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Abstract

Selfies have become a prominent medium for self-portrayal on social media. Unfortunately,
certain social media users go to extreme lengths to click selfies, which puts their lives at risk.
Two hundred and thirty two individuals have died since March 2014 until November 2018
while trying to click selfies. It is imperative to be able to identify dangerous selfies posted on
social media platforms to be able to build an intervention for users going to extreme lengths for
clicking such selfies. In this work, analyze this problem space using social media data and build
tools to prevent such casualties.

Keywords: Selfies, Killfies, Deep Learning, Social content sharing, Social media, Transfer learn-
ing, Support vector machines, Online Social Networks, Collaborative and Social Computing
Systems and Tools.
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Work Distribution

0.0.1 Prologue

This report describes the work done during this BTP along with previous works that have been
done in this field. This semester, my contribution was to come up with tools which can help
prevent deaths due to selfies. This is how the chapters are distributed:

• Chapters 1-6 contain work done in the first semester of my BTP. These use the classifier
built by [23]. However we could not guarantee causality for our results as the classifier
had about 73% accuracy.

• Chapter 7 - 13 contain work done in the previous semester.

• Chapter 13 onwards contains information on the design and technical stack used to build
2 tools: saftie and saftie-camera.
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Chapter 1

Introduction: Sem 1

With the ever-increasing popularity of online social networks like Facebook, Instagram, Snapchat
and Twitter, interesting trends have started to appear. In the past 5-6 years, selfies have become
a prominent medium for self-portrayal on online social media. We posit that the increase in
selfies is due to the peoples quest for vanity and self-embellishment. The selfie trend triggered
an unfortunate series of events. A total of 209 individuals, during the period of March 2014 to
July 2017, lost their lives in an attempt to take a selfie. 124 (59.3%) of these deaths happened in
India. Some of the reasons for these deaths are: vehicle related, weapon related, animal/insect
related, height related and water related. Some of the examples: A 15 year old boy in Kerala
lost his life as he was trying to get a selfie in front of a moving train(vehicle related), A boy
in Pathankot lost his life while trying to click a selfie with a gun pointing to his head and
unintentionally pulled the trigger(weapon related) and many more unfortunate events.

Pew research center found that around 55% of millennials(18 - 36 year olds) have posted a
”selfie” on a social media service [6]. Google estimated that a staggering 24 billion selfies were
uploaded to Google Photos in 2015 alone. [22] There have also been certain online events(eg:
#NationalSelfieDay on Instagram) which may have have contributed to this phenomenon. Many
teens have been found taking selfies in front of moving trains, with dangerous animals(like
elephants, snakes etc) and in front of water bodies [18] [26] [28]. The engrossing hunt for the
ultimate display picture momentarily distracts the selfie taker from their surroundings which
has resulted in a total of 209 deaths till now. Eliminating this single moment of daredevil selfie
taking behavior can potentially save hundreds of lives. This issue has escalated to levels that
can have serious social repercussions and hence it is important to tackle this problem while its
still in a comparatively nascent stage.

In the subsequent chapters we take a look at how we, as computer scientists can help curb this
issue through technological intervention
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Chapter 2

Related Works: Sem 1

There have been many works that have explored selfies from a psychological point of view. In

2015, Qiu et al. analyzed the correlations between selfies and the personalities according to Big

Five personality. [27] Researchers have also analyzed selfies as having a narcissistic or negative

effect on people. According to a study performed by Nicola Bruno and Marco Bertamini at the

University of Parma, selfies by non-professional photographers show a slight bias for showing

the left cheek of the selfie-taker, thus showing a correlation between selfies and brain signals. [5]

A group of researchers at selfiecity.net [1] gave first insights into the selfie posting behaviors

of people across Bankok, Berlin, New York, Sao Paolo and Moscow. A recent paper by Julia

et al [9](published in 2016) is the first to analyze social media data at a large scale to give

an account of different types of selfies available online. The authors have applied community

detection techniques on the social network graphs of users and have applied computer vision

techniques to identify selfies.

While there has been considerable amount of work around selfies, there is little to no work in

identifying dangerous selfies on Online Social Media. To the best of our knowledge, we are the

first ones to give a large scale analysis of the dangerous side of selfies.

2



Chapter 3

My Contribution: Sem 1

My contribution in this work is three fold

• Identifying dangerous selfies on social media

Firstly, the definition of a dangerous selfie is a subjective one and may vary from person

to person. For the purpose of this project, we define a dangerous selfie to be a selfie which

puts the life of the selfie taker in danger. For example a selfie from the top of a building

or in front of a moving train may result in loss of life and hence would be classified as

a dangerous selfie. There is a huge amount of images available on social media which

provide a rich source to study dangerous selfies. Since the amount generated online is

beyond the capability of human annotations, we deploy state of the art deep learning

models to automatically identify dangerous selfies.

• Gaging User behavior

After identification, the goal is to identify why users go to such lengths to post dangerous

selfies. This would give valuable insights in order to design a solution to prevent deaths

due to selfies. We deploy statistical techniques like Propensity Score Matching to establish

causality regarding user behavior. For the scope of this project, we only look at the

attributes available from Instagram(Eg: likes and comments) to answer this particular

question.

