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Body motions (kinematics) of animals can be dimensionally complex, especially when ﬂexible parts of
the body interact with a surrounding ﬂuid. In these systems, tracking motion completely can be
difﬁcult, and result in a large number of correlated measurements, with unclear contributions of each
parameter to performance. Workers typically get around this by deciding a priori which variables are
important (wing camber, stroke amplitude, etc.), and focusing only on those variables, but this
constrains the ability of a study to uncover variables of inﬂuence.
Here, we describe an application of proper orthogonal decomposition (POD) for assigning
importances to kinematic variables, using dimensional complexity as a metric. We apply this method
to bat ﬂight kinematics, addressing three questions: (1) Does dimensional complexity of motion change
with speed? (2) What body markers are optimal for capturing dimensional complexity? (3) What
variables should a simpliﬁed reconstruction of bat ﬂight include in order to maximally reconstruct
actual dimensional complexity?
We measured the motions of 17 kinematic markers (20 joint angles) on a bat (Cynopterus brachyotis)
ﬂying in a wind tunnel at nine speeds. Dimensional complexity did not change with ﬂight speed, despite
changes in the kinematics themselves, suggesting that the relative efﬁcacy of a given number of
dimensions for reconstructing kinematics is conserved across speeds.
By looking at subsets of the full 17-marker set, we found that using more markers improved
resolution of kinematic dimensional complexity, but that the beneﬁt of adding markers diminished as
the total number of markers increased. Dimensional complexity was highest when the hindlimb and
several points along digits III and IV were tracked.
Also, we uncovered three groups of joints that move together during ﬂight by using POD to quantify
correlations of motion. These groups describe 14/20 joint angles, and provide a framework for models of
bat ﬂight for experimental and modeling purposes.
& 2008 Elsevier Ltd. All rights reserved.
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1. Introduction
1.1. Dimensional complexity of bat ﬂight
In ﬂight, a bat performs rapid three-dimensional folding,
bending, and rotational wing movements to generate aerodynamic force, thereby imparting a highly structured wake pattern
to the air behind it (Hedenström et al., 2007; Muijres et al., 2008;
Tian et al., 2006). Models of this system, be they focused on
neuromuscular control, aerodynamic function, or energetics, can
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only be as accurate as the kinematic reconstructions upon which
they are based. One way to develop simpliﬁed but accurate
models may be through investigation of dimensional complexity.
For instance, if different parts of the wing move together as
functional units, identiﬁcation of those units can motivate
improved simpliﬁed models. Similarly, by measuring dimensional
complexity we can say whether such models might be more
applicable at certain speeds, where dimensional complexity is
lower. Furthermore, we can quantify the efﬁcacy of different sets
of kinematic markers for accurately tracking bat ﬂight kinematics.
In this paper, we apply proper orthogonal decomposition (POD), a
computational tool, to the wing kinematics of a bat ﬂying in a
wind tunnel, with the purpose of quantifying the dimensional
complexity of movement during steady ﬂight over a range of
speeds.
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For the purposes of this paper, we deﬁne dimensional
complexity as linear multidimensionality of motion among
moving parts of a body. If all the parts of the body move together
in such a way that the position of any body part can be calculated
from a simple linear equation based on the position of any other,
dimensional complexity is low. If, however, the parts of a body
move independently, description of a body’s posture requires the
tracking of many more variables. In that case, dimensional
complexity of movement, by our deﬁnition, is high. Because we
use POD, our analyses are sensitive to changes in the linear
relationships among moving body parts. There are several other
ways in which complexity might change that are not sensitive to
our analyses (Tresch et al., 2006). For example, non-linear
relationships among the motions of body parts will be resolved
only to the degree that they can be projected into a linear basis,
and our methods might result in a higher apparent complexity
than actually exists. However, POD is used quite widely in
analyses of gait and other biological movements (Cappellini
et al., 2006; Chau, 2001; Forner-Cordero et al., 2007; Ivanenko
et al., 2008; Mason et al., 2001; Todorov and Ghahramani, 2004;
Tripp et al., 2006), so we expected POD to reveal useful
information about kinematic dimensional complexity in this
application as well.
Bat ﬂight has the potential to be extremely dimensionally
complex. A bat wing membrane is maneuvered skeletally by a
jointed leg, a shoulder, an elbow, a wrist, and by ﬁve ﬁngers, each
with several joints. Adding up joints alone, this provides 420
degrees of kinematic freedom per wing. Additionally, movement
is inﬂuenced by the ﬂexibility of the bony elements within the
wing, the orientation-dependent compliance of the membranes,
their interactions with the surrounding ﬂuid, and by movements
of the numerous tendons and muscles within the membranes
themselves (Norberg, 1972; Swartz et al., 1992, 1996).
It is clear from a broad range of studies that bats move their
limbs in complicated ways during locomotion (Aldridge, 1986,
1987a, b; Hedenström et al., 2007; Lindhe Norberg and Winter,
2006; Norberg, 1969, 1976a, b; Rayner and Aldridge, 1985; Riskin
et al., 2005, 2006; Riskin and Hermanson, 2005; Tian et al., 2006;
Watts et al., 2001). However, despite the potential for high
dimensional complexity, there are at least three reasons we
expect movements at several joint angles in a ﬂying bat to
be closely correlated. First, it is common in animals for multiple
joints to be activated together by a common signal from the
nervous system, or for a single muscle to actuate more than one
joint (Goslow, 1985). Second, the aerodynamics of ﬂapping ﬂight
presumably require that parts of the wing move together in a
coordinated fashion so that an organized wake structure can be
shed behind the wing (Hedenström et al., 2007; Rosen et al., 2004;
Spedding, 1987; Spedding et al., 1984, 2003; Tian et al., 2006).
Third, different parts of the wing should move together because
they are physically connected in a way that presumably prevents
independence of motion. Therefore, although the number of
degrees of freedom of motion possible for a bat skeleton is high,
the actual dimensional complexity of motion might be low.
Several authors, most notably Aldridge and Lindhe Norberg,
have reported bat ﬂight kinematics in great detail (Aldridge, 1986,
1987a, b; Lindhe Norberg et al., 2000; Lindhe Norberg and Winter,
2006; Norberg, 1969, 1970, 1976a, b). Their studies demonstrate
that wing kinematics change predictably with speed, but those
papers do not quantify the complexity of motion. If the
dimensional complexity of bat ﬂight changes with speed, the
number of markers required to accurately record bat ﬂight
kinematics may be velocity dependent. Also, researchers seeking
to model bat ﬂight could focus their preliminary efforts on
velocity regimes where dimensional complexity is low. POD
permits us to address the inﬂuence of speed on dimensional

