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how they relate to it. In this paper, we present an observational study of the relationships between the emotional states of
individuals and objects present in their visual environment automatically extracted from smartphone images using deep
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intervention, and more generally for supporting computational psychology studies.
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1

INTRODUCTION

The commoditization of devices such as smartphones, wearables and sensors have made it increasingly easy for
individuals to measure their own lives. The resulting quantified self movement has facilitated and encouraged
people to track both objective data (such as physical activity levels or biological measurements), as well as
subjective data related to mood and emotions. Monitoring this information allows individuals to be more aware
of patterns in their behavior than in the past [45].
While systems such as activity or sleep trackers are able to sense this information automatically with a
high degree of accuracy [17, 54], emotions have proven particularly difficult to infer. More specifically, today’s
smartphones are not yet able to capture rich psychological information about users, which could drive the area of
quantified self towards maturity. Analyzing the relationship between psychological indicators (in particular mood)
and users’ behavioral patterns (extracted from their physical contextual information through smartphone sensors)
has attracted particular attention in recent years [20, 32]. This is partly due to the intrinsic intellectual curiosity of
understanding the factors that are linked to our emotions, as well as the potential of such methods for monitoring
and predicting negative mental states such as depression. Studies have shown the possibility of inferring emotional
states by analyzing GPS traces of movement [4, 28], smartphone usage patterns [1, 20, 29], social media data [5],
and even sound recordings [22, 23]. Only a handful of studies have investigated the relationship between mental
states and visual information [24, 33]. More specifically, these studies have examined photos posted by users on
social media (particularly Instagram) and related visual characteristics of these images to depressive states. A key
limitation of these studies is that they only take into consideration chromatic characteristics (such as hue and
saturation), brightness, or presence of human faces but not other information about the content of the images.
In this paper, we investigate the use of images from individuals’ everyday lives collected through smartphones as
possible indicators for their emotional states (including valence, tense arousal and energetic arousal). Particularly,
we propose leveraging deep learning based object detection techniques to extract objects present in images and
relate them to users’ emotional states. We conducted an in-the-wild study to collect data about users’ emotional
states and images of their surroundings. More specifically, we designed and developed MyMood– an Android
application that uses a novel Experience Sampling Method (ESM) [8], prompting the user to periodically record
their emotional states together with a photo of their surroundings. Through MyMood, we collected 3,305 responses
for the ESM questionnaires from 22 participants during the course of a minimum of 7 days. We analyze this data
comprising of images and questionnaires to understand possible relationships between objects and emotional
states. To the best of our knowledge, this is the first study to use images collected in-the-wild for this type of
analysis.
It is worth noting that we asked users to take pictures of their environments considering the objects that were
in their immediate surroundings at the time they received a mobile prompt. We believe that this also distinguishes
this work from the previous studies on social media, where pictures are usually carefully selected by users; in
fact, these pictures might not provide a truthful representation of the everyday lives of people or include objects
at locations where users spend their time. Indeed, it is widely known that individuals engage in different patterns
of self-representation depending on traits such as personality or self-esteem [26, 40]. This might introduce more
apparent biases in the case of social media, where this dimension is intrinsic to the inherent usage (and, in some
cases, purpose) of the tools.
The key contributions of this work are as follows:
• we propose an approach for extracting objects contained in images of users’ everyday lives collected by
means of smartphones and associating them to their emotional states;
• we conduct an in-the-wild study by deploying a mobile application capable of recording images of users’
surroundings along with their emotional states;
• we apply the proposed approach in an analysis of relationships between objects and emotional states.
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Our findings show that the visual environment in which individuals spend their time is associated to their
emotional states. We believe that these results are fascinating per se, since we provide evidence that users’
internal mental states can be associated to external physical entities present in their environments. Moreover,
the approach discussed in this work can be used for a variety of practical applications, from planning of indoor
and outdoor spaces destined for human use to the design of intelligent applications based on users’ emotional
states. In particular, we think there is great promise in its use as a complementary source of information from
the user’s context. In the present study, the collection of the photos was done through prompts triggered on the
smartphones of users. In fact, the goal of this work is to conduct an exploratory study on which future systems
can be based. Indeed, in the future, this data collection might happen in an automatic fashion without any human
intervention. This technology might be integrated in wearables, such as smart glasses, or other Internet of Things
devices. The processing itself can take place in a privacy-preserving way as well: in fact, with the increasing
availability of deep learning components on mobile and wearable hardware, the extraction and processing of the
information can take place on the devices themselves. The number of potential applications is large, including
for example context-based positive behavior change and intervention tools.

