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FIGHT RECOGNITION FROM
STILL IMAGES IN THE WILD

SUMMARY

Violence in general is a sensitive subject and can have a negative impact on both the
involved people and witnesses. Fighting is one of the most common types of violence
which can be defined as an act where individuals intend to harm each other physically.
In daily life, these kinds of situations might not be faced too often, however, the violent
content on social media is also a big concern for the users. Since violent acts or fights
in particular are considered as an anomaly or intriguing for some, people tend to record
these scenes and upload them on their social media accounts. Similarly, news agencies
also regard them as newsworthy material in some cases. As a result, fighting scenes
become available on social media platforms frequently. Some users may be sensitive
to these kinds of media content and children who can be harmed due to the aggressive
nature of the fight scenes also uses social media. These facts make it necessary to
detect and put limitations on the distribution of violent content on social media.

There are some systems focusing on violence and fight recognition on visual data.
However, these works mostly propose methods on different domains for violence such
as movies, surveillance cameras, etc., and the social media case remains unexplored.
Furthermore, even if most of the fight scenes shared on social media are in video
sequences, there is also a non-ignorable amount of image data depicting violent
fighting. However, no work tackles the fight recognition from still images instead
of videos. Thus, in this thesis, the problem of fight recognition from still images is
investigated.

In this scope, first, a novel dataset was collected from social media images which is
named Social Media Fight Images (SMFI). The dataset was collected from Twitter
and Google images and some frames were included from the video dataset of NTU
CCTV-Fights [3]. The fight samples were chosen among the samples which are
recorded in uncontrolled environments. In order to crawl a large amount of data,
different keywords were used in various languages. The non-fight samples were
also chosen among the data crawled from social media in order to keep the domain
consistent across the classes. The dataset is made publicly available by sharing the
links to the images.

For the classification of the Social Media Fight Images dataset, some image
classification methods were applied to the dataset. First, Convolutional Neural
Networks (CNN) were employed for the task and their performance was assessed.
Then, a recent approach, Vision Transformer (ViT) was exploited for the classification
of the fight and non-fight images. The comparison showed that the Vision Transformer
gives better results on the dataset achieving a higher accuracy with less overfit. A
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further experiment was also held on investigating the effect of varying dataset sizes on
the performance of the model. This was seen as necessary as the data shared on social
media may be deleted in the future and it is not always possible to retrieve the whole
dataset. So, the model was trained on different partitions of the dataset and the results
showed that even if using more data is better, the model could still give satisfying
performance even in absence of 60% of the dataset.

Upon the successful results on fight recognition on still images problem, another
experimental study was conducted on the classification of video-based datasets using
a single frame from each sample. The experiment included four video-based fight
datasets and results showed that three of them could be successfully classified without
using any temporal information. This indicated that there might be a dataset bias
for these three datasets where the inter-class visual difference is high across the
classes. Cross-dataset experiments also supported this hypothesis where the trained
models on these video datasets perform poorly on the other fight recognition datasets.
Nonetheless, the network trained on the proposed SMFI dataset gave a promising
accuracy on other datasets as well, showing that the dataset generalizes the fight
recognition problem better than the others.
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DOGAL ORTAMDA SABIT GORUNTULERDEN
KAVGA TESPITI

OZET

Siddet kavrami ¢cogunluk tarafindan hassas bir konu olarak goriiliir ve olaya karisan
veya tanik olan kisiler tizerinde olumsuz etkilere sebep olmasi kaginilmazdir. Siddetin
bir tiirevi olan kavga, kisilerin birbirlerine fiziksel anlamda zarar vermek amaciyla
girdikleri etkilesim olarak tamimlanabilir. Giinliikk hayatta bu tiir durumlarla sik
karsilasilmasa da sosyal medya mecralarinda paylasilan siddet ve kavga iceriklerinin
kullanicilar tizerindeki etkisi bir sorun olarak goriilmektedir. Kavga anlar1 olagandisi
bir durum olarak goriildigiinden ve ilgi cekebilecegi diisiiniildiigiinden kisiler
bu tiir olaylara tanik olduklarinda olayr kayda alip sosyal medya hesaplarinda
paylagsmaya egilimlidirler. Dahasi, medya kurumlar1 da bu tiir iceriklerde haber degeri
gordiiklerinden icerigin paylasimi ve yayilmasinda etkili olabilirler. Sonug¢ olarak
sosyal medya platformlarinda siddet ve kavga icerikli goriintiillere maruz kalmak
olasidir. Bazi kullanicilar bu tiir iceriklere karsi hassas olabilir, benzer sekilde
sosyal medya kullanan gen¢ yastaki bireyler bu tiir saldirgan iceriklerden olumsuz
etkilenebilir. Bu durumlar goz oniinde bulunduruldugunda sosyal medyada siddet
ve kavga icerikli goriintiilerin tespit edilerek paylasimina bir sinirlandirma getirilmesi
veya sansiirlenmesi ihtiyact dogmustur.

Gorsel veri iizerinde siddet ve kavga tespiti iizerine gelistirilen cesitli sistemler
bulunmaktadir. Ancak bu calismalar sosyal medya verisi lizerine degil, giivenlik
kameralar1, filmler veya spor oyunlar1 gibi farkli kavramlar iizerine odaklanmugtir.
Ayrica, sosyal medyada karsilasilan siddet icerikli goriintiilerin ¢ogunlugu video
formunda olsa da sabit goriintii olarak paylasilan veri miktar1 da ihmal edilemez
diizeydedir.  Ancak o©nceki c¢alismalarin timii video verisi iizerinde siddet ve
kavga tespiti konusunu ele almig ve sabit goriintiileri ele alan herhangi bir ¢alisma
yapitlmamustir. Video verisinde hareket tanimlama icin elverisli olan zamansal bilgiye
ulagmak miimkiin iken sabit goriintiilerde yalnizca uzamsal bilgiden, yani goriintii
tizerindeki piksellerin iligkisinden yararlanilabilir. Bu durum, ozellikle kavga tespiti
problemini zorlastirmaktadir cilinkii kavga tespiti de bir nevi eylem tanima problemidir
ve zamansal bilginin énemi bu tiir problemler i¢in yiiksektir. Bu sebeple bu tezde
goreceli olarak zor bir problem olan sosyal medyada sabit goriintiilerden kavga tespiti
tizerine ¢alisilmigtir.