605

complexity of kinematics, and to test the efﬁcacies of different
numbers of kinematic markers for reconstructing body kinematics.
1.2. Proper orthogonal decomposition
POD is a ca. 100-year-old computational tool (Hotelling, 1933;
Pearson, 1901) that has recently been applied to the analysis of
organismal kinematics (Chatterjee, 2000; Feeny and Kappagantu,
1998; Tangorra et al., 2007). POD is mathematically equivalent to
principal components analysis (PCA), with the difference in
terminology arising from adoption of the same technique by
different branches of the sciences, and POD more often referring
to application of the technique to a dynamical system (Daffertshofer et al., 2004). In POD, the user places the three-dimensional
positions of m markers over time into an N  (3m) matrix A such
that each column describes the time-dependent displacement
history of a marker in one dimension: ai ¼ (ai (t1), ai (t2), y, ai
(tN))T, for i ¼ 1, y, (3m). Each row of the resulting matrix
completely describes the concurrent three-dimensional marker
positions at some instant in time. The (3m)  (3m) correlation
matrix R ¼ (1/N)ATA is then formed, and its eigenvectors form an
orthogonal basis. These eigenvectors are called proper orthogonal
modes, and the percentage of the overall motion described by
each mode is deﬁned by its associated eigenvalue, normalized so
that the sum of eigenvalues is one (Feeny and Kappagantu, 1998).
The modes of R have the characteristic that the ﬁrst (mode 1 or
x1) describes the greatest possible proportion of the movement
of any possible vector in the subspace. The second mode (x2) is
orthogonal to x1, and describes the greatest possible proportion of
the movement that remains, and so on. As the number of modes
increases, the reconstructed movement described by the sum of k
modes (x1+x2+?+xk) converges more and more closely to the
original movement, and the sum of all modes (k ¼ 3m) reproduces
the movement completely (Liang et al., 2002).
1.3. Goals of the study
In the ﬁrst part of this study, we examined whether the
dimensional complexity of bat movement changes with speed
by looking at the number of POD modes required to closely
reproduce the original movement. By our deﬁnition, a motion that
has high dimensional complexity requires more modes to be
reproduced accurately than a motion that has low dimensional
complexity.
In the second part, we used POD to quantify the relative
dimensional complexities captured by using different numbers
of anatomical markers in studies of bat kinematics. When too few
markers are used, the motion will appear less complex than it
actually is. In contrast, we expect an overabundance of markers to
be kinematically redundant, and unnecessarily increase the
amount of time required to digitize kinematics. We used POD to
ask how many, and which, marker locations are optimal to most
closely approximate the actual dimensional complexity of wing
kinematics. We predicted that the dimensional complexity of a
marker set would increase as the number of markers in that set
increased, but that this would be an asymptotic change, and that
after some number of markers there would be relatively little
increase in the dimensional complexity of motion captured by
adding more markers. We also expected that dimensional
complexity should differ for a given number of markers, depending where those markers were placed. If all markers were placed
on a single bone, for example, dimensional complexity, as deﬁned
here, would be low. Markers distributed among body parts
that move independently would have comparatively higher
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video frame, the positions of 17 anatomical markers were
digitized (Fig. 1), and their positions in three-dimensional space
calculated with a custom-built program in MATLAB (MathWorks,
Inc., Natick, MA, USA). Accuracy of our position measurements
was estimated by examining the distribution of distances between
the two sternum markers (mean 2.23 cm) over all trials. We
expected this distance to be constant, and found that our
estimation of that distance based on our three-dimensional
reconstructions had a standard deviation of 0.05 cm (standard
error less than 3%).
In each trial, we captured the largest possible integer number
of consecutive wingbeats while the bat ﬂew in a ﬁxed position
within the calibrated volume. We used the vertical position of the
wrist marker to delineate the endpoints of each wingbeat cycle.
This resulted in nine separate trials, one consisting of two
wingbeats, six of three wingbeats, and two of four wingbeats.
The velocity of the bat’s anterior sternum marker (a in Fig. 1) was
added to air speed to arrive at net velocity for each trial. To be sure
that the ﬂight of the single individual used in this experiment was
representative of the species, wing movements from six other
adult female C. brachyotis were recorded in the same way over 42
trials. Their wingbeat frequencies, amplitudes, and ﬂight speeds
were similar to those of the bat used in this study, but are not
presented here.

dimensional complexity. Our methods, then, might elucidate
redundancies among marker sets. Our hope was that these results
might inform selection of the number and position of anatomical
markers in future studies of bat kinematics.
In the third part of the study, we used POD to assess the
similarity of motion of joint angles throughout the skeleton to ﬁnd
functional groups of joints that are actuated in synchrony by the
ﬂying bat. We predicted that joints moving in synchrony should
be located close together on the wing because units controlled
together for aerodynamic purposes would likely appear close
together, and because units controlled by a common part of the
neuromuscular control hierarchy should presumably be near one
another. Because this form of analysis is numerical, it makes no
assumptions about aerodynamic or morphological control, aerodynamic function, or mechanics, making it particularly useful
where a priori assumptions about the relative importance of
different joints are to be avoided.

