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Abstract

Traditionally, appearance models for recognition, reac-
quisition and tracking problems have been evaluated in-
dependently using metrics applied to a complete system.
It is shown that appearance models for these three prob-
lems can be evaluated using a cumulative matching curve
on a standardized dataset, and that this one curve can
be converted to a synthetic reacquisition or disambigua-
tion rate for tracking. A challenging new dataset for view-
point invariant pedestrian recognition (VIPeR) is provided
as an example. This dataset contains 632 pedestrian im-
age pairs from arbitrary viewpoints. Several baseline meth-
ods are tested on this dataset and the results are presented
as a benchmark for future appearance models and matchin
methods.

1. Introduction

Recognition, reacquisition and tracking are three of the
most important topics in surveillance research today. The
models used to represent objects in a surveillance system
can usually be decomposed into three parts, an appearance
model, a spatial model, and a temporal model. In a typi-
cal scenario, a tracking system will have access to all three
parts, but will rely heavily on the spatial and temporal in-
formation. A reacquisition system will rely mostly on the
appearance model, using the spatial and temporal informa-
tion primarily to rule out unlikely matches. In contrast, a
recognition system will only have access to the appearance
model. Since the appearance information is largely inde-
pendent of the spatial and temporal information, one can
expect that an appearance model which performs well for
the recognition problem will also perform well for the reac-
quisition and tracking problems. For this reason, we pro-
pose using recognition performance to characterize the per-
formance of an appearance model for all three problems.

One of the most important tasks in surveillance research
is the tracking of humans through a network of cameras.
To evaluate an appearance model for this problem, a new
dataset is provided which consists of pedestrian image pairs.

Figure 1. Some examples from our pedestrian dataset. Each col-
umn is one of 632 same-person example pairs. Note the wide
range of viewpoint, pose, and illumination changes.

We define a pedestrian as a human with a restricted pose
(upright). Each pair is an image of the same pedestrian
taken from a different camera, under different viewpoint,
pose and lighting conditions. We will refer to this dataset
as the viewpoint invariant pedestrian recognition (VIPeR)
dataset.! A few example image pairs are shown in Figure 1,
note the differences in viewpoint, pose and lighting. In sec-
tion 2 we provide a brief survey of some of the appearance
models used in real systems, and evaluate many of them on
our dataset.

Our proposed recognition methodology is motivated by
the difficulty of performing recognition on a large pedes-
trian dataset without temporal information. Given a single
image, the chance of choosing the correct match is inversely
proportional to the size of the dataset. For this reason,
we believe the cumulative matching characteristic (CMC)
curve is the proper performance evaluation metric. This
metric shows how performance improves as the number of
requested images increases. It is shown that with some
reasonable assumptions about the distribution of pedestrian
appearances we can convert a CMC curve to a synthetic
reacquisition/disambiguation rate for the reacquisition and
tracking problems.

IThe VIPeR dataset is available for download at: http://[removed for
review]/
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2. Previous Work
2.1. Appearance Models

The current state of the art appearance models include
templates, subspace projections, manifolds, bags of fea-
tures, constellations of features, exemplars, prototypes and
histograms, among others. Template methods are the sim-
plest but fail on pose or viewpoint changes. This problem
can be alleviated with flexible matching and alignment [ 4],
but this will only work for rigid objects with moderate view-
point changes. Other more complicated template methods
such as similarity templates [27] show some promise but
have very high storage and computation requirements. Sub-
space methods may be sufficient to model pose and view-
point changes [4], but the full subspace of complicated non-
rigid objects like pedestrians is far too large to represent
accurately. Manifold recognition techniques [22] have sim-
ilar problems with dimensionality. Bag of feature methods
use a collection of small features for recognition. These
features could be simple Haar like features [20], complex
image patches[!] [10] or SIFT features [21]. These meth-
ods are somewhat robust to viewpoint and pose changes,
but are better suited for categorization problems where ob-
ject shape is more important. Constellation methods use
features with relative spatial information to improve per-
formance [ 1] over simple bag of feature methods. Exem-
plar based methods [25] have shown promise for the related
problem of cross viewpoint recognition, however this is not
the same as viewpoint invariant and has only been tested
on rigid objects such as vehicles. Prototype embedding is
a recent advancement in this direction [15]. Histograms are
one of the most robust to radical pose and viewpoint change
because of the lack of spatial information. For this reason
they are the basis of the mean shift algorithm [6] for track-
ing, the earth movers distance [24] for image retrieval, and
the histogram of oriented gradients for pedestrian detection
[7].

