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Abstract

Sentiment analysis is one of the vital areas to evaluate 
customer emotions. The growing prominence of sent-
iment analysis is because of social network platforms, 
which companies use for 360-degree consumer 
feedback. Companies use sentiment analysis as an 
automated process of recognising positive and negative 
emotions in online text data. By examining sentiments 
in social media comments and reviews, businesses 
can better understand how customers feel about their 
brands and products. Visual sentiment analysis aims to 
understand how images affect people in terms of evoked 
emotions. Companies are exposed to consumers’ 
images on social media by consumers, and they need 
image analytics for social listening and response. In this 
paper, we took 21 random pictures from social media to 
identify the visual sentiment analysis. We use the image 
embedding algorithm in Inception V3, and Liu Hu and 
Ekman Algorithm to calculate the outcomes’ polarity. 
Further, we used the machine learning classification 
algorithm to identify which model does the accurate 
classification of evoked emotions as happy and sad. 
Classification algorithms are based on the 2,048 
features generated by the Inception V3 algorithm, and 
evoked emotions are classified accordingly. 

Keywords: Inception V3, Liu Hu Algorithm, Ekman 
Polarity, Image Analytics, Picture Polarity, Naïve 
Bayes, Support Vector Machine, Neural Networks, 
Random Forest

Introduction
The advent of social media has provided vast amounts 
of information that is potentially valuable for social 
listening. Images taken randomly and then posted on 
social media give ample opportunities to identify these 
image sentiments (Basnyat, Anam, Singh, Gangopadhyay, 
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& Roy,  2017). Enough research was conducted to assess 
emotions based on text; finding feelings from images has 
been chiefly ignored (Wang & Li, 2015). Researchers were 
performing analysis from image contents for various other 
fields, such as forensic analysis (Castiglione, Cattaneo 
& De Santis, 2011), health analysis (Garimella, Alfayad 
& Weber, 2016), topological image analysis (Almgren, 
Kim & Lee, 2017), disaster response analysis (Alam, 
Imran & Ofli, 2017), forgery identification (Maigrot, 
Kijak & Claveau, 2018), and food trend analysis (Amato 
et al., 2017), among others. With the rapid spread of 
social media, the analysis of sentiments from images has 
attracted research focus with broad prospects (Islam & 
Zhang, 2016; Ji, Cao, Zhou & Chen, 2016).

Earlier, social media posts (on Facebook, Twitter) were 
only in the form of texts, which extended to images and 
videos, with some platforms dedicated to posting pictures 
and videos (Instagram, Snapchat). There were a few 
remarkable observations:
	 ●	 Tweets with images are 34% more likely to get 

retweeted than tweets with no pictures (Webster, 
2015).

	 ●	 Instagram users upload 55 million photos a day to 
the site (Bakhshi, Shamma & Gilbert, 2014).

	 ●	 Photos on Facebook generate 53% more likes than 
the average post without photos  (Corliss, 2019).

These shifts indicate that image-based posts possess a  
more significant social media presence than text alone 
(Pittman & Reich, 2016). With new technologies and 
smartphones, social media’s future is more sensory-rich 
(Appel, Grewal, Hadi & Stephen, 2019).

In this paper, we do image embedding using the Inception 
V3 algorithm and comparative classifications using 
machine learning classification algorithms. The images 
are of the consumers who bought products online and 
posted their reactions, or an advertisement by companies 
for various products. As a sample, 21 pictures were 
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downloaded to identify evoked emotions. The paper is 
divided into 4 sections. Section 2 explains the proposed 
image analytics model, whereas section 3 gives the 
classification algorithms’ outcomes using 4 parameters. 
Section 4 gives the conclusion and recommendations.

Image Analytics Model

The proposed model for image analytics is divided 
into 2 steps, as mentioned in Fig. 1. The first step 

in the model is image embedding, which takes the  
images as input and uses Inception V3, along with  
sentiment algorithm, to identify the visual sentiments. 
Around 21 different images used for the experiment 
were tested with Inception V3 and sentiment algorithms. 
The second part of the proposed model tests the 
efficiency between the four classification machine 
learning algorithms. The outcomes were evaluated using 
classification accuracy (CA), precision, recall, and F1 
parameters.

 

 Photos on Facebook generate 53% more likes than the average post without photos 
(Corliss, 2019). 

