Pose estimation algorithm for hand assessment
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Abstract— In order to evaluate therapy efficacy in restoring and reflective markers: although these systems provide an
impaired sensori-motor functions, patlent performan_ce asess- accurate estimation of joints [4], they are expensive and
ment should be as much as possible precise and independent ., mhersome. Further, they require a completely structured

of the examiner subjective judgment. In this paper, a method . tt f librati d isiti Mark
for continuously monitoring patient activity in order to co rrect environment to perform calibration and acquisiuon. Marke

wrong movements and to follow patient improvements is pro- €SS systems re_ly on Computer _\ﬁsion algorithm that are
posed. In particular, a novel low-cost method for hand pose sensitive to environmental conditions, but usually use one

estimation by using a monocular motion sensing device and a or two cameras making the system cheap and space-saving.
robust marker-based pose estimation approach based on the Vision-based techniques for estimating the hand pose

Unscented Kalman Filter is presented. The hand kinematics I d into tw t . 5]- Model-b d
is used to enclose geometrical constraints in the estimatio are usually grouped into two categories [S]: Model-base

process. The approach is applied for evaluating some signiint ~ @nd single frame pose estimation. Model-based visual pose
kinematic parameters necessary for understanding human hed ~ estimation consists of finding the best matching between
motor improvements during. rehabilitatign. In pa.r.ticular, the g group of features characterizing the input image and a
estimated performance indicators are joint positions, an®s, o451 of model features. In order to reduce the computationa
Range of Motion (RoM) and trajectory for the fingers and - . . . .

position, orientation and velocity for the wrist. cost of s_earchlng, a pred|Ct|(_)n_step is conS|_dered. Meltlpl_
hypothesis around the prediction are considered to avoid

I. INTRODUCTION local minima and discontinuities [6] in the matching. In
Cerebrovascular diseases, such as stroke, are the ﬂ_h)raJticular, Bayesian filtering techniques using Monte Garl

leading cause of death in industrialized countries and ﬂgethods, such as particle filters [7], [8], [9] are applied.

leading cause of permanent disability [1]. This leads to amgle frame pose estimation does not make assumptions

. . n time coherence, making the problem very hard to solve.
remarkable demand of healthcare services with consequen .
: . . : .. Global search over a database of templates [10] and motion
increasing public expenses. The aim of neuro-rehabditati

: . constraints [11], [12] are viable solution.
is to promote and accelerate the functional recovery of moto T S
o : : . The hand pose estimation approach presented in this paper
ability compromised by brain damages of various nature,. - '
fies to merge computer-vision and marker-based techaique

exploiting the intrinsic neural plasticity: motor patterare \Pr_oposing a cheap system (that facilitates a fundamental

relearned through repeated execution of predefined mo e for hand pose estimation: the trianqulation process
ments [2]. Patient monitoring is needed to evaluate the b P i 9 b

uality of the performed movements, modify the thera in the visual features) using a monocular camera, with
9 y P ’ PY Teduced computational cost, easy to implement and robust.

needed, apply cqrrectlve_actlons and.assess patient perfr rperforms the visual analysis of human hand motion and
mance. Quantitative functional evaluation often suffecsrf N ; . )
records hand joint kinematics during movements in a robust

limitations due for instance to the subjective judgmenthef t .
) S and repeatable way making the system adapt for home based
examiners. In order to overcome these limitations, struaien rehabilitation

evaluations are preferred. For instance, the application o The paper is structured as follows: in Section Il the hand

human motion tracking techniques to rehabilitation is figdi | . : L . .
9 9 kinematic model is introduced; in Section Il the hand pose
more and more consensus. Systems for human movement. . . . S
i : o — .~ estimation algorithm is explained; results about the harsgp
tracking applied to rehabilitation [3] are usually divided” ™. ™. . . . .
) . . ; . estimation are presented in Section IV. Finally, conclasio
into two categories: non-visual tracking systems and Visua : .
. ) o and future work are proposed in Section V.
tracking systems. In this paper the attention is focused on
systems belonging to the latter class, which are in turn Il. HAND KINEMATICS
classified as marker-based and marker-less systems. MarkerIn this work, the hand wrist is modeled as a system with 6

based motion analysis systems use optoelectronic Came@esgrees of Freedom (DoFs), consisting of 3 components of

F. Cordella, B. Siciliano are with PRISMA Lab, Departmentedéctrical translation and 3 angles of rotation, i.e. Adduction/Aktthre
Engineering and Information Technologies, UniversitiNdipoli Federico (A/A), Flexion/Extension (F/E), Pronation/Supination/'$Ip.

ll, via Claudio 21, 80125 Napoli, ltaly{f rancesca. cordella,  These angles correspond to the Euler angles in configuration
bruno.siciliano}@nina.it . L. .

