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FOREWORD

Video face recognition is a very popular task and has come a long way. The primary
challenges such as illumination, resolution and pose are well studied through multiple
datasets and have extensive researches. However, age invariant face recognition still
lacks enough studies and there are no video-based datasets dedicated to study the
effects of aging on facial appearance. Unlike previous works that deal with studying
age progression using still images, our study focuses on face track retrieval and
recognition across age using video based dataset. We present a challenging face track
dataset, Harry Potter Movies Aging dataset (Accio), to study and develop age invariant
face recognition methods for videos. In addition we conduct an extensive study on
the dataset for purpose of proving the aging factor in the dataset and for obtaining
an age invariant face track retrieval and recognition. Our dataset not only has strong
challenges of pose, illumination and distractors, but also spans a period of ten years
providing substantial variation in facial appearance. It consists of large number of face
tracks for variant characters and age groups. It provides a good environment and case
to study the impact of age progression together with other technical challenges in face
recognition in videos such face pose variation, expression, illumination and resolution.
We make the dataset publicly available for further exploration in age-invariant video
face recognition.

We propose two primary tasks: within and across movies face track retrieval and
recognition; and three protocols which differ in their freedom to use Accio or external
data. We achieve retrieval experiments, which are evaluated using two popular
measures: (i) mean average precision (mAP), and (i1) precision @ k. We present
baseline and improved results for the retrieval using a state-of-the-art face track
descriptor (Fisher vector). Our baseline experiments show clear trends of reduction
in performance as the age gap between the query or test and database or train
movies increases. In order to improve the performance of baseline: we adopt three
metric learning techniques: (1) joint metric learning, (1) low-rank Mahalanobis metric
learning, and (ii1) diagonal metric learning. We use these metric learning algorithms
in two different scenarios: (i) metric learning on pairwise movies, which obtain a
metric model from a percentage of face tracks of two movies and (ii) metric learning
on all movies which combine a percentage of face tracks from all movies. In both
scenarios, we observe an improvement over the baseline results in case of using joint
and low-rank Mahalanobis metric learning in term of both mAP and precision @k.
They reduce the gap between cross movies’ results that emerge due to facial changes
across movies and they increase the results of mAP and precision @k. The best average
improvement compared to the baseline is obtained in case of using joint metric learned
from all movies which reach to 42.2%. Most of improvements are between movies
with large gap between their release date. This due to the ability of the used metric
learning to capture the similarity features across ages.

In addition, we apply linear Support Vector Machines (SVMs) on the dataset for both
evaluation tasks in order to assess of the performance of face track recognition across
age on this dataset. The accuracy results of this experiment support the trend we obtain
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in retrieval evaluation by giving results in similar similar behavior. We always obtain
higher recognition rate from the evaluation within the same movies, however the rate
decreases as we test across movies especially when the years’ gap increases.

As a part of our aforementioned study, we measure the performance of the
state-of-the-art face verification method: Fisher vector. We carry out several
experiments on Fisher vector using different dataset, Facial Recognition Grand
Challenge (FRGC), rather than Label Face in the Wild (LFW). In addition we
benefit from Gabor filters as local descriptor rather than Scale Invariant Feature
Transformation(SIFT). In addition we use various settings of data and Fisher vector
such as, face alignment, Gaussian Mixture Model (GMM) size, Principal Component
Analysis ( PCA) dimensions on features, and the information augmentation local
descriptors. We evaluate each of these parameters separately in order to check their
impact on the Fisher vectors on face verification task. In this work we provide an
expanded analysis of each parameter with comparison to different setting.

The major contributions of the this work can be summarized as following: we present
“Harry Potter Movies Aging Dataset (Accio)”, provide a baseline and improved face
track retrieval results using Fisher vector face track descriptor and metric learning
techniques. We apply face track recognition evaluation which also endorse the retrieval
baseline results to prove aging factor in Accio dataset. Finally we carry out Fisher
vector analysis to evaluate its performance on face verification.
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Face Track Retrieval and Recognition Across Age

SUMMARY

In this work we focus our study on two subjects: face track retrieval and recognition
across age, and the analysis of Fisher vector on face verification. Age invariant
face recognition lacks enough researches and dataset based on video. In our study,
we present a novel face track dataset called “Harry Potter Movies Aging Dataset
(Accio). The dataset is harvested from Harry Potter movie series. It provides face
recognition challenges such as variant face pose and expression, illumination, and
more importantly a challenge of facial appearance changes due to age progression
since the movies span a period of ten years. As a result, this dataset introduces
a great environment for studying face track retrieval and recognition across age.
Previous datasets conducted on age invariant face recognition use still images (FGNET,
MORPH, CACD) either contains small number of data or the data spans small range
of years. Our dataset contains large number of face tracks (nearly 38K face tracks)
with variant age groups that span an age range between 10 to 88 years. Typically face
track recognition is harder than still image face recognition due to effects of tracking,
motion blur and pose variation. Each movie of the dataset has different number of
face tracks and characters. Nearly 60% of the face tracks are named as they appear
in the movies and the rest of face tracks act as distractors or in retrieval evaluation.
Our dataset contains great distribution for age group and most of face tracks belong
to young characters. This is an important property to study the impact of aging factor
since facial appearance changes is more in early ages than older ones. For face track
representation, we use the state-of-the-art descriptor: Fisher vector. Fisher vector
encoding aggregates large set of local descriptors of all face images into one high
dimensional single vector representation.

We define two primary tasks for retrieval and recognition: within and across movies
evaluation. (i) Within movies task uses the data of the individual movies for training
and testing once to evaluate the performance against challenges such as pose and
illumination variation. (ii) Across movies task adopts evaluation between pairwise
movies. Such as training data from HP-1 and testing data from HP-2 or vice versa.
The purpose of this task is to assess the impact of aging factor across movies as the
years’ gap between movies increases. following the definition of evaluation tasks, we
suggest three benchmark protocols for the dataset for the evaluation for future studies
and researches: (i) restricted: that uses only face track query for training and retrieval
or recognition models should not use other Accio face tracks or any external data.
The aim of this protocol is to compare the performance of face track descriptors. (i)
Unrestricted: this protocol allows only for the usage of external data to train learning
model for the retrieval and recognition evaluation on Accio dataset. (iii) Free-for-all
protocol which allows the usage of internal and external data for training.
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Using the suggested retrieval and recognition tasks, we introduce an extensive study
for face track retrieval and recognition across age. The retrieval evaluation uses two
popular performance measures: (ii) Mean Average Precision (mAP) and (ii) precision
@k. We apply different experiments on Accio dataset. First Experiment is the across
and within movies evaluation on all face tracks with full dimensional Fisher vector.
The mAP and Precision @k results of this experiment show clearly the impact of age
progression across movies. The performance of within movies evaluation is better than
the performance of across movies evaluation due to the facial changes between movies.
Following the baseline experiment, and in order to capture the similarity features of
face tracks across movies and to improve the performance of this evaluation, we benefit
from three metric learning algorithms: (1) low-rank Mahalanobis metric learning,
(i1) joint metric learning, and (iii) diagonal metric learning. These metric learning
techniques serve two aims: (i) reducing the dimensions of Fisher vectors to make
learning more applicable on large datasets, and (ii) increasing the face track retrieval
and recognition performance by making the Fisher vectors more discriminative in the
new projected subspace.

Prior to the experiments of within and across movies retrieval using metric learning,
we reduce the dimensionality of Fisher vectors of face tracks by PCA and then apply
the learning algorithms. We use metric learning approaches in two scenarios: (i) metric
learning on pairwise movies which combines percentage of face tracks for training a
metric model and the uses it for the evaluation on the rest tracks for the two tasks
of the evaluation, and (ii) metric learning on data from all movies which combines a
percentage of face tracks from all Accio movies and uses them to obtain metric model.
Then this model is used to evaluate on the rest of test face tracks for two evaluation
tasks. In both scenarios of metric learning, low-rank and joint metric learning improve
the results of the evaluation for both measures, mAP and precision @k which reflects
their ability to capture variant facial changes through movies and to learn the similarity
features between them. However diagonal metric is more basic and leads to slightly
worse results than baseline results. For example, the average improvement in between
the baseline and the joint learned from all movies is 42.7%. In addition there is a
great improvement in precision @k such that the gaps between query and database
movies is minimized. This shows the efficiency of these two approaches in learning the
similarity between variant facial features across movies. Unlike the baseline where the
performance declines for larger k values, results of precision @k is stable for different
values in different k values.

The last experiment on Accio dataset is face recognition across age. In this experiment
and similar to retrieval tasks, we have within and across movies evaluation. We apply
5 fold across validation test on movies using linear SVMs models. SVM models are
obtained from each movies’ characters, and we use this model for the validation within
the same and across movies. As expected, recognition accuracy in within movies
evaluation is higher than accuracy in across movies’ evaluation, because of the facial
appearance variation between the data of training model and testing data.

In the second part of this work, we evaluate and measure the performance of Fisher
vector that we use in face track retrieval and recognition. Fisher vector is successful
method and gives great results on face verification task using LFW dataset. However,
in our work, the aim is to assess the performance of Fisher vector, using different
dataset and features with various parameters. We use FRGC dataset rather than LFW.
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Specifically we evaluate its fourth experiment which has one set for training and two
sets for test: query and target sets. We use Gabor filter as local descriptors rather
than SIFT. We study the effect of spatial, scale and orientation augmentation to the
features on the results of face verification. In addition we change the parameters of
Fisher vectors such as the number of Gaussian Mixture Models and Feature-PCA
dimension. In each experiment, we change one parameter while keeping the others
fixed during the evaluation to see the impact of that parameter on the performance of
Fisher vectors on face verification task. Since Fisher vector is efficient encoding system
in features space, augmentation of the feature information improve the performance
greatly. Furthermore, PCA dimension of features has an influence on the results when
the dimensions are low, while GMM size does not have big impact on the results.
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Yaslar Arasi Yiiz iz Cikarimi ve Tanimasi

OZET

Videoda yiiz tanima popiiler bir arastirma konusudur ve ¢ok yol katedilmistir.
Isiklandirma, ¢oziiniirliik ve ag1 gibi zorluklar c¢esitli veri setleri kullanilarak iyice
incelenmistir. Fakat, ylizdeki yaslanmay1 arastirma yonelik video tabanli hi¢bir veri
seti bulunmamaktadir. Videolarda yastan bagimsiz yiiz tanima teknikleri gelistirmek
ve incelemek icin bu zorlu veri setini takdim ediyoruz: “Harry Potter Movies Aging
Data Set (Accio)”. Veri setimiz sadece ac1, aydinlanma ve parazit veriler bakimindan
zorluklara sahip olmayip ayn1 zamanda yiiz goriiniimiindeki 6nemli degisikliklere
dair on yillik bir siireci kapsamaktadir. Yiiz ¢ikarimini bir Harry Potter filminin
sadece kendisinden veya diger Harry Potter filmlerinin herhangi birinden yapmak
tizere iki temel gorev uyguluyoruz ve harici veri seti kullanimindaki serbestlik
acisindan degiskenlik gosteren iki farkli protokol kullanilmasini Oneriyoruz. Son
model bir yiiz takibi Ozniteligi kullanarak c¢ikarim performansin1 ana hatlariyla
sunuyoruz. Deneylerimizde yiiz ¢ikarimindan alinan sorguyla veritabani arasindaki
yas farki arttikca performansta net bir azalma egilimi goriilmektedir. Videolarda
yastan bagimsiz yiiz tanima alanindaki arastirmalarin daha ileriye gidebilmesi i¢in veri
setimiz kamuya acik olacaktir.

Videolarda yiiz tanima zorlayic1 bir konu oldugu icin son yillarda cok fazla ilgi
cekmistir. TV karakterlerini belirmek, gozetim kamerlarindan siiphelileri tanimak
gibi bir¢ok pratik kullanimi vardir. Aydinlatma, yiiz agisi, ifadesi ve ¢oziiniirlik
sorunlarim1 ¢ézmek i¢in Onemli gelismeler kaydedilmistir. Bu c¢alismada, olduk¢a
ithmal edilen yaslanmaya bagli yiiz goriinim degisiklerinin etkisini incelemeye
odaklandik. Yas varyansyonunu analiz etmek icin sabit goriintiiniin birden fazla veri
seti varken (FGNET, MORPH, CACD), bildigimiz kadariyla video tabanli veri seti
bulunmamaktadir. Ayrica, yiiz izi kullanarak, yiiz takibi nedeniyle haraket bunalikligi,
ve siddetli poz de8isimi nedenleriyle sabit yiiz imgesine gore yiiz tanima sorunu
daha zor oldugu barizdir. Bdyle bir veri seti, yag degisiminin sorunun video bazli
coziilmesine saglayacaktir.

Yastan bagimsiz yiiz tanima sistemlerini degerlendirmek ve gelistirmek icin genis ve
zorlu yiiz izi veri seti sunmaktayiz. Veri seti Harry Potter serisinde olusmaktadir.
Filmler on yillik bir donemi kapsar ve videoda yiiz tamima diger zorluklariyla birlikte
yas varyasyon etkilerini incelemek icin gii¢lii bir ortam sunmaktadir. Ayrica, veri
setinde yaglanma etkilerini en belirgin oldugu doneme ( geng yiizleri) ait ¢ok sayida
yiiz izi bulunmaktadir. Degisik yas gruplarina sahip olan ¢ok sayida adlandirilmig
karakterlerle birlikte veri seti bir¢ok distraktor olarak adlandirreedigimz ismi olmayan
yiiz izleri igeriyor.

Bu veri seti on yillik bir siire i¢cinde yayinlanan sekiz Harry Potter film serisini
kullanarak toplanip diizenlemistir. Her film kendi i¢inde birkag zorluklar icermektedir.
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(1) Aydinlatma: bir¢ok parlak ve karanlik sahne vardir. (ii) poz: 6n pozlu olmayan
yiiz izleri ve genelikle aktorler kameraya bakmamaktadir. (iii) ¢oziiniirliik: - izler
25’ten 500’a kadar ¢oziiniirliigii olabilir. (iv) distraktorler: yiiz izlerin yaklagik %40’s1
arka planda goziiken ve ismi olmayan karakterlere ait ve bu yiiz izi tanima gorevinde
sorunlar1 yaratabilir. Son olarak, yaslanmadan dolay1 yiizdeki goriiniim degisimi sekiz
filmi kullanimi 1yi bir kaynak olarak goriilmektedir.

Yiiz izleri elde etmek icin ilk basta video ¢ekim sinirlari tespit edilmistir. Her ¢cekim
icinde, gibi parcacik filtresi yliz yakalamayla yiiz izi elde edilmistir. Tiim yiiz kaydirma
ve silindir acilarim kapsayan coklu poz yiiz yakalama yontemi de kullanilmigtir. Veri
seti geng¢ aktorler (yast < 20 ) i¢in ¢ok sayida yiiz izleri icermektedir. Cogu yiiz
goriiniimii degisiklikleri erken yasta oldugu i¢in bu 6nemli bir 6zelliktir.

Veri setinde yiiz izleri temsil etmek i¢in son model olarak bilinen Fisher Vector Faces
(FV2) 6zniteligi kullanilmistir. Bu makalede yiiz tanimak icin 6znitelik vektorii (FV?)
imgeden yerine yiiz izinden ¢ikartilmig ve buna video pooling denmektedir. Yiiz
izindeki biitiin yiiz imgelerinin 6znitelik vektorleri bir vektorde birlestirilmis.

