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A VIDEO DATASET OF INCIDENTS &
VIDEO-BASED INCIDENT CLASSIFICATION

SUMMARY

Nowadays, the occurrence of natural disasters, such as fires, earthquakes, and floodings
have increased in our world. Detection of incidents and natural disasters became more
important when action is needed. Social media is one of the data sources to see natural
disasters and incidents thoroughly and immediately. There are a lot of studies to detect
incidents in the literature. However, most of them are using still images and text
datasets. The number of video-based datasets is limited in the literature. Moreover,
existing video-based studies have a limited number of class labels. Motivated by the
lack of publicly available video-based incident datasets, a diverse dataset with a high
number of classes is collected which we named as Video Dataset of Incident (VIDI).

The collected dataset has 43 classes which are exactly the same as the ones in the
previously published Incidents Dataset. It includes both positive and negative samples
for each class as in the Incidents Dataset. The dataset contains 8.881 videos in
total, 4.534 of them are positive samples and 4.347 of them are negative samples.
Approximately, there are 100 videos for each positive and negative class. Video
duration is ten seconds on average. YouTube is used as the source of the videos and
video clips are collected manually.

Positive examples of the dataset consist of natural disasters such as landslides,
earthquakes, floods, vehicle accidents, such as truck accidents, motorcycle accidents,
and car accidents, and the consequences of these events such as burned, damaged, and
collapsed. Positive samples may contain multiple labels per video and image. It means
video can belong to more than one class category. On the other hand, negative samples
do not contain the disaster of that class. Samples in the negative can be instances that
the model can easily confuse. For instance, the negative example of "car accident"
class can be a normal car driving or a video that includes a "flooded" incident, since it
contains "flooded" incident but it does not include a "car accident".

It is aimed to ensure diversity in the dataset while collecting videos. Videos from
different locations for each positive and negative sample are collected to increase
diversity. Another approach to increase diversity is to look for videos in various
languages to capture the styles of different cultures and include region-specific events.
Six languages are used and they are as follows: Turkish, English, Standard Arabic,
French, Spanish, and Simplified Chinese. When these languages are not sufficient,
videos are queried in different languages, too.

After the dataset is collected, various experiments are performed on it. While
performing these experiments, the latest video and image classification architectures
are used on both existing image-based and newly created video-based incident datasets.
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The first part of the study is conducted by using only positive samples and negative
samples are included in the second part.

One of the motivations was to explore the benefit of using video data instead of
images for incident classification. To investigate this need, the Vision Transformer and
TimeSformer architectures are trained using only positive samples of both datasets for
the classification of the incident. Top-1 and top-5 accuracies are used as evaluation
metrics.

ViT which is designed for the images is performed on the Incidents Dataset. Then,
TimeSformer which is designed for multi-frame data is performed on the collected
video-based dataset. Eight frames are sampled from each video in the collected dataset
and used for the TimeSformer multi-frame training. Since datasets and architectures
are not the same in these experiments, it would not be a fair comparison between the
image and the video datasets. So, the TimeSformer architecture is performed also
on the Incidents Dataset and the ViT is performed also on the VIDI. Input data is
adapted according to the requirements of the architectures. In the video classification
architecture, each image from the Incidents Dataset was treated as a single-frame
video. In the image classification architecture, the middle frame of the input video
is used as an image. Finally, to be able to show the impact of using multiple-frames
in the incident classification, the TimeSformer architecture is performed also with a
single-frame from a video dataset. The same downsampling method is applied and the
middle frame is used for the training.

TimeSformer achieved 76.56% accuracy in the multi-frame experiment, while 67.37%
accuracy is achieved in the single-frame experiment on the collected dataset. This
indicates that using video information when available improves incident classification
performance.

In the experiments, the performance of the state-of-the-art, ViT and TimeSformer
architectures, for incident classification is also evaluated. The used method in
the Incidents Dataset paper and state-of-the-art image classification architecture
performance are compared. The used approach in the Incidents Dataset paper was
using ResNet-18 architecture. ViT and TimeSformer achieved higher accuracies than
the ResNet-18 on the image-based Incidents Dataset. While the Resnet-18-based
model achieved 77.3% accuracy, ViT and TimeSformer achieved 78.5% and 81.47%
top-1 accuracy, respectively.

Additionally, the performance of ViT and TimeSformer is compared using both
datasets in their single-frame version. TimeSformer achieved 67.37% and ViT
achieved 61.78% on the single-frame version of the video-based dataset. Moreover,
TimeSformer performed 81.47% and ViT performed 78.5% on the image dataset.
TimeSformer is found to be superior to ViT on both datasets. However, the results
in the collected dataset are lower than those obtained in the Incidents Dataset. There
could be two main reasons for this: (1) the image-based dataset contains more
examples for training, so systems can learn better models. (2) The collected dataset
contains more difficult examples for classification.

The second part of the study includes negative samples. By using both positive and
negative samples, binary classification models are trained for all classes. The main
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idea was to measure the performance that a model could detect whether or not that
disaster occurs in a given video. Therefore, 43 separate models are trained. As a result,
the best accuracy is achieved by the "landslide", and "dirty contamined" classes. The
model got the lowest accuracy in the detection of "blocked" disasters.

Finally, one more classification experiment has been run on VIDI. This experiment
uses negative samples as the 44th class. For the 44th class, 100 videos that do not
include any incidents are selected from the negative samples. By using these classes,
72.18% accuracy is achieved for this experiment.

In summary, a highly diverse disaster dataset with many classes is presented in this
study. For the classification tasks, the performances of the recent video and image
classification architectures on video and image datasets are compared, and binary
classification experiments are done for each class.
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FELAKET VIDEO VERISETI &
VIDEO-TABANLI FELAKET SINIFLANDIRMASI

OZET

Son giinlerde diinyada, dogal afetlerin ve felaketlerin sayisinda artis goriilmeye
baglandi. Bu gibi durumlar meydana geldiginde hizli aksiyon almak onemli bir
hal aldi. Sosyal medya bu konuda 6nemli bir veri kaynagidir. Diinyanin herhangi
bir yerinde felaket meydana geldiginde, bu olaylara ait goriintiiler, sosyal medyada
hemen yer alabilir. Bu sebeple, bu gibi durumlarda sosyal medyay1 verimli kullanmak
gerekmektedir.

Literatiirde, felaketlerin tespiti i¢in pek ¢ok ¢alisma yapilmistir. Ancak, var olan veri
setleri, cogunlukla metin ve resim iizerinedir ve literatiirdeki video tabanl felaket veri
setleri sinirlhi sayidadir. Var olan veri setleri ise, sinirli sayida felaket sinif etiketine
sahiptir. Bu eksiklikten yola ¢ikarak, bu ¢alisma ile literatiire cesitliligi fazla ve yiiksek
sayida sinifa sahip VIDI adinda video tabanli bir veri seti sunulmasi hedeflenmistir.

Yiiksek smf sayisia sahip olup cesitliligi yiiksek olan bir resim tabanli veri seti,
halihazirda literatiirde mevcuttur. Bu calismada, resim veri setini tamamlayacak, video
tabanli bir veri seti olusturulmasi hedeflenmistir. Olusturulan veri setinin siniflari, var
olan felaket resim veri setinin siniflari ile ayni olup, 43 adet farkli sinif sayisina sahiptir.
Olusturulan veri seti, her bir felaket sinifi icin pozitif ve negatif veriler icermektedir.

Veri seti, toplamda 8.881 adet videodan olugmaktadir. Bunlardan 4.534 tanesi pozitif
ornekler olup felaket icermekteyken, 4.347 tanesi 43 sinifin negatif ornekler olarak
veri setinde bulunmaktadir. Her bir sinif i¢in yaklagik 100 tane pozitif ve negatif video
bulunmaktadir. Video kliplerinin siiresi minimum 2 saniye, maksimum 60 saniyedir.
Cogu video, ortalama on saniye siirmektedir. Veri setindeki biitiin videolarin kaynagi
olarak YouTube kullanilmistir.

