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Abstract. This paper presents a novel approach for automatic person
labelling in video sequences using costumes. The person recognition is
carried out by extracting the costumes of all the persons who appear in
the video. Then, their reappearance in subsequent frames is performed
by searching the reappearance of their costume. Our contribution in this
paper is a new approach for costume detection, without face detection,
that allows the localization of costumes even if persons are not facing
the camera. Actually face detection is also used because it presents a
very accurate heuristic for costume detection, but in addition in each
shot mean shift costume localization is carried out with the most relevant costume when face detection fails. Results are presented with TV
broadcasts.

1

Introduction

Our framework is the analysis of costume as a feature for video content indexing,
and especially its automatic extraction. Some experiments made on automatic
video summarization showed that the costume feature is one of the most signiﬁcant clue for the identiﬁcation of keyframes belonging to some given excerpt [1].
Authors justify this property by the fact that costumes are attached to character function in the video document. Costume is already used as an entity for
audiovisual production description scheme [2,3], but only for a theoretical point
of view, without automatic detection. Only recently an automatic application
using costume was introduced [4].
However, the costume detection remains a problem, because at the moment
it is only based on face detection, and so is dependant of the face detector and
fails when the faces are too small in the frame. We can ﬁnd papers in literature
where clothes are used to help the recognition [5,6], but in each of them the
costume detection is based on face detection. Our contribution in this paper is
a new approach for costume detection, without face detection, that allows the
localization of costumes even if persons are not facing the camera. Actually face
detection is also used because it presents a very accurate heuristic for costume
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Fig. 1. Classiﬁcation of character framings

detection, but in addition in each shot, when face detection fails, mean shift
costume localization is carried out with the most relevant costume.
In section 2 we introduce the application of person labelling using costumes.
Section 3 presents the costume detection algorithm. Results are presented in
section 4.

2

Person Labelling Using Costume

The goal of this application is to automatically create an index which gives, for
each frame, all the persons who are present. The application described in this
paper is automatic: the ﬁrst time a character appears, it is added in a costume
database with an automatic label. At the end of the processing, the user can
update the index by giving a real name to each label.
2.1

Concepts of Shot and Character Framing

In this application, we use the notion of shot. It roughly corresponds to a set of
continuous frames taken with an uninterrupted recording of a video camera. As
we work on video sequences extracted from TV talk shows, there are only slight
camera motions during a same shot, and no person appear or disappear during
a shot, the number of persons remains constant. So, in a same shot we can run
the costume detection only with some frames, and generalize the results with
the remaining frames. Fig. 2 presents examples of propagations.
We call “character framing” the signiﬁcance of the person according to his
position and size in the frame. We considered three classes of framing: the ﬁrst
one corresponds to a character who is centered, and has a suﬃcient size to be
the most important visual interest in the frame. The second one corresponds
to characters who are important components of the frame, among several others. The third one corresponds to background characters, or characters who
are not easily identiﬁable. Fig. 1 shows an example. This classiﬁcation will be
signiﬁcant for the shot propagation (section 2.2), and for the experiment part
(section 4).
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Fig. 2. Propagation of person detections. The white and black boxes represent the
automatic detection provided by the face detector. For each color, the dark box represents the validated faces, the others are the propagated faces. Actually the faces are
not directly propagated, this example is only here to better understand the principle,
in our real application we only propagate the labels of the detected characters.

