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Abstract

Polarimetric video is currently utilized for object de-
tection and 3D inference. We demonstrate further novel
analyses and applications of the polarization phenomenon.
The first effort here described utilizes a physics-based
model for emission polarization in the long-wave infrared
band to segment the pixels in each frame into classes
representing different materials in the scene. In the second
effort we are able to classify human actions without per-
forming a segmentation but, by leveraging the polarization
information.

I. I NTRODUCTION

Usage of video capture devices in arenas such as security
has afforded an added temporal facet to traditional remote
sensing. Separately, the addition of multi and hyper-spectral
imaging devices have further improved the diversity, and thus
the utility of the resulting data for decision making. The two
ideas have recently been merged via the conjunction of video
data collection in multiple wavelengths with polarimetric sen-
sors. The resulting data is video of the traditionally collected
intensity information, as well as the polarized status of the
incoming radiation. An example of a current application that
could possibly benefit from this extension is human activity
analysis. Approaches to this problem can be characterized by
the scale at which they operate. In this effort, we focus on the
actions performed by humans, e.g. walking. This is a more
coarse scale than that ofatomic-actions, e.g. raising a foot,
and finer than that ofactivities, e.g. walking to the car. In
infrared video, thermal diversity may be limited to the extent
that objects of interest may be indistinguishable from other
elements of the scene. In such a situation, current human
action classification techniques are unable to perform due
to the lack of a correct segmentation. Information about the
polarization of the scene adds sufficient diversity to perform
such a detection/segmentation.

The first effort here described utilizes a physics-based model
for emission polarization in the long-wave infrared band to
segment the pixels in each frame into classes representing
different materials in the scene. While this is a computationally
intense process, the segmentation is useful as input to other
algorithms for further processing. However, the additional
polarization diversity is sufficient to perform the action clas-
sification without the detection/segmentation process.

In the second effort, we distinguish between, and classify
three actions: walking, walking while carrying a heavy load,
and running. By utilizing higher order statistics of the polar-
ization diversity as features we are able to classify the actions
without segmenting the human actors from the remainder of
the scene.

The data used for testing was a polarimetric infrared video
dataset consisting of videos of 20 individuals performing two
actions (walking and walking while carrying a heavy load)
in three separate instances and an eight individuals running
in three separate instances (a total of 148 sample actions).
Each scene was comprised of between five and ten materials.
The data was captured from instrumentation mounted on a
simulated low-flying platform.

The remainder of this paper is structured thus: Section
II gives a brief overview of previous efforts related to our
contribution, Section III describes the exploited phenomena,
Section IV contains details about the sensor and resulting
collected data, Section V describes the information extraction
process and ensuing calculations and concluding remarks are
in Section VI

II. RELATED WORK

Polarization has been of interest for many years [1], [2]. It
has been utilized for modelling [3]–[5], communications [6]
and many RADAR-related applications [7]–[11]. In this work,
we consider the polarization of a different wavelength signal
and novel applications thereof: polarimetric long-wave infrared
(LWIR) video.

While much of the current work in polarimetric LWIR
video focuses on the development of the sensors and post-
processing methods, some application efforts have surfaced in
the last few years. The detection of manmade objects [12]–
[14] is of great interest due to the strong polarizing nature of
manmade surfaces. Some efforts have also been made in the
3D reconstruction [15], [16] and discrimination of such objects
[17], [18]. Much work has been done toward automated target
detection and tracking [19]–[26]. While some efforts have
utilized LWIR for human detection [27] and human action
classification [28], no such efforts have, however, been made
using polarimetric LWIR video.

An entire field of study, ellipsometry, centers around ob-
serving the polarization of reflections and emissions of elec-
tromagnetic waves from target materials. For reflections, the
subject materials are illuminated whereas for emissions they
are heated. Both the intensity and polarization states of the
reflected/emitted waves are observed such that the response
of the material is sampled in a hemispherical pattern centered
on the subject material. By studying these observations one
can discern properties of the materials, e.g. the index of
refraction. Numerous physics-based parametric models [29]–
[32] for electromagnetic wave emissions have been proposed
and applied [33] to match the data collected through such
studies. In the first work described here, we propose a means
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to distinguish between materials in a scene of the micro-
polarimeter video. This is accomplished by fitting one of
the more recent [16] models to the observed data via the
parameters. Thus, the parameters of the material that produced
the data were attained.

