
Detecting and Explaining Emotions in Video Advertisements

ABSTRACT
Understanding and explaining abstract concepts in videos such as
emotions is an unsolved problem. There is a large body of work
that tries to predict human emotion or activity from videos, how-
ever, this is not sufficient. This paper describes a prototype system
which, given a video and a model, returns an explanation for the
model prediction. The explanation is determined via a two-step
hierarchical process and is displayed as masked pixel regions over
the most important frame.
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1 INTRODUCTION
Creative advertisements are ubiquitous, every service online has
some flavor of content promotion to its users []. However, creating
complex advertisements is not a not straightforward task, especially
videos. It is manual work and producing large number of video
advertisements can be prohibitively expensive. A lot of elements
go into a video advertisement and foremost is the emotion the
creative designer aims to evoke in its viewer. Irrespective of the
advertising segment, engaging and attention grabbing videos need
a good script, story line encapsulating a primary emotion.

While creating videos is challenging, even understanding or pre-
dicting the underlying emotion of an ad is an unsolved problem.
Existing work is limited to detecting emotions from facial expres-
sions in videos or images [1, 4]. However, in an advertisement,
emotion could be motivated by a series of actions of events not
just by humans but also different objects or characters []. Detecting
and explaining what emotion does a sequence of clips capture can
be instrumental for a creative designer to determine whether the
video meets her requirements and can be used to target the intended
audience. There is very limited work on detecting emotions from
video advertisements [] and explaining the classifier decision with
visual cues. In this work, we demonstrate that such a system can be
built and can support a creative designer in understanding which
scenes in a video contribute to its corresponding emotion.
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In this work, we show how existing video classification models
can be paired with local explanation models to explain abstract con-
cept such as emotion that can span multiple scenes in a video. Our
system takes a video as an input, predicts the underlying emotion
and explains the decision with supported scenes or visual segments
from the video. Our system is designed for creative designers who
need to glean insights into emotions captured by existing video
advertisements and understand what parts of the video elude to
the detected emotion.

2 RELATEDWORK
This section explores previous research conducted on relevant areas.

2.1 Emotion classification in videos
Existing work on emotion classification in videos has primarily
focused on developing models that can accurately recognize emo-
tions in videos, such as happiness, sadness, anger, fear, and surprise.
Different approaches have been used to classify emotions in videos,
including feature-based methods, deep learning-based methods,
and multimodal fusion methods. The most basic strategies involve
expression detection from faces in specific frames. More advanced
methods such as feature-based methods rely on extracting low-
level features to classify emotions. Deep learning-based methods,
on the other hand, leverage convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) to learn high-level features
from raw data. Multimodal fusion methods combine information
from different modalities, such as visual, audio, and text, to improve
emotion classification accuracy.

2.2 Explainability
In many applications, an explanation indicating how a prediction
was reached is crucial for ensuring trust and transparency [3]. Large
classification model predictions are untrustworthy and the opaque-
ness of the algorithms put a question mark on their validity. The
desire to understand so-called black-box model predictions, usually
in order to increase trust in a system, is currently a very attrac-
tive area of research [6]. Explainability aims to clarify the inner
workings of the learning model and has been explored in depth for
text and image classification [7]. It has been proposed that explain-
ability should even be treated as a non-functional requirement in
order to mitigate a system’s transparency [9]. Prior to our work,
research focused solely on tabular, text and image data [10, 16]. Our
proposed system will employ and expand a standard image and
text explainability algorithm; LIME [12].

2.2.1 LIME. Local Interpretable Model-Agnostic Explanations, or
LIME, is an algorithm which can faithfully explain predictions of
any image or text classifier. LIME proposes that the global decision
boundary in a black box model can be approximated locally in the
neighbourhood we want to predict. LIME generates fake points
around this neighbourhood by making small perturbations (adding
noise or removing features) to the instance we want to explain.
The sampled instances are then weighed by their similarities and
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a surrogate linear regression model is trained. We assume that
this learned explanation approximation is locally (but not globally)
faithful.

3 CREATIVE EMOTION EXPLANATION
SYSTEM

Figure 1 shows a schematic overview of our proposed system. It
shows the principle components and the inner workings of deter-
mining an explanation. The system should return an explanation
alongside the model prediction to hopefully give users confidence
in the model. A given video is initially processed with the aim of
locating the most important frames (find key frames). This is
discussed further in Section 3.2. The most important frame is then
analysed further in order to locate which specific pixel regions
are the most crucial.We achieve this by abstracting LIME which
we explained in Section 2.2.1. This process is discussed further in
Section 3.3.

Figure 1: Overview of our system for explaining video classification
outputs.

3.1 Classification model
Before we build our explanation system we briefly describe the
video classification model we will use. We use previous work re-
cently conducted as part of a Masters project [17]. The model aims
to predict emotions in advertisement videos, specifically excitement
and humour. This is achieved in three steps; feature extraction,
sequence learning and finally, classification. Figure 2 shows an
overview of the model.