Her filmde ikiye boliinmiis adlandirilmis ve bilinmeyen (distraktor) yiiz izlerin sayisi
sunulmaktedir. Veri set yaklasik 38,464 yiiz izleri igermektedir. Bunlarin %59.4 yani
22830 121 farkli karekterlerle filmlerde goziiktiigii gibi adlandirilmig yiiz izleridir.
Yiizlerin geri kalam1 yani %40.6 adlandirilmamis oyunculara ait ve yiiz izlerin
cikariminda distraktor olarak kabul edilmigstir. Her Harry Potter film serisinde yiiz
izleri degisen sayida bulunmaktadir. Aktorlerin yaglar1 10 ile 88 arasindaki yaslari
kapsamaktadir. Yaslar filme yaymma tarihine gére hesapladigimiz i¢in yasta hafif
bir tutarsizlik olabilir. Ik filmde ve son filmde rol alan aktorlerin yiiz izlerini yas
farki maximum on sene olabilir ve boylece en biiyiik yas farki 10 sene olarak kabul
edilmektedir.

Ilk olarak filmin aynisini ikinci olarak diger filmleri kullanarak yiiz izi ¢ikarimi olmak
iizere iki temel gorev uyguluyoruz:

(1) Filmin kendisi: Bu ayarlarda, her film bireysel olarak goriilmiistiir ve kendi
icinde degerlendirme yapilmistir. Aym film icinde adlandirilmis her yiiz izi sorgu
olarak kullanilirken diger kalan yiiz izleri ( distraktor de dahil) veritabani olarak
olusturmustur. Bu ortamda, poz ve aydinlatma gibi tipik yiiz tanimi sorunlarina maruz
kalan ¢ikarim performansi degerlendirilmistir.

(i) Filmler arasinda: By ayarlarda, diger Harry Potter degisik filmleriyle yiiz
iz cikariminit degerlendirerek, aktorler arasinda yas degisininin ektisini analiz
edilmektedir. Herhangi film icinden (6rnegin HP- 1) her adlandirilmis yiiz izi
sorgu olarak kullanirken deger bir filmin (6rnegin) biitiin yiiz izleri veritabani
olusturmaktadir.

LFW ve YouTube Faces setleri gibi verilerin kisith, kisitsiz ve serbest bir sekilde
kullaniminin ayarlarimi 6neriyoruz. Gorevleri iceren iki protokol Oneriyoruz, fakat
denetimli ve denetimsiz modelleri 6grenmek icin hangi ve ne dereceye verlerin
kullanilacagina gore degisir.

(1) Kisith Protokol: Bu protokolda deneylerde harici veriler kullanilmamalidir.
Bunun positif egitim Orne8i olarak sadece sorgu izi mevcut olduguna anlamina
gelir.  Cikarim modelleri diger Accio yiiz izleri veya harici iz/imge kullanarak
egitimi kullanilmamalidir. Bu sadece farkli yiiz izin Ozniteliklerini karsilagtirmak

XX Vi



icin veya sorgu genisleme ve alan adaptasyon gibi otomatik ve denetimsiz yontemleri
degerlendirmek i¢in kullanilabilir.

(i1) Kisitsiz Protokol: Bu ortamda, arastirmacilar egtim modeli elde etmek icin harici
verilerini kullanmalarmna izin verilir. Ornegin, yaslanma siirecinde yiiz goriiniimii
modellemek icin harici verileri kullanilabilir. Fakat, aktorlerin modellerini egitiminde
Accio veri setinden herhangi bir yiiz izi kullanilmamalidir.

Son olarak, veriler dnceki protokollara gére uymadan farkli bir sekilde kullanilirsa,
Ornegin yiiz izi siniflandirma amaciyla kullanilmasi, arastirmacilar buna tiim-serbest
diizeni olarak bahsedebilir.

Cikarim deneyleri iki popiiler onlemleri kullanarak degerlendirildi: (i) ortalama
kesinlik (Mean Average Precision mAP) (ii)) @K Kesinlik, bu de en iyi yiiz izlerin
sonucunun K degerine karsilik gelir.

Bu calisma zorluklari, ayarlari, ve anahat gelistirilmis sonuclarini sunuyoruz. Ik basta,
Kisith protokol kullanarak ayni filme ait yiiz iz ¢ikarimui ( birinci gorev) sonuglarini
takdim ediyoruz. Her film icin adlandirilmis yiiz izleri sorgu olarak kullanirken aym
filmdedki biitiin izler veritabn1 olusturmaktadir. Ornegin, ilk film ilk filmde HP-1de
teker teker alinan adlandirilmis 3243 izler ver ve sorgu izi haric biitiin 5248 yiiz izleri
veritabni olarak kullanilir.

Ayni filme poz ve aydinlatma gibi zorluklarinin performansi degerlendirirken, (gorev
2) yaslanma soruna bakiyoruz. Yas farki olduk¢a az oldgunda ¢ikarim performansini
iyl oldugunu varsayarak, ayni zamanda filmler arasinda degerlendirme yaptigimiz
zaman ve yas farki arttikca (ornegin HP-1 vs HP-8) performans kotiilesmesini
goriyoriiz.

Sonuglar boliimiinde, sonuglarin ana hattin1 gelistirmek amaciyla ve gorev 1 ve 2
sonug¢lariinda farkini azaltmak icin metric 68renme tekniklerinden yararlanyoruz.
Deneylerde elde edilen yiiksek boyutlu FV metric 6grenme kullanarak sikistirilip ayrit
edici bir temsil ortaya ¢ikarmaktadir. Sikistirma dogrusal projeksiyon kullanilarak
gerceklestirilir ve iki amaca hizmet eder:

(1) Yz oznitelikleri azaltir, biiyiik 6l¢iide ve biiyiik 6lcekli veri setleri icin gecerli hale
gelir.

(i) Alt uzay iizerine projeksiyon, ayrimci Oklid mesafe ile tanima performansini artirir
Bu calismada da Mahalanobis metrik yaninda da diyagonal metrik ve joint metric
kullanilmustr.

Metric 6grenme uygulamadan 6nce de, FV boyutlarin1 azatlmak i¢in iizerinde PCA
uyguluyoruz. Metric 6grenme teknikleri iki farkli sekilde kullandik:

(1) Cift film tizerinde metrik 6grenme: iki filmden egitim icin bir oran veri alintyor
ve daha sonra bunlarla metrik model elde ediliyor. Bu model kullanarak, kalan veri
izerinde test ediyoruz.

(ii) Biitiin filmler {lizerinde metrik 6grenme: bu tip kullanmada, biitiin filmlerin
yliz izlerinde bir oran (06rnek: 10%) toplanip ve ilizerinde metric 6grenme egitimi
yapryoruz. Kalan yiiz izleri iki ¢ikarim goérevlerini uyguluyoruz.

Iki senaryoda, joint ve low-rank Mahalanobis teknikleri, iki ¢ikarim goérevlerinde
mAP ve kesinlik sonuglarini artirmaktadir. Bu iki 6grenme metodlarinin sonuglarin
arasindaki farki azalmakta ve degerlerini oldukca gelistirmektedir. Bunun nedeni,
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metric 0grenme ylizdeki yastan dolayr bigisini alip Ozniteliklerini ayni domaina
sikistirip benzerliklerini 6grenmesinden kaynaklanmaktadir. Fakat diyagonal metrik
o0grenme, Oncekilerine gore daha basit oldugu icin, yastan dolay1 Ozniteliklerinin
farkin1 6grenmesi icin yeterli degildir. Bu yiizden, bu teknik anahat sonuclarindan
daha kotii oldugunu goriiyoriiz.

Ayrica linear SVM kullanarak yiiz iz tanima deneyleri gerceklestirdik. Yas etkisi
gormek ve performansi degerlendirmek i¢in iki ¢ikarim gorevlerini de tanima icin
uyguluyoruz. Degerlendirme i¢in 5 capraz dogrulama (5 fold cross valildation)
yontemi kullamlmaktadir. 11k basta, degerlendirme yapilmadan 6nce, en az 3
filmlerde ve 50 yiiz izi olan karakterler degerlendirmelerde dahil edilmistir. Kullanilan
karakterler icin mutli-class SVM egitimi ve degerlendirilmesi uygulandi. Ornegin, ilk
Harry Potter filminde 23 karakter i¢cin SVM egitimi yapildi ve daha sonra test i¢in
elde edilen SVM modelleri hem ayni filmde hem de diger filmlerde test edilmektedir.
Test sonuclarina gore egitim seti ile test seti ayni filmden se¢ildiginde basarim yiiksek
cikmugtir. Test verisi egitilen modelden farkli bir filmden secildiginde ise basarimin
distiigi goriilmiistiir. Bu da veri setimizde yas faktorii ne kadar gii¢lii oldugunu
gostermektedir.

Tezin ikinci caligmasinda, kullandigimiz ve Fisher vektor yonteminin basarmini
O0lcmek icin analiz ediyoruz. Bu yontemi kullanarak LFW kisitli deney setinde en
iyi sonuglardan birini vermektedir. Kisith olmayan deneylerde de oldukg¢a basarali
ve yiiksek sonuglar vermektedir. “Fisher Vector Faces in the Wild” makalesinde
onerilen yontemi SIFT Oznitelik ve metrik 68renme yontemleri kullanarak farklh
oznitelikleri, ve parameterleri test edilmektdedir.. Onerilen FV yontemi, farkli veri seti
tizerinde nasil calistigini ve performans nasil etkilendigini 6lgmek i¢in, bu yontemi
Face Recognition Grand Challange (FRGG) veri setinin dordiincii deney iizerinde
degerlendirdik. FRGC veri setinde egitim kiimesi 222 kisiye ait 12,776 imgeden
olusur. Test i¢in galerisi ve prob setleri kisi basina tek hareketsiz goriintiilerden olusur.
Bu deneyde test icin 466 kisiye ait, sorgu veri setinde kontrolsiiz 8014 ve hedef
veri setinde 16028 kontrolii imgeden olusur. Genelde performans, ROC egrisinde
0,1%’inde dogrulma orani1 (FAR) olarak elde edilir. Ug tane ROC egrisi var, ROC
1 imgeler aym1 donemde, ROC 2 imgeler ayn1 senede ve ROC 3 imgeler iki donem
arasinda cekildigini ifade ediliyor. Sonuglar, ROC Egrisinin altinda kalan alan (Area
Under the Curve) olarak degerlendirildi.

FV yiiz tanima i¢in SIFT ten farkli 6znitelik kullanildiginda performansi gormek i¢in
Gabor filter oznitelikleri kullandik. Her bloktan 256 boyutlu 6znitelik vektoriine,
Gabor filtresine ait hangi 6lcek, oryantasyon ve blogun x ve y bilgileri eklendigi halde,
performans nasil degistigini incelendi. Ozniteliklerin bilgileri eklendiginde iyi sonucu
FV vermektedir. Bu bilgiler eklenmedigi halde sistemin bagsarimi diisiik oldugunu
goriytriiz.

Yiiz imgesinin her blogundan, 256 boyutlu 6znitelik vektorii elde edildikten sonra,
PCA teknigin kullanarak daha diisiik boyutlu vektor haline doniistiiriildii. Bu deneyde,
sadece PCA boyutu degistirirken, diger deney parametreleri GMM, Ortiisme, Eklenme
sabit tutuldu. Sistemin performans: diisiik boyutlarda daha iyi calistigini fark
edilmektedir. Yapilan Onceki deneylerden sonra, en iyi sonu¢ veren parametreleri
secip bu parametreleri kullandiktan sonra, sistemin basarimi karekok normallestirme,
ortismeyen bloklar, az PCA boyut ve ol¢cek, oryantasyon ve mekansal bilgileri
eklenme parametreleriyle en iyi sonucu verdigini goriilmektedir.
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1. INTRODUCTION

Face track retrieval and recognition in videos has received lots of attention in recent
years, and is a hard subject in computer vision [6—&]. It has many practical applications
such as security surveillance [9], finding missing children and recognizing people
across age in videos s [7]. However it still lacks enough interest and focus. Technical
challenges such as illumination, occlusion and variant pose and face expression have
been studied well in the past few decades. Nonetheless, face recognition still a hard
problem under real world conditions. In addition, challenge such as facial appearance
changes due to aging is not well analyzed and solved. In this thesis we study and
analyze face verification and face track retrieval and recognition across age using

state-of-art Fisher vector representation.

In the first part, we study and analysis face track retrieval and recognition across age
and present challenging video based dataset using Harry Potter movie series called
“Harry Potter Movies Aging Dataset (Accio!)”. Due to the lack of video based face
recognition dataset with age variation, we introduce and make available a large, and
challenging this face track dataset ( Accio: see Sec. 4.1). The aim of this work is to
investigate the facial appearance challenge caused by aging. This will help to further
evaluate and develop age invariant face recognition systems, specifically in videos. To
the best of our knowledge, the dataset is gathered from the eight movies of the Harry

Potter series.

Harry potter movies dataset contains many challenges such as illumination, occlusion,
video quality and other face recognition challenges. Since the movies span a period of
ten years, dataset present strong settings to study the effects of age variation along with
all other challenges of video face recognition. As a result it provides an interesting
and excellent case study to improve and get face recognition techniques that would
overcome challenges due to the time gap between videos taken in different years

for some identities. The set includes diverse identities that appeared in Harry Potter

'The Summoning Charm Accio in the Harry Potter series retrieves an object at a distance, here used
to signify face track retrieval.



(e) Hermione (age 11, 15, 21) (f) McGonagall (age 67, 71, 76)

Figure 1.1: Change in character appearance across the movies.

movies and shows distinct facial changes through eight movies. It shifts the scope of
previous still image based sets (FGNET [10], MORPH [! 1], CACD [12]) to a broad
and face track age invariant face recognition due to its size and its source. Often,
face track recognition proves to be harder than still image face recognition due to
effects of tracking, motion blur and pose variation. Such a dataset will help untangle
the challenge of age variation catering specially to the broadcast video domain.
Furthermore, the dataset features a large number of face tracks with young faces (age
< 20) where the effects of aging on facial appearance are most prominent. Along with
a large number of named characters and varying age groups, the dataset also contains
many unknown tracks which act as distractors. Fig. 5.2 shows the changes in facial
appearance for six characters taken from movies first, fourth and eighth Harry Potter
movies. Note that these images are deliberately chosen to have frontal pose and decent

illumination to highlight the variation in their age.

As a benchmark for the face track retrieval and recognition across age, we evaluate the

following scenarios:

e Face track retrieval within movies

e Face track retrieval across movies



e Face track recognition

Similar to LFW [13] or YouTube Faces [14] we also propose the usage of data in a
restricted, unrestricted setting, and free-for-all protocol that allow using the dataset’s
face tracks for learning goals. Sec. 4.2 presents more details about the challenges, and

baseline and improved results benefiting three metric learning:

e Low-rank Joint Metric Learning[ 15, 16]
e Low-rank Mahalanobis Metric Learning [17]

e Diagonal Metric Learning

To improve the baseline results, we use metric learning with two different settings:
(i) metric learning on pairwise movies: which obtains a metric learning model from
Accio dataset’s two movies, for example first and second movies and test on the rest
of tracks. (ii) Metric learning from all movies: which gets a metric learning model
using data from all Accio dataset’s movies and test on the rest of tracks. We notice an
improvement over the baseline results using both metric learning scenarios and with

the two metric learning methods: low-rank and joint metric learning.

For face track recognition across movies we use Linear Support Vector Machine
(SVMs) as a classifier and we present the recognition accuracies of within and across
movies recognition. In addition, we present recognition results of specific and major
characters that appear in all movies and show great facial changes across movies due

to aging.

To promote researchers on face track media retrieval we include a baseline retrieval
results and we will make the dataset including details and experiment settings available

to download.

In the second part of this thesis we analyze the performance of Fisher vectors by
evaluating the fourth experiment of the Face Recognition Grand Challenge (FRGC)
dataset. The aim is to see how Fisher vectors for face verification would perform using
different dataset, features and settings. In this work, we use the pipeline of Fisher
vectors for face verification as suggested and implemented in [3] which uses root

Dense-SIFT as local descriptors, Gaussian Mixture Models (GMM) as visual words
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and then encode these local features by aggregating them into one single Fisher vector.
Following this we use Gabor filters as local descriptors for face images as proposed
in [5] prior the steps of GMM training and Fisher vectors encoding. In addition, to
study the performance of Fisher vectors related to specific settings, we use variant face
alignments, parameters of features, Principal Component Analysis(PCA) dimensions,

and GMM sizes.