Veri setinin pozitif 6rnekleri deprem, sel, heyelan gibi dogal afetler, araba kazasi,
kamyon kazasi, motosiklet kazas1 gibi ara¢ kazalar1 ve bu olaylarin sonuglarini iceren
hasarli, yanmis, yikilmig durumlarini iceren videolardan olusur. Pozitif ornekler,
birden fazla etiket ile etiketlenmis olabilir. Bunun sebebi, bir videonun birden
fazla felaketi icerebilmesidir. Ornegin, yanmis bir ev hem yanmis hem hasarh
etiketiyle etiketlenebilir veya bir araba kazas1 hem trafik kazas1 hem de bloklu olarak
etiketlenebilir.

Negatif ornekler ise, her sinif i¢in o felaketi icermeyen videolardan olusur. Negatif
ornekler toplanirken, bu verilerin, pozitif drneklerle kolayca karigtirilabilecek videolar
olmasina 6zen gosterilmistir. Ornegin, "araba kazas1" siifinin negatifi olarak, kaza
olmayan araba siiriis videolar1 ya da "sel" iceren videolar, araba kazas1 icermedigi i¢in,
araba kazasinin negatifi olarak veri setine eklenmistir.
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Veriler toplanirken, cesitliligin yiiksek olmasi hedeflenmistir. Bu sebeple, her bir
sinifin pozitif ve negatif ornekleri i¢in farkli lokasyonlardan videolar toplanmistir.
Cesitliligi artirmaya yonelik bir diger yaklasim da, farkli kiiltiirlerin tarzlarim
elde etmek ve o bolgeye 6zgii olaylar1 dahil etmek icin cesitli dillerde videolar
aramaktir. Temel olarak su alt1 dil kullamlmistir: Tiirkce, Ingilizce, Standart Arapca,
Fransizca, Ispanyolca, Basitlestirilmis Cince. Bu dillerde toplanan video sayis1 yeterli
olmadiginda, daha fazla video toplamak amaciyla, veri setinde Hintceye, Almancaya
ve birkag farkli dile de yer verilmistir.

Bu dillerin seciminde, diinya genelinde konusulma sikligi ve bu dillerin konusuldugu
bolgelerdeki cevre sartlar1 dikkate alinmistir. Ornegin, farkli bolge veya iilkelerdeki
binalarin goriiniimii kiiltiir, konum ve malzeme mevcudiyetine bagh olarak birbirinden
farkli olabilir. Amerika’da yapr malzemesi olarak yaygin olarak ahsap kullanilirken,
Orta Dogu’da kiregtas1 daha yaygindir. Ayrica, farkli iklim olaylarinin 6nlemleri ve
sonugclari, beklendigi iilkelerde ve beklenmedigi iilkelerde oldukga farklidir.

Bazi afetlerin, belirli bolgelerde yasanmasi nedeniyle, her sinifta bu dillerin bulunmasi
miimkiin olmayabilir. Ornegin, derecho -Tiirkgeye, diiz ve sert esen riizgar olarak
cevrilebilir ancak Tirkiye’de goriilmemektedir.-, cogunlukla Kuzey Amerika’da var
olan bir olaydir. Bu nedenle, derecho video klipleri agirlikli olarak Ingilizce olarak
toplanmistir. Bu etiketteki problemi diizeltmek i¢in bu felaketin yasandig: iilkelerin
listesi bulunmus ve bu bolgelere gore farkli dillerde aramalar yapilmistir.

Veri toplama sirasinda karsilasilan bir diger engel ise anahtar kelimelerin diller arasi
cevirisi sirasinda ortaya ¢ikan uyusmazliklar olmustur. Bazi diller i¢in yapay sinir
aglar1 tabanli ceviri uygulamalar1 kullamilmistir. Kullanilan ceviri uygulamasinin
calisma prensipleri geregi, hedef dilde cevirilmek istenen olaya ait bir kelime
olmadiginda, o olaya en yakin isim veya isim tamlamasi Onerilmektedir. Tropikal
siklon bu duruma oOrnek olarak verilebilir.  “Tropikal siklon” etiketi Arapcaya
cevrildiginde, terciime edilen kelimenin kasirga ile ayn1 anlama geldigi goriilmektedir.
Bu sorunlar, hedef dili anadili olarak kullanan insanlar ile birebir etkilesime gecilerek
coziilmeye calisilmigtir.

Ceviri sorunlarinin yan sira, bir diger problem de niikleer patlama gibi bazi1 etiketler
icin video bulunmasidir. Niikleer patlamalar icin mevcut videolar 1945 ile 1963 yillari
arasinda Amerika Birlesik Devletleri ve Sovyet Sosyalist Cumhuriyetler Birligi’nde
kaydedilmistir. O yillardan sonra atmosferik testler yasaklandigindan dolayi, bu etikete
sahip sinirli sayida video vardir. Bu nedenle, toplanan videolar ¢ogunlukla ayni
sahnenin, farkli kanallardan kopyalarini icermektedir.

Veri seti toplandiktan sonra, iizerinde cesitli deneyler yapilmistir. Bu deneyleri
gerceklestirirken, hem var olan resim tabanli hem yeni olusturulan video tabanl felaket
veri setlerinde en yeni video ve resim smiflandirma mimarileri kullanilmigtir.  Adil
bir performans karsilastirmast yapilmasina 6zen gosterildigi icin, her iki veri seti
de aym sinif etiketlerine sahiptir. Calismanin ilk boliimiinde sadece pozitif veriler
kullanilirken, ikinci boliimiinde ise hem pozitif hem de negatif veriler kullanilmistir.

Bu calismanin motivasyonlarindan biri, felaket siniflandirmasi icin resim yerine video
verileri kullanmanin faydasin1 goézlemlemektir. Bunu saglamak icin ilk asamada,
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Vision Transformer ve TimeSformer mimarileri, felaket siniflandirmasi i¢in her iki
veri kiimesinin yalnizca pozitif 6rnekleri kullanilarak egitilmistir.

Kullanilan mimarilerden bahsetmek gerekirse, Vision Transformer mimarisi, resim
siniflandirma amach tasarlanmigtir.  Temel olarak dogal dil isleme gorevleri
icin kullanilan ve herhangi bir konvoliisyonel katman kullanmayan Transformer
bloklarindan olusur.  Transformer bloklarinin birlestirilmesi ile ViT mimarisi
olusturularak resimlere uygulanmistir ve resim simiflandirma igin literatiirde elde
edilen dogruluk oranlarindan daha iyi bir sonug elde edilmistir.

ViT mimarisi calisma diizeninde, ilk olarak, resimler kare parcalara boliiniir ve her
biri bir simge olarak ele alinir. Bir sonraki adimda parcalar diizlestirilir ve alt boyuta
indirgenir. Parcalarin siras1 model tarafindan bilinmediginden dolayi, diizlestirilen
parcaya konum bilgisi eklenir. Ardindan, standart Transformer kodlayici bloklari, hem
parcalarla hem de diizlestirilmis yamalarin konumlari ile beslenir. Pek ¢ok veri setinde
basarili sonuclar elde etmistir. Bu sebeple, bu calismada da siniflandirma problemleri
i¢in bu mimari tercih edilmistir.

TimeSformer modeli, Vision Transformer’dan ilham alinan bir mimaridir ve ViT
mimarisine zamansal boyutta dikkat mekanizmalar1 eklenerek video igleme i¢in uygun
hale getirilmistir. Vision Transformer’a benzer sekilde TimeSformer da, video igleme
icin Transformer mimarisini kullanir.