• #Saftie: An attempt to conquer #KillFie

We make a crowd sourced tool to collect a database of dangerous selfie spots across the

globe. This is available live as a chatbot at fb.me/saftiebot and as an Android app at

goo.gl/2sIdYT

To gauge user behavior, we use Instagram as our choice of social media primarily as it is a rich

source of seflies online.
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Chapter 4

Data Collection and Analysis: Sem 1

• Users collected using popular selfie hashtags: #selfiesunday, #instaselfie etc.

• Timelines and user info fetched by using the URL ”hack” e.g. instagram.com/therock/? a=1

• Total 6, 878 user timelines; 3, 523, 916 images

Figure 4.1: Number of images categorised by number of faces
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Figure 4.2: Number of KillFies categorised by number of faces

• 1, 715, 819 number of images had faces(using face++), 941, 516 number of images flagged

as killfies by the killfie detector(more on this in the next chapter)

Figure 4.1 and 4.2 show some interesting trends
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Chapter 5

Why do users post dangerous selfies?

: Sem 1

We use propensity score matching methods [3] to estimate potential causal effects of receiving

social feedback(likes) on the first dangerous selfie posted by a user on instagram. We hypothesize

that getting ”more” likes on the first post containing a dangerous selfie reduces the time it takes

to make another such post as compared to a user who received ”less” likes. We estimate the

causality of this claim on a total of 6878 user timelines collected from instagram. We use likes

as it is a concrete form of social feedback on Instagram. It should be noted that there may

be variables other than social feedback which may be contributing to this behavior as well.

However, our goal is to be able to show that likes do play an important role in user behavior

and not the other way around.

We use the following steps to establish our claim: (1) the user timelines are divided into treat-

ment and control groups based on the number of likes received on the first dangerous selfie;

(2) a logistic regression model is then fit on the confounding variables(or covariates) of these

users(listed in table 5.2), which is then used to estimate the propensity scores of users; (3) a

matching algorithm is then executed on the propensity score to pair similar users in treatment

and control group; (4) statistical significance of the results is tested, and finally; (5) the effect

of our treatment on the output variable - which in this case is the number of days between the

first and second dangerous selfie posted by the user - is calculated. This pipeline is defined in

greater detail below.

5.0.1 Defining treatment and control groups

We find that out of 6878 user timeline, there were 266 user timelines with less than 2 dangerous

selfie posted. We ignore these and report our analysis on remaining 6612 users. The treatment

variable in our case is the number of likes on the first dangerous selfie. Since number of likes is

a continuous variable, we decide a threshold. After running the analysis on multiple thresholds,

we decide that a user with likes greater than 61 on the first dangerous selfie post lies in the

6



Figure 5.1: Propensity Score Matching pipeline

Treatment Control

All 5576 1036
Matched 1036 1036
Unmatched 4540 0

Table 5.1: Distribution before and after matching.

treatment group and all other users in the control group. With such a distribution, we ensure

statistical significance of our results and balanced covariates after executing matching(see step

3). This approach similar to the one used by Cunha et al [8].

5.0.2 Calculating propensity scores

Propensity score is the probability of a user to receive treatment in a random experiment. This

is calculated by fitting a logistic regression on the observed covariates [3]. The covariates used

in this experiment are: words per post, hashtags per post, emojis per post, characters per post,

follower count and following count. These covariates are carefully chosen so as to not leak any

future data into our analysis. All these are the values available to us at the time of the first

dangerous selfie post by the user.

5.0.3 Matching on the propensity score

Matching is done to reduce bias in the data. For instance, a user X with more followers than

user Y is expected to have more likes on a post as well. To make sure such cases do not

give false positive results, we match on the propensity score. Note that since the propensity

score was calculated by fitting a logistic regression the base covariates, by matching we are

essentially finding out users that have similar covariates but are in different treatement groups.

We perform a full matching, without replacement. This means that all entries in treatment

group are matched and no user is paired to more than one user. The results of matching are

shown in Table 5.1.
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5.0.4 Evaluation of balance and statistical significance

Covariate D-value
Follower Count 0.05852644
Following Count 0.1110474
Characters per post 0.1157339
Words per post 0.1118417
Emojis per post 0.1274411
Hashtags per post 0.05637939

Table 5.2: D-values of the covariates show that the logistic regression had fit the data well and that bias
has been reduced from the data after matching.

To evaluate how successful we have been in calculating propensity scores, we need to look at

how balanced the covariates are [3]. This is necessary as we do not have true class labels to

check the performance of logistic regression. One metric defined by Austin are the d-values of

the covariates. A d-values of around 0.1 means that we have been successful in removing about

98% bias from our data. Table 5.2 gives the d-values of the covariates in our experiment which

are calculated using the formula:

d =
(xtreatment − xcontrol)√

s2treatment+s2
control

2

Where xtreatment and xcontrol represent the mean of the covariate in treatment and control groups

respectively and s2treatment and s2control represent the respective standard deviations.

5.0.5 Calculating the effect

For the ith subject, the treatment effect is defined as E[Yi(1) − Yi(0)]. Where Yi(1) and Yi(0)

represent the value of the output variable when the ith subject is in treatment and control

groups respectively. Since one subject can be in only one group at a time, we define the effect in

propensity score matching as E[Yi(1)− Yj(0)] where j is the matched subject in control group.

Using this definition, and normalizing the output variable Y - which in our case is the number

of days between the first and second dangerous selfie - we get the average treatment effect(ATE)

as:

ATE =

∑ Yi(1)−Yj(0)
Yj(0)

∗ 100

N

Where N is the number of matched samples. We get an ATE of −95.19%. Negative value of

ATE indicates a decreasing trend in the output variable, which in turn validates our hypothesis.