1.1 Motivation and Hypothesis

Our motivation behind the studying of age invariant face track retrieval and recognition
in videos is due to the lack of work in this area and a video based dataset that deal with
the facial changes due to aging factor. The existing studies use still images not videos
and they either contains small number of data or the data spans small range of years.
Our dataset introduces challenging settings primarily based on age challenge since
the source videos (Harry Potter movie series) span ten years. Additional challenges
such as large illumination changes, occlusion, face pose and expression also exist.
Furthermore, we want to analyze the state-of-art method Fisher vectors on this task

combined with successful metric learning algorithms.

Prior to learning a model on Accio face tracks, we expect within movies performance
to be always high compared to the across movies results. Cross movies results are
obtained from the retrieval of pair movies, for example first and second movies. Figure
1.2 illustrates the dominant matrix of within and across movies evaluation results. In
the figure the diagonal elements are dominant with highest energy since they present
within movies results where retrieval and classification is subjected only to standard
challenges of face recognition in videos such as illumination and pose variation. The
off diagonal elements are less dominant and has less energy, since they provide the
across movies results where face track retrieval and recognition are subjected to the
aging factor across age and to the other challenges of face recognition in videos. In
our experiments, this hypothesis is proved and mostly the performance is high in the
diagonal elements and around it, and it decreases as we go farther from the diagonal

elements where the years gap increases due to the aforementioned reasons.

Face verification is a popular task that received considerable attention during recent

years. Many studies achieved good performance using datasets such as LFW. Recently
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Figure 1.2: Across movies evaluation hypothesis: Dominant matrix.

LFW is the most popular evaluation benchmark and widely used to test the proposed
and published methods for face verification. Fisher Vector Faces in the Wild [3] is
one of the successful approaches which use Fisher vector encoding for large sets of
local descriptors. It achieves good results under LFW’s restricted and unrestricted
settings. Nonetheless, face verification is still considered a hard task under real world
conditions. Our motivation of the Fisher vector analysis in this work is to evaluate the
performance of this well-known technique and use it during our study of face track
retrieval and recognition across age in videos. The aim is to measure its performance
using different datasets other than LFW, and different local descriptors such as Gabor

filters with varying settings. This work presents a detailed analysis given in chapter 5.



1.2 Problem Definition

In face track retrieval and recognition, there are two tasks: (i) within movies and
(1) across movies retrieval and recognition. For example, In within movies retrieval,
named tracks in each movie are used as query once, while the rest are used as database.
In face recognition within movies, supervised model such as linear SVM is trained on
part of face tracks and used for test on the rest part of face tracks. In this task, a regular
track retrieval and recognition are applied which regards standard technical challenges
such as illumination and variant face pose. In across movies retrieval and recognition
task, it is applied on pairwise movies for example named tracks queries are taken
from the first movie and the database from the second movie’s all tracks. Similarly,
for across movies face track recognition, a model obtained from a movie is used for
test on another movie. In this task retrieval and recognition evaluations measure the
impact of aging progression across movies. It is important to mention that, in face
track retrieval for the two tasks, only we select only named tracks as queries while for
the database we use all tracks including the distractors. In face track recognition, only
named characters which have at least 50 face tracks and appear in at least three movies

are included in the evaluation.

In face recognition, face verification is the task where to decide whether a given pair
images are for the same person or not. The aim is to maximize the distance between
negative pair images of different people and minimize the distance between positive

pair images of the same person.

1.3 Thesis Outline

Chapter 1 introduces the two tasks of this work: (i) face track retrieval and recognition
across age, and (i) analysis of Fisher vectors on face verification. It gives an

explanation, the motivation, and the definition of the two tasks in this work.

Chapter 2 presents the previous work on both face verification and age invariant face
recognition. In this chapter we give a brief summary of previous studies on face

verification. In addition we outline related work on age invariant face recognition and



explain previously used datasets for age invariant face recognition. We also illustrate

some work on face track retrieval.

Chapter 3 deals with the theoretical foundations related to face identification on still
images and videos. First section presents shot boundary detection which simplify the
process of face detection and tracking in videos. Then we explain the pipeline of face
identification which starts with face detection and tracking, then face alignment, and
finally feature extraction. For these tasks, we summarize the approaches we use in
this work such as Modified Census Transformation (MCT) for face detection, particle
filters for face tracking, similarity transformation using eye centers for face alignment,
and Fisher vectors for feature extraction. Following the pipeline of face identification,
this chapter describes the learning algorithms used in this work: (i) joint metric
learning, (ii) low-rank Mahalanobis metric learning, (iii)diagonal metric learning,
and (iv) linear support vector machines (SVMs). Finally we discuss the evaluation
metrics that we apply to measure the performance of face track retrieval, recognition

and verification tasks.

Chapter 4 explains the first part of this work: face track retrieval and recognition across
age using Accio dataset. It starts by providing all the details of the novel dataset
such as the number of face tracks, characters, age range and some statistics on age
groups. In addition, in this chapter we compare the dataset with previous datasets for
age invariant face recognition based on still images. Then we describe Fisher vector
method which is used for face track description. The chapter also introduces across and
within movies evaluation tasks on the dataset with restricted and unrestricted settings.
Then we describe the experiments using different metric learning with two variant
scenarios: metric learning on pairwise movies which combines the two movies training
face tracks to obtain a metric learning model, and metric learning based on training
face tracks from all movies to produce metric learning model. Then we provide all
experiments’ results and compares them to the baseline evaluation. Last section of this
chapter presents the baseline results of face track recognition by applying linear SMV
learning. Finally we give the recognition F1 score of some major characters from the

movies.

Finally chapter 5 gives the analysis of Fisher vector in face verification using FRGC

dataset, SIFT features, and Gabor filters. It starts by explaining FRGC dataset and its
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fourth experiment. Then we describe Fisher vector with SIFT features and provides
the evaluation results. As a part of Fisher vector analysis, we adopt Gabor filters as
local descriptors for Fisher vector and shows the effects of using these features with
various Fisher vector’s parameters on face verification task. The chapter provides all

details of the experiments and the comparison of different scenarios.

Chapter 6 summarizes the contribution of this thesis and presents a direction for

potential future research related to the subject.



2. RELATED WORK

2.1 Face Identification

Face identification typically includes the following pipeline steps: face detection, facial
landmark detection, face alignment, face description, and finally face classification.
Nonetheless, studies usually focus separately on each of these steps. Viola Jones
face detector[ 18] is widely used since it is open source and has implementation in
OpenCV library[19]. However in this thesis we adopt Modified Census Transformation
(MCT) [20] for face detection. These two methods are early and widely used for face
detection and they are both based on scanning window and cascade classifiers. In
facial landmark detection, Supervised Descent Method [21] is successful face shape
regression technique. It begins with an initial Sy face shape and progressively predicts
the final face shape in iterative way. For our study we benefit from facial landmark

provided by SDM mainly for face alignment.

Various methods are used for face alignment. Similarity transformation based on facial
points aligns faces such that they are fit in a similar size and position. For example [22]
applies similarity transformation using 9 facial points to transform a face to a canonical

frame.

There are many studies for face description. The aim is to find robust and
discriminative face representation such that faces of negative pairs of different people
are more separated and positive face pairs of same person are closer in feature space.

These studies include [3, 5,23, 24].

For face classification, Support Vector Machines (SVMs) are widely used [25—

].  In addition many metric learning algorithms have been proposed recently
[15,28]. In discriminative metric learning there are two major aims: (i) reducing
the dimensionality of face descriptors and (ii) preserving the discriminative features.
This is done by learning a low-rank linear projection matrix W on the descriptors.

The metric is learned from given positive and negative pair images which captures the
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similarity and the difference between the pair images such that the Euclidean distance
between positive pair images is minimized while it is maximized when the pair images
belong to different people. For example learning a Mahalanobis matrix M = WTW
which is a problem with convex formulation [!7]. Learning M is practical only with
low dimensional feature vectors. As a results, usually a dimensionality reduction,
for example by PCA, is used to reduce dimensions into applicable numbers and then

performing metric learning.

Previously there are several works for face verification, our work is guided by
Fisher vector faces in the wild [3] and multi-resolution local appearance-based face
verification [5] papers. Our case study of face verification is an analysis of the
performance of fisher vector using different dataset and features. In this thesis we use
Gabor and SIFT features for training and encoding Fisher Vectors. Then we evaluate

the method on the fourth experiment of FRGC dataset using variant parameters.

2.2 Data Sets

There are several datasets based on still images to study face verification problem such
as LFW [13], FRGC [4] and MORHP [!1]. You-Tube Faces [!4] is also popular
dataset for studying face recognition in video. Nonetheless, these datasets do not
consider the face pairs matching cross ages. Prior face recognition datasets which deal
with the problem of aging are all using still images [10-12,29]. Datasets for video face
track recognition are usually collected from TV series or one movie [6,7] which means
they do not have age variation. To best of our knowledge, in this thesis we present the
first video based face track retrieval and recognition dataset which is gathered from
Harry Potter movie series and has challenging settings. More importantly it shows

clear trends of effects of the aging factor.

2.3 Face Track Retrieval

Among the first researches of face recognition on videos, most works were limited to
the frontal faces [30] and few of them included profile faces [31-34]. Apart from
face poses, representations of face tracks generally followed two approaches, the first
one represents face in a track individually and uses face track as a set of images. The

benefit of these methods is to allow using the developed representations of still images
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for face tracks. The second type of approaches represents a face track as a whole to
a single feature vector such as [8], 3D model or manifold. These techniques can be
generative or statistical. For example, [35, 36] try to build 3D model from the data and
use it to explain the new data. Statistical methods such as [30,37], learn local features
across the face track images and then represent them into BoW model or GMM model.

This leads to a single feature vector representation of the whole images of a face track.

As an example of early face track retrieval works is [30], where they detect frontal
faces, and for tracking they use region-tracking technique and then adopt SIFT as local
descriptor around 4 facial landmarks for verification. This helps to find corresponding
shots in a video where a person of query track appears. Similarly, [38] includes
non-frontal faces and [39] provides a compact descriptor for face track matching.
Everingham et al. [7] paper made an evolutionary step and since then most researches
are about on the assigning a name to all face tracks (for example [6]). This method

requires finding transcripts which is not always possible.

2.4 Age Invariant Face Recognition

There are multiple studies which consider the problem of aging in face recognition.
While age estimation [40—46] and simulation [47-53]are extensively studied,
researches that explicitly deal with developing age invariant face recognition systems
are not enough. Researches which consider the problem of aging in face recognition
can be roughly divided into two subcategories: Generative and discriminative
techniques. (i) Generative approaches [50, 54-56] resemble the face image at a
certain age and then perform face recognition. Usually this is done by building
2-D or 3-D generative model to simulate the aging process for face matching. For
example[56] uses facial landmarks to estimate the facial growth parameters and
predicts the appearance at certain age. However these approaches have drawbacks in
many aspects, they are based on parametric assumptions that may results in unrealistic

simulation and they have high complexity during computation.

(i1) Discriminative approaches: [12,57-59] use learning methods to build age invariant
face recognition systems. For example, Chen et al. [12] uses a reference set

representations for each person, his/her age, and for specific facial landmarks. They
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model the task as least square and pool across the age space to obtain an age-invariant

representation for face recognition.

Different from previous approaches, some studies of modeling the facial appearance
through latent space. For example,Gong et al. [60] proposes to use two latent factors,
an identity factor for age-invariant face recognition, and an age factor affected by aging
to capture the aging process features. Then observed facial appearance is modeled
by the fusion of the two factors, and separating the observation enables performing

recognition on the identity part.
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3. THEORETICAL FOUNDATION

The aim of the thesis is to address challenging face track retrieval and recognition
across ages using Harry Potter Movies and also study and analyze the efficiency
of Fisher vectors using different features and datasets with variant settings. In this
chapter, we explain theoretical background, machine learning and computer vision
technologies used in the thesis. We describe the techniques adopted to obtain Accio
dataset such as shot boundary detection, face detection and tracking, the descriptor
used for representation of still images and face tracks. Finally we discuss the learning

algorithms and evaluation methods of the tasks.

3.1 Shot Boundary Detection

In order to simplify the process of face recognition, face detection and face tracking
in videos, shots of a video are detected and faces on every shot are tracked to obtain
face tracks. Shot represents a sequence of frames taken by a camera for a continuous
action. Multiple of logical and sequence shots construct what is called scene in a video
[61]. Shot boundary is the transition between two shots that can be hard cuts or soft

(fade, dissolve, wipe ...etc.). Figure 3.1 illustrates two shots of one scene.

PRI BT |WPROIRYE R [NRINIR A

e

Figure 3.1: Shot boundary example [!].

There are many approaches to detect shot boundaries. In this work, we use Displaced
Frame Difference (DFD) [62] for shot boundary detection since it achieves an
acceptable accuracy with a good speed. DFD works well in case when we the
motion between two consecutive frames is not too much. For a sequence of N frames

F(r,1)...F(rt)...F(r,N), where r indicates the pixel position, the comparison of two
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consecutive frames in one shot can be given by the following sum formula
FD(t+1)=|F(rit+1)—F(rt)| 3.1)

It can be decided whether the two frames belong to the same shot or not by using
a learned threshold of cut locations. If FD(¢+ 1) is above a certain threshold or
sufficiently high, it indicates that the frame is different from the previous one a time ¢

and a shot boundary is accepted.

3.2 Face Detection and Tracking

Face detection is essential step in face recognition pipeline. It is the first step in the face
recognition systems. Face detection is extensively studied and searched during the past
few decades. There have been many methods proposed for face detection. Viola Jones
[18] had made an evolutionary step in face detection. It uses Haar features selection,
creating integral image, Adaboost training and cascade classifiers. It works well on

detecting frontal faces.

In Accio dataset, to obtain face tracks for all movies, we use MCT for face detection
[2] and we follow [6] for face tracking which uses particle filter based on tracking by
detection. This enables obtaining face tracks of each character within a shot. MCT is
robust against illumination and pose variations with very high rate of detection rate. It

is a practical method and efficiently fast.

3.2.1 Modified census transformation

Census Transform(CT) is a structure kernel feature to capture the local spatial structure
of the image. It is basically computed for each pixel by comparing a pixel with its
neighbors of a kernel size 3 x 3. Let N(x) be spatial neighborhood of a central pixel x
which we want to compute its CT feature. The obtained CT feature is a bit of binary
string resulted from the logical function computed as,

1 if I(x) <I(y)

0 if1(x) > 1(y) G2

A(1(x),1(y)) :{

This function checks the intensity of the neighbor pixel, if it is less than x then it gives

1, and O otherwise. The CT transformation is obtained by

CcT (x) = GByGN(x))' (I(x> ) I<y>) (3.3)
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Where @ refers to the concatenation operation for the logical function to generate CT

string. Since there is 8 neighbors, the CT feature has a range between 0 — 255 values.

MCT is a modified version of the aforementioned CT. The previous method results in
256 subsets of the structure kernel of 3 x 3spatial neighborhood, however in order to
compute all structure kernels, the central pixel should be included in the logical and

comparison function rather than fixing its value to zero.

3.2.2 Boosting and cascade classifiers

In face detection the MCT detector analyzes patches W of 18 x 18 size. During
boosting and cascade classifiers steps, each window is decided to be a face or a
background. The decision is made in a sequence of tests for efficiency in boosting
process which combines several classifiers. The window can be rejected after any test
stage. In this thesis, the system consist of four stages that can be displayed in 3.2. As
shown in the figure, in first face, block white dots show the positions of the elementary
classifiers in the selected window. These white dots are increased in each stage. Early
three stages can classify the given window as a background, however only the final

stage can decide whether the given window is a face or not.

[ ) . . - Face
S
=L 1 ‘

Reject Reject Reject Reject

Analysis
Window

Figure 3.2: Face detection with MCT features and cascade classifiers [2].