Two of the main drawbacks of the histogram approach
are the lack of spatial information and the trade off between
high quantization errors with coarse binning and sparseness
associated with fine binning. Several attempts have been
made to save spatial information in a histogram format. One
of the most successful is the color correlogram proposed by
Huang [17], which saves color correlation as a function of
distance. Also noteworthy are multi-resolution histograms
[16], image signatures [24], and spatiograms [3].

In practice, histogram representations are often opti-
mized to suit a particular application. One example is a
localized histogram, which we define as a collection of his-
tograms taken over different regions of an image. Typically
these regions are defined by a user to correspond to mean-
ingful semantic regions such as head, shirt, and pants. For

. . th
example, in [23], these regions are chosen as the top % R

middle and bottom %ths of each image. We refer to this
representation as a hand localized histogram. It is not dif-
ficult to see why a few histograms taken over high and low
regions of an image would be a better representation for a
pedestrian with different colored shirt and pants. For a fixed
viewpoint these regions can be identified automatically us-

ing a conditional color model [27].

2.2. Matching

One of the practical problems with comparing appear-
ance models across wide viewpoint changes is the illumi-
nation change between two different scene locations and/or
camera models. Javed et al. has shown how these changes
can be compensated for by learning brightness transfer
functions [18]. An alternate method is simply to choose
coarse histogram color bins which are somewhat invariant
to illumination such as the primary and secondary colors
[23]. Tt has been shown that the drift patterns of these col-
ors can be learned and used to devise a specialized distance
metric for comparing these kinds of histograms [28].

In [12], correspondences are established between im-
ages pairs, either using interest points or a decomposable
triangular graph model. Their results look promising, but
their dataset contains only 44 unique individuals seen from
mostly frontal viewpoints.

2.3. Viewpoint Invariance

Viewpoint invariant recognition is a challenging problem
on many levels. Current solutions to this problem can be
roughly divided into three basic categories. The the holis-
tic approach, an object is considered as a whole. This cat-
egory includes histogram matching and all of its variants,
as well subspace and manifold appearance models. Most
histogram variants attempt to save some degree of spatial
information which is usually the biggest drawback of the
histogram. On the other hand, it is the lack of spatial in-
formation that makes histograms invariant to viewpoint and
pose in the first place.

The second category is the piecemeal or part based ap-
proach. For rigid objects this might means pose estimation
and correction followed by a holistic method [14]. How-
ever for non-rigid objects, recognition may be done on parts
alone to allow for occlusion or other missing features. This
also allows for the relationship between parts to be used for
recognition as well.

The third category is full 3D reconstruction. This
method is likely to provide the best performance for most
object classes, but is very costly and the novelty of view-
point invariance is lost if one is able to do away with the
viewpoint all together.

Of course viewpoint invariance can be interpreted to
mean anything from invariant to “less than perfect align-
ment” to invariant to radical viewpoint and scale changes.
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Angle | 0 | 45 | 90 | 135
45 16 | 241 | 43 | 103

90 47 | 72| 53
135 4 | 50
180 3

Figure 2. The distribution of the 632 image pairs.

We define it as invariant to any angle an object is likely to
be seen from. Our viewpoint invariant dataset was created
to evaluate digital video surveillance appearance models, so
we define it to mean invariant to any rotation in the ground
plane and reasonable rotation in the other dimensions.

3. VIPeR Dataset

While there exist a great deal of data for problems such
as face detection, face recognition and pedestrian detection,
as of the time of publication, there are no publicly avail-
able data for viewpoint invariant pedestrian recognition. In
[27] and [12], authors present results on pedestrian datasets
which contain primarily frontal pedestrian images. While
this is reasonable in some scenarios such as with a con-
fined indoor camera network, many surveillance scenarios
require the ability to track pedestrians in large, open envi-
ronments such as public plazas and airport terminals. In
these environments a pedestrian may be seen from any an-
gle, this is the the primary motivation for the viewpoint in-
variant approach.

