_ IS, sl Ayl san
e g T QP - .

= syl Al pobell ) sgad
S WM gl (L o

Jal dag la sl el
Olsins Bl Glaadll alay 3 jicalal) ds o

Gaand) alail) il aladials bual ) pal) Ciuags
Image Captioning Using Deep Learning Techniques

ac)

asiS (oAl .0 s a2

2021 JV) o



Ln sgiilly Aol aglall llal) sgaally ey

[ 6 il asoyall Cngar ciiaal  Jlad) aleill daegSa Lange Linglgi€lly dgalail] aglall el gadl
ekl dodee (8 Je i) aleadld Gdinlig Gaudiga (e Biaaie duade HalsS alac) gy elldg (1983 Llal /24
gl dyal) A ysgand) b Apailly alel

psle s S ilSually doig SSIY) alailly dnlaglaally C L) (& dsvigll 8 BlaY) days Jlal dgadl) miay
& Ofsiiall (o Blitie dagyd laalaiaV) oda Ayl el agaad) dii . ghpall Lxing Slgall Luviag
s YLV ali 3 Sl piiale malys Liad JLall dgadd) iy« alell gyl (pa 45380 3alg-)
Ly agles Mgall duding asle g HLAll acag Cilasheall alaig 5l Cilbdarall alas g eliigg Hlly aSal)
Aglal) eLgadlly sSatl) alig dnlagleally VL) B ohysiCall da s Mall agaal) miay chyudly .l puad
sl puglailly Cundl Cilgagiy Joaad) Bow bl Conas asas Gilbaliaid) lall agad) 8 Giaad
aallallg

b Uifin Ualis ) dpalal) asllladg oy lal agga jre Jlall dgaad) (ojlay ¢ paledl) Tl cils )
LS il 8 dalally dalell clgall mllal desine colliindy cladyng aldia a3y 3 ¢ o ailly Can)
iyt gy e Ll dgadl gaa Ashailly Adad) aliial) a5l mla Gles g Osla
Asalall oyl LslSa] (e caigall (1o 35 gangl B3] ) alidly alally alall (e Unill dalic dilacy i)l
e i) Al daale Lo ) agaall iy colell iy adeill Jlae 8 231 ops0l YLSiuly a3)0day
Lagac Cpmaalall OO (e daadly dayd iy Jall dgaal) b maliall Giloy ooy 58 Lo Lgia coplal 2 L
Al iy LS ALY o daBge o aistia (e Limny Jall dgaal iy . A& ale 5 Lo Lgiay
G (e pykaly 4Dt Cjgdia s es el sgaall b 53 ohsiSally iialall il e g DY
galal)

31983 a3 cdnysuall dunpall doysgand) clnglsiSilly ddpail) aglall Jlall gl

Higher Institute for Applied Sciences and Technology — HIAST

P. O. Box 31983, Damascus, Syrian Arab Republic



00963115140761 s - 00963115123819 xla
contact@hiast.edu.sy g5l vy

www.hiast.edu.sy g <) adse



o Gl Laglsity Sliyd Ol cane (533 8)5i€ally jdaa Chal LgiSall e JS ) A Jojas pal
N e mlas ) ol milaly WSl rnd Cgg ga (e oledd L US e ¢ il

ialas agen OIS5 Taga g ol (ud) canalall dlasall g piealal & Sl ) KAl Lad 4l

Mall (salgd) ae 2 .



uadlall

o Ll Jlaall 128 2y G cCuaall aiwall S0 ALl dilad) (e V) jsuall Carags aa
Caragi aladial oSa+ ST of Baals dlea 05 o Chasll 13g) (Says cJanll b La Bygum Cimy 7548
oyl Aalles link (e paell g el g9 GAE peal) duygdl gl

Sl Gl el 2 3las Aaaldy ¢ gaenll abedl)l Ll oladials 1A e jsall Cariag Al il
L e attention Loyl 4 uosn e 1a_qina uq}u PR dag kYl oda 4 -Encoder—Decoder
T (w A Aiwall convolutional el clahall (e ciled) (0 2wy Encoder—Decoder
Z 35 e Aapdiaadl) a2V ey (ImageNet by desens e s ijaall Xception
Positional aage jues alis Liad 218 .MSCOCO ilily degane e loiss ap2 52} YOLOVS
D ondil) e e ol (g CAaeaY) dule’ dsens (e clewd ana Encoding Scheme