TimeSformer mimarisinde, bir videodaki her bir ekran parcalara ayrilarak dogrusal
olarak diizlestirilir. Ardindan, bu diizlemlere parcalarin uzamsal ve zaman konumlari
eklenir. Dikkat mekanizmasindan gecirilerek simiflandirma yapilir. TimeSformer
mimarisi ¢alismasinda, tasarlanan bes farkli dikkat mekanizmasi ile ¢esitli deneyler
yapilmustir. En iyi sonucu elde eden boliinmiis uzay-zaman dikkat mekanizmasi, bu
calismada kullanilmistir.

Bu mimariler iki adet veri seti {izerinde egitilmistir. Bunlardan ilki Incidents veri
setidir. Bu veri seti resim tabanli olup, 43 adet farkli kategoriden olugsmaktadir. Veri
seti, makalenin yazarlan tarafindan, egitim, dogrulama ve test kiimelerine boliinerek
paylasgilmistir. Egitim setinde 312.742 6rnek bulunurken, dogrulama setinde 17.357
ornek ve test setinde 17.255 6rnek bulunmaktadir.

Kargilagtirma yapabilmek amaciyla, VIDI, bu ¢alismada olusturulmustur ve video
tabanli bir veri setidir. Olusturulan veri seti, pozitif ornekler ile simiflandirma
deneylerinde kullanilmistir. Bu deneyler, egitim i¢in 3.721 video, dogrulama i¢in 408
video ve test i¢in 405 video icermektedir. Toplanan negatif ornekler, pozitif 6rnekler
ile birlestirilerek, her bir simif i¢in ikili simiflandirma deneyleri yapilmistir. Her sinifin
%101 dogrulama ve %10’1 test islemleri i¢in kullanilirken, geriye kalan kismi1 egitim
icin ayrilmstir.

VIDI kiimesi tizerinde 43 sinifl1 ve 44 sinifl1 felaket siniflandirma deneyleri yapilmistir.
43 siifli deneylerde VIDI kiimesi ile Incidents veri setinin felaket simiflandirma
sonu¢lart karsilagtirilmistir. 44 sinifli deneylerde ise, hic bir felaket icermeyen 100 adet
negatif ornek, veri setine 44. sinif olarak eklenmistir. Eklenen 44. smif ile tekrardan
TimeSformer mimarisi felaket siniflandirma iizerine egitilmis ve negatif 6rneklerin
eklenmesinin siniflandirma basarisina olan etkisi 6l¢iilmiistiir.
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43 ve 44 siifli deneylerde performansi olgmek icin, en iyi bir ve en iyi bes
dogruluklari kullanilmigtir. Ikili stniflandirma deneylerinde, en iyi bir dogruluk metrigi
kullanilmistir.

Deney boliimiinde, bu mimariler farkli veri setleri ve veri setlerinin farkli versiyonlari
ile caligtirilmugtir. Ornegin, resim verilerini islemek icin tasarlanan ViT, resim veri seti
tizerinde caligtirilmigtir. Daha sonra, toplanan video tabanli veri seti iizerinde, video
icin tasarlanan TimeSformer calistirilmistir. Toplanan veri kiimesindeki her videodan
sekiz ardigik ekran alinmig ve TimeSformer modelinin egitimi i¢in kullanilmagtir.

Veri setleri ve mimariler ayni olmadigir icin ve bu durumda resim ve video
arasindaki performans kargilastirmasi da adil olmayacagi icin, resim veri seti tizerinde
TimeSformer mimarisi ve video veri seti lizerinde de ViT mimarisi ¢alistirlmuistir.
Fakat, ilgili modellere uygun bir sekilde girdi verebilmek icin, resim veri seti,
tek cerceveli bir video gibi kullanilmis, video veri seti ise pek ¢ok cerceveden
olustugundan dolayi, videonun ortasindaki cerceve alinarak resim gibi kullanilmustir.
Son olarak, video verisinin felaket simiflandirmasindaki etkisini gorebilmek igin,
TimeSformer mimarisi, video veri setinden tek cerceve alinarak mimari bir kez daha
calistirnnlmistir. Tek ¢erceve alinirken kullanilan ayni altdrnekleme yontemi uygulanmis
ve egitim i¢in videonun ortasindaki ¢erceve kullanilmistir.

TimeSformer, ¢cok-ekranli VIDI {izerinde, %76.56 dogruluk elde ederken, tek-ekranl
VIDI iizerinde %67.37 dogruluk elde etmistir. Bu sonug¢, mevcut oldugunda video
bilgilerinin kullanilmasinin, felaket siniflandirma performansinin iyilestirilmesine
yardimci oldugunu gostermektedir.

Deneylerde, felaket siniflandirmasi i¢in son teknoloji mimarilerin, ViT ve TimeS-
former, performans: resim ve video veri setlerinde Olciilmiis ve Incidents veri
setinin makalesinde kullanilan yaklagim ile Kkarsilastirilmustir.  Ilgili makalede
ResNet-18 mimarisi kullamlmistir. Bu ¢alismada yapilan deneyler sonucunda, ViT
ve TimeSformer mimarilerinin, resim tabanli Incidents veri kiilmesinde ResNet-18’den
daha yiiksek dogruluklar elde ettigi gbzlemlenmigtir. ResNet-18 tabanli model %77.3
en iyi bir dogruluk elde ederken, ViT ve TimeSformer sirasiyla %78.5 ve %81.47 en
iyi bir dogruluk elde etmistir.

Ek olarak, ViT ve TimeSformer mimarilerinin performansi, her iki veri kiimesinin de
tek cerceveli versiyonlar1 kullanilarak kargsilastirilmistir. Video tabanli veri kiimesinin
tek cergeveli versiyonunda TimeSformer %67.37 ve ViT %61.78 dogruluk orani elde
etmistir. Ayrica, TimeSformer Incidents veri kiimesinde %81.47, ViT ise ayni veri
setinde %78.5 dogruluk orani elde etmistir. TimeSformer’in hem Incidents hem
VIDI veri setinde ViT den daha yiiksek dogruluk elde ettigi gozlemlenmistir. Ancak,
toplanan veri kiimesindeki sonuclar, Incidents veri kiimesinde elde edilen sonuclara
kiyasla daha diisiik ¢ikmistir. Bunun iki ana nedeni 6ngoriilmektedir: (1) resim tabanl
veri kiimesi egitim i¢in daha fazla 6rnek icerir ve boylece sistemler daha iyi modeller
ogrenebilir. (2) Toplanan veri kiimesi, siniflandirma i¢in daha zor ornekler igerir.

Caligmanin ikinci kismi1 negatif 6rnekler dahil edilerek yapilmistir. Negatif 6rnekler ile
tiim siniflar icin ikili siniflandirma modelleri egitilmistir. Ana fikir, bir modelin belirli
bir videoda o siif felaketinin olup olmadigini tespit edebilmesidir. Bu nedenle, 43
felaket ¢cesidi icin 43 farkli model egitilmistir. Sonug olarak, en iyi dogruluk "heyelan"
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ve "kirli kontamine" siniflar tarafindan elde edilmistir. "Bloklu" sinifinin tespiti, en
diisiik dogruluga sahip olan modeldir.

Son olarak, bu c¢alisma kapsaminda bir siniflandirma daha yapilmistir.  Diger
siniflandirma deneylerinden farkli olarak, bu deneyde 44. sinif olarak negatif ornekler
kullanmilmugtir. 44. smf icin hicbir felaket icermeyen 100 video negatif Orneklerin
arasindan secilmistir. Bu deney sonucunda TimeSformer mimarisi %72.18 en iyi bir
dogruluk oranini elde etmistir.