One major takeaway from this experiment is that if you give more likes to a users’ dangerous

selfie, (s)he will be tempted to post another one. While this sounds intuitive, we have given a

statistical analysis to validate the intuition.
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Chapter 6

#Saftie: An attempt to conquer

#KillFie: Sem 1

This is a first attempt by us to stop the deaths due to selfies. We have built a tool, Saftie,

for users to report dangerous selfie locations all across India and the world. The goal of our

innovation is to prevent deaths caused by peoples tendency to go to extreme lengths for the

perfect selfie, which inadvertently puts their lives at risk. We plan to achieve this through by

gathering data through crowdsourcing and applying deep learning techniques on it. We have

built an Android application and a Facebook chat bot through which users can report a location

as a dangerous spot for clicking selfies and also nudges the user if (s)he goes near one of the

reported locations. It is available live as:

• Facebook chatbot: fb.me/saftiebot

• Android app: goo.gl/2sIdYT

In roughly four months, we have aggregated a total of 1,168 reports out of which 560 have been

verified. Figures 6.1 and 6.2 show Saftie in action.
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Figure 6.1: Saftie in action

Figure 6.2: Saftie in action
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Chapter 7

Introduction: Sem 2

A selfie is defined as a photograph that one has taken of oneself, typically taken with a smartphone

or a webcam and shared via social media [35]. The popularity of selfie culture can be estimated

from the fact that in 2015, 24 billion selfies were uploaded to Google Photos 1. Pew research

reported that around 55% of millennials have posted a selfie on a social media platform [6].

Selfie nowadays has become a ubiquitous tool for self-presentation on social media.

Previous research has extensively focussed on the psychological and social variables of the people

who post selfies. These works show that people posting a lot of selfies have personality traits

such as narcissism, lack of self-esteem, self-embellishment and social alienation [13, 17]. Self-

embellishment has been reported as one of the primary reasons for clicking a selfie; most selfies

are clicked to be posted on a social platform [2]. In extreme cases, users may often engage in

dangerous activities and situations to click selfies which might make them popular on social

media [13, 19]. Users often engage in such situations to portray themselves as adventurous

and enhance their appearance to others while risking their own physical well-being [14, 25].

Continuing the statistic in [23], we found that as many as 220 individuals have died while

attempting to take selfies. Figures 7.1, 7.2 and 7.3 show some incidents where a selfie lead to

an unfortunate death(s).

We define a dangerous selfie as a selfie which potentially might cause harm to an individual or

a group that may occur while the individual(s) attempts to take a selfie. To be able to detect

the users who post such dangerous selfies, and to make an intervention, it is essential to find

and identify dangerous selfies. By identifying such selfies being posted on the social media

platform by a user, combined with the frequency at which the user is posting them, the social

networking platform can decide if a particular user is overindulging in risk-taking behavior,

which could potentially be harmful to their health. In this work, we propose a deep-learning

based framework to identify dangerous selfies posted on Twitter. We use existing deep neural

networks such as VGG16 and VGG19 [30], Inception v3 [33], ResNet50 [16] etc. and adapt it to

perform well on the task of detecting dangerous selfies. We discover that our model outperforms

1https://googleblog.blogspot.in/2016/05/google-photos-one-year-200-million.html
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Figure 7.1: Selfie taken by a to-be bride and her maid of honor moments before their car met with an
accident.

Figure 7.2: A man dies in front of a train while taking a selfie, a woman dies in a car crash while taking
a selfie.

Figure 7.3: A group of friends on a vacation fall into a river and die while taking a selfie.

the previously proposed models by a factor of 1.34 in terms of accuracy on the test set. We

believe that this work will help researchers understand a user’s propensity to post such selfies on

online social media in a much better way, thus resulting in effective intervention technologies.
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Chapter 8

Related Works: Sem 2

Numerous research works have investigated the effect of selfie culture on the mental well-being of

selfie-er. Researchers discovered that the people who post more selfies have shallow relationships

with people [17] or decreased intimacy [4], ultimately leading to feelings of loneliness and worry.

These users were also found to have the dark triad personality (narcissism, psychopathy, and

machiavellianism) [13]. Previous research has also tried to view the number of likes, comments,

and shares an individual gets for their selfies as the social currency for the youth, and this desire

of gaining more of such currency prompts youth to extreme lengths [21].

Selfies and physical harm: Subrahmanyam et al. [31] discuss how selfie can cause physical

harm to the selfie-ers in different situations. Lamba et al. was the first work in the area of

dangerous selfies to characterize the number of selfie deaths in the past years, and analyze their

victims and causes [23]. They also proposed a multi-modal classifier which takes into account

posts’ text, image, and location to identify if a particular user is in a dangerous situation or

not. In this work, we show how our method outperforms the previously proposed approaches.

In some situations, getting all the modes for classifying if a particular selfie is dangerous or not

might be challenging, thus rendering the previously proposed approach non-tractable. We use

only the image (selfie) itself, to identify if it dangerous or not.

Deep-Learning and Image Recognition: In the recent years, a lot of work has been done in

the field of large-scale visual recognition and image classification. Many methods are available,

including Alexnet [20], which was the first model to popularize the use of convolutional neural

networks (CNNs) for object recognition. Following AlexNet, many different architectures were

proposed and improvement was noted with GoogLeNet/Inception [32], VGG 16 and VGG 19 [30],

and Inception v3 [33]. All of these architectures have obtained high accuracies of classifying

images in the Imagenet dataset. However, training and testing them on social media images has

been a challenge since getting annotations isn’t easy.