Bu kapsamda oncelikle probleme uygun bir veri kiimesi toplanmistir.  Onceki
calismalarda sunulan veri kiimelerinin tamami video temelli veri kiimeleridir ve sosyal
medya alaninda degillerdir. Bu sebeple probleme yonelik Sosyal Medya Kavga
Resimleri (SMFI) isimli bir veri kiimesi olusturulmustur. Veri kiimesine dahil edilen
goriintiiler Twitter, Google gibi sosyal medya mecralarindan ve NTU CCTV-Fight [3]
isimli video veri kiimesindeki video karelerinden toplanmistir. Veri kiimesi "kavga"
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ve "kavga olmayan" seklinde iki sinif icermektedir. Olusturulan veri kiimesi toplamda
5,691 goriintii igermektedir ve veri kiimesi 6rneklerin baglant1 bilgileri ile kullanima
acik olarak paylasilmistir.

Sosyal medyadan toplanan kavga sahneleri kontrolsiiz ortamlarda kaydedilmis
goriintiilerden olugsmaktadir. Kavga sahnelerinin ani bir sekilde ortaya ciktigi géz
Oniine alindiginda cekimlerin bir¢cogu etrafta bulunan ve olaya tanik olan kisilerin
telefon kameralarindan ¢ekilen goriintiilerdir. Dogal ortamda kavga tespitine uygun
bir veri kiimesi gelistirmek icin sec¢ilen resimler de bu duruma uygun olarak
secilmistir. Kontrollii ortamda kaydedilmis goriintiiler ve giivenlik kamerasi gibi farkl
tirlerdeki goriintiiler veri kiimesine dahil edilmemistir. Veri kiimesini olabildigince
cesitlendirebilmek icin Twitter ve Google’dan veri toplarken gesitli arama terimleri
kullanilmigtir.  Sokak kavgasi, okulda kavga, cete kavgasi gibi arama terimleri
kullanilarak olayin gerceklestigi ortamin ve ortamda bulunan kisi sayisinin degisiklik
gosterebilecegi senaryolar da ele alinmigtir. Ayrica, yerel sosyal medya paylasimlari
ele alindiginda, kullanicilar iceriklerini cogunlukla kendi ana dillerinde paylasma
egilimindedir. Farkli cografik bolgelerden veri toplayabilmek i¢in arama terimleri
kiimesi farkli diller de eklenerek genisletilmistir. Bdylece toplanan veri kiimesine
farkli milletlerden insanlar igeren ornekler de dahil edilmis ve veri kiimesinin tarafli
olmasinin Oniine gec¢ilmistir.

Veri kiimesinin kavga olmayan sinifi da baglama sadik kalinarak sosyal medya
gorlintiilerinden toplanmistir. Kavga olmayan simifta farkli zorluk seviyelerinde
goriintiiler dahil edilmistir. Ayirt edilmesi daha kolay olan 6rnekler, sosyal medyada
paylasilan ve kontrolsiiz ortamlardan uzak, karikatiirler, ekran goriintiileri, 6z¢ekimler
vs. olarak tamimlanabilir. Orta diizeydeki kavga olmayan ornekler gercek diinyada
cekilmis dis mekan / i¢ mekan goriintiileri ve normal davraniglar sergileyen insanlari
iceren bir takim goriintiilerdir. Ayirt edilmesi zor olarak goriilen ornekler de kavga
ile karigtirilabilecek davranislar iceren orneklerdir ve bunlar sarilan insanlar, spor
oyunlarinda yarisan insanlar, bir sey firlatan insanlar vb. olarak tanimlanabilir.

SMFI veri kiimesinin siniflandirilmast igin ¢esitli goriintii stniflandirma yontemleri
test edilmigtir. Stnmiflandirma asamas i¢in goriintiilerde insan tespiti ve poz belirleme
gibi bilgilerden yararlanilmasi planlansa da kavga gibi anormal bir davranisin bu
tiir bilgilerin ¢ikarilmasi i¢cin uygun olmadigr goriilmiistiir. Goriintiide st iiste
gelen nesneler ve insanlar, olagandis1 pozisyonlar ve gercek ortamda cgekilen diisiik
coOziiniirliklii goriintiiler bu tiir ek bilgilerin kullanimina imkan saglamamigstir. Bu
sebeple yalmizca RGB resimler kullanilarak siniflandirma saglanmistir. Oncelikle,
goriintii temelli problemlerde yaygin bir sekilde kullanilan Evrisimli Sinir Aglari’nin
(Convolutional Neural Network) cesitli tiirevleri veri kiimesi iizerinde egitilmis ve
test edilmigtir. Evrisimli Sinir Aglar1 istenen sonucu veremedigi i¢in daha giincel bir
yontem olan Gorsel Doniistiiriicti (Vision Transformer) ag1 kavga ve kavga olmayan
sahnelerin smiflandirilmasi i¢in kullanilmigtir.  Gorsel Doniistiiriicii yapisindaki
0z-dikkat (self-attention) mekanizmasi sayesinde modelin goriintiiden faydali bilgiler
cikararak basarili bir sekilde siniflandirma yaptigi goriilmiistiir. Bu basarinin bir
diger sebebi de hareket sebebiyle bulanik olabilen kavga goriintiilerinin bulanik
goriintiilere karg1 direncli olan Gorsel Doniistiirticii ile basarili bir sekilde taninmasi
olarak goriilmiistiir.
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Veri kiimesinin tamami {izerinde yapilan deneylerin yani sira, modelin de8isen veri
kiimesi boyutundan ne sekilde etkilendigi {izerine de bir deney yiiriitiilmiistiir. Sosyal
medyada paylasilan veriler zamanlar silinebileceginden gelecekte veri kiimesinin
tamamina erisimin miimkiin olmayabilecegi goz Oniine alindiginda modelin bu
degisiklikten nasil etkileneceginin incelenmesi de onem arz etmektedir. Bunun icin
goriintii siniflandirma modeli veri kiimesinin farkli miktardaki parcalari iizerinde
egitilmis ve test edilmistir. Sonugcta her ne kadar veri azaldik¢a dogruluk orani diigiiyor
olsa da, veri kiimesinin %60’l1ik kisminin kaybedildigi senaryoda bile modelin basarili
bir sekilde simiflandirma yapabildigi goriilmiistiir.

Sabit goriintiilerde kavga tespiti calismas1 sonucunda elde edilen basarili sonuglar
1s1g¢1inda video temelli veri kiimelerinin de sabit goriintiiler iizerinden simiflandirilip
siniflandirilamayacagi konusu arastirilmigtir.  Bu durumu incelemek icin dort adet
video temelli veri kiimesi se¢ilmistir, bunlar Hockey, Movie, Crowd Violence ve
Surveillance Fight veri kiimeleridir. Bu veri kiimelerindeki her bir video 6rneginden
rastgele bir kare secilmis ve bu kareler veri kiimelerinin siniflandirilmast ig¢in
kullanilmigtir. Deneyde video temelli kavga tespiti yontemleri ile tek kare iizerinde
egitilmis goriintii siniflandirma yontemleri karsilastirilmis ve ilgi ¢ekici sonuglar elde
edilmisgtir. Video temelli veri kiimelerinin iiciinde (Hockey, Movie ve Crowd Violence)
zamansal bilgiden yararlanmadan egitilen goriintii siniflandirma modellerinin video
temelli yaklasimlarin basarimina ulastig1 goriilmiistiir. Bu veri kiimelerindeki videolar
incelendiginde siniflar arasindaki gorsel farkin yiiksek oldugu goriilmiistiir. Bu sebeple
yalnizca tek bir kareye bakarak ornegin ait oldugu sinif belirlenebilmektedir.