Sonug olarak, bu calismada pek cok sinif sayisina sahip, ¢esitliligi yiiksek bir felaket
video veri seti sunulmustur. Sunulan veri setinin pozitif Ornekleri kullanilarak
siniflandirma deneyleri yapilmistir. En yeni mimarilerin video ve resim veri seti
tizerindeki performanslart kargilagtirilmigtir. Sunulan veri setinin negatif 6rnekleri de
kullanilarak her bir sinif i¢in ikili siniflandirma deneyleri yapilmstir.
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1. INTRODUCTION

Nowadays, detection of natural disasters and accidents has become more important.
When these kinds of incidents happen, it is important to take action immediately.
Humans can easily recognize the type of incidents with a certain confidence. However,
using human resources would be difficult in systems which require fast processing.
Since more human resources will bring extra cost to the system, using deep learning

methods for these challenges will be more efficient.

In this study, it is aimed to classify a disaster by using recent deep learning models.
For these experiments, state-of-the-art image and video-based classification techniques
are used. In the following sections, the purpose of this study will be explained. Then,
the incident classification techniques and the existing datasets in the literature will be

shared. Finally, the objectives of this study will be explained.

1.1 Objectives

There are a lot of studies related to incident detection and classification in the literature.
Most of them are based on texts and images. Video-based studies are very limited as
there are only a few video-based incident datasets. Existing video-based datasets are
not diverse and do not include many incident types. To fill this gap, a video-based

incident dataset is collected in this study.

There is an existing incident image dataset named Incidents Dataset [1] in literature.
It is diverse and it has various class categories. Similar to this dataset, a video-based
incidents dataset named VIDI, Video Dataset of Incidents, is presented in this study.
The collected video-based dataset complements this image-based dataset since it
includes the same 43 classes in the Incidents Dataset. All the videos for the dataset
are taken from YouTube'. Positive and negative example clips from dataset are shown

in Figure 1.1 and Figure 1.2, respectively.

Uhttps://www.youtube.com/



Figure 1.1 : Positive samples from the dataset.



DANGEROUS BRIDGES.

Figure 1.2 : Negative samples from the dataset.



In this study, attempts were made to find answers to several questions. One of the
questions was to explore the contribution of video-based information for incident
classification. The number of approaches that exploit temporal information is rather
limited. One of the main reasons for this is a diverse video dataset with various incident
types does not exist. To answer this question, a video-based incidents dataset was
collected. After the dataset collection part, single-frame and multiple-frame versions
of this video-based dataset are used in the trainings. Based on this scenario, It is aimed
to compare the incident classification performance of the recently published video
classification architecture on both video (multiple-frame) and image (single-frame)

versions of the VIDI.

Another point that is investigated is whether the recently published architectures can
give better results than the results that are published in the Incidents Dataset [1]. In
their study, ResNet-18 is used to classify incident samples. State-of-the-art video and
image classification architectures are run on both the collected dataset, VIDI, and the
Incidents Dataset. Vision Transformer and TimeSformer architectures are selected as
recently published architectures. By using these architectures, it is demonstrated how
well new architectures perform compared to the method that is used in the Incidents

Dataset.

Additionally, after collecting all positive and negative incident samples, it is aimed
to measure the binary classification performance of each disaster. The goal of this

experiment is to determine whether a disaster exists in the video or not.

Finally, in addition to the 43 class classification experiments, 44 class classification
experiments are also done for the "no disaster" scenario. For the 44th class, 100
videos that do not include any incidents are selected from the negative samples. The
performance of the model is measured when there is a possibility of not having any
incidents in the video. To summarize, these are the points that are unraveled in this

study with the newly collected dataset and the recent architectures.



1.2 Literature Review

In this part, the studies will be reviewed under three different categories: existing
incident datasets, incident classification methods, and transformer-based deep learning

methods.

1.2.1 Existing incident datasets

Most of the existing incident datasets are based on texts and images. There are a lot of
incident datasets based on social media [4]-[12] and satellite images [13]-[16]. Only
one dataset in the literature consists of videos. However, it does not include various
types of classes. A list of existing datasets can be seen from Table 1.1. According to
this list, it is clear that there is a need for a diverse video-based dataset with the high
number of classes. Some of the existing image and video datasets will be examined in

the following sections.

Table 1.1 : Statistics of the incident datasets in literature. * is the dataset that is
collected in this study.

Dataset Name # of data # of class Type
FIVR 225.960 2 Video
Incidents Dataset 446.684 43 Image
ME17-DIRSM 6.600 2 Image
xBD 22.068 6 Image
VIDI* 8.881 43 Video

1.2.1.1 Image datasets

Most of the image datasets do not have many classes and they do not include various
disaster categories. There are also several datasets that are created for a specific
disaster. A couple of them are investigated in this study and they inspired this

video-based dataset collection study.

The Incidents Dataset is the biggest and the most diverse dataset in the literature. It
covers 43 disaster categories and 49 place categories with 446.684 images [1]. Disaster
categories are mostly based on natural disasters such as earthquakes, floodings, fires,

vehicle accidents, such as car accidents, truck accidents, airplane accidents, and the



consequences of these disasters. This dataset consists of positive and negative incident

images.

Another natural disaster dataset with images is xBD [17], which contains satellite
images of six different types of disasters — fire, hurricane, volcanic eruption, flood,
earthquake, and tsunami—. Data is collected from 19 different disaster sites for this
dataset. xBD has 22.068 images. Still, it has a limited number of disaster categories

and does not cover most of the incidents.

The final image-based disaster dataset is ME17-DIRSM [14]. This dataset contains
6.600 images of flooding incidents. It has positive and negative samples which can be
used for binary classification experiments. So, this dataset contains a unique incident

type and does not include other types of incidents.

1.2.1.2 Video datasets

In the literature, there is only one video-based dataset [18]. FIVR-200K is a large-scale
dataset that mainly searches for fine-grained videos. In this study, Wikipedia® is
crawled for all events from 2013 to 2017. Then, the events which belong to the
"disaster & accident" and "armed conflict & attack" categories are filtered. The filtered
events are queried on YouTube. Finally, 225.960 video clips are obtained and labeled

with the names of the videos and event headlines.

1.2.2 Incident classification methods

Investigated studies use different methods to classify the incidents. One of them
focuses on binary classification experiment [6], and they aim to detect fires from
images. To accomplish this task, they also created a dataset. The created dataset
contains 114.098 images gathered from Flickr and it is publicly shared. They used
four feature detectors — SIFT [19], Color-SIFT [20], SURF [21], Color-SURF [22]
—- and they extract the images’ keypoints and the descriptors at the key points. By
using the k-means algorithm [23], the descriptors are clustered to create the visual
vocabulary. Afterwards, a support vector machine (SVM) [24] classifier is trained and

the images are classified with this model.

Zhttps://en.wikipedia.org/wiki/Main_Page



In another study [7], the main idea was to determine the severity level of the incident
damage. There are three classes defined as none, mild, and severe to determine the
severity level. They used a dataset that is collected from five different social media
sources. The dataset includes 210.000 images. The authors employed three image
classification approaches to assess the severity of the incident damage. In their first
method, the features are extracted by using Bag-of-Visual-Words [25] and Pyramidal
Histogram of Visual Words methods. A linear SVM is trained on these features [7].
Their second method to assess severity is based on a pre-trained VGG-16 model [26].
They used the VGG-16 model as a feature extractor. Their final approach is to fine-tune
a pre-trained VGG-16 model to classify the severities of the damage. The best results

on all datasets are reached by the fine-tuned deep learning model.

Nogueira et al. aimed to detect floodings from satellite images [14] in another study.
They proposed a convolutional neural network based approach. They used a dataset
named ME17-DIRSM. This dataset has 6.600 images of flooding incidents and it
includes both positive and negative samples in it. Two types of models are used
for training. The first model uses dilated convolutions. These convolutions do not
change the resolution of the image in the learning process. The second model uses
deconvolution networks, the encoder part of the deconvolution networks learns the
encoded visual features. The decoder part of the deconvolution networks learns to
upsample these features. They trained an SVM classifier on concatenated the outputs

of these models.