2

RELATED WORK

The advent of smartphones has enabled researchers to collect in-situ momentary information about people’s
psychological states through the Experience Sampling Method (ESM) [7]. ESM is a methodology based on
the systematic collection of self-reports by study participants in specific occasions during the day, enabling
researchers to derive a detailed picture of their daily experience. However, collecting data for a longitudinal
ESM-based study is not always practically feasible. This is due to the fact that people might become annoyed and
bored of logging their responses after a certain period of time.
A possible alternative to this involved method is to learn how individuals’ mood is associated with passively
gathered information such as their physical activities and context. In the recent past, numerous studies have
shown the potential of exploiting these contextual modalities to infer users’ mood and well-being [1, 2, 4, 16, 20,
22, 28, 31, 32, 36, 37, 43, 44, 47, 51, 52]. For example, EmotionSense [32] was one of the first projects that exploited
mobile sensing for emotion recognition. The authors used audio samples to train models running locally on
the phone for identifying speakers and inferring their emotions. Their results demonstrated that speech alone
can be successfully used to detect emotions. Moreover, through an evaluation of their prototype system with
18 participants for a duration of 10 days, they also showed that emotions are correlated to human activity and
mobility. In [43] Servia et al. presented a longitudinal study based on the EmotionSense dataset for investigating
the relation between individuals’ routines and their psychological states. The authors demonstrated that their
model could infer mood by exploiting accelerometer, microphone, SMS and call log data. At the same time, their
results show that users’ routine and their personality are correlated.
LiKamWa et al. proposed the use of mobile sensing and interaction logs (such as SMS, email, phone call,
application usage, web browsing and location) by means of “rooted” phones for predicting participants’ daily
average mood [20], through an evaluation with 32 users over a period of two months. In [47] Taylor et al. discussed
an approach based on Multitask Learning and Domain Adaptation to build a generic model of individuals’ mood,
health and stress intensity in the following day by using data about their physiology, behavior and the weather of
the current day. Using this approach, they demonstrated that their model benefits from data across the population.
In order to evaluate their model, the authors analyzed the dataset of 206 undergraduate students collected for 30
days each using a combination of physiological sensors, smartphone app and ESM surveys. They extracted a total
of 343 features about users’ physiology, phone usage, location and the weather of their place at a granularity of
one day. In a more recent study, Morshed et al. [31] have used the StudentLife [51] and Tesserae [25, 30] datasets
to show that instabilities in mood can be predicted using features derived from passive sensor measurements.
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 7. Publication date: March 2020.

7:4

• Darvariu et al.

Similarly, previous studies have also investigated the potential of exploiting mobile sensing for predicting
users’ depressive states. Canzian and Musolesi investigated the potential of human mobility traces obtained
through smartphones for predicting depressive states in [4]. The authors proposed a series of novel metrics to
characterize human mobility patterns. They evaluated the potential of these metrics for building models for
predicting depressive states of users. Their results show that by using these metrics they could identify changes
in depressive states from users’ average depressive state with high sensitivity and specificity. They demonstrated
that such changes in depressive states could also be predicted for future days but with a lower accuracy. A
similar study [36] also explored the potential of exploiting human mobility traces to predict depressive states
using a different characterization of movement metrics. Their results show that there is a statistically significant
relationship between these metrics and users’ depressive states. Another study [27] demonstrated that not only
mobility but also phone interaction behavior of users is significantly associated with their emotional states. More
recently, Sano et al. [37] obtained high classification performance when using passively sensed data to predict
the stress and mental health status of 201 college students. Their findings showed that features extracted from
data from wearable sensors (such as skin conductance and temperature), if available, fare better than behavioural
indicators (some derived from phone interactions) for this task.
In [44], Suhara et al. showed that Long Short-Term Memory recurrent neural networks (LSTMs) could outperform classic machine learning algorithms such as Support Vector Machines (SVMs) for forecasting severe
depressive states through the analysis of human behavioral logs. Similar findings are presented in [50], in which
the authors discuss a technique for predicting stress using this neural network architecture. Another recent
study [28] was based on the use of autoencoders for extracting users’ mobility patterns from their location traces
and exploiting these patterns to detect changes in their depressive states. Their findings have shown that their
approach outperforms models based on hand-crafted mobility features. A different approach proposed by Wang
et al. [52] shows how to construct features based on phone sensors that map to DSM-5 depressive disorder
symptoms, achieving 69.1% precision for predicting weekly depressive conditions.
These studies show the potential of using mobile sensor data for inferring the mood of individuals in real-time.
However, none of these studies have explored the potential of using photos collected through a camera for
extracting additional contextual information that can be related to users’ mood. This is the first study with the
goal of understanding the potential of using contextual information contained in the surroundings of users. This
can be considered complementary information to the modalities used in previous studies.
While our study focuses on relating objects in a person’s surroundings and their emotional state, an orthogonal
(and, again, in a sense complementary) aspect that other studies have considered is the facial expressions of
the individuals appearing in the images. The connection between facial expressions and emotional state is well
known: individuals displaying positive facial expressions also experience positive mental states and vice versa
[10, 15]. In particular, there has been work in inferring mood based on automatically recognized facial expressions
[11], using various approaches such as probabilistic modeling of localized features [6] and more recent deep
learning methods based on Deep Belief Networks [21].