2. Methods
2.1. Video recording of the bat
Because POD results are affected by differences in relative
marker positions (Daffertshofer et al., 2004), we eliminated
morphological variability by using the ﬂights of a single adult
female Lesser Dog-faced Fruit Bat (Pteropodidae: Cynopterus
brachyotis) over a range of ﬂight speeds. All components of this
study were approved by the Institutional Animal Care and Use
Committees at Brown University, Harvard University, and the
Lubee Bat Conservancy, and by the United States Air Force Ofﬁce
of the Surgeon General’s Division of Biomedical Research and
Regulatory Compliance.
The bat was anesthetized with isoﬂuorane gas, and a series of
markers was placed on the fur and skin. On fur, we used non-toxic
acrylic paint, and on the wing membrane we used small pieces of
reﬂective tape. We only tracked markers on the left half of the
body. The marked bat was ﬂown in a wind tunnel (Harvard
University Concord Field Station Wind Tunnel, test section: 1.4 m
length, 1.2 m width, 1.2 m height) in nine consecutive trials. The
characteristics of this wind tunnel were described in detail by
Hedrick et al. (2002). We recorded the ﬂying bat at 1000 Hz using
three phase-locked Photron 1024 PCI digital high-speed cameras
(Photron USA, Inc., San Diego, CA, USA).
The volume of the wind tunnel in which the bat was ﬂown was
calibrated using the direct linear transformation method, based
on a 40-point calibration cube (Hedrick et al., 2004). From each

2.2. Post-processing of kinematic data
We used videos to reconstruct the positions of 17 markers at
4222 different points in time, or 71,774 marker moments. At those
moments where a marker was not visible to at least two cameras,
its position could not be calculated. This occurred in 11,180 (15.6%)
of marker moments. We ﬁlled these gaps in the kinematic data
with a custom curve-ﬁtting algorithm based on over-constrained
least-squares polynomial ﬁtting. For contiguous gaps in the data,
with sufﬁciently rich data at the end points, a third-order, overconstrained polynomial ﬁt was used. For gaps that included
sporadic intermediate points, a sixth-order polynomial was used.
After gap-ﬁlling, we used a 50 Hz lowpass Butterworth ﬁlter to
remove high-frequency noise. This cutoff frequency was ca. 4.5
times higher than the highest wingbeat frequency we recorded
(10.4 Hz).
Three-dimensional coordinates of each marker were transformed to a body-referenced linear coordinate system, with the
anterior sternum (a in Fig. 1) at [0, 0, 0]. The x-axis was a line
through the two sternum markers (positive ¼ toward anterior),
the y-axis was orthogonal to the x-axis and gravity (positive ¼ left
of ﬂight direction, toward wingtip), and the z-axis was orthogonal
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Fig. 1. Image, obtained from one of the high-speed cameras, of Cynopterus brachyotis in ﬂight at 3.2 m s1. We used 17 markers: anterior and posterior sternum (a and b,
respectively), shoulder (c), elbow (d), wrist (e), the metacarpophalangeal and interphalangeal joints and tips of digits III (f, g, h), IV (i, j, k), and V (l, m, n), the hip (o), knee (p),
and foot (q). Joint angles are deﬁned in Table 1.
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to x and y (positive ¼ dorsal). From the motions of the markers,
we also calculated 20 separate joint angles (Table 1).
2.3. Proper orthogonal decomposition
For POD of the marker positions (Sections 2.4 and 2.5, below),
the three-dimensional coordinates of each of the 17 markers
through the trial were placed in a matrix. The x, y, and z
coordinates of the anterior sternum marker and the y and z values
of the posterior sternum marker remained at zero at all times by
deﬁnition, and were therefore omitted. As a result, the size of the
matrix, using 17 markers, was t  46, where t is the length of the
trial in milliseconds. We subtracted the mean values for each
column from all values in that column, and performed POD using
singular value decomposition of the transposed matrix in MATLAB
(Chatterjee, 2000). For POD of joint angles (Sections 2.4 and 2.6,
below), we repeated this procedure for the t  20 matrix of joint
angles.
In studies that employ POD, researchers frequently normalize
by dividing each value by the standard deviation of its column
before POD, so that variables are not weighted by absolute
Table 1
Joint angles used in this study. Italicized letters denote joint positions, as shown in
Fig. 1
Joint
angle
number

Deﬁnition

Angle 1

Humeral elevation/
depression (dorsoventral
angle)
Humeral protraction/
retraction (craniocaudal
angle)
Humeral rotation
Elbow ﬂexion/extension
abduction/adduction of
digits III & IV
Abduction/adduction of
digits IV & V
Abduction/adduction
between digit V & forearm
Carpometacarpal ﬂexion/
extension of digit III
Carpometacarpal ﬂexion/
extension of digit IV
Carpometacarpal ﬂexion/
extension of digit V
Metacarpophalangeal
ﬂexion/extension of digit
III
Metacarpophalangeal
ﬂexion/extension of digit
IV
Metacarpophalangeal
ﬂexion/extension of digit
V
Interphalangeal ﬂexion/
extension of digit III
Interphalangeal ﬂexion/
extension of digit IV
Interphalangeal ﬂexion/
extension of digit V
Femoral elevation/
depression (dorsoventral
angle)
Femoral abduction/
adduction (craniocaudal
angle)
Femoral rotation

Angle 2

Angle 3
Angle 4
Angle 5
Angle 6
Angle 7
Angle 8
Angle 9
Angle 10
Angle 11

Angle 12

Angle 13

Angle 14
Angle 15
Angle 16
Angle 17

Angle 18

Angle 19

Angle 20 Knee ﬂexion/extension

Calculation

9
>
>
>
>
>
>
>
>
= Spherical coordinates of c–d, relative to
the body-referenced x-axis (assumes no
>
>
> body roll)
>
>
>
>
;
Angle of a–b to the plane deﬁned by c–d–e
Angle c–d–e
Angle i–e–f
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magnitude. The wingtips in our study, for example, would not be
weighted more heavily than anatomical locations that move
shorter distances (Daffertshofer et al., 2004). This is numerically
equivalent to using the correlation matrix in PCA. However, points
moving through larger distances might well be more ‘important,’
depending on the objective of the research, so normalizing the
variance of all markers might remove relevant information.
Alternatively, the relative amplitudes of motion could be weighted
to keep signal-to-noise ratios constant, or in any other arbitrarily
chosen manner. In this study, we chose to standardize variance
before performing POD. We thought it appropriate to standardize
variance for POD of joint angles, since the complexity of control
should not change linearly with amplitude of motion, and decided
to use the same methods for joint angles and marker positions, for
ease of comparison.
2.4. Measuring changes in dimensional complexity with ﬂight speed
When the percentage of original motion captured by cumulative
POD modes is plotted against the number of modes used, the curve
asymptotically approaches 100%, until the motion is completely
described when all modes are included. As a summary statistic of
that curve for each POD analysis, we used the number of modes
required to describe 95% of the movement, x95%. To calculate this,
we made a spline ﬁt through the aforementioned curve, and
deﬁned x95% as the x-axis value where that function crossed 95%;
by our deﬁnition, higher x95% values indicate greater dimensional
complexity. To determine whether the kinematic dimensional
complexity of wing motions changed with speed, we carried out
linear regressions of x95% versus speed. This was done twice, once
for the motion of points and once for the motions of joint angles.
Because no two wingbeats were kinematically identical, it is
possible that the number of wingbeats could inﬂuence the
dimensional complexity of a trial. If so, trials with fewer wingbeats
would have lower x95% values than trials with more wingbeats. We
looked for this trend in our data to verify that treating all trials
equally, regardless of number of wingbeats, was justiﬁed.

