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ABSTRACT

In this paper, we explore a multimodal approach to sensing
affective state during exposure to visual narratives. Using
four different modalities, consisting of visual facial behav-
iors, thermal imaging, heart rate measurements, and verbal
descriptions, we show that we can effectively predict changes
in human affect. Our experiments show that these modal-
ities complement each other, and illustrate the role played
by each of the four modalities in detecting human affect.
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Keywords
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1. INTRODUCTION

Narratives are a constant presence in our everyday lives,
and can have significant influence on one’s thoughts and ac-
tions. Narratives are often designed to explicitly appeal to
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the emotions of the reader or listener, and act as an “emo-
tional prime” [11, 16]. Once an affective state has been
induced, it can also lead to changes in cognition and action,
in agreement with the large body of previous research on
emotions [15].

A specific type of narrative that is becoming extremely
popular with the Internet age is the visual narrative. With
more than 10,000 new videos posted online every day, social
websites such as YouTube and Facebook are an almost in-
finite source of visual narrative. People are posting videos
to express their opinion and sentiment about different top-
ics, products and events. To better understand how these
online videos are influencing individuals and eventually the
society at large, it is imperative that we develop automatic
techniques to analyze human reactions to visual narrative.

In this paper, we propose a non-invasive multimodal ap-
proach to sense and interpret human reaction while watch-
ing online videos. This is a first important milestone to-
ward a deeper understanding of visual narrative influence
on human affective states. Our approach senses changes in
human affect through four different modalities: visual fa-
cial behaviors, physiological measurements, thermal imag-
ing, and verbal descriptions. The first three modalities are
recorded live during the narrative interaction while the ver-
bal descriptions are acquired during a post-study interview.
We evaluate our multimodal approach on a new corpus of
70 narrative interactions. Figure 1 shows the overall flow of
our approach.

The following section summarizes related work in visual,
physiological, and linguistic analysis of human affective state.
Section 3 presents our experimental methodology to create
this new visual narrative corpus. Section 4 presents a de-
tailed description of the multimodal features automatically
extracted. Section 5 presents experimental results compar-
ing the performance of our multimodal predictive models.
Section 6 discusses our results and shows an analysis of the
multimodal features and their effectiveness to predict hu-
man affective state. Section 7 presents our conclusions and
future directions.
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Figure 1: Overview of our multimodal approach for sensing affective state.

2. RELATED WORK

Influence models have been widely used to detect and pre-
dict human behavior, including game theory [5], statistical
Bayesian models [26], and Markov models [18]. In our work,
we build upon our own previous experience and related work
in several research areas, including natural language process-
ing, computer vision, and computational physiology.

2.1 Affect Recognition in Text

There has been growing interest in the recognition of affect
in text, focusing on the automatic identification of private
states, such as opinions, emotions, sentiments, evaluations,
beliefs, and speculations. Most of the work in this area has
addressed the analysis of the affective property (positive,
negative, or neutral), where affective properties are associ-
ated with words [43, 39], phrases [45], sentences [33, 35], or
entire documents [27, 19].

Finer-grained affect recognition has also been addressed,
where emotions (e.g., anger, disgust, fear, joy, sadness, sur-
prise) are automatically identified in text [37, 2, 35, 20, 36].

2.2 Physiological Sensing

Previously proposed solutions for non-contact measure-
ment of vital signs, such as heart rate (HR) and respiratory
rate (RR), include laser Doppler [40], microwave Doppler
radar [13], variations in transmitted or reflected light [1],
and thermal imaging [12, 10]. In particular, skin temper-
ature detected from thermal images was found to be cor-
related with changes in affect [17], deceptive behavior [29],
and stress [31].

2.3 Visual Sensing

There have been numerous approaches to track and anal-
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yse facial feature points from single images or image se-
quences [28, 48]. Approaches that can be considered model
based are Active Shape Models [8], Active Appearance Mod-
els [7], 3D Morphable Models [3], and Constrained Local
Models [9]. There exist also many techniques for estimating
head pose [23, 22]. Research work in this area has also shown
that visual features can be effectively used for dimensional
and categorical affect recognition [48, 14, 46, 24, 25].