The past work on classifying dangerous selfies is heavily dependent on using image captions,

text and location features of a post. Leetaru et al. [11] find that only 1.6% of tweets have the

exact location, which makes it hard to infer using the previously proposed model if a given selfie

13



is dangerous or not. Moreover, getting image captions can also be challenging in some cases (say

on a smartphone), thus rendering the previously proposed approach non-tractable. Our method

leverages the high learning capabilities of these very deep neural networks to build a classifier

which detects if a given image is a dangerous selfie or not. We also try SVMs and fine-tune the

model to perform a large-scale analysis of how the models perform for our task.
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Chapter 9

My Contribution: Sem 2

My contribution this semester is three fold

• Collecting and processing annotated data

Data was collected from Twitter and annotated manually. There were many non-selfie

posts with selfie related hashtags which needed to be filtered out. This data was then used

to train a Convolutional Neural Network (CNN) which, given an image could classify it

into a dangerous or a non-dangerous selfie. This is described in detail in Chapter 10.

• Extracting features

Once we got annotated images, the next task was to extract features to build a classifier

which can automatically identify dangerous selfies. This is described in detail Chapter 11.

• Building a classifier

We do an empirical analysis of state-of-the art machine learning and deep learning models

and also propose a deep learning based customized model which performs the best. This

is described in more detail in Chapter 11 and Chapter 12.
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Chapter 10

Data Collection and Analysis: Sem 2

For the data-collection process, we chose Twitter as it is a popular social media observing selfie

culture. We collected tweets related to selfies by searching words like selfie or its immedi-

ate variants (#selfie, #dangerousselfie, #extremeselfie, #letmetakeaselfie, #selfieoftheday, and

#drivingselfie). Through this method, we obtained 138K unique tweets posted by 78K individ-

ual users. The dataset was filtered for only images and geo-location. Following this, we were left

with 9,444 geocoded tweets. To validate which of the images contained in tweets were selfies,

we trained a classifier (explained below).

Pre-processing: We used the same preprocessing methodology as proposed in [23]. We

use a classifier to distinguish selfie images from non-selfie images based on the CNN model

architecture InceptionV3 [33]. After curating, we manually annotate a dataset of 2.1K images

into 1.3K selfies and 800 non-selfies. We used a transfer learning framework (DeCAF [10]) to

retrain the Inception model for our dataset. We found that this model gave 88.48% accuracy

with 10-fold cross-validation using which the labels (selfie or not a selfie) were obtained for all

the 9,444 geocoded images. This process yielded a candidate set of 6,842 tweets which were

potential tweets containing selfies, rest being flagged by the model as non-selfie tweets.

Brief statistics about the dataset are in Table 10.1.

Total Tweets with Selfies 6,460

Total Users 5,062

Total Tweets with Text besides Hashtags 5,833

Table 10.1: Statistics of Dataset collected for Selfies.

Manual Annotation: The final step for identifying dangerous selfies involved human annota-

tions on the obtained selfie candidate set of 6,842 tweets. The annotation session started with

a 15 minute introduction about the annotation procedure. All annotators used the “dangerous

selfie definition” provided in Chapter 7. Following the introduction, each annotator marked

whether they would consider the shown image as a selfie and if so, whether it is a dangerous

selfie or not. We also asked annotators to note the possible reason for it being dangerous such

16



as “selfie was taken on a mountain”. Each selfie was annotated by 3 distinct annotators. The

inter-annotator agreement rate, using the Fleiss Kappa metric [12] was 0.58, thus indicating

moderate agreement between the annotators [24]. We used majority voting to decide the final

label for a given selfie, and ties were resolved randomly. We found that from the selfie candidate

set of 6,842 tweets, our annotators agreed that 6,460 tweets contained selfies. Among these, 623

were marked as dangerous selfie containing tweets and remaining 5, 837 as non-dangerous. We

conduct all our future analysis on this set of 6, 460 annotated tweets. It should be noted that

this dataset was curated by the authors in a previous work [23] and this work uses the same

dataset. 1

1http://precog.iiitd.edu.in/requester.php?dataset=killfie2018
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Chapter 11

Proposed Model: Sem 2

Previous research showed that multi-modal features can be useful for identifying posts containing

dangerous selfies on Twitter [23]. Authors showed that the image features (dense captions

created by text from the images) gave the best accuracy among all the modes of features. It

was also noted that combination of all the three features performed the best, and gave 73%

accuracy. In this work, we propose a CNN-based architecture that works only on image-based

features. In our work, we leverage the existing deep-learning models that have performed well

in identifying images on large-scale benchmark datasets such as Imagenet [29]. These state of

the art models are pre-trained on Imagenet dataset used for ILSVRC (Imagenet Large Scale

Visual Recognition Challenge), containing 1.2 million images labeled with 1,000 class labels.

Applying the same architecture to our dataset, and re-training the network is a challenge, as

for successful training of large architecture, a huge number of samples is required, which in our

case isn’t available. Therefore, we use pre-trained architectures and apply transfer learning for

solving our task. We use the weights of models that do well on the Imagenet dataset to fine

tune them for our problem statement. The intuition behind doing this is that the image features

a model trained on Imagenet is using should be similar to the features we require. We model

the problem as a two-class classification problem with the positive class consisting of dangerous

selfies (623 samples) and negative class of non-dangerous selfies (5,837 samples).