 
These shifts indicate that image-based posts possess a more significant social media presence than 
text alone (Pittman & Reich, 2016). With new technologies and smartphones, social media's future 
is more sensory-rich (Appel, Grewal, Hadi & Stephen, 2019). 

 
In this paper, we do image embedding using the Inception V3 algorithm and comparative 
classifications using machine learning classification algorithms. The images are of the consumers 
who bought products online and posted their reactions, or an advertisement by companies for 
various products. As a sample, 21 pictures were downloaded to identify evoked emotions. The 
paper is divided into four sections. Section 2 explains the proposed image analytics model, 
whereas section 3 gives the classification algorithms' outcomes using four parameters. Section 4 
gives the conclusion and recommendations. 
2. Image Analytics Model 
The proposed model for image analytics is divided into two steps, as mentioned in Fig. 1. The 
first step in the model is image embedding, which takes the images as input and uses Inception 
V3, along with sentiment algorithm, to identify the visual sentiments. Around 21 different 
images used for the experiment were tested with Inception V3 and sentiment algorithms. The 
second part of the proposed model tests the efficiency between the four classification machine 
learning algorithms. The outcomes were evaluated using classification accuracy (CA), precision, 
recall, and F1 parameters. 

Fig. 1: Image Analytics of Social Media 
 

Part 1: Inception V3 and Sentiment Algorithm 
Developed by Google and trained in ImageNet, Inception V3 uses the activations from the model's 
penultimate layers, characterising an image with vectors (Szegedy, Vanhoucke, Ioffe, Shlens & 
Wojna, 2015). Inception V3 uses fewer parameters, with 42 deep learning networks to identify 
the  images (Tsang, 2015). 
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Fig. 2: Image Embedding using Inception V3 

Around 21 images placed in Inception V3 algorithm are pre-trained on ImageNet, and the last 
fully connected layer activations are extracted as large deep spectrum feature vectors. It results in 
2,048 features for each image, which is bagged into a single feature vector per image. 

 
The steps can be represented mathematically by the following equation. 
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Where, 𝑖𝑖 is some images, and each image is converted to 2,048 features. We need to consider 
each of these images separately to identify the customer's sentiments. 

 
On the other hand, Lexicon analysis espouses the automated evaluation of sentiment analysis, 
and is thus commonly accepted (W. Wang, Li, Huang, Liu & Zhang, 2017). Ekman model 𝑡𝑡  
matches the term extracted of the 2,048 features extracted for each image. 
Finally, Liu Hu Method (Hu & Liu, 2004; Hu, Bose, Koh & Liu, 2012; X. Hu, Tang, Tang & Liu, 
2013) is used for visual sentiment analysis polarity of image. 

 
ℎ𝑎𝑎𝑝𝑝 Σ 𝑤𝑤𝑒𝑒𝑖𝑖𝑔𝑔ℎ𝑡𝑡 𝑝𝑝 > Σ 𝑤𝑤𝑒𝑒𝑖𝑖𝑔𝑔ℎ𝑡𝑡 𝑛𝑛

𝑝𝑝𝑜𝑜𝑙𝑙𝑎𝑎𝑟𝑟𝑖𝑖𝑡𝑡𝑦𝑦 𝑡𝑡 p∈P n∈N

𝑠𝑠𝑎𝑎𝑑𝑑 Σ 𝑤𝑤𝑒𝑒𝑖𝑖𝑔𝑔ℎ𝑡𝑡 𝑝𝑝 Σ 𝑤𝑤𝑒𝑒𝑖𝑖𝑔𝑔ℎ𝑡𝑡 𝑛𝑛
⎩ p∈P n∈N ⎭

Note that in an equation, 𝑃𝑃 and 𝑁𝑁 are happy and sad emotions. Also, p and n are the obtained 
emotions using the 2,048 features for each image. Neutral polarity does not form the study's part; 
instead, the two types of polarity form the study's foundation to identify the sentiments of social 
media reactions via images. 

Fig. 2:  Image Embedding using Inception V3

Around 21 images placed in Inception V3 algorithm are 
pre-trained on ImageNet, and the last fully connected 
layer activations are extracted as large deep spectrum 

feature vectors. It results in 2,048 features for each image, 
which is bagged into a single feature vector per image.