2.2

Algorithm of the Application

The goal of the application is to detect and recognize all the persons that appear
in each frame. The following algorithm is applied in each shot of the video.
The ﬁrst step is the detection of faces in the ﬁrst frames of the shot. Character
framing have here an interest: if a ﬁrst class face is detected (at the moment we
consider a centered face as a ﬁrst class face), then we consider that we have
detected the only useful information, so we stop the detection, and propagate
(backward and forward) the results to all the frames of the shot. If no face is
detected, or only second or third class faces, the search goes on within next
frames, because we consider that we could have missed some faces. If this new
search does not provide any face, then we consider that the face detector failed.
If faces are detected at any step, then the costume of each person is extracted
(from the frame where the face was detected) according to the face locations.
The features of each costume are extracted, and compared to the ones of the
database. If a costume corresponds, then the person wearing it is recognized.
Else, the new costume is added in the database with an automatic label. In both
cases this person is considered as present in all the frames of the shot.
When the face detector fails, we add a new step, which is costume localization without face detection. This step will be detailed in section 3.3. With this
additional step we can deal with the frames where the face is not detected. Due
to computational time, this detection will be carried out in only one frame. If no
costume is detected in spite of this step, we ﬁnally consider that no character is
present in the shot.
2.3

Shot Boundary Detection

Shot boundary detection can be a challenging task, if the boundaries are gradual.
However as our application process only TV talk-shows, we do not have the
problem of gradual transitions, because the transitions have at most two frames,
so a very simple detector is suﬃcient. Moreover, we need a very fast preprocessing
tool, providing exploitable results with a minimum cost of the system resources,
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in order to keep some for the costume processing, and be able to have real-time
processing on a modest computer.
We subsample the frame with a ratio of eight (for both rows and columns),
and we take only one channel out of three. Then, we compare each pixel to the
same pixel in the previous frame. We consider that the two frames belong to
diﬀerent shots if the mean diﬀerence is over a threshold. Under this threshold
we consider that the two frames are in the same shot. This algorithm allows
exploitable results on our kind of contents, with a very fast processing.

3

Costume Detection

We can ﬁnd many methods in literature to detect people presence in images,
however there are all focused on some special content. First, pedestrian detection
focuses on detecting persons, but the context of the applications is often for
future driving assistance systems [7], with speciﬁc conditions. Some applications
dedicated to surveillance allow the detection of persons with diﬀerent scales [8],
but under restricting hypothesis, like ﬁxed video cameras. These methods would
not be usable for our application, because our video corpus contains various
framings, such as close shots, as well as global views, with mobile cameras.
Moreover, it is very common that the whole body does not appear in the frame,
just the upper part, which is problematic for these methods.
3.1

Face-Based Costume Detection

Recently, face was used as a visual clue for person detection [4,6]. The main idea
is the use of face detection algorithms to detect human presence. Nowadays, face
detection is not yet a solved problem, but the existing algorithms produce good
results when the input images are not very complex, which is often the case in
our corpus of TV broadcasts.
Thus, the ﬁrst step of our costume detection is the run of a face detection
algorithm, so as to detect the diﬀerent possible characters who are present in
the current frame, and their approximate position and scale. Then, the costume
of each character is extracted from the image according to the location and the
scale of his face.
There are many methods for face detection in literature (see [9] for a recent
review), but we do not use a speciﬁc one. We intend to make an application
which is independent of the face detector, when this one is able to produce some
results of at least a given minimal quality. We used the method presented in [10],
because a fast implementation is available in the Intel library OpenCV [11].
The costumes are extracted according to the localization and the scale of the
detected faces. At the moment, we estimate the costume by the area under the
face. The size of this area is proportional to the one of the face. In our examples,
we used a width size of 2.3 times the one of the face, and for the height size a
ratio of 2.6. We chose experimentally these coeﬃcients by taking the ones which
give the best ﬁtting of the box in our learning images.
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Face Detection Improvement

The algorithm of costume localization is based upon face detection. However,
frame by frame face localization introduce many false alarms, due to some noise
present in the data. Only one false detection in a frame is enough to involve a
false alarm on costume detection.
In order to reduce these false detections, we must exploit the properties of a
video sequence by using a temporal approach. For each frame, we detect all the
faces using a static approach. Then, we take a temporal window (subsequence)
of 2N + 1 frames. For each candidate face, we count its number of occurrences in
the N previous frames, and in the N next frames. Recall that all these detections
are made independently. Then, we keep a candidate face if it appears at least
N2 times in this subsequence. In our application, we took N = 2 (which leads
to a subsequence of 5 frames) and N2 = 4.
We consider that two detected faces correspond to the same face if there
are roughly at the same location. The position parameters may slightly vary
considering camera works or character motions. So, a small variation of these
parameters is borne to take into account these eﬀects. Moreover, to avoid the
detection of faces in dissolves we consider that two faces correspond to the same
face if the costumes detected from these faces are also identical (in terms of
features, cf section 3.4).
3.3