The final examined study is a method applied to Incidents Dataset. In their study, they
did experiments with only positive samples and experiments with both positive and
negative samples. A ResNet-18 [27] model is used as a backbone with only positive
samples for the classification tasks. The models are trained to jointly recognize the
incident types and their place categories. The class-negative loss is used in their

training experiments. They achieved remarkable results.

1.2.3 Transformer based deep learning methods

To classify the Incidents Dataset and VIDI as successful as the method that is used in

the Incidents Dataset, a literature review has been done on the recent state-of-the-art



image and video classification architectures. It is seen that transformer-based
architectures are very popular and got successful results [2,3] for different tasks on
many datasets [28]-[32]. In this section, two transformer-based architectures will be

examined.

1.2.3.1 Vision transformer

Vision transformer [2] is an architecture that is inspired by transformer method used in
Natural Language Processing (NLP). It is one of the latest image classification methods
which achieves successful results on several datasets. The baseline of the Vision
Transformer (ViT) depends on the encoder part of the BERT [33] architecture which
does not contain any convolution layers. In Vision Transformer, they showed that a
convolutional layer is not necessary for image-based tasks. So, inspired by BERT’s

technique, they applied transformer blocks to patches of each image sequentially.

Images are split into fixed-size patches and each patch is embedded linearly. The model
processes each embedding at the same time in parallel. So, the model needs position
information of each patch; therefore, position embeddings are added, and the standard
Transformer encoder network is fed with these vectors. Then, the classification is done

by the Multi-Layer Perceptron (MLP).

They proposed an architecture by using the transformer encoder part of the network
with a different number of transformer blocks. Mainly, three main architectures named
Base (12x), Large (24x), and Huge (32x) are proposed. The “Base” and “Large”
models are the same as the BERT architecture [33]. The last one consists of 32
transformer encoder blocks. ViT performed better than the ResNet-based models and

the best performance is achieved by the "Huge" model [2].

1.2.3.2 TimeSformer

For video processing, there are a lot of studies that use different techniques in the
literature. TimeSformer [3] is one of the popular and state-of-the-art video processing
architecture. While designing TimeSformer, they are inspired by Vision Transformer
[2] and the self-attention mechanism. Similar to ViT, their study also proposed a

convolution-free approach. Since it is designed for video processing, the attention



mechanism is based on space and time. While ViT architecture, which is designed for

images, considers only space, TimeSformer includes both space and time.

In TimeSformer, image patches are extracted from each frame of the video. Each patch
is flattened and their positional information and spatial location information are added.
Therefore, five new attention mechanisms —space attention, sparse local-global
attention, axial attention, joint space-time attention, and divided space-time attention—
are created for this video model, and divided space-time attention achieved the best

result.

It represents the input video as a time-space sequence. TimeSformer model extracts
the features of each patch and the relation between other patches from the input video.
Thus, long-term connections are used between distant patches to classify the action
better. The results show that the architecture achieved the best video classification

accuracy on several action recognition benchmarks [31,32,34].






2. VIDI: A VIDEO DATASET OF INCIDENTS

In this study, a diverse video dataset that includes positive and negative examples of 43
different incident classes is collected. In this part, dataset information and statistics of
the dataset, and how the quality checks are done will be explained. Finally, problems

that occurred while collecting the dataset will be examined.

2.1 Overview

One of the objectives was to show if temporal information is valuable for incident
classification. However, there was no dataset with a large variety of classes in the
literature. Therefore, it is aimed to collect a diverse video-based incidents dataset

which provides a high number of classes.

The dataset consists of two parts. The first part includes natural disaster videos, such as
floodings, earthquakes, fires, vehicle accidents such as truck accidents, bus accidents,
and car accidents, and the consequence of these incidents such as burned, collapsed,
and damaged. The second part of the dataset contains the videos which do not include
the incident of that class. For instance, a negative sample of the "car accident" class

should not contain any "car accident" in the video clips.

The categories in this dataset are the same as the ones in the Incidents Dataset. The
Incidents Dataset has also been labeled with 49 place categories in addition to incident
labels to ensure diversity. However, VIDI does not have any location information
labeled. Even though places are not labeled in this dataset, care was taken to collect

data from different locations, and this way diversity is ensured.

Another approach to increase diversity is using different languages while searching
videos on YouTube. Different languages are used for both positive and negative
samples. This approach helped to reach various styles of different cultures. Some
of the incidents may differ from location to location or they may occur in a specific

region. Used material depends on culture and location, and it may affect the appearance
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of objects such as cars and buildings. For instance, while wood is used as a construction
material in America, limestone is more widely used in the Middle East. In addition, the
measures and consequences of different climate events are very different in countries

where they are expected and unexpected.

Six widely used languages are preferred while querying videos from YouTube:
English, Turkish, Simplified Chinese, Standard Arabic, French, and Spanish. These
languages are sometimes not sufficient. In these cases, alternative languages such as

German and Hindu have been used.

The language statistics of both negative and positive samples are shared in Table 2.1. It
can be seen from Table 2.1, that the languages do not have an equal number of samples.
One of the reason why it is not evenly distributed is due to the fact that some disasters
are specific to some regions. For instance, derecho mostly exists in North America.
So, most of the derecho incident samples are found in English. In order to overcome
this problem, the list of countries where this disaster was experienced was searched

and queries were made according to the languages used in these regions.

Table 2.1 : Language statistics in the collected dataset.

Language # of clips in positive samples  # of clips in negative samples
English 2140 1932
French 376 383
Simplified Chinese 343 387
Spanish 560 509
Standard Arabic 280 410
Turkish 452 443
Other 144 282

Neural machine translators are used for the translation of different languages. Most
of the time, translations were successful. However, there were some problems with
the translation of some incidents. In some cases, the translation of the relevant event
did not have the same meaning in the corresponding country. So, this was another
issue encountered during data collection on the cross-language translation of disasters.
Tropical cyclones can be an example of these situations. When the label “tropical

cyclone” is translated into Arabic, the translated word appears to mean the same as
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a tornado. When possible, we reached out to the native speakers and these problems

were resolved by learning its actual meaning in that language.

In addition to the translation problems, it was quite difficult to find videos for some
labels. A nuclear explosion can be an example of this problem. Because the videos for
the nuclear explosion were recorded in the USA and the USSR only between certain
years. After those years, atmospheric tests were banned. So, videos for these events are
limited. Therefore, videos that exist on YouTube often contain near duplicates: as the
same event was uploaded multiple times from different channels. As a consequence,
more than one clip of the same event for this label may be included in this dataset as

well.

In the negative sample collection part, videos are found for a label that does not contain
the event of that label. For example, videos that are found for negative samples of
the "on fire" label, do not include any "on fire" incident. The collected videos are
mostly from the videos that the model can be mistaken with that label. Campfires and
candles are examples of events that can be confused with the "on fire" label. Another
example can be given as flooded. Rivers are used as cases that can be confused with
flooding. For vehicle accidents, normal (without an accident) riding videos are put into

the dataset.

Additionally, it was hard to find negative videos for some labels that models can
confuse. For these cases, positive samples of another label are used as negative
samples. To explain with an example, a video that contains an earthquake can be a
negative sample for bus accidents. Apart from these events, some videos in negative

samples do not include any types of incidents and everything was fine in that video.

Finally, multiple labels are allowed in the dataset. Some videos show more than one
type of event; for example, a house that collapsed after an earthquake might be labeled
with both earthquake and collapsed, and a car accident would be labeled both traffic
accident and damaged. This issue was the last problem experienced while collecting

data for the VIDI.
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2.2 Labeling and Quality Checks

The first part of the data collection was the labeling and the videos are labeled while
searching. All videos are collected manually from YouTube. While querying YouTube,
the name of the event categories in different languages is used. In addition, the name of
the event categories is combined with different locations. For example, for the "on fire"
label, the word "fire" is combined with different locations, and searches were made in
YouTube, such as “fire in the building”, and “fire in the forest”. As an example of
traffic accidents, traffic accidents that occur in different places such as fields, forests,

beaches, and streets were searched.