2.4 Multimodal Analysis of Affect

Also related to our work is the research done on mul-
timodal emotion analysis [4, 34, 49]. For instance, a novel
algorithm is defined in [47], based on a combination of audio-
visual features for emotion recognition. The features used
by these novel algorithms are usually basic and low level
like tracking points for collecting visual data. An engineer-
ing approach is then applied to this large set of data points,
in order to extract the ones that would be useful for the
actual analysis. It is also worth noting the recent work on
multimodal sentiment analysis, where textual, visual, and
audio sensing is combined in order to determine the polar-
ity orientation of statements expressed in YouTube videos
[21]. Finally, somehow related is also the research reported
in [32], where speech and text have been analyzed jointly for
the purpose of opinion identification.

To the best of our knowledge, our paper is the first to inte-
grate these four modalities (visual, thermal, physiologic and
linguistic) to predict affective response to visual narrative.

3. METHODOLOGY

Our goal is to identify cues that are indicative of people’s
reactions when exposed to visual narratives. Specifically,
in this first set of experiments, we target the identification



of affective states (as compared to neutral states), and fur-
thermore we also aim to classify the valence of the affect
experienced by a person (positive or negative).

We first selected four video stimuli from the YouTube web-
site, all of them in English, two of them with negative con-
tent (one showing the effects of a tsunami, 153s; and one
showing an accident, 145s), and two of them with positive
content (one about the Coca-Cola happiness truck in Brazil,
152s; and one about an amusing incident during a wedding,
143s). These videos were selected based on popularity and
the positive/negative comments written on YouTube. Sev-
eral videos were considered as candidates, and the four final
videos are the ones for which two of the authors of the paper
agreed on their affective properties.

The participants consisted of fourteen subjects, three women

and eleven men, all of them within the age range of 25-45,
and all of them living in the United States although com-
ing from different backgrounds (Asian, African-American,
Caucasian, Hispanic). Each participant was first recorded
during a “neutral” state while simply looking at the record-
ing station and/or the lab were the recording took place.
The four video stimuli were then played in random order,
and the participant was recorded while watching the videos.

The recordings were done with two cameras. A regular
Logitec Web camera, with a resolution of 980x720 and a
frame rate of 15 frames per second, and a FLIR ThermoVi-
sion A40 thermal camera with a resolution of 340x240 and
a frame rate of 60 frames per second.

After each recording, the participants were asked to write
2-4 sentences reflecting how they felt about the video they
just saw.

Figures 2 and 3 show sample frames from the visual and
the thermal camera recordings. Table 1 shows sample tex-
tual statements provided by the participants.

It is important to note that in these experiments we use
the prior classification of the videos (as either positive or
negative) as our approximation of the induced affective state.
We thus assume that a positive video induces a positive af-
fective state, while a negative video induces a negative af-
fective state. In the future, we plan to use the PANAS-X
survey [42] to capture the actual affective state experienced
by a person during exposure to the visual narratives.

4. SENSING AFFECTIVE RESPONSE TO VI-

SUAL NARRATIVES

We are sensing changes in human affect through four dif-
ferent modalities: (1) facial expressions obtained by pro-
cessing the visual recording of the participants; physiolog-
ical features, including (2) thermal features obtained from
the thermal recording, and (3) heart rate measurements ob-
tained from the visual recording; and (4) linguistic descrip-
tions of the participants’ state after exposure to the stimuli.

We describe below each of these modalities in detail, along
with the features obtained from each of them.

4.1 Facial Expressions

The visual features are automatically extracted from the
video sequences. Since only one person is present in each
video clip and they are all the time facing the camera, cur-
rent technology for facial tracking can efficiently be applied
to our dataset. We use a commercial software called OKAO
Vision that detects at each frame the face, it extracts the fa-
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Figure 2: Sample snapshots taken by the Web cam-
era showing participants exposed to positive and
negative video narratives.
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Figure 3: Sample snapshots taken by the thermal
camera.

cial features, and extrapolates some basic facial expressions
as well as eye gaze direction. The main facial expression
being recognized is smile. This is a well-established technol-
ogy that can be found in many digital cameras. For each
frame, the vision software returns a smile intensity (0-100)
and the gaze direction, using both horizontal and vertical
angles expressed in degrees. The sampling rate is the same
as the video framerate: 15Hz.