Alilae Jleels gyl MSCOCO cilily degana o Liadgai cand) 2 b

G b Bseal) Carass Allidd ONN S sty cilaad) gl Joa Alals dup et dudys Laad oo
Lyde Hgeall Criatl 305 12 e cilily ile gane 3 alatinls 1ya3 72 (e degana lupal L Gaeal) alal)
Ciragll 5aga Jde CNN cilewd) myatie juan 58l (yas .ImageNet clily degane o G
st il o3a (ye D L derdiuall ) guall ULy Ao ganas z3saill Lty G Dagh Al aalg ¢ jguall

Mgiant 2y S peall Clag auidi ulie (o (S0 Tisss 20000 CNN S0 (40 Ao sana

b daall 138 aalen . V) jpall Cava g Jlase 8 vl ulal) unlial) 2asiils audll cils )y s
seall Jundl Ji @l aas DA e V) geall Claass Jlae ol

z LAl ¢ (Gmand) eh:m ¢CNN duigianl) 4l euab.é‘\z\ Silaw e’l.f\ Ll Cha gl tdaalidall cilalsl)
Silad)



Abstract

Image captioning is one of the trending problems in modern Artificial Intelligence (Al). It
is concerned with generating an output text describing an input image, where the
output can be one or more sentences. Image captioning is important for many
reasons. For example, it can be used for automatic image indexing, which is important

for many applications.

The problem of image captioning has been solved recently by deep learning
techniques, especially Encoder-Decoder methods. In this thesis, we present an
Encoder-Decoder attention—based architecture that makes use of convolutional
features extracted from the Xception model pre-trained on ImageNet, and object
features extracted from the YOLOv4 model, pre-trained on MSCOCO. We also
introduce a new positional encoding scheme for object features, “the importance
factor”, and show its effect on evaluation scores. We test our model on the MSCOCO

dataset and compare it to similar works.

We also present a thorough experimental study about feature extraction using
Convolutional Neural Networks (CNNs) for the task of image captioning in the context
of deep learning. We perform a set of 72 experiments using 3 datasets on 12 image
classification CNNs pre-trained on the ImageNet dataset. We study the effect of
changing the CNN feature extractor on image captioning quality, and find a strong
relationship between the model structure and the image captioning dataset. To benefit
from these results, we recommend a set of pre-trained CNNs for each of the image

captioning evaluation metrics we want to optimise.



The evaluation scores are calculated using the eight standard metrics in the image
captioning field. Our work contributes to image captioning by introducing better

representation schemes for images.

Keywords: Image Captioning; Object Features; Convolutional Neural Network;

Deep Learning; Feature Extraction
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Bpaaall ulallly Lgy Liiall gl ilaaadl o ) aginis crald 5 ¢ jgeally (aguaill sana Jiiad <ol eliad
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ialig DenseNet o dAll transition block b€l cila ds R allaay) clad) Al il

cloadl anag A8l us (ye LB ddlide Gl )aaw palll DenseNet161 s DenseNet]21

35



ahasiuly adall e all ot e aiwe Al 2 3laill Gaaal o 45k [39] 05415 Valey syl
) ading & AR Cun e i€ d Joadl of slaad] i) e LStanford Cars—196 <ULy degene
lan o [38] aasall b gy Gase lisas linyae CNN 1€ L (DenseNet]121 5 DenseNet161

s Inception V4 5 DenseNet121 5 ResNet]52 ci\Sus olal 5Lasy 4ua3 [40] gg)als Irvin (sial
g LYl oo DenseNet]12] 4<ui ¢lal (<5 «CheXpert cilly dcgana o SEResNeXt101

dilia &z 3l Byde Juadl (e des & Cradi) DenseNet z3l o [41] g5 415 Rajpurkar qal
JImageNet o (LaiY) s S Al DenseNet el (f g (2SI #3laill (e 328 CheXpert

il desane o digyea CNN z3sad jde Fiad cilad) 2 hatul el Joa dudys [42] 09,815 Ke sl
degana e c13Y)y ImageNet e oY1 o A8l lsaas o .CheXpert divadl a0 Lyra Hyeal
zisalll Able Hlas) e STl e s CNN Ay jlas) of 1sadi€) b ey cdhall Hgeall cilily
(o) pman 8 A8 8y aey ImageNet o Gaawal) cupaill of sl LaS L aglall (lesall dpcally

S 3kl s Bl sallls

PRESTON dal e daladl cilewd] il jaieeS CNN @lSed cau G 45lka [1] oals Sharif Jee (syinn
5 InceptionResNet V2 3 Densenet201 5 Inception V3 ,Loal lgl 8. j5 all iy wagil
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Method Reference Year