F. Di Corato is with Research Center "E. Piaggio”, ZY X. The palm is composed by rigid segments linked
Universita di Pisa, largo Lucio Lazzarino, 1, 56100 Pisaalyl to the wrist and its anatomy is assumed known. For the
francesco. di corato@or. unipi.it - purposes of this work, the arm is supposed not to change

L. Zollo is with Laboratory of Biomedical Robotics and Bioznosystems, . . . . . .

Universita Campus Bio-Medico, via Alvaro del Portillo 200128 Roma, its orlenta_tlon du”ng_ motlc_m, thus it can be aSSl_"med that
Italy | . zol | o@ini canpus. it changes in hand orientation are due to actuation of the



wrist joints only. The long fingers are four kinematic chainslll. ALGORITHM FOR POSE DETECTION AND ESTIMATION
each composed by MetaCarpo-Phalangeal (MCP) joint (i.e.

- : . The pose of the hand has been estimated by positioning
a 2 DoFs joint), Proximal Inter-Phalangeal (PIP) and Dist . . ' .
Inter-Phalangeal (DIP) joints (that are 1 DOF joint each). ?él blue paper markers on the subject hand in a configuration

! /" ‘chosen in such a way to minimize artifacts, due for example
has been assumed a coupling between PIP and DIP 10|n65 . y . mp
to” skin movements or marker occlusion, and for obtaining

Oprp = §9p1p) [13]. The thumb is modeled with 5 . . - -
DOFs [14]: the TrapezioMetacarpal (TM) and the MCP are g\formatmn about the wrist (Fig. 1). Markers have been

- : . ecognized by a fast detector based on color histogram and
DOF joints with A/A and F/E axes orthogonal and |nC|dent_ connected component labeling algorithm [15]. The Asus

whereas the interphalangeal (IP) joint has 1 DOF. Denavi tion Prolive motion sensing device working 30 fps and

Hartenberg (DH) parameters for the index f_mger and for thgonsisting of an InfraRed (IR) laser emitter, an IR camera
thumb are shown in Tabs. | and I, respectively.

for measuring depth information and a RGB camera, with a
resolution of640 x 480, has been used. In [15], the authors
outlined that the simple detection algorithms used makes it
difficult to associate visual measurements to physical erark

TABLE |
DENAVIT-HARTENBERG PARAMETERS OF THE INDEX FINGER

ot 7 I & 1 4, 7 and to decide whether a given measurement is an outlier
TSN N T N e or a valid marker projection. Therefore, since a model of
3 L"ﬁdcz oo 1 PiP2 the hand is available, the marker tracking problem has been
4 rypdes 0 o [ oDTP2 reformulated into a stochastic optimization problem. This
renders the proposed algorithm robust with respect toeratli
and markers entering and exiting from the field of view.
TABLE I The pose parameters — positiof,(¢) and orientation,
DENAVIT-HARTENBERG PARAMETERS OF THE THUMB R (t) — of the wrist with respect to its initial pose (corre-
sponding to the first image), together with the kinematics
R B S B e T of the 17 finger joints can be modeled according to the
2 LFwmb [ 500 | o ﬁfﬁt following discrete-time kinematic model:
3 0 —90° 0 oM P1
a et ] oo [ o [ epe” Tt+1)=T{)+v(t)dt
5 Lthumd 0° 0 o1 v (t 4 1) — (t) 1 (t) dt L
R(t+1) = R (t) e @
The 5 kinematic chains of the fingers have the origin in 0; (t+1)=0; (t) +ne, (t)dt, i=1,...,17
common (i.e. the wrist). Fig. 1 shows the joint reference ) )
frames for the index finger and for the thumb. where(2 (¢) = 1., () A, being A the skew-symmetric opera-

tor, 0, (t), n, (t) andny, (t) are zero-mean white noises with
constant variance, modeling the hand motions as random
walks, anddt is the base sample time, chosen coincident with
the sampling rate of the camera. The rotation maRif) is
parametrized via Euler angles and encodes the current value
of wrist joint angles. The output model is represented by the
projection of the visible markers on the image space.