Handling Skewness: The number of positive samples (623 dangerous selfies) in our dataset is

much less than the number of negative samples (5,837 non-dangerous selfies). This can be viewed

as a rare class classification problem. To have more representative class balance in our dataset,

we use data augmentation operations - shift (shifting the image pixels linearly in a range of 20%

of width and height of image), flip (flipping the image pixels horizontally and vertically), rotate

(rotating the image by a certain degree, randomly chosen in a range of 0-180), and shear (with

a random zoom range and shear intensity of 0.2). Following which, we further downsample

our dataset to give us a balanced dataset of 3, 115 images in each class. Downsampling is a

well-known method to handle class imbalance challenge in classification [15].

Data pre-processing: Once we obtained 3,115 images in both classes (total 6,230 images),

we scaled each image to a size of 224 by 224 pixels and all these images were shuffled to ensure
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there’s no bias in training data. A random 80:20 train test split was then done to get 4,984 and

1,246 images in the train and test respectively. Finally, all images were normalized using the

mean and standard deviation of the dataset it was pre-trained on (Imagenet).

Feature Extraction: Since our dataset is relatively different from the Imagenet dataset (which

is a more generic dataset, and does not limit itself to just selfies), we also explore using the pre-

trained models as feature extractors and then fitting a non-neural network based classifier (like

SVM) on those features. For feature extraction, we took a pre-trained model and removed the

softmax layer. The vector obtained on a forward propagation of an image (the layer just before

softmax output) was treated as the feature vector for that image. So if, for example, we use

VGG 16 or VGG 19 to extract image features, we get 4,096 features corresponding to each

image. ReLu (Rectified Linear unit) activation was applied to these features which were then

used to train SVMs with linear and RBF kernels.

Training SVMs: We use the primal formulation of the SVM given by the objective function:

minW ‖W ‖2 +C
m∑
i=0

max(0, 1− Y i(W TXi + bi))

Where W and b are the learned weights and biases respectively, i refers to the ith training

sample and m is the number of training samples. We train both soft and hard margin classifiers

by tuning the hyper parameter C where a larger value of C corresponds to more penalty for

misclassification and a smaller C in lesser penalty thus leading to hard and soft margin classifiers

respectively. We find the best value of C by doing grid search for C ∈ [0.01,1.28] where step

size of the interval was increased exponentially with each iteration. Accuracy was used as the

metric to evaluate the best value of C using 3 fold cross-validation on the training set. We also

explore the application of Principal Component Analysis (PCA) [36] to the extracted features

using which we reduce the dimension of each feature vector to 100. Further both linear and

Radial Basis Function(RBF) were used as kernel functions. For each of the architectures used

for feature extraction and corresponding to each kernel function, we get a separate SVM model.

Architecture Customization: The Imagenet dataset has 1, 000 classes, and all architectures

use the softmax layer as the final layer to make predictions. We modify the architecture by

removing the softmax layer from each of the pre-trained models. Further, we apply the global

average pooling operation on the output layer. We append this architecture by adding two

dense layers - the first one is with ReLu activation function, followed by a layer consisting of

2 nodes with softmax activation, and this becomes our output layer. The number of nodes

in the dense ReLu activation layer is treated as a hyperparameter for each model and the best

number was decided by applying a grid search using 3-fold Cross-validation. For training, all the

pre-trained layers were frozen, and weights of densely connected layers - which were initialized

randomly - were trained for 300 epochs with a batch gradient descent, keeping batch size to

be 50. After training the densely connected layers, last two layers of the pre-trained model

were unfrozen and fine-tuned along with the densely connected layers for another 300 epochs.

We experimented with the following architectures - VGG-16, VGG-19, InceptionV3, Xception,
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Figure 11.1: Proposed Model. We used 3-fold Cross-validation and found that 128 nodes in the dense
layer gives best Cross-validation accuracy.

ResNet50, and InceptionResNetV2 [7, 16, 30, 33, 34]. The results for these models, along with

the best hyperparameter - which in this case is the number of nodes in the densely connected

layer - are presented in Table 12.1 and are discussed in Section ??. The proposed architecture

is shown in Figure 11.1.
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Chapter 12

Results: Sem 2

To ensure that these results are not a false indication of the performance of the models, we make

sure at the time of train-test split that data is properly shuffled. This results in a fairly balanced

test set containing 649 and 597 samples in the positive and negative class respectively. Other

than test set accuracy, we also make sure we look at other factors such as training accuracy,

precision, recall and F1 score to make sure the model hasn’t overfitted and the insights obtained

are correct.

12.0.1 Feature Transformation

From Table 12.2, we see that features extracted from ResNet50 work better than other models

giving a test set accuracy of 95% with PCA and RBF kernel. High precision, recall, and

F1 scores further validate the model’s performance. Another interesting thing to note is that

ResNet50 works better regardless of the kernel or feature selection using PCA. This indicates

that ResNet50 is a better feature extractor than other architectures when it comes to the task

of detecting dangerous selfies. We posit that ResNet’s ability to classify objects in the Imagenet

dataset with higher accuracy (top-5 validation error of 6.71% compared to VGGnet’s 8%) than

other models is a contributing factor as Imagenet contains images having objects like vehicles,

animals/insects, scenes of a cliff, water body etc. presence of which can possibly result in a

Table 12.1: Results for fine-tuned models. ResNet50 with 128 nodes in the densely connected layer
outperforms other models.