3.1. Viewpoint Variation

This degree of variability makes data collection and se-
lection more difficult. In order to claim that a recognition
model is viewpoint invariant, we must use a dataset which
contains all possible views of the object class to be learned.
Since there are many degrees of freedom, this could poten-
tially mean a huge dataset. If we quantize the range of view-
points into 45 degree segments, we have 8 same viewpoint
pairs and (5) = 28 different viewpoint pairs. Since we are
interested in building a dataset to test performance across
viewpoints, only these different viewpoint pairs are consid-
ered. We can utilize symmetry to reduce this number to 10,
but collecting this many views of a single individual is still
impractical. Our approach is to obtain a single viewpoint
pair from many unique individuals from a pair of disparate
cameras.

An ideal dataset would be constructed by uniformly sam-
pling viewpoint pairs of single individuals from this set of
10 pairs, possibly with some bias to pairs which are seen
more frequently. We attempt to achieve this ideal, but have
some bias toward front-side viewpoint pairs. The distribu-
tion of viewpoints can be seen in figure 2. The distribution
of viewpoint changes can be see in figure 3

Viewpoint angle disparity | Examples
45 70
90 363
135 96
180 103

Figure 3. The distribution of viewpoint differences.

3.2. Other Variations

The data were collected at many different locations over
the course of several weeks. The cameras were placed in
different locations in an academic setting and subjects were
notified of the presence of cameras, but were not coached
or instructed in any way. The illumination between cameras
was allowed to vary freely. The quality of the images varies;
the video was compressed before processing, as a result the
images have spatially sub sampled chrominance channels,
as well as some minor interlacing and compression artifacts.

Each image was cropped and scaled to be 128x48 pix-
els. While this scaling often caused some distortion, recent
studies suggest that this does not have a significant effect on
the human visual system [26] and we have not observed any
significant effect on our results.

4. Performance Evaluation Methodology

The performance of a viewpoint invariant recognition
system can be difficult to quantify because recognition per-
formance is dependent upon the size of the dataset. To il-
lustrate this, consider the performance of random guessing
on a dataset of size 50 (2%) vs. a dataset of size 1000
(0.1%). In this example, an algorithm with a 10% recog-
nition rate would be useless on the first dataset, but inde-
spensable on the later. We say indespensable becasue for
a human operator, the problem is relativly easy for small
datasets but increasingly difficult as the number of possible
matches grows. Analyis of how performance metrics vary
with the dataset size can be found in [19] and [13].

But what exactly does recognition rate mean? There are
two ways of looking at this problem, we can cast it as a
same-different detection problem, or consider it as a ranking
problem.

4.1. Recognition as Detection

Several researchers [5] [25] have modeled the problem
with the use of same/different probabilities. This allows
for performance evaluation with an ROC curve. However
this is a poor performance metric for recognition problems
because as the size of the data set grows toward infinity,
the prior probability of two objects being the same ap-
proaches zero. This is because the number of matching
pairs in a dataset grows linearly (n) with the dataset size
while the number of negative examples grows quadratically
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(%n(n — 1)). This problem has lead some [20] [25] to use
only some of the negative examples for training or testing.
While this might make sense when training on a very large
dataset, the ability to change the ratio of positive and neg-
ative examples allows one to manipulate the test error rate
which makes comparisons between different published re-
sults difficult.

4.2. Recognition as Ranking

A better evaluation methodology is to consider recogni-
tion as a ranking problem. In this framework a ranking is
induced on the elements of the dataset and the probability
that the correct match has a rank equal to or less than some
value is plotted over the size of the test set. This perfor-
mance metric is known as the cumulative matching charac-
teristic (CMC) curve, which is analogous to the ROC curve
for detection problems.

While this performance metric is designed to evaluate
recognition problems, by making some simple assumptions
about the distribution of appearances in a camera network
we can convert a CMC curve into a synthetic disambigua-
tion or reacquisition rate for multiple object or multiple
camera tracking respectively.

Assume that a set of M pedestrians that enter a cam-
era network are iid samples from some large testing dataset
of size N. If these pedestrians cross from one camera to
another at the same time we have a reacquisition problem
where we must find the correct matching configuration. For
the moment let us ignore the spatial and temporal informa-
tion as well as the one to one matching constraint. If the
CMC curve for the matching function is given, we can cal-
culate the probability that any of the M best matches is cor-
rect as follows:

CMC(NM™) (1)

Where CMC(k) is the rank & recognition rate. For example
if M = 2, which is a common case, and N = 100 the
disambiguation rate will be equal to the rank 50 recognition
rate. This also applies to disambiguating pedestrians within
a single camera.

