribution using the Eq. (4).
Each next state is chosen based on the probability transition matrix and the
actual state (Eq. (5)). While having the most probable state, the next symbol to
be displayed is calculated by Eq. (6).
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Find state i ∈ {1, . . . , N } : ∀j∈{1,...,N } πi ≥ πj
(4)
For the state j ﬁnd state i ∈ {1, . . . , N } : i = j ∧ ∀k∈{1,...,N } aji ≥ ajk (5)
For the state i ﬁnd symbol k ∈ {1, . . . , M } : ∀l∈{1,...,M } bik ≥ bil
(6)
Because of the fact that in evaluation problem [14] the posterior probability
tends to zero exponentially along with the increase of the number of observation
symbols, the logarithmized value is calculated instead. However, during the long
rehabilitation process (e.g. the motions are very slow) the range of double is
also exceeded and log(P (O|λ)) = −∞. Therefore, in the system only the symbol
changes are registered. Sometimes the list of symbols to be displayed calculated
by Eqs. (4–6) may consist of series of the same symbol - the most probable symbol
in the next most probable state may be the same symbol as the most probable
symbol in the previously most probable state. While we register only the symbol
changes, such situation detection had to be introduced. In order not to reduce
the intelligibility of the algorithm this case has been marked in red in the Fig. 1.
The variable skippedSameSymbol is set to the number of next equal symbols. If
this variable is greater than zero then exceptionally the adjacent equal symbols
(in a number equal to this variable) are added to the symbol history. In further
discussion this case will be omitted.
The diagram showing the complete rehabilitation algorithm is presented in
Fig. 1. First of all the HMM symbol is calculated depending on the chosen motion
(right–, left– or both–handed model) according to the algorithm described in [17].
The information about the previous symbol (performed motion) and previously
displayed symbol is saved from the previous iteration. Also the zero-one information whether the motion was correct or not (due to the value log(P (O|λ))) is
remembered.
Secondly, if the actual symbol is the same as in the previous iteration, then
the old values of (1) the next symbol to be displayed and (2) correctness of motion
are returned. Otherwise, the symbol is added to the history and remembered as
the previous symbol for the next iteration. The model is evaluated using the
forward algorithm [14] based on the actual observation symbol history.
Next, if log(P (O|λ)) = −∞ then the actual motion is marked as correct and
the state sequence is estimated using the Viterbi algorithm. The next state is
estimated based on the last decoded state using the Eq. (5). Next symbol to be
displayed is calculated based on the estimated future state using the Eq. (6).
Otherwise, if log(P (O|λ)) = −∞ then the actual motion is marked as incorrect,
the symbol is rolled back from the history and the algorithm returns the same
values as in the previous iteration.
3.4

Hand Coordinates Estimation

The only information about the next movement obtained from the HMM is
the observation symbol, i.e. the natural number in the range of {1; M }. For the
rehabilitation module the visualization is the one of the most important features,
thus the hands coordinates have to be calculated. In order to estimate these
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symbol = getActualSymbol();
previousSymbol = getPreviousSymbol();
nextSymbol = getPreviouslyDisplayedSymbol();

NO

NO

symbolHistory->push_back(symbol);
previousSymbol = symbol;
probability = actualAHMM->evaluate(symbolHistory);

NO

skippedSameSymbol == 0

YES

symbolHistory->push_back(symbol);
skippedSymbols = skippedSymbols - 1;

YES

probability != -INF

correctSymbol = false;
symbolHistory->pop_back();

YES

symbol == previousSymbol

correctSymbol = true;
decodedListOfStates = actualAHMM->Viterbi(symbolHistory);
nextState = decodedListOfStates->back());
nextState = actualAHMM->getNextMostProbableState(nextState);
nextSymbol = actualAHMM->getMostProbableSymbolInState(nextState);

NO

symbol != nextSymbol

YES

nextState = actualAHMM->getNextMostProbableState(nextState);
nextSymbol = actualAHMM->getMostProbableSymbolInState(nextState);
skippedSymbols = skippedSymbols +1;

return nextSymbol, correctSymbol

Fig. 1. Rehabilitation ﬂowchart

parameters the inverse operations than in the hand position classiﬁer described
in [17] (Eqs. (1) and (2)) are needed.
Firstly, for each feature hi and the HMM hand symbol sN the id of the
including interval zi ∈ {0; mi − 1} (mi is the number of intervals that the range
of values for hi had been divided into) is calculated using the Eq. (7). The ri is
an auxiliary variable.
⎧
r0 = sN
⎪
⎪
⎪
N
⎪

⎪
⎪
⎨ zi = ri−1 div
mk
k=i+1
⎪
N
⎪

⎪
⎪
⎪
⎪
r
=
r
mod
mk
i−1
⎩ i

(7)

k=i+1

Secondly, based on the minimum hiM IN and maximum hiM AX value in the
range, the value of hi is estimated (Eq. 8). In order to minimize the error for the
singular feature value estimation the middle of the range is chosen.
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(8)

Finally, based on the estimated feature values and the length of the arm, the
hand coordinates are calculated. The features used in the classiﬁcation were as
follows:
• h1 - an angle between projection of the vector v to the OXZ plane and the
x axis,
• h2 - an angle between the vector v and the y axis,
• h3 - a relative length of the vector v (the quotient of |v | and the length of
the whole arm),
where v is the radius vector connecting the shoulder and the hand.
Therefore, in order to calculate the hand’s coordinates, the point (|v |, 0, 0) is
rotated by the calculated angles in the OXY and OXZ planes.