Yi (t) =m (gwocg (t) Tnsw (6))+Vl (t) , TEV (t) C {17 2., %%)}

whereg (t) = {R(¢),T(t)} € SE(3) and T}, (©) is

the 3D position of thei-th marker with respect to the wrist

reference frame. This position is a function of the hand

kinematic parameter®, i.e. the joint angle®, and the DH

parameters, and can be obtained via direct kinematic. The

Fig. 1. Protocol used for marker positioning and joint refee frames in 9roup transformation.,,. € SE (3) is the pose (translation

the hand starting position. The system reference frametigresd on the  and rotation) between the camera frame and the fixed frame

hand wrist, is outlied in red. W, which is assumed known amgl(t) is a zero-mean white

noise with varianceR;, assumed constant among features.

DH parameters are evaluated in such a way as to obtainTae setV (¢) denotes the group of visible markers at the

generic algorithm valid for different hand sizes. Therefor current time (omitting the clutters). It incorporates tivae

the algorithm envisages an initial calibration phase, wheiindex since the markers may move out of the field of view

marker centers are detected manually in the first imag® be occluded.

acquired by the camera and the link lengths are measuredAccording to the kinematic model (1) and the output

by means of the depth information provided by the visiomodel (2) a nonlinear estimation scheme has been designed.

system. It is assumed that the camera focal axis is perpefhe aim of the filter is to estimate the statet) of the

dicular to the plane where the hand lies. system, consisting of: i) the motion variabl&s(t) , v (¢) and




the Euler angles parametrization of the rotation maRif), is the image resolution, meaning that a clutter can happen
and ii) the joint angle®; (¢t) of the fingers. In this paper, everywhere in the image. The set of possible associations is
given the non linearity of the model with respect to the statdiscrete, thus the (discrete) value of the associationepiost
and the orientation noise terms, the Augmented Unscentdistribution can be computed by inspecting all the possible
Kalman Filter algorithm presented in [16] has been used. Thalues of the associations [15]. Selecting the maximum
peculiarity of the adopted estimation scheme, compare wiprobability among the ones in equation (5) gives the most
the classical UKF approach [17], is the possibility to gasil probable value of the variable; (t), corresponding to the
deal with non-affine noise terms in the state/measurememieasuremeny; (t). The association problem is solved by
model. For the remaining part, the technique is a classice¢peating the above procedure for all the measurementgin th
UKF as in [17]. For the purposes of this work, the outputsety,. Then, the correction step can take place, employing
given by the blob detection algorithm, for the image at thé¢he visible markers and the associated image projectians, a
timet, are considered as a random sequenckl/pmeasure- in the classical UKF.
mentsy;: = {y1 (¢),y2(¢),...,yn, (t)} of blob candidates.
In general the conditionV; # 21 holds, which means
that the sequencg,; does contain projections of visible During a rehabilitation session motor enhancements are
markers and clutters. It implies that: i) the associationsvaluated by extracting quantitative indicators. In pari
between measuremerit and marker;j or with a clutter lar, measure of RoM, A/A and F/E angles of the fingers,
cannot be decided a priori and has to be estimated; ii) eawhist orientation and velocity, finger trajectories pravidn
sequence of measurements for each image can be considenglication of the ability of a person to perform a move-
conditionally independent of every other sequence in thment [18] [19]. The proposed algorithm has been experi-
past; iii) once the current sequence of associations has bewentally tested for tracking the whole hand and extracting
defined, it can be considered conditionally independent dfie above mentioned kinematic parameters during F/E and
the past history of associations as well. Because of tiA movements of the fingers and of the wrist and dur-
above hypotheses, the filtering problem is solved by usingiag reach and grasp action. These are standard movements
probabilistic technique. To this end, consider a lateniadde used for understanding the behaviour of each hand joint
a; (t), modeling the measurement-to-marker association [15§uring a common rehabilitation session. The paper wants to
provide a proof-of-concept of the pose estimation approach
a; (1) = 0, if y; (¢) is a clutter @) for _evgluating th_ose parameters; henc_e, the study is still
i j, if y; () is the projection of markef prel_lmlnary and is .based on the experimental tests on one
) ) ) ~ subject. The participant (a healthy woman of 34 years old)
It is desired to find the most p_robable value of the variablg 55 seated in front of a table with the right hand placed on
a; (t), Vi = 1,..., M, that is for every measurementj; she was asked to perform reach and grasp actions and

