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local muscle fatigue during sustained isometric constant force muscBiological Constraints Simplify the Recognition of Hand
contractions. The reliability and accuracy of the AIF was statistically Shapes

compared with the most commonly used frequency variables (MDF

and MNF), in terms of their robustness against the size of the analysis Thomas E. Jerde, John F. Soechting, and Martha Flanders*
window. The results suggest that the AIF method is a better choice for

the estimation of the slope and p.o.i. of the regression line, a process

commonly used to quantify myoelectric manifestations of muscle f@éncise syste

tigue.

Abstract—This study sought to identify constraints that might lead to a

m of recognizing fingerspelling hand shapes. Previous studies
of grasping suggested that hand shape is controlled using combinations of
a small number of neuromuscular synergies, but fingerspelling shapes ap-
pear to be more highly individuated and, therefore, might require a larger
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The present study used an instrumented glove to measure 17 joint
angles of the hand, but developed a somewhat different approach to
letter recognition. With the goal of reducing the dimensionality of the
hand, we looked for evidence of either synergistic control strategies or
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biomechanical/neuromuscular constraints. We sought to evaluate $pace. Because of biomechanical and neuromuscular constraints,
potential for limiting the number of input channels (i.e., degrees af small reduction in the number of joint angles might not result in
freedom) to a recognition algorithm, and how the degrees of freedgreat impairment of classification. However, further reduction might
should be reduced. We report evidence to suggest that the inputs caighificantly degrade classification accuracy; the severity of degra-

be limited to just four individual joint angles. dation indicates the relative importance of the variables discarded
and retained. As described in Section lll, one approach to assessing
1. METHODS this phenomenon was backward elimination, a technique that, at each

iteration, removes the parameter that contributes least to successful
classification.
Subjects were instructed to produce the sign for each letter according
to the ASL manual alphabet. These signs are unimanual and contaf® Analysis
extremes of hand posture designed to offer highly visible contrast bepc analysis provides a different way to reduce the degrees of
tween letters. However, because there are so many letters (26), sevgggbom used in the discriminant analysis. Computed for each subject
letter pairs are similar except for one discriminating feature, such figm the eigenvalues and eigenvectors of the covariance matrix of the
wrist orientation or thumb position. 26 averaged letter postures, the PCs are linear combinations of all the
Subjects began each trial from a relaxed hand position, with griables that when summed together with the proper weights can
elbow resting on a flat surface. Subjects were given the letter cue befai@ctly reconstruct any of the original samples. There are as many
each trial. Upon hearing the “go” command they produced the sign, apgs as there are variables, but they are ordered by the amount of
held that hand position for three seconds. Each of the 26 letters was Rigiance they account for in the data, so that by summing the first
sented a total of five times; the order of the 130 trials was randomiz&gyeral weighted components, most of the variability is accounted for.

Eight subjects (seven females and one male) participated in the BXery trial is given a weightw) for each of the 17 PCs
periment. Seven were right-handed and one was ambidextrous. All had Vn ®Cp

normal hearing. Four subjects (subjects 1-4) were naive, with little ex- Wenn = (Cn ®Cn)1/2