Segmentation of images in modalities operating in parts of
the spectrum outside the visible range, and the subsequent
study of the corresponding response of materials in those
ranges, are not new (e.g. hyperspectral remote sensing). Exist-
ing techniques, however, focus on the problem strictly as an
image processing problem. We propose a novel contribution
of combining the physics-based emission polarization model
and the collected video data for similar applications. The
difficulty of this task lies in the unknown number of materials
present in the scene. Not only are the parameters of the
materials composing the scene unknown, but also the number
of materials. This difficulty is addressed via statistical analysis
techniques in the space of parameters. With the assumption
that the materials are unchanged in a single scene, it is possible
to utilize all the data collected over the entire length of a single
video to characterize the constituents. Once this parameter
estimation is completed for the different materials in the scene,
the frames are segmented by material.

The second contribution of this effort focuses on the phe-
nomenon of human activities. We are able to distinguish
between actions in different video sequences, each showing an
individual performing one of several possible activities, and
subsequently classify the actions. Statistical calculations for
activity recognition solely based on the data have been difficult
due to the variation in texture, illumination, occlusions, etc..
While we do not address occlusion in this work, we do
consider texture and illumination. As in Section IV-B, data in
the LWIR spectrum is benefited by the lack of shadows and
slow changes in intensity. This is equivalent to circumventing
the illumination problem with traditional visible spectrum
observation. The issue of textural diversity is, however, still
exhibited. The polarization information of the scene becomes
advantageous for this obstacle. In the data collection utilized
for this work, the background is a gravel lot that is stationary
with respect to the observer.

The significance of this analysis also lies in exploiting a
novel sensing modality: long-wave infrared (LWIR) polarimet-
ric video. The novelty of the LWIR micro-polarimeter array is
its real-time video capture of the polarization diversity of the
electromagnetic waves observed in the thermal sub-band. In
the past, such polarization data has only been available for still
scenes captured at separate instances in time: a polarization
filter was placed between the scene and the sensor, an image
was collected and the filter was rotated in preparation for the
next image collection. The added sequential nature afforded
by the advent of video to this modality allows time-series
analysis techniques to be applied. This approach proved viable
for leveraging the discriminatory properties of polarization
diversity for the problem, with respect to material composition
and surface structure, in contrast to the traditionally complex
preprocessing techniques common to video analysis.

Human action analysis, as a specific problem in remote
sensing and an application of computer vision, is an important

focus of much current research [34]–[36]. While no standard
definitions have been formulated, a common taxonomy utilized
to distinguish between varying scopes of study is emerging.

1) An action is a simple, low-level motion such as “raising
an arm” or “walking.”

2) Activitiesare combinations of actions, e.g. “waiting for
a bus.”

3) An instant where multiple individuals perform a variety
of activities is called anevent, e.g. a football game.

4) A behavior is a pattern in an individual’s or group’s
activities.

Many techniques and approaches have been implemented
to tackle the problem of detecting, recognizing, identifying
and then exploiting human action descriptions. A recent re-
view [37] separates the approaches into two main categories:
“single-layer” and “hierarchical”. The latter category contains
techniques that describe human activities by examining layered
deconstructions of those activities. From those deconstruc-
tions, the classification for the activity is determined. Efforts
in this category can be more specifically described by the
approaches they use to describe and combine the decon-
structed pieces: statistics/Hidden Markov Models (HMM’s)
[38], syntactic grammar organizations [39], [40] or atomic-
actions/subevents [41], [42].