Angle l–e–i
Angle d–e–l
Angle of e–f relative to the plane deﬁned
by c–d–e
Angle of e–i relative to the plane deﬁned
by c–d–e
Angle of e–l relative to the plane deﬁned
by c–d–e
Angle e–f–g

Angle e–i–j

Angle e–l–m

Angle f–g–h
Angle i–j–k
Angle l–m–n
9
>
>
>
>
>
>
>
>
= Spherical coordinates of o–p, relative to
the body-referenced x-axis (assumes no
>
>
>
> body roll)
>
>
>
>
;
Angle of a–b relative to the plane deﬁned
by o–p–q
Angle o–p–q

2.5. Testing the efﬁcacies of kinematic marker positions
We used POD to quantify the relative complexities of motion
revealed by varying numbers and positions of wing markers.
To assess dimensional complexity, we performed POD on every
possible combination of markers, from the two sternum markers
alone to the complete set of 17 markers. This required 215 ¼
32,768 separate POD analyses per trial. For each number of
markers, we sought the set that captured the highest degree of
dimensional complexity. We were unable to use x95%, however,
since for small numbers of markers, the x95% value is difﬁcult to
calculate due to the small number of points through which a
spline is to be interpolated. Instead, we used a value we call Px1:
the percentage of original motion captured by the ﬁrst POD mode.
Sets of markers that move independently of one another should
be characterized by a relatively low Px1-value. We used the mean
Px1-value for each marker set across the nine trials as an index of
dimensional complexity for that marker set.
Our two metrics, x95% and Px1 should be inversely related, with
the former increasing and the latter decreasing with increased
dimensional complexity, as deﬁned in Section 1.1.
2.6. Finding groups of joint angles that move together
We used POD to quantify the similarity of motion for all
190 pairs of joints (20 choose 2 ¼ 190). For each pair, POD was
performed on the t  2 matrix of joint angles, and Px1 was
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calculated. A cluster tree was then constructed using the average
linkage function in Matlab. The average linkage function uses
the unweighted average distance between all pairs of objects in
cluster r and cluster s according to the formula
dðr; sÞ ¼

nr X
ns
1 X
distðxri ; xsj Þ,
nr ns i¼1 j¼1

where nr is the number of joint angles in cluster r, ns is the number
of joint angles in cluster s, xri is the ith object in cluster r, xsj is the
jth object in cluster s, and dist is deﬁned as (1Px1). The result was
a dendrogram of joint angles that clustered joint angles based on
similarity of motion.

3. Results
3.1. Wingbeat kinematics
Flight speeds of C. brachyotis in the wind tunnel ranged from
3.2 to 7.4 m s1. Wingbeat frequencies (9.470.6 Hz, mean7S.D.)
were similar to those reported previously for other bat species
ﬂying in still air (Norberg, 1976a), and increased slightly with
increased ﬂight speed (frequency ¼ 0.33  speed+7.8; F ¼ 15.9;
n ¼ 9; r2 ¼ 0.69; P ¼ 0.0053). In slow ﬂight, the downstroke
brought the wing anteriorly and ventrally (forward and down),
and the upstroke moved it posteriorly and dorsally (backwards
and up). Low-speed ﬂight kinematics also included a wingtip
reversal on the upstroke, whereby the wingtip (h in Fig. 1) moved
backwards relative to the air around it. At higher speeds, the foreaft component of that motion was diminished, so that the wings
moved mostly dorsoventrally (up and down), and without wingtip
reversal. These kinematic descriptions resemble those reported
for other bats in previous studies (Aldridge, 1986).

From POD of marker positions, the ﬁrst mode described
31.472.8% (n ¼ 9) of kinematic movement, and the amount
of variation explained by subsequent modes decreased rapidly
(Fig. 3A). For any trial, seven modes were required to explain
480% of the motion, 11 modes were needed to explain 490% of
the motion, and 16 of the total 46 orthogonal modes were needed
to explain 495% of the motion. The mean x95% value for the nine
trials was 13.571.2. Using joint angles instead of marker
positions, 22.471.8% of motion was explained by the ﬁrst mode,
and the mean x95% value was 13.170.8 (Fig. 3B).
We found no inﬂuence of the number of wingbeats included on
Px1 (linear regression P ¼ 0.89). However, x95% values did increase
slightly with the number of wingbeats in a trial (x95% ¼
1.57  number of wingbeats+8.60; r2 ¼ 0.58; P ¼ 0.02). Depending
on whether one uses Px1 or x95% to measure dimensional
complexity, the number of wingbeats in each trial may or may
not need to be equal in all trials for them to be compared. To
equilibrate the number of wingbeats for all trials, while losing the
least possible information, one could discard a wingbeat from
both of the four-wingbeat trials, and the two-wingbeat trial
altogether. When we employed this procedure, the regressions
of Px1 and x95% with speed showed the same statistical trends
obtained with the complete data set (reported below). We
therefore elected to treat all trials equally in our analyses, and
did not weight them based on the number of wingbeats.
3.3. Changes in dimensional complexity with speed
Dimensional complexity varied little among trials, and did not
change signiﬁcantly with speed. For the marker position data,
ﬂight speed had no signiﬁcant impact on x95% values (x95% ¼
0.16  speed+14.28; r2 ¼ 0.04; P ¼ 0.61). Using joint angle data,
x95% values increased slightly with increasing speed (x95% ¼
0.30  speed+11.62; r2 ¼ 0.32), but not signiﬁcantly so (P ¼ 0.11).