Elde edilen bu sonuglar video temelli kavga veri setlerinde bir yanlilik (bias) problemi
olmas1 ihtimaline isaret etmektedir. Bu konuyu daha detayli inceleyebilmek adina
capraz veri kiimesi deneyleri yapilmis ve her bir veri kiimesi {izerinde egitilen
model diger veri kiimeleri iizerinde test edilerek dogruluk oranlarmin ortalamasi
hesaplanmigtir. ~ Bu deneyde elde edilen sonuclar Hockey, Movie ve Crowd
Violence veri kiimelerinde egitilen modellerin ayni veri kiimelerinde test edildiginde
mitkemmele yakin sonu¢ vermelerine ragmen, farkli bir kavga veri kiimesi iizerinde
test edildiginde oldukc¢a diisiik performans elde edildigini gostermistir. Bu sonug,
bahsi gecen veri kiimelerinin kavga tespiti problemini genelleme konusunda basarisiz
oldugunu ve bu veri kiimelerinde yanlilik problemi oldugunu gostermistir. Diger
yandan tez kapsaminda gelistirilen SMFI veri kiimesi iizerinde egitilen model,
diger veri kiimeleri iizerinde de tatmin edici bir performans sergilemistir ve SMFI
veri kiimesinin kavga tespiti i¢cin yeteri kadar kapsamli bir veri kiimesi oldugu
gosterilmisgtir.

Sonug olarak tez kapsaminda daha once ele alinmamis olan sabit goriintiilerde kavga
tespiti konusu ele alinmistir. Bu kapsamda 6ncelikle probleme uygun bir veri kiimesi
olusturulmast i¢in sosyal medya platformlarindan kavga goriintiileri toplanmig ve
etiketlenmigtir. Bu veri kiimesinin siniflandirilmast icin goriintii siniflandirma aglar
test edilmis ve kapsamli bir deneysel analiz gerceklestirilmistir. Elde edilen sonuclar
Gorsel Doniistiiriicti modelinin sunulan veri kiimesini basariyla siniflandirabildigini
ve degisen veri kiimesi boyutuna kars1 direncli oldugunu gostermistir. Ayrica video
temelli veri kiimeleri tizerinde yapilan karsilagtirmali deneyler bu veri kiimelerindeki
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yanlilik (bias) problemini ortaya ¢ikarmig ve sunulan SMFI veri kiimesinin kavga
tespiti problemini yeterince iyi bir sekilde kapsadig1 goriilmiistiir.
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1. INTRODUCTION

Violence is an invincible yet harmful concept in human life for both the involved
people and the witnesses. The negative effect of violence on people is undeniable
and it is expected that people tend to avoid witnessing violent situations such as
fighting. However, considering the unrestrained nature of the feelings such as anger,
injustice, hate, etc. it is not possible to prevent violent acts to be happening all the
time. This results in unwanted danger and also unfavorable effects on society. Even if
people do not face these kinds of violent situations in daily life often, as social media
is heavily used for the exchange of information nowadays, they may be exposed to
violent contexts undesirably on various platforms. It is not always possible to avoid
these media contents completely and especially younger users might not be able to
have control over the information they are exposed to. Yet, harmful visual content can
cause severe effects on children’s development and mental health. This is the reason
why some social media platforms have limitations regarding the distribution of these
types of media content. As expected, reviewing all of the content available on social
media manually is not possible, thus automatic recognition systems are needed for

discriminating and eliminating violent content.

Recognizing the media content including fight actions could be seen as a significant
step toward limitation of the violent content on social media since a remarkable part of
the violent acts consists of fighting. In addition, the fighting is found to be intriguing
to some where people tend to record these moments and share them on their social
media accounts. Also in some cases, the press might be involved in reporting these
sorts of anomalies and releasing related content on social media. This results in a huge
amount of violent content existing on social media platforms. The mass media content
regarding the violence is shared in video sequences, however, there is a non-negligible

amount of image data on social media as well.



Recognition of violent acts, specifically, the fight action from still images remained
an unexplored problem in the literature where most of the works focus on violence or
fight detection from video sequences. Considering the amount of still image data on
social media platforms, recognizing the violent content in still images is also necessary.
The purpose of this thesis is to investigate the capability of deep learning methods to

discriminate the image data on social media including fight or not.

In this light, a novel fight image dataset collected from Twitter, Google, and NTU
CCTV-Fights [3] is introduced which is named Social Media Fight Images (SMFI).
The dataset consists of 5,691 images with extensive representation of fight scenes
with varying fight scenarios, backgrounds, the number of people in the scene, and
the nationality of the people in the scene. In order to have better coverage, various
keywords in various languages were used during data collection. The samples in
the fight class were collected from real-life instances of fight actions in uncontrolled
environments. Also for the non-fight class, the samples were chosen among the
social media content with different difficulty levels. Through these data collection
techniques, a non-biased dataset was achieved with high generalizability for the fight

recognition task in-the-wild.

Various deep learning architectures are employed for the classification of the fight and
non-fight images in SMFI and their performances are compared. One of the concerns
regarding the dataset was the removal of data in time due to the deleted posts by users
or authorities. This means that the dataset could not be retrieved as a whole in the
future. Thus, a second experiment is conducted to investigate the effect of varying
dataset sizes on the trained model. The experimental results showed that the trained
model is robust to the decreasing dataset size with a satisfying performance even when

60% of the dataset was removed.

Getting promising results on the SMFI dataset, the possibility for classification of the
video-based fight datasets using a single frame from each video was investigated as
well. For this experiment, the performances of image classification models trained on a
single frame from each video were compared to the video-based methods. In the result,

the necessity of temporal information for the classification of video-based fight datasets



was examined. Lastly, in order to get a better insight regarding the generalization of
fight recognition datasets, cross-dataset experiments are conducted. When the obtained
results were compared, the proposed Social Media Fight Images dataset showed its

superiority in terms of generalization of the fight recognition task.

Social Media Fight Images dataset and extensive experimental analysis presented in the
scope of this thesis provide a significant contribution to the literature as it demonstrates

various aspects of the fight recognition problem and a comparative study.






