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A B S T R A C T

Automatic tools for the analysis of human behaviour are very important when aiming to
understand the lifestyle of people. Egocentric wearable cameras allow the capture of images
during long periods of time and in this way bring objective evidence of the experiences of the
user.

In this paper, we propose a novel framework to discover behavioural patterns following
an unsupervised greedy approach based on extracted image descriptors. The method collects
and constructs time-frames to extract the semantics of user behaviour in terms of contextual
information, such as places, activity, present objects, and others. Later, the similarity among
the user time-frames is computed to assess correlations and thus obtain the user’s routine
descriptors. To evaluate the performance of our method, we present several score metrics and
compare them to state-of-the-art works in the field. We validated our method on 315 days and
more than 390,000 images extracted from 14 users. Results show that behavioural patterns can
be successfully discovered and that they are able to characterize the routine of people bringing
important information about their lifestyle and behaviour change.

. Introduction

Understanding human behaviour is increasingly gaining attention from the computer science community [1–3]. Aiming at
eveloping automatic tools for the analysis of people behaviour, researchers rely on the use of wearable sensors. These devices
llow the automatic capture of behavioural information throughout the day. This information tends to be represented in the form
f a time series. These data can localize a person at a certain time [4], display the activity happening at a certain moment in time
5], deduce the emotional state of a person [6], identify social interactions [7] or help monitoring health conditions [8].

Different wearable sensors are available nowadays, the most popular being the GPS and accelerometers. These devices are able to
cquire information during long periods of time. However, their gathered data lack semantics, they are not readable by the user and
hus do not allow for a deep understanding of the user experiences. In contrast, visual information does allow the comprehension
f the context, leading to a user-friendly display of the behaviour of a camera wearer. Wearable cameras are devices that are worn
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Fig. 1. Visual timeline with collected images by one of the users in the EgoRoutine dataset. Rows represent the different collected days and columns indicate
time. White spaces correspond to not recorded moments.

attached to clothing, and capture a first-person view of the life of the wearer. The collection of images gathered with a wearable
camera is known as egocentric photo-streams. The frame rate of the camera limits the amount of information that one can gather.
Low frame rate cameras allow collection of images throughout long periods of time (e.g. the whole day), while high frame rate
cameras allow a detailed description of the activity at hand (e.g. sport activity).

Until today, many approaches have been introduced in the literature to address different tasks within computer vision that
allow a better understanding of the activities performed by the camera wearer. Just to mention some examples, such tasks include:
recognition of daily life activities [9], prediction of next action in an activity [10], detection of places [2,11], social interactions
[12], routine-related days identification [1], among others.

In this work, we propose a step forward presenting a robust approach for the discovery of patterns of behaviour from egocentric
photo-streams. Instead of considering a fixed, predetermined (usually, small) number of actions [3], we are interested in discovering
the actions that characterize the behaviour of a user in an unsupervised framework. Our method extracts and constructs descriptors
from images in form of semantic concepts automatically. The method follows a greedy fashion that looks for common descriptive
structures, i.e. beginning from a seed it extracts structures seeking similar user behaviour throughout the time periods of different
days. The result of our learning approach is a set of routine patterns characterizing the behaviour of a user. This differs from our
previous work in [1] in that routine was described as a collection of patterns of behaviour that provide a summary of the lifestyle
of the user. Here, the concept Pattern relates to the sequence of activities that a person follows in her or his daily routine. We
understand that patterns differ in complexity, i.e. number of sequential activities a person follows daily. These patterns represent a
solid and quantified base to draw a summary of the lifestyle of the person (see Fig. 1).

This work builds on top of our preliminary work towards the discovery of patterns in egocentric photo-sequences [13], where we
presented an unsupervised greedy method to identify a set of behavioural patterns from a semantic clustering methodology based
on the similarity among the time-frames that reflect the days that have been gathered for a user.

In this paper, the contributions are five-fold:

1. We present a novel and robust methodology for behavioural pattern discovery from egocentric photo-streams based on
extracted semantic information from the images.

2. We introduce the use of n-grams of different order to describe sequence of behavioural patterns.
3. We provide an extensive analysis for the performance of our model by testing on four different publicly available egocentric

datasets. An ablation study with respect to hyperparameters of our proposed pipeline shows the best configuration of our
proposal.

4. We propose a novel metrics, we call Representativity in order to evaluate the quality of the extracted patterns.
5. We designed a framework for qualitative evaluation based on a questionnaire for user assessment. Moreover, we propose a

proper visualization scheme to illustrate the extraction of routine discovery.
2
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The rest of the paper is structured as follows: In Section 2, we describe related works. In Section 3, we define our approach for
he discovery of behavioural patterns from collections of egocentric photo-streams. In Section 4, we give the experimental setup and
esults. There, we present a detailed discussion on the obtained results in Section 5. Finally, we conclude this work in Section 6.

. Related works

Human behavioural pattern discovery is a challenging task. One can agree the richness of all human activities characterizing the
uman behaviour. Most likely, on one hand a user would do more than a prefixed number, because of the high diversity among the
ctivities that an individual can follow [14]. Nowadays, there is a lack of common tools and devices to gather information about
he behaviour of individuals.
Behaviour and wearable sensors. In [15], a review of different strategies that rely on different sources of data for human

behaviour is described. The major part of the proposed approaches addresses the task of human behaviour analysis as a supervised
learning problem, i.e. learning to identify a small set of pre-defined human activities (e.g. 12 activities like running, walking, etc.).
However, most likely, we can expect that a user would do more than a prefixed number (e.g. 12) of activities. Moreover, different
users tend to perform different activities. For example, we expect different activities when thinking of a child or an elderly. Another
example is the work proposed in [16], where the authors present a tool for classification of a limited set of activities based on the
analysis of collected values by sensors. In this work, the term pattern discovery is described by the authors as ‘‘extracted information
from low-level sensor data without any predefined assumptions or models’’. This work was based mainly on sensor data and cannot
be extended for the analysis of unknown activity classes. However, the method is not capable of analysing the variety of scenarios
that can appear in the daily life of a person, since this kind of devices are unable to give information capturing the semantic
meaning of the activities or the surrounding environment. We think it is key for behaviour understanding, that the problem is
addressed from a discovery perspective following an unsupervised approach. This means that we should aim at learning to discover
patterns of activities with no pre-defined activity labels. Creating such a robust model, without the restriction of a predefined and
limited set of human activities to recognize, is still an open issue in the literature.

The discovery of daily routine can be seen as the identification of patterns of behaviour. Patterns have appeared in the literature
when addressing other tasks. For instance, in order to detect thematic patterns in time series, [17] introduced a model for the
discovery of the theme in a video. To that end, the authors proposed to address the task as a cohesive sub-graph mining problem
and define as binary quadratic programming problem the route to reach the solution. Although the work shows robustness for
thematic pattern discovery, their proposed approach is not able to find common patterns in different time-sequences. In our work,
this is relevant since our goal is to analyse time series that describe the days of camera wearers. Furthermore, one theme or topic is
not sufficient to describe the behaviour of an individual. In human behaviour analysis, multiple pattern discovery is needed followed
by undefined tasks so that it can adapt to individual patterns and situations.

Human behaviour and computer vision. Human behaviour is a broad concept addressed in the computer vision literature.
The field includes activity recognition in images [18] and videos [19], social relationship recognition [20], sentiment analysis [21],
crime recognition [22,23], crowd behaviour analysis [24], among others. Most of this work focus on the recognition of a certain
set of classes following an unsupervised approach. They tend to stay within the defined frame of their training dataset. There are
few works in the literature that could be used in the discovery of behavioural patterns. From the state-of-the-art in the field, we
gain insight into the best way of describing images. For instance, using global descriptors extracted using pre-trained convolutional
neural networks as in [25,26], or using detected objects and activities as semantic descriptors as in [1].