3

OUR APPROACH

In this section we discuss the key elements underlying our approach, including measuring emotional states,
performing object detection from images and extracting associations between objects and emotional states.

3.1

Measuring Emotional States

In order to quantify individuals’ emotional states, we follow an approach used in previous studies [29] and
measure intensities across three different dimensions: valence, energetic arousal and tense arousal. This method
extends Russell’s classic circumplex model [35], popular in previous studies, by splitting arousal in two different
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Fig. 1. Raw photo recorded with a questionnaire (left), taps made on the image by our participant (center) and object
detection outputs (right). In the right figure, blue spheres indicate raw outputs by the object detector, while red spheres
indicate taps made by the participants, which have been matched to objects using our heuristic (discussed in Section 3.2).
We note the small difference in alignment between the tap of the user and the center of the bounding box, as supplied by our
model.

dimensions. An investigation of Schimmack and Rainer [38], based on the previous work of Thayer [48], found
no relationship between energetic and tense arousal after accounting for the shared variance with valence, and
justified this separation by noting that energetic arousal is influenced by the body’s circadian rhythm. Thus, we
measure valence and tense/energetic arousal separately. Consequently, the three dimensions of emotional states
we consider in this study are as follows:
(1) tense arousal: a measure of pressure due to external or internal stimuli [42];
(2) energetic arousal: a measure of physical alertness [49];
(3) valence : a measure of joy with perceived attractiveness [41].
We note that the meaning of the terms may not be known to our study participants or some members of the
community – thus, we use different commonplace terms in the questionnaires posed to our participants and
in the remainder of the presentation. We let the values for tense arousal range from range from very relaxed
to very stressed, energetic arousal range from very sleepy to very active and valence range between very sad
and very happy. We measure the level of these intensities on a 7-point Likert scale. Values on this scale range
from a minimum of 1 to a maximum of 7, with the median value of 4 corresponding to the term neutral for all
three dimensions. When referring to the three emotional state dimensions, we use the following terms which
correspond to the positive values on the respective scales: stress, activeness and happiness. The selected terms are
used extensively in previous works to quantify emotional states [20, 29, 32] and relate them to various factors.
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Detecting Objects

One of the key aspects of our approach is the identification of objects as a way of summarizing the information
present in images. This has become possible due to recent advances in neural network architectures for object
detection based on convolution, pooling and region proposals that have made deep learning scale in this domain.
For this task, we use the popular Faster R-CNN architecture [34] together with the Inception Resnet V2
feature extractor [46], which provides high accuracy (at the expense of higher computational cost compared to
other architectures). In particular, this feature extractor achieves around 80% top-1 classification accuracy in the
ImageNet image recognition benchmark, which contains over a million annotated images.
Since training the model from scratch would require us to collect and manually label an extremely large
amount of images, it can prove to be very prohibitive. Therefore, we use a model that has been pre-trained on the
OpenImages dataset and is available as an open-source project, distributed with the TensorFlow object detection
library [14]. When supplied with a new image, this model predicts the labels and bounding boxes of possible
object classes along with a prediction confidence that quantifies the model’s certainty about the prediction. The
detected objects belong to one or more of the 545 classes present in the dataset, such as ball or car. In case multiple
instances of the same class are detected, we only consider each object class once per image, to signal presence or
absence of the object class. We thus obtain, for each questionnaire q, a set of detected unique object classes D q .
As mentioned, the aim of this study is to investigate the relationships between the objects around individuals
and their emotional states. At the same time, there could be numerous objects detected in the image and not
all may be relevant to our goal due to the presence of a large fraction of irrelevant objects in the background.
We thus propose having individuals tap on objects in the image that they consider relevant to their emotional state.
Consequently, after running an image through the object detector, we match each tap made by the user with
the closest detected object center, such that the tap is within the detected object’s bounding box. This heuristic
allows us to account for the fact that users perceive the center of objects differently with objects of differing
rotations and symmetries [3], while an exact matching of taps with bounding box centers may not be successful.
We use this mechanism to derive, for each questionnaire q, a set of detected tapped object classes Tq , noting that
Tq is necessarily a subset of D q . Figure 1 illustrates an example for the detection of objects and the application of
our heuristic to a questionnaire image.
It is worth noting that the object detector performance on photographs captured in-the-wild may be significantly
different from that on curated datasets, since we may encounter poor light settings or significant occlusions. We
thus also suggest conducting an evaluation of the employed object detection method for the specific settings
of the study. Therefore, to ensure that performance on our dataset is comparable to that obtained in previous
studies, we assess the precision and recall of the object detector at different prediction confidence levels. We
present this analysis in Section 5.