collected at the current time step. The association probleﬁp1ger movements for evaluating joint RoMs paying special
can be recast as maximizing the belief that the curreRkiention not to rotate the arm.

measuremeny; (¢) € y: is either the projection of a visible  gjg 5 shows the first and final instant of the action

marker or a clutter. Formalizing, the aim is to find theperformed for evaluating joint trajectories during theatea
maximum of the posterior distribution: and grasp action. It is possible to note that some mark-
P (ai (8) |y (8) , your1) o< p (i (1) |as (£) , you—1) p(as (£)) €S disappear due to occlusions or illumination problems.
4) With the proposed pose estimation algorithm, it has been
given the current measurement(t) and the whole history possible to reconstruct the position of each hand joint (on
of the measurements up to the previous step. Ptier the bottom of Fig. 2). Moreover, the introduction of the
p(a; (1)) is determined by the a priori knowledge of clutterhang kinematic model in the tracking algorithm improves
and marker association event probabilities [15], while th?obustness with respect to outliers and to the possibility o

densi ilai, yo.t—1) IS the likelihood that the current . X :
measta/rle)rgyellt isygésg)z:iated to a given marker or to a clutt8Pnfusing markers among them due to possible occlusions
Fixing a certain guess for the associatien(t) = j, j # 0, and rapid movements. The acquired data have also been used
the densityp (y;|ai, yo.—1) is the Kalman Filter likelihood for analyzing the wrist behaviour in the reaching phase. The
of the measuremeny, (¢), given the prediction of the marker wrist velocity is an indicator of movement fluidity. Fig. 3
j. Thus the probability of the associatian = j can be shows the wrist trajectory and velocity during the reach
computed as: and grasp action. Reaching movement is characterized by
p(ai = jlyi, yo—1) <N (yi — ;. Py, ;) p(ai = j), j=0,...,28 singol velocity peak, as usual in healthy subjects. Fig. 4
(5) shows finger A/A angles and wrist joint angles behaviour.
being NV () the multivariate normal distribution of proper The plotted results are reasonable, in fact it is possibtete
mean value and covariance, whije is the predicted pro- that the measured A/A RoMs respect the values of published
jection of the markerj and P, . its covariance, obtained data on human beings [20]. The previously listed indicators
as in the standard UKF algorithm [16]. When testing theare also extracted but are not reported for the sake of Brevit
association to a clutteg; = 0, Equation (5) is written as In conclusion, the approach could be easily used for patient
P (ai = O’yi,y();t,l) x (1/RES) p(a; =0), where RES  performance evaluation during a rehabilitation session.

IV. EXPERIMENTAL VALIDATION AND RESULTS



Fig. 2. First and final instant of the grasping action. Humanch(top) and

the corresponding reconstructed hand (bottom) configursitare reported.

Note that the detector failed with some markers on the findeesto partial
occlusion and shadows, however the pose estimation iscetiérent.
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Fig. 3. Position and velocity over time of the wrist during theaching
and grasp experiment.
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V. CONCLUSIONS
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In this paper a novel low-cost hand pose estimation methdtf’

for quantitative functional evaluation of patient motor-en

hancement during hand rehabilitation has been proposed. Th7]
non-linear hand pose estimation problem has been solved
by using UKF and introducing the hand kinematic modejig]
for considering the markers interdependence. Performance

indicators such as joint orientation, position, trajegtand

velocity have been extracted demonstrating the possibie)
adoption of the proposed approach in rehabilitation. It-pro
vides quantitative information about the performed taskhs 20]
as the measurement of joint motion. Further improvements
will be devoted to verify the accuracy of the approach by
means of a comparison with a ground truth obtained with
an optoelectronic system and to test the approach on real

patients.
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