3.2. Proper orthogonal decomposition
3.4. Testing the efﬁcacies of kinematic marker positions
Each mode resulting from POD of marker positions describes
a range of motion of the markers in three-dimensional space.
A convenient way to visualize the range of motion captured by any
given mode is to project the original motion of the markers onto
the subspace deﬁned by that mode (e.g. Bozkurttas et al., 2006).
When a linear coordinate system is used, the positions of each
marker in a POD mode lie on a straight line (Fig. 2). In this study,
projection of the wing kinematics onto the ﬁrst mode of POD
resulted in a simple ﬂapping motion of the wings. For slow ﬂights,
the wings moved up and down with a fore-aft component relative
to the body axis, and in faster ﬂights the motion contained less
fore-aft motion, and was restricted to up-down movement. These
trends mirror the decrease in the fore-aft component of wing
ﬂapping with increasing speed that we observed from the
kinematics.

For each of the 32,767 possible combinations of 1–15 wing
markers (3–17 body markers), we calculated Px1 for all nine trials,
and used the mean for each marker combination in analyses
(Fig. 4).
As expected, using more markers generally resulted in higher
dimensional complexity overall (lower median Px1-values), but for
a given number of wing markers, the positions of those markers
inﬂuenced the capture of actual dimensional complexity. Indeed,
there are many ways to increase the number of markers without
improving the capture of dimensional complexity at all, as
evidenced by the overlapping Px1-values in Fig. 4. Since it is
beneﬁcial for researchers to know the performance of each
marker combination tested, we provide that information, averaged for all nine trials as supplemental information to this paper

Fig. 2. Ventral view of paths taken by the elbow (light blue), wrist (green), foot (purple), and the tips of digits III (dark blue) and IV (red) for a bat performing three
consecutive wingbeats while ﬂying at 4.8 m s1: (A) the original kinematic data, captured by manually digitizing video images of the bat in ﬂight; (B) the same data, after
missing points were ﬁlled with a gap-ﬁlling algorithm and high-frequency noise was removed with a 50 Hz Butterworth lowpass ﬁlter; (C) mode 1 found by POD of the trial,
which contains 34.1% of the kinematic motion present in B; (D) mode 2, orthogonal to mode 1, that contains 23.2% of the kinematic data present in B; and (E) the
combination of the ﬁrst two modes, which combined demonstrate 57.3% of the kinematic motion. Note that only the motions of only ﬁve points are shown, but that each
POD mode describes a range of positions for all kinematic markers.
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Fig. 3. Percentage of motion described by the mth mode (red dots), and the cumulative total of percent motion described by modes 1 to m (black dots) from POD analysis of
the marker motions (A) and joint angles (B). Dots represent mean values for the nine trials, and error bars extend one standard deviation above and below the mean.
Complete kinematic reconstruction is denoted by the dashed black line at 100%. The mean 95% kinematic reconstruction (dashed red line) occurs at x95% ¼ 13.5 for marker
positions, and 13.1 for joint angles.
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Fig. 4. Percent recovery by the ﬁrst POD mode (Px1) for the 32,767 different marker combinations possible using both sternum markers and 1–15 wing markers. Each black
circle represents the mean value for a set of markers (n ¼ 9 trials), and each blue bar represents the median Px1-value for all marker position permutations with that
number of wing markers. Values are distributed on the x-axis according to the number of wing markers in each set. When six wing markers are used, the placement of those
markers can result in any of 5005 Px1-values, from relatively poor capture of kinematic dimensional complexity (where a single mode recovers 45.1% of the original motion,
to better capture of dimensional complexity (mode 1 recovers just 27.8%). The six marker sets corresponding to those Px1-values are shown. Wing marker conﬁgurations
from other studies are shown as red circles: (A) Lindhe Norberg and Winter (2006), (B) Bullen and McKenzie (2002), (C) Aldridge (1986, 1987a), and (D) Norberg (1976a).

(Supplementary Appendix A), and present the marker sets with
lowest Px1-values in Fig. 5. The marker positions used in other
selected studies of bat kinematics are shown as red circles in Fig. 4
for comparison.
Markers at the shoulder and hip (c and o in Fig. 1, respectively)
contributed substantially to the dimensional complexity of
kinematics (Fig. 5A). One possible explanation for this pattern is
that more muscle is interposed between the skin and underlying
skeleton at the shoulder and hip compared to other anatomical

markers, potentially leading to increased skin motion artifact.
Therefore, we also present optimal marker sets from those POD
analyses that excluded the shoulder and hip (Fig. 5B).
Our analysis demonstrates that the knee moves independently
relative to forelimb markers, and that the ﬁfth digit contributes
relatively little motion that is independent of other parts of the
wing. These trends are revealed by the consistent appearance of
the former and absence of the latter from anatomical marker sets
of lowest Px1-value for a given number of markers. We observe
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Fig. 5. (A) For each number of wing markers, 1–15, the set of markers that captures the greatest dimensional complexity is shown. Since the shoulder and hip may have
moved independently of other markers due to skin motion artifacts, we also show (B) the optimal sets that exclude those points, using 1 to 13 wing markers.
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Fig. 6. Dendrogram of joint angles, calculated using the methods described in Section 2.6. Three groups of joint angles, each of which contains joint angles that move in a
correlated manner, are shown in red (group 1), blue (group 2), and green (group 3). Joint angles are deﬁned in Table 1.

these trends whether the shoulder and hip are included or
excluded during analysis.

3.5. Assignment of joint angle groups
Correlations of motion (mean Px1-values) among the 190 joint
angle pairs varied, with a left-skewed distribution (min 51.1%, max
83.2%, median 59.3%). Using a similarity threshold of 0.7, we
found three groups of joint angles based on the cluster analysis
(Fig. 6). The ﬁrst group (joint angles 3, 6, 7, 11, and 12) includes
the angles between digit V and its neighboring long bones (the
forearm and digit IV), along with the metacarpophalangeal angles
of digits III and IV, and rotation of the humerus. The second group
(joint angles 4, 8, 9, and 10) includes the carpometacarpal angle of
digits III, IV, and V, along with the elbow angle. The third group
(joint angles 1, 2, 17, 19, and 20) includes the elevation/depression
(dorsoventral) and protraction/retraction (craniocaudal) of the
humerus, the elevation/depression of the femur, femoral rotation,

and the knee angle. By plotting the changes in each joint angle
over the course of a representative trial (scaled to equalize
standard deviation of joint angle amplitude), the similarity of joint
angles within each of the three groups is immediately visible
(Fig. 7).