4

Application

The rehabilitation module is a part of the more complex system designed for
children with autism [17]. The application is designed to track one- or bothhands movements. The list of AHMM activities models chosen for rehabilitation
is presented in Table 1. The list has been divided into left-, right- and bothhanded activities. The system is fully scalable, while the ﬁles with models could
be easily added or deleted from the models directory.
Table 1. The list of modeled activities used for rehabilitation
Left-handed activities

Right-handed activities

Both-handed activities

Left arm twisting forward

Right arm twisting forward

Both hands twisting forward

Left arm twisting backward

Right arm twisting backward

Both hands twisting backward

Raising and lowering left hand Raising and lowering right hand Raising and lowering both hands
Clapping hands
Clapping hands over the head
Crawl forward
Crawl backward

In the rehabilitation mode the two skeletons are displayed - the pattern to
follow and the actual motion. The skeletons coordinates are normalized as in
[17], so that the Spine Shoulder joint overlaps in both cases. The complete body
coordinates set is retained in the ﬁle, but the hand coordinates are calculated
based on the next symbol to be displayed (algorithm described in Sect. 3.4).
The elbow coordinates for the symbols are tabulated. The actual hand position
is additionally surrounded by a circle which changes the color depending on
whether the motion is correct (green) or not (red) according to the model. Since
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in the 2D picture it is diﬃcult to guess the limb distance from the camera, the
displayed color changes. If the joint is further from the camera than the Spine
Shoulder joint (greater z value) then the joint connection is painted in blue.
After choosing the rehabilitation mode and the activity AHMM model, the
ﬁrst motion is displayed. Depending on the patient’s movements the next symbols (hands positions) are estimated and displayed. An example for the rehabilitation is presented in Fig. 2. In the picture the most important fragments for
the recording of twisting left arm forward have been included. An example of
the incorrect motion is presented in Fig. 3(a) - the hand is surrounded with the
red circle.

Fig. 2. Rehabilitation with the exercise: twisting left arm forward (Color ﬁgure online)

In the case of single hand rehabilitation, the future movements estimated
by the AHMM model coincide with expectances. The speed of motions does not
aﬀect the result of action recognition, however it has the inﬂuence on the motion
evaluation P (O|λ).
The issue of both hands rehabilitation is much more complicated. The data
taken from the real world abound in noises, for example it is nearly impossible to
perform the strictly symmetric motion by each of the hands. Therefore, in such
a symmetric movements like twisting arms forward, the most probable future
symbol chosen by the algorithm often corresponds to asymmetric hands position.
In such a case even if in the real motion (learning sequences) the hands positions
did not diﬀer much, the algorithm (Sect. 3.4) estimates the coordinates strongly
asymmetric. The example of asymetric hands position prediction is presented in
Fig. 3(b), while the Fig. 3(c) presents the next stage of the same activity which
is symmetric. The problem is not visible if there is no symmetry in both hands
movement. The problems with visualization however do not aﬀect the motion
assessment.
Summarizing, the applied algorithms meet the requirements, especially when
it comes to the one–handed motions. The bottleneck of this rehabilitation system
is the lack of legible visualization, as that the position of the 3D point presented
on the 2D screen is ambiguous.
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Fig. 3. (a) The one–hand incorrect motion (red circle) (b) The both–hand asymmetric
movement (c) The both–hand symmetric movement (Color ﬁgure online)

5

Conclusions and Future Work

In this paper the Averaged Hidden Markov Models were examined for the rehabilitation purposes. The one– and two–handed activity models were taken under
the consideration.
The conducted experiments indicate that AHMMs provide the satisfactory
results for the rehabilitation purpose as the motion is tracked and assessed properly. In the case of single hands rehabilitation and both hands rehabilitation
based on motions without symmetry, the next movement prediction coincides
with the expectations.
The visualization of the future movement sometimes could be unintuitive, as
that the predicted next hands positions for the symmetric both hands motion
could have no symmetry. Also the position of the 3D point presented on the 2D
screen is ambiguous. The symbolic representation (skeleton) also seems to be
too abstract for children with autism. For the practical usage of the examined
algorithms the visualization methods need to be improved. On the other hand,
such a symbolic representation respects the privacy as that only the skeleton
joints are taken under consideration.
The advantage of the system is that the new activities could be easily added.
This function could be especially important in the case of autistic children rehabilitation, as that each child with autism needs individual therapy.
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