Human behaviour through egocentric vision. Through the analysis of daily experiences described from a first-person
view, i.e. egocentric perspective, we can get understanding the behaviour of a person. This concept has grown interest in the
computer vision community, more specifically in the field of computer vision. Previous works have addressed the task of temporal
segmentation by detecting strong changes in the temporal line [27,28]. In [27], extracted semantics in the form of bag-of-words in
combination with global descriptors extracted from the images are analysed. In [28], the authors identify the boundaries between
events by relying on an LSTM-based model that compares the visual context generated from a set of frames in the past to the predicted
visual context in the future. The authors in [29] focused on the location depicted in the image to segment videos into different
time-slots. Despite identifying time-slots, these works segment the video, but do not describe what these segments represent and do
not study how the segments are related throughout the data collection. Furthermore, in Organizing egocentric videos of daily living
activities [30], the authors proposed a framework to automatically segment and organize a set of egocentric videos of daily living
scenes. Through an unsupervised temporal segmentation, each egocentric video is divided in scenes by considering the extracted
features of a neural network. The segmented videos can provide rich descriptors for video analysis that are useful for query, retrieval
and lifestyle description. However, they do not claim to discover user routine as a concept of repeating events typical for a user.

Routine analysis through egocentric vision. In the field of egocentric vision, there are several works that focus on the analysis
of camera wearer behaviour. In [1], the authors proposed an unsupervised framework for photo-stream (day) classification into
routine and non-routine. Topics are discovered based on extracted semantics from the images. Later, a representation of the day
is built based on the relevance of the topics. A clustering method is used to identify similar days, which define the routine-related
cluster. They describe a day as routine or non-routine while here we discover routine patterns as a combination of repeated events,
that do not necessarily cover the whole day. In this way, we provide a more fine-grained definition of the descriptors of the identified
routine patterns.
3
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Table 1
Explanation of the used notations throughout the paper.

Notation Explanation

𝑛(𝑖, 𝑗) Node corresponding to day 𝑖 and timeslot 𝑗

𝑆𝑖 , 𝑆𝑗 Scene labels of the 𝑖th and 𝑗th time-slots
𝐴𝑖 , 𝐴𝑗 Activity labels of the 𝑖th and 𝑗th time-slots
𝑂𝑖 , 𝑂𝑗 Array of objects corresponding to the 𝑖th and 𝑗th time-slots
𝐷𝐻(𝑆𝑖 , 𝑆𝑗 ) Hamming distance between scene labels 𝑆𝑖 and 𝑆𝑗

𝐷𝐻(𝐴𝑖 , 𝐴𝑗 ) Hamming distance between activity labels 𝐴𝑖 and 𝐴𝑗

𝐷𝐽 (𝑂𝑖 , 𝑂𝑗 ) Jaccard distance between array of objects 𝑂𝑖 and 𝑂𝑗

𝑇𝑖 , 𝑇𝑗 Time slots of the nodes expressed in seconds normalized by the day length
𝑝 Constant defining the importance of the different terms in the distance
𝑞 Constant defining the importance of the time difference term in the distance
𝑃 Aggregated set or cluster of nodes
𝑆 Set of nodes
neighbours(_) Neighbours of a node
Entropy(𝑃 ) Entropy of the cluster 𝑃

𝑥𝑖 Newly added node to set 𝑃

𝐹 (𝑥𝑖) Occurrence frequency of the distance between 𝑥𝑖 and the centroid of 𝑃

𝐷𝑉 Set of all distance values between existing nodes of 𝑃

𝑑𝑥𝑖 Distance between 𝑥𝑖 and 𝑃

𝑁 Total number of days
𝐾 Total number of time-slots

Clustering egocentric images in passive dietary monitoring with self-supervised learning. In [31], the authors introduced
a self-supervised learning framework for clustering large volumes of egocentric images into separate events. The goal is to simplify
the post-processing and annotation tasks associated with analysing a large volume of captured images. The framework utilizes a
two-stream structure with multi-task learning, combining a masked autoencoder (MAE) branch and a contrastive learning branch.
The MAE branch reconstructs the original images and computes the mean squared error loss, while the contrastive learning branch
focuses on learning discriminative image features. The two branches are combined using a joint loss function.

Our first steps towards routine pattern discovery. Our preliminary work in Behavioural pattern discovery from collections of
egocentric photo-streams [13] presented a case study of our proposed greedy approach for behavioural pattern discovery. This work
represents an extension of that research line by extending the greedy framework to detect patterns of different orders defining
relations of actions in the daily routine. We perform an ablation study at a hyperparameter level and by benchmarking on publicly
available egocentric datasets in order to illustrate the performance of our proposal. Furthermore, we show that by introducing
an entropy-based measure to form and analyse the clusters of images, a more consistent output is achieved. We compare the
performance of our framework to the state-of-the-art approaches, such as Organizing egocentric videos of daily living activities [30]
and show that our proposal outperforms the state-of-the-art as well as provides an efficient computational method for behavioural
pattern discovery.

3. Behavioural routine pattern discovery

In this section, we describe our proposed pipeline for pattern discovery from egocentric photo-streams for lifestyle analysis. We
refer to the following terms:

• Day : sequence of images collected by a wearable camera describing the activities performed by the camera wearer.
• Time-slot : set of consecutive images that are recorded within two defined time stamps.
• Patterns/clusters: a collection of time-slots that share descriptors and conform a group with a maximum acceptable level of

entropy. These time-slots can be sequenced in time and through days.
• n-gram: repeated sequence of 𝑛 patterns.
• Routine: a collection of patterns that describe the lifestyle of the camera wearer.

We also provide the notations in Table 1 to facilitate understanding throughout the paper.
Given a set of days described by photo-streams, the latter are first characterized by the detected concepts with a pre-trained

deep network (see Section 3.1). Later, days are translated into graphs (see Section 3.2). To do this, photo-streams are divided into
time-slots, where each time-slot represents a node in the graph (see Section 3.3). The created time-slots are compared to each other,
4
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Fig. 2. Illustration of time-slots created for image sequences corresponding to 30’ within the image time-series. We indicate the automatically extracted and
selected labels to describe the time-slot.

our greedy algorithm defines patterns based on the computed similarities (see Section 3.4). Finally, the sequences of repetition of
these patterns are extracted throughout the different days (see Section 3.5). In the following subsections, we describe in detail the
different steps.

3.1. Days characterization by semantic features extraction

Most people in society tend to follow a life based on a routine. Routine has been described as the sequence of recurrent activities
that a person follows in daily life [1]. A typical work-related routine day could be described by the following example of a sequence
of activities: commuting, office, eating, office and commuting. If we pay attention, we can observe in this example that location and
activity play an important role when describing human behaviour (i.e. commuting as an activity and office as a location). Keeping
this in mind, we represent the images that compose the collected photo-streams with extracted elements in the form of labels. We
extract the following labels:

• location,
• activity, and
• objects detected in the image

in order to construct a description of the visual depicted scene.

3.2. Graph representation of the day

The collected days by the users are divided into time-slots of half-hour. A time-slot is later represented by a node in a linear
graph, see illustration in Fig. 2. Images are characterized by the detected concepts with pre-trained deep networks where we rely
on networks pre-trained to identify scene [32], activity [9] and objects [33] that the images depict. Therefore, a node, representing
a group of images, is characterized by the scene and activity with the highest occurrence, and the set of objects that appear more
than 𝐾 times (in our case, 𝐾 = 10) in the group of images of each time-slot, where we select labels with high occurrence to ensure
that they are representative for the time-slot. Fig. 2 depicts the process of forming time-slots and the labels that describe them.