An important aspect when generating visual features is
the quality of the video, and correspondingly the quality of
the visual processing that can be automatically performed
on the video. OKAO provides a confidence level for each
processed frame in the range 0-1000. We discounted all the
frames with a confidence level below 700.

For each video in our dataset, we define three series of
summary features, which were used in previous work on af-
fect analysis [21]:

e Smile duration: Given all the frames in a video, how
many frames are identified as “smile” In our exper-
iments, we use three different variants of this feature
with different intensity thresholds: 25, 50, 75.

¢ Look-away duration: Given all the frames in a video,



PoOSITIVE

NEGATIVE

I like it when people have fun even during the more "official"
moments of their life. This seems like a joyful couple, I hope
they will have many years together. The priest was a bit
disheartened at first (or so it seemed), but then he managed
to joke himself about the whole situation. I am sure this made
for an even more memorable event for all those present.

This is so distressing! It may have to do with the fact that
I have a small daughter myself, or with the innocence of the
child who suffered in this video, but I found it extremely sad.
It is so unfair how we always depend on other people’s deci-
sions - like in this video, one’s rush brought an end to some-
body else’s life. It almost makes you think that life before
the technology age was better and safer.

Nice to see people feel happy at an unexpected moment during
their regular daily routine. I felt it was a very creative way of
making people smile. Feels relaxing when you watch happy

stuff.

Interesting to get to view natural disasters and its effects on
structures and other things around it. Its sad to think of how
people who live in places which are hit by natural calamities
suffer and recover from something like that. The video was
interesting.

Table 1: Sample textual statements made by the participants after watching the videos.

in how many frames is the speaker looking at the cam-
era. The horizontal and vertical angular thresholds
were experimentally set to 10 degrees.

e Eye gaze direction: Given all the frames in a video,
in how many frames is the speaker looking to the left
with an angle higher than N degrees, where N can
be 10, 20, or 30. Variants of these features were also
created for eye gaze to the right, eye gaze up, and eye
gaze down.

All the visual features are normalized by the total number
of frames in the video. Thus, if the person is smiling half the
time, then the smile feature will be equal to 0.5 (or 50%).

4.2 Thermal Analysis of the Face

Another major sensorial input is the skin temperature,
which relies on thermal features drawn from images captured
with the thermal camera.

Using the thermal recordings, we infer several features
that reflect the temperature of the face and the overall tem-
perature (including face, neck, and shoulders). Starting with
a map of pixel-level temperature measurements obtained
from each frame in the recording, we collect the following
features:

e Face temperature features: Using the temperature
measured on the face, we calculate: average tempera-
ture; overall minimum and overall maximum tempera-
ture; average of the minimum and maximum tempera-
ture observed in each frame; standard deviation; stan-
dard deviation for the minimum and maximum tem-
perature observed in each frame; difference between
the minimum and the maximum temperature.

e Overall temperature features: We also calculate
the same features listed above, but using the entire
frame as input, which includes the face, neck, and
shoulders of the subject (as well as a static white back-
ground, which did not contribute to changes in tem-
perature).

4.3 Heart Rate

In addition to the physiological signals captured through
thermal imaging, we also measure the heart rate using the
recording made with the video camera. In order to calculate
the heart rate from the video sequences we used an adapted
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version of the method presented by Poh et al. [30]. We
performed analysis on a sliding window of 30s length (15fps
x 30s = 450 frames) with a 1s (15 frame) time increment.