In contrast, the single-layer techniques directly utilize im-
ages or video to conclude the activities’ classifications. In
[37], the single-layer approaches are further divided into
space-time and sequential approaches. This segregation is
performed via the method with which the efforts manage the
temporal dimension of the data. Space-time approaches treat
the temporal dimension as a third spatial dimension in that
a video of an action is analyzed as a volume [43]–[46] or
as local features [47]–[49] or trajectories within that volume
[50]–[52]. Sequential methods abstract the input videos as
sequences of measurements from which feature vectors are
extracted. These features are used to classify action sequences
by either updating a state model that is compared to a trained
state sequence for each action [53]–[55] or by comparing them
to templates of expected action sequences [56]–[58].

Due to the discrete nature of the action categories, a
signature-based approach is explored to distinguish the set of
all action primitives. Since the goal of this effort is to classify
actions, a single-layer space-time approach is chosen over the
added complexity of the hierarchical methods. Our approach,
in addition to being a single-layer approach, intuitively ap-
pealing in using statistical analysis afforded by the data-type.
Many current techniques require considerable preprocessing
to provide suitable data on which they may operate. These
preprocessing stages consist of a multitude of tasks ranging
from user input such as the initial location of a subject’s
extremities which in turn depend on “perfect” segmentation
of the subject in each frame of an image sequence.

III. B ACKGROUND

A. Polarization of EM Radiation

1) Electromagnetic Wave Equation:In general, an electro-
magnetic (EM) wave traveling in a direction ‘z’ is represented
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Figure 1. The E-field component of an EM wave rotates about the transverse
axis and thus traces an ellipse in the plane of rotation. This wave,E, can be
decomposed into orthogonal componentsEX andEY .

Figure 2. The polarization ellipse with the labelled parameters(From [60]).
E0x andE0y are the amplitudes of the corresponding orthogonal constituent
waves,ξ andη are the major and minor axes of the ellipse,ψ is the angle of
polarization andχ is the angle of ellipticity.

by the superposition of two plane-waves also traveling in the
z-direction as described by the following equation and shown
in Figure 1,

~E(z, t) = ~EX(z, t) + ~EY (z, t). (1)

Following the derivation in [59], we can rewrite the con-
stituent waves~EX(z, t) and ~EY (z, t) in terms of amplitude
E0∗ , frequencyω and phase differenceδ, as in Eqs. (2) and
(3), whose ratio yields an equation of an ellipse, as shown in
Eq. (4), the equation of an ellipse:

~EX(z, t) =~ıE0X
cos(kz − ωt), (2)

~EY (z, t) = ~E0Y cos(kz − ωt + δ), (3)
(

EY

E0Y

)2

+

(
EX

E0X

)2

−2

(
EX

E0X

)(
EY

E0Y

)

cos(δ) = sin2(δ).

(4)
As indicated by the above equations, a propagating elec-

tromagnetic wave will have some rotation about the z-axis,
and will thus trace out an ellipse (Fig.2) in the plane of
rotation, as shown in Fig.1. For different values ofE0X

,
E0Y

, andδ (the phase difference between the two orthogonal
waves), the ellipse will have different shapes. There are
certain states, called degenerate states, that are produced for
a certain parameter value of interest, which act as a basis by
which any generally polarized waveform may be completely
described (Fig.(3)). That is precisely what the Stokes’ vector
representation exploits.

2) Stokes’ Vector Relations:Stokes [61] proposed a con-
venient means to describe incoherent polarized light in the
form of a vector (or a set of parameters), S. This idea was
particularly novel for interpreting each parameter as a measure
of the “preference” of the observed light in a certain direction
of polarization. The vector comprises four entities:

Figure 3. The degenerate states of the polarization ellipse with conditions
(From [60]).E0x andE0y are the amplitudes of the corresponding orthogonal
constituent waves, andδ is the phase difference between those waves.
From top-left, proceeding clockwise: linear horizontal polarized (LHP), linear
vertical polarized (LVP), linear−45◦ polarized (L-45P), left circular polarized
(LCP), right circular polarized (RCP), linear+45◦ polarized (L+45P).

• S0 - intensity,
• S1 - horizontal preference,
• S2 - +45o preference,
• S3 - right circular preference.

