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Abstract

This paper shows how “Body Motion Signature
Analysis” — a new “soft-biometrics” technique — can be
used for identity verification. Our method is able to ex-
tract motion features from the upper body of people and
estimates so-called “super-features” for input to a clas-
sifier. We demonstrate how this new technique can be
used to identify people just based on their motion, or it
can be used to significantly improve “hard-biometrics”
techniques. For example, face verification achieves on
this domain 6.45% Equal Error Rate (EER), and the
combined verification performance of motion features
and face reduces the error to 4.96% using an adaptive
score-level integration method. The more ambiguous
motion-only performance is 17.1% EER.

1. Introduction

In the past, using motion for recognition has been
demonstrated mainly for classifying certain actions or
gait styles ([9, 11, 6, 5, 13]). Using the more am-
biguous motion of a person that appears during talking
and performing “body language” is harder to quantify.
This is similar to what the acoustic speech community
calls “speaker recognition”. It is not important what the
person says, but how it is said. We developed a new
video-based feature extraction technique and methods
to train statistical models that classify body motion sig-
natures. The recognition architecture is inspired by re-
cent progress in speaker recognition research. This pa-
per has 3 main contributions: 1) a new visual feature es-
timation technique, based on sparse flow computations
and motion angle histograms that we call “Motion Ori-
entation Signatures” (MOS). 2) Integration of this new
feature into a 3-stage recognition system, 3) a new inte-
gration method with a state-of-the-art face recognition
architecture [12]. This is, to the best of our knowledge,
the first time a system has been demonstrated that can
significantly improve a state-of-the-art face recognition
system with such complex and ambiguous signals like
a person’s body-language.

Figure 1. Example video frames from our database
of people gesturing.

2 Related Work

The motion analysis approach in this paper is related
to several recent developments. Human motion has
been studied extensively (see [7] for a survey article).
Tracking body parts explicitly would be of great advan-
tage, but given the low-resolution web footage, it might
be impossible to explicitly track. Our technique builds
on the observation that it is easy to track just a few re-
liable features for a few frames (instead over the entire
video). Given those short-term features, we apply an
implicit feature representation that compute orientation
statistics of local features related to [15, 4, 9, 11, 6, 5].
Some of these techniques belong to the so-called “Bag-
Of-Features” philosophy, and in section 3.5 we will de-
scribe details how our approach is different and has su-
perior performance for the new domain of motion style
analysis.

Our work is also inspired by recent trends in acous-
tic speaker recognition. The simplest techniques ap-
ply Gaussian Mixture Models to speech features and
the most complex models apply a high-level language
model-based recognition system [10]. Current state-



Figure 2. Examples of Motion Signatures. The green
colored signature shows how the orientation of the
sparse flow features changes over time (top row), and
the red-blue color coded signature shows the delta fea-
tures (middle row).

of-the art results are reported using Support-Vector-
Machines applied to super-features [3]. Parts of our sys-
tem are directly inspired by this.

3 Approach

As mentioned in section 2, we are interested in a ro-
bust feature detector that does not use explicit tracking
or localization (because these techniques fail frequently
on low-resolution video).

3.1 MOS: Motion Orientation Signatures

The first step in our extraction schema is flow com-
putation at reliable feature locations [14, 1]. Given
these robust flow estimates, we compute a weighted his-
togram discretized into N flow angle bins (we had the
best experience with N=9). Each angle bin then con-
tains the sum of the flow magnitudes in this direction,
i.e. large motions have a larger impact than small mo-
tions. We clip flow magnitudes to be robust to outliers.
The bin values are then blurred across angle bins and
across time with a Gaussian kernel (¢ = 1 for angles,
o = 2 for time). This avoids aliasing effects in the an-
gle discretization and across time. (Many web-videos
are only 15 fps or 24 fps and up-sampled to 30 fps.) Af-
ter blurring, we further normalize the histogram values
to 0-1 over a temporal window (currently T=10). This
factors out video resolution, camera zoom and body size
(double resolution creates double flow magnitudes), but
could also factor out important features. For this reason,
we keep the normalization constant as one extra fea-
ture. As with acoustic speech features, we also compute
“delta-features”, the temporal derivative of each orien-
tation bin value. Since the bin values are statistics of the
visual velocity (flow), the delta-features cover accelera-
tion and deceleration.

Figure 2 shows a few examples that demonstrate
what signatures are created with certain video input.
We show several visualizations of these features at
http://movement.nyu.edu/GreenDot.

Our initial experiments were done in computing the
motion histogram statistics over the entire video frame.

We already showed useful applications of this low-
dimensional representation [2].

3.2 Face Tracking and Grid based Coarse Lo-
cality

We further improved our MOS feature extraction
theme in incorporating a state-of-the-art face-tracking
system from PittPatt.com [12] (winner of the 2008
NIST MBGC Challenge), and in coding coarse position
information of the MOS features. This is achieved in
placing a N x M grid of local region of interests (ROIs)
around the found face location. The grid is scaled such
that it covers the entire possible range of motion of all
body parts. Inside each local ROI of the grid we com-
pute the MOS feature and concatenate all local ROI his-
tograms to one big feature vector. We achieved highest
verification and recognition results with a 5 x 7 grid.
We further reduce the dimension of this extended grid
feature with PCA. Best results have been achieved with
32 dimensions.

3.3 GMM super-features

We separate the videos into a training and an inde-
pendent test set of equal size. For each subject we have
video clips from 4 to 8 different dates. The original
collected videos (from YouTube or other sources) are
actually longer, and sometimes have scene cuts. The
PittPatt face tracker is very robust, and helps us to ex-
tract only scenes that have the videos with the subject
in the frame. The video clips are hand labeled with the
ground truth (subject name) so we can measure the au-
tomatic verification performance for the final system.
In the past there have been many different systems pro-
posed, based on complex architectures, but recent ex-
periments in the speech community (like [3]) show that
Gaussian Mixture Model (GMM) based Super-Features
and Support Vector Machines (SVMs) produce state-
of-the-art results. We also base our video statistics on
GMM super-features, although in the future we plan to
further investigate more advanced architectures.