4. Discussion
By delineating the wing kinematics of a ﬂying bat in terms
of quantitative dimensional complexity, we processed complex
motion to uncover three functional groups of joint angles that
should be useful in a broad variety of contexts, including
morphology, aerodynamics, and neurobiology. Each group consists of joint angles that move in highly correlated ways during
steady ﬂight, and provides a starting point to discern functional
units of aeromechanic or neuromuscular relevance for bat ﬂight.
For example, these may reﬂect muscle synergies, analogous to
those described in other systems (Tresch et al., 2006). Where

ARTICLE IN PRESS
D.K. Riskin et al. / Journal of Theoretical Biology 254 (2008) 604–615

611

joint angles in group 1
joint angle 3
joint angle 6
joint angle 7
joint angle 11
joint angle 12

joint angles in group 2
joint angle 4
joint angle 8
joint angle 9
joint angle 10

standardized joint angles

joint angles in group 3
joint angle 1
joint angle 2
joint angle 17
joint angle 19
joint angle 20

other joint angles

joint angle 5
joint angle 13
joint angle 14
joint angle 15
joint angle 16
joint angle 18

0.00

0.05

0.10

0.15
0.20
time (s)

0.25

0.30

Fig. 7. Twenty standardized joint angles of a ﬂying bat over time for a single trial, at 4.4 m s1. Downstrokes are shown in gray. Note that joint angles within each group are
tightly correlated. To standardize each joint angle, we have subtracted the mean joint angle over the course of the trial from each value in the time series, then divided each
value in the time series by the standard deviation of that joint angle in the trial. Some joint angles (2, 3, and 5) were then multiplied by 1 to facilitate the comparison of
their motion with that of other joint angles. Joint angles are deﬁned in Table 1.

accurate kinematic reconstruction is the goal, our results
demonstrate that in addition to the commonly used kinematic
markers on the wing, the hindlimb should be tracked, and that
several parts of digits III and IV must be tracked independently.
Also, we found that the bat changed the dimensional complexity
of motion only slightly with changes in speed, even though the
motions of the wings changed in a way that resulted in different
ﬂight speeds.

4.1. Quantiﬁcation of dimensional complexity
To completely describe the motions of 17 independent markers
on a ﬂying bat in a body-referenced linear coordinate system
requires 46 variables. Using POD, 95% of that motion was
described by no more than 16 modes, roughly one-third the total
number of variables. Using joint angles, capture of 95% of motion
required 15 modes, almost three quarters of the 20 joint angle
variables. So how ‘complex’ is bat ﬂight? Can the dimensional
complexity of bat ﬂight be empirically quantiﬁed?
We emphasize that the overall trends exhibited by changes in
x95% and Px1 are more meaningful than the numerical values
themselves, because there is no empirical scale against which to

compare these numerical values to the dimensional complexity
of other systems. Within this system, Px1 varies substantially
according to the anatomical locations of markers (Fig. 4).
Numerical results from future studies on bats could be compared
with our results only if markers in those studies are placed in the
same locations, and this anatomical speciﬁcity prohibits numerical comparison of bat ﬂight kinematic complexity with the
complexity of locomotion in organisms with different limb
structure. Our methods are most useful where changes in
dimensional complexity are to be analyzed within a single system.
The arbitrary nature of the numerical values obtained by our
methods is further evidenced by additional analyses of our data,
not presented here, which demonstrated that x95% and Px1 are
inﬂuenced by input choices such as whether a body-referenced or
global-referenced coordinate system is used, whether a linear or
spherical coordinate system is used, and whether or not variances
of different marker motions are standardized before singular
value decomposition is performed. Adjusting these user inputs on
our data resulted in similar trends from POD, such as independence of dimensional complexity and speed. However, numerical
values varied substantially depending on how the data were
treated. For example, we reported a x95% value of 13.571.2 for
marker positions in the nine trials in this study, but had we not
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standardized variance before performing POD on the same data,
the outcome would have been 8.771.3.
Also, the speciﬁc population of marker positions that made up
the marker sets of lowest Px1-values differed depending on how
the data were treated before POD was performed, but similar
trends emerged. For example, the lowest Px1-values of twomarker sets consistently included one marker on the distal wing
(wrist or wingtip) and one on the shoulder or hindlimb. We are
therefore conﬁdent of our observation that marker motions at the
shoulder and hindlimb are independent of those on the wing, and
that this conclusion is not simply the arbitrary result of the
coordinate system used.
x95% and Px1 are different characterizations of the cumulative
distribution of eigenvalues across the matrices that result from
POD of a dataset. Although x95% is somewhat meaningless for twoor three-dimensional matrices, we prefer to use x95% where
possible, because it reﬂects a greater portion of the distribution
than does Px1. For relatively few dimensions, however, we used
Px1. When one employs two different descriptors some distributions might appear dimensionally complex by one metric and not
the other, but overall we expect these two metrics to demonstrate
a substantial inverse correlation. We calculated these two values
for all 32,767 permutations of 1–15 markers, for all nine trials
(total ¼ 294,903), and found the two to be inversely correlated
(linear r2 ¼ 0.45). These metrics, then, are not interchangeable,
since apparent dimensional complexity by one metric cannot
be inferred precisely from the other. In this study we have used
x95% where possible, and not used the metrics together for any
analysis.

not capture the kinematic dimensional complexity of threedimensional motion at those anatomical locations.
Aldridge (1986, 1987a) used ﬁve markers: the wrist and the
tips of digits II, III, IV and V. We did not track the tip of digit II in
this study, but it lies very close to the second marker we placed on
digit III. The Px1-value for Aldridge’s marker set (replacing our
second marker on III for his marker on II) is 41.6%, suggesting
relatively low-dimensional complexity compared to the complete
range of ﬁve-marker Px1-values in this study (27.4–45.4%).
Norberg (1976a) tracked six of our markers: elbow, wrist, tip of
digits III, IV, and V, and the foot. She also tracked the tip of the tail
in that study, but the bats in our study have no tail, so we omit
that marker from comparison. The Px1-value for her marker set
(36.4%) is near the middle of the range of possible Px1-values
obtainable from six-marker data sets (27.8–45.1%).
The tendency of researchers to choose points of intermediate
dimensional complexity suggests that correlations among anatomical marker positions are not intuitively discernable, or that
independence of motion is not an important criterion for marker
selection in other studies. The marker sets with highest dimensional complexity in our study tracked motion of digits III and IV
independently, and at more than one position along each of their
lengths. Typical kinematics studies follow only the tips of one, or
occasionally both, of these digits (e.g. Aldridge, 1986; Lindhe
Norberg and Winter, 2006). It is unclear how this reduction of
dimensional complexity has affected our understanding of bat
ﬂight aerodynamics or energetics, but based on our results, we
advise that future studies on bat wing maneuvers include several
markers along each of those digits, where possible. Whether or
not tracking multiple parts of the wing is necessary in studies
of birds or insects could also be investigated using our methods.