The steps can be represented mathematically by the 
following equation.
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Twenty-one images placed to the Inception V3 algorithm are pre-trained on ImageNet. The last fully-connected layer 
activations are extracted as large deep spectrum feature vectors. It results in 2048 features for each image which is 
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where 𝑖𝑖 is some images, and each image is converted to 2048 features. We need to consider each of these images 
separately to identify the customer's sentiments.  
 
On the other hand, Lexicon analysis espouses the automated evaluation of sentiment analysis and is commonly 
accepted [17]. Ekman model 𝐸𝐸(𝑡𝑡), matches the term extracted of 2048 features extracted for each image. 
Finally,  Liu Hu Method [18]–[20] is used for visual sentiment analysis polarity. 

Where,  i is some images, and each image is converted to 
2,048 features. We need to consider each of these images 
separately to identify the customer’s sentiments.

On the other hand, Lexicon analysis espouses the 
automated evaluation of sentiment analysis, and is thus 
commonly accepted (Wang, Li, Huang, Liu & Zhang, 
2017). Ekman model (t) matches the term extracted of the 
2,048 features extracted for each image.
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Finally, Liu Hu Method (Hu & Liu, 2004; Hu, Bose, Koh 
& Liu, 2012; X. Hu, Tang, Tang & Liu, 2013) is used for 
visual sentiment analysis polarity of image.
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Note that in an equation, p and n are happy and sad 
emotions. Also, p and n are the obtained emotions using 
the 2,048 features for each image. Neutral polarity does 
not form the study’s part; instead, the 2 types of polarity 
form the study’s foundation to identify the sentiments of 
social media reactions via images.

Part 1 of the proposed model’s outcomes are shown in 
Table 1, where there are 2 classifications of images, f1 = 
happy and f2 = sad.

Table 1:  Outcomes of Part 1 for Image Classification
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Part 2: Classification Algorithms for Visual Sentiment Analysis 
As discussed, comparative analysis of four machine learning classification algorithms is carried 
out. The mathematical model for fake news detection is elaborated in the section. 
Support Vector Machine 
Support vector machine is a supervised classification algorithm that classifies the emotions into 
happy and sad, based on the hyperplane. The equation of hyperplane is given as follows. 

Part 2: Classification Algorithms for Visual 
Sentiment Analysis

As discussed, comparative analysis of four machine 
learning classification algorithms is carried out. The 
mathematical model for fake news detection is elaborated 
in the section.

Support Vector Machine

Support vector machine is a supervised classification 
algorithm that classifies the emotions into happy and sad, 
based on the hyperplane. The equation of hyperplane is 
given as follows.
	 H: wT(x) + b = 0

Where, b is the intercept and bias term of the hyperplane 
equation. There are 2 challenges faced by the support 
vector machine.
	 ●	 While fitting the separating line, we require the line 

that would be able to segregate the emotions as hap-
py and sad in the best possible way.

	 ●	 Secondly, we also need to make sure that there is the 
slightest errors in the classification between happy 
and sad emotions.

Both of the 2 points is validated by calculating the distance 
as follows.
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Part 2:Classification algorithms for visual sentiment analysis 
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the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛
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The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

Where, ‖𝑤‖2 is the Euclidean distance.
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2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

The goal of the SVM algorithm is to maximise the 
minimum distance of emotions from the hyperplane.
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Table 1: Outcomes of part 1 for Image Classification 

 
Part 2:Classification algorithms for visual sentiment analysis 
As discussed, comparative analysis of four machine learning classification algorithms. The mathematical model for 
fake news detection is elaborated in the section. 
Support Vector Machine 
Support Vector Machine is a supervised classification algorithm that classifies emotions into happy and sad, based on 
the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛

2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

While making the predictions on the image dataset, which were 
binary classified as happy and sad, if the point substitutes 
from happy emotions in the hyperplane equation, we get 
a value greater than 0 (zero). Mathematically,
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Table 1: Outcomes of part 1 for Image Classification 

 
Part 2:Classification algorithms for visual sentiment analysis 
As discussed, comparative analysis of four machine learning classification algorithms. The mathematical model for 
fake news detection is elaborated in the section. 
Support Vector Machine 
Support Vector Machine is a supervised classification algorithm that classifies emotions into happy and sad, based on 
the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛

2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 
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And predictions from the sad emotions in the hyperplane 
equation would give a negative value,
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Table 1: Outcomes of part 1 for Image Classification 

 
Part 2:Classification algorithms for visual sentiment analysis 
As discussed, comparative analysis of four machine learning classification algorithms. The mathematical model for 
fake news detection is elaborated in the section. 
Support Vector Machine 
Support Vector Machine is a supervised classification algorithm that classifies emotions into happy and sad, based on 
the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛

2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

Naïve Bayes

In Naïve Bayes, we transform the matrix into a vector, 
as mentioned in the equation, considering A and B as 2 
events for sample space.
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Table 1: Outcomes of part 1 for Image Classification 

 
Part 2:Classification algorithms for visual sentiment analysis 
As discussed, comparative analysis of four machine learning classification algorithms. The mathematical model for 
fake news detection is elaborated in the section. 
Support Vector Machine 
Support Vector Machine is a supervised classification algorithm that classifies emotions into happy and sad, based on 
the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛

2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

The probability P(class|feature set) is called posteriori, 
gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy 
or sad from the Inception V3 algorithm. P(class) is called 
prior, as it has all the information we have, the probability 
of being happy or sad. P(feature set) is called evidence 
and is the probability of what we are observing, the set of 
features. P(feature set| class) is the likelihood of an image 
as happy or sad with specific set of features.

Evaluating the posteriori probability, between P(feature 
set| happy)  or P(feature set| sad)  maximizes the 
likelihood of image in either of the class. 
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Table 1: Outcomes of part 1 for Image Classification 

 
Part 2:Classification algorithms for visual sentiment analysis 
As discussed, comparative analysis of four machine learning classification algorithms. The mathematical model for 
fake news detection is elaborated in the section. 
Support Vector Machine 
Support Vector Machine is a supervised classification algorithm that classifies emotions into happy and sad, based on 
the hyperplane. The equation of hyperplane is given as 

𝐻𝐻: 𝑤𝑤𝑇𝑇(𝑥𝑥) + 𝑏𝑏 = 0 
where b is the intercept and bias term of the hyperplane equation. There are two challenges for the Support Vector 
Machine: 

1) While fitting the separating line, we are required the line that would be able to segregate the emotions as 
happy and sad in the best possible way. 

2) Secondly, we also need to make sure that there should be the slightest errors in classifying happy and sad 
emotions. 

Both of the two points is validated by calculating the distance as: 

𝑑𝑑𝐻𝐻(∅(𝑥𝑥0)) = |𝑤𝑤𝑇𝑇(∅(𝑥𝑥0)) + 𝑏𝑏|
‖𝑤𝑤‖2

 

where ‖𝑤𝑤‖2 is the Euclidean distance given as 

‖𝑤𝑤‖2 = √𝑤𝑤1
2 + 𝑤𝑤2

2 + 𝑤𝑤3
2 + ⋯ 𝑤𝑤𝑛𝑛

2 

The goal of the SVM algorithm is to maximize the minimum distance of emotions from the hyperplane. 
𝑤𝑤∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚[𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑑𝑑𝐻𝐻(∅(𝑥𝑥𝑛𝑛))] 

While making the predictions on the image dataset, which were binary classified as happy and sad, if the point 
substitutes from happy emotions in the hyperplane equation, we get a value greater than 0 (zero), Mathematically, 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 > 0 
And predictions from the sad emotions in the hyperplane equation would give negative value as 

𝑤𝑤𝑇𝑇(∅(𝑥𝑥)) + 𝑏𝑏 < 0 
Naïve Bayes  
In Naïve Bayes, we transform the matrix into a vector, as mentioned in the equation, considering A and B as two 
events for sample space 

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) = 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠)  

The probability 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called posteriori, gives the probability of classifying the image as happy or 
sad, given a set of features that can be observed as happy or sad from the Inception V3 algorithm. 𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is called 
prior, as it has all the information we have, the probability of being happy or sad. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) is called evidence 
and is the probability of what we are observing, the set of features. 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) is the likelihood of an 
image as happy or sad with specific set of features. 
Evaluating the posteriori probability, between 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) or 𝑃𝑃(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠|sad) maximizes the 
likelihood of image in either of the class.  