For each video frame within a particular time window the
face was segmented using the Open Computer Vision library
(OpenCV) face detector [41]. The facial region of interest
(ROI) was determined as the full height and central 60% of
the width of the face box as determined by OpenCV. The
ROI was separated into the three RGB (red, green and blue)
channels and a spatial average of the resulting image com-
ponents calculated. This was performed for every frame to
yield the raw time varying signals r(t), g(t) and b(t). The
raw traces were detrended using a procedure based on a
smoothness priors approach [38] with a smoothing parame-
ter A=10. The channels were each normalized by subtracting
their mean and then dividing by their standard deviation.
The normalized signals were decomposed into the three in-
dependent source signals using the JADE implementation
of Independent Component Analysis (ICA) [6].

Each of the source signals were band-pass filtered with
normalized low and high 3dB frequency cut-offs of 0.08 and
0.2 respectively. The power spectrum of each of the result-
ing source signals was then calculated. The source chan-
nel containing the BVP was selected as the signal with the
greatest frequency peak within the frequency range of in-
terest: 0.08 to 2. For the first window the frequency with
the maximum power within the range was selected as the
heart rate frequency. Artifacts due to motion of the sub-
ject, ambient lighting changes or other noise can be prob-
lematic. Therefore for the remaining windows historical es-
timations of the pulse frequency were performed to reject
artifacts by fixing a threshold for maximum change in pulse
rate between successive measurements (taken 1s apart). If
the difference between the current pulse estimation and the
previously computed value exceeded the threshold (thresh-
old = 10% of previously computed value) the algorithm re-
jected it. The frequency range was searched again for the
second highest peak, this was repeated until the conditions
were satisfied. If no frequency peaks met the criteria the
previous pulse frequency estimation was maintained.

Using the extracted heart rate vectors, we calculate the
following features:

e Average, minimum, and maximum heart rate:
We calculate statistics over the entire vector, reflecting
the average heart rate, as well as the minimum and the
maximum heart rate.



e Total heart rate changes: Given the heart rate vec-
tor for a video, we determine the total absolute changes
in heart rate over time, normalized with the duration
of the video.

4.4 Verbal Descriptions

After each recording, the participants were asked to make
a verbal statement describing how they felt about the video
they just saw. We use a bag-of-words representation of these
textual statements to derive unigram counts, which are then
used as input features. First, we build a vocabulary consist-
ing of all the words, including stopwords, occurring in the
transcriptions of the training set. We then remove those
words that have a frequency below three (value determined
empirically on a small development set). The remaining
words represent the unigram features, which are then asso-
ciated with a value corresponding to the frequency of the
unigram inside each transcription. These simple weighted
unigram features have been successfully used in the past to
build sentiment classifiers on text [27, 19]. The remaining
words represent the unigram features, which are then asso-
ciated with a value corresponding to the frequency of the
unigram inside each line.

We also derive and use coarse textual features, by us-
ing mappings between words and semantic classes. Specifi-
cally, we use the OpinionFinder lexicon [44] to derive coarse
textual features. The OpinionFinder lexicon was compiled
from manually developed resources augmented with entries
learned from corpora. It contains 6,856 unique entries, which
are labeled as strong or weak clues of subjectivity, and also
annotated for their polarity. In our classification, we use
the positive and negative classes, and disregard the strength
annotations. We thus derive two main types of linguistic
features:

e Unigrams: For each of the unigrams selected as part
of the vocabulary, we create a vector of features re-
flecting the frequency of the unigram.

e Affective lexicon classes: For each of the positive
and negative affective classes obtained from the Opin-
ionFinder lexicon, we infer a feature indicating the
number of words in the verbal description belonging
to that class.

S. PREDICTION OF AFFECTIVE RESPONSE

Our goal is to explore the changes in human affect during
exposure to visual narratives. We formulate the task as a
prediction problem, and use the features obtained from the
four modalities described above in order to infer changes in
affect and to classify them as either positive, negative, or
neutral.

We run three main experiments. First, we run an exper-
iment where we try to predict whether a person is being
exposed to a stimulus that induces an affective state (ei-
ther positive or negative), or is in a neutral state. Second,
we also experiment with a three-way classification, where
we differentiate in a single classifier between positive affect,
negative affect, and a neutral state. Finally, we also run an
experiment where we try to predict the valence of the affec-
tive state experienced by a person, and classify it as either
positive or negative.