In this formalism the intensity parameterS0 is, for example
in imaging, the gray-scale picture one would normally capture
with a camera. The preference images (parameters, elements,
etc.) are relations between pairs of degenerate states represent-
ing the observed light, e.g. the horizontal preference (S1) is the
difference in intensities of the horizontal (LHP) and vertical
(LVP) degenerate states which characterize the observed light.

Another advantage of the Stokes’ vector formalism is the
ease of calculation from readily measurable phenomena. By
observing light through a linear polarizing filter at various
orientations, one can observe the representative degenerate
states, as shown in Fig. (3), from which the Stokes’ vector may
be determined. These images are denoted byIφ, whereφ is the
angle corresponding to the orientation of the linear polarizer’s
transmission, measured clockwise from the horizontal. Eqn.
(5) relates the Stokes’ vector representation (S) to the collected
image representation (Iφ) and also to the orthogonal linear
(EX ,EY ) basis (whereδ is the phase difference invoked in
Fig.(3)):
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(5)

The above equations only hold true for completely polarized
EM waves. Naturally occurring EM waves are, however,
not completely polarized, but are partially polarized. This
is tantamount to saying that they can be represented as
the summation (S′) of polarized (Sp) and unpolarized (Su)
components weighted by a valueP ∈ [0, 1], the degree of
polarization (DoP).
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S′ = (1 − P)Su + PSp = (1 − P)
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0
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. (6)

Historically, two variables/features have been used to char-
acterize and to explore the polarization phenomenon:ψ andP .
On one hand, the angle of polarization,ψ (Eqn. (7)), is directly
observed on the polarization ellipse, on the other, the degree
of polarization (DoP,P) is a derived feature. In conditions
lacking circular polarization, which is most often the case in
passive sensing settings [62], the DoP is well approximated
by the degree of linear polarization (DoLP), as shown in Eq.
(8) also denoted byP .

AoP = ψ =
1
2
tan−1

(
S2

S1

)

, (7)

DoLP = P =

√
S2

1 + S2
2

S0
. (8)

To promote the development of our algorithm, we employ a
model of the above described physical phenomenon.

B. Physics-based Model of Emission Polarization

Observed radiance can be represented as a Stokes vectorL
and thus related as a function of the irradiance of the object,
Stokes vectorE, and the4×4 Meuller matrixf , through which
the irradiance is transformed:

L = fE (9)

This f matrix is a general representation of any optical
element but, in our setting, represents how the material of
an object transforms the irradiance before it is observed as
radiance. Such a matrix can be modeled via a bi-directional
reflection distribution function (BRDF), a statistical means
of describing the material of the object and its response at
different wavelengths (λ), producing fpBRDF (λ, θ, φ, n, k).
Here, the θ and φ are the angles representing the three-
dimensional orientation of the observation with respect to the
normal of the object’s surface.

In [32], a polarimetric BRDF (pBRDF) model, based on the
micro-facet model of Torrance and Sparrow [63], for LWIR
emissions is presented. It has since been generalized in [64]
to a combination of probabilistic distributions with tunable
parameters.

Since the natural occurrence of circular polarization is
commonly known to be negligible [62], it is only necessary
to consider the unpolarized and linearly polarized components
of the Stokes vectors. Additionally, in the setting of emission
polarization, the irradiance from within an object is typically
considered unpolarized and can be modeled as a black body
irradiator. These simplifications lead to the following form:

L = fE =






S′
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S′
1

S′
2
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f00 f01 f02
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0

0




 (10)

whereS0 is the irradiance of the object (e.g. a function ofλ
and temperature for black body models) andS′ is the observed
radiance. From the pBRDF models, the components off can
be manipulated to produce a model forP , denotedP̂ , mapping
the parameters of the component distributions to an estimate of
P . It is this model estimate,̂P(θv(θ, φ), n, k), that we utilize
(Eqn. 11), as derived in [65].