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐̂𝑐 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 | 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠) 
Neural Network 

Neural Network

The algorithm classifies extracted emotions like happy 
and sad (binary classifier labelled as 1 for happy emotions 
and 0 for sad emotions) based on features. The data is 
grouped into a matrix, where each column corresponds to 
a component and each row represents a single data point 
and is defined as 

5 
 

The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

. We then have a vector, 
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

, which contains the outputs, either 0 for sad or 
1 for happy. For neural networks, we also define weight 
vector (to adjust the values as per the cost function) 

5 
 

The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

. The weighted sum is:
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

which is given as
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Where wT is “transpose w.” 

Logistic regression uses probabilistic logistic function, 
based on the equation mentioned above. It is given as 
follows.
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Based on the equation, if the weighted sum for a data 
point is nearing 1, then we can predict the data point to 
have a class 1; it is 0 otherwise, which is given as follows.
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

For correct classification, Stochastic Gradient Descent 
(SGD) iterates the cost function as
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Initially, y = 0.

Random Forest

Random forest is based on a decision tree concept and 
evaluates entropy and gain at each level of the tree.

Entropy is the measure of the randomness of a system and 
is used for the training set as follows.
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Where, (x) gives the probability of getting the class (happy 
or sad) from the training dataset. Overall, the entropy for 
the algorithm is
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

5 
 

The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

The gain is calculated based on the decrease in entropy 
after a dataset gets split on an attribute.
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Classification Algorithm Outcome 
Parameters
The model built using the 21 images dataset was tested for 
their prediction accuracies. We evaluated 4 performance 
statistics for the developed model:
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CA: Classification Accuracy

Classification accuracy is the fraction of predictions the 
model we developed got right (Alić et al., 2017; Wu et 
al., 2012).
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

For binary classifiers:
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  

Typically, we consider CA > 0.5 as acceptable. 

Precision:

Precision is the estimation of TP for positives.
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The algorithm classifies extracted emotions like happy and sad (binary classifier labeled as 1, for happy emotions and 
0, for sad emotions) based on features. These data groups into a matrix, where each column corresponds to a 
component and each row represent a single data point and is defined as 𝑋𝑋, 𝑋𝑋𝑋𝑋ℝ(𝑚𝑚𝑚𝑚𝑚𝑚). We then have a vector, 𝑦𝑦,̂ 𝑦̂𝑦𝜖𝜖ℝ𝑚𝑚, 
which contains the outputs, either 0 for sad or 1 for happy. For neural networks, we also define weight vector (to 
adjust the values as per the cost function) 𝑤𝑤, 𝑤𝑤𝑤𝑤ℝ𝑛𝑛. The weighted sum is: 

𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯ … … … … . . 𝑤𝑤𝑚𝑚𝑥𝑥𝑚𝑚 
which is given as  

∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖 = 𝑤𝑤𝑇𝑇𝑥𝑥
𝑚𝑚

𝑖𝑖=1
 

where 𝑤𝑤𝑇𝑇is "𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑤𝑤. " 
The Logistic Regression uses probabilistic logistic function based on the equation mentioned above and is mentioned 
as: 

𝑃𝑃(𝑤𝑤𝑇𝑇𝑥𝑥) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 

Based on the equation, if the weighted sum for a data point is nearing 1, then we can predict the data point to have a 
class 1, 0 otherwise, which is: 

𝑃𝑃(𝑦̂𝑦 = 1|𝑥𝑥: 𝑤𝑤) = 1
1 + 𝑒𝑒−𝑤𝑤𝑇𝑇𝑥𝑥 , 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 1 

For correct classification, Stochastic Gradient Descent (SGD) iterates the cost function as  

𝐶𝐶 = 1
2 ∑(𝑦̂𝑦 − 𝑦𝑦)2 

initially 𝑦𝑦 = 0. 
Random Forest 
Random Forest is based on a decision tree concept and evaluates Entropy and Gain at each level of the tree. 
Entropy is the measure of the randomness of a system and used for training set as 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = − ∑ 𝑝𝑝(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑥𝑥)) 
where 𝑝𝑝(𝑥𝑥) gives the probability of getting the class (happy or sad) from the training data set. Overall the Entropy for 
the algorithm is 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐸𝐸(𝑆𝑆) = −𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) + 𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝(𝑠𝑠𝑠𝑠𝑠𝑠)) 
The gain is calculated based on the decrease in Entropy after a dataset gets split on an attribute.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑
|𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎|

|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑠𝑠𝑠𝑠𝑠𝑠, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3) = 𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠|
|𝑆𝑆|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3𝜖𝜖𝐷𝐷𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑉𝑉3

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠) 

3. Classification Algorithm outcome parameters 
The model built using the 21 images dataset was tested for its prediction accuracies. We evaluated 4 performance 
statistics for the developed model: 
CA: Classification Accuracy 
Classification Accuracy is the fraction of predictions the model we developed got suitable [21], [22]. 