In all the experiments, we use the Ada Boost classifier
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with decision stumps as the classification algorithm,? and
we run ten-fold cross validation experiments, meaning that
we repeatedly train on a subset of the data and test on a
separate subset. Thus, we do not use the entire data set for
training, and the validation is independent.

5.1 Affective State versus Neutral State

We first build classifiers that attempt to determine if a
person is in a positively or negatively valenced affective
state, regardless of the valence of the affect she experiences.
Since no linguistic descriptions have been collected from the
participants during the neutral state, these classifiers are
build using the non-verbal features, namely the facial ex-
pression features, thermal features, and heart rate. For these
classifiers, we use all 70 videos that we collected, which in-
clude 56 videos recorded when the subjects were exposed to
positive or negative stimuli, and 14 videos recorded when
the subjects were in a neutral state.

Table 2 shows the results obtained with individual clas-
sifiers based on one modality at a time, and a combined
classifier that makes use of all the non-verbal modalities.
The figures in the table represent the percentage of times the
classifiers have correctly identified the correct state (i.e., the
percentage of times the classifiers have correctly labeled the
state as either affective or neutral). The baseline for these
classifiers is 80%, which corresponds to selecting by default
an affective state (the majority class in this dataset).

Modality Accuracy
Baseline 80.00%
Facial expressions 81.42%
Thermal features 90.00%
Heart rate features 88.57%
All modalities 92.85%

Table 2: Automatic classification performances to
differentiate between an affective and a neutral state
for three different non-verbal models: facial expres-
sions, thermal features, and heart rate features. The
integration of the three models provides the best re-
sults.

5.2 Three-way Classification: Positive, Nega-
tive, or Neutral

The second set of classifiers is concerned with the identi-
fication of the presence of affect, as well as the valence of
the affect (positive or negative). As in the previous set of
experiments, since no linguistic descriptions are available for
the neutral state, we only use the features obtained from the
non-verbal sensing.

Table 3 shows the results obtained by this three-way clas-
sification, using one non-verbal modality at a time, and all
three modalities combined. Note that these classifiers use all
70 videos, and have a baseline of 40%, which corresponds to
selecting by default a positive (or negative) affective state.

5.3 Positive State versus Negative State
Finally, we also build classifiers that try to determine the

valence of the affect experienced by a person, by differenti-

ating between a positive affect and a negative affect. Here,

2We use the implementation available in the Weka package
www.cs.waikato.ac.nz/ml/weka/



Modality Accuracy
Baseline 40.00%
Facial expressions 51.42%
Thermal features 54.28%
Heart rate features  57.14%
All modalities 55.71%

Table 3: Automatic classification performances for
three-way classifiers that differentiate between a
positive state, a negative state, and a neutral state
for three different models: facial expressions, ther-
mal features, and heart rate features.

we build individual classifiers for all verbal and non-verbal
modalities, and also a combined classifier that includes all
four modalities. For these experiments, we only use the
videos recorded during exposure to positive or negative stim-
uli. We thus use features extracted from 56 videos, including
28 positive videos and 28 negative videos.

Table 4 shows the results obtained with individual clas-
sifiers based on one modality at a time, and a combined
classifier that makes use of all the modalities. The baseline
for these classifiers is 50%, which corresponds to selecting
by default a positive (or negative) affective state.

Modality Accuracy
Baseline 50.00%
Facial expressions 61.02%
Thermal features 50.00%
Heart rate features 53.57%
Linguistic features 67.51%
All modalities 73.21%

Table 4: Automatic classification performances to
differentiate between a positive and a negative af-
fective state for four different models: facial expres-
sions, thermal features, heart rate features, and lin-
guistic features. The integration of the four models
provides the best results.

6. DISCUSSION

These initial experiments reveal interesting findings about
the influence of visual narratives on affect, and how that can
be captured through four different modalities.