3.2.3 Face tracking

Face tracking is essential since face detection in every sequence of frames in a video is
not efficient and it degrades the performance of the system. Tracking faces’ motion in
a video sequence that have variant expressions, scales and illumination is a hard task.
Face tracking has many usages such as human surveillance, interaction application, and
face or object model structuring. Many well-known algorithms have been developed
in order to track objects for examples mean shift, Kalman filter, and particle filtering.

Face detection, tracking and labeling tool provided in CVHCI laboratory is used to
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obtain face tracks in this work. Following [6] particle filter based on face detection is
adopted in this tool. Particle filtering is a recursive Bayesian filter. It is used to estimate
the posterior density of the state space X; given the observation variables Z;, p(X;|Z;).
Particle filter is based on using particles to represent the posterior density of the state
space. It is well known and efficient for nonlinear and non-Gaussian estimations[63].
In the face tracking and annotating tool provided by CVHCI laboratory, MCT face
detector is integrated with particle filter based on detection. At first, faces are detected
then the locations around detected faces are evaluated since they are likely to contain
the faces. Each tracked face by particle filter has particles with state x = {x.y,s,a},
where (x,y) gives particle location in the 2-D image, s is its size and « is the yaw angle

of the particle.

Following shot boundary detections in videos, faces within a shot are detected in
first frame by scanning the whole frame at varying scale and head pose angles.
These detections are initialized for face tracks, if an occlusion is emerged due to the
intervention of two face tracks, one of the tracks is terminated. MCT is run to evaluate
and assign scores for the generated particles. The final decision of the tracked face
position is given based on the weighted average of the individual particles. A face
track is terminated when no faces are found within certain number of detections. The
initialization of the face tracks are performed every 5 frames to detect new faces that

may appear.

Figure 3.3 shows an examples of face tracks that contain different number of images.
These tracks are obtained from Harry potter movies which are the source dataset

(Accio) for face track retrieval and recognition tasks in this work.

3.2.4 Face alignment

Face alignment is important step in face recognition. It is the process of aligning
facial landmarks, for instance: eyes, nose, mouth, and chin to canonical frame [64].
This process fixes the landmarks positions in aligned images and it is carried out by
similarity transformation. In our work we use facial landmarks provided by SDM
landmark detector and perform similarity transformation that aligns based on eye
centers coordinates. Examples of aligned faces according to the distance between eyes

and row distances are shown in figure 3.4
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harry otter vernon ursley

Figure 3.3: Face tracks obtained by face tracker in Harry Potter movie series.

3.3 Face Image and Track Representation

This work adopts Fisher vector implementation in [3, 8] in order to obtain the face
images and face tracks descriptors. For Fisher Vectors analysis, a apart from the
Fisher vector pipeline suggested in th paper, GABOR features were used in order
to test and evaluate the performance of Fisher Vectors. This section explain Fisher
vector implementation for face recognition. The pipeline typically starts by obtaining
face images and tracks as explained in the previous sections, then extracting the dense
root-SIFT features, dimensionality reduction of the SIFT features by PCA, augmenting
of spatial information of SIFT blocks, training Gaussian Mixture Models, and then
encoding the large sets of SIFT features by aggregating them into a single Fisher vector
using GMM. We illustrate the aforementioned steps of fisher vector implementation in

figure 3.5
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Figure 3.4: Aligned faces with different eye distances and eye rows.

discriminative
face image face FV extraction

projection

Figure 3.5: Fisher vector implementation pipeline [3].

3.3.1 Fisher vector for face recognition

Features: Fisher vector implementation starts by extracting dense features from face
image patches. We use two features in this work: (i) SIFT features and (ii) Gabor

filters.

Scale Invariant Features Transformation: Instead of sampling features sparsely
around certain positions detected by facial landmarks detector, [3] implementation
suggested extracting features on the face densely in scale and space. Root-SIFT
features are computed on patches of 24 x 24 pixel resolution sampled with step of
size 1. Computation is repeated on five scales with scale factor equal to v/2. This

computation leads to a set of 3887 x 128- dimensional descriptor per face’s image

18



with a size equal to 80 x 60. Prior to the Fisher vector encoding of features, descriptor
dimensions are reduced by PCA from 128 to 64 to make the extracted features

amenable to Fisher vector encoding and applicable for learning on large sets.

Gabor Filters: In addition to SIFT features, in this work we use Gabor filters as local
descriptor for face representation preceding to Fisher vector encoding. 2-D Gabor
wavelet are one of the successful local descriptors for face representation since it has
biological relevance to human visual system. They decompose the input images into
several scales and orientations. This representation is widely used in computer vision

due to its efficient localization feature in both frequency and spatial domain.

Gabor filters are bandpass filters which are a two dimensional Gaussian kernel function

modulated by sinusoidal planar wave. This complex filter is defined as following:

k o
v, = %a|ku,v|2z2|/262>[elku,vz S 34)
. k T
where &, = ke |k, = mcle are the frequency parameter and ® — %,CD € [0,x] is

the orientations parameter. The defined sinusoid wave in 3.4 is activated by frequency
information of the image. This leads to the capturing of frequency information near
the frequency of the sinusoidal wave and ignoring the other frequency information.
The previous frequency representation is due to the Gaussian envelope that ensure the

convolution is dominant in image region that is close to the Gabor response [5].

Gabor filters are designed by multiple of orientations and scales which can act as
number of dilations and rotations by using variant u, and v parameters for example
in a range of [0 ,7] and [0 ,4] respectively. As a result we obtain 40 Gabor wavelets
with 8 orientations and 5 scales. The Gabor wavelets can be shown in figure 3.6. Each
wavelet deals with specific edge information for face representation. Usually a filter
bank consisting of Gabor filters with different scales and orientations is created rather
than computing the wavelets each time. Then the filters are convolved with the input

image resulting in what is called Gabor-space.

After filtering we obtain 40 Gabor magnitude images (GMIs) that correspond to
different scales and orientations. These images are divided into N non-overlapped

blocks, each belongs to local patch of a face image.
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Figure 3.6: Gabor wavelets with 8 orientations and 5 scales.

Spatial Augmentation: Fisher vector encoding is efficient on feature space structure,
however it does not consider spatial distribution of the features. Preceding to
Fisher vector encoding, the spatial coordinates of the features are added to the local
descriptors. The dense features can be represented as the following [Sy,; % ——=—=],
where S\, are the PCA-SIFT features, (x,y) is the center of patch and (w, &) is the hight
and the width of the patch.

In case when we use Gabor filters, spatial information and the corresponding scale and
orientation are added to the local descriptors. The resulting local descriptor can be
formulated as the following: [Gx7y;x; y;S; 0], where G,y are the PCA-Gabor features

of a block centered at (x,y) which has (S, O) scale and orientation.

GMM Training and Fisher Vector Encoding: The idea of Fisher vectors is to embed
local descriptors by aggregating them into one single high dimensional vector which
is more amenable to linear classification. Firstly, local features are used to drive a
kernel from a generative model parameters. In this case, GMM is used by fitting its
parameters into the the PCA-SIFT features. GMM can be referred as probabilistic
visual vocabulary. The next step is encoding the gradient of the local descriptors’
log-likelihood with respect to GMM parameters. GMM parameters are estimated on
large set of local descriptors using the Expectation Maximization(EM) to optimize the

log-likelihood. For Fisher vector computation the covariance of the GMM is assumed
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to be diagonal and only the derivatives with respect to Gaussian mean and covariance
are considered. This leads to a vectorial representation that captures the average first

and the second order difference between dense features and each of GMM centers:

o) = L ¥ g (i Ke =t (3.5)

N‘/Wkpzl Oy

1 & (Xp — 1)
- N\/Z_Wkp; ap<k)( O

Where wy, L, O are the GMMSs’ weights, means and diagonal covariance. o, (k) is

P (k)% —1) (3.6)

the soft assignment of p-th feature x,, to the k-th Gaussian.

Fisher vectors dimensionality is 2Kd which depends on the number of the GMM (K),
and the dimensionality of SIFT features. The Fisher vector ¢ then is computed by
stacking the differences ( the assignment of the local features to the first and second
differences of GMM centers): ¢ = [@(1)V &(1)? ... oK)V &(K)?]. Fisher
Vectors has many advantages: (i) it is generative to the data and discriminative, (ii)
it can be computed using small number of parameters (GMM parameters), (iii) more
importantly it has significant benefit that linear classifier can be learned efficiently

using techniques such as Stochastic Gradient Descent.

3.4 Metric Learning

As a part of this thesis, high dimensional Fisher vectors are compressed into
low dimensional and discriminative representation using metric learning. This
compression is achieved by linear projection that serves two goals:

(i) Reducing the dimensionality of the Fisher vectors and making the method
applicable on large scale datasets.

(i) Improving the performance of recognition by making the projected subspace
more discriminative with Euclidean distance such that positive and negative pairs are

separated by a learned threshold within a margin in subspace.

3.4.1 Large margin dimensionality reduction

The aim is to learn a Mahalanobis matrix M = W W which is a convex formulation
even in low-rank subspace. The learned matrix (W € R™ m < n) projects high

dimensional Fisher vector ¢ € R" to lower dimensional vector W¢ € R™ where m is
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the dimensionality of the subspace and # is the original dimensions of Fisher Vectors.
Such that the squared Euclidean distance: d2(¢;,¢;) = |[W¢; — W ¢ ]Hg of face images i
and j is smaller than a learned threshold b € R if i and j belong to the same identity and
larger if they belong to different people. As proposed in the paper [38] these conditions

are imposed with a margin at least one as the following constraint:

vij(b—do(¢7,9;)) > 1 (3.7)
where y;; is 1 if the face images are for the same person and —1 otherwise. This idea

can be shown in 3.7, we can see that the pairs are separated by margin with at least b

2

different

learned threshold.

} } - >
0 b—1 b+1 FV distance d” (¢;.9;)

Figure 3.7: Positive and negative pairs are separated with a margin by metric learning

[3].

The Euclidean distance in the lower subspace of m-dimensional can be seen as a low

rank Mahalanobis distance in the original n-dimensional space.
204 4N ) N2 — (. N w T . .
do(0,9;) = [Woi =Wl = (9 — 9;)" W W (9 — ¢)) 3.8)

The direct optimization of W is difficult due to the large number of W parameters
which can be over 2 billion for n = 67K dimensions of Fisher vectors. However, W can
can have mn = 8.5M parameters if m is set to 128 which is applicable when learning

on large-scale datasets.

PCA Whitening: The initialization of W is essential since objective function 3.9
is non-convex for W. In this work as suggested in the paper, W is initialized with
PCA-Whitening by choosing m largest PCA dimensions. It differs from regular PCA

by equalizing the magnitude of the dominant eigenvalues.

Stochastic Sub-Gradient Descent (SGD): Learning of W is carried out by SGD, the

following objective function is optimized during the learning process:

arfrvrvlianax[l —yij(b— (¢ — 0))TWIW (¢ — 9,)),0] (3.9)
) ij
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This problem is solved by using the stochastic sub-gradient method with number of
iterations equal to t = 1M. In each iteration the algorithm take sample of pair face
images (i, j) such the the number of positive and negative pairs are balanced during
the optimization process. The projection matrix is updated by

W, if y;j (b —d2(9;,9;)) > 1

‘/Vt+] _ t 1 y]( ' W(q) ¢J)) (3.10)

W, —yyijWiw  otherwise

where y;; = (¢ — ¢;)(¢; — ¢;) which is the outer product of the difference vectors.

and 7 is the constant learning rate, which can be set or learned using validation set.

3.4.2 Low-rank joint metric learning

Joint Bayesian metric learning is a popular measurement of face similarity introduced
by [15, 16] which is corresponding to the difference between low rank Mahalanobis
distance (¢; — ¢;)"WTW(¢; — ¢;) and a low-rank kernel(inner product) ¢/ V7V ¢;.
This difference is used a score for face verification. The distance emerged from
low-rank Mahalanobis metric measures the difference between pair images, while the
score obtained from the inner product gives the similarity between pair images. For
example, if the pair images belong to the same person, then we have small distance and
large similarity score. The optimization for joint Bayesian is subjected to the objective

function given by

arvgrvn;nzmax[l —ij(b— (i — 0)TWTW(¢i—¢;))— ¢/ VTV9,),00  (3.11)
Vb

This differs from low rank Mahalanobis objective function 3.9 that it jointly add the
inner product to the margin constraints since it is part of the score function as a
similarity metric. Similarly to low rank Mahalanobis metric, the minimizer of 3.11
is found by stochastic sub-gradient descent method. The update of the V and W

projection matrices is also achieved jointly in each iteration and computed as

W1 = {Wf if yij(b— (dz(¢i,0,) — (Vo)  (V¢;) > 1

W, —yij(yd> (¢, 0;) (¢ — ¢;))  otherwise
3.12)
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A if yij(b— (di (01, 9;) — (Vi) (Vo)) > 1
Vet (V )67 + (1 9;)97 ) otherwise
3.13)

Where in each iteration the pairs (¢;.¢;) can be positive or negative, and according
to this y;; value is 1 if the pairs belong to the same person and —1 otherwise. Y is a

learning rate that can be set manually or trained by validation data.

The threshold b we learn in metric learning that separate positive and negative pair

images is updated in both low-rank Mahalanobis and joint metric learning as following:

b =b+y;j* gamma rate 3.14)

Where y;; is 1 if the training pair images belong to the same person, and —1 otherwise.

Gamma rate is the learning rate of 7 that can be set previously.

3.4.3 Diagonal metric learning

In diagonal metric learning the learned W projection matrix is assumed to be diagonal.
Learning a diagonal Mahalanobis matrix is equivalent to learning weights to the
features and evaluating the Euclidean distance with the re-weighted dimensions.
the learning of diagonal matrix is carried by using the conventional linear SVM
formulation, where the features are the vectors of squared difference between the
compared Fisher vectors. The learning optimization is subjected to the objective
function given by

argmianax[l —yij(b—d2(¢; — 97)),0] (3.15)

wez0 g

Where d2(¢; — 9;)) = Y ur (¢ — @ j)2 and the projection matrix is updated as shown in

equation 3.16

_ _ i T _
. :{W,(l YA) = (yX,) ifWTX > —1 316

W,(1—7v7) otherwise
In 3.16, W is the diagonal projection matrix, ¢ is the iteration of sub-gradient stochastic
descent, gamma and lambda are the learning rates. X; is the difference between squared

distance of positive and negative pairs taken in each iteration. The difference is given
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in equation 3.18 and 7 is updated in each iteration by
Yie1 = 1(tA) 3.17)

X = (91— 93)"— (9"~ ¢")° (3.18)
In 3.18 (¢!, ¢}) are the Fisher vectors of positive pairs, and (¢*,¢”) are the Fisher

vectors of pairs belong to different identities.

3.5 Linear Support Vector Machines (SVMs)

In this work we use linear SVM for face track recognition in Accio dataset. Support
Vector Machines are one of the most prominent machine learning algorithms. It is
has been widely and successfully used in applications such as face recognition, text
classification ... ets. In SVMs, typically we have the labeled training data {X;,y;},
where i = 1,...] and y; € {—1,1}. x; has a dimension equal to d, x; € R?. The aim
is to find a hyperplane that separate the positive and the negative examples such that
the margin between them is maximized. In linear SVMs which is the basic one, it is
assumed that the data can be separated perfectly. Training time of SVM depends on the
number of example not the dimension of the features which is an important advantage.
SVMs optimize the projection matrix W by formulating the problem as constrained
optimization problem such that: we minimize {||W||}? subjected to {y;(WT X;+b) >=
1} where the samples on the right of the hyperplane has value > 0 or 1 otherwise. This
problem is known as quadratic optimization problem where it has only one global

minimum and can be efficiently solved by optimizer such as Lagrange multipliers.

During the evaluation within and cross movies face track recognition, we use binary
linear SVMS (one vs. all) technique. For example in Accio dataset, we obtain Linear
SVM model for each character separately by training each character model with its face
tracks as positive samples and the rest of characters face tracks as negative samples.