perience in fingerspelling, while the others (subjects 5-8) were fluggherey is the trial vector ane is the PC vector. Each weight corre-
signers recruited from an interpreting service. All subjects gave igpongs to a particular PC, or degree of freedom, measuring the contri-
formed consent and the experimental procedures were approved bydfigon of a particular linear combination of all the variables. Therefore,
Institutional Review Board of the University of Minnesota. the weights can be used in place of individual variables in the discrimi-
nant function. If the control strategy involves the use of a small number
of synergies [6], we would expect a high degree of accuracy in classi-
A right-hand glove (Cyberglove, Virtual Technologies, Palo Altofication using a relatively small number of PCs.
CA) with embedded sensors was used to record joint angles. We
recorded data from 17 degrees of freedom: metacarpal phalandefdrmation Content
(MCP) and proximal interphalangeal (PIP) joint angles for the thumb |, order to evaluate the information content, we performed the dis-
and four fingers; abduction (ABD) of the thumb (T), middle (M), ringzriminant analysis using various numbers of PCs, and using various
(R), and little (L) fingers; thumb rotation (ROT); wrist pitch (WP); nymbers of individual variables (i.e., joint angles), and then compared
and wrist yaw (WY), with a spatial resolution0.5’, and a temporal these results. Using a jack-knifed classification procedure (i.e., omit-
resolution of 12 ms (see [S] and [6]). Static hand postures were defingeh the trial being classified from the training set), we plotted the dis-
by averaging the last 60 samples of each trial (i.e., the last 720 M§}mination results in confusion matrices [7], and calculated the correct
Images of hand shapes for letter postures and principal compon&f)igsification rates. We also used information theory [8] to quantify the
(PCs) were later modeled and rendered using Persistence of Visiphount of information transmitted. The sensorimotor efficiency (SME)
Ray Tracer (POV-Ray, copyrighted freeware). is defined by the ratio of information transmitt¢®) by hand shape
about target letter, to the maximum possible transmitted information
(see [B]). The size (in number of letters) of an alphabet that would con-
We used a discriminant analysis to classify the postures into lettain an equivalent amount of information is given by. 2
categories. This classification scheme maximizes the ratio of between
groups variance to within groups variance, and can be used to catego- 11l. RESULTS AND DISCUSSION
rize a trial according to a training set of grouped data. As previousl|
described [5], calculation of discriminant functions allows data to tf()e/ s
mapped into a multidimensional discriminant space, in which the bestBecause each PC is a linear combination of all 17 variables, they
axes for maximum separation of data can be defined. For each tdah be represented visually as hand shapes. The first four PCs for all
vectory (composed of joint angle data for up to 17 variables), Mah&ubjects are shown in Fig. 1. Because the PCs were rendered using the
lanobis distances along these axes to each group mean wefftom maximum weighting coefficients from each subject, the images repre-
the training set) were computed sent each PCs greatest contribution to overall hand shape, across all
& = (yi — u_)/Aﬂ(y_ —w) of the letters. There are similarities across subjects, which might be
" L L explained by the fact that the hand postures formed by the subjects
whereA is the pooled covariance matrix. Each trial vector was classjzere all targeted to conform to the same ideal (an alphabet designed
fied into the letter category for which this distance was smallest. o emphasize individual finger positions). However, these similar hand
shapes might also reflect common synergistic control strategies such
as those previously found for grasping [6]. Identification of these syn-
In this experiment, when all recorded variables were used in tleegies would simplify hand shape recognition.
discriminant functions, each vector contained measurements for 17o evaluate whether a small number of PCs could adequately re-
degrees of freedom. However, any number of variables can be omitteshstruct the experimental data, we examined the percent of the total
from the function, resulting in a lower dimensionality discriminanvariance accounted for by subsets of PCs. Using data from all subjects,
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in Fig. 2 we show the mean cumulative percentage of the total vari- (l';l ||
ability accounted for, as PCs are added to the reconstruction. Becaust F 5
the PCsare ordered, the first four (out of 17) components account for [E) 4
approximately 80% of the variability. This is in contrast to our pre- g u g
vious study of grasping [6] where only two PCs were needed to ac- A | 1
count for more than 80% of the variance. In complicated hand postures RBCHEFGHT JELMNOFQES FUMWEYZ i
like fingerspelling, a small amount of variability can be crucial to the Classification  Number of Trials

distingu.ishal.)ility ofletter Si_gns' .We., therefore, a_ddressz_ad the .questigal 3. (A) Mean percentage correct classification plotted against the number
of classification by computing discriminant functions using weights @ff PCs used in the discriminant function. (B) Mean information transmitted
the PCs. plotted against the number of PCs used in the discriminant function. The

We found that reconstructions from weighted combinations of p@xis on the left measures SME, a percentage of the total possible information
- - - . N . transmitted. The axis on the right shows the number of letters in an alphabet
transmit a great deal of information (Fig. 3). Foradlscrlmlnamtfunctlof;j,mding an equivalent amount of information. (C) Jack-knifed confusion

including_the first four PCs, the mean correct raté across SUbj?CtS Vifrix for a representative subject (subject 6). Classifications were computed
86.6% [Fig. 3(A)], and the SME indicated that 92% of the possible imased on weightings for the first four PCs.