2. LITERATURE REVIEW

There are two main research areas related to fight detection from still images on social

media as violence and fight detection and action recognition from still images.

2.1 Violence and Fight Detection

The violence and fight detection problem was investigated in various contexts and
several datasets were created and made available to the public. For instance, Movie
dataset [4] tackled the problem of recognizing fight actions in movies and sports
games and created a dataset concerning this problem. Another dataset was created
for detecting crowd violence [5], where authors gathered violent scenes in crowded
scenarios, such as football games or group fights on the streets. Recognizing fight
actions on surveillance cameras has been seen as an important task by many researchers
as it allows to detect the fight actions quickly with help of surveillance cameras located
in various places. In this context, [6] introduced an anomaly dataset on surveillance
cameras including fight actions together with other anomalies such as abuse, robbery,
burglary, and more. More specifically [3,7,8] created datasets focusing on detecting
fight actions from surveillance cameras. However, all of the mentioned datasets consist
of video sequences of anomalies, violence, or fights. Hence, the previous methods
mostly focus on recognizing violence or fight in video sequences by making use of

temporal information.

These works adapt existing action recognition methods for violence detection, such as
3D Convolutional Neural Networks for violence detection [9]-[12], recognize violent
acts by sequence learning with Recurrent Neural Networks [13]-[16], learn low-level
features for violence detection [4,17,18], or even combine visual and audio features in

a multi-modal fashion [19].

Some other related works address violence detection on social media using visual

features, as well. In [20], acceleration information between consecutive frames is used



for recognizing the videos with violent content. Besides, [21] presents a multi-modal
system where both image and text parts of the social media posts were processed in

order to detect gang violence on social media.

As for the violence detection in still images, [22] collected a new dataset of images
using keywords such as violence, horror, fight, explosion, blood, and gunfire. A
classification model for violent and non-violent images in the dataset was developed
based on the bag-of-words method. Even if the objective is similar to the task tackled in
the scope of this thesis, this thesis focuses primarily on fight scenarios to learn a more
specific representation different than [22] which handles a more generic definition of
violence on social media. Moreover, the newly collected dataset in the scope of this
thesis, Social Media Fight Images (SMF]) is relatively larger than the dataset proposed

in [22] which has 500 violence and 1500 non-violence samples.

2.2 Action Recognition from Still Images

The aforementioned violence detection methods were generally applied to video
samples. However, the introduced problem aims to recognize fight scenes from single
images without using any temporal information, which falls under the area of action

recognition from still images.

The earlier works in this field predominantly utilize pose-oriented or context-based
approaches. [23] used hand-crafted pose features extracted from the human performing
the act. Similarly [24] and [25] employed a pose estimation network to learn actions
from poses. Color information on images was also used for action recognition as
proposed in [26]. Assuming that there is a strong relationship between the objects
in the scene and the performed action, human-object interactions were exploited in
[27]. Besides, the context of the scene, such as objects or the environment around the
performer, was seen as an informative cue and used by [28]. Person detector [28] or
human part detector [29] networks were also attached to the pipelines in order to keep
the focus on the target human in the scene and the performer’s pose. Most of these
works require additional input such as human bounding boxes, object annotations, etc.
rather than using the image-level action labels as they are. Therefore, in [30], the

authors proposed a system that recognizes the actions solely based on the image labels



without any additional annotations by predicting the human-object interactions during
the training. Similarly, in [31], the human-mask loss was proposed which directed the
activation on feature maps to the person in action automatically. Context information
was also extracted using region proposals and pyramid networks as stated in [32]. [33]
used ensemble deep neural networks to learn actions from images. [34] detected the
salient areas on images and then used multi-attention networks to recognize actions
with the help of salient points. [35] proposed two modules for capturing human-object

and scene-object relations on action images.

Nevertheless, in the case of fight recognition in-the-wild, it is not convenient to get
an additional cue from surrounding objects or the context of the scene. Besides, since
fighting is abnormal activity, poses of the people cannot be properly extracted from
a single image or person detection does not perform well due to unusual poses and
occlusions. Having a similar perspective, in [36] CNN models were fine-tuned to
recognize actions from web images, and extensive experimental analysis is conducted

on the ability of CNNss to recognize actions from still images with no additional input.






3. METHODOLOGY

In the scope of this thesis, the fight recognition from social media images problem was
tackled as a binary classification task and the scenes were classified as including fight
action or not. This section summarizes the methodologies which are applied to the

problem.

3.1 Convolutional Neural Networks

For image-related tasks such as image classification, object detection, and
segmentation, Convolutional Neural Networks (CNN) are widely used where the
layered convolution operations make it possible to learn the spatial information on
images. Regular Convolutional Neural Network architectures consist of various types
of layers such as convolutional layers, pooling layers, fully connected layers, and
activation layers. The network aims to take an input image and output a vector
representing the prediction scores for each class. Thus, the image is downsampled
at convolutional layers, and pooling layers. Convolutional layers apply spatial
convolution operation on feature maps with different kernel sizes for learning the
spatial relations between pixels. The filter parameters are learned during training.
Pooling layers are used for shrinking the size of feature maps as it requires a great
number of convolutional layers to obtain a proper feature map size for fully connected
layers. In the end, the 2D feature maps are flattened and fully-connected layers are
utilized for the last few layers. Fully connected layers take 1D input which contains
spatial relation information of images as elements and outputs the prediction scores
for each class. Activation layers are used to decide which parts of the map will be
activated for the next layer and they add non-linearity to the network. In order to stack
multi-layer convolution operations and build a deep network, non-linear activation

functions are applied on feature maps after each convolution.



The initial architectures of CNNs, such as LeNet [37] and AlexNet [38], consist of
several layers which are considered relatively shallow models. The advancements
in computational technology made it possible to train larger networks that can learn
from larger datasets. Thus, deeper networks with a larger amount of parameters are
also developed for more complex problems such as VGG-16 [39]. Introducing deeper
models exposed some problems while training very deep convolutional networks such
as vanishing gradients. As the gradient should be passed through many layers in deep
networks, after some time, the value for gradients becomes extremely small that the
model parameters cannot be updated further. In order to enable training of even deeper
models by preventing the vanishing gradient problem, residual blocks are introduced

which are utilized in ResNet [40] models.

3.2 Transformers

Aside from the computer vision problems, Transformers [41] has been a superior
method for sequence learning and natural language processing. Transformers take a
sequence as an input and output another sequence where the self-attention mechanism
within the Transformers better represents relations between elements in the sequence
and their dependencies. This results in learning more informative representations of
sequences for many tasks such as machine translation, language generation, and so on.
Self-attention mechanisms were also employed for image-related tasks in order to find

better locations on the images to focus on.