When the Face Detector Fails

Even if face detection is robustiﬁed (cf. section 3.2), there are many frames where
the face is occluded, where the person is shot from behind, or where the face
detection fails. In order to deal with the case where the persons are not detected
using face detection, we added a costume detection step which is not based on
face detection.
Costume Classification. Unlike face-based costume detection, we do not have
any prior information about the costume location in the frame. So, searching for
each model of costume can be very computationally expensive. In order to reduce
this cost, we will only search for the costume which is the most likely to be in
the frame.
We suppose that if a costume is present in a frame with the same scale, then
its histogram hc is included in the histogram of the frame hf . So, the histogram
intersection [12] with non-normalized histograms would provide as a result the
costume histogram hc
n
n

 

min hic , hif =
hic
(1)
i=1

i=1

So as to deal with the case where the costume does not have the same scale in the
frame, and to obtain a fractional match value between 0 and 1, the intersection
is normalized by the number of pixels in the model histogram, and compared to
the sum of the costume histogram. So for each costume the coeﬃcient Chf (hc )
is computed by
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Each costume is tested to see if its colors are present in the frame, and then
the costumes of the database are sorted by relevant color. Then, we only search
in the frame the localization of the most relevant costume.
Costume Localization. Now we have a unique model of costume to ﬁnd in the
frame, the problem reduces to detect its presence or not in the frame, and if so to
ﬁnd its location. To quickly ﬁnd its location using only its color histogram, we use
the object detection approach presented in [13]: using the costume histogram, an
image of weights is created from the frame, which represents the repartition of
the most probable pixels to be part of the object. This image of weights is called

backprojected image, and is based on the ratio histogram [12] rk = min hhfc , 1 .
Since the ratio histogram emphasizes the predominant colors of the costume
while diminishing the presence of clutter and background colors, the backprojected image represents a spatial measure of the costume presence.
From this image of weights, the problem is to ﬁnd if there is a “group” of
likely pixels, and if so to detect it. Considering this image as a cluster in R2 ,
the “group” of pixels can be considered as the cluster global mode. Then, a
statistical method, the mean shift procedure [14], is used to detect it.
If we note {xi }i=1...n the set of points of the cluster, and w(xi ) the weight associated to pixel xi , then the mean shift vector for the point x is computed by

x ∈S (x) w(xi ) xi
Mh (x) = i h
−x
(3)
xi ∈Sh (x) w(xi )
where Sh (x) is the sphere centered on x, of radius h and containing nx data
points. More information about the mean shift procedure and mean shift vector
can be found in [14]. The mean shift vector has the direction of the gradient of
the density estimate at x. The mean shift procedure is obtained by successive
computations of the mean shift vector Mh (x), and translation of the sphere
Sh (x) by Mh (x). The procedure is guaranteed to converge [14] to a local mode.
Actually, as costumes do not have the same size for height and width, we use a
scale h = (hx , hy ), with hx > hy , as presented in Fig. 3.
Mean shift iterations guarantee convergence to a local mode, but we are only
interested in the global mode. In order to ﬁnd the global mode, we take many
initializations in the frame (cf Fig. 3), and then we only keep the convergence
point which brings the largest density. The density is estimated using the Parzen
window [15, ch. 4]


n
x − xi
1 
K
(4)
fˆ(x) =
nh2 i=1
h
with an Epanechnikov kernel [14]
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Fig. 3. Mean shift costume detection. The two ﬁrst frames are the input data. The two
next represent the initialization of the mean shift procedure, with the corresponding
scale (hx , hy ). The last frame is the detected costume, with the optimal scale.