3.3. Detecting similar time-slots

After building the linear graphs that describe the daily user behaviour, we build a metric that allows us to compare different
days. The metric compares nodes representing time-slots to reflect the inherent time feature of a potential pattern. With this, we
can differentiate activities such as eating that can happen at different times of the day (e.g. having breakfast, lunch or dinner). The
distance 𝑑 among nodes 𝑚𝑖, 𝑚𝑗 is computed as follows:

𝑑((𝑆𝑖, 𝐴𝑖, 𝑂𝑖), (𝑆𝑗 , 𝐴𝑗 , 𝑂𝑗 )) = 𝑝 (𝐷𝐻(𝑆𝑖, 𝑆𝑗 ) +𝐷𝐻(𝐴𝑖, 𝐴𝑗 ) +𝐷𝐽 (𝑂𝑖, 𝑂𝑗 )) + 𝑞 (|𝑇𝑖 − 𝑇𝑗 |) (1)

where 𝑆𝑖, 𝑆𝑗 are the scene labels of 𝑖th and 𝑗th time-slots, 𝐴𝑖, 𝐴𝑗 are their activity labels and 𝑂𝑖𝑂𝑗 are arrays containing the
corresponding objects detected by Yolov4. 𝐷𝐻(𝑆𝑖, 𝑆𝑗 ) is the Hamming distance that is 𝐷𝐻(𝑆𝑖, 𝑆𝑗 ) = 1 if 𝑆𝑖 is different of 𝑆𝑗 and
0 if they coincide, 𝐷𝐻(𝐴𝑖, 𝐴𝑗 ) is the Hamming distance between nodes activities, 𝐷𝐽 (𝑂𝑖, 𝑂𝑗 ) is the Jaccard distance [34] between
nodes objects, where 𝑇 and 𝑇 are the time slots of the nodes expressed in seconds normalized by the day length in seconds, 𝑝
5
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Fig. 3. Mapping time-slots corresponding to 30’ by using MDS [35] on the pairwise distances computed by Eq. (1).

and 𝑞 are constants defining the importance of the different terms in the distance (Eq. (1)). We found empirically that the weights
𝑝 equal to 0.85 and 𝑞 equal to 0.15 provide the optimal trade-off between both terms.

In order to illustrate the similarity between time-slots, we compute the pair-wise distance among the nodes of the same time-slot
and apply multi-dimensional scaling (MDS) [35] to map the nodes in a two-dimensional space. Fig. 3 presents the spatial distribution
of the nodes after applying the MDS. In this example, we can observe the suitability of MDS for the representation of the samples.
Different nodes are separated in space, while similar nodes are placed closer. We can conclude that the spatial relationship among
nodes with highly similar images is maintained.

3.4. Aggregating similar time-slots to create events across days and time

The next step is to detect routine patterns consisting of repeated similar time-slots. Our proposed approach for behaviour pattern
identification follows an heuristic greedy algorithm. The method relies on a seed node that aggregates neighbouring nodes based on
the defined distance (see Eq. (1)). We consider neighbours (𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠(_)) as adjacent nodes in time, as well as nodes on different
days that occur at the same time. Let us consider a node 𝑛(𝑖, 𝑗) corresponding to the 𝑖th day and 𝑗th time-slot. We initialize the
aggregated set 𝑃 (cluster) with a seed composed of two time-slots/nodes that are the closest and belong to different days but that
happen at the same time frame. Then, we determine the nodes of minimal distance to 𝑃 (any element of 𝑃 ) from their neighbours.

Our proposed model relies on the entropy of the formed groups of nodes, i.e. clusters (P), to determine if a given node will
be added to a cluster. This criterion is based on the idea that the entropy of the nodes of a cluster should remain low and that
the inclusion of a node very different to the cluster nodes would increase the entropy of the cluster. Shannon entropy [36] was
calculated by the discretization of the values from the multi-dimensional scaling with a precision defined by a number of bytes
(equal to 2). Entropy has been used not only as a measure to compare nodes, but also as a global goodness metric [37] based on the
idea that each cluster should be a subset of nodes with minimal variation i.e. minimal degree of internal inhomogeneity, considering
the features node values from the point of view of the information theory.

Hence, the distance of a neighbour node to the set 𝑃 is defined in terms of the entropy between them. We employ the entropy
of 𝑃 ′ = 𝑃

⋃

𝑥𝑖 as follows (see Eq. (2)):

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃 ′) = −
𝑛
∑

𝑖=1
𝐹 (𝑥𝑖)𝑙𝑜𝑔𝐹 (𝑥𝑖) (2)

Where 𝑥𝑖 represents the newly added node to the set 𝑃 , and 𝐹 (𝑥𝑖) is the occurrence frequency of the distance between 𝑥𝑖 and the
centroid of 𝑃 . Let us consider the set of all distance values 𝐷𝑉 = {𝑑1, 𝑑2, 𝑑3,… , 𝑑𝑛} between existing nodes of 𝑃 = {𝑥1, 𝑥2, 𝑥3,… , 𝑥𝑚}
to 𝑃 , and 𝑑𝑥𝑖 the distance between 𝑥𝑖 and 𝑃 , 𝐹 (𝑥𝑖) is the amount of times that 𝑑𝑥𝑖, discretized with a resolution of 2 bytes, appears
in the set of 𝐷𝑉 .

The entropy of including the different nodes is computed and used to rank them. The node to be included in the cluster
corresponds to the one that leads to the lower entropy increase. We set a value threshold to assess the maximum entropy increase
6

allowed, above which no nodes are further included. We present the formalization of our introduced method with Algorithm 1:



Pervasive and Mobile Computing 95 (2023) 101846M. Menchón et al.
Fig. 4. Example of a cluster entropy (blue), filtered entropy signal with a Gaussian filter (orange), first (green) and second (red) derivatives of the smoothed
entropy as functions of the iteration of cluster growing. The maximum value of the first derivative indicates the cut of the cluster growing, i.e. when the process
stops adding time-slots. On the right, we visualize the time-slots that are sequentially added to the cluster (i.e. pattern). The red numbers show the order of the
aggregated time-frames.

Initialization: Given all nodes 𝑆0 = 𝑆 = {𝑛(𝑖, 𝑗)}, 𝑖 = 1, ...𝑁 corresponding for days from 1 to 𝑁 , and 𝑗=1,..𝐾 corresponding for
time-slots from 1 to 𝐾, these nodes are described by the semantic set of concepts detected in the images
Output: Set of clusters 𝑃𝑡;

→ Let 𝑛𝑜𝑑𝑒0 = 𝑛(𝑖0, 𝑗0) and 𝑛𝑜𝑑𝑒1 = 𝑛(𝑖1, 𝑗0) are the closest nodes from 𝑆0 so that 𝑑(𝑛(𝑖0, 𝑗0), 𝑛(𝑖1, 𝑗0)) = 𝑚𝑖𝑛𝑤,𝑙,𝑧(𝑑(𝑛(𝑖𝑤, 𝑗𝑙), 𝑛(𝑖𝑧, 𝑗𝑙))
all over the days 𝑖𝑤 and 𝑖𝑧 and time-slots 𝑗𝑙;

→ Let 𝑣1 = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃1) where 𝑃1 = {𝑛(𝑖0, 𝑗0), 𝑛(𝑖1, 𝑗0)}, 𝑆1 = 𝑆0 ⧵ {𝑛(𝑖0, 𝑗0), 𝑛(𝑖1, 𝑗0)}, 𝑡 = 1;

while 𝑆𝑡 ≠ ∅ or 𝑣𝑡 does not fulfil the stopping criterion (see Section ??) do

// now we evaluate all neighbours from the aggregated sets
→ Let 𝑛𝑜𝑑𝑒𝑡 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑛𝑜𝑑𝑒𝑡∈𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠(𝑆𝑡−1)𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃𝑡−1

⋃

𝑛𝑜𝑑𝑒𝑡);

→ Update set of nodes 𝑃𝑡 = 𝑃𝑡−1
⋃

{𝑛𝑜𝑑𝑒𝑡}, 𝑆𝑡 = 𝑆𝑡−1 ⧵ {𝑛𝑜𝑑𝑒𝑡}, 𝑡 = 𝑡 + 1;

// compute entropy of updated set of nodes 𝑃𝑡
→ 𝑣𝑡 = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃𝑡);

end
Algorithm 1: Our proposed heuristic greedy algorithms for the discovery of behavioural patterns in collections of egocentric
photo-streams.

