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Abstract. There has been an increasing interest on the analysis of First
Person Videos in the last few years due to the spread of low-cost wearable
devices. Nevertheless, the understanding of the environment surrounding the wearer is a diﬃcult task with many elements involved. In this
work, a method for detecting and mapping the presence of people and
crowds around the wearer is presented. Features extracted at the crowd
level are used for building a robust representation that can handle the
variations and occlusion of people’s visual characteristics inside a crowd.
To this aim, convolutional neural networks have been exploited. Results
demonstrate that this approach achieves a high accuracy on the recognition of crowds, as well as the possibility of a general interpretation of
the context trough the classiﬁcation of characteristics of the segmented
background.
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Introduction

The increasing development of wearable devices, and in particular of wearable
cameras at a low price, gives rise to unexplored scenarios where many new applications can be developed, along with which many new challenges are posed. In
particular, ﬁrst person vision (FPV) greatly enhances the possibilities of understanding the surroundings of the wearer, but equally implies many problems to
be faced in image processing.
When it comes to the interaction with and of people around the wearer of an
FPV device (e.g. smart glasses), the perspective from which the video is taken
oﬀers a diﬀerent understanding of the behaviors, since wearers can move and
interacts more naturally, and thus produce data from this more ﬂuent and versatile point of view. Therefore, such capability can be used to develop a context
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awareness and understanding processing tool, capable of extracting meaningful
analytics with respect to changing environments (in particular crowds) and their
dynamic evolution. Such tools could be applied in ﬁelds like group and social
dynamics understanding, aﬀective computing, surveillance, or assistive technologies. Particularly, in crowded environments this would allow innovative ways of
understanding activities in speciﬁc areas of interest, as a source of new measures
for crowd monitoring and as complement to standard surveillance cameras.
In general, any application based on the ideas mentioned implies the segmentation of crowds and background in the FPV video. Thus, in this paper, a
method for the detection of crowds from FPV data is proposed. The estimation
of people’s positions is addressed as an image classiﬁcation task with video features extracted directly at the crowd level. The aim of this approach is to provide
a processing method to be used for modeling interactions inside the crowds, as
well as between them and the wearer of the FPV device.
However, the detection of crowds from this kind of videos poses new ambitious
challenges due to the high amount of ego-motion, as well as to the variations
in the background and environment that might happen in short periods [5].
Moreover, the irregular features of crowds represent yet another challenge, since
many possible occlusions can occur and no particular part of the body, nor any
speciﬁc visual characteristic, can be expected to be prominent or always present
when estimating the presence of a person or a multitude.
Thus, a requirement of the method to be used is that it should be capable
of extracting features directly from sample data, and to robustly handle the
kind of variations described for the problem at hand. These requirements make
Convolutional Neural Networks (CNN) an interesting option, for their capability
of learning relevant features from data, and the outstanding performance that
has been achieved with them in recent years for image classiﬁcation tasks as
shown in [13] and [6].
Furthermore, the method presented here represents a contribution in itself as,
to the best of our knowledge, the problem of mapping crowds around a wearer,
from a ﬁrst person vision perspective, has not been yet addressed.
The remainder of the article is structured as follows; section 2 brieﬂy reviews
the state of the art on FPV research. In section 3 the statement of the problem,
the architecture and training data are described. In section 4 the results found
are described and ﬁnally in section 5 conclusions and future work are discussed.