3.3

Analyzing Object and Emotional State Associations

In this section we discuss the methodology we followed to study the relationships between users’ emotional
states (i.e., activeness, happiness and stress) and the objects present in their environment. In order to quantify
this association, we consider the set of questionnaires Qu submitted by a participant u (each containing an image
along with the intensities for the three emotional states).
Previous studies have found strong evidence for the hypothesis that individuals display different characteristics
in their emotional reactivity and variability [18]. To account for this variation among individuals, we subtract the
user’s average emotional state intensity µues from each intensities values i qes for each questionnaire q. Note that
this scaling of data is performed separately for each emotional state.
Finally, the association between detected objects and emotional states is quantified as follows:
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(1) We first find the object classes that appear in the questionnaires of at least a percentage P of participants,
obtaining a set of object classes C. This is to ensure we do not bias the analysis towards a particular
participant and to limit the effect of outliers.
(2) We then carry out object detection for each questionnaire q as described in Section 3.2, obtaining a set of
detected tapped object classes Tq , ignoring the object classes not in C.
(3) Now, for each object class c in C and each emotional state es, we create a set of values ∆ces consisting of
intensities obtained from the emotional state reports in which the object class is present. Members are
defined as all values satisfying: i qes − µues such that q ∈ Qu and c ∈ Tq .
(4) Finally, for each set of values ∆ces , we compute the mean and 95% confidence interval for the intensity of
emotional state es when object class c is present.
We remark that some objects may have different interpretations based on the location of the participant when
completing a questionnaire. For example, the object class laptop may be associated with heightened stress level if
the user is at work, or alternatively associated with comparatively low stress level if the user is at home engaging
in leisure activities (such as playing computer games). We consider the set of significant places home, work, and
other as locations for a participant when completing a questionnaire. We follow the approach laid out above,
applying an additional filtering step for the significant place; this lets us analyze the different detected objects in
the context of the location where they are detected.
Eventually, each of these mean-confidence interval pairs are used to answer questions of the form: on average,
what is the difference in participants’ intensity of emotional state from their usual intensity when object c is present?
It is worth highlighting that this approach only allows us to establish a correlation between objects and emotional
states, and not a causal relationship. Indeed, there would be potentially many confounding variables to account
for in a causal setting, which are difficult to account for, or even capture in an automatic way.

4

DATA COLLECTION

In this section we discuss aspects related to our dataset, giving details about the app we use for the purpose of
data collection and its features. We also show high-level summary statistics about our dataset in order to provide
an understanding of its characteristics.

4.1

MyMood Application

In order to collect a labeled dataset linking objects in images and emotional states, we developed MyMood, an
Android application that uses the Experience Sampling Method (ESM) [8] to gather information about users’
emotional states and photos of their environment. The application prompts the user to complete questionnaires at
random intervals, given that a window of at least 3 hours has passed since the last completion. Questionnaires are
triggered by certain random smartphone events (such as connecting to a network or change of location). Up to 4
questionnaires can be completed each day. In case a notification is dismissed, it is repeated up to 3 times, triggered
by random smartphone events with a minimum window of 10 minutes between each repeated notification. The
app only issues notifications between 9am and 11pm so as not to be intrusive.
Figure 2 illustrates the process of completing a questionnaire, which happens in three steps as outlined below:
Step 1: In the first step (shown in Figure 2.a), the user is asked to report the intensity of their emotional states in
the past few hours on 7-point Likert scales, as outlined in Section 3.1. More specifically, users report their stress,
activeness, and happiness levels. We use these reported values as ground truth for our statistical analyses.
Step 2: In this step (shown in Figure 2.b), the user is asked to capture their surroundings using their smartphone’s
camera. Moreover, as shown in Figure 2.c, in order to only focus on relevant objects in the image (as there may
be many, at different distances), the user is asked to tap the image (up to 5 times) to indicate relevant objects.
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(a) Step 1

(b) Step 2.a

(c) Step 2.b

(d) Step 3

Fig. 2. Process of completing a questionnaire.

Step 3: In the final step (shown in Figure 2.d), the user is asked to take a journal note associated with the entry,
and indicate the way they feel in a textual form.
4.1.1 Location Sensing and Place Extraction. Aside from the periodic questionnaires, the app collects sensor data
in a passive manner. The other information sampled in the background consists of GPS location when completing
the questionnaires, and also periodically, using Android’s location API [12] in an adaptive sensing fashion similar
to that described in [4]. This information is used towards the extraction of significant places as described below.
In order to infer the significant place at which a questionnaire is completed, we first process the raw GPS
traces using the DBSCAN algorithm [9] to cluster geographically neighboring points together and account for
the presence of unavoidable measurement noise. We then use the approach described in [19] to perform the
extraction of stay points (locations at which users spend a slice of time), and pair each stay point with its stay
duration. Then, we count each 1-hour period in the stay duration towards the geographic cluster in which it is
found. In this way we obtain, for each cluster, a histogram-like visualization of the hours spent there, binned by
time of day. At the end, we label as home the cluster with the most cumulative time spent between 8pm and 8am
over the entire participation and as work the distinct cluster with the most time spent between 8am and 8pm.
Finally, we compare the GPS location when the questionnaire is completed to the center of the home and work
clusters and allocate it to the appropriate category. We assign the label other in case the point is not geographically
close to either of the two centers.