Complexity: In the worst case, the presented algorithm performs for each candidate node, an iteration over all the nodes minus
the nodes that have been already considered. Taking into account that the maximum number of nodes is |𝑆|, the computational
complexity is 𝑂(|𝑆|2), where |𝑆| =

∑𝑁
𝑖=0 𝑡𝑖 indicates the number of nodes, the value 𝑁 describes the number of days under analysis,

and the value 𝑡𝑖 represents the number of time-slots in day 𝑖.
Discovering routine patterns: One of the important questions in the Algorithm 1 is to define a good stopping criterion in order

to extract a cluster of nodes with semantic similarity between them. We consider that similar nodes are related to small time-slot
similarity criteria, and by vice-versa, if we add dissimilar nodes, the entropy will increase rapidly. Both the aggregation process and
the evolution of the criterion are monotonically increasing functions and in this way, a change can be detected by means of the
maximum of first derivative of 𝑣𝑡 and zero-crossing of its second derivative. We find the cluster with similar nodes by smoothing 𝑣𝑡
with a Gaussian filter and calculating the first and second derivatives to define a stopping criterion for the clustering process.
7
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Stopping criterion: We define a single pattern (we call pattern of order 1) by stopping the growing of a cluster 𝑃𝑡 at iteration 𝑡
when the entropy achieves an inflection point that is when the value of the first derivative 𝑣′𝑡 is over a defined threshold 𝑘 and the
second derivative 𝑣′′𝑡 crosses zero i.e.

Stopping criterion(𝑣𝑡, 𝑡, 𝑘, 𝜖) ∶ 𝑣′𝑡 > 𝑘 |𝑣′′𝑡 | < 𝜖.

In this case, the constructed cluster gives us a single routine pattern. We visualize the process of finding patterns in Fig. 4. We
show entropy as a function which is proportional to cluster growth at its first and second derivatives. On the right we show which
of the frames from different days and in which order are aggregated to the cluster according to the minimal entropy. The columns
of the frames correspond to different time-slots and the rows correspond to different days. Each cluster of frames together with the
extracted semantic concepts form a single pattern. For example, the cluster in Fig. 4 corresponds to the pattern of working at the
office in the morning.

Note that during the process of pattern discovery, each time-slot is only considered once. Therefore, when a pattern is detected,
the time-slots that compose it are discarded from the rest of the process. In the next steps of the algorithm, the rest time-slots are
analysed using the same procedure in order to find the rest of the behavioural patterns.

3.5. Pattern discovery of higher order extracted by n-grams

A pattern of behaviour can be composed of a repeated sequence of simple patterns (e.g. activities like each morning the user
takes breakfast, gets the metro and goes to the work office). In order to extract a composition of repeated single patterns, here,
we rely on the well-known probabilistic n-grams of different order to identify patterns of distinct order (length). The algorithm of
n-grams is shown in Algorithm 2:
Input: Set of clusters 𝑃𝑡 (𝑡 = 1 to 𝑁 , where 𝑁 is the maximum number of identified clusters) as a result of the Algorithm 1.
The individual members of this set are considered patterns of order 1 or (1𝑔𝑟𝑎𝑚𝑠)
Output: Patterns corresponding of (2𝑔𝑟𝑎𝑚𝑠) and (3𝑔𝑟𝑎𝑚𝑠);

→ Initialize an empty list 2𝐺 and 3𝐺 to store the 2-grams and 3-grams;

for t=1 to 𝑁-2 do
→ Append the consecutive pair 𝑃𝑡, 𝑃𝑡 + 1 to the list 2𝐺;

→ Append the consecutive tuple 𝑃𝑡, 𝑃𝑡 + 1, 𝑃𝑡 + 2 to the list 3𝐺
nd

Algorithm 2: N-grams extraction from the identified clusters
We consider each identified pattern as a single element. An n-gram is defined as a sequence of 𝑛 elements that occur in the

hoto-stream collection. An n-gram of order 1, i.e. 𝑛 = 1 describes the simplest scenario where the behaviour is described by a
ingle pattern. A higher degree of n-grams, i.e. high values of n, describes more complex behaviour composed of a set of 𝑛 single

patterns. For example, an n-gram of 𝑛 = 3 would detect the repetitive behaviour of a person for 3 sequential activities such as
commuting, working with a laptop and work-meeting that used to repeat throughout the days within a similar time interval. Fig. 5
shows an example of clusters and how to identify different n-grams by their order.

4. Experimental framework

In order to validate our proposal, in this section, we describe the datasets on which we test our proposed framework, the metrics
used for the validation, and the experimental setup of our method.

4.1. Datasets

We evaluate the robustness of our model for the discovery of behavioural patterns by analysing four different egocentric datasets
that describe the daily life of people in the wild. Table 2 quantitatively presents these datasets. They were collected with different
wearable cameras, namely, Narrative Clip [41] and OMG Autographer [42], thus, the visual perspective slightly differs. Fig. 6 shows
some sample images per dataset. The following is a brief description of the used datasets:

• The NTCIR-12 [38], The NTCIR-13 [39] and The NTCIR-14 [40] are available egocentric datasets released in the Lifelog:
Personal Lifelog Search challenge. The datasets are composed of 79, 91 and 43 days respectively, and were collected by a
total of 7 different users.

• Egoroutine: dataset introduced in [1] consists of unlabelled egocentric photo-streams. A total of 114, 225 images were collected
during 102 days by 7 different users capturing the daily lives of the users.
8
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Fig. 5. Example of n-grams of orders 3 and 2. At the top, there are three days conformed by different identified clusters. The combination of clusters 2, 3, and
4 define an n-gram of order 3, which appears on days 1 and 2. The combination of clusters 2 and 3 detail an n-gram of order 2 that appears in the three days.

Fig. 6. Sample images from the different egocentric datasets evaluated in this work namely, EgoRoutine [1], NTCIR-12 [38], NTCIR-13 [39], and NTCIR-14
[40].

Table 2
Distribution of the datasets on which we evaluate our proposed method for
behavioural pattern discovery.
Dataset #Users #Days #Images Avg images/day

NTCIR-12 [38] 3 79 86915 1100,19
NTCIR-13 [39] 2 91 112186 1232,81
NTCIR-14 [40] 2 43 81210 1888,60
EgoRoutine [1] 7 102 114225 1119,85

Total 14 315 394536 1252,49

Recently, several challenging egocentric vision datasets appeared like: Ego4D [43], the EPIC-Fusion [44] and the EgoCOM [45].
Note that no one of them covers the whole day and several weeks that are critical in order to discover routine patterns. Ego4D
[43] is composed of a diverse range of daily life activities recorded from a first-person perspective. Still, despite being the largest
field data set, the data collected do not describe a long and continuous collection on the time axis, being unsuitable for the task of
routine analysis. Therefore, we cannot identify patterns from its collected set of different individual activities. The same happens
9
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for the EPIC-Fusion dataset [44], a set of videos describing food-related preparation activities in the kitchen. In the case of EgoCOM
[45], it presents a dataset of videos from an egocentric perspective describing a conversation. Likewise the previously mentioned
datasets, it is not applicable because of the lack of sequences of activities.

4.2. Validation metrics

In this work, we evaluate the performance of our proposed model and the obtained discovered routine in a quantitative and
qualitative manner.

Quantitative evaluation: The routine discovery is an unsupervised learning problem in which validation cannot be evaluated
in terms of accuracy. Instead, patterns are quantitatively evaluated with metrics that assess the goodness of the discovered
patterns (created clusters). We follow the proposed validation metrics in [13]. Let us consider the whole set of patterns of a user
𝐏 = {𝑃1, 𝑃2,… , 𝑃𝑛}.

Note that in the daily life of people, a pattern tends to appear on multiple days. We consider that an ideal routine pattern would
correspond to a pattern that repeats in as many days as possible. Hence, we consider the occurrence of the discovered patterns and
formally define it as 𝑂𝑐𝑐, which gives the number of days per cluster divided by the amount of clusters normalized by the number
of days for the user, as follows:

𝑂𝑐𝑐 = 1
|𝐏| ∗ 𝑁

|𝐏|
∑

𝑃=1
𝑑𝑠𝑃 . (3)

where 𝑑𝑠𝑃 is the number of days a pattern 𝑃 covers, 𝑁 is the total number of days of the user and |𝐏| is the total number of patterns
found in all days of a user.