formation was transmitted [Fig. 3(B)], for an equivalent alphabet size of

20.1 letters—a loss of less than six letters’ worth of information. Usinglies a reduction in the degrees of freedom and might suggest synergistic
data from arepresentative subject, Fig. 3(C) shows that classificationantrol. However, this does not necessarily mean that synergies are the
rors were rare, and were restricted to highly similar hand shapes (soefer-riding control strategy. Although the fingerspelling postures are de-
as the signs for U and H, which differ mainly in wrist position). Thisigned to accentuate individuation of fingers, they may still allow for
demonstratesthatthe last13 components were relatively unimportanfapugh covariation in finger positions that the biomechanical and neu-
the classification of hand posture. The small number of required conemuscular constraints of human hand posture [9], [10], in conjunction
ponents, together with the similarity in PC shape across subjects, iwith the task demands, might be responsible for the apparent synergies.
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TABLE |
A. INITIAL RANKING OF VARIABLES BY BACKWARDS ELIMINATION (THE BOTTOM
100 — Row WAS ELIMINATED FIRST). ABBREVIATIONS: THUMB (T), INDEX (1),
MIDDLE (M), RING (R), LITTLE (L), METACARPAL PHALANGEAL (MCP),
PROXIMAL INTERPHALANGEAL (PIP), ABDUCTION (ABD), ROTATION (ROT),
WRIST PITCH (WP), AND WRIST Y AW (WY)

Subject 1 2 3 4 5 6 7 8

IPIP IPIP IPIP IPIP MMCP MPIP IPIP IPIP
MPIP MPIP RPIP RPIP IMCP IPIP MPIP MPIP
RPIP LPIP MPIP MPIP MPIP IMCP LPIP IMCP
TABD MMCP TMCP LMCP IPIP MMCP IMCP MMCP
TMCP RMCP TABD TMCP RPIP RPIP MMCP RPIP
WP  TMCP LMCP TABD WP  MABD TMCP TABD
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,JOU— _ = - — — — ., —em TROT WP  TROT WP  LABD RMCP LABD LMCP

< %0 122 2 MMCP TPIP RMCP RMCP TMCP TABD LMCP WP

< 18 = LABD LABD TPIP RABD LMCP RABD TROT TMCP

G 80 114 & LPIP RABD IMCP TROT WY WP WY WY

8 70 110 = TPIP WY RABD WY RABD TPIP RABD RMCP

‘0 g = MABD LMCP LPIP LABD RMCP LPIP RMCP LABD

5 60 26 = WY  TROT LABD TPIP TPIP WY TPIP RABD
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@ 30 g a rudimentary order of importance for the 17 variables for each sub-

s 20 2 A ject (Table I). In most subjects, the flexions of the proximal interpha-
10 g langeal joints of the index finger (IPIP) and the middle finger (MPIP)
0 =~ were identified as accounting for the largest portions of the variance

01 2 3 45 6 7 8 9 10 A _ ¢
Number of Variables Used (underlined in Table I). The results from discriminant analysis of sub

sets defined by these orders are shown in Fig. 4. The mean percent cor-

ABCDEFGH | JKLMNOPQRSTUVWXY Z subsets of four from the 17 variables Cs = 2380 subsets) for two
Classification Number of Trials representative subjects, one naive (subject 1) and one fluent (subject
5). We then ranked those subsets by correct rate and ran the top 300 for
Fig. 4. (A) Mean percentage correct classification plotted against th@e rest of the subjects. The best-performing four-member subsets (in
number of variables used in the discriminant function. (B) Mean informatioierms of correct rate) for each subject are listed in Table II.
transmitted plotted against the number of variables used in the discriminaniy\/e also ranked the subsets by average correct rate across all subjects.
function. See Fig. 3 for an explanation of the vertical axes. (C) Jack-knifee,q 15 ranKing joint subset contained one joint from each finger, with
confusion matrix for a representative subject (subject 6), using a four-variable . . . . .
subset for classification. In this figure, all classifications were computed bast® €xception of the little finger. It was comprised of thumb abduction
on subsets determined from the backward-stepping process (Table I). (TABD), and the flexion angles of the IPIP, MPIP, and ring metacarpal
phalangeal joint (RMCP). The results for this subset are also shown
in Table 1l. The average correct rate for this subset was 88.5%, with
93.1% of possible information transmitted for an equivalent alphabet
In order to evaluate various means of reducing dimensionality, e&ze of 20.8 letters. The average rates across subjects when using the
directly compared the discriminant results from PC weights to resuliest subset for each individual subject were substantially better: 94.4%
using subsets of individual joints (Figs. 3 and 4). Because the joints @@rect, 96.0% SME, and 22.8 letters. The difference in performance
not automatically ordered (as are the PCs), subsets must be chosdretween the best overall subset and the best subset per subject indicates
other ways. We started by using backward-elimination to generatosyncratic favoring of certain joints for each subject.