3.3 Vision Transformers

More recently, Vision Transformer (ViT) [1] is introduced and has drawn interest with
a promising performance on visual tasks. Vision Transformer consists of an embedding
layer, transformer encoder, and multi-layer perceptron (MLP) layer. The network
regards the patches of an image as a sequence and learns the patch-wise relations using
Transformer encoders. Specifically, ViT segments the images into patches and extracts
the patch + position embeddings where the position indicates the location of the patch
on the original image. Then these vectors are fed into a transformer autoencoder

together with an extra class token. At the output of the transformer autoencoder,
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a multi-layer perceptron (MLP) takes the class token as the input and predicts the
class of the given sample. As the patches are embedded into linear feature vectors,
Vision Transformer does not use any convolution operation and still can learn image
representations successfully. The overall architecture of the Vision Transformer is

given in Figure 3.1.

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

- 0D OD ) D)D)

# Extra learnable

[elass] embedding Linear PI‘O_]CC[IOI‘I of Flattened Patches

i

Figure 3.1 : Vision Transformer architecture taken from [1].

With the promising performance of Vision Transformer, the performance of ViT on
fight recognition from still images problem was also examined. For the task at hand,
learning the alignment between various regions of the fight and non-fight images
give valuable information regarding the relevant positions of people and their body
parts. This information is seen as a significant cue for fight recognition. One of the
concerns for the fight recognition is that the images might contain motion blur due
to the aggressive nature of the fight actions. This could hurt the performance of the
classifier since some of the classification models might not be able to extract spatial
information successfully from blurry images. However, it is shown in [42] that ViT is
robust to blurry images where it can still extract valuable information in a challenging
setup. These points highlight the advantages of using Vision Transformer for the task

at the hand. As discussed in the upcoming experimental results section, the comparison
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between the Vision Transformer and the other image classification networks proves its

superiority and robustness.

Vision Transformer has various versions released with respect to the size of patches
(16x16, 32x32) and the depth of the Transformer autoencoder (Base, Large, Huge).
For the fight recognition in still images problem, the Large Vision Transformer with
16x 16 patch size was employed. Large Vision Transformer was the most appropriate
size for the collected dataset where a model was aimed with proper generalization. The
Base Vision Transformer was too shallow for the task and the Huge Vision Transformer
is too deep so that it overfits on a relatively small dataset and also computationally
expensive. Moreover, optioning patch size as 16x 16 enables the network to capture
more fine-grained regions and this helps to analyze the images where the fighting
people occupy a relatively smaller area within the overall image due to their distance

to the camera.

As a common approach in the literature, transfer learning is used for adapting a
high-capacity network to a downstream task. Thus, the employed Vision Transformer
network weights were initialized as ImageNet pre-trained weights, and the MLP layer
at the output of the Transformer autoencoder was replaced with a two-class output

MLP layer for fine-tuning it on the binary fight classification task.

For the sake of extracting more information from the fight images, some other
modalities were also tried to be employed for the fight recognition problem, such as
human segmentation and pose estimation. However, the abnormal positions of the
people in the scene and the low-quality images collected from real-world scenarios
make it inconvenient to extract human segmentation and pose skeletons properly. Some
cases such as people wrestling on the ground and people fighting where one of them is
occluded by the other one are examples of inconvenient cases. This is the reason why

only RGB images of fight scenes are used for recognition.
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4. PROPOSED DATASET

Upon the absence of a dataset to be utilized for fight recognition from still images, a

new dataset was generated from the social media images and video frames collected

from Twitter, Google, and NTU CCTV-Fights Dataset [3]. The newly generated dataset

was named Social Media Fight Images and the image URLSs and video frame numbers

were shared through Github! in order to not violate the copyright of mentioned sources.

The distribution of the samples among the sources and classes is given in Figure 4.1.
non-fight

fight 299
non-fight 5,8%

i

fight

2,8%
non-fight

46,4%

= Twitter m=Google = NTU CCTV-Fights

Figure 4.1 : Distribution of the samples across sources where inner circle indicates the
overall distribution across sources and outer circle displays the percentages of classes
for each type of source. Overall class percentages are 48.1% for fight class and 51.9%
for non-fight class.

Uhttps://github.com/sayibet/SMFI
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As Figure 4.1 shows, Twitter data constitutes the largest part of the dataset with 86% of
whole samples. The Twitter data was collected using the publicly available Artificial
Intelligence for Disaster Response (AIDR) system [2] in order to gather a large number
of images easily. The AIDR system was originally proposed for analyzing tweets
during disaster scenarios for assessment of the situation. However, it also aims to
introduce a system for easing data collection on the Twitter platform. An overall view

of the system is given in Figure 4.2.
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Figure 4.2 : Overall view of AIDR system taken from [2].

The AIDR system first collects tweets from Twitter by filtering them according to
the given keywords and hashtags. Then, it uses a crowd-sourcing system to label
a subset of collected tweets for training a classifier on these labels. The automatic
classification model can be enhanced when more labels are available. In the end,
classified tweets are given as the output. For this study, the AIDR system was used for
collecting fight-related tweets with media content in them such as images and videos.
For the remaining part of the dataset, (1) a script was used for downloading image
search results from Google given search keywords, (2) the video frames were manually

extracted from NTU CCTV-Fights [3] dataset.

In order to collect a diverse set of images from Twitter and Google, a large set of
keywords were used. The keyword set includes but is not limited to fight, school fight,
street fight, fighting people, kicking. Using a variety of keywords enabled to obtain

a generalized dataset in terms of the type of fight action (fisting, kicking, pushing,
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wrestling, etc.). It also provided samples that cover different fight scenarios with a
varying number of individuals in the scene, such as group fighting, fighting people in
crowded scenes, and one-to-one fights. Moreover, considering that the users on social
media tend to upload their content in their own language, the tweet texts, hashtags,
and keywords may vary based on the user’s language and region. In this scope, the
keyword set is extended to include keywords in different languages such as French,
Chinese, Russian, Arabic, Spanish, Hindi, Turkish. The benefit of this extension was
two-fold. First, this made it possible to span a larger part of the social media content
and increased the size of the collected data. Second, taking into account that the
individuals displayed in the media content may vary in terms of race based on the
user’s country, collecting samples from all around the world enabled to have a diverse

dataset that is not biased towards any particular race or geographic region.