P̂ =
2Asin2(θv)cos(θv)

A2cos2(θv) + sin4(θv) + B2cos2(θv)
, (11)

where the functionsA and B are defined in terms of the
function θv(θ, φ) as follows:

A(n, k, θv) =

√√
C + D

2
, (12)

B(n, k, θv) =

√√
C − D

2
, (13)

C(n, k, θv) = 4n2k2 + D2, and (14)

D(n, k, θv) = n2 − k2 − sin2(θv). (15)

From this representation of̂P , given a sufficient sampling of
P , we can compute candidate values forn andk to distinguish
between materials in a scene.

C. Statistical Analysis Tools

Here we briefly cover some rudimentary statistics utilized
in a portion of this work.

Consider a vectorx ∈ Rn of n samplesxi, i ∈ [1, n],
from a continuous random variablex ∈ R. One alternative
approach to describing a probability distribution functionf(x)
of x is via its statistical moments. These moments quantita-
tively describe the shape of a distribution so as to facilitate
its classification and identification. Thekth moment of the
function f(x) centered about the valuec is described by Eq.
(16),

μk =
∫ ∞

−∞
(x − c)kf(x)dx. (16)

The mean, or expected valueμ = E[x], of a random
variable can be described as the first moment of the distribution
centered about zero. Moments centered about the mean of
the variable are called “central moments”. This makes the
central moments dependent only on the shape and scale of the
distribution. Of particular focus in this effort are standardized,
central moments that have been normalized by thekth power
of the varianceσ. Here, again, a level of invariance is added
to the moments, in that standardized moments are strictly
influenced by the shape of the distribution, and not on the
location or scale. Commonly, in conjunction with the mean
and the variance, the third and fourth standardized moments
(the skewness and kurtosis, respectively) are also considered
to describe a distribution (shown as calculated),
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Figure 4. Superpixel polarizing filter pattern of micro-polarimeter focal-plane
array. Starting at the top left and proceeding clockwise, the orientations are
0◦, +45◦, 90◦ and−45◦.

Skew(x) =

1
n

n∑

i=1

(xi − μ)3

(
1
n

n∑

i=1

(xi − μ)2
) 3

2

, (17)

Kurt(x) =

1
n

n∑

i=1

(xi − μ)4

(
1
n

n∑

i=1

(xi − μ)2
)2 . (18)

While these two descriptors seem similar, the difference in
the exponent is key to the difference in describing the shape of
the distribution. The skewness of a distribution is a measure
of the asymmetry of that distribution and the kurtosis of a
distribution describes its peakedness. So, for the random vector
xi, these moments describe the shape of the distribution of the
random variablex.

The combination of these higher order statistics with the
location and spread information contained in the mean and
variance, respectively, provide a good description of a dis-
tribution, and allow for a significant comparison between
distributions.

IV. DATA DESCRIPTION

A. Data Collection and Characteristics

The instrument by which the data used in this work was
captured produces video sequences of the Stokes [61] vector
of a scene. The video is in three channels, much like the three
color channels of a CCD camera:

• S0 - intensity,
• PS1 - horizontal preference,
• PS2 - +45o preference.

The data utilized in this work is the result of a post-
processing method applied to an output from a cooled micro-
polarimeter focal plane array (FPA). Each cluster of four pixels
on the FPA forms a “super-pixel,” as depicted in Fig.(4). The
patterns indicate the orientation of a linear polarizing filter
placed over each sensor in a pattern reminiscent of the Bayer
filter pattern used for color CCD cameras.

The raw output from these sensors is a four-channel (one for
eachIφ from Section III-A2) image sequence. For each image

Sub-bands of the Infrared (IR) Spectrum
Band Label Wavelength (λ) Range

Near infrared (NIR) 0.7 − 1μm
Short-wave infrared (SWIR) 1 − 3μm
Mid-wave infrared (MWIR) 3 − 5μm
Long-wave infrared (LWIR) 8 − 14μm

Table I
RANGES OF THE DEFINED SUB-BANDS WITHIN THE IR SPECTRUM BAND.

in the sequence, these channels are combined and processed,
as described in [66], to produce a video sequence with three
channels, one for each Stokes component, and hence the data
analyzed in this work. Each frame is471×641 pixels in size,
and the video is captured at twenty-four frames per second
(24 fps), resulting in each sequence spanning approximately
1500 frames. The target wavelength of the sensor is the LWIR
spectrum (8-14μm), i.e. the thermal spectrum. Subjects in the
dataset performed three activities along a predefined course:
walking, walking while carrying a heavy bag and running.
The resulting scenes consist of a gravel lot across which each
action is performed, progressing from the right to the left
extents of the field of view (fov) of the sensor.