Let the duration of a pattern 𝑃 within a day be defined by its starting time 𝑡𝑓𝑖𝑟𝑠𝑡𝑖,𝑃 and end time 𝑡𝑙𝑎𝑠𝑡𝑖,𝑃 , respectively, being 𝑖 a day. We
consider the set of occurrences of the pattern 𝑃 , corresponding to the pattern duration for each day 𝑖, defined as 𝑡𝑖,𝑃 = [𝑡𝑙𝑎𝑠𝑡𝑖,𝑃 − 𝑡𝑓𝑖𝑟𝑠𝑡𝑖,𝑃 ].

e compute the mean 𝜇𝑃 = mean𝑖(𝑡𝑖,𝑃 ) and the standard deviation 𝜎𝑃 = std𝑖(𝑡𝑖,𝑃 ) of the durations of the pattern along the different
ays. We define the compactness 𝐶𝑚𝑝 as a function of the standard deviation of the durations as follows:

𝐶𝑚𝑝 = 𝑚𝑎𝑥{0, 1 − 1
|𝐏|

|𝐏|
∑

𝑃=1
𝜎𝑃 ∕𝜇𝑃 }. (4)

Thus, the 𝐶𝑚𝑝 expresses of all patterns appear with a similar duration along different days.
Note that both the Occ and Cmp vary between 0 and 1. The more days are covered by a routine, both Occ and Cmp will tend

to 1. When time-frames are less covered by routine patterns, both magnitudes tend to 0. Both values are defined when we have
discovered at least 1 pattern in the dataset of a user.

We define the representativity (R) of a pattern with regard to the daily life of the user as the average of its frame occurrence
(𝑂𝑐𝑐) and compactness (𝐶𝑚𝑝), namely:

𝑅 = 1
2
(𝑂𝑐𝑐 + 𝐶𝑚𝑝). (5)

The 𝑂𝑐𝑐 component allows us to evaluate the number of repetitions of a pattern; the more repetitions of the pattern over the
days, the higher its value. The aim is to reward the algorithm that finds the same pattern over more days.

The 𝐶𝑚𝑝 allows us to know the duration of the patterns found. If the value is closer to 1, the cluster is more compact. If the
value is close to 0, the cluster is not very compact. The objective is to highlight the algorithm that finds more compact patterns.
The best result is the one with the higher (𝑅) value.

Silhouette score is a standard measure to evaluate the compactness of clusters. In this work, we address the discovery of
behavioural patterns as an unsupervised learning problem. Therefore, as an additional validation metric we rely on the silhouette
score to compare the performance of our discovered patterns and the ones identified by the other baseline approaches.

We implemented the silhouette score function available from [46], which is based on the work proposed in [47]. The silhouette
function of feature 𝑖 is defined as,

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥 (𝑎(𝑖), 𝑏(𝑖))
(6)

where:

• 𝑖 represents the extracted descriptor by pretrained models. These descriptors represent either the global descriptors [30] or
extracted semantics (as we propose in this work),

• 𝑎(𝑖) is the average distance between feature 𝑖 and all other features in the same cluster,
• and (𝑏) is the average distance between feature 𝑖 and all features in the nearest neighbouring cluster to which it does not

belong.

The silhouette value ranges between −1 and 1. A high silhouette value indicates that the feature is well-fitted within its own cluster,
while a low value suggests that the feature may be closer to features in another cluster. A value close to 0 suggests that the feature
is near the boundary between two clusters. The average silhouette of all features in a cluster provides an overall measure of cluster
quality.
10
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Table 3
Results for the ablation study on our method for different values of threshold 𝑘 over different datasets. We present results as
average for all the users. The highest representativity values for each dataset are highlighted in bold font.

Dataset Model Evaluation

Name #Users 𝑘 Silhouette Occ Cmp R

EgoRoutine [1] All

0.02 0.603 ± 0.024 0.411 ± 0.084 0.966 ± 0.013 0.689 ± 0.042
0.03 0.743 ± 0.021 0.427 ± 0.086 0.954 ± 0.021 0.691 ± 0.044
0.035 0.732 ± 0.016 0.411 ± 0.079 0.960 ± 0.016 0.687 ± 0.045
0.04 0.640 ± 0.049 0.411 ± 0.085 0.850 ± 0.121 0.630 ± 0.071
0.05 0.602 ± 0.000 0.440 ± 0.085 0.555 ± 0.120 0.500 ± 0.014

NTCIR-12[38] All

0.02 0.746 ± 0.010 0.283 ± 0.015 0.997 ± 0.006 0.640 ± 0.010
0.03 0.777 ± 0.023 0.300 ± 0.044 0.977 ± 0.006 0.637 ± 0.021
0.035 0.740 ± 0.012 0.287 ± 0.015 0.950 ± 0.000 0.617 ± 0.006
0.04 0.721 ± 0.028 0.280 ± 0.042 0.850 ± 0.000 0.565 ± 0.021
0.05 – – – –

NTCIR-13[39] All

0.02 0.778 ± 0.028 0.205 ± 0.035 0.990 ± 0.000 0.595 ± 0.021
0.03 0.821 ± 0.014 0.215 ± 0.049 0.980 ± 0.000 0.600 ± 0.028
0.035 0.799 ± 0.007 0.210 ± 0.057 0.965 ± 0.021 0.590 ± 0.014
0.04 0.762 ± 0.014 0.210 ± 0.028 0.920 ± 0.071 0.565 ± 0.021
0.05 – – – –

NTCIR-14[40] All

0.02 0.656 ± 0.007 0.335 ± 0.078 0.970 ± 0.028 0.655 ± 0.021
0.03 0.687 ± 0.007 0.355 ± 0.092 0.975 ± 0.021 0.665 ± 0.035
0.035 0.650 ± 0.014 0.375 ± 0.106 0.970 ± 0.028 0.675 ± 0.035
0.04 0.647 ± 0.021 0.385 ± 0.134 0.950 ± 0.014 0.665 ± 0.078
0.05 0.643 ± nan 0.300 ± nan 0.790 ± nan 0.540 ± nan

All datasets All

0.02 0.692 ± 0.019 0.344 ± 0.101 0.976 ± 0.018 0.660 ± 0.046
0.03 0.755 ± 0.020 0.359 ± 0.105 0.966 ± 0.019 0.663 ± 0.048
0.035 0.728 ± 0.017 0.351 ± 0.100 0.960 ± 0.016 0.656 ± 0.052
0.04 0.704 ± 0.043 0.356 ± 0.108 0.876 ± 0.097 0.615 ± 0.067
0.05 0.621 ± 0.040 0.393 ± 0.101 0.633 ± 0.160 0.513 ± 0.025

4.3. Experimental setup

Image characterization: We characterize the depicted environment and context in images to represent the egocentric photo-
sequences and daily experiences as the combination of detected concepts describing location, activity and detected objects. To
do so, we rely on pre-trained networks as follows:

• Places: For recognizing the scene in the single images from the photo-stream, we applied the VGG16-Places365 [32] CNN
trained with the ‘‘Places-365’’ dataset consisting of 365 classes.

• Activities: For the characterization of the activities, we use the network proposed in [9]. This model allows us to classify a
given image as belonging to one of 21 activities of Daily Living.

• Object detection: We use the Yolov4 [33] CNN model for the recognition of objects. Detected objects with a given class
probability > 0.5 are considered.

We would like to highlight the fact that the networks VGG16-Places365 and Yolov4 used for feature extraction were not
previously trained on egocentric images, but on conventional ones, which can lead to some misdetections in the images. As we
will see, our model tolerates suboptimally detected labels being able to discover efficiently routine patterns.

The code of this work is available at.2 We also developed a tool for the visualization of the discovered behavioural patterns by
the different algorithms, which is available at.3

In this platform, the user can define different values for the parameters evaluated and observe the obtained clusters and
behavioural patterns. We hope this tool encourages research in the area of behaviour analysis.

5. Results and discussion

In this section, we describe quantitatively and qualitatively the obtained results.

5.1. Quantitative results on behavioural pattern discovery

The evaluation metrics Silhouette, 𝑂𝑐𝑐, 𝐶𝑚𝑝, and 𝑅 are used to assess the performance of the model on the four datasets:
EgoRoutine [1], NTCIR-12 [38], NTCIR-13 [39], and NTCIR-14 [40]. Table 3 shows the study of our algorithm on different datasets
with different entropy thresholds 𝑘.