For eligible clips, the video IDs, the start and end seconds of the corresponding action,
the labels, and the language of the video have been extracted and stored. All stages
of the actions as pre/action/post-event are included as much as possible. Another
point that was taken into consideration was that the videos were only captured from
continuous camera view. This means that no scene changes were allowed in the clips.

However, both unstable and steady shots were allowed in the clips.

The second part of the data collection was downloading. Videos with low resolutions
were downloaded with their own resolutions. On the other hand, video clips with a
resolution higher than 720p have been downscaled to 720p and downloaded that way.
After that, incidents are cut from downloaded videos by using the start and end seconds

of the action.

The last part was the quality check. Downloaded video clips were double-checked.
During the quality check, common problems were found. One of the most common
issues found was clips being labeled with incorrect incidents. Incidents may not be
very clear in the clip and the person who collects the video may misinterpret the clip.
So, clips are checked by another person again. Even when the querying is done with
the correct keywords, YouTube may return an unrelated event. These problems were
solved during this process. One of the other most common problems was labeling the

clip with a single label, even if the clip contained multiple events. For example, car
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crashes under heavy fog should have been labeled with both car accidents and fog,

rather than just car accidents. Missing labels are added as new labels.

Since the dataset has a high number of classes, there may be labels that are similar
to each other. For this reason, YouTube users may upload similar events, such as the
derecho and tornado events, with the wrong titles. In this case, labels are corrected.
Similar to this problem, videos that do not contain any incidents related to that label
can be uploaded. For example, there may be a video shot in a windy environment and
a tropical region, but the clip does not contain any information about the location. In
this case, the label of "tropical cyclone" was changed to "derecho". During the data
collection phase, there have been multiple iterations of quality checks to detect and

correct the issues mentioned above.

2.3 Dataset Statistics

In this part, dataset statistics will be shared. The dataset consists of 8.881 videos in
total. 4.534 of the total amount are collected as positive samples. 4.347 of the data are
collected as negative samples. There are 43 incident categories and each category has
both positive and negative samples. Multiple labels are allowed for positive examples.
So, some videos belong to more than one incident class. Therefore, the total number

of labels in the dataset is higher than 8.881.

The positive and negative samples of each incident have 100 video clips on average.
The number of video clips per class for positive and negative samples are shown in

Figure 2.1 and Figure 2.2, respectively.

The video clip duration is limited between 2 to 60 seconds. Video clip duration
is ten seconds on average. Short clips have been selected from the broadcasts of
news channels as they present a variety of disasters, but they change the camera view
frequently. As a result of this, video clips obtained from the news are around two
seconds. Therefore, longer clips were collected mostly from documentaries and videos

captured with cell phone cameras.
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For the classification experiments, 10% of the class is used for the testing and
validation, respectively, and the rest 80% is used for the training. For example, in
classification experiments with positive samples in the dataset, 405 and 408 videos
were used in the test and validation sets, respectively. If multiple labels are taken into
account, it can be said that the test set and the validation set contain 434 and 438 labels,

respectively. Videos other than testing and validation were used for training.

For the binary classification experiments, 10% of the classes are used for the testing
and validation, respectively, and the rest 80% are used for the training. Since every
class has around 100 video clips, approximately ten clips from each class were used

for testing and another ten clips are used for validation.
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3. METHODS AND IMPLEMENTATION DETAILS

In this part, the architectures used for the experiments will be reviewed and the data
processing steps of the architectures will be explained. Then, implementation details
for all experiments and hardware information of the machines that the models are run

will be shared.

3.1 Architectures

The main purpose of this study is to be able to explore the benefit of processing
temporal information for incident classification. Multiple-frame and single-frame
versions of the VIDI were needed to compare the performance of video and image
classification architectures. After a literature review, two newly designed video
and image classification architectures are spotted. These architectures are Vision

Transformer (ViT) for image classification and TimeSformer for video classification.

The performance of the most recently published video and image classification
architectures is examined for incident classification on video and image datasets.
Both architectures used for image and video do not use convolutional layers. Those
architectures are inspired by transformer method used in natural language processing
and the published results show their superiority for image and video classification

tasks.

3.1.1 Vision transformer

The Vision Transformer architecture is designed for image classification. It basically
consists of transformer blocks that are used for NLP tasks and does not use any
convolutional layers. With the combination of the transformer blocks, ViT architecture
is created and it is applied to the images for classification tasks. ViT achieved

remarkable accuracy on several benchmark datasets [2].
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Figure 3.1 : Vision transformer architecture. The figure is taken from [2].

In V1T, first, images are split into patches and each of them is treated as a token as seen
in Figure 3.1. The figure is taken from [2]. In the next step, the patches are flattened
and reduced to the lower dimension. Since the order of the patches is not known by the
model, position information is added to the embedding. Then, standard transformer
encoder blocks are fed by the both positional embedding of the patches and flattened

patches.

The ViT is first pre-trained on multiple benchmarks such as ImageNet [28],
VTAB [29], CIFAR-100 [30], etc. Then, they shared the pre-trained models to be
fine-tuned on other specific datasets for classification tasks. Motivated by the accuracy
of these pre-trained models on various datasets, this architecture is selected to be used
in this study. It is fine-tuned on both Incidents Dataset and the dataset that is collected

in this study.
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3.1.2 TimeSformer

The TimeSformer model is an architecture that is inspired by Vision Transformer and
it is designed for video classification. They adapted new attention mechanisms to the
Vision Transformer architecture to process temporal information. Similar to Vision
Transformer, TimeSformer also adapts transformer architecture for computer vision
tasks and video processing. It consists of a self-attention mechanism and does not
contain a convolution layer. It allows learning the spatio-temporal features by using a

sequence of patches from a video.

Input clips consist of frames and each frame of the input clips is split into patches.
Each patch is embedded linearly. Then, spatial and time positions of the patches are

added to the embeddings. After that, different attention mechanisms are applied.

They designed five different attention mechanisms which are shown in Figure 3.2.
The figure is taken from [3]. The first one uses only space attention with the residual
blocks and it only gets the patches in the same frame. The second one combines both
space and time attentions and uses all patches in all frames. The third one applies time
attention to the patches in the same frame first. Then, the space attention mechanism
is applied to the patches in the same locations but in different frames. The next
mechanism focuses on local and global attentions. The last one uses width and height

attention with the time attention block. All modules end with the MLP blocks.

In the TimeSformer paper, these five attention mechanisms are run on the K400! [32]
and SSV2 [35] datasets. Experiments showed that the best result is achieved by the

divided Space-Time attention. So, divided Space-Time attention is used for this study.

To sum up, both architectures are pre-trained on the ImageNet and fine-tuned on the
Incidents Dataset and the collected video dataset. Both architectures are designed

convolution-free and are based on the transformer encoder blocks.

Thttps://bit.ly/319TgZi
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Joint Space-Time Divided Space-Time Sparse Local Global Axial Attention
Afttention (ST) Attention (T+S) Attention (L+G) (T+W+H)

Space Attention (S)

Figure 3.2 : TimeSformer architecture. The figure is taken from [3].

3.2 Implementation Details

ViT and TimeSformer architectures are trained and several experiments are conducted
on VIDI and Incidents Dataset. All the parameters used in the experiments are given

in Table 3.1. In this study, the PyTorch? framework is used for the implementation.