2

Previous Work

The research interest in FPV has been increasing in the last few years along
with the development of new technologies and the search for applications as
described in [1]. One of the main areas investigated so far is activity recognition
[9], where the focus is the assessment of interactions between the wearer and the
environment, paying particular attention on the manipulation of objects and
hands movements as in [3] and [14].
Similarly, the understanding of situations can be related to the interpretation
of interactions with people and the way these evolve dynamically, which in turn
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can be used to segment video sequences into relevant periods. However, most of
the contributions on scene understanding and segmentation of videos are based
on similarities on the actions, situations or environments, with interesting results
like the ones found in [8] [12] and [11]. Non has directly focused on the presence
and interactions of people as the basic segmentation criteria, being a task which
may require a tool for extracting and mapping people like the one proposed in
the present work.
Nonetheless, in relation to social interactions, some research has been carried
out in works like [4], where the gaze direction is used to infer the attention of
the people surrounding the wearer in order to recognize communications and
social relations. To this aim face detection is used to detect people, what is
done because of the particular goals, but limits the problem to particular kinds
of interactions and to the presence of faces which generally represents a small
subset of all the possible cases in which a person can appear in a scene.
Equally, in pedestrian’s detection, a relevant topic deeply explored in the
last decades, most of the contributions have focused on ﬁxed cameras, normally
above the crowd, and with the aim of analyzing its dynamics. Likewise, relevant
works have recently presented important increases in detection rates by using
deep architectures, outperforming most of or all previous methods as in [2] and
[10], and even from FPV in [15].
Nevertheless, very limited eﬀorts have been devoted towards the estimation
of position of people surrounding the wearer in complex environments and from
any perspective, being that all of these approaches emphasize on the detection
of persons, searching for the complete shape of the bodies and not directly on
the crowds and variable visible parts. That implies a training data focused on
people and speciﬁc bodily characteristics, parts or poses. On the contrary, the
present work focuses on the detection of people and crowds in general without
assumptions on particular visible characteristics.

3

Approach

This section describes the general approach through a statement of the general
problem, then the selection of the speciﬁc method to be used, the data used to
train the system, and ﬁnally the architecture used.
3.1

General Description of the Problem

Scene understanding from FPV videos is the main goal, with a particular focus
on describing the environment and the states of people around a wearer as the
main actors in crowded environments. The aim is to provide context awareness
and understanding processing tool, with which it would be possible to extract
meaningful analytics of changing crowded environments and their dynamic evolution. Additionally, given that the interpretation of the context is not only
dependent on the crowd but is also related to the characteristics of the environment, in the extracted background it is possible to ﬁnd some information about
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situations in which the wearer is immersed, which could be, at least partially,
analyzed through the classiﬁcation of certain features of the background.
This way, the main task is to segment the image into crowd and background.
However, due to the complex visual appearance of natural scenes and the abrupt
variations of background caused by the ego-motion, the detection of people from
ﬁrst person videos represents new challenges, many of which are not addressable through approaches normally adopted for pedestrian recognition or crowd
analysis.
In particular, as the situation is highly variable, the position, orientation and
movements of the people, as well as the crowd density is not predictable, and
then it is not possible to make an assumption about detecting particular parts of
the body, or any speciﬁc visual characteristic. For instance, there is no guarantee
to ﬁnd body parts in all situations, simply because big parts of the body can be
out of the ﬁeld of view when the person is close to the camera, and probably
occluded by other people or objects when far. Consequently, the approach of the
present work focuses on the detection of crowds and the extraction of features
directly from them.
Finally, the desired result is expected to contain a spatial representation of
the crowd’s distribution, which might allow mapping and analyzing the situation
surrounding the wearer as immersed in a particular scenario. Thus, the method
developed cannot only be focused on the detection of the crowds, but must allow
the approximation of their position in a 3D-like way, implying the estimation of
a plausible distance from the camera.
3.2