2 Link to repository https://github.com/martinmenchon/Behavioural_patterns_discovery_for_lifestyle_analysis
3 Link to results and visualizations https://martinmenchon-routinepatterns.streamlit.app
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Table 4
Results for the best setup of our model when using as entropy threshold the global best k = 0.03 (as shown in Table 3),
and compared to the performance of DBSCAN. The highest silhouette and representativity values for each dataset are
highlighted in bold font.

Dataset Model Evaluation

Name Silhouette Occ Cmp R

EgoRoutine [1] Our model(k = 0.03) 0.74 ± 0.02 0.43 ± 0.09 0.95 ± 0.02 0.69 ± 0.04
DBSCAN 0.62 ± 0.38 0.67 ± 0.31 0.21 ± 0.22 0.44 ± 0.23

NTCIR-12[38] Our model(k = 0.03) 0.78 ± 0.02 0.30 ± 0.04 0.98 ± 0.01 0.64 ± 0.02
DBSCAN 0.71 ± 0.10 0.54 ± 0.26 0.05 ± 0.08 0.30 ± 0.17

NTCIR-13[39] Our model(k = 0.03) 0.82 ± 0.01 0.22 ± 0.05 0.98 ± 0.00 0.60 ± 0.03
DBSCAN 0.76 ± 0.11 0.53 ± 0.05 0.00 ± 0.00 0.27 ± 0.03

NTCIR-14[40] Our model(k = 0.03) 0.69 ± 0.01 0.35 ± 0.09 0.98 ± 0.02 0.66 ± 0.03
DBSCAN 0.59 ± 0.18 0.72 ± 0.08 0.05 ± 0.04 0.38 ± 0.06

Fig. 7. Visual timeline with collected images of User 1 in the EgoRoutine dataset. Each colour indicates a cluster detected by DBSCAN. We can see that most
of the time-slots belong to only one cluster (labelled in blue). The other two clusters contain less time-slots (labelled in red and green).

On the EgoRoutine [1] dataset, users appear to get the best results using the threshold value of 𝑘 = 0.03 for all assessment
measures. The Silhouette, 𝑂𝑐𝑐, and 𝐶𝑚𝑝 evaluation measures perform best for the NTCIR-12 [38] dataset when the threshold value
is 𝑘 = 0.02, whereas the 𝑅 evaluation metric performs best when the threshold value is 𝑘 = 0.04.

For all evaluation metrics on the NTCIR-13 [39] dataset, the threshold value of 𝑘 = 0.03 produces the best results, with the
exception of the 𝑅 evaluation metric, which produces the best results with a threshold value of 𝑘 = 0.02. For NTCIR-12 [38] and
NTCIR-13 [39] dataset, the proposed method found no patterns for a 𝑘 = 0.05.

The threshold value of 𝑘 = 0.03 produces the best results for the NTCIR-14 dataset [40].
Overall, the proposed method has a robust performance on all datasets and evaluation metrics, and the choice of the threshold

parameter 𝑘 is critical for obtaining a good performance. We also observe that the performance of our method decreases as the
entropy threshold value increases. This is because a high threshold value leads to a smaller number of patterns, which may not
capture a significant part of the user’s routine. On the other hand, a low threshold value may result in a high number of patterns,
which may introduce noise in the pattern recognition process. Considering the highest value of average(𝑅) in the four evaluated
datasets, our algorithm with (𝑘 = 0.03) obtained better results in two of them (EgoRoutine [1] and NTCIR-13 [39]). The same
situation is repeated if we consider the average and standard deviation of the 14 users of all datasets together with 0.663 and
0.048, respectively.

Comparison against related works:
We evaluate the task of pattern discovery addressed as the grouping of similar time-frames using the DBSCAN clustering technique

[48]. The time characteristic is balanced with respect to the remaining 365 characteristics following a weighting procedure applied
to the input feature vector, as described in [49]. The resulting clusters are considered patterns.

The results of our method vs. DBSCAN for all datasets can be seen in Table 4. The results obtained by our proposed algorithm
result in a higher representativity value for all datasets. Also, the silhouette of the clusters formed by our proposed solution is better
than the clusters formed by DBSCAN in all cases.

It can be observed that the DBSCAN finds fewer clusters than the rest of the methods. The problem is that these clusters tend to
contain almost all the time-slots and all the user’s days, resulting in clusters without a routine sense, as it is shown in Fig. 7. This
is reflected in higher 𝑂𝑐𝑐 values than our proposed method but significantly lower 𝐶𝑚𝑝 values.

Also, we compare against our baseline work on behavioural pattern recognition presented in Behavioural pattern discovery from
collections of egocentric photo-streams [13], which was tested only on the EgoRoutine dataset. In addition, we implemented the
12
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Table 5
Detailed results per user for the best set up of our model when using as entropy threshold the global best k (k) value, and compared to the performance of the
models proposed in Behavioural pattern discovery from collections of egocentric photo-streams [13], in Organizing egocentric videos of daily living activities [30] and
DBSCAN. The highest silhouette and representativity values for each dataset are highlighted in bold font.

Dataset Model Evaluation

Name Method #Clusters AVG #ImagesClust #DaysCluster Silhouette Occ Cmp R

EgoRoutine [1]

Our method (k = 0.03) 13.14 ± 4.18 723.17 ± 127.98 6.05 ± 0.74 0.74 ± 0.02 0.43 ± 0.09 0.95 ± 0.02 0.69 ± 0.04
Approach in [13] 15.57 ± 5.38 740.03 ± 126.34 4.84 ± 0.67 0.65 ± 0.03 0.34 ± 0.08 0.96 ± 0.02 0.65 ± 0.04
DBSCAN 2.43 ± 1.51 700.06 ± 1049.13 9.63 ± 5.22 0.62 ± 0.38 0.67 ± 0.31 0.21 ± 0.22 0.44 ± 0.23
Approach in [30] 5.86 ± 4.74 690.99 ± 567.02 2.31 ± 1.12 0.00 ± 0.01 0.17 ± 0.10 0.15 ± 0.17 0.16 ± 0.12

NTCIR-12[38]

Our method (k = 0.03) 21.33 ± 6.35 736.20 ± 183.20 7.84 ± 1.05 0.78 ± 0.02 0.30 ± 0.04 0.98 ± 0.01 0.64 ± 0.02
Approach in [13] 18.33 ± 11.37 638.54 ± 95.93 5.75 ± 0.28 0.69 ± 0.07 0.22 ± 0.02 0.97 ± 0.03 0.59 ± 0.03
DBSCAN 7.33 ± 0.58 256.78 ± 114.86 14.06 ± 6.30 0.71 ± 0.10 0.54 ± 0.26 0.05 ± 0.08 0.30 ± 0.17
Approach in [30] 15.67 ± 11.59 826.04 ± 48.28 3.22 ± 0.41 −0.01 ± 0.03 0.13 ± 0.02 0.16 ± 0.12 0.14 ± 0.06

NTCIR-13[39]

Our method (k = 0.03) 26.50 ± 2.12 639.53 ± 281.47 9.26 ± 1.78 0.82 ± 0.01 0.22 ± 0.05 0.98 ± 0.00 0.60 ± 0.03
Approach in [13] 23.00 ± 7.07 584.63 ± 288.94 7.64 ± 2.32 0.76 ± 0.06 0.18 ± 0.02 0.96 ± 0.01 0.56 ± 0.01
DBSCAN 14.00 ± 15.56 269.86 ± 250.58 24.92 ± 12.61 0.76 ± 0.11 0.53 ± 0.05 0.00 ± 0.00 0.27 ± 0.03
Approach in [30] 17.00 ± 9.90 916.17 ± 320.84 3.74 ± 0.06 −0.02 ± 0.01 0.09 ± 0.04 0.06 ± 0.09 0.08 ± 0.03

NTCIR-14[40]

Our method (k = 0.03) 28.50 ± 16.26 833.03 ± 272.65 7.21 ± 1.80 0.69 ± 0.01 0.35 ± 0.09 0.98 ± 0.03 0.66 ± 0.04
Approach in [13] 29.00 ± 15.56 892.60 ± 337.74 6.37 ± 1.85 0.71 ± 0.01 0.31 ± 0.07 0.98 ± 0.02 0.64 ± 0.02
DBSCAN 8.50 ± 6.36 412.05 ± 313.67 14.88 ± 5.83 0.59 ± 0.18 0.72 ± 0.08 0.05 ± 0.04 0.38 ± 0.06
Approach in [30] 9.00 ± 11.31 2157.44 ± 941.24 2.44 ± 0.62 −0.02 ± 0.02 0.12 ± 0.03 0.52 ± 0.65 0.32 ± 0.34

Fig. 8. Visual timeline with collected images of User 5 in the EgoRoutine dataset. Each colour indicates a cluster detected by approach in Organizing egocentric
videos of daily living activities.

approach introduced in Organizing egocentric videos of daily living activities [30] and evaluated their discovered clusters, which we
treat as patterns. We consider both works as the state of the art.