First, the experimental setup is a closed set incident classification task where all
positive samples are used. ViT is fine-tuned on Incidents Dataset to generate the
incident 1image-based classification model. Then, TimeSformer is fine-tuned on the
collected dataset to obtain the incident video-based classification model. Eight frames
are sampled from each video in the collected dataset. Since experiments are run
on different datasets with different architectures, it would not be fair to compare
image classification performance to video classification performance. To have a fair
comparison and see the effect of temporal information, video classification architecture
(TimeSformer) is trained on Incidents Dataset which does not include any temporal
information. However, input data was not suitable for these models. To overcome this

issue, the image dataset is treated as a video with a single-frame. Additionally, image

Zhttps://pytorch.org/
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classification architecture (Vision Transformer) is trained on VIDI. As the video
dataset consists of multiple frames, the middle frame of the input video is taken.
The selected frame is treated as an image. To be able to compare the results on
the TimeSformer, the architecture is performed one more time with the single-frame
version of VIDI. The same sub-sampling method is applied and the middle frame is

used for the training.

Another experiment is performed only on the video dataset. In this experiment, it is
aimed to detect whether a specific incident exists in the video or not. For this purpose,
43 models are trained for each incident class and their parameters are also shared in

Table 3.1 with the name "Binary classification on VIDI".

Finally, one more classification experiment is done on the video dataset. In addition
to the 43 incident classes, one more class is added. This class is added for the videos
which do not contain any incidents. To create this class, negative samples are used.
From all negative samples, 100 videos that do not include any disaster are sampled.
That is, the 44th class is used for this case. Implementation parameters are given in the

Table 3.1 under the name of "44 classes on VIDI".

B_l6_imagenetlk3 is used for Vision Transformer as the pre-trained model. The
divided space-time model is used for TimeSformer. B_16_imagenetlk was trained
on ImageNet-21k [28] image dataset and the divided space-time model was trained on

the K400 [32] and K600* [31] video datasets.

Hyperparameter optimizations are done on the validation set. According to the results,
first experimental setup, ViT on Incidents Dataset, used stochastic gradient descent
optimization method [36] which lacks adaptive learning rate and only iterates through
momentum. The cross-entropy loss [37] was preferred in this experiment. 0.001
learning rate is set as a base learning rate and it is updated during training by Lambda
LR method. The learning rate is updated according to the current epoch number in
the Lambda LR method. The learning rate is decreased in every three epochs in these

experiments.

3https://bit.ly/3CMzSkb
“https://bit.1y/36iq1Xi
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The second experimental setup uses the Adam optimizer [38] which is using
momentum along with learning rate, and iterating over and over on it to converge
to the best possible solution. It is used for the fine-tuning process of the TimeSformer
model on the Incidents Dataset. The cross-entropy loss [37] is selected and its base

learning rate is set to 0.005.

The third experimental setup, TimeSformer on VIDI, used stochastic gradient descent
optimization method. Since multi-labeling is allowed and a video might belong to
more than one incident on the collected dataset. Binary-cross entropy with logits
loss is chosen for the classification experiments. Base learning rate is set to 0.01.
Multi-step LR method is used and the learning rate is reduced in every five epochs.
TimeSformer on VIDI* experimental setup is also using the same parameters with the
TimeSformer on VIDI experimental setup. Only difference is number of parameters.
While TimeSformer on VIDI uses one frame, TimeSformer on VIDI* uses eight

frames.

The next experimental setup is ViT on VIDI. In this setup, stochastic gradient descent
optimization method and binary-cross entropy with logits loss is used and base learning
rate is set to 0.25. ReduceLROnPlateau method which decreasing the learning rate if
the changes in the loss are less than a given threshold during two epochs is used as a

learning rate scheduler.

In the binary classification experiments, stochastic gradient descent optimization
method and cross-entropy loss is used and base learning rate is set to 0.01. To adapt

the learning rate, multi-step LR method is used.

The last experimental setup is designed for open-set classification. Similar to other
classification experiments on VIDI, stochastic gradient descent optimization method

and binary-cross entropy loss is used. 0.001 learning rate is set as a base learning rate.

3.3 Hardware Information

In this part, the hardware and software features of the computers on which experiments
are performed will be given. two different computers and google compute engines are

used for training.
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* Computer 1

CPU : Intel 17 8700K @ 3.70Ghz (6 cores, 12 processors)

RAM : 32768 MB

GPU : NVIDIA GeForce GTX 1070 Ti

VRAM : 8079 MB

— OS : Windows 10 Education 64-bit (v. 21H2)

Python 3.8.7 (64-bit) with the following libraries: PyTorch (1.7.1+cull0),
NumPy,

— pandas, pickle
— NVIDIA (R) Cuda compiler driver (V10.0.130)
— C# 8.0 with .Net Core 3.1 Framework

— Visual Studio Code (1.63.2)

* Computer 2

— CPU : Intel 17 5820K @ 3.30Ghz (6 cores, 12 processors)

RAM : 32068 MB

GPU1 : NVIDIA GeForce GTX TITAN X

GPU2 : NVIDIA GeForce GTX TITAN X

VRAMI : 12209 MB

VRAM2 : 12212 MB

— OS : Ubuntu 16.04.7 LTS (4.15.0-142-generic)

Python 3.9.1 (64-bit) with the following libraries: PyTorch (1.9.1+cul02),
NumPy,

— pandas, pickle
— NVIDIA (R) Cuda compiler driver (V11.2.67)

— Jupyter client (7.0.6) on Jupyter core (4.9.1) with IPython (7.29.0) and
ipykernel (5.3.4)
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* Google Compute Engine:

CPU : Intel(R) Xeon(R) CPU @ 2.20GHz

RAM : 13298 MB

OS : Ubuntu 18.04.5 LTS (Bionic Beaver)

Python 3.7.13 (64-bit) with the following libraries: NumPy,

pandas

Computer 1 is used in the classification experiments with the positive samples.
Computer 2 is used in the detection experiments with the negative samples and 44
class classification experiments. Finally, Google Colab’ is used as a compute engine
and it is mainly used to develop training and utility codes before actual training started

on other computers.

>https://colab.research.google.com/
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4. EXPERIMENTS

In this part, the experiments will be explained in detail and the performance of the
models will be compared. After all experiments are completed, error analyses are

done on the misclassified predictions.

Answers to the following questions were sought in the experiments. The first one
is "How the temporal information affects performance?". "Is the performance of
the recent architectures better on the Incidents Dataset?" is the second question.
Then, "How well video classification architectures perform in binary classification
experiments for each disaster?" is the next question. The last question is, "What would
be the effect of formalising the problem as an open set classification by adding one
more class for the ones which do not contain any incidents on the video classification

experiments?".

Experiments are done on both Incidents Dataset and the collected dataset. Incidents
Dataset is already split into three parts: training, validation, and test. Only
class-positive samples are used from the Incidents Dataset. While there are 312.742
images in the training set of the Incidents Dataset, there are 17.357 images in the
validation set and 17.255 images in the test set. In the classification experiments on
VIDI, only the positive samples are used. 3.721 videos of the dataset are allocated
for training, 408 videos are allocated for validation, and 405 videos are allocated for
testing. Please note that both datasets have the same incident categories and can include
multiple labels per image/video, that is, an image or video might belong to more than

one incident category.

For the binary classification experiments, both positive and negative samples are used.
10% of the dataset is allocated for the testing and validation part, respectively, and the

rest is used for the training.
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4.1 Evaluation Metrics

Top-1 and top-5 accuracies are used for the evaluation. Top-1 accuracy is a
performance measurement concept that expects the model to give the correct answer
within the first most likely prediction. Top-5 accuracy is also a similar performance
measurement concept that expects the model to give the correct answer within the five

most likely predictions.

4.2 Results

Two architectures are trained using only positive samples of both datasets to perform
the incident classification in the first part of the experiments. Different architectures

are performed on the video and image formats of both datasets.

Results of the experiments use only positive samples are shown in Table 4.1. On each
run, the test videos are predicted three times in the testing phase with different crops.
The summation method is used to combine the probabilities of each prediction of a
clip.

Table 4.1 : Top-1 and Top-5 accuracies (%) of different architectures on the different

datasets. *Using multiple frames. Single frame is used in the rest of the experiments.
TResult published in [1].