To extract features from a video, our model uses CLIP (Con-
trastive Language Image Pretraining) [11]. CLIP is a primarily
transformer-based model consisting of two encoders; one to embed
text, the other to embed images. Our model will use the CLIP image
encoder function to represent each frame in from video as a series
of image patches. These are then split into a linearly embedded se-
quence of 512-dimensional patches [2]. Our model then sequentially
learns features using Long Short-Term Memory (LSTM) networks.
LSTMs contain memory block units in the recurrent hidden layer
[14]. These blocks contain self-connecting memory cells storing
the temporal state of the network. We use LSTMs as they retain

Figure 2: Overview of our video classification model.

past information longer making them more suitable for processing
sequences of data [15].

3.2 Key frames
We find and order by importance a video’s frames using a Leave
One Feature Out (LOFO) approach [16]. LOFO calculates feature
importance for any model and dataset by iterative removal of fea-
tures to find global importance to the model. A simple approach
would be to treat each frame in a given video as a feature. We would
iteratively mask these out and by comparing model outputs we
could rank each frame in order of importance. There are two main
issues to this approach:

3.2.1 Efficiency. This approach is computationally expensive and
inefficient. For a video 𝑘 frames long, we require 𝑘 passes of our
model. To mitigate this, we will quantise the given video by splitting
it into 𝑛 frames. We utilise skimage’s structural similarity algo-
rithm to find frames which are different from each other. Our hope
is that the 𝑛 frames returned are representative of the entire video.
Generally, we found taking 𝑛 ≈ 15 for our short advertisement
videos produced the best results.

3.2.2 Frame independence assumption. This approach assumes
frames are independent of one another which is clearly not true.
For any given frame in a video, closely surrounding frames are
likely very similar and important. We take this into consideration
by sliding a context window across each of the 𝑛 key frames. Again,
using skimage’s structural similarity, we compute the similarity
of surrounding frames to the key frame in order to group together
similar frames. We obtain frame sections (usually around 20 frames
in length) around each key frame.

We are now able to treat each of these 𝑛 frame sections as sepa-
rate features, iteratively removing them and passing the resulting
video through our model. By comparing the model outputs we rank
the frame sections by order of importance for either excitement or
humour. The top frame section can then be passed on to the next
part of our system for further analysis.

3.3 Key pixels
Our aim here is to locate the most important pixel regions within
a given frame section. Similarly to above, a naive approach could
be taken by iteratively masking out groups of pixels and observing
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the impact on our model predictions. This approach results in no
change in model prediction and is very inefficient. Instead, we will
expand LIME (detailed in Section 2.2.1) to be compatible with video
inputs.

The first step is to create fake data by sampling around the frame
section we want to explain. We accomplish this by masking out
some pixels of our frame section. Rather than masking out stand
alone pixels we will segment our frames into superpixel regions
which, we hope, will hold some semantic and perceptual meaning.
We utilise skimage’s Simple Linear Iterative Clustering (SLIC)
algorithm to segment a given image into 𝑛 superpixel segments
[13]. To create a single fake data instance we mask out 𝑏 of the 𝑛
superpixel regions at random for each frame in the given frame
section. The more sampled instances we create the more accurate
our local approximation of the model is. With this in mind, we
create 100 sampled instances.

To build our linear regression model, we need to extract features
from our samples. As with our classificationmodel, wewill use CLIP
(explained in Section 3.1). CLIP generates 512-dimensional vectors
for each of our samples which we use to construct a surrogate
model. The model utilises ridge regression to fit our data and locally
approximate our black box model [5]. From this model we can
extract which of the sampled instances have the biggest impact and
rank our pixel segments accordingly. The final step is to overlay
the most important segments over our key frame and return this
as our explanation.

4 EXPERIMENTS
4.1 Dataset
To train and test our model and we use Pitts Dataset [8]. Pitts is a
dataset created by Hussain et al. (2017) to support their research.
It contains around 5000 video adverts with manually labelled an-
notations including sentiment and mood. The sentiment labels are
exciting and funny.

4.2 Offline results
We show some example explanations returned by our proposed
system.

(1) Vivo minions advert. Our model labels this video as exciting
and funny. Figure 3 shows the explanation returned for the
exciting label, likewise Figure 4 shows the explanation re-
turned for the funny label. The outputs make sense; minions
dancing together seems exciting and a minion falling over
a chair is funny. Finally, Figure 5 shows the output of our
system with adjusted parameters.

(2) Animal planet advert. Ourmodel labels this advert as exciting
and not funny. Hence, our system returns just one explana-
tion. Figure 6 shows the most exciting key frame with the
most important key pixel regions outlined. This seems to be
a good output as an elephant holding a toothbrush is quite
exciting.

Figure 3: Explanation for exciting label.

Figure 4: Explanation for funny label.

Figure 5: System output for minions advert.

5 CONCLUSION
Overall, our proposed system shows promise on standard video
advertisement datasets. Each label and explanation returned makes
sense from a human perspective aiding the user in understanding
the inner workings of a model. Future work could include creating
a synthetic video dataset with more detailed annotations in order
to publish a standard way of evaluating video classification expla-
nations. Additionally, text and audio clues could be used in parallel
with out current system to give stronger explanations.
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Figure 6: Explanation for exciting label.
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