B. Infrared Band Implications

In Sect.III-A our discussion did not focus on any specific
band of the EM spectrum, though some intuition from visible
light was called upon in the given examples. The formalism is
indeed applicable to all frequency ranges of the EM spectrum.
In remote sensing, diversity of modalities is a necessity, and
here we focus on an imaging type that caters to such a require-
ment. Imaging in the infrared band is useful for observation in
low-light conditions since IR sensors, in spite of their relatively
small band and collection of relatively few photons, are very
accurate. With proper scaling, they afford object discernment
under a greater range of operating conditions than does visible
light imaging [67]. As described in Table I, there are several
sub-bands defined within the infrared band (λ ∈ [0.7, 14]μm).

These different bands are defined by the bandwidth that
different sensor types cover, e.g. NIR is from the end of
perception by the human eye through the response of silicon
based detectors [68]. Our work focuses on the LWIR band.
As can be seen in Fig.5, reflections dominate all the IR
bands, as in the visible light spectrum, except for the LWIR
band. In the LWIR band emitted radiation is dominant, i.e.
thermal emissions. The advantage of imaging in this band
is that heat/radiation sources are themselves observed, and
small sources are not so obstructed by the reflections/shadows
from larger/stronger sources, e.g. the sun, as they would be
in other bands. While this may cause some problems, e.g.
there are multiple sources instead of one strong one (e.g. the
sun in the visible sub-band), it simplifies many calculations
since it is not necessary to take into account reflections and
shadows in the presence of moving objects in a scene. There
is not a total absence of shadows and reflections and these
can cause ambiguities in thermal equilibrium conditions, but
because heat transfer is a relatively slow process compared
with visible light transmittance, and with video capture rates,
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Figure 5. The Infrared band of the EM spectrum with radiance curves for
reflections and thermal emissions. Emissions clearly dominate the spectrum
in the LWIR(From [69]).

they are negligible over short time intervals.

V. EXPERIMENTS AND RESULTS

A. Material Segmentation

It is well known that the DoLP of a given object of a given
material can be represented as a function of the view angle
with respect to the normal of the surface [70]. Assuming a
sensor that is stationary with respect to the background of
the scene, the motion of the objects in the scene will induce
changes in the observed DoLP peculiar to those objects’
structures and materials. We can represent this relationship
accurately with the following equation:

∂P
∂t

=
∂P
∂θ

∂θ

∂t
(19)

This relation captures the well-established correspondence
between the DoLP of a material and the view angle. It also
includes the dependence of the change in view angle on the
motion observed in the video by describing the view angle
as a function of time,θ(t). Abstracting a video sequence
as a space-time volume and considering the values of all its
voxels simultaneously allow one to derive a relative distinction
between moving objects in the scene from their material
properties. This is due to the video capture resulting in,
effectively, a sampling of multipleP(θ) curves, one for each
material, at different view angles,θ. Figure 8 is a plot of each
pixel measurement in such a space-time volume as observed in
the data. While the peak at zero for∂P

∂t is dominant due to the
small size of movers in the scene, the other lobes correspond
to different materials in the scene, indicating that distinction
is viable. To demonstrate this, we employ the previously-
described physics-based model, Eqn 11 from Section III-B,
to simpler but real measurements.

The data utilized for this portion of our experiments are
samples from two measuredP(θ) curves, one for Uranium
glass and one for Tungsten (Fig. 6). A separate monotonic
sampling inθ was devised for each material to mimic a smooth
rotation in view. Gaussian noise was added to those sampled
points to produce data (Fig. 7) similar to that observed from
the collected video (Fig. 8).