The first experiment on differentiating between an affec-
tive and a neutral state clearly shows that physiological
modalities, such as heart rate and changes in skin temper-
ature, are more effective than a visual modality that relies
primarily on facial expressions. This is probably explained
by the fact that a state of excitement, which typically cor-
responds to an affective state, induces changes in our phys-
iological functions that are very well captured by thermal
recordings and measurements of heart rate. On the other
side, it appears that the facial expressions made during a
neutral state are not very different from those that are made
in an affective state, as a neutral state may also include oc-
casional smiles or look aways that can confuse a classifier
that relies primarily on visual clues. The joint use of all
non-verbal modalities provides the best result, representing
a relative error rate reduction of 64% compared to the base-
line.
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Figure 4: Top ten non-verbal features selected by
the affective state classifier.

The second experiment shows a similar trend, where the
physiological measures provide the best results. An analysis
of the confusion matrix produced by these classifiers shows
that once again these measures are doing very well in sep-
arating an affective state from a neutral state. Unlike the
previous experiments, the visual features are also effective
when compared to the baseline, which can be explained by
their ability to differentiate positive and negative excitement
(as also shown by the third experiment).

Finally, the last experiment shows the effectiveness of the
facial expressions to distinguish between different types of
affect (positive and negative). The thermal features and the
heart rate features are significantly less effective here. This
is probably due to the fact that the excitement experienced
in an affective state induces changes in heart rate and skin
temperature regardless of the valence of the affect (e.g., our
heart beats faster when we are sad and it also beats faster
when we are happy). In this experiment, we were also able to
add the linguistic modality, which is the most effective over-
all. This suggests that when present, verbal communication
can be a very useful clue for the prediction of affective state.
The combination of all four modalities provides the best re-
sults, with a relative error rate reduction of 46% compared
to the baseline.

To gain further understanding into the role played by
the non-verbal features in predicting the changes in affec-
tive state, we compare the information gain assigned by the
learning algorithm to each of these features. Figure 4 shows
the top ten non-verbal features selected by the classification
algorithm, obtained during the experiment that differenti-
ates between affective and neutral states.

In line with the observations above, the physiological mea-
sures are the most useful when making a distinction between
affective and neutral states. Among these, the difference be-
tween the maximum and minimum heart rate and the dif-
ference between the maximum and minimum temperature
on the face seem to be the most useful features, followed by



several other physiological features that reflect the minimum
temperature, the standard deviation for the minimum and
the maximum temperature, the maximum heart beat, and
others. Among the visual features, the gaze to the right and
gaze to the top appear to be the features that matter most
for this classification.

For the distinction between positive and negative affect,
the only significant features identified by the classifier are
two smile features (number of smiles with intensity of 50
and 75 respectively), followed by the gaze to the right and
gaze to the top features. None of the physiological features
appear to be strong indicators of the valence of the affective
state.

7. CONCLUSIONS AND FUTURE WORK

In this paper, we explored a non-invasive multimodal ap-
proach to sense changes in human affect when exposed to
emotionally loaded videos. We experimented with four dif-
ferent modalities: visual facial behaviors, physiological mea-
surements - including thermal imaging and heart rate mea-
surements, and verbal descriptions. The first three modal-
ities are non-verbal and are recorded during the narrative
interaction, while the fourth modality is acquired in a post-
study interview. Our experiments show that these modali-
ties complement each other in detecting human affect. Specif-
ically, our initial findings seem to suggest that physiological
measures are most effective in identifying the presence of an
affective state (as compared to a neutral state), whereas fa-
cial behaviors and verbal descriptions are most effective at
differentiating between positive and negative states.

To our knowledge, this is the first attempt to integrate
these four modalities (visual, thermal, heart rate, and lin-
guistic) to predict human affective response to visual narra-
tives. In future work, we plan to perform a more fine-grained
temporal analysis of the multimodal features as they align
with the content of the visual stimuli, to reach a better un-
derstanding of when and why do changes in affect take place,
and how they can be effectively sensed and predicted.
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