In Table 5, we present the results of each model evaluated for each dataset. If we compare the models based on this metric, we
can observe that our method is consistently obtaining better results than DBSCAN [48], the work in [13], and the adapted work
from [30].

Based on the representativity value, [13] obtains similar performance for mainly all datasets, most of the times 0, 04 lower than
our proposed method. Also, the silhouette of the clusters are slightly worse on all datasets therefore our proposed solution could be
considered an improvement of this method.

The [30] method generates elongated clusters with little repetition, not very compact. Probably because when finding the clusters,
it uses features of neural networks that are not trained for egocentric images, resulting, in most cases, a low 𝐶𝑚𝑝 value. In Fig. 8,
we can see clusters labelled in green and turquoise tend to cover many hours with little repetition.

From a dataset user perspective, our method obtains a better 𝑅 value in 13 of the 14 total users. [13] obtained the same 𝑅
score as our method for only one user, and DBSCAN scored slightly better in only one user. The approach in [30] was consistently
outperformed by other methods. These results can be found in Table 6. These results match what we expected since we consider
the method proposed in this work an improvement of the one presented in [13]. We also believe that the case where the DBSCAN
was superior is due to the inclusion in our proposed method of the timing of each time-slot in the pattern search algorithm. In the
case where the same activity is displaced by many hours, but it is always the same activity, it would be penalized by the algorithm.
In Fig. 9 is shown the DBSCAN result for user 3, their most recurrent activity is working in the office and is divided over many
timeslots during the day. DBSCAN does not distinguish whether this activity is performed in the morning, afternoon or evening,
considering everything as the same pattern.
13



Pervasive and Mobile Computing 95 (2023) 101846M. Menchón et al.
Table 6
Best performing cases per user when relying on the proposed Representative metric that combines the
occurrence and compactness of the found patterns.
Model Avg. representativity #Best performing

cases

Our method (k = 0.03) 0.66 13
Behavioural pattern discovery [13] 0.62 1
DBSCAN 0.37 1
Organizing egocentric videos of daily living activities [30] 0.16 0

Fig. 9. DBSCAN results for User 3. The algorithm identified two patterns; the major one (labelled in yellow) shows work activities in the office throughout the
day. This pattern is observed on most of the user’s days and the main object that stands out in the images is a laptop computer.

5.2. Qualitative results on behavioural pattern discovery

The run of experiments of our ablation study derived in multiple visualizations. In Fig. 10, we present several samples of the
discovered patterns for User 2. Per pattern, we present sample images that appear on different days, including their time frame.
Moreover, we add the set of labels on which the model relied for the identification of the pattern. As an example, we focus on the
first pattern. It describes a working activity where a laptop and tv/monitor are the main objects. Likewise, the second and third
patterns describe walking outdoor and having breakfast/working home office activities, respectively.

With these examples, we can observe that the found patterns make sense and follow the daily activities that the user performs.
These results suggest that our approach is highly effective in discovering meaningful patterns in daily-life images, and that these
patterns can be used to provide useful insights into the daily activities of users.

Word Clouds: We can also build word clouds considering all the most relevant places, activities, and objects present in the
clusters as shown in Fig. 11. The font size of the different words represents the times this word was found in the set of descriptors
that composed the cluster. Colours do not give meaning, are simply associated to the different words through the figures. This
visualization help deriving meaning from the grouped words. For instance, we could think that clusters 3, 4, 5 and 7 describe ‘‘a
person working at the office’’ given that words such as ‘‘working’’, ‘‘office’’, ‘‘mouse’’, ‘‘TV/monitor’’ and ‘‘laptop’’ compose them.
In contrast, the words ‘‘walking outdoor’’, ‘‘transportation’’, ‘‘pathways’’, ‘‘car’’, ‘‘truck’’ of Cluster 2 seem to indicate the user is
walking on the street. Besides, we can join all relevant words of all clusters found to build a single cloud, this can give us a quick
idea of the life of a person. In Fig. 11, words like ‘‘office’’, ‘‘person’’, ‘‘laptop’’, and ‘‘working’’ seem to indicate most users’ life
consisting of working at the office.
14
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Fig. 10. Several discovered patterns in the collected days of User 2. We can observe images describing the different time-slots that compose the pattern, together
with the locations, activities and objects that were detected in the group of images.
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Fig. 11. Word cloud of each cluster of User 2. The size of the word indicates its relevance and occurrence within the cluster. The cluster at the bottom is the
world of clouds of all clusters. Colours are used for visualization purposes but do not have any associated meaning.

In this paper, we present a set of visualizations that allows us to describe the insights and understanding of the discovered routine
patterns. In Fig. 12, we present the identified patterns for User 2 when setting time-slots of 30 min. Every image appearing in the
survey corresponds to the one in the median time of the time-slot.

As we can observe, behavioural patterns are identified throughout the 10 collected days by User 2. Just to mention some of the
patterns, we can observe a person preparing breakfast within the time slots 8–9 h. This activity is highlighted in blue. From 11:00 h
to 12:30 h and 14:00 h to 15:30 h a laptop is the main visual descriptors of the images, meaning the user is working. These patterns
are highlighted in green and violet respectively. These two patterns do not describe the same pattern, because of the time difference,
one in the morning and one in the afternoon. We find that this is important to note because a further analysis of working patterns
can be done by differentiating morning and afternoon behaviour. Global patterns are clearly identified, having breakfast, working,
leaving the house, working, and walking on the street. However, some patterns describing working with the laptop are not correctly
grouped together by the proposed framework, creating some visual noise. This is something that we plan to investigate further, but
that can be due to the wide variety within the collected frames in terms of viewpoints, lighting and others.

Qualitative evaluation: We propose to validate the routine discovery by involving several humans evaluators. Given the wide
diversity that comes from human judgment, we prepared a questionnaire that includes a set of items asking the interviewed users
to evaluate the achieved clustering quality and to compare our results to the other methods. This survey shows, on one side, the
set of collected days and, on the other side, the found patterns to 25 interviewed.

Individuals who visually evaluated the obtained patterns were asked the same questions proposed in Behavioural pattern discovery
from collections of egocentric photo-streams [13]:

1. What patterns do you see in this mosaic of images showing the days of user #ID? Note that ‘‘a pattern is defined as a recurring
habit of the camera wearer’’.

2. Given the following collected egocentric photo-streams, reflecting the life of the camera wearer, can you see patterns of
behaviour?

3. Given the recorded days for user #ID, do you think the found patterns adequately represent the user’s behaviour?.
4. Do you consider that the found patterns are predominantly: (a) no patterns, (b) sub-patterns, (c) merged patterns, or (d)

correct patterns? We introduced the following terms: ‘‘Sub-patterns: they are sub-parts of a bigger pattern. No patterns: they do not
represent any pattern. Merged patterns: they showed merged patterns. Correct patterns: they correctly described a pattern’’.

5. Given these two discovered sets of patterns, which pattern set do you think better represents the user’s routine behaviour?
16
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Fig. 12. Discovered patterns for User 2 between 8:00 h and 19:30 h. Every row corresponds to one day. We can see patterns of breakfast from 8:00 h to 9:00 h
(blue). Working from 11:00 h to 12:30 h (green). Then walking on the beach from 12:30 h to 15:00 h (light blue) and later continued working again (violet).
Finally, walking on the street from 17:00 h to 19:30 h (turquoise).

Table 7
Qualitative results from questionnaires. The highest results per question for each dataset are highlighted in bold font.