Model Name (optimal nodes
in the dense layer)

Train set accuracy Test set accuracy Precision Recall F1 score

VGG 16 (512) 0.973 0.979 0.971 0.989 0.980

VGG 19 (256) 0.969 0.976 0.963 0.992 0.977

InceptionV3 (1024) 0.965 0.962 0.945 0.985 0.965

Xception (2048) 0.970 0.977 0.975 0.980 0.978

ResNet50 (128) 0.979 0.981 0.982 0.982 0.982

InceptionResNetV2 (512) 0.967 0.974 0.964 0.986 0.975
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Table 12.2: Results for SVM with and without PCA. Features extracted using ResNet50 perform best
for both linear and RBF kernels, both with and without PCA. Overall, PCA along with RBF kernel
performs best.

Linear Kernel (with PCA) RBF Kernel (with PCA)

Feature Extractor
Train
set
acc

Test
set
acc

Prec Rec F1
score

Train
set
acc

Test
set
acc

Prec Rec F1
score

VGG 16 0.876 0.860 0.872 0.858 0.865 0.991 0.601 1.000 0.234 0.380

VGG 19 0.888 0.870 0.900 0.844 0.871 0.980 0.600 1.000 0.233 0.378

Inception V3 0.903 0.888 0.915 0.866 0.890 0.997 0.921 0.951 0.894 0.921

Xception 0.915 0.908 0.929 0.891 0.910 0.966 0.932 0.958 0.909 0.933

ResNet50 0.938 0.937 0.961 0.917 0.938 0.999 0.952 0.990 0.917 0.952

InceptionResNetV2 0.916 0.903 0.918 0.894 0.906 0.994 0.941 0.944 0.941 0.943

Linear Kernel (without PCA) RBF Kernel (without PCA)

Feature Extractor
Train set
acc

Test
set
acc

Prec Rec F1
score

Train
set
acc

Test
set
acc

Prec Rec F1
score

VGG 16 0.999 0.914 0.903 0.935 0.919 0.987 0.927 0.927 0.934 0.930

VGG 19 0.999 0.898 0.894 0.912 0.903 0.981 0.919 0.924 0.920 0.922

Inception V3 0.967 0.911 0.931 0.895 0.913 0.950 0.914 0.943 0.889 0.915

Xception 0.960 0.934 0.949 0.923 0.936 0.926 0.911 0.941 0.884 0.912

ResNet50 0.982 0.941 0.960 0.924 0.942 0.961 0.941 0.974 0.911 0.941

InceptionResNetV2 0.958 0.922 0.939 0.909 0.924 0.949 0.924 0.941 0.911 0.926

dangerous selfie.

12.0.2 CNN-based Results

We see from Table 12.1 that even for a fine-tuned models, ResNet50 gives the best performance.

It achieves a test set accuracy of 98% getting high (0.98) precision and recall values. The training

set accuracy (97.9%) is slightly lower than test set accuracy thus showing that the model hasn’t

overfitted and generalizes well. Overall fine-tuned models perform best in terms of all the

evaluation metrics (precision, recall, accuracy). We further show that deep-learning approaches

perform really well obtaining high accuracy, precision, and recall over the test set. It also

performs better than the previous classifier proposed in the literature (Fig 12.2).
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Figure 12.1: Some scenes present in Imagenet which if present in a selfie can result in it being labelled
as a dangerous selfie.

Figure 12.2: ROC curve for fine-tuned models on the left compared to previous models. Fine-tuned
models show high area under the curve thus showing robust classification capabilities.
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Chapter 13

Conclusion: Sem 2

In this work, we conduct a large scale analysis of machine learning models to classify an image

as a dangerous or a non-dangerous selfie. Our work shows that using only image features can

identify dangerous selfies more accurately than using the multimodal features, as proposed in

existing literature. We achieve an accuracy of 98% with high precision and recall values, as

compared to the 73% accuracy achieved previously. This is a major improvement not only in

terms of accuracy but also in terms of usability. Using only image features does not require image

captions, posts’ location or text to classify an image – some of which might not be available in

certain cases. It should also be noted that using only the image features for the classification task

allows real-time detection and can be used to build effective intervention technologies. Thus, we

provide a more usable, robust and an accurate solution.
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Chapter 14

Introduction: Sem 3

My work in previous semesters has shown that there are deaths happening due to selfies and

that we can leverage state of the art deep learning methods for object recognition to build

classifiers which can detect dangerous selfies with great accuracy and recall. As of today, a total

of 232 people have died while taking a selfie. While death count keeps rising there is a paucity

of technological solutions to prevent such unwanted casualties. This semester, my work focuses

on using knowledge gained from my previous endeavours in this domain to design and build

technological interventions. I have built 2 systems to combat this: Saftie: a chatbot (fb.me/

saftiebot) and android app (https://goo.gl/2sIdYT) to collect dangerous selfie locations.