4.2. Selection of marker sets for studies of kinematics
4.2.1. Number of anatomical markers to be used
Our results demonstrate, perhaps not surprisingly, that
following more markers tends to increase the dimensional
complexity of motion captured, so tracking the motions of as
many parts of the wing as possible is surely the best possible
strategy for kinematic studies. However, the time required to track
large numbers of markers is substantial, especially where markers
appear and disappear from view throughout the wingbeat cycle,
as they do for the folding wings of bats, making computer autotracking difﬁcult. And, while this cost of adding more markers
increases somewhat linearly, the beneﬁt of more and more
markers plateaus. For large numbers of markers (4ca. 9), the
improvements in median dimensional complexity values associated with increased numbers of markers is smaller than it is for
small numbers of markers (o4, for example; Fig. 4). Importantly,
the addition of some markers will improve dimensional complexity more than others will. It is our hope that the information
presented here will help researchers choose what parts of the
wing should be tracked for their purposes (Supplementary
Appendix A).
When we compare optimum marker sets as determined by
POD to anatomical landmarks used for kinematics research in
previous studies, we ﬁnd that workers have tended to choose
marker sets that exhibit intermediate dimensional complexity.
Where only two wing markers are used, our Px1-values range from
32.8% to 47.2%. Lindhe Norberg and Winter (2006) tracked the
thumb and wingtip, capturing roughly the midpoint (Px1 ¼ 40.3%)
of the Px1-values possible using that number of markers. Bullen
and McKenzie (2002) also used two markers, the shoulder and
wingtip (Px1 ¼ 33.0%). Although the Px1-value for the Bullen and
McKenzie marker set is close to the optimal two-marker set we
found (shoulder and wrist Px1 ¼ 32.8%), it should be noted that
their analysis was limited to one camera view, and therefore did

4.2.2. Hindlimbs
Effective marker sets also revealed that the hindlimb moves
independently of the rest of the wing. The hindlimb is rarely
included in kinematic studies, though it may have signiﬁcant
aerodynamic effect because it anchors the caudal wing. Indeed,
airplane wings have many of their control mechanisms at the
trailing edge of the wing. Bats are unique from birds in the
participation of the hindlimb with the ﬂight apparatus, and may
therefore employ active control of tension and posture at the
trailing edge that is not possible for birds. Also, the hindlimbs are
actively used by bats during terrestrial locomotion (Riskin et al.,
2005, 2006; Riskin and Hermanson, 2005), so their musculoskeletal architecture is available for recruitment during ﬂight.
Tracking the position of the hindlimb during ﬂight is a ﬁrst step
toward elucidating a possible active role for the hindlimb, and
electromyography (EMG) of the hip and hindlimb musculature
would further clarify the mechanistic basis for independent
motion of the hindlimb from the rest of the wing.
4.2.3. Hip and shoulder
A consistent trend in our data was that when the shoulder or
hip was included in POD of a marker subset, the kinematic
dimensional complexity was high. In other words, movements of
the hip and shoulder joints are more weakly correlated to the
motions of other wing markers than wing marker motions are to
one another. We speculated that one possible source of their
independence of motion from the other parts of the wing could
be skin motion artifacts, since those markers were separated
from the underlying joints by relatively thick layers of muscle
compared with other wing markers. However, that independence
might also have resulted from the three-dimensional skeletal
morphology of those joints; each ball-and-socket joint has three
degrees of freedom of motion, while the majority of the more
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distal wing joints each bend more or less along one axis,
controlled by a smaller, simpler set of muscles, in some cases
reduced to a single ﬂexor and extensor pair (Humphry, 1869;
Macalister, 1872; Vaughan, 1959). Indeed, the shoulder is
controlled by a complex suite of muscles, and experimental
studies have demonstrated unique patterns of activation in each
of 17 different shoulder muscles (Hermanson and Altenbach, 1983,
1985). A similarly large number of muscles cross the hip
(Humphry, 1869; Macalister, 1872), but their patterns of activation
are not known. The relative inﬂuences of skin motion artifacts and
actual kinematic independence on the observed kinematic
dimensional complexity of motion will soon be quantiﬁable,
thanks to emerging three-dimensional cineradiography techniques (Brainerd et al., 2007).