A Gaussian Mixture Model is first trained on the en-
tire training database. Using a GMM with 128 mix-
ture components achieves the best recognition perfor-
mance. In speaker recognition, this is called the Univer-
sal Background Model (UBM). Given that UBM model,
the statistics of each shot are computed in MAP adapt-
ing the GMM to the shot [3]. A GMM-Super-Feature
is the difference between the UBM mean vectors and
the new MAP adapted mean vectors. If the new video
has some unique motion, then at least one mean vector
has a large difference to the UBM model. The GMM-
Super-Feature is a fixed-length vector that describes the
statistics of the variable length video.
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Figure 3. Multi-Modal Architecture

3.4 Discriminant Classification

Campbell et al. [3] feed GMM super-features into a
standard SVM classifier, in further scaling the means
with the mixing coefficients and covariances of the
GMM model: A linear SVM kernel is a good approx-
imation to the KL-divergence between two utterances.
In [2] we achieved the best results with such a linear
kernel. However we have subsequently found that a lo-
gistic regression classifier applied to the GMM super-
features achieves the same performance. All further re-
sults reflect logistic regression.

3.5 Comparison with Bag-Of-Feature Archi-
tectures

Our approach is somewhat related to so-called Bag-
Of-Feature architectures used by [9, 11, 6, 5] for ac-
tivity analysis. We compared' our features and archi-
tectural choices element wise with [9]: 1) When we
use so-called Space-Time Interest Points (STIP) [9] in-
stead of our MOS features, we get a relative increase
in error 17.1% to 25%. 2) We also replaced the GMM
super-features with higher-level histograms of vector-
quantized codewords, as it is used in all Bag-Of-Feature
architectures, and our relative error rate increased fur-
ther to 31% EER. This is not surprising, since during
the vector quantization much information is lost, that
could beretained by the GMM super-features.

4 Multi-Modal Experiments

Figure 1 shows some example video frames from our
database. In total we have 72 minutes of video data
with 320 x 240 pixel resolution. For each subject we
have at least 4 different video clips recorded at different
times. Most subjects are public figures like international
politicians or talk show hosts. We are currently also
collecting a database of “non-famous” people.

We trained our system to verify if a specific person
is present in the video. As outlined earlier, we first
need to train a UBM model and compute GMM super-
features for each video clip. In the final step we trained
the logistic regression model. For positive examples we
chose two or more videos of that subject, and for nega-
tive examples we sampled from the training set part of
the remaining videos in our database. We repeated each
experiment 27 times (3 different random initializations

'We plan to include these experiments in a longer technical report
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Figure 4. ROC curves using 2 different score integra-
tion techniques to combine face recognition and body
motion signature recognition results. The combined
multi-modal performance is for both integration tech-
niques is significantly better.

for the UBM model, and 9 different verification targets).
Figure 4 shows the ROC curve of our performance. In
the speaker verification community it is common to re-
port the Equal Error Rate EER (the error at the diagonal
of the ROC curve, when the number of false positives
and false negatives is equal). For this case we achieved
17.1%.

The crucial experiment now is to test if such a soft-
biometric modality can be applied in a multi-modal sys-
tem consisting of other hard-biometrics. We trained
a state-of-the-art face recognition system on the same
video database. Usually face recognition requires high-
resolution input images that have at least 90 pixels be-
tween the eyes. In our case the eye distance can be as
small as 20 pixels. PittPatt [12] achieved previously the
best face recognition results on video recordings at the
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Figure 5. An example where the face recognition
falsely matches a face but the motion system success-
fully detects a true negative

NIST MBGC 2008 Challenge. We trained the PittPatt
system on our low-resolution database, and achieved
verification performance of 6.45% EER (figure 4).

Previously we experimented with multi-modal inte-
gration on the input-level [2]. In this paper we focus on
output score-level integration, which allows us to com-
bine several systems that are trained with differently
(like PittPatt’s face system, and our motion based sys-
tem). There are many ways to combine scores [8]. We
experimented with 1) averaging scores; 2) tanh nor-
malization [8]; and 3) training another logistic regres-
sion on the face and motion scores to predict the mul-
timodal score. We achieved best results with the tanh
score combination. This normalizes scores to zero mean
and unit variance levels, and applies the tanh nonlin-
earity to both normalized scores. It reduced the error
relatively by 23% to 4.96% EER. Logistic regression
achieved slightly less performance, but still a signifi-
cant improvement over each modality alone to a com-
bined error of 5.24%. Score averaging, while in some
domains very successful did not prove to be useful in
this domain (the error increased to 9.62%). Figure 5
shows an example when the face recognition system by
mistake accepts the wrong face, but the motion scores
were able to further disambiguate the video to the right
classification.

5 Discussion

We have demonstrated how the body motion of a
subject during speaking and gesturing can be measured
and analyzed with a new visual feature extraction tech-
nique and methods that have been successfully applied
in the speaker recognition community. Most impor-
tantly, we have shown how we can significantly improve
the performance of a hard-biometrics system, specifi-
cally a state-of-the-art face recognition system with a
new soft-biometrics roughly characterized as “body lan-
guage”. This hints strongly that the anecdotal evidence

is true: everybody moves in a unique individual way,
and we can use this feature for person identification. Fu-
ture efforts will be on further improving the visual front
end, the score integration techniques, and collection of
larger databases.
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