This system has collected over 2,500 possible dangerous selfie locations and has been used by

more than 1000 users. Another tool, Saftie-camera (bit.ly/saftie-cam) is a camera which

does real-time analysis of the image being captured in the front camera of the smart phone and

nudges the user if the image is perceived as dangerous by the app. This app uses the model

proposed in previous semester to do real time dangerous selfie inference. More information

can be found on the app page (http://labs.precog.iiitd.edu.in/killfie/saftie) or in

sections below. We have also made the death statistics publicly available on http://labs.

precog.iiitd.edu.in/killfie/analysis.
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Chapter 15

Saftie, android app: Sem 3

In a first attempt to build tools to prevent, I built an android app to allow users to report

possible dangerous selfie locations. The code for this was written using android studio and all

the data was stored in the cloud using Google’s Firebase. Users are given an incentive that they

will get a pizza after 50 reported dangerous selfie locations. In order to track users, we reuire

that they login using their Facebook account. We only store their unique userID given to us by

Facebook and no other information is stored in our database. Since all the data is stored on

Firbase, there is no space used up in the user’s phone. All Firebase read and delete functions

are asynchronous thus ensuring a smooth user experience for the app. Figures 15.1, 15.2, 15.3,

15.3, 15.4, 15.5, 15.6, 15.7 and 15.8 show some screens of the app. The app is available on the

play store at https://goo.gl/2sIdYT.

Figure 15.1: Main landing page of the app.
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Figure 15.2: Facebook login.

Figure 15.3: Entering a location to mark as unsafe.
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Figure 15.4: Entering type of danger.

Figure 15.5: Death stats (from an earlier time).
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Figure 15.6: Check if a location has been marked as dangerous or not.

Figure 15.7: See reported locations, and delete or modify if needed.
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Figure 15.8: Notification if near a dangerous location.
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Chapter 16

Saftie, Facebook Chatbot: Sem 3

After building the android app, I got feedback from some users that they really hated down-

loading an additional app for reporting locations. Facebooks chatbots have been widely used by

organizations and research groups. Recently, chatbots have been used even to give therapy to

people suffering from stress. Other uses are by organizations to automate mundane tasks such

as flight and hotel booking and cancellation, daily weather updates etc. This seemed ideal for

our use case.

Using a Django backend, configured to handle requests from the Facebook messenger API, I

built a chatbot. One challenge was to integrate the chatbot users with that of the app. That

is, resolving same user on the app and on the chatbot. While this should have been possible

since both platforms used Facebook’s API to log users in, with the chatbot the user ID obtained

was a page-scoped userID and that with the app was app scoped. The strange thing was that

Facebook had no API end point to resolve these 2 users as same. I coded up an algorithm for

identity resolution and sent it to Facebook. They were nice enough to acknowledge the need for

identity resolution and within months released an API endpoint to do exactly that.

Figures 16.1, 16.2 and 16.3 show some interactions with the chatbot. Figure 16.4 shows the

number of locations collected through this system. The chatbot is available at fb.me/saftiebot.

Send “hi” to the bot to get started!
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Figure 16.1: Interaction with the chatbot.

Figure 16.2: Report a location through the chatbot.
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Figure 16.3: Latest death statistics.

Figure 16.4: Number of collected locations through this system.
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Chapter 17

Saftie-camera: Sem 3

Using the proposed neural network in previous semester, I built a camera which can give real

time nudges. Figures 17.2, 17.3 and 17.1 show some screens of the app. The app is publicly

available at bit.ly/saftie-cam.
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Figure 17.1: Safe to click selfie.

Figure 17.2: Unsafe to click selfie.
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Figure 17.3: If unsafe selfie is shown for a long time, then a lookup to the locations database happens
and the user is nudged with the message saying that this image has been inferred as dangerous and the
users’ location is also in the vicinity of a dangerous location reported via the Saftie platform.
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Chapter 18

Conclusion and lessons learned: Sem

3

This BTP is a first step to better understand selfie related deaths and casualties. We have used

social media as a tool to study the phenomena of dangerous selfies and how social feedback

plays an important role in pushing people to go to unimaginable lengths to get the perfect selfie.

Rise of dangerous selfies and in particular KillFies have coincided with the rise of selfies and

understandably so. We showed how we can use the developments in the field of deep learning

to do real-time dangerous selfie detection. We have developed two tools: Saftie, available as an

android app and a facebook chatbot and Saftie-camera, an app which gives real time nudges.

These are only the first steps to use technological interventions for preventing deaths due to

selfies. While building apps, I have realised that it’s crucial to get feedback from end users and

use the human-centered design framework. There is a lot that can be done in this space and

tools built and research done are only the first steps. In an attempt to encourage others to

contribute in this space, we have made all our datasets public at http://precog.iiitd.edu.

in/resources.html. Human life is precious and it’s my hope that with the use of technology,

we can envisage a future where no human dies due to something as stupid as a selfie.

37

http://precog.iiitd.edu.in/resources.html
http://precog.iiitd.edu.in/resources.html


Bibliography

[1] Investigating the style of self-portraits (selfies) in five cities across the world.

[2] Arora, S. Social networking-a double-edged sword. International Conference On Recent

Trends In Engineering Science And Management (2016).

[3] Austin, P. C. An introduction to propensity score methods for reducing the effects of

confounding in observational studies. Multivariate Behavioral Research (2011).

[4] Blaine, L. How Selfies Are Ruining Your Relationships, 2013.

[5] Bruno, N., and Bertamini, M. Self-portraits: Smartphones reveal a side bias in non-

artists. PLOS ONE (2013).

[6] Center, P. R. More than half of Millennials have shared a ’Selfie’.

[7] Chollet, F. Xception: Deep learning with depthwise separable convolutions. CoRR

abs/1610.02357 (2016).

[8] Cunha, T., Weber, I., and Pappa, G. A warm welcome matters!: The link between

social feedback and weight loss in /r/loseit. In Proceedings of the 26th International Confer-

ence on World Wide Web Companion (Republic and Canton of Geneva, Switzerland, 2017),

WWW ’17 Companion, International World Wide Web Conferences Steering Committee,

pp. 1063–1072.