Dataset Question 2 Question 3 Question 4 Question 5

Yes No Yes No May be No-Patterns Sub-Pattern Merged
patterns

Correct
patterns

Our
algorithm

Method in [30]

EgoRoutine [1] 92% 8% 76% 4% 20% 0% 32% 36% 48% 76% 24%
NTCIR-12[38] 80% 20% 76% 0% 24% 0% 24% 28% 56% 60% 40%
NTCIR-13[39] 88% 12% 72% 8% 20% 4% 16% 20% 68% 76% 24%
NTCIR-14[40] 68% 32% 48% 20% 32% 12% 28% 36% 28% 60% 40%

We rely on the defined questionnaires to collect impressions by different people regarding the quality of the discovered patterns.
The results that we obtained are shown in Table 7, where the percentage of answers per question is indicated. From the collected
answers, we can discuss several points:

∙ Regarding question 2, ‘‘Given the following collected egocentric photo-streams, reflecting the life of the camera wearer, can you see
patterns of behaviour?’’, almost all the people surveyed recognize that there are patterns of behaviour in the image sequences. From
this, we can deduce that the way we understand a pattern of behaviour is a shared feeling among the people who participated in
the questionnaire. Moreover, it indicates that the output of the framework is qualitatively accurate.

∙ When it comes to question 3, ‘‘Given the recorded days for user #ID, do you think the found patterns adequately represent the user’s
behaviour?’’, the first 3 datasets (EgoRoutine, NTCIR-12, and NTCIR-13) generally all find that the patterns are adequate to represent
user behaviour. But in the NTCIR-14 dataset, only half (48%) recognize that the patterns reflect user behaviour, while the other
half of those surveyed believe that there are no patterns (20%) or believe that it may be (32%).

∙ As for question 4, ‘‘Do you consider that the found patterns are predominantly: (a) no patterns, (b) sub-patterns, (c) merged patterns,
or (d) correct patterns?’’, the majority of the users consider that the shown patterns are correct. Except in NTCIR-14 where the
majority (36%) indicated that there were merged patterns, and only 28% indicated that the patterns were detected correctly. It
should be noted that, after visually checking the NTCIR-14 dataset, we felt that it was more challenging to identify patterns in the
image sequences. This was because of the heterogeneity of user activities at different times and the characteristics of the images
taken (fish-eye) made it difficult to distinguish objects and activities involved. This appreciation is reflected in the 12% of people
who declare not to recognize any patterns at all.

∙ Finally, question 5, ‘‘Given these two discovered sets of patterns, which pattern set do you think better represents the user’s behaviour?’’.
From the responses, we perceive the respondents’ appreciation of the results of our framework. We compared the best performing
setting (include specifications and parameters) with the work proposed in [30], and consistently got approved. For some of the
dataset we can see that the difference was not that big (NTCIR-12). However, considering the average of the results of our algorithm
for all datasets, we are 68% more liked that the state-of-the-art in this topic.
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Table 8
N-grams found for User 03 for different order 𝑛. The numbers within
brackets indicate the 𝑛 sequence of clusters that compose the 𝑛-gram.
1st order 2nd order 3rd order 4th order

(a) [4] (i) [4, 3] (r) [4, 3, 2] (y) [3, 2, 5, 7]
(b) [3] (j) [3, 2] (s) [3, 2, 5] (z) [4, 3, 2, 1]
(c) [2] (k) [2, 5] (t) [2, 5, 7]
(d) [5] (l) [5, 7] (u) [3, 2, 1]
(e) [7] (m) [2, 1] (v) [7, 6, 1]
(f) [0] (n) [7, 6] (w) [5, 7, 6]
(g) [1] (o) [6, 1] (x) [2, 5, 6]
(h) [6] (p) [6, 0]

(q) [5, 6]

Fig. 13. N-grams plot for User 03. Each character indicates the found n-gram, every vertical bar indicates the frequency of the times these patterns and the
colour indicates the order of the found n-grams. We can observe that as the order increases, the number of patterns and their repetitions decreases.

From the above described results, we can indicate the suitability of our proposed model with respect to the baseline approaches
for the identification of behavioural patterns. Moreover, given these results we can highlight the generalization capabilities of the
framework, which was tested on four different datasets.

5.3. N-grams for complex daily behaviour discovery

We find that it is interesting to analyse n-grams that occur as many times as possible. However, the higher order the n-gram is,
the more complex it becomes and the fewer times it is expected to be repeated. We have observed that n-grams of order 2 and 3
have a good balance of repetitions and complexity. In contrast, and as expected, n-grams of order 1 have many repetitions and little
complexity and n-grams of order 4 have greater complexity and fewer repetitions.

In order to show the potential of n-grams for the description of behaviour, we present the obtained n-grams when setting different
values as number of repetitions. Table 8 shows the list of n-grams and their order throughout the collected image sequences for the
User 03. We can observe that if the order of the n-grams increases, fewer are discovered. In Fig. 13, we can also note that n-grams
composed of a higher number of elements, i.e., sequence of patterns, lead to fewer found n-grams. This highlights what we could
deduce from self-experience, i.e., it is difficult to follow a long sequence of activities in daily life.

An example of identified clusters and n-grams is presented in Fig. 14. In Fig. 14(a), clusters are indicated with different colours.
As we can observe, clusters are formed by a set of sequential images describing an environment or scene through different days at a
similar time frame. Combination of clusters that maintain a consecutive order can be identified and by counting the number of times
the pattern appears we can identify daily behaviour. Fig. 14(b) presents the list of n-grams of different orders that describe the days
of the user. For instance, we can count up to 3 times the sequence of cluster 6 followed by cluster 2 for this user. Moreover, when
we observe the listed n-grams and their occurrence, the higher the order of the n-gram the less they appear in the day collection.
N-grams with a high number of elements will describe the life of a person with a well-defined routine, i.e. a set of activities that
occur in the same sequence through the days of the week. However, we observed that it is not likely, people tend to vary their daily
activities leading to days rich in n-grams of low order where with low order, we refer to 1, 2, or 3 sequential clusters.

5.4. Limitations of the proposed method

The proposed method exhibits the following limitations. Firstly, by defining the algorithm’s granularity through timeslots (in our
case, a value of 30 min), there is a risk of overlooking small patterns that occur within those 30-minute intervals. Similarly, if the
value is set to a small duration, such as 5 min, the total number of discovered patterns increases significantly, potentially breaking
down longer patterns into multiple smaller ones, thereby losing the conceptual sense of routine and transforming it into a mere
event-based division. Secondly, the execution time of the algorithm significantly increases as the number of days and images in the
user dataset grows. This is due to the algorithm having to test all possible nodes in the greedy algorithm until finding the one that
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Fig. 14. Identified clusters and n-grams over a simplified collection of photo-streams of User 02. 14(a) each row represents a day of a user and each cluster is
indicated by a different number and colour. 14(b) these days are converted to lists of clusters ids, preserving the temporal order of the clusters. This information
is used to calculate the n-grams, including the number of times they appears. N-grams of order 1 and 2 are presented in this image.

introduces the least entropy into the cluster. As can be expected, the method needs enough data in order to discover behavioural
patterns (repeated events during different days).

6. Conclusions

In this work, we address the task of unsupervised behavioural pattern discovery from egocentric photo streams. We rely on
extracted semantics of the images in the form of activity labels and detected objects to depict what happens in the life of the
camera wearer. Our proposed model studies the variation of the entropy of defined clusters across days’ temporal adjacent images
to assess the quality of the grouping. In order to assess the goodness of the discovered cluster of related behaviour, we present and
rely on custom-made metrics for this specific task. Patterns are later formed by seeking n-grams with different degrees of complexity,
where the parameter 𝑛 indicated the number of clusters. The quantitative and qualitative assessment of the obtained results indicates
the robustness of our approach against state-of-the-art experiments.

Future research lines will aim to include other descriptors in the analysis so more complex situations can be identified. We
believe this research will support healthcare by monitoring the lifestyle of people, extracting their routines, and providing objective
and precise computational tools for behaviour change and improvement. In addition, the analysis of n-grams can be improved, for
example, by performing a classification or clustering of the histograms of n-grams of each user to classify the type of routine in
comparison with other users.
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