Detecting Crowds

The task of estimating the presence of crowds in a particular part of the image,
as well as to obtain features that allow to perform classiﬁcation, are the main
goals to have in mind when selecting a method to face the problem at hand.
However, many methods that could be suitable for this task may assume some
previous knowledge of the features, the presence of some characteristics in all
the images, or in some cases the capability of extracting the background, which
as described above is not feasible for FPV videos.
Then, the crowd’s classiﬁcation problem implies features that can be extracted
only from images containing people and crowds, and on features related to the
environment in the case of the background. This statement has led to the selection of Convolutional Neural Networks (CNN) as the main method to address the
proposed goal; mainly due to the outstanding performance that has been shown
for the CNNs in object recognition tasks and feature extraction from sample data
[13][7][6]. Particularly in [13], CNNs are compared to state of the art methods for
image recognition, showing how deep architectures outperforms them in most of
the datasets used. Equally, in [7] the detection of pedestrians using an architecture based on deep CNNs, in general outperforms or performs comparably to the
state of the art methods in the most challenging pedestrian detection data sets.
Additionally, the separation between the crowd and the background resulting
of the segmentation, leaves the opportunity to further analyze the information
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in the image in order to infer more characteristics of the situation and the environment. Thus, the possibility of extracting such kinds of information from the
background are taken into account when designing the network and the dataset
to train it.
Design of the Training Data. In order to train a CNN diverse approaches can
be explored, from whole frames containing diﬀerent amount of crowds, aiming
to classify them by the density found in them, to the estimation of crowds
inside small patches from the image. Obviously, the ﬁrst option turns out to be
impractical in many cases, and as the main features to learn are the ones speciﬁc
to the crowds, using small patches of the images containing them becomes the
best option. Extracting patches is beneﬁcial as well when building the data set to
train the network, for it makes it possible to easily include variability as a single
image containing a crowd may be sampled in such a way that many patches with
diﬀerent variations can be created.
Patches from crowds and background are used to train a CNN, nonetheless,
the variability of the features contained in the background is much higher than
the ones in people and multitudes, and in some cases even similar to the ones in
crowds. Thus the number of background samples must be higher than the one
of crowds in order to achieve a good performance.
The set of crowd images has been split into three classes based on the distance
of the crowd to the camera. Hence, the classes “Crowds”, “Mid-distance crowds”
and “Far crowds” are created. This approach can reduce the variability in the
features, but also allows estimating the position of the crowd in three dimensions.
The deﬁnition of these three classes is done by assuming a 4 to 1 ratio as a
regular proportion of the height of a person and the width of the torso. Assuming
this ratio, and considering the closeness to the people that a wearer can have
when immersed in a crowd; the ﬁrst distance is assumed to include at most the
forth part of the height of a person, and therefore the whole width of the torso.
Subsequently, the next distance doubles the previous one, meaning half of the
height. Then the third, doubling again, includes the whole height. In this way,
the distance to the camera follows a linear function of the portion of height
included, where each one is the double of the previous, and the basis depends
on the angular view of the camera and the size of the patches.
Having a higher number of samples for background also allows to create different classes for it. Such classes can be selected in diﬀerent ways, but ﬁnding the
best division is beyond the scope of this paper; the dataset for background has
been split into six diﬀerent classes (Plants, Interior, Sky, Buildings, Exterior and
Floor). With such division, it is possible to estimate other kind of information
present in natural scenes representing basic cues of the context and the environment, and could be used even for a better estimation of possible activities.
Consequently, a set of images to train a CNN with these classes has been
created based on FPV videos dataset presented in [4] and other images from
diﬀerent publicly available sources. The set is balanced in the number of images
per class and contains a total of 57.600, out of which a 15% is used for validation.
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Fig. 1. Samples of the three classes of crowds used to train the CNN. a) “Crowds”, b)
“Mid-distance crowds”, and c) “Far crowds”

Fig. 2. Samples of the six classes of background used to train the CNN. Plants, Interior,
Sky, Buildings, Exterior and Floor

Architecture of the CNN. The network used has 3 convolutional layers and
2 fully connected ones, and inputs used are 50 by 50 pixels RGB images (the
mentioned patches). All convolutional layers are followed by Rectiﬁed Linear
Units (’ReLU’), and the ﬁrst two are followed by a 2 by 2 max pooling. The
ﬁrst convolutional layer has 27 ﬁlter kernels of size 8x8x3; the second has 90
kernels of size 7x7x27 and the last has 180, 5x5x90 ﬁlter kernels. After the third
convolutional layer and the ﬁrst fully connected one a dropout is performed
during training with a 50% rate. The ﬁrst fully connected layer has 420 units,
and the last 9, corresponding to the number of classes. Finally, the training for
classiﬁcation is performed with a 9-way softmax.
The architecture and used regularizations for training has been selected
through experimentation but also following the results for improving performance of CNNs described in [16].
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Fig. 3. Illustration of the architecture used for the CNN
Table 1. Confusion matrix of the network for the nine classes tested on the validation
set

Buildings
Sky
Plants
Interior
Exterior
Floor
Far C.
Mid-dist.
Crowd

Buildings
0,70
0,00
0,02
0,03
0,20
0,03
0,00
0,01
0,02

Sky

Plants

0,01
0,96
0,02
0,02
0,01
0,05
0,00
0,00
0,00

0,02
0,01
0,72
0,00
0,04
0,02
0,01
0,00
0,00

Interior Exterior
0,14
0,01
0,00
0,91
0,04
0,04
0,00
0,01
0,00

0,07
0,00
0,08
0,00
0,49
0,02
0,01
0,01
0,00

Floor

Far C.