The images from social media platforms were collected based on chosen keywords.
Since it is common to share media content on social media irrelevant to the text,
keywords, or hashtags, a large part of the images were not relevant to the fight
context. Thus, the gathered set of images was examined further by checking their
content manually and choosing appropriate samples for fight class. The same process
is applied to the NTU CCTV-Fights [3] part of the dataset where frames from videos
in the dataset were uniformly sampled and diverse frames were chosen among them.
During this examination, for both the social media data and NTU CCTV-Fights [3]
dataset frames, some constraints were considered. For instance, people tend to
share their own recordings of fighting moments on social media where most of the
samples are spontaneous mobile device recordings. Thus, as the main domain is
recognizing fight images on social media, samples with these characteristics were
chosen. The surveillance camera recordings in NTU CCTV-Fights [3] dataset or
controlled recordings of fight actions are not included in the dataset. Besides, the

gender, race, and positions of the actors vary across the chosen samples.

The dataset was collected gradually. In order to make it easier to annotate the collected
raw data, an intermediate classification model was trained on the first batch of the

dataset. The model was then used to assign weak labels for the upcoming batches. The
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weak labels were reviewed and corrected if necessary. This made the dataset collection

and annotation much easier.

Figure 4.3 : Some non-fight samples from the dataset with different difficulty levels
as (top) easy samples totally unrelated to the real-life fight actions, (middle) normal

samples from real life scenarios, (bottom) hard samples depicting similar actions to
fighting.
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As the proposed SMFI dataset is an in-the-wild dataset which comprises recordings of
fight moments in real-world and the recognition domain is social media content, the
non-fight samples of the dataset were also collected from Twitter. There are different
types of non-fight instances in the dataset as easy, normal, and hard samples. Some
example images are shown in Figure 4.3. Easy samples are images that are totally
unrelated to the real-world, such as screenshots, memes, and similar content that are
likely to be shared on social media. Normal samples are selfies, real-world photographs
without people in them or with people standing still. Hard samples are such images
or video frames where the people in the scene are moving in a slightly similar manner
to the fight action. The sports videos with players running or throwing a ball, dancing
people, some other crowded scenes, and blurry images can be categorized under hard
samples. These hard samples are mostly the samples that were misinterpreted by the
initial model. As many as possible hard samples were included in the dataset so that
the classification will be solely based on the action displayed on the images instead
of any other characteristics, such as the number of people in the scene or motion blur.

The number of samples in the SMFI dataset is given in Table 4.1.

Table 4.1 : Number of fight and non-fight samples across different sources in the SMFI
dataset.

Twitter Google NTU CCTV-Fights [3] Total

Fight 2247 162 330 2739
Non-fight 2642 146 164 2952
Total 4889 308 494 5691
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S. EXPERIMENTS AND RESULTS

For the experimentation part, four main research questions were investigated:

How well can one perform fight recognition on still images in the wild?

As the available data on social media changes over time, how does this affect the

performance of the trained model?

Can a model trained on still images be used for fight recognition on videos?

How well do the trained models generalize across different fight datasets?

The experimentation and results regarding these research questions are given in the

following sections.

5.1 Fight Recognition on Social Media Images

For the fight recognition on social media images, the proposed SMFI dataset was used
for the experiments. In order to compare and assess the performances of deep learning
architectures on this task, several learning models were fine-tuned on the dataset.
The chosen model architectures are VGG-16 [39], ResNet-50 [40], ResNeXt-50 [43],
and ViT [1] as these networks are well-accepted approaches for image classification
task and cover the essential concepts of it. For the performance evaluation, 10-fold
cross-validation was used instead of defining a fixed test set. Considering that the
samples in the dataset might be removed in time, reporting results on a fixed test
set which is subject to change in the future would hamper the reproducibility of
experiments. Therefore, using 10-fold cross-validation, one can achieve a more fair

evaluation of techniques.

The experimental setups for each of the trained models are as follows. All networks

were trained for 20 epochs.
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VGG-16 [39]: Cross-entropy loss with Adam optimizer [44] was used. Weight decay
was le-3 and the learning rate was Se-4 for the pre-trained layers and 1e-3 for the final

classification layer. The first three layers were frozen.

ResNet-50 [40] and ResNeXt-50 [43]: Cross-entropy loss with Adam optimizer was
used. Weight decay was le-3 and learning rate was Se-4 for the pre-trained layers and

le-2 for the final classification layer. First five layers were frozen.

ViT-Large-16 [1]: Cross-entropy loss with SGD (Stochastic Gradient Descent)

optimizer was used. Weight decay was le-2 and learning rate was 3e-3.

The fight recognition results on SMFI dataset are reported in Table 5.1 as mean
accuracy for 10-fold cross-validation evaluation. The results demonstrate the
superiority of Vision Transformer over other networks for the fight recognition task.
It outperforms the other three networks by a margin in terms of validation accuracy.
Besides, the generalization ability is another significant metric for the assessment of
the performance of deep learning models. The generalization of the models can be
observed by comparing the train accuracies and validation accuracies. If the training
accuracy is much higher than the validation accuracy, this means that the model
memorizes the training data but cannot transmit the learning to unseen data. This
is an unwanted behavior since the model needs to learn the overall data representation
instead of only learning the training data distribution. When the gaps between the
training accuracy and the validation accuracy are considered, the difference for Vision
Transformer is relatively small indicating that using Vision Transformer prevents
overfitting to some degree, providing a better generalization. However, the other three
networks are highly overfitted meaning that they memorize the training data and fail to
generalize.

Table 5.1 : Averaged 10-fold cross-validation results of image classification networks

on proposed SMFI dataset. ViT outperforms other network in terms of both validation
accuracy and less overfit.

Network Train Accuracy Test Accuracy
VGG-16 96.3% 83.0%
ResNet50 100% 87.7%
ResNext50 100% 88.3%
ViT Large 16 96.3 % 95.5%
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Figure 5.1 : Visual attention maps of some fight samples from the SMFI dataset. Maps
were extracted from ViT and the model can successfully highlight the salient areas.
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As a qualitative analysis, visual attention maps of the Vision Transformer model were
extracted. The visual attention maps represent the activated regions of the feature map
prior to the classification. This means that the model determines the class of the sample
by looking at the highlighted areas. The activation maps given in Figure 5.1 illustrate
that the Vision Transformer attends to the reasonable regions on the image to classify
the samples (i.e. humans in the scene). Thus, the fight recognition is done based on
the human positions instead of other characteristics of the image such as background

or motion blur.

5.2 Effect of Varying Dataset Size on the Model

The dataset was collected from social media uploads as it is described in Chapter 4
and the links to the social media content were shared instead of the images themselves
due to copyright issues. However, the uploaded content on social media could be
removed in time by authorities or the users themselves. Especially for the violent
content case, the removal speed is relatively higher since it is considered as a sensitive
subject. Eventually, it might not be possible to retrieve the entire set of samples as
time passes and the number of samples that can be accessed through the shared links
is likely to decrease. Considering this issue, it was investigated how the trained model

is affected by the removal of data.