In detection problems it has become common to use the
area under the ROC curve as a single dimensional perfor-
mance summary for a particular algorithm. We use the area
under the CMC curve in an analogous manner to choose the
best parameters for our baseline methods in section 5.

4.3. Cross Validation

Since recognition performance is dependent upon the
size of the test set, it is important that all results reported
use the same form of cross validation. Dietterich has shown
that 5x2 cross validation represents a reasonable balance be-
tween accuracy and experiment runtime [8]. When evaluat-
ing algorithm performance on the VIPeR dataset one should

randomize both the training/test split and the order of the
image pairs. Each image should also be mirrored at ran-
dom to validate the assumptions under which the data was
collected. At each round one must select one of the images
from each pair as the gallery image and one as the probe im-
age. In addition to averaging the results over the five rounds
of 2 fold cross validation, one should also swap the gallery
and probe images and average the result.

5. Results
5.1. Quantitative Results

To the best of our knowledge, there are no publicly avail-
able datasets for viewpoint invariant pedestrian recognition,
thus there are no published quantitative results we can com-
pare with. Several methods that have been used for related
problems have been implemented to serve as a baseline.
Since the set of all algorithms and configurations is much
to large to display, only the best results of each class of al-
gorithm and the parameters used are reported. The methods
chosen for evaluation include templates, histograms, cor-
relograms, subspace projections, and several variations of
each. Several distance metrics were applied to each of the
histogram based methods, but the Bhattacharyya distance
provided the best results on average, and is used in all ex-
periments here. The Bhattacharyya distance is a modified
version of the Bhattacharyya coefficient [2] as discussed in
[6]. Some details about each method are provided as fol-
lows:

e 1D Histograms were calculated over the entire image
in the YCbCr colorspace. Channels were considered
marginally and the number of bins was varied by pow-
ers of two. Optimal performance was achieved with
128 bins per channel.

e 3D Histograms were calculated in a similar manner
as above except the channels were considered jointly.
Optimal performance was achieved with 7 bins per
channel.

e 3D Correlograms were calculated with 4 distance bins
(1359), and 2-5 color bins. Optimal performance was
achieved with 4 color bins.

e Hand localized 1D/3D Histograms and Correlograms
were calculated as above on the top fifth, middle
and bottom two-fifths seperately as was done in [23].
These three histograms were then concatenated before
comparisons were made. The three regions were se-
lected to correspond to head shirt and legs. The best
parameters were the same as for the non-localized ver-
sions although their performance was much higher
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Figure 5. Plot of the area under the CMC curve as a function of the
dimensionality of the representation.

e Template methods use a simple sum of squared dis-
tance between two images. A weighted template ap-
plies a Gaussian weight to the center of each image to
attempt to remove the effect of the background.

e Subspace methods were performed using principle
component analysis on the training set. The data were
then projected into the first n principal components
and compared using the sum of squared distance. The
parameter n was varied by powers of two. The best
performance was found with n = 64 dimensions.

The CMC curves for the best performing of the above
methods can be found in figure 4

In many practical applications, both the methods perfor-
mance and efficiency must be considered. In figure 5 we
compare the area under the CMC curve with the dimen-
sionality of each representation. This illustrates the efficacy
of using hand localized representations over increased bin-
ning. It also provides insight into how these algorithms can
be improved.

6. Conclusions

This paper presents a new dataset for viewpoint invariant
pedestrian recognition (VIPeR). A performance evaluation
methodology is proposed for this new dataset and results for
several baseline methods are provided and discussed. This
dataset has been made public to promote future research on
this challenging problem.

Our future work will involve the evaluation of several
machine learning algorithms on the problem. Some possi-
ble directions include learning an energy based similarity
metric such as in [5] or learning a compact representation
with feature mining [9].

Regardless of how well an appearance model may per-
form on a static data set, in the real world pedestrians may
alter their appearance by simply changing clothing. In this
case recognition may become near impossible. However we
are studying recognition primarily as a vehicle for evaluat-
ing the appearance models used in reacquisition and track-
ing. In these more constrained problems, a combination of
spatial, temporal and appearance information should even-
tually be sufficient to solve any problem as well or better
than a human operator.
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Figure 4. CMC curve for the best of each appearance model discussed (left), and a magnified version (right).
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