KE (x) =

− x2 ) if x < 1
0 otherwise
2
π (1

(5)

The Epanechnikov kernel was chosen because it was used to derivate the mean
shift vector in equation 3 (justiﬁcations can be found in [13]).
To give up this prior information about the scale h of the costume, we run
the detector many times with various scales, as shown in Fig. 3. Then, we keep
the scale that provides the largest density.
Use of this Blind Approach. Using mean shift detection in addition to facebased detection can be computationally expensive if these two approaches are
used in each frame, because it is carried out with various scales and several
initializations. As we need mean shift detection only when the face detector fails,
we apply it only one time in each shot, when the face detector provides no face
in the whole shot. Thus, the processing time for blind detection is insigniﬁcant
relatively to the processing time of a whole shot.
Table 1. Recognition rates for both videos
Video Class Number of characters Face-based approach
1
19 692
18 587 (94.39%)
1
2
34 978
2226 (6.34%)
3
56 857
3 755 (6.60 %)
1
5 588
4 897 (87.63%)
2
2
14 797
6 529 (44.12%)
3
21 539
1 129 (5.24 %)

3.4

+ Blind approach
18 659 (94.75 %)
2 865 (8.19 %)
3 755 (6.60 %)
5 005 (89.57 %)
6 529 (44.12 %)
1 129 (5.24 %)

Similarity Measure

The feature that we use is a three-dimensional RGB color histogram. The similarity measure used to compare histograms is the Bhattacharyya coeﬃcient, which
is closely related to the Bayes error [16, p. 38]. If we note q̂ = {q̂u }u=1...m and p̂ =
{p̂u }u=1...m the color histograms of the two costumes (m is the number
of
√ bins)

the Bhattacharyya coeﬃcient can be estimated by [17] ρ (p̂, q̂) = m
u=1 p̂u q̂u .
The coeﬃcient interval is the real interval [0, 1]. A value of 1 means a perfect
match, whereas a value of 0 means a mismatch.
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Table 2. Recognition errors for the ﬁrst video. For the number of miss-classiﬁed characters, the percentage is relative to the total number of detected persons.

Video 1

false alarms
misclassiﬁed characters
Video 2
false alarms
misclassiﬁed characters

4

Face-based approach + Blind approach
329
329
0.56%
0.54%
514
593
1.44%
1.43%

Experiments

Experiments have been carried out on diﬀerent video sequences extracted from
TV programs, especially TV talk-shows. We present here numerical results for
two diﬀerent TV talk-shows. The format of the videos is MPEG1, with a frame
size of 352 × 288. The ﬁrst video has a duration of thirty minutes, and contains
46 680 frames. The second one lasts twelve minutes, and has 18 243 frames. We
manually indexed these video sequences: for each frame, we noted all the persons
that appear as well as their character framing.
We compared the results for the traditional approach, only based on face
detection, with our blind approach. Computational time are roughly the same
for both methods: the frames were processed at a mean rate of 37 fps for the ﬁrst
video and 30 fps for the second one. Results are summed up in tables 1 and 2.

5

Conclusion

We proposed in this paper an approach for automatic person labelling in video
sequences using costumes. We showed that on our kind of content the clothes
of a person are relevant for recognition. This approach for costume detection,
which is not based on face detection, allows a fast localization of the costumes
when the face detector fails. We showed that results are improved when this
blind approach is used in addition to face-based costume detection. However,
the face-based detector is still essential, because the blind approach can only
ﬁnd costumes of the database, it cannot ﬁnd new ones.
Moreover, we would like to signiﬁcantly improve the results for the second
and third class characters. A separation of the clothes in diﬀerent parts (tie,
jacket, hat, trousers,. . . ) would perform a better description of the costumes,
and could be used to improve the detection.
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