In order to simulate the data removal pattern in various timestamps, the model was
fine-tuned on different partitions of the dataset. To that end, the dataset was split
into training, validation, and test sets as 70%, 20%, and 10% of whole samples,
respectively. Then, five partitions were sampled as 40%, 50%, 60%, 80%, and 100%
among all samples in the training and validation sets. The partitions were randomly
sampled so that a consistent distribution among the partitions was provided. The test
set was kept constant across the experiments for the sake of a fair comparison of the

models.

Since the Vision Transformer gave the best results in Section 5.1, it was used for
measuring the effect of the removal of data in time. The accuracies obtained by the

network on different partitions of the data are given in Table 5.2. The evaluation results
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Table 5.2 : Performance of ViT with respect to use of different amount of development
data.

Partition Train Validation Test
100% 95% 92% 95%
80% 95% 92% 94%
60% 96% 91% 94.2%
50% 98% 92% 94.2%
40% 98% 90% 94.2%

indicate that the trained Vision Transformer model is robust to variations in dataset

size.

When all of the data is available for training, the network achieves 95% accuracy on
the test set. The training accuracy for the same setup is also 95% meaning that the
model can successfully generalize. As the dataset size is decreased, the gap between
the training accuracy and test accuracy increases rapidly. This indicates that as more
data is available for training, the model better generalizes, and decreasing dataset size

results in overfitting.

For the test accuracy, it slightly decreases as the data samples are removed but even if
60% of the samples are lost due to the deleted content on social media platforms, the
accuracy was still on par with the ideal case, i.e all data samples are available. Thus, it
can be claimed that the Vision Transformer can perform well on fight recognition task

even if the entire dataset could not have been retrieved.

5.3 Single-frame Fight Recognition on Video-based Fight Datasets

The previous works mostly tackled the fight recognition task on video datasets using
temporal information. In this scope, several fight video datasets were proposed such
as Hockey [4], Movie [4], Crowd Violence [5], and Surveillance Fight [7] datasets.
In order to investigate if the temporal information is necessary for the classification of
these datasets, a still-image-based comparative experiment has been held on four video

fight datasets:
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* Hockey Fight Dataset [4] contains 1000 videos in total as 500 of them are fight
and 500 of them are non-fight samples. The videos are 1-2 seconds long cuts from

hockey game recordings where players are fighting or just playing the game.

* Movie Dataset [4] contains 200 videos in total where 100 of them are fight samples
and 100 of them are non-fight samples. Fight samples were collected from sports
games (e.g., soccer, boxing, etc.) and some Hollywood movies. Non-fight samples
include casual events, such as walking and waving hands. Videos are 1-2 seconds

long.

* Crowd Violence Dataset [S] is more focused on the crowd violence where a high
number of performers are involved in the violent act. The dataset consists of 246
samples as 123 of them are fight and 123 of them are non-fight samples. Dataset
was collected from real-world scenarios, such as violent actions in football games

and group fighting on street. The duration of the videos varies between 1-6 seconds.

* Surveillance Fight Dataset [7] includes surveillance camera recordings of the fight
and non-fight occasions collected from YouTube. 300 samples are included in the
dataset where 150 of them are fight and 150 of them are non-fight videos. Video

sequences are 1-3 seconds long.

For the still-image-based classification experiment, a single frame from each video
sample was used for the classification of video datasets. The single frame was
randomly sampled among the frames of videos in the respective dataset and labeled
with the same label of the video. Two image classification networks were fine-tuned
on the single frame data as ResNet-50 [40] and ViT [1]. The implementation details of

the networks are as follows.

ResNet-50 [39]: ImageNet pre-trained network was used where the first five layers
were frozen. Learning rate and weight decay were set to le-3 and cross-entropy loss

with Adam optimizer was used.

ViT-Large-16 [1]: Large Vision Transformer with 16x 16 patch size. Cross-entropy

loss with SGD optimizer was used. Weight decay was le-2 and learning rate was 3e-3.
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Table 5.3 : Results on video fight datasets. Bold ones were obtained without using
temporal information. One frame was chosen randomly from each sample and these
frames were classified using respective image classification networks.

Hockey @ Movie Crowd  Surveillance

Spatiotemporal Encoder [14] 96.5% 100% 92.1% -
ConvLSTM [13] 97.1% 100% 94.5% -
Flow Gated Network [8] 98% 100% 88.8% -
FightNet [45] 97% 100% - -
3D CNN [10] 96% 99.9% 98% -
CNN + Bi-LSTM + attention [7] 98% 100% - 72%
Kang et al. [46] 99.6% 100% 98% 92%
ViT (frame-based) 98 % 100% 98 % 84.6 %
ResNet50 (frame-based) 99 % 99.5% 97 % 76.6%

In order to evaluate the models, 5-fold cross-validation was used as this is the
common approach for fight recognition in videos literature. The accuracies of
the networks fine-tuned on single frames were compared with approaches that use

temporal information for video classification. Results are shown in Table 5.3.

The results reported in Table 5.3 show that it is possible to classify the video-based
fight datasets using only a single frame. The single frame-based solutions with
ResNet-50 [40] and Vision Transformer [1] give comparable accuracies to those
approaches using temporal information across the frames. Even in some cases, it was

seen that the single frame-based setup is superior to the video-based setups.

One of the reasons for the obtained results is seen as the high inter-class distribution
difference between the fight and non-fight classes for Hockey and Movie datasets.
Randomly chosen frames from the samples in Hockey and Movie datasets are given in
Figure 5.2 and Figure 5.3, respectively. The frame distribution for the Hockey dataset
demonstrates that the fight scenes in hockey games are mostly recorded from close
angles since the fight actions are considered as an anomaly in the regular flow of the
game and found to be intriguing for the viewers. However, for the non-fight cases,
players play the game as usual and the camera records the game from a wide angle.
This pattern could be a significant cue for the discrimination of fight and non-fight
samples using a single frame. Similarly, for the Movie dataset, the non-fight samples

are collected in controlled environments with similar backgrounds. Thus, there is a
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distinct difference between the color scales and this is seen as the reason why it was
possible to classify this dataset successfully using only one frame from each video.
The characteristics of these two datasets explain how it is possible to achieve nearly
perfect accuracies without using temporal information at all. The results also imply
that there might be a bias problem for these three video-based fight datasets, Hockey,

Movie, and Crowd Violence.