𝐶𝐶𝐶𝐶 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For Binary classifiers: 

𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Typically, we consider 𝐶𝐶𝐶𝐶 > 0.5 as acceptable. 
Precision:  
Precision is the estimation of TP for positives.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We aspect for 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 > 0.5. 
Recall:  We aspect for Precision > 0.5. 

Recall:

Recall calculates TP among all positive instances.
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Recall calculates TP among all positive instances as 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

We look for 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 > 0.5. 
F-1:  
F-1 is the weighted harmonic mean for Precision and Recall and creates a balance between Precision and Recall 
[23].  

𝐹𝐹1 = 2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 
We take 𝐹𝐹1 > 0.5. 
The proposed model's prediction accuracy for each of the four classification machine learning models is in Table 2.  

Models CA Precision Recall F1 
SVM 0.810 0.860 0.810 0.800 

Random Forest 0.619 0.627 0.619 0.617 
Neural Network 0.857 0.860 0.857 0.856 

Naïve Bayes 0.810 0.820 0.810 0.807 
Table 1: Research outcomes for classification models 

The prediction accuracy of 21 image datasets displays the model's strength, which postulates no overfitting. All the 
did the correct classifications, with the acceptable margins. However, the Neural Network model predicted most of 
the emotions correctly, with almost 86% accuracy.   

4. Conclusion 
Visual sentiment analysis on social network content can help recognize consumer behaviour and provide helpful 
information for related data analysis. This paper introduced a novel visual sentiment analysis model using Inception 
V3 for image embedding and Liu Hu and Ekman's model for sentiments and emotions exploration. We tested the 
model using four classification machine learning models to evaluate the accuracy of the Inception V3 algorithm. 
Neural Network classification predicted the images correctly with 86% accuracy.   
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F1 is the weighted harmonic mean for precision and 
recall, and creates a balance between precision and recall 
(Brownlee, 2014).
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Feature-Based Approach Evaluation,” in 2018 25th IEEE International Conference on Image Processing 
(ICIP), Athens, Oct. 2018, pp. 545–549. doi: 10.1109/ICIP.2018.8451726. 

[8] G. Amato, P. Bolettieri, V. Monteiro de Lira, C. I. Muntean, R. Perego, and C. Renso, “Social Media Image 
Recognition for Food Trend Analysis,” in Proceedings of the 40th International ACM SIGIR Conference on 
Research and Development in Information Retrieval, New York, NY, USA, 2017, pp. 1333–1336. doi: 
10.1145/3077136.3084142. 

We take F1 > 0.5.

The proposed model’s prediction accuracy for each of 
the 4 classification machine learning models is shown in 
Table 2.

Table 2:  Research Outcomes for Classification 
Models

Models CA Precision Recall F1
SVM 0.810 0.860 0.810 0.800

Random Forest 0.619 0.627 0.619 0.617
Neural Network 0.857 0.860 0.857 0.856
Naïve Bayes 0.810 0.820 0.810 0.807

The prediction accuracy of 21 image datasets displays the 
model’s strength, which postulates no overfitting of the 
model. All they did were the correct classifications, with 
the acceptable margins. However, the neural network 
model predicted most of the emotions correctly, with 
almost 86% accuracy.

Conclusion

Visual sentiment analysis on social network content can 
help one recognise consumer behaviour and provide 
helpful information for related data analysis. This paper 
introduced a novel visual sentiment analysis model 
using Inception V3 for image embedding and Liu Hu and 
Ekman’s model for sentiments and emotions exploration. 
We tested the model using four classification machine 
learning models to evaluate the accuracy of the Inception 
V3 algorithm. Neural network classification predicted the 
images correctly, with 86% accuracy.
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