C. Z | rect and SME rates are approximately equivalent to those found using
§ n PCs for discrimination, and in both cases the confusion matrix reveals
‘{)" few errors (compare Fig. 4 with Fig. 3). This is surprising because, al-
¥ though both analyses involved the same number of computational de-
S grees of freedom, the variable subsets contained information only from
° 5 individual joints, whereas each PC resulted from combinations of mea-
3 P surements from all joints.
0]
@ N
g’ “Ln Ranking of Subsets of Joint Angles
= K . . .
J We found even stronger evidence for the superiority of joint sub-
,1, sets over PCs as we continued to investigate different possible subsets.
(F; We decided to focus on discriminant functions using four variables,
E g since these appeared to lie on the lower boundary of good success rates
8 7 3 (>80% correct). Since backward elimination does not necessarily yield
E | % an optimal solution, we ran the discriminant function using all possible
0

Comparing Subsets of PCs to Subsets of Joint Angles



IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 50, NO. 2, FEBRUARY 2003

TABLE I
SUMMARY OF THE PERFORMANCE OF THEDISCRIMINANT FUNCTIONS

269

angles of the other joints, subtle variations in the measured variables
reflect “information leakage” across joints, which allows the analysis
to discriminate between the letters | and S, even when the little finger
is completely ignored [see for example, Fig. 4(C)].

Subject 1 2 3 4 5 6 7 8 mean 2 "
The superiority of four-variable subset vectors over four-PC
correct rate (%) weighting vectors in transmitting information about fingerspelling
hand postures suggests that synergies are not used as a primary control
4 PCs 83.1 90.0 83.8 846 862 892 800 962 86.6 . : .
strategy for this task. In our previous study of grasping [6], we found
4 variables (TABD, IPIP, MPIP, RMCP) that the first two or three PCs accounted for about 85%-90% of
854 892 854 877 90.0 923 862 915 885 the variance, and we suggested that these PCs represented the main
4 variables (best per subject) neuro_mus_cular synergies used tq control grasping. In contra_st_ to
908 969 931 931 969 985 885 977 044 grasping, m_the present study subjects_ atter_npt_e_d to control the joints
individually in order to generate the highly individuated postures of
SME (%) the ASL manual alphabet.
4PCs 898 929 903 90.5 918 942 887 97.8 92.0 Future attempts to produce a “talking glove [l}]_ or to understand
the control of hand movement [9], [10] may be facilitated by our con-
4 variables (TABD, IPIP, MPIP, RMCP) clusion that the number of measured joint angles can be greatly re-
921 933 918 921 935 945 910 962 93.1 duced. When the joint angles are properly chosen, just four are needed
4 variables (best per subject) to produce an alphabet of apout 29—25 letters. This is surprising be-
932 976 955 953 980 988 913 986 96.0 cause the manual alphabet is designed to produce letters that are as
distinctly different from one another as possible. Therefore, one might
number of letters expect that the 20 or so joints of the hand would be controlled as in-
4PCs 187 206 189 191 199 215 180 242 201 dependt_an_tly as poss_iblg. Instead, the high pe_rformance of small sub-
sets of joint angles indicates that biomechanical and neuromuscular
4 variables (TABD, IPIP, MPIP, RMCP) constraints produce a pattern of covariation in joint flexions consis-
201209 199 201 2L1 217 194 229 208  tant enough to allow fluctuations in one joint angle to be picked up
4 variables (best per subject) reliabl)_/ by others, effectively spreadin_g the inf_ormatic_)n across jo?nts.
20.8 22,6 224 223 244 250 196 249 228 The failure of PCs to carry as much information as individual joints
i : suggests that fingerspelling hand shapes are primarily controlled by in-
best variable subset per subject dividuated finger movements subject to these mechanical constraints,
TROT TMCP IMCP TABD TABD TROT TMCP TABD rather than synergies.
IMCP IMCP MMCP IPIP MMCP TMCP MPIP IMCP
IPIP IPIP RPIP  MMCP MABD MMCP MABD MPIP
MMCP RABD WP  MABD RMCP MABD LMCP RPIP REFERENCES
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