4.1.2 Features for User Engagement. In addition to the features of the app destined for data collection, we also
wanted to give the users mechanisms to track their emotional states and how they differ in various contexts. We
thus strive to provide functionality so that the app is not merely a vehicle for collecting data but is useful to the
end user (thus increasing engagement). As shown in Figure 3, MyMood provides several features for its users as
listed below:
(1) Weekly Charts: Users are able to view the evolution of their emotional state on a week-by-week basis
and spot trends in their wellbeing.
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Fig. 3. Additional features of the MyMood app: Weekly Charts (left), Gallery (center), Places Map (right).

(2) Gallery: This feature lets participants view the photos they have submitted together with their questionnaires. Additionally, they can filter the photos by their reported emotional state.
(3) Places Map: Users are able to view, on a map, the places where they complete their questionnaires.
Additionally, they are able to inspect their reported emotional state in the different locations.
While we are aware that displaying past experiences might potentially have an impact on the mood of the
participants, we note that previous experiences are not presented when the participant is notified to complete a
questionnaire. The workflow described in Section 4.1 occurs independently of this part of the app: a notification
is triggered, when pressed only the questionnaire screen launches to let the user fill in their responses, and then
the application closes without access to the previous responses. The users are able to open the app and view past
activity if they so wish, completely independently of the measurement of momentary emotion.

4.2

Recruitment of the Participants, Ethics and Data Treatment

Our recruitment strategy consisted of building and maintaining a promotional website for our study, distributing
information on social media, designing posters and flyers and distributing them physically and recruiting via
word-of-mouth. As a monetary incentive, we offered a Motorola Moto360 smartwatch through a prize draw to
one of the participants, subject to a participation of minimum one week.
Our study has been reviewed by the UCL Data Protection Office and has been awarded GDPR-compliant
status. We have also obtained the approval of the UCL Research Ethics Committee (REC) under project number
11807/001.

4.3

Dataset Overview

The MyMood app has been available on the Google Play Store between September 2018 and October 2019. It has
attracted installs from 99 unique users, out of which 53 have completed at least one questionnaire. In order to
have a statistically valid sample, we limit our analysis to the 22 unique users that have participated for at least
7 days and completed at least 20 questionnaires each. In total, we recorded 3,305 questionnaire responses and
588,051 location traces.
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Fig. 4. Summary statistics about our study participants.

Fig. 5. Distributions of emotional states reported by study participants.

Fig. 6. Frequencies of tapped detected objects appearing in the photographs. The bottom part represents a detail of the top
part of this figure, delimited by the vertical red line.
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Table 1. Summary statistics for each emotional state.
Emotional State

Mean

Standard Deviation

Mode

Median

Skewness

Stress
Activeness
Happiness

3.459
3.726
4.564

1.423
1.427
1.311

3
4
4

3
4
5

0.288
0.085
-0.244

4.3.1 User Demographics. Since our recruitment strategy took place over multiple channels, both offline and
online, we wanted to have an understanding of the characteristics of our participants. Thus, we also collected
basic demographic information about our users. In Figure 4 we provide a visualization of the demographic
characteristics of our participants. We note that the distribution of number of questionnaires completed per
participant is skewed, with a few participants recording many more reports in comparison to others. As explained
in Sections 3.3 and 6.1, this issue has been taken into consideration in the analysis of the dataset. In terms of
geographic distribution, we note our participants are predominantly from Europe (90%, from 4 distinct countries)
and North America (10%, 2 countries).
4.3.2 Emotional State Summary Statistics. In order to situate our objective of quantifying emotional states via
objects in a participant’s surroundings, we first analyze the distributions of values. In particular, in Figure 5 we
illustrate these distributions as a series of normalized histograms. We also offer summary statistics in Table 1. We
note that the midpoint of the scale is the mode for two out of three emotional states, with stress and activeness
positively skewed while happiness is negatively skewed.
4.3.3 Object Frequencies. In order to gain an overview of the types of objects detected in the collected images, we
examine the frequencies of these objects that have been matched with taps made by users (as described in Section
3.2). As shown in Figure 6, we visualize these as a histogram, and normalize the relative frequencies such that
they sum to 1. We note an interesting skewed distribution with a long tail, suggesting that a restricted number of
objects appear very often, while others are rare. The bottom part of the plot shows a zoomed-in area, delimited
by the red line in the top part of the plot. We observe the prevalent presence of objects associated to indoor
environments, such as computer keyboard, laptop or computer monitor, appearing most frequently. However, there
are several frequent objects that are associated to outdoors as well, such as tree, building, or car.