Then we use this generated linear SVM model for testing in the same behavior.

25



3.6 Performance Evaluation Methods

In this section we explain the performance measurement techniques we use for face

track retrieval, recognition and face verification.

Mean Average Precision: For face track retrieval, mean average precision is the main
method to assess the performance of the within and across movies retrieval tasks in
Accio dataset.

Precision: precision is the percentage of the retrieved face tracks that are relevant.

__ #of relevant face tracks
P = #of face tracks retrieved (3 '19)

During the evaluation on Accio dataset, for a face track query the system returns a
ranked sequence of face tracks based on the distance between the face track query
and the database, Average Precision calculates the value of p(g) in 3.21 by summing
over each position in the returned ranked sequence of face tracks and dividing by the

number of retrieved elements (face track database size).

AP — T (P xrel () (3.20)

number of relevant tracks

Mean Average Precision (mAP)score for an evaluation with a set of face tracks queries

and database is the mean of the average precision scores for each face track query.

N
mAP = E=t A0 3.21)

In addition to mAP, we report the results in term of precision @k. Since face
track queries may have hundreds of relevant tracks in database, we decide that it is
meaningful to check the precision at certain k values correspond to the number of first
k relevant results in the ranked retrieved face tracks. For example precision @ 10 means
that we look to the precision among the 10 retrieved results. We check precision @k
for the following k values: [1,5,10,20,50,100]. It is important to mention that, if the
query does not have k relevant face tracks in the database, its result is ignored and not
included in the performance. Sections 4.2.2 and 4.3 describe the results of face track
retrieval in term of mAP and precision @k and compare them using different metric

learning with variant scenarios.
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Accuracy: In face track recognition, accuracy corresponds to the number of correctly
classified face tracks according to the model. We have the ground truth identities for
most of face tracks. Accuracy is the rate of true positive (tp) plus true negative(tn) face
tracks to the total number of face tracks. Section 4.4 discuss the results of face track

recognition.

Accuracy = __tprin 3.22)

total face tracks

3.6.1 Receiving operator characteristic (ROC) curve:

ROC analysis of a performance is one of the most popular method used in machine
learning and computer vision. ROC is a graphical plot that shows the performance of
a binary classifier with variant threshold. The plot created by plotting the true positive
rate (TPR) vs. false positive rate (FPR).

Area Under The Curve (AUC): AUC is a popular metric for classification. It consider
various thresholds values which result in different TPR and FPR. When the threshold

is increased, we get higher value of TPR, and higher value of FPR otherwise.

Equal Error Rate (EER): ROC-EER is the accuracy at ROC operating point where
TPR and FPR are equal. Results of Fisher vector analysis on face verification task
are refereed in term of ROC-AUC and ROC-EER. All the results are given in section
5.2.
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4. FACE TRACK RETRIEVAL AND RECOGNITION ACROSS AGE

In this chapter we discuss the system of face track retrieval and recognition across age.
Firstly we introduce the novel dataset we use during our study: Accio. We provide
important statistics and details about the dataset. A part from the dataset, we explain
scenarios for face track retrieval and recognition. Then finally, experiment’s sections
we provide in detail the baseline and improved results by using the reduced dimension

of face tracks’ Fisher vectors and multiple metric learnings.

4.1 Accio: Harry Potter Movies Aging Dataset

Available datasets for age progression are constrained to still images based datasets.
As a results there is not a study which considers age progression within the scope
of videos. Due to the lack of public video based dataset that address aging factor
in face recognition and regarding the fact that data research and development require
data we introduce Accio dataset as a novel dataset to study and develop age invariant
face recognition and verification methods. Face recognition on video is always harder
than still images based face recognition due to various challenges such as variant

illumination, different face pose and expression within a video shot.

4.1.1 Data source

This dataset is collected and organized using the eight Harry Potter movies that were
released in a period of ten years — 2001 to 2011. Each movie in itself contains multiple
interesting challenges (1) i/lumination - large number of bright and dark scenes; (i1)
pose - many non-frontal tracks, actors typically do not look at cameras; (iii) resolution
- tracks from 25 to 500 pixels; and (iv) distractors - roughly 40% of all face tracks are
unknown characters which appear in the background making the problem an open set
task. Finally, the use of all eight movies acts as a good source of variation in the facial
appearance due to aging and provide a good study case to measure the performance of

face recognition system against aging progression.
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Figure 4.1: Actors age progression. Each line represents the age span for that actor
appearing in the movies.

To obtain the face tracks, we first detect all Harry Potter videos shots by Displaced
Frame Difference (DFD) we explain in section 3.1. Within each shot, following [6]
we perform tracking-by-detection using a particle filter. This system is described in
section 3.2. We use multi-pose detectors which cover the entire range of pan and roll
face angles. Face tracks are labeled manually and named as the characters appear in
Harry Potter movies. In addition, actor name is included in annotation since some

characters are changed through eight movies.

In Harry Potter movies we can see how the facial appearance of characters changes
through movies. This an important property for studying age invariant face track
retrieval and recognition. Figures in 4.2 provide faces of some young characters in the
first, fourth and last movie which apparently prove the facial changes through years.
The dataset contains a large number of tracks of young actors (age < 20). We believe

that this is an important aspect since most of the changes in facial appearance occur
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early in life. Fig. 4.1 presents the age variation for multiple actors. Please note that the

figure plots only those actors which appear in at least 2 movies.

(a) Harry (age 12, 16, 22) (b) Ron (age 13, 17, 23)

(c) Hermione (age 11, 15, 21)

Figure 4.2: Change in character appearance across the movies.

4.1.2 Face track descriptors

For face track representation we adopt the usage of Fisher vector pipeline explained
in section 3.3.1. Face tracks of Accio dataset are encoded using this state-of-the-art
Video Fisher Vector Faces (VF?) descriptor [¢]. VF? is a face track representation that
aggregates a large set of dense SIFT features. SIFT features are pooled from the entire
face track and augmented with their normalized {x,y}locations. We follow the steps
and parameters from [3, 8] and use Root-SIFT with a step of 1 pixel and 5 scales with
a factor set to /2. The resulting 128 dimensional feature is down-projected via PCA
to 64 dimensions and augmented with the spatial location (x,y). A Gaussian Mixture
Model (GMM) of 128 Gaussians is trained on all the face tracks and Fisher encoding is
performed. This yields a 2 x 128 x 66 = 16896 dimensional descriptor for each track.
To compare two tracks we use the standard Euclidean distance between two Fisher

vector descriptors for our baseline experiments.

4.1.3 Statistics

Table 4.1 presents the number of characters, the number of tracks in each movie and
a split between named and unknown (distractor) tracks.The dataset contains in total of
38,464 face tracks. 22,830 (59.4%) of these face tracks are labeled with one of 121
character identities as they appear in the film series. The rest of the face tracks (40.6%)

belong to un-named cast and are treated as distractors for the retrieval evaluation.
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Each movie in the Harry Potter film series has varying number of characters and
duration. In consequence, each movie has different number of face tracks and ground
truth identities. The three main characters (Harry Potter, Hermione Granger, and Ron

Weasley) encompass roughly 40-60% of all face tracks in each movie.

Table 4.1: Number of tracks and characters across the movies.

‘HP—] HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8 Total

# characters| 36 42 34 44 47 41 56 54 121
# face tracks | 5,249 5,335 3,919 7,616 5,850 3,354 2,910 4,231 38,464
# unknown tracks | 2,006 1,874 1,437 4,237 2,316 1,116 623 2,025 15,634
# named tracks | 3,243 3,461 2,482 3,379 3,534 2,238 2287 2,206 22,830

labeled face tracks span a range of age between 10 to 88 years. Note that we compute
the age based on the movie release date and the birth year, which can add a slight
discrepancy up to a couple years. The first movie was released in Nov. 2001, and the
last in Jul. 2011. The largest age difference between face tracks for the same actor is

10 years for actors which appear in both the first and last movie.

Table 4.2 shows the distribution of tracks and number of characters across various age
spans. We see an equitable distribution of characters among the various age groups.
However, most of the tracks belong to the first 10-19 (Young) age range. We notice how
young face tracks are more dominant in Accio dataset. Young and kids individuals are
more difficult to recognize than older ones, since facial appearance changes in early
stage of age progression are more than older stages. This shows how harry potter

movies are good case to study the impact of age progression.

Table 4.2: Actors age distribution.

‘ 10-19 20-39 40-49 50+ ‘Young Adults

# characters | 33 34 26 44 33 92
# labeled tracks | 12,598 4,303 1,728 3,636|12,598 9,667

Finally, we present in Table 4.3 a comparison between existing datasets. Note that
unlike other datasets, ours works with face tracks, which on average are 50 frames (2

seconds) long thus yielding over 1.9 million face images.

32



Table 4.3: Comparison of age-invariant face recognition datasets.

‘ video? #images #people Age span

FGNET [10] No 1,002 82 0-45
MORPH [11] No 55,134 13,618 0-5

CACD [12] No 163,446 2,000 0-10

Accio (Ours) Yes 38,464 tracks 121 0-10

4.2 Experiments

We first define the evaluation protocols, followed by baseline experiments for face
track retrieval. Then we introduce the baseline and improved results using multiple
metric learning algorithms with different scenarios. Some experiments are carried
out by using the full dimension of Fisher vectors, while the rest are achieved after
applying PCA dimensionality reduction to face tracks’ local descriptors. We compare
the improved results to the baseline in each scenario to check the impact of metric
learning and the difference between the baseline and improved results. The retrieval
experiments are evaluated using two popular measures: (i) mean average precision
(MAP), and (i) precision @ k (number of correct results in top k) as we explained in

3.6.

4.2.1 Evaluation protocol
Tasks: The face track retrieval is performed as two tasks:

(i) Within movies: In this setting, we look at individual movies one at a time. Each
named track in the movie is used as a query, while the remainder (other named tracks
+ unknown tracks) from the same movie form the database. This setting evaluates
the retrieval performance subject to typical face recognition challenges such as variant

pose and illumination.

(i1) across movies: In this setting we analyze the effect of age variation among the
actors by evaluating face track retrieval across movies. We consider each named track
within one movie (for example HP-1 ) as a query, while all tracks of a different movie

(for example HP-2 ) form the database.
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Benchmarks We suggest two protocols which involve both the above tasks, however
vary in the extent to which data can be used to learn supervised or unsupervised

models.

(i) Restricted: In this protocol the experiments should not use any external data. That
is, only the query track is available as a positive training sample and retrieval models
should not be trained using other Accio face tracks, or any external face images/tracks.
This can be used for example to compare different face track descriptors, or perform

automatic and unsupervised methods such as query expansion and domain adaptation.

(i1) Unrestricted: In this protocol the researchers are allowed to use external data
for training models, for example to model the changes in facial appearance through
aging.However, no other tracks from the Accio dataset (except the query track) are to

be used for training actor models.

Finally, if the data is used in a different manner that does not comply with either of
the two previous protocols, for example the face tracks can be used for a classification

task [7], the researchers can refer to this as a free-for-all scheme.

In this work, we use the last protocol free-for-all scheme to carry out the experiments
of metric learning on Accio dataset. We apply two type of metric learning according
to the usage of face tracks. First type uses a percent of face tracks from all movies
for training a metric model and we refer to it as metric learning on all movies data.
The second type uses percent of face tracks from pair movies such as first and second
movies, to obtain metric learning and then we test on the rest of face tracks of the
two movies using the generated metric learning model. We refer to the second type of

metric learning as metric learning on pairwise movies.

4.2.2 Baseline evaluation on all face tracks

This part of experiments provide the experimental results of the face track retrieval
tasks. we use the full dimensions of face track descriptors. In addition we apply
the evaluation on the whole face tracks. The aim here is to show the impact of age

progression across movies.

Within movies face track retrieval: We now present the results of within movie face

track retrieval (Task 1) under the restricted protocol. In each movie, the labeled tracks
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are used as a query, while all tracks from the same movie form the database. For
example, in HP-1, we have 3243 tracks (taken one at a time) as query and 5248 tracks

(the number of tracks minus the query) as part of the database.

Table 4.4 presents the performance of retrieval on the eight movies. Precision @ k (p
@ k) values are presented in multiple steps [1, 5, 10, 20, 50, 100], while the MAP
is used as the overall performance indicator. As expected the performance for small

values of k is much higher and this can be used to perform query expansion.

Table 4.4: Within movies evaluation.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

p@1 90.8 89.3 909 85.1 894 91.1 913 894
p@5 |8L5 790 79.1 723 793 804 82.1 78.6
p@10 | 759 71.6 702 645 720 722 753 69.7
p@20 | 719 64.0 61.5 573 63.7 643 70.7 63.0
p@50 | 679 57.6 53.0 547 594 558 68.0 572
p @100 709 54.8 53.1 585 555 51.1 628 53.0

MAP ‘42.40 31.73 31.19 28.36 32.09 30.38 38.55 33.21

Table 4.5: across movies face track retrieval performance (MAP).

‘HP-l HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 42.0 33.7 28.4 26.9
HP-2| 324 31.7

HP-3 30.8

HP-4| 289 249 28.0 28.9

HP-5

HP-6 249 304 252

27.7 25.8 38.5 26.5
28.7 334

HP-7
HP-8

Across movies face track retrieval: While the previous section evaluated
performance through challenges of pose and illumination, we now look primarily at
the problem of aging (Task 2). We expect that the retrieval performance is good to
fair when the age difference is small (within same movie, or + 1 movie), while it

deteriorates as we compare across a large time gap (for example HP-1 vs. HP-8).

Table 4.5 presents overall retrieval performance in MAP comparing all eight movies.
Rows represent the movie from which query tracks are obtained, while the tracks of the

movie in columns serves as the database (for example query from HP-1 and database
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Figure 4.3: Precision @ k results for across movies retrieval. This figure is best viewed
in color.

from HP-7 shows a MAP of 27.4). As can be seen in the table, the larger the age gap

between the query and database the MAP performance reduces. HP-7 appears to be an

exception and this could be attributed to the fact that this movie has the least number

of tracks, many (~60%) of which belong to the three primary characters. The diagonal

represents within movie performance and is the same as the last row of Table 4.4.

In Table 4.6, we consider all queries from the first movie HP-1 and split them into two
based on age. Tracks of young actors (age < 20) when used as queries tend to perform
worse in the retrieval across movies as compared to tracks of adults. Empirically we see
that the face appearance changes more during the youth years and thus has a stronger

influence (more errors) on the retrieval performance.

Finally, we present the precision @ k scores for each movie in Fig. 4.3. Each subplot
represents queries from a single movie (mentioned in the title) and the databases are
all movies (plotted as separate lines). For any subplot, note how the precision is higher
for movies around the movie from which the query tracks are selected. For example,
choosing queries from HP-1, the best performance is seen when comparing against
tracks from HP-2, HP-3, HP-4. Similarly, for queries from HP-2, the performance
against tracks from HP-1 and HP-3 is better than other movies. There are some
exceptions, specially at smaller values of k, however the general trend is fairly clear.
Together with Table 4.5, the analysis is a clear indication that age variation is a strongly

felt effect in the dataset.



Table 4.6: Comparison of MAP scores for adult vs. young actors. The queries are
taken here from HP-1 movie.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

Adult| 47.5 409 33.6 325 305 298 23.0 218
Young | 40.9 312 252 229 193 20.8 284 19.6

4.3 Improving Baseline Face Track Retrieval Results

Following the previous retrieval two tasks’ experiments, we conduct multiple
experiments to improve the baseline results of retrieval using metric learning. The
goal is to reduce the gap between the retrieval results of two different movies in
across movies evaluation. We carry out experiments with metric learning methods we
explain in section 3.4. We apply two different scenarios: metric learning on pairwise
movies and a metric learning on data pooled from all movies. In the following section
we explain the two experiments settings and provide the retrieval results. We apply
PCA dimensionality reduction on Fisher vectors to decrease the dimensions of Fisher
vectors from 16,896 to 1000 since PCA helps to highlight the similarity of features
and the importance of reduced dimensions. In addition, it helps to accelerate metric

learning since we have less number of dimensions.