[9] Deeb-Swihart, J., Polack, C., Gilbert, E., and Essa, I. Selfie-presentation in

everyday life: A large-scale characterization of selfie contexts on instagram. ICWSM (2017).

[10] Donahue, J., et al. Decaf: A deep convolutional activation feature for generic visual

recognition. In ICML (2014).

[11] et al, K. L. Mapping the global twitter heartbeat: The geography of twitter. First

Monday 18, 5 (2013).

[12] Fleiss, J. L. Measuring nominal scale agreement among many raters. Psychological bulletin

(1971).

38

http://newsfeed.time.com/2013/08/14/how-selfies-are-ruining-your-relationships/
http://www.pewresearch.org/fact-tank/2014/03/04/more-than-half-of-millennials-have-shared-a-selfie/


[13] Fox, J., and Rooney, M. C. The dark triad and trait self-objectification as predictors

of men’s use and self-presentation behaviors on social networking sites. Personality and

Individual Differences (2015).

[14] Guay, J. Most dangerous selfies, 2014.

[15] He, H., and Garcia, E. A. Learning from imbalanced data. IEEE Trans. on Knowl.

and Data Eng. 21, 9 (Sept. 2009).

[16] He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learning for image recognition.

CoRR abs/1512.03385 (2015).

[17] Houghton et al, D. Tagger’s delight? disclosure and liking in facebook: the effects of

sharing photographs amongst multiple known social circles.

[18] HuffingtonPost. Man crushed to death while taking selfie with elephant.

[19] Jonason, P. K., and Krause, L. The emotional deficits associated with the dark triad

traits: Cognitive empathy, affective empathy, and alexithymia. Personality and Individual

Differences 55, 5 (2013), 532 – 537.

[20] Krizhevsky, A., Sutskever, I., and Hinton, G. E. ImageNet Classification with Deep

Convolutional Neural Networks. In NIPS. 2012, pp. 1097–1105.

[21] Lakshmi, A. The selfie culture: Narcissism or counter hegemony? Journal of Communi-

cation and media Studies (2015).

[22] Lamba, H., Bharadhwaj, V., Vachher, M., Agarwal, D., Arora, M., and Ku-

maraguru, P. Me, myself and my killfie: Characterizing and preventing selfie deaths.

CoRR abs/1611.01911 (2016).

[23] Lamba, H., et al. From camera to deathbed: Understanding dangerous selfies on social

media.

[24] Landis, J. R., and Koch, G. G. The measurement of observer agreement for categorical

data. Biometrics (1977).

[25] Leary et al, M. R. Self-presentation can be hazardous to your health: impression

management and health risk. Health Psychology (1994).

[26] NDTV. Selfie in river ganga causes death of 7 students.

[27] Qiu, L., Lu, J., Yang, S., Qu, W., and Zhu, T. What does your selfie say about you?

Computers in Human Behavior (2015).

[28] Reuters. Indian man bitten by python whilst posing for selfie.

[29] Russakovsky et al., O. Imagenet large scale visual recognition challenge. Int. J. Comput.

Vision 115, 3 (2015).

39

http://www.dailymail.co.uk/news/article-3690165/The-world-s-dangerous-selfies-meet-adventure-photographers-putting-lives-risk-perfect-self-portrait.html
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf


[30] Simonyan, K., and Zisserman, A. Very deep convolutional networks for large-scale

image recognition. CoRR abs/1409.1556 (2014).

[31] Subrahmanyam, B., and et al. Selfie related deaths perils of newer technologies.

Narayana Medical Journal (2016).

[32] Szegedy, C., et al. Going deeper with convolutions. CoRR abs/1409.4842 (2014).

[33] Szegedy, C., et al. Rethinking the inception architecture for computer vision. CoRR

abs/1512.00567 (2015).

[34] Szegedy, C., Ioffe, S., and Vanhoucke, V. Inception-v4, inception-resnet and the

impact of residual connections on learning. CoRR abs/1602.07261 (2016).

[35] Taslim, I., and Rezwan, M. Z. Selfie re-de-fined: Self-(more/less). Wizcraft Journal of

Language and Literature (2013).

[36] Wold, S., Esbensen, K., and Geladi, P. Principal component analysis. Chemometrics

and Intelligent Laboratory Systems 2, 1 (1987), 37 – 52. Proceedings of the Multivariate

Statistical Workshop for Geologists and Geochemists.

40


	Prologue
	Introduction: Sem 1
	Related Works: Sem 1
	My Contribution: Sem 1
	Data Collection and Analysis: Sem 1
	Why do users post dangerous selfies? : Sem 1
	Defining treatment and control groups
	Calculating propensity scores
	Matching on the propensity score
	Evaluation of balance and statistical significance
	Calculating the effect


	#Saftie: An attempt to conquer #KillFie: Sem 1
	Introduction: Sem 2
	Related Works: Sem 2
	My Contribution: Sem 2
	Data Collection and Analysis: Sem 2
	Proposed Model: Sem 2
	Results: Sem 2
	Feature Transformation
	CNN-based Results


	Conclusion: Sem 2
	Introduction: Sem 3
	Saftie, android app: Sem 3
	Saftie, Facebook Chatbot: Sem 3
	Saftie-camera: Sem 3
	Conclusion and lessons learned: Sem 3