Differently from the Hockey, Movie, and Crowd Violence datasets, the
single-frame-based classification on the Surveillance Fight dataset could not
perform comparably to all video-based classification approaches. Even though the
single-frame-based method outperforms the approach using CNN + Bi-LSTM +
attention model [7], it falls behind the proposed approach at [46]. The work of
[46] proposes a solution for video fight detection using two modules for spatial
and temporal attention, which highlight the informative regions in both dimensions.
It achieves better results than the single frame case making use of the temporal
information, indicating that the Surveillance Fight dataset is a relatively harder dataset
than the others. Using temporal information is still necessary to achieve higher

performance on this dataset where spatial information is not enough on its own.

5.4 Cross-dataset Experiments

Upon the results obtained and reported in Section 5.3, a dataset bias analysis for fight
recognition datasets was regarded as insightful experimentation. In this scope, the
generalization of the fine-tuned models on fight recognition datasets was investigated
through cross-dataset experiments. The proposed SMFI dataset was compared with
other video-based fight recognition datasets, i.e Hockey [4], Movie [4], Crowd

Violence [5], and Surveillance Fight [7], through the cross-dataset experiments.

For the video-based datasets, the same setup was used with the single frame experiment
in Section 5.3 where a single random frame from each video is used for the training
of the network. The corresponding networks for each dataset were chosen based on
their classification performance on that dataset. In the end, fine-tuned ResNet-50 [40]
model was used for Hockey, Movie, and Crowd Violence dataset experiments and

fine-tuned Vision Transformer [1] model was used for Surveillance Fight and SMFI
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Figure 5.2 : Fight class (top) and non-fight class (bottom) frames from Hockey Fight
Dataset.
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dataset experiments. During the testing, again single frames from each video were

used for video datasets. For the SMFI dataset, the models were tested on all available
samples.

Table 5.4 : Cross-dataset experiment results on video-based fight recognition datasets
and proposed SMFI dataset. Rows indicate the training dataset and columns indicate

the testing dataset.

Testing

Hockey Movie Crowd Surveillance SMFI Average
Hockey - 66.5% 56.5% 62.6% 572%  60.7%

%n Movie 60.7% - 60.0% 54.0% 522%  56.7%
05 Crowd 50.3% 32.0% - 54.3% 56.8%  48.3%
&= Surveillance 77.5% 69.0% 81.4% - 69.4%  74.3%

SMFI 70.6%  T4.1% 76.7% 67.3% - 72.2%

Results for the cross-dataset experiments are reported in Table 5.4. The average
accuracies indicate that the generalization ability of the Vision Transformer model
fine-tuned on the SMFI dataset is higher than the three frame-based models fine-tuned
on the video datasets Hockey, Movie, and Crowd Violence. This points out that the
proposed SMFI dataset covers an extensive representation of the fight scenes in the
real-world and the model trained on this dataset can also classify the other datasets
with satisfying accuracy. Relatively lower average accuracies for video-based datasets
might mean that the frames extracted from these datasets (Hockey, Movie, Crowd
Violence) fail to generalize the fight recognition problem and models cannot be adapted
to other domains. This once more highlights the bias problem in the available fight
recognition datasets. It is also worth noting that the cross-dataset average accuracy of
the Surveillance Fight dataset surpasses the SMFI. This result can be explained by the
fact that the Surveillance Fight dataset is also an in-the-wild dataset and has a relatively

lower bias.
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6. CONCLUSION

As it is discussed in previous sections, violent content on social media can be
significantly harmful to society. Thus, recognition systems for these kinds of media
content were developed and used for censoring. Fight scenes are one of the most
common types of violent content and are frequently shared on social media by users
who witness these kinds of abnormal activities. It is also regarded as a sensitive
context for people, especially for the younger generation. There were several fight
recognition systems developed for recognizing fight actions from videos, which
depend on temporal information available in video sequences. However, there exists
a non-negligible amount of still image data on social media depicting fight scenes and
no prior work has focused on the discrimination of such data. In this thesis, the task of
fight recognition from still images is explored and a fight recognition system for social
media case was proposed along with introducing a novel dataset that is collected from

real-world social media fight images.

The introduced dataset named Social Media Fight Images (SMFI) consists of
images collected from Twitter and Google and also some video frames from NTU
CCTV-Fights [3]. Dataset images were collected from real-world fight scene images
shared on social media platforms and various keywords in different languages are
used. This dataset collection process resulted in creating an in-the-wild dataset that
is not biased towards any race or geographical region and presents an extensive
representation of fight scenes. The dataset was made publicly available by sharing

the links to the social media contents included in the dataset.

The fight recognition from still images task was handled as a binary classification
problem where the aim is discriminating between the fight and non-fight scenes.
Convolutional Neural Networks and Vision Transformer were utilized for the
classification and their performances were compared in terms of accuracy and

generalization. In the end, it was concluded that Vision Transformer is more successful
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in the classification of the SMFI dataset and generalizes the fight recognition task better
than the other utilized networks. The self-attention mechanism and the robustness to
the blurry images were seen as the key points to the success of the Vision Transformer

on this task.

One of the problems regarding the dataset was considered as the varying dataset size in
time due to the deleted content on social media platforms. Since the dataset was shared
through links to the images, it might not be possible to retrieve the whole dataset in
the future. Thus, the effect of varying dataset size was also investigated through data
removal simulation and Vision Transformer managed to give a satisfying performance

in terms of accuracy even the 60% of the data is assumed to be removed.

As the image classification networks performed with promising accuracies on fight
recognition from still images task, the necessity of the temporal information for the
classification of video-based fight datasets was analyzed through the single-frame
based experiments. The evaluation of the networks trained on single frames from each
video in video-based fight datasets indicates that the temporal information might not be
a significant modality for the classification of these specific datasets, Hockey, Movie
and Crowd Violence. Most of the available video datasets could be classified with
nearly perfect accuracy, only using a randomly chosen single frame. In order to get
an insight into the obtained results, the randomly chosen frames are examined. It is
seen that the visual difference between the classes is really high and they can be easily

discriminated without temporal information.

Upon the results obtained in single-frame experiments, a bias analysis on the
video-based datasets is considered intriguing and cross-dataset experiments were
conducted. The trained models on the video-based fight datasets perform poorly
when they are tested on the other datasets. These results point out that most of
the video-based datasets have a bias problem where they fail to generalize the fight
recognition problem. Given that the model trained on the proposed SMFI dataset
shows better performance on other datasets on average, it can be concluded that the
SMFI dataset covers the domain of fight recognition in real-world scenarios better

than most of the video-based fight datasets.
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In conclusion, this thesis and the proposed Social Media Fight Images (SMFI) dataset
set a baseline for future works in fight recognition from still images. Besides, the
extensive experimental analysis reported in the thesis shows that Vision Transformer
is a promising approach for fight recognition task and it exposes some significant
problems regarding video-based fight recognition datasets while highlighting the

generalization ability of the proposed SMFI dataset.
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