4.3.1 Metric learning on pairwise movies

In this experiment, for a pair of different movies we use 10% of movies face tracks
to train a metric model and use the projection matrix obtained from the metric model
for the retrieval on the rest of face tracks. The evaluation is achieved by the Euclidean
distance between the two movies’ face tracks. The learning is applied by combining
the training face tracks’ data from both movies and generate positive and negative
pairs from the face tracks ground truth identities to use for for training stage. Table
4.7 illustrates the number of positive and negative pairs generated when using the
combined face tracks from both first and second movies. The table shows different
percentage values for training data from both movies which generate variant number

of training pairs.
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Table 4.7: Comparison of number of pairs when using different percent of face tracks
from pair movies.

training percent| 1% 2% 5% 10%  20%

#positive pairs | 302 1173 7263 28621 113709
#negative pairs | 6139 14227 62862 222365 829542

Preceding to the evaluation of pairwise metric learning across movies, we obtain across
and within movies retrieval results using the Euclidean distance without any learning
and using the reduced dimensions of Fisher vectors. This experiment gives the results
similar to the baseline results in section 4.2.2. However, the retrieval is made only on

the test face tracks using the Euclidean distance.

Table 4.8: Pairwise baseline’s cross movies FT retrieval: mAP.

|HP—1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 394
HP-2
HP-3
HP-4
HP-5
HP-6
HP-7
HP-8

In addition, in task 1 when the retrieval is done within the same movie, we use 20%
of the face tracks for training the metric learning. Since we think that it would be fair
comparison to improvement of across movies retrieval. Furthermore, there are two
reasons for this selection:

(1) The face tracks’ number is closer to the one we have for pairwise metric learning
across movies.

(i1) The number of generated positive and negative pairs for metric learning training is
also comparable to the ones in across movies pairwise metric learning.

Table 4.8 shows the mAP results of face track retrieval using the reduced dimensions
of Fisher vectors and Euclidean distances. Diagonal elements of the table shows the
mAP of within movies retrieval (task 1) where evaluation is subjected to the standard
challenges such as pose and illumination, and the rest of elements show the mAP

results of across movies retrieval (task 2) where time gap and facial changes exist
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due to age progression. We can see that the diagonal elements have higher values,
nonetheless the performance degrades when we go farther from diagonal elements.
This show the impact of aging factor in addition to secondary technical challenges

such as video quality and illumination changes across movies for task 2

Figure 4.4 presents the precision @k scores for across movies face classification. Each
sub-figure represents different movie which used for query mentioned in its title. Lines
in figures represent the movies. Note that when query movies is near to the database
movie, the precision is better which indicates the effect of aging due to the years gap
between movies release dates. In addition there is a decrease in precision when k values
are higher. For example, when query is from HP-1 the best results are obtained from
comparing to HP-1, HP-2 and HP-4 databases. Queries of other movies have similar
trend in their results. This case clarify the impact of years’ gap between movies on the
performance.
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Figure 4.4: Baseline pairwise precision @ k results for across movies retrieval. This
figure is best viewed in color.

Joint Metric Learning: in this experiment we apply Joint metric learning as explained
in 3.4.2 by training the model on 10% of the face tracks from two movies. The
projection matrices (W, V') with a dimension equal to 128 are trained using the negative
and positive pairs of the training data. Table 4.9 shows the mAP results of withing
and across movies retrieval. Compared to the baseline results of using the reduced
dimensional Fisher vectors and without learning, joint metric learning results in huge

improvement in term of mAP for both tasks: within and across movies. This metric
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learning leads to a big improvement in mAP such that the average improvement in
reference to baseline mAP of across and within movies retrieval is 40.1%. Most of
the progress in the performance occur in task 2 where the mAP results of baseline is
usually low compared to fask I results. The improvement indicates the impact of using
this metric learning and its ability to capture the similarity between movies face tracks.
An example of improvement in across movies’ mAP, the mAP improvement between
HP-1 and HP-2 retrieval reaches 47.3%. This improvement is due to the supervised
pairwise learning between movies. The metric learning can learn the facial changes
due to the years’ gap between face tracks and try to impose the similarity and the

difference according to the given positive and negative face tracks.

Table 4.9: Pairwise joint metric’s cross movies FT retrieval: mAP.

‘HP-I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 695 669 644 64.1 64.0 67.1 73.7 64.2
HP-2| 67.1 652 60.6 57.9 59.7 623 66.6 57.3
HP-3| 63.5 61.1 61.2 54.0 53.8 56.1 629 52.1
HP-4| 63.2 609 59.6 542 565 58.1 655 5838
HP-5| 60.4 58.1 58.0 544 62.7 569 63.4 544
HP-6| 66.7 63.3 59.8 58.7 63.0 649 63.4 53.0
HP-7| 732 68.6 68.1 655 68.6 68.1 67.1 67.2
HP-8| 589 59.8 56.5 554 585 559 64.8 60.2

In addition, figure 4.5 give the precision @k results after pairwise joint metric learning.
The figure points out how the gap between lines which represent the movies of queries
and database is reduced. In subgraphs the title gives the movie which is used for face
tracks queries. In addition there is an improvement in term of precision too for all k
values as we can observe in table 4.10. The table presents the average difference of
precision @k between the baseline and the joint metric learning results.

Table 4.10: The average differences of the precision @k between baseline and joint

metric learning that show the improvement in tasks 1 and 2 results for
different k values.

kvalues‘ @] @2 @10 @20 @50 @100
ImprovementPercentage‘21.9 263 293 335 414 47.6

Joint Metric Learning on Full dimensional Fisher Vectors: Previous experiment

presents the results we obtain after applying dimensionality reduction by PCA. In this
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Figure 4.5: Pairwise joint metric learning’s precision @ k results for across movies
retrieval. This figure is best viewed in color.
part we introduce the results of face track retrieval using the original dimensions of
face track descriptors. Table 4.11 gives the mAP results of both retrieval tasks (1 and
2). Compared to mAP results in table 4.9, we can see that the results of joint metric
learning after appyling PCA is better. For example the average improvement of mAP
after using joint metric learning on full dimensional fisher vectors is 33.9%. However,
the gain in mAP results is higher when we apply joint metric learning on reduced face
track descriptors such that the improvement is 40.1%. Figure 4.6 also gives the results
of face classification using precision @k. We can see also that the results in figure
4.5 are more consistent and stable such that the gap between lines is reduced more
when we apply joint metric learning on reduced face track’s descriptors. In addition,
table 4.12 gives the average differences of precision @k between baseline and joint
metric learning results. We can notice that the improvement is less than the progress
we obtain in table 4.10, which emerges from applying joint metric learning or reduced

Fisher vectors.

This experiment show the benefit of reducing the dimensionality of face track
descriptors by PCA such that it helps to highlight the similarity of features and the

importance of reduced dimensions to further improve the results of retrieval tasks.

Low-rank Mahalanobis metric learning: The second metric learning method we
adopt for this experiment is low-rank Mahalanobis metric learning as explained in

3.4.1 section. The dimensions of the fisher vectors were reduced from 1000 to 128
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Table 4.11: Cross movies FT retrieval: mAP.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 62.7 646 61.6 60.6 59.8 639 72.0 60.2
HP-2| 644 537 587 55.1 579 587 633 55.1
HP-3| 61.1 58.6 482 525 525 527 63.0 50.6
HP-4| 60.6 58.1 57.1 453 54.0 56.5 64.1 56.9
HP-5| 58.0 55.7 55.8 51.2 523 55.6 599 522
HP-6| 63.3 60.3 579 56.6 61.3 60.8 60.7 49.2
HP-7| 71.5 65.6 68.1 62.7 64.8 66.8 64.5 62.5
HP-8| 55.6 56.1 54.6 54.1 56.1 522 61.6 57.2
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Figure 4.6: Full dimensional Fisher Vectors: Pairwise joint metric learning’s precision

@ k results for across movies retrieval. This figure is best viewed in color.
carried out by linear projection with W matrix. Table 4.13 introduces the mAP results
of within and across movies face track retrieval. Compared to the aforementioned
baseline results, we also get an improvement in this metric learning by an average
equal to 32.9%. The gap between mAP values across movies also similar to the ones

obtained by joint metric learning with small standard deviation.

Figure 4.7 refers to the precision @k results. As previously explained, the lines
represents the movies and the title indicate the query’s’ movie. We also can notice that
the gap between query and database movies in face track classification is minimized
and the precision results are improved compared to the baseline results. The average
difference of precision @k for different k values between low-rank Mahalanobis metric
learning and baseline is shown in table 4.14. The table shows that there is a progress

in all precision of different k values.
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Table 4.12: Full dimensional Fisher vectors: The average differences of the precision
@k between baseline and joint metric learning that show the improvement
in tasks 1 and 2 results for different k values.

kvalues| @1 @2 @10 @20 @50 @100
Improvement Percentage | 14.5 19.5 22.9 26.6 34.7 40.9

Table 4.13: Pairwise low rank Mahalanobis metric’s cross movies FT retrieval: mAP.

HP-1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 659 61.7 585 559 582 61.1 69.6 553
HP-2| 60.2 62.6 53.7 48.0 55.0 56.6 63.4 493
HP-3| 53.5 519 56.6 443 465 484 578 427
HP-4| 569 539 529 499 505 526 603 51.2
HP-5|54.6 524 519 458 60.2 52.1 583 48.6
HP-6| 56.0 54.6 53.6 493 545 598 59.0 452
HP-7| 60.8 58.5 57.0 51.0 57.3 579 654 53.8
HP-8| 50.6 51.7 483 45.8 50.1 499 58.1 55.0

Diagonal Metric Learning: last metric learning we use in this scenario is diagonal
metric learning. Table 4.15 show the mAP result of across and within movies face
track retrieval. Compared to the previous two metric learning, diagonal metric learning
has a bad impact on the mAP table for both retrieval tasks (1 and 2) and this metric
learning gives slightly worse results according to the baseline results on the reduced
dimensional Fisher vectors. The average decline of mAP results in reference to

baseline is —0.7%.

Figure 4.8 shows the scores of precision @k, as shown on the sub-figures, there is a
loss in the values of precision @k scores comparing to the baseline experiment. The
gap between query and database movies still exist and even it gets wider. Furthermore,
we point out to this decline compared to baseline in table 4.16 which show the average
difference of precision @ k between this metric learning and baseline results. There
is always loss in the precision for all k values. The reasons behind this trend of the
performance is the inability of diagonal metric to learn the similarity features when
facial appearance changes exist. It is less complex than the previous metric learning

approaches and has a basic objective function with small number of parameters.
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Figure 4.7: Pairwise low-Rank Mahalanobis metric learning’s precision @ k results
for across movies retrieval. This figure is best viewed in color.

Table 4.14: The average differences of the precision @k between baseline and
low-rank Mahalanobis metric learning that show the improvement in tasks
1 and 2 results for different k values.

kvalues| @] @2 @10 @20 @50 @100
Improvement Percentage|l6.8 20.2 22.5 257 31.6 36.7

Table 4.15: Pairwise diagonal metric’s cross movies FT retrieval: mAP.

|HP—1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 38.5
HP-2
HP-3
HP-4
HP-5
HP-6
HP-7
HP-8

Table 4.16: The average differences of the precision @k between baseline and
diagonal metric learning that show the improvement in tasks 1 and 2
results for different k values.

kvalues| @] @2 @10 @20 @50 @100
ImprovementPercentage|—13.8 -11.2 96 -76 -39 -05
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Figure 4.8: Pairwise diagonal metric learning’s precision @ k results for across movies

retrieval. This figure is best viewed in color.
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Confusion Matrices of the Difference Between Baseline and Metric Learning
mAPs:

Figures in 4.9 presents the confusion matrices of the difference between baseline and
metric learning mAPs. The biggest improvement is obtained in case of joint metric
learning. This due to the fact that joint metric includes low-rank Mahalanobis during
learning and the measurement of similarity between pair face tracks arises from the
inner product in its distance function. Similarly low-rank Mahalanobis metric gives a
great improvement over the baseline mAP. The confusion matrices of these two metric
learning show their ability to capture the difference and the similarity between pairwise
movies’ face tracks which leads to a gain in the performance. However, the diagonal
metric learning is less complex compared to low-rank and joint metric learning, that is
why its impact on the performance is bad and it leads to a loss in mAP of the retrieval

tasks.

mAP diff - baseline vs. LRMD
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45
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Figure 4.9: Confusion matrices of difference between baseline and applied pairwise
metric learning mAPSs.
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4.3.2 Metric learning on all movies data

In the second type of metric learning that we apply to improve the baseline results
of face track retrieval, the training face tracks’ data are pooled and combined from
all movies to obtain a metric learning model. In this experiment, we fuse 10% of
face tracks from each movie selected randomly for training metric learning. The rest
90% face tracks are used for the retrieval across and within movies (tasks 1 and 2).
Then using all these face tracks, positive and negative face track pairs are generated
regardless to the years gap between movies. As shown in figure 4.1, many characters
appear in multiple movies. 11 characters of Harry Potter movies appear in all the Harry
Potter 8 movies. This provides huge number of negative and positive face tracks for

training metric learning.

The first case in this experiment is the face track retrieval on the test face tracks
using the reduced dimensions of Fisher vectors. The results of this case are referred
as the baseline results when compared to the retrieval results obtained from metric
learning techniques. Table 4.17 gives the mAP results of face track retrieval across
and within movies and figure 4.10 presents the precision @k scores for the face track
classification across movies. Both mAP and precision @k results prove the decline

trend of performance when evaluating across movies.

Table 4.17: All movies baseline’s cross movies FT retrieval: mAP.

|HP-1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 399
HP-2
HP-3
HP-4
HP-5
HP-6
HP-7
HP-8

Joint Metric Learning: In this experiment, after combining the training data from
all movies the projection matrices (W,V) with a dimension equal to 1000 x 128 are

trained by the negative and positive face track pairs. Then we use these projection
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Figure 4.10: FT from all movies: Baseline’s precision @ k results for across movies
retrieval. This figure is best viewed in color.
matrices for the two retrieval tasks, 1 and 2. Table 4.18 gives the mAP results of face
track retrieval across and within movies. Compared to the baseline table in 4.17, there
is an improvement in all mAP results by average equal to 42.7%. For example, for
the mAP of across movies retrieval between HP-1 and HP-8, we have an improvement
over the baseline mAP by an average equal to 49.7%, for example the improvement
in mAP between HP-1 and HP-2 is 30.4%. In addition, the standard deviation of the
across and within movies retrieval mAP is lower than the one in baseline mAP. This
show clearly the effect of combining face tracks from all movies since the results are

also better that the pairwise metric learning introduced in table 4.9 by 2.7%.

Table 4.18: All movies joint metric’s cross movies FT retrieval: mAP.

‘HP-l HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 66.7 679 659 66.7 652 729 775 66.6
HP-2| 684 623 63.6 61.0 633 665 71.1 63.6
HP-3| 655 645 57.8 60.0 57.1 62.1 68.5 584
HP-4| 654 645 623 51.0 58.8 632 683 629
HP-5| 629 614 58.0 554 57.1 59.1 63.4 569
HP-6| 70.7 68.3 64.8 63.7 65.1 61.7 67.0 56.3
HP-7| 7777 743 723 688 69.7 73.6 657 67.8
HP-8| 62.1 659 61.6 60.7 61.2 624 656 60.6

Furthermore, figure 4.11 shows the precision @k scores for face track classification.

Notice that the lines are much closer to each other regardless to the query movie. This
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is due to bringing all face tracks to one domain and train the joint metric learning on
these data. In addition, not only the gap between lines in sub-figures is reduced, but
also the precision scores of different k values as shown in table 4.19 are improved even
for large k values. For k = 50,100 the results get much better due the fact that, not all
characters have that number of face tracks in each movie. Only major characters such
as Harry Potter, Hermione and Ron Weasley have that number of face tracks. When
combining the data for the training goal, large number of these face tracks of training
belong to these characters too. This is why most of face tracks are correctly classified

even when dealing with high value of k.
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Figure 4.11: FT from all movies: Joint’s precision @ k results for across movies
retrieval. This figure is best viewed in color.