4.2.4. How much dimensional complexity is needed?
Without sufﬁciently reproducing the dimensional complexity
of ﬂight, models will be unable to accurately explain the
aeromechanics of actual organisms. What level of ﬁdelity is
necessary, however, is not known. Many current models of bat
ﬂight treat airﬂow over the wings as laminar and steady (Norberg,
1987; Norberg and Rayner, 1987; Rayner, 1999), but recent particle
image velocimetry results from ﬂying bats point to a wake pattern
that varies in complicated ways both spatially and temporally
(Hedenström et al., 2007; Tian et al., 2006). Also, leading-edge
vortices (LEVs), once thought to be irrelevant to bat ﬂight have
recently been detected for ﬂying bats (Muijres et al., 2008),
suggesting that the aerodynamics of bat ﬂight are far more
complex than once believed. To accurately determine the precise
mechanisms of lift and thrust production, models of the wing
motions of bats should be reproduced faithfully, conserving as
much dimensional complexity as possible. Bozkurttas et al. (2006)
have demonstrated that for the reconstruction of ﬁsh pectoral ﬁn
movements, three POD modes (67% of the original motion)
produce 92% of the thrust that results from the original motion.
Their analysis, however, included 300 kinematic markers on a
single ﬁn. For bat ﬂight, a small number of POD modes might also
be sufﬁcient, but the efﬁcacy of a reduced-dimension model may
well be compromised by omission of certain parts of the wing.
In the future, we can look forward to understanding what parts
of the wing are most relevant to a particular line of investigation,
so that only a small number of kinematic markers is necessary, but
until the mechanisms of aerodynamic force generation in bats are
better understood, or until the contribution of each muscle
involved in ﬂight control is uncovered, one should follow as
much of the wing as one can. Our results on the interdependence
of marker motions are useful guides to selecting limited marker
sets, where the goal is to maximize kinematic information per
marker, especially in the absence of robustly supported hypotheses about which parts of the body are of greatest functional
importance.
Our study is limited to a single individual of a single species, so
the optimal marker sets we discuss might well not be optimal for
other bats. In general, the ﬂight kinematics in C. brachyotis are
similar to those reported for other bat species, so our suggested
marker sets are likely helpful regardless of species, but as ﬁnescale kinematics studies reveal kinematic differences among
species, species-speciﬁc optimal marker sets can be prescribed
using our method.
Finally, the 17-marker conﬁguration we employed in this
analysis did not include markers on the free membrane, where
kinematics are sure to have important aerodynamic effects,
especially at the leading edge and trailing edge of the wing. The
motion of the membranes cannot simply be interpolated based on
the bone positions. The skin exhibits non-linear elasticity and
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anisotropy (Swartz et al., 1996), so even a uniform aerodynamic
force could produce a variable billowing of the wing membrane
that depends on local mechanical properties, the degree to which
it is already strained, and on the inﬂuence of the plagiopatagiales
muscles within the membrane itself (Holbrook and Odland, 1978).
Future work based on an even larger marker set may shed more
light on the actual dimensional complexity of bat motion beyond
what is captured by our 17-marker set.

4.3. Functional groups of joints in the ﬂight apparatus of bats
Several papers concerning the aerodynamics of ﬂight in bats
treat wings as non-ﬂapping extensions of the body, with a ﬁxed
shape that can be described in two dimensions (Norberg, 1987;
Norberg and Rayner, 1987). However, the actual shapes of wings
change in three dimensions throughout a wingbeat cycle, and we
have shown that wing kinematics require around 15 independent
dimensions to be described with 95% accuracy. This leaves
researchers wishing to use bat wing kinematics for modeling
purposes to choose between almost certainly over-simpliﬁed
models on the one hand, or characterizations of bat ﬂight that
may be too complex for functional relationships to be resolved.
We present three groups of joints that are of particular value for
characterizing bat wing motions using a relatively small number
of dimensions. In studies where researchers wish to know the
inﬂuence of some independent variable on ﬂight kinematics, we
suggest using one representative joint angle from each group as a
starting point, since those three joints would then give information about 14 of the 20 joints angles that we measured.
There are several possible reasons that joint angles change
together in groups. First, actuation of multiple joints may be
controlled together; a muscle-tendon ‘group’ may cross more than
one joint, or groups of muscles may be innervated by a single
motor pool from the nervous system (Burke, 1978; Goslow, 1985).
Either mechanism could lead to patterns of correlated joint
motion. Second, the motions of some joints inﬂuence motion at
other joints because the wing membrane is a single continuous
structure; full extension of a single digit, for example, might not
be possible if the neighboring digits are folded. Third, different
parts of the wing surely need to move together for changes at any
one of them to effectively generate aerodynamic force, or for ﬂuid
structures along the wing, such as LEVs, to be maintained. In this
scenario, effective ﬂight performance may require portions of the
wing with neuromuscular and structural independence to move in
strict relation to one another. These three explanations are in no
way exclusive, and any or all of these explanations may underlie
the existence of highly correlated clusters of joint angles.
Alternatively, it is possible that these functional groups
emerged by chance—that there is a random distribution of
correlations among the joints, and we simply picked the most
tightly correlated—but this is unlikely. Had this been the case, we
would expect the members of a group to be distributed somewhat
randomly across the wing. Instead, we ﬁnd that our groups occur
close to one another anatomically. We therefore consider these
groups good candidate functional units for models intended to
simplify the complex kinematics of bat ﬂight.
A simpliﬁed way to report our results from analysis of
temporal correlation among joints to specify three coherent joint
assemblages: (1) wing spreading and ﬁnger-bending (2) angle
of the wrist relative to body pitch and elbow bending, and (3)
actuation of the medial portion of the wing by the shoulder, hip,
and knee. A simpliﬁed model that moved the joints within a group
as a unit might have just one degree of freedom per group, but
describe a great deal of motion present in an actual bat wing
during ﬂight.
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The composition of joint angles in the ﬁrst group demonstrates
that the ﬁngers are not spread in unison during ﬂight; the angle
between digits III and IV changes with different timing from the
spread among digits IV, V, and the forearm. Similarly, bending at
the mid-digital (metacarpophalangeal) joint does not occur in
synchrony among all digits. While metacarpophalangeal bending
of joints III and IV is tightly coupled, this pair moves independently of metacarpophalangeal joint V. This might facilitate bulk
movement of air along the surface of the wing during a wingbeat
cycle.
That the three carpometacarpal angles in group two move
together simply means that metacarpophalangeal ﬂexion/extension occurs in synchrony for digits III, IV, and V. Indeed, their
amplitudes of motions are similar, and the membrane between
them moves like a ﬂat surface hinged at the wrist throughout the
wingbeat cycle. In this sense, modeling the portion of the wing
closest to the wrist as a simple ﬂapping plate may be appropriate
for many kinds of studies. Interestingly, this ‘plate’ moves in
synchrony with elbow angle.
The third group consists of motion of the wing at the regions
where it attaches to the body. This includes motion at the
humerus (craniocaudal and dorsoventral motion), and the hip
(craniocaudal, dorsoventral, and rotational movements). This
group of joints is more likely to move together for aerodynamic
reasons than for musculoskeletal ones, since the branches of the
CNS innervating the fore and hindlimbs are distinct. Airﬂow over
the proximal wing likely requires correlated motions at the
leading and trailing edges of the wing.

be simpliﬁed in a meaningful way. Our methods should also be
applicable to other kinematic studies, where simpliﬁed models
are desired.
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