Architecture Dataset Top-1 Acc Top-5 Acc
ResNet-187 Incidents Dataset 77.3 95.9
ViT Incidents Dataset 78.5 96.33
TimeSformer Incidents Dataset 81.47 96.95
ViT VIDI 61.78 86.78
TimeSformer VIDI 67.37 90.59
TimeSformer VIDI* 76.56 96.51

One of the objectives is to explore whether temporal information is valuable for
incident classification. To be able to address this question, TimeSformer architecture
is fine-tuned on both multiple-frame and single-frame versions of VIDI. While the
single-frame version achieves 67.37% accuracy, Fine-tuned TimeSformer architecture
obtained 76.56% accuracy on the multiple-frames version. This comparison shows

that temporal information helps to get better classification performance.
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The performance of the recently published ViT and TimeSformer architectures for
incident classification experiments is measured. Then, the results are compared with
the results in [1], which uses ResNet-18 architecture. As seen in Table 4.1, recent
and convolution-free architectures performed better than the ResNet-18 architecture.
According to the published results in [1], the accuracy of classification with positive
samples is 77.3%. In this experiment, 78.5% and 81.47% top-1 accuracies are obtained

by ViT and TimeSformer architectures, respectively, on the Incidents Dataset.

Furthermore, a performance comparison between ViT and TimeSformer architecture
is done on the single-frame version of VIDI and Incidents Dataset with these
experiments. It is seen that TimeSformer outperformed ViT on both datasets. However,
when the results on the different datasets are compared, the accuracy on the collected
dataset is lower than the accuracy on the Incidents Dataset. There could be two reasons
for this. The first one is the amount of data. There are more samples in the Incidents
Dataset. So, it might allow to learn better models. The second reason might be the
difficulty of the samples. The video dataset might contain more complex samples than

Incidents Dataset.

The rest of the experiments are done with both positive and negative samples. The first
experiment with them is a 44 class classification. One more class is added to the 43
class incident classification experiment. The added class stands for the case which does
not include any incident. While the TimeSformer architecture achieves 76.56% top-1
and 96.51% top-5 accuracy on 43 class classification experiments, it achieves 72.18%
top-1 and 93.29% top-5 accuracy on 44 class multi-frame classification experiments
according to results in Table 4.2. The results of 44 class classification are lower than
the results of 43 class classification experiments. It can be said that it has achieved
acceptable results considering that the number of classes has been increased.

Table 4.2 : Top-1 and Top-5 accuracies (%) of 44 class classification experiment in
the collected dataset. *Using multiple frames.

Architecture Dataset Top-1 Acc Top-5 Acc
TimeSformer VIDI* 72.18 93.29

Finally, binary classification experiments are done for each class with the TimeSformer

architecture on the multi-frame version of the VIDI. 43 models are trained for 43
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classes. The model of each class is responsible for whether that disaster is in the video.
Some of the classes got higher scores, while some of them got lower scores. Accuracy
per class can be seen in Figure 4.1. According to this figure, "landslide", "dirty
contamined", "derecho", "tornado", "fog", "dust devil", "drought", "volcanic eruption",
"snow-covered", and "on fire" are the ones that reach over 95% accuracy. However,
the following classes are the ones with lower than 85% accuracy: "dust sand storm",
"oil spill", "sinkhole", "bicycle accident", "fire whirl", "mudslide mudflow", "under

construction”, "collapsed", "burned", and "ship boat accident". Lastly, "blocked" has

the lowest accuracy with 65.62%.

4.3 Error Analysis

After experiments are done, the wrong predictions in the classification experiments
are analyzed. A couple of examples of wrong predictions from 43 class classification
experiments can be seen in Figure 4.2. According to these observations, it is seen that
the prediction of the video clips is very similar to the visual content in the video and
it can be easily predicted wrong. The false prediction matrix of 43 class classification
experiments is given in Figure 4.3. From this figure, it can be seen which label is mixed
with which label by the model in the multi-frame experiment and how many times it
made a mistake. "Ice storm & snow-covered", "landslide & rockslide rockfall", and

"flooded & storm surge" are classes that are misclassified mostly.

Furthermore, accuracy per class in the 43 class classification experiments is calculated
and the results are shown in Figure 4.4. "Dirty contamined", "bicycle accident",
"nuclear explosion", "airplane accident", "traffic jam", "wildfire", "tornado", "dust
devil", "dust sand storm", and "snow-covered" are the classes that are predicted with
higher accuracy than the other classes on 43 class classification experiments. In
the same experiment, it is seen that the lowest prediction accuracy belongs to the
"landslide" class. According to Figure 4.3, most of the mistakes are between the
different vehicle accidents. The least successfully classified label can also be seen

in Figure 4.4.

Error analyses are also done for the 44 class classification experiments which include

negative samples. As shown in Figure 4.5, although the true class of the video is
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negative and does not include any disaster, it is predicted as there is an incident in the
video. For example, a video is predicted as "on fire", even though campfire is not an
incident. In contrast, some of the videos that include incidents are predicted as there
are no incidents in this video. The samples that are mixed with the "negative" class are
shown in Figure 4.6. According to examples shown in Figure 4.6, several videos are
predicted as "on fire" and "van accident", even though they do not include any incident.

Furthermore, "airplane accident" and "wildfire" samples are predicted as "negative".
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Figure 4.3 : A matrix showing which video was predicted by which false label in 43
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5. CONCLUSION AND FUTURE WORK

The presented work aimed to increase disaster classification performance in smart
systems. Motivated by this, whether the temporal information has an important role
in incident classification was investigated. Most of the questions related to incident

classification are resolved with this study.

A dataset that can provide both temporal and spatial information was needed to be
able to have a fair comparison. There is an existing diverse and multi-classes incident
image-based dataset named Incidents Dataset. However, there was no diverse incident
video-based dataset with various classes. So, to fulfill this need, a video-based
dataset is collected. The collected dataset also has the same number of classes and

it complements the Incidents Dataset.

In this study, several experiments are done with the collected dataset. The
state-of-the-art image and video classification architectures are fine-tuned on
Multi-frame and single-frame versions of the collected dataset. Additionally, these
recent architectures are run on the previously published dataset. Finally, binary
classification experiments are done for each class. According to the experiments, the

results are promising and provide baselines for future studies.

To sum up, the community was a lacking publicly available diverse video-based
incidents dataset with the high number of classes. The presented dataset is very
useful for the related research community. Also, the initial incident classification
experiments of this study present promising results. Furthermore, it proves that
temporal information is valuable for incident classification. Additionally, recent
architectures achieved better results than previously published results. Finally, binary

classification experiments show how well the model performed for each class.

So far, multi-frame experiments are performed with a certain number of frames. The

influence of the number of frames can be investigated in the next experiments. In
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this study, eight frames are extracted from the video, additional experiments can be

conducted to see whether increasing the number of frames will affect the performance.

Furthermore, the model trained on the VIDI can be tested on the test set of Incidents
Dataset and its classification performance can be measured. Similar to this experiment,
the model trained on the Incidents Dataset can be tested for classification experiments

on the test set of VIDI.

For the 44 class classification experiments, 100 videos that do not include any disaster
are selected from negative samples. In the future experiments, all videos that do not
include any disaster from negative samples can be used for the 44 class classification
experiments. Additionally, binary classification experiments can be done for "incident"

and "no incident" scenarios with all samples.

TimeSformer achieved higher accuracy than ViT on single-frame experiments.
However, the single-frame version does not contain temporal information, it is
expected to see similar accuracy on both architectures. Therefore, the difference
between TimeSformer and ViT architectures on single-frame experiments can be

investigated.

Confusion matrices of 43 class classification experiments between published results of
Incidents Dataset and the results of this study can be compared to see which classes
are predicted better in which experiment. Finally, the amount of positive and negative

samples in the dataset can be increased in the future.
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