1) Parameter Estimation:For each voxelxi in the data,
we fit the model given in Eqn. 11 (sweeping throughθ),
to the points in its surrounding neighborhoodN (xi) =
{xj |d(xi, xj) < ε} where d(xi, xj) = ‖xi − xj‖2 is the

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

θ

P

 

 
Tungsten
Uranium Glass

Figure 6. P(θ) curves for Uranium glass (shown in red) and Tungsten
(shown in blue)

Figure 7. Scatter plot of data resulting from samplingP(θ) curves for
Uranium glass and Tungsten and the addition of Gaussian noise.

Euclidean distance between the pointsxi andxj in the space
P × ∂P

∂t . The Nelder-Mead simplex direct search method for
solving nonlinear optimization problems was employed for this
fitting [71]. The value forε was chosen so that in the most
dense regions, few points populated each neighborhood, so as
to improve the performance (speed) of the optimization. This
procedure was iterated over many neighborhoods until all the
voxels had been considered. The result was a set of points,
one for each neighborhood, in then × k parameter space, as

Figure 8. All DoLP measurements in a given space-time volume as a function
of the partial derivative, with respect to time (frame).
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Figure 9. Points in then × k parameter space with two clusters evident.

Figure 10. Material curves resulting from using cluster centers as parameter
values. Data points colored to indicate true material-type (Uranium glass as
red and Tungsten as blue).

shown in Fig. 9.
A hierarchical clustering was then performed in then × k

space to determine the number of clusters and their centers.
The corresponding parameter values for these centers were
used as the representative parameters for each voxel within a
cluster. In this fashion, each voxel was categorized via material
composition. Figure 10 depicts the result of such a process.
The dashed lines indicate the material curves from the model
P̂ when the cluster centers were utilized as parameter values.
The data points are colored to indicate the material from which
they were sampled.

2) Turbo Estimation Error Correction:Clearly, from Fig.
10, if one were to classify the data points via which model
material curve they were nearest, some errors would be in-
curred. However, some information present in the data, omitted
from the discussion in Section V-A but, included in Eqn. 19
is yet to be utilized: the time-ordering of the samples, i.e.θ’s
dependence on time.

Each voxel represented in the scatter plots has a corre-
sponding time at which it was observed. Drawing inspiration
from the Turbo principle, we utilize information available that
hasn’t been employed, to improve the estimate (classification
result) already computed. In this case, for points classified as
the same material, a simple evaluation of the smoothness in
the correspondingθ trajectories is sufficient to improve the
classification result.

For each set of pointsCm = {cm
i } in the data classified
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Figure 11. Resultingθ trajectory from similarly classified data points. Arrows
indicate errors in the classification indicated by marked deviations from the
otherwise “smooth” trajectory.

as the same materialωm, we consider the time at which each
point was sampled,ti. Using the model curve produced from
the earlier classification and the corresponding parameters
(n, k and measuredP), we perform the inverse calculation
of θ corresponding to each point. Observing the trajectory
of this ordered sweep throughθ, a smoothness criteria was
implemented to indicate errors in the classification:

∣
∣∂θ

∂t

∣
∣ < δ (20)

The current method for choosing the parameterδ is empiri-
cally based on the observed data. However, more sophisticated
methods are being developed based on models of the actions
to be observed in practice.

For the values of∂θ
∂t that do not meet this criteria, they

are considered errors in classification and are compared to
the θ-trajectories of the other material classes for proper
classification.

B. Action Classification

For the experiments described below, the DoLP portion
of the collected data was utilized. This data was produced
following the computation given in Eqn. 8.

We represent each image sequence as a matrixX = {xj
i}

where i ∈ [1, 471 × 641] is the pixel index for each frame
and j ∈ [1, 250] is the frame index. For each time instantj,
we calculate the mean, variance, skewness and kurtosis of the
sample vectorxj to produce a time series of each statistic.
The result is a collection of four corresponding time series for
each scenario performed by each subject.