5

EVALUATING THE PERFORMANCE OF THE OBJECT DETECTION METHOD

As a first step, we verified the performance of the object detection method used on our photo dataset, which
may differ from standard computer vision benchmarks, since it was collected in-the-wild. In fact, in our case,
the performance of the method might be affected by a variety of factors such as poor lighting conditions,
picture rotations, zooming level and occlusions. These issues may cause the method to achieve lower prediction
confidence, predict the wrong class of object (thus indicating a false positive), or not predict the object class at all
(false negative). These errors may impact the accuracy of our analysis, and thus it is important to understand
their magnitude on our dataset.
Since the model also associates a prediction confidence (between 0 and 1) with each detected object, we can
set the confidence threshold (Ct hr eshold ) that controls whether or not we accept a particular detection signaled
by the model. Therefore, we evaluate the precision (fraction of correct predictions) and recall (fraction of present
objects that are predicted) for the Ct hr eshold ∈ [0.3, 0.5, 0.7, 0.9], with 0.3 being the default minimum value in
the object detection library. In order to compute precision and recall, we count each tap made by the user to
indicate an object as ground truth. Now, each correctly detected object class which we associate with a tap is a
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Fig. 7. Average recall (x-axis) against average precision (y-axis) for different values of Ct hr eshold , which are labeled above
each point.

true positive T P, while each incorrectly detected class is a false positive F P. Each user tap for which we were
not able to associate a detection using our approach is counted as a false negative F N . We can then measure
precision as T P/(T P + F P) and recall as T P/(T P + F N ) for each picture. We compute the precision and recall for
each picture individually, as there could be a varying number of taps on different pictures, which would bias the
overall precision and recall. Therefore, we quantify the performance by measuring the mean precision and recall
across all pictures. We evaluate the correctness of detections in a particular photograph by human inspection.

In order to perform this evaluation, a random selection of 300 questionnaire photos (roughly 10% of the fraction
of all pictures) was made. In Figure 7, we present the results as average precision versus average recall in order to
understand the trade-off between the two. The results demonstrate that the 0.3 confidence threshold is able to
maintain a high level of recall (58%) while still providing a considerable precision (79%), given the nature of the
dataset itself. We thus threshold our detections at this confidence level for reporting our results in the further
analysis presented. Moreover, we use the same threshold for demonstrating the frequencies of detected objects,
which was presented in the previous section (see Figure 6).

6

ANALYZING THE ASSOCIATION BETWEEN OBJECTS AND EMOTIONAL STATES

In this section we present the results of our analysis of the presence and quantification of the association between
the emotional states of users and their surrounding objects. We carry out this analysis in order to address our
research question of whether, and in what way, the objects in a person’s surroundings can provide information
about their emotional state intensities. To achieve this, we follow the steps described in Section 3.3. We describe
the procedure used for balancing the data, present the main results for the associations between objects and
emotional states, examine the empirical distributions of these values and, finally, carry out a series of paired
difference tests to establish whether mean emotional state values are significantly different in the presence of
certain objects.
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Balancing the Dataset

A key pre-processing step is to remove the bias due to unbalanced data among different participants. As shown
in Figure 4, the number of questionnaires recorded by each participant varies quite strongly. This could have the
effect of skewing the results towards the participants with more recorded questionnaires.
In order to avoid introducing this bias, we employ a stratified sampling strategy, and consider the questionnaires
of each participant to be a stratum by sampling an equal number of questionnaires from each participant. We
repeat this stratified sampling in order to construct our statistics. This is to ensure we give equal weight to the
objects detected in the photos of each participant. We note that performing the sampling with replacement means
with high probability that for participants with relatively few questionnaires the same data points will appear
repeated in a sub-sample. On an aggregate level, this means with very high probability that the sub-samples will
be different between themselves.
Hence, for computing the object-emotional state associations as described in Step 3 of Section 3.3, we instead
perform this stratified sampling strategy to obtain a set of resampled questionnaires for each participant Q̂u
to compute the metrics. We repeat the stratified sampling procedure (described above) 1000 times, and in each
sampling episode we sample with replacement 20 questionnaires from each participant, as 20 is the minimum
number of completed questionnaires per participant in our dataset. We set the percentage of participants P in
whose questionnaires an object class has to appear for being considered in the analysis to 50%, so that our metrics
are computed on common objects, present in many participants’ environments. Further, for readability, we only
consider the object classes that appear in the 25th percentile of total object occurrences in the repeated stratified
sample. As previously discussed, we use a value of Ct hr eshold of 0.3, and only consider the set of detected tapped
objects Tq for each questionnaire.