0,02
0,01
0,08
0,02
0,06
0,83
0,00
0,00
0,00

0,00
0,00
0,02
0,00
0,05
0,00
0,85
0,12
0,01

Middist.
0,02
0,00
0,02
0,01
0,02
0,00
0,12
0,77
0,18

Crowd
0,03
0,01
0,04
0,00
0,09
0,01
0,01
0,09
0,79

The network has been trained by using the MatConvNet implementation
[17].
In this way, for classiﬁcation a sliding window extracts patches from the frame
and uses the classiﬁcation delivered by the network to determine the presence
of one of the three class of crowd in diﬀerent areas of the image.

4

Results

With the selected architecture and training on the dataset for 200 iterations,
the results indicate that the problem of segmenting crowds in FPV videos can
deﬁnitely be addressed as an image classiﬁcation task with features learnt at
the crowd level. The classiﬁcation of the three possible crowd’s classes with
diﬀerent distances from the camera shows a good performance and allows the
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Fig. 4. Examples of crowd detection, the three classes are represented with diﬀerent
colors, from Red for crowds close to the camera, “Crowd” class, to “Far crowd” in blue.
In a, the original frames and in b the respective visualization of the crowd’s detection
Table 2. Confusion matrix for the classiﬁcation of crowds and background in general

Background
Crowd

Background
0.95
0.03

Crowd
0.05
0.97

mapping of crowds around the wearer just as intended. In Fig. 4 are visualized the
classiﬁcations of two particular situations form a video in the data set presented
in [4]. In these examples the classiﬁcation of the three possible distances from
the camera are illustrated.
Table 1 shows the confusion matrix of the classiﬁcation performed by the
selected CNN. It can be seen that the three classes for crowds have a classiﬁcation rate of at least 77%, yet most part of the error in these classes are
misclassiﬁcations between themselves. Thus, if the accuracy is measured as the
classiﬁcation of crowds and background in general, it goes up to 97% as shown
in Table 2.
Even if the classiﬁcation rate is quite high, the misclassiﬁcation errors can
generate noise, which would accumulate when data are used for tracking or
mapping of the surroundings. This problem is beyond the scope of this work but
could certainly be addressed by the correlation of data in a temporal framework,
taking into account the information of consecutive frames in the video, and
probably additional information form the ego-motion.
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Fig. 5. Examples of segmentation of images based on the classiﬁcation performed for
background and crowds

Additionally to the detection of crowds, it is shown in Fig. 5 that as the
background has been grouped in separated classes, though not with the same
accuracy than for crowds in all of them, such division can be used to segment
images as a basis for understanding context. It can be appreciated in the illustrations of Fig. 5 that, for example, it might be possible to infer the diﬀerence
between a scenario inside a building where the classes “Interior” and “Buildings”
are predominant on an area of the image, while in the scenes outdoors the class
“Exterior” is predominant, and for example some areas where plants are present
appear clearly segmented giving more hints about the context.

5

Discussion and Future Work

This work discussed how detection of people and crowds from ﬁrst-person view
can be achieved with good accuracy by learning features at the crowd level for
classiﬁcation through Convolutional neural networks.
It has been also shown that this kind of approach could be extended to
wider segmentation of the image in order to generate relevant information for
context awareness or other applications. This approach could be the basis for
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more abstract processing that deals with interaction understanding or dynamic
adjustment of the system depending on the environment.
Finally, once the detection of the crowds has been performed by using the
three deﬁned classes, it could be possible to map the crowds by projecting the
angle and depth, assuming the angle as a linear function of the horizontal position
of the crowd and the depth depending on the class it belongs to. This can be
the next step to bring the temporal information of a video to the stabilization
of crowd’s detection and the extraction of information about interactions of the
wearer with the surrounding people.
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