1) Simulations: To validate the idea that the statistics of
the frames would follow some periodicity induced by the
subject action in the video, the experiment was performed
with simulated data. This surrogate data consisted of video
of the same frame size and rate as the collected data, and also
contained sequences of single individuals performing simple
actions. The notable difference between the simulated data and
the collected data is the binary nature of the simulated data.
Whereas the collected data pixel values are measurements
from the scene, the pixel values of the simulated data are
either one (1) or zero (0), corresponding to pixels that belong
to the foreground and background of the scene, respectively.
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Figure 12. Higher order statistical moments for each frame of a section of
the walking simulation.

Figure 13. Correspondence between frames of the simulated walking video
and the kurtosis value in each frame.

Figure 14. Correspondence between frames of the simulated running video
and the kurtosis value in each frame.

Figure 15. Representative higher order statistical moments for each frame
of a section of the collected data.

The computed time-series of the statistics, shown in Fig.
12, indicates that the statistical moments of each frame vary
periodically, just as the action in the videos are periodic in
nature. To further explore this correlation, a qualitative frame-
by-frame matching was performed (Fig.s 13 & 14), and it was
subsequently determined that the periodicity of the statistics
was induced by the motion in the video, as was expected from
a binary video sequence.

In the binary setting, the statistics are determined by the
variation in the number of foreground/background pixels. The
frequencies of these values in a single frame are the direct
results of the pose of the subject with respect to the viewing
orientation of the camera. The performed action performed
dictates the statistics of the frame.

2) Data Exploitation: The same computations were per-
formed with the collected data with the simulated data. Figure
15 is representative of the statistics calculated for an action
sequence from the collected dataset. The noteworthy difference
between the statistics of the collected data and the simulated
data is that themean and variance of the frames of the
collected data do not only not follow the periodicity of the
actions, but the magnitude and variations are so slight as
they can be attributed to noise. Also evident from Fig. 15
is the close correlation between the kurtosis and the skewness
time-series of the representative action. Due to this extended
similarity and the added variation/magnitude afforded, the
kurtosis time-series was chosen as a characteristic measure
of the data. Using the kurtosis time-series as a description
of the action for each trial (one individual, one action), the
classification was performed in a supervised learning fashion.
Figure 16 shows the kurtosis time-series for the three different
actions as performed by a single individual, indicating a
different periodicity for each action.

The spectra of each time-series was computed and used
as the feature vector for classifying the actions. To focus
on the utility of these features in classifying the actions, a
standard classifier was used: K Nearest Neighbors (KNN).
Due to the relatively few trials available in the dataset, the
leave-one-out (LOO) method was used for training/testing. The
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Figure 16. Kurtosis time-series sections for all actions as performed by the
same individual.

Actual
Experiment Walk Carry Run

Walk 97 3 0
Carry 0 74 26

Run 0 4 96

Table II
CONFUSION MATRIX REPRESENTING THE ACCURACY OF THE

CLASSIFICATION PERFORMED(IN %) VIA THE SPECTRA OF THE KURTOSIS

TIME-SERIES CHARACTERISTICS.

classifier results are displayed as a confusion matrix in Table
II. The errors of classifying the “carry” action as “running”
is due to the use of the spectra of the time-series as a feature
for classification. The additional motion of the load created
higher frequency components in the spectra, thus increasing
the similarity between the spectra for “carry” and “running.”

VI. CONCLUSION & FUTURE WORK

By utilizing the LWIR polarimetric video, we’re able to
capitalize on physical phenomena not previously exploited for
material distinction and human action classification. While
this is a first step in a new direction for applications of this
modality, the results appear promising. Further effort must be
applied to considering the performance of these techniques as
compared with currently employed methods. For instance, a
comparison of the material distinction power of polarimetric
LWIR (PolarLWIR) imagery versus hyperspectral imagery
(HSI) should be performed. It is expected that, while the
HSI should prove more accurate in material identification, the
PolarLWIR result could be sufficient in many settings and with
a decreased sensor/processing cost. Also the simplicity of the
calculations required for the action classification to produce
such results as indicated in Table II, merits further study of
similar applications.
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