6.2

Object-Emotional State Associations

In Figure 8, we present the results for this analysis as means along with 95% confidence intervals. The columns
indicate the three emotional states (stress, activeness and happiness) and rows indicate the object class c for
which the statistic was measured. Each entry can be interpreted as follows: we are 95% confident that, on average,
the difference from a user’s mean emotional state intensity lies within the quoted interval when the object class
is present in their visual environment. We highlight that this analysis only quantifies a correlation between these
variables, and not a causal relationship.
The results show interesting (and, in some cases, intuitive) associations. For stress, we notice a 0.65 increase
in intensity when objects related to work appear (such as office and computer keyboard); while the objects that
one would expect to find in a home (such as bed, furniture, television) correlate with a noticeable decrease in
intensity, indicating the individuals are more relaxed. In terms of activeness, we find even stronger associations:
statistics for indoor object classes bed and furniture are negative, indicating the users feel more sleepy; while
outdoors objects (building, footwear, land vehicle) are associated with an increase in activeness. Interestingly, desk
also associates with increased activeness, perhaps suggesting the individual is in a mental state of heightened
alertness and concentration. While associations for happiness tend to not be as strong, we notice that computer
keyboard and computer monitor have negative coefficients. We speculate that happiness may be more difficult to
associate with factors in the external environment.
As explained in Section 3.3, objects may have different interpretations and associations depending on their
context. The method discussed in Section 4.1.1 allows us to unobtrusively infer the significant place at which a
user is spending their time, grouping them as either home, work, or other. The results for analyzing the associations
separately for each of these places is presented in Figures 9, 10, 11. As expected, we notice values for different
emotional states vary significantly across contexts – for example, the significant place home is associated with a
decreased stress value overall while typically it is higher in the work context. Interestingly, we notice the same
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Fig. 8. Means and confidence intervals for the difference from participants’ average emotional state intensities when a
specified object class is present, irrespective of location.

objects associated to different emotional state intensities depending on place: at home, the object class computer
monitor is associated with a 1.15 decrease in stress, while in a work context it corresponds to a 0.34 increase. The
values for the significant place other tend to be more noisy and closer to 0, similarly to those observed for the
entire dataset.

6.3

Empirical Distributions of Emotional States in Presence of Objects

While the statistics presented in the previous subsection provide interesting insights, simply looking at the mean
may not be appropriate in this case. For example, the differences from participants’ average emotional state
intensities may not be approximated using a normal distribution. In this case, looking at the mean statistic is
not informative. Therefore, we use a Kernel Density Estimation (KDE) [39] method with a Gaussian kernel in
order to determine the empirical distribution of these samples. In Figure 12, we show the estimated probability
densities for the object classes that present the strongest associations across the different emotional states. As the
distributions constructed from these samples can be approximated using a normal distribution, we thus confirm
that assessing means and confidence intervals is meaningful in this context. For example, the distributions for
the bed class have very different means: in correspondence with Figure 8, the class is associated with a strong
decrease in activeness, a small decrease in stress and an increase in happiness. Interestingly, aside from the means
summarized in Figure 12, this approach also lets us examine the shape of the empirical distributions of intensities
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Fig. 9. Means and confidence intervals for the difference from participants’ average emotional state intensities when a
specified object class is present, when detected location is home.

Fig. 10. Means and confidence intervals for the difference from participants’ average emotional state intensities when a
specified object class is present, when detected location is work.
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Fig. 11. Means and confidence intervals for the difference from participants’ average emotional state intensities when a
specified object class is present, when detected location is other.

Fig. 12. Estimated density functions for difference from mean emotional state intensities when a specified object class is
present, irrespective of location. The x-axis varies on a 7 point scale, with the center at 0 signifying no difference.
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Fig. 13. Results for matched samples Wilcoxon signed-rank tests, where the presence of an object class is considered the
treatment variable. Significant (at a level of 0.05) p-values obtained are displayed in the corresponding cell.

for the object classes; for instance, the building class displays different ranges of emotional state intensities for
activeness and happiness.

6.4

Statistical Tests for Presence of Objects

The previous subsections show that certain object classes are associated with emotional state variations; however,
they do not offer any information as to whether the values observed in their presence are statistically different
to those observed in their absence, since there might exist correlates that explain the difference. We thus need
to conduct a statistical paired difference test, considering the presence of each object class to be the treatment
variable. We measure two values for each participant: the mean of the emotional state differences when an object
is present versus when it is absent. In case the object class does not appear at all in a participant’s responses, we
discard their corresponding entry. We obtain in this way, for each emotional state – object class pair, a dataset of
at most N = 22 samples (and as low as N = 11 for some object classes since P = 50).
A typical choice for a paired difference test is the Student’s t-test, which makes the assumption that the
two populations are normally distributed. In our case, it is difficult to establish whether the data are indeed
normally distributed with such few samples. Consequently, we opt for the Wilcoxon signed-rank test [53], which
is non-parametric and it does not require this assumption. We show the results we obtained in Figure 13. We
found that differences for some object class – emotional state pairs are statistically significant (at a significance
level α = 0.05), and mostly correspond to the classes with the largest intensity differences presented in the
previous figures; despite the fact that the sample sizes used are very small.