Table 4.19: Metric learning from from all movies: The average differences of the
precision @k between baseline and joint metric learning that show the
improvement in tasks 1 and 2 results for different k values.

kvalues‘ @] @2 @10 @20 @50 @100
Improvement Percentage‘20.5 27.1 30.7 347 422 487

Joint Metric Learning on Full Dimensional Fisher Vectors: We also give the results
of retrieval tasks in this scenarios using the full dimensions of face track descriptors.
Table 4.20 show the mAP scores of two retrieval tasks. We observe that wen we
apply the metric learning on reduced dimensional face tracks descriptors, we get better
results. As previously stated, PCA reduce the noise and the redundancy in the data such

that metric learning is more capable to highlight the similarity features in better way.
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Figure 4.12 also shows the precision @k results of face track classification. We also
notice the impact of PCA here since the gap between lines is higher and the precision
@k values are also decreased. Table 4.21 proves that since the average difference
of precision @k between baseline and joint metric learning is less than the average
difference when we use the reduced dimensional face track descriptors.

Table 4.20: Full dimensional Fisher vectors - All movies joint metric’s cross movies
FT retrieval: mAP.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 61.8 63.8 633 604 60.5 673 762 639
HP-2| 649 593 62.1 574 60.6 62.5 703 61.7
HP-3| 61.8 62.0 57.1 56.2 54.6 59.1 68.0 56.3
HP-4| 61.5 61.5 599 469 555 598 674 60.8
HP-5| 59.7 59.7 56.5 52.0 54.0 564 624 55.6
HP-6| 66.7 64.5 62.7 59.8 61.8 58.5 657 53.2
HP-7| 737 72.6 70.8 64.7 66.8 69.7 64.4 66.4
HP-8| 59.1 64.1 60.1 57.0 57.7 59.2 64.8 574
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Figure 4.12: FT from all movies: Joint’s precision @ k results for across movies
retrieval. This figure is best viewed in color.

Low-rank Mahalanobis Metric Learning: In this case, a projection matrix W with
a dimension = 128 is learned on the combined 10% face tracks using the generated
positive and negative pairs. As aforementioned joint metric learning, low-rank
Mahalanobis metric learning achieves good results comparing the baseline mAP results
in both retrieval tasks, across and within movies face track retrieval. Table 4.22

presents the mAP scores which shows that the retrieval across movies are increased
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Table 4.21: Metric learning from from all movies on full dimensional Fisher vectors:
The average differences of the precision @k between baseline and joint
metric learning that show the improvement in tasks 1 and 2 results for
different k values.

kvalues\@l @2 @10 @20 @50 @100
ImprovementPercentage\2.1 11.3 18.3 249 33.8 40.2

with an average difference equal to 35.5%, and the gap that appears in table 4.17

between across movies mAPs is also reduced and the standard deviation as well.

Table 4.22: All movies low-rank Mahalanobis metric’s cross movies FT retrieval:
mAP.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 639 614 60.8 56.0 589 63.7 7277 58.6
HP-2| 61.0 58.1 57.7 50.0 559 583 67.2 54.8
HP-3| 569 550 563 49.2 515 534 633 498
HP-4| 575 56.0 57.5 459 519 544 63.0 535
HP-5| 57.0 54.8 55.7 4777 56.1 53.8 614 50.8
HP-6| 60.5 58.1 59.2 522 573 582 643 48.0
HP-7| 65.7 622 639 542 60.6 623 657 574
HP-8| 54.5 56.2 56.1 484 529 543 61.7 55.0

In addition, figure 4.13 presents the precision @k scores for the face classification
task. This metric learning bring the lines of query and databases movies to the same
range and also improve the precision scores in different k values. Even though the
improvement is not as much as the joint metric learning scores shown in figure 4.11,
it is better that the baseline results (4.10) in term of the precision scores and the gap
between lines of queries and databases. The precision scores at all k values is also
increased as we display in table 4.23

Table 4.23: Metric learning from from all movies: The average differences of the

precision @k between baseline and joint metric learning that show the
improvement in tasks 1 and 2 results for different k values.

kvalues‘ @] @2 @10 @20 @50 @100
ImprovementPercentage‘19.5 23.1 254 287 34.1 39.0

Diagonal Metric Learning: in the last case, we use diagonal metric learning to obtain

a metric model from the combined 10% face tracks. Table 4.24 shows the mAP scores
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Figure 4.13: FT from all movies: Low-rank Mahal.’s precision @ k results for across
movies retrieval. This figure is best viewed in color.
of face track retrieval across and within movies. Compared to the baseline results in
table 4.17, there is a loss in the performance by an average equal to —2.5% in this
metric learning. This metric learning tries to learn a weight for each dimension of
Fisher vectors and uses the conventional objective function of linear SVM. It turns
out that, bringing all face tracks from different domains which are the eight movies
introduce a challenging data such that diagonal metric learning can not capture that
similarity of faces in different movies. Note that, not only the values of mAP scores
are decreased, but also the behavior of mAP is identical to the one in the baseline
where the diagonal elements are the highest which represent the within movies face
track retrieval. As we go farther from the diagonal elements when the retrieval done

across movies the performance decreases.

This fact shows the effect of using joint and low-rank Mahalanobis metric learning
in this experiment, these two metric learning learned the similarity features of faces
in different years since the training data is gathered from the eight movies which are
released in a period of ten years. The training data contains a facial changes of the

characters across age.

Finally figure 4.14 introduces the precision @k scores of face classification across
movies. It shows the the overall performance is degraded and the precision values are
decreased compared the baseline figure 4.10. Table 4.25 also displays the decline in the

average difference of precision between baseline and diagonal metric results. This is
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Table 4.24: All movies diagonal metric’s cross movies FT retrieval: mAP.

|HP—1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1
HP-2
HP-3
HP-4
HP-5
HP-6
HP-7
HP-8

due to the aforementioned reasons which doubt the ability of diagonal metric learning

to learn a model that find the similarity of face features in different domains.
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Figure 4.14: FT from all movies: Diagonal metric’s precision @ k results for across

movies retrieval. This figure is best viewed in color.

Figures in 4.15 show the confusion matrices of the difference between baseline and

applied metric learning mAPs. Each figure has a color bar next which indicates

the improvement values. It turns out that joint and low-rank Mahalanobis metric

techniques have an improvement over the baseline mAP, while diagonal metric results

in reduction in the performance as previously mentioned.
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Table 4.25: Metric learning from from all movies: The average differences of the
precision @k between baseline and joint metric learning that show the
improvement in tasks 1 and 2 results for different k values.

kvalues| @] @2 @10 @20 @50 @100
Improvement Percentage|-19.8 -16.4 -143 -119 -76 -3.6
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metric learning mAPs.
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4.4 Face Track Recognition

In this section, we explain the supervised learning applied on Accio dataset for face
track recognition using linear SVMs. Prior to face track recognition experiment, a
character of Accio dataset in any movie is included into the evaluation if it appears
at least in three of Harry Potter movies and has at least a total number of 50 face
tracks across movies. we set these criteria in order to obtain multi-class linear SVM
for training for each character in the dataset since we want to have balanced number of
face tracks for all characters included in our evaluation. Figure 4.16 shows the montage

image of sample characters that satisfy these criteria.

For the evaluation we randomly select 5 fold cross validation sets, in each fold, one set
of tracks is used for training linear SVMs and the rest are for the test. A training fold
contains 20% of face tracks and the test set contains the rest of face tracks Similarly to

face track retrieval, we have two task for the evaluation:

(1) Within movies: In this setting, we evaluate movies separately at a time. The
evaluation is conducted only on named face tracks with specific criteria. This setting
evaluates the recognition performance subject to typical face challenges such as variant

pose and illumination.

(1) across movies: In this setting we analyze the impact of age progression among the
actors evaluating face track recognition across movies. We also only consider named

face tracks across movies for both training and testing. The evaluation of across movies

is achieved in pairwise different movies (for example HP-1 and HP-2 ).

Figure 4.16: Sample images for characters that satisfy that SVM training criteria.
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Following the fulfillment of the criteria, a linear SVM model is obtained for each
character in a movie. For example, there are 23 characters as shown in table 4.3, this
model then is used for evaluation for both tasks: within the same movie and across
the other movies. The evaluation is done for the 5 folds in cross validation sets and
the performance results are the average of the 5 folds. Table 4.26 shows the overall
accuracies of cross and within movies face recognition. Each accuracy shown in the
table, it is calculated by combining all scores from SVM models of a train movie and
then compare the highest score with the test label of test movie, if it is the same, then

the we decide that the character is correctly classified, and false otherwise.

The table 4.26 indicates that the best results are obtained when the test is applied
within the same movie where only standard challenges such as illumination and pose
exist without age variation. However, as we go farther from the diagonal elements, to
the right or to the left, we can see how the accuracy values decrease as the time gap

between the SVM models and test data of movies increases.

Table 4.26: SVM accuracy: overall.

‘HP—I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1| 91.0 82.1 71.0 67.7
61.6 61.2

HP-2| 75.7 90.4 | 66.2
HP-3| 642 649 85.7
HP-4
HP-5
HP-6| 63.7 67.8 64.8 65.2
HP-7/ 653 68.6 684 688 80.2 73.0 893 78.0

HP-8 [51.8" 56.1 '53.1" 640 704 62.1 622 87.6

Tables 4.27, 4.28, and 4.29 presents the F1 scores of face recognition of the three
major characters in Accio dataset: Harry Potter, Hermione, and Ron Weasley. F1 score
consider the precision and recall, where precision is the number of correct positive face
tracks divided all positive face tracks and recall is the number of correct positive face
tracks divided by the positive tracks that should be identified. F1 score is the weighted

average of precision and recall as given in equation 4.1:

__~ recall . precision
= 2'recall + precision 4.1)

56



Table 4.27: F1 score of face recognition for Harry Potter character in Accio dataset.

‘HP-I HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1]95.8 93.1 87.7 85.5 62N 772 76.8 793
HP-2| 882 959 850 81.2 733 780 743 783
HP-3| 850 87.6 93.6 826 849 818 80.7 804
HP-4190.3 909 903 948 88.6 86.6 854 87.3
HP-5/79.5 83.5 844 820 940 830 80.8 84.0
HP-6| 864 88.1 89.7 850 912 942 87.0 874
HP-7| 843 844 870 83.7 885 869 945 87.9
HP-8| 784 787 814 80.0 867 810 839 932

Table 4.28: F1 score of face recognition for Hermione character in Accio dataset.

‘HP—l HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8

HP-1|91.6 86.2 75.0 [532" 67.9 505 V44475
HP-2| 767 914 66.1 457 63.6 53.4 327 48.8
HP-3| 74.1 78.6 873 57.7 748 60.0 574 66.0
HP-4| 614 60.1 479 835 76.1 67.6 502 61.3
HP-5|56.8 62.8 542 619 854 635 458 57.1
HP-6|58.2 662 613 653 70.6 869 524 622
HP-7|73.6 745 763 803 85.6 815 887 825
HP-8| 642 71.8 64.6 705 819 69.0 62.0 86.8

Table 4.29: F1 score of face recognition for Ron Weasley character in Accio dataset.

|HP-1 HP-2 HP-3 HP-4 HP-5 HP-6 HP-7 HP-8
HP-1/91.6 79.1 69.1 71.3 /565 586 63.7 62.1
HP-2| 785 91.8 73.5 (476" 69.7 71.1 59.0 66.6
HP-3|60.0 61.5 848 58.7 60.9 529 563
HP-4| 66.0 49.1 -%61.2 63.9 60.3 59.0
HP-548.7 639 627 515 905 67.8 68.6 63.7
HP-6 479 762 68.1 [88:00 83.1 893 68.6 71.6

HP-7|58.1 67.0 669 61.7 874 826 92.6 86.1
HP-8 [432 574 565 58.6 813 77.0 77.0 90.1
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5. FACE VERIFICATION ANALYSIS USING FISHER VECTORS

The aim of this chapter is to evaluate the performance of Fisher vector on face
verification using different dataset and features rather than LFW dataset and SIFT
features. We apply evaluation on the fourth experiment of Face Recognition Grand
Challenge(FRGC) dataset. We first explain the dataset and its performance evaluation
metric, and then we discuss the usage of Gabor filters. Finally we provide all the details

of experiments results with variant Fisher vector settings.

5.1 Face Recognition Grand Challenge(FRGC) Data Set

FRGC is contains three sub sets of high resolution still images taken under controlled
and uncontrolled conditions. Controlled images were taken in a studio settings while
the uncontrolled images were taken with variance illumination conditions, with two
expression: smiling and neutral. In addition, FRGC contains several experiment’s
settings. In this work, we use the fourth experiment which measures the progress on

recognition from uncontrolled frontal still images[4].

FRGC’s Fourth Experiment: The validation sets of FRGC’s fourth experiment
involves two sets, query and target sets. Query set consists of 8,014 uncontrolled
single images while the target set consists of 16,028 single controlled images.The two
sets contain images from 466 identities. The training set of FRGC consists of 12,776
images from 222 subjects, with 6,388 controlled and 6,388 uncontrolled images. This
is the most challenging experiment due to the uncontrolled settings which have variant

illumination, focus change and partial occlusion.

Performance Evaluation The reference point to measure the performance of a method
on FRGC is the verification rate (VR) at 0.1% false acceptance rate. In addition
there are three Receiving Operator Characteristic (ROC) curves corresponding to three
different timing gap. ROCI corresponds to the images taken within a semester, ROCII

within a year and ROCIII corresponds to images captured between two semester.
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Figure 5.1: Still images taken in one session under controlled conditions (Studio
Settings) [4].

Figure 5.2: Two uncontrolled still images[4].

5.2 Experiments: FRGC’s Fourth Experiment

5.2.1 SIFT features

First of all the pipeline of Fisher vector faces in the wild as suggested in[3] is applied on
FRGC’s fourth experiment using SIFT features and as explained in chapter 3.3.1. The
face verification starts with dense sift extraction, reducing the dimensionality of face
descriptor by PCA, training GMM and then encoding Fisher vectors. It is important
to mention that the reported results of LFW sets are re-obtained in during this work as

presented in the following table 5.1.

Table 5.1: Evaluation results of LFW splits in term of ROC = ( 1 - EER).

Feats. Aug. GMM Size PCA Dim Applied Metric Learning ROC%
SIFT v 512 64 Low Rank Mahalanobis Metric  91.66
SIFT Vv 512 64 Low Rank Joint Metric ~ 91.4
SIFT Vv 512 64 Diagonal Metric ~ 90.9

For the evaluation of FRGC’s fourth experiemnt, the only difference is the size of
GMM which is set to 128. This gives the best results and the computation of Fisher

vectors become faster since their dimensions depends on GMM size (K). The resulted
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Fisher vectors dimensions = 2PK = 2 % 66 x 128 = 16896. The Root dense-SIFT
settings are as the following: patch size is 24 x 24, scales = 5 with a scale factor equal
to v/2. Since the face images are aligned and set to 128 * 160 the SIFT features has
12828K dimensions, which they are reduced by PCA into 6428K dimensions and then
augmented with the spatial information. The results are expressed in term of AUC
and VR@0.1% FAR and shown in table 5.2. In addition we applied the large-margin
dimensionality reduction methods in order to make Fisher vectors compressed and

more discriminative along with diagonal and joint metric learning.

Note: It is important to note that zero-normalization is applied on the verification
scores by subtracting the mean of score matrix and dividing by the standard deviation.
This normalization always helps to improve the face verification performance. In
the following tables, we refer to zero-normalization as Z-norm in the first row
and we present the AUC and VR@FAR=0.1% results prior and after applying this

normalization to display its impact on the performance.