7

LIMITATIONS AND IMPLICATIONS FOR FUTURE RESEARCH

In this paper we have presented the design of an approach for quantifying individuals’ emotional states by
exploiting information about their visual environment, as extracted from images provided by them. To the best
of our knowledge, this is the first study concerning the analysis of objects automatically extracted from images
describing the everyday lives of individuals. We believe that the findings of this work can be used as a basis for
the design and implementation of ubiquitous systems for automatic extraction of mood information.
We now discuss the limitations of the current approach, outlining at the same time opportunities for future
research in this area. First, since we adopted the Experience Sampling Method in order to obtain ground-truth
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information, there could be biases in self-representation [8] but, due to the subjective nature of emotional states it
is very difficult to account for these biases. Additionally, while valence and arousal are relatively well-understood
concepts, they are difficult to convey precisely to the participants of a study, especially using lay terms. The
variation in interpretation between subjects may introduce noise in measurements. Indeed, the pioneering work
of Russell [35] has found significant between-participant variation when asked to rank emotion-denoting terms.
The second limitation is that there might be a range of situations and associated emotional states that we
are unable to capture in our analysis. This could be due to the fact that participants may not be eager to report
their emotional state when they are busy during the course of the day, engaging in physical activity, or simply
not using their phone. Indeed, we notice that participants seldom complete all 4 questionnaires available — the
fraction of days when participants complete all questionnaires available to them is 35.5%. We attribute this to the
fact that, in this study, the completion of a questionnaire is a time-consuming process. Also, in some cases, having
participants take a photo of their surroundings may not be possible or acceptable (for example, if a participant’s
employer restricts photography in the workplace, or the person is socializing with friends). Additionally, another
limitation stems from the characteristics of the dataset itself: even at 30% confidence level, the majority of photos
(80.75%) contain 2 distinct object classes or less resulting in a sparse dataset. For this reason, the dataset cannot
be used to derive statistically valid results for mood estimation based on the co-presence of multiple objects in an
image.
A possible avenue for building on the results of this work would be to use smart glasses or other IoT devices
such as wearable cameras in order to capture an individual’s surroundings unobtrusively. In our study, users
intentionally take a picture of a particular scene. With automatic photo capturing we might lose this important
piece of information. There are indeed potential privacy and legal concerns related to the analysis of photos
taken in-the-wild (automatically and not as in the present study). However, with the increasing availability of
deep learning methods on mobile hardware (with packages such as TensorFlow Lite), it could be possible to
perform this process entirely on the device using different neural network architectures (e.g., MobileNet [13]).
Such an approach would address privacy concerns, as the raw images would never leave the devices.
Another limitation is related to the current implementation of our approach that relies on state-of-the-art
computer vision techniques for object detection. Even though this method achieves very good accuracy (80% on
the ImageNet V3 dataset), it is still far from perfect. Since our analysis has an upstream dependency on the object
detection technique, it is inevitably affected by the classification error of these libraries. Given the continuous
improvement and refinement of computer vision approaches, we expect that this source of noise and error will
be reduced in the future.
Finally, our investigation focused primarily on objects present in images for inferring emotional states. However,
as we discuss in Section 2, the community has identified a diverse range of factors (such as physical activity,
device interaction, body measurements, etc.) that correlate with emotional states. We expect that enriching our
approach with additional context information from such indicators would further increase performance. In other
words, we believe that the techniques proposed in this paper can be considered complementary to those recently
proposed in the literature.

8

CONCLUSION

In this paper, we have addressed the question of whether there exists a relationship between the emotional states
of individuals and objects present in their visual environment. In particular, we have discussed an approach
for extracting objects contained in images of users’ everyday lives collected by means of their smartphones
and associating them to their emotional states. More specifically, we have conducted an in-the-wild study by
deploying a mobile application capable of recording images of users’ surroundings along with their emotional
states. Finally, we have investigated associations between emotional states measured on a 7-point Likert scale and
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objects extracted from these images using deep learning techniques. Our results indicate that there is a significant
association between certain classes of objects present in users’ environments and their self-reported emotional
state intensities. For example, we find that the object classes computer keyboard and office are associated on
average with a 0.65 increase in stress, bed corresponds to a 1.25 decrease in activeness and face is associated to a
0.55 increase in happiness, with the associations becoming stronger if location is taken into account. We have
also presented statistical evidence for the hypothesis that the means of emotional states are significantly different
where certain object classes are present.
We believe that the key contribution of this work is methodological, i.e., the proposed techniques are rather
general and can be deployed in a vast range of applications. These include the design of mechanisms for intelligent
applications based on users’ emotional states (e.g., for context-based positive behavioral change and intervention)
and, more in general, for computational psychology and psychiatry studies. Our approach might also be useful in
other disciplines, such as architecture, for the analysis and design of interior and outdoor spaces. Finally, even if
the images in this study were collected by means of smartphones, we believe there is a great potential in using
this technology for wearable devices, in particular smart glasses.
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