In addition, the results displayed in the following tables for all evaluations are the

average of the three ROC curves of the FRGC’s fourth experiment.

Table 5.2: Using SIFT features: AUC and VR@O0.1 FAR% of FRGC’s fourth

experiment.
GMM PCA Metric VR Z-norm Z-norm
Feats. Aug. Size Dim Learning AUC @FAR=0.1% AUC VR@FAR=0.1%
SIFT v 512 64 Mah. Metric 99.26 51.0 99.4 63.9
SIFT v 512 64 Joint Metric  99.3 60.1 99.2 55.1
SIFT v 512 64 Diag. Metric 98.4 40.8 98.6 48.8

5.3 Fisher Vectors Using Gabor Filters

In addition to the aforementioned Fisher vectors evaluation, several experiments were
done in order to assess the performance of Fisher vectors using Gabor filters as a
local descriptors. Local blocks of Gabor filters are used for Fisher vector encoding
rather than SIFT. Gabor filters are chosen as local features since they are one of the
most successful face representations due to their biological relevance to human . They
decompose the given face images into several scales and orientations. For a given face

images, first it is aligned as shown in figure 5.3. FRGC dataset provide the coordinates
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alignment preprocessing Gabor filtering

Figure 5.3: Pipeline of Gabor filters representations for face image [5].

points of eyes centers and mouth corners which are used for the alignment by similarity
transformation. The aligned face image also is resized into 128x160 pixel resolution.
Then a preprocessing is applied which consists of a sequence of the following steps:
Gamma correction, Difference of Gaussian (DoG) and highlight suppression. The
aligned and preprocessed face image is convolved with a 2-D Gabor wavelet filter bank
to obtain a set of filter response with different scale and orientations. This process’s

steps are illustrated in figure 5.3.

The resulting GMI is divided into 20 non-overlapped blocks with a size 32 x 32. Each
block is down-sampled with scale factor equal to 0.5 which makes each block size
equal to 16 x 16. This leads into 256 dimensional vector for each block. Since we
have 20 blocks for each image and 40 Gabor responses, the local descriptor of Gabor

filters for face image is equal to 256 x 800 dimensions.

Feature Normalization: Following the extraction of Gabor features, the local
descriptors are normalized by taking the square root and dividing them by features

norm.

5.3.1 Spatial, scale and orientations augmentations:

Since Fisher vector does not capture the local distribution and structure of features,
the spatial information and the corresponding scale and orientation are added to the
local descriptors. The resulting local descriptor can be formulated as the following:
[Gx’y;x; y;S; 0], where G,y are the PCA-Gabor filters features of a block centered at

(x,y) which has (S, O) scale and orientations.
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5.4 Experiments and Results

In this section, we carry out several experiments with variant parameters for Fisher
vectors in order to analyze the performance of the method under different settings. In
the following experiments, one parameter is changed during the experiment while the
rest of parameters and settings are kept fixed in order to check the performance of the

method related to the changed parameters.

5.4.1 Effect of face alignment

In this experiment the aim is to measure the effect of face alignment on the performance
of Fisher vectors, figure 5.4, shows two completely different aligned face, where face a
is aligned fitly and face b is aligned with a much freedom of background. By fixing the
the GMM size to 512, PCA dimensions to 32 augmentation, and using two different
face alignments, table 5.3 presents the results of this experiment. According to the
results in the table, the difference of the two alignment is not much due to the fact that
Fisher vectors automatically captures the important facial features without explicitly

trained to do so.

Following this experiment, we used the alignment with a background in the rest of the

work.

(a) Alignment with (b) Fit alignment
Background

Figure 5.4: Two different aligned faces.
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Table 5.3: Effect of face alignment: AUC and VR@0.1% FAR of FRGC’s fourth

experiment.

GMM | PCA Metric VR@ Z-norm | Z-norm VR
Feats | Align. | Aug. | Size | Dim Learning AUC | FAR=0.1% | AUC @FAR=0.1%
Gabor a v 512 32 | Mah. Metric | 98.90 42.87 99.1 57.36
Gabor a v 512 32 Joint Metric | 98.34 38.38 98.38 38.60
Gabor a v 512 32 | Diag. Metric | 97.34 41.90 97.62 46.95
Gabor b v 512 64 | Mah. Metric | 98.8 36.9 99.0 58.3
Gabor b v 512 64 Joint Metric | 98.0 37.2 98.1 38.9
Gabor b v 512 64 | Diag. Metric | 96.1 37.0 97.0 41.6

5.4.2 Effect of PCA dimension size

Preceding training GMM and encoding Fisher vectors on 256x800 dimensional Gabor
filters local descriptors, we perform PCA for dimensionality reduction to make Fisher
vectors applicable for evaluation of FRGC and learning metric models. In this
experiment we applied PCA to Gabor local descriptors to decrease their dimensionality
from 256 to 32 and 64. We tried to use two different PCA dimensions to check how
would this affect the performance of Fisher vectors. Table 5.4 shows the results of
using two different dimensions of PCA, while the rest of Fisher vector settings are fixed

in both cases. It turns out that lower dimensions are more decorrelated and clear of data

redundancy such that the performance of 32 dimensional Fisher vectors is better.

Table 5.4: Effect of PCA Dimensions AUC and VR@0.1% FAR of FRGC’s fourth

experiment.

GMM | PCA Metric VR Z-norm | Z-norm VR
Feats. | Aug. | Size | Dim Learning AUC | @FAR=0.1% | AUC | @FAR=0.1%
Gabor v 512 32 | Mah. Metric | 98.9 42.9 99.1 57.4
Gabor v 512 32 Joint Metric | 98.3 38.4 98.4 38.6
Gabor | V 512 32 Diag. Metric | 97.3 41.9 97.6 46.9
Gabor | V 512 64 Mah. Metric | 98.7 40.2 99.0 54.8
Gabor | V 512 64 Joint Metric | 98.2 32.8 98.2 32.8
Gabor | Vv 512 64 | Diag. Metric | 97.1 40.9 97.5 46.1

5.4.3 Effect of spatial, scale and orientation augmentation

Fisher vectors are efficient encoding method however since the features are extracted
from face locally, it does not capture the distribution of features in spatial domain.

Furthermore, Gabor responses corresponding to different scales and orientations.
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Spatial, scales and orientations information should explicitly incorporated into Fisher
vectors encoding as suggested in the literature. In this experiment we show how
clearly the augmentation of these information affects the performance of Fisher vectors
on FRGC’s fourth experiment. The augmentation provides the visual information of
Gabor responses to GMM which makes the encoding of Fisher vectors more effective.
The augmentation is applied as explained in 5.3.1 section. Table 5.5 shows the
huge difference of performance when augmenting the spatial, scale, and orientation
information to Gabor-PCA features. We can see clearly that the augmentation of these
information improve the performance of Fisher vectors. In this experiment the rest
settings of Fisher vectors such as GMM size, PCA dimensions, face alignment are

fixed in both cases: with augmentation and without augmentation.

Table 5.5: Effect of Augmentation: AUC and VR@FAR = 0.1% FAR of FRGC’s
fourth experiment.

GMM | PCA Metric VR Z-norm | Z-norm VR
Feats. | Aug. | Size | Dim Learning AUC | @FAR=0.1% | AUC | @FAR=0.1%
Gabor v 512 32 | Mah. Metric | 98.9 429 99.1 574
Gabor v 512 32 Joint Metric | 98.3 38.4 98.4 38.6
Gabor | v 512 32 | Diag. Metric | 97.3 41.9 97.6 46.9
Gabor 512 32 Mah. Metric | 92.2 6.6 94.0 16.1
Gabor 512 32 Joint Metric | 90.8 7.5 91.9 94
Gabor 512 32 | Diag. Metric | 82.2 6.3 84.5 8.4

5.4.4 Effect of GMM size:

In this experiment, we want to check the performance of Fisher vectors on FRGC’s
fourth experiment when using different size of GMM.We try using 512 and 128 sizes.
GMM size parameter affects the dimensionality of Fisher vectors since their size
depends on the number of vocabulary of GMM. Table 5.6 shows the evaluation results
of this experiment using different size of GMM while keeping the rest setting of Fisher
vectors such as PCA dimensions, Gabor response settings and augmentation fixed in
the two cases. We figure out that large number of GMM leads to better results for these

evaluation.
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Table 5.6: Effect of GMM size: AUC and VR@0.1% FAR of FRGC’s fourth

experiment.
GMM | PCA Metric VR Z-norm | Z-norm VR
Feats. | Aug. | Size | Dim Learning AUC | @FAR=0.1% | AUC | @FAR=0.1%
Gabor | V 512 32 | Mah. Metric | 98.9 42.9 99.1 57.4
Gabor v 512 32 Joint Metric | 98.3 38.4 98.4 38.6
Gabor | V 512 32 | Diag. Metric | 97.3 419 97.6 46.9
Gabor | V 128 32 Mah. Metric | 97.9 279 98.3 419
Gabor v 128 32 Joint Metric | 97.8 32.1 98.0 36.7
Gabor | Vv 128 32 | Diag. Metric | 96.0 28.7 96.3 33.0

5.4.5 Final experiment

Following the aforementioned experiments and after exploring the best settings of
Fisher vectors and Gabor responses, we select the best settings and provide their
evaluation on FRGC’s fourth experiment. Table 5.7 gives the results of Fisher vectors
on the fourth experimenter of FRGC. For Gabor filters, 5 scales and 8 orientations
are used. The obtained GMI is divided into 20 patches with 32 x 32 size and then
down-sampled into 16 x 32. The resulted local descriptors dimensions is 256 x 800.
Then PCA is applied on these descriptors to reduce the dimensionality to 32. Finally,
spatial, scale and orientation information corresponding to each block is added to the
local descriptors resulting in 36 x 800 dimensions. The GMM size is set to 512, which
leads to a Fisher vector with 2PK = 2 x 36 x 512 = 36846 dimensions As shown in
the table, low-rank Mahalanobis metric learning has the best results in term of AUC
and the FV@FAR = 0.1%. The zero-normalization of the scores improve the results,
especially the VR@FAR = 0.1%, for example, when using the Mahalanobis metric
learning, the VR@FAR = 0.1% = 42.87%, and after applying the zero-normalization,
it increased nearly by 15% to 57.36%. This is a significant improvement over the

original scores for the evaluation of FRGC’s fourth experiment.

Table 5.7: Final Results of AUC and VR@0.1% FAR of FRGC'’s fourth experiment.

GMM | PCA Metric VR Z-norm | Z-norm VR
Feats. | Aug. | Size | Dim Learning AUC | @FAR=0.1% | AUC | @FAR=0.1%
Gabor v 512 32 | Mah. Metric | 98.9 42.9 99.1 57.4
Gabor v 512 32 Joint Metric | 98.3 38.4 98.4 38.6
Gabor | V 512 32 | Diag. Metric | 97.3 419 97.6 46.9
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Figures 5.5 introduces the the three ROC curves plot, where the results in table 5.7 are

the average of these three ROC curves.
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Figure 5.5: The three ROC curves plot of the fourth experiment of FRGC using
low-rank Mahalanobis metric learning.

Table 5.8 presents the results of Fisher vector on FRGC’s fourth experiment for

both Gabor and SIFT features. SIFT outperform Gabor filter with small difference.

However, Gabor filters has less dimensions and can be computed faster than SIFT

features.
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Table 5.8: Comparison between SIFT and Gabor results of AUC and VR@0.1% FAR
of FRGC'’s fourth experiment.

GMM | PCA Metric VR Z-norm | Z-norm VR

Feats. | Aug. | Size | Dim Learning AUC | @FAR=0.1% | AUC | @FAR=0.1%
Gabor | Vv 512 32 | Mah. Metric | 98.9 429 99.1 574
Gabor | Vv 512 32 Joint Metric | 98.3 38.4 98.4 38.6
Gabor | Vv 512 32 | Diag. Metric | 97.3 419 97.6 46.9
SIFT v 512 64 | Mah. Metric | 99.26 51.0 99.4 63.9
SIFT v 512 64 Joint Metric | 99.3 60.1 99.2 55.1
SIFT v 512 64 | Diag. Metric | 98.4 40.8 98.6 48.8

68




6. CONCLUSION AND FUTURE WORK

6.1 Conclusion

We introduce the Accio data set for analyzing the effect of aging in video face
recognition methods. Accio features 121 characters spread over multiple age groups,
and has more than 38K face tracks of which a large pool (40%) are distractor tracks.
We use Fisher vector, the state-of-the-art of face track representation for the Accio
dataset. The meta-data, which include the face tracks information of the dataset such as
characters, track ID, age ... etc and the face tracks’ representation can be downloaded

at http://cvhci.anthropomatik.kit.edu/projects/mma.

In addition we carry out an study of face track retrieval and recognition across age
on the dataset. Depending on whether the external and Accio data are used or not,
we present three protocols: unrestricted, restricted, and free-for-all. We present two
primary tasks as a benchmark for the face track retrieval evaluation: within and across
movie face track retrieval. During our study, the baseline experiments of both tasks
(within and across movies evaluation) for face track retrieval and recognition we see
a steady decline in the retrieval performance as the age gap between the query and

database movies increases.

In order to improve the baseline results we benefit from three metric learning
techniques: (1) low-rank Mahalanobis metric learning, (i) joint metric learning, and
(1i1) diagonal metric learning. These techniques serve two majors: (i) dimensionality
reduction and (ii) more discriminative representation in lower space. In addition,
during the evaluation on Accio dataset, we have two different usage of metric learning
based on the pooled training data: (1) metric learning on pairwise movies, and
(i) metric learning on all movies training data. In both scenarios, we observe an
improvement over the baseline results in case of using joint and low-rank Mahalanobis
metric learning in term of both mAP and precision @k. Their results show clearly the

ability of these metric learning approaches to learn the feature similarity of the facial
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changes due to the aging factor. However, diagonal metric learning, produces lower
results than baseline since it is basic metric learning that can not capture the variation

of face track representation due to the facial changes across age.

We carry out a supervised learning by linear SVMs in order to assess the efficiency
of face track recognition across age on this dataset. Similarly we have two evaluation
tasks: within and across movies face recognition. As the retrieval task, we observe a
decline in the system performance as the gap between the training and testing movies
increases and the best results are obtained in case of applying training and test on the

same movies.

As a part of our work on face track retrieval and recognition across age, we evaluate
the efficiency of Fisher vectors using different parameters. We implement multiple
experiments, using FRGC dataset and Gabor filters. We use variant parameters of
Fisher vectors and face image in our experiments such as different face alignment,
various number of GMM and PCA sizes, and the augmentation of spatial, scale and
orientation information to the local descriptors. We conclude our study by seeing that,
Fisher vector method works well without any regard to face alignment since it can
capture the important features of the face with out needing to specific alignment. The
augmentation of spatial, scale and orientation to the Fisher vectors clearly affect the
results of Fisher vectors since it helps the technique to learn the spatial and visual
distribution of the local features. Finally, we notice that, Fisher vectors works better

with low dimensions of PCA since it makes the representation more discriminative.

6.2 Future Work

In the future work, our purpose is to obtain an age invariant face track retrieval and
recognition on Accio dataset using Transfer Learning. One of the proposed technique
is instance transfer which includes copying training set tracks directly or smart copy
such that the accuracy of across movies evaluation improves. In addition, model
transfer can be applied where we get scores from all models and build a top model
on this to get better performance. Domain adaptation of the features is also suggested
which combine all movies into one domain to learn the feature similarity of face tracks

regardless of the facial changes due to age progression.
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In addition, we plan to study the face track retrieval and recognition across age based on
age groups. For example, the experiments would be implemented explicitly on certain
age groups such as young ages which are dominant in Accio dataset. Furthermore, in
Accio dataset age invariant learning and representation are promising since the aging
factor on the dataset has been proved. The work will be accompanied with more
research and work on age invariant face representation for certain facial landmarks
and ages, and learning that captures the facial feature changes due to age progression

across movies as suggested in the literature.
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