CNN+Attention+LSTM Xu et al [20] 2015

CNN+Object Detection+LSTM Encoder+ Attention+LSTM
Yin & Ordonez [3] (2017
Decoder

CNN+Object Detection+ Attention+LSTM Decoder Vo-Ho et al [2] 2019

Object Detection+Object Relation Transformer+Positional
Herdade et al [35] (2019

Encoding
Study of CNN features across CNN families Holliday & Dudek [38] 2020
CNN+Object Detection+Linguistic Features+Attention Sharif et al [1] 2020

CNN+Object Detection+Attention+Potisional
Encoding+GRU Decoder

Ours 2021

Al Gla ) Clagio ge 3lae 1.2 Jsaal
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Ghliad dliaiia clarass Syl asimll Clily degana (goat caleSl agiiall 758 a3y G 5V DA
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a4 Ll % 3\..‘:}.\14 ZL.CW M\ L..S)A:\ 3)guan 5,000 %) MIT—-Adobe FiveK QLJ\:\.} ZL::W UJSI\
) gina e sV lg daadally (alAEYL Ll 8ypems BT a5 el Cag g aralsall

FlickrStyle10k cllul) 4c gane 9.4.2
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40
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.Frequency (TF-IDF)

41



pas aui (wlie 0 SPICE .SPICE (Semantic Propositional Image Caption Evaluation)
scene— e graph e &AW Iall Jiall e aaey o Wall aggadll o adiny j5a Glirias]
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oo Sleadl 7 A% Gua dmageNet Uil desens o lrws Lyas 5ysall cilew # )33y Xception
LS dabll 4t g Keras 4S8 cyaad) XCeption z3gas Lia andias .4 5aY) dpaiduall dal
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coagsailly 0gaiig 4N dey g (agwaill 2dg 4 attention oLy Al deladtwlg dilalos =354l
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ALlS 5,aY) daall 91y Xception z3sas Lindgal (e daall sda addind ¢iblall sl 8 LS
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Lyre ndgas La Jasiat .55l cildanall calibil Lalio adesy Las ¢ gmhe Y Gilial (e € 220 Cais
.YOLOV4 s (e MSCOCO e

Iraic 80 Jsb (o ddsias zilall (ae creadiul (pahe V) Glow e @aliial Al el Sla)
73 Caartial Lad ((MSCOCO e dynall 7 3laill liiia 80) ciia JS (30 (alyeY) a2e haii gl
A<l L eV o Led confidence rate 4z cilays s o e (alye Y1 e T Taasa Taae (g)4]
VI e (ahe) Closlea aan (o 2t gty o) YOLO z3sail oSy ) ilagleall paas aladind (1

Bypeall b dagall Gl Y] apas 2SI Bale IS e ST an gy Lyt 292 (mlel) e Golayy

ypall o X adga aalsll mpad) ey Cuns )Y (e ddgieas §i3ea IS daf (e YOLO #ja0
el Jaley cpmpall go3 os 1 5 0 Gm Lapsd) go5 e 3B Aayng caelingly (apall Giase <Y adisay
.La 4a 538t pas importance factor
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sl Laglas caad) Lolal dige cae 5o Object feature extraction _walyel) =hanal dlsye 754
Xeception clew ) lgilaay daslia (35<31 2048 Jshay o s padding

) 2l CNN @lew .CNN Gilew z— Object features cilew 2.3 concatenation zuall dls ye &
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Model
(Development/ BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGE-L SPICE
Test)

Model with
YOLO
Boundi 0.54410.474/0.361/0.288/0.234/0.170|0.150|0.099/0.190/0.167| 0.522 | 0.361 {0.403/0.361|0.132(0.112
ounding

Boxes

Model without

) 0.485/0.399(0.319|0.220/0.208|0.117]0.135/0.062/0.176/0.123| 0.337 | 0.148 |0.372/0.293/0.118/0.074
Object Features

Score
0.059/0.075/0.042/0.068|0.026|0.053|/0.015/0.037/0.014/0.044| 0.185 | 0.213 |0.031]0.068[0.014/0.038

Difference

-(YOLO Bounding Boxes) zgaill (e 2 dauill s Slewdl zhatiul aladia) dillad 1.3 Jsaal)

(YOLO Raw Features v1) 3 J:aill 4.3

dule aadig Y 4t ol b (YOLO Bounding Boxes) 2 Jasill zisaill Ao Jivasl) 13a andy
e Slass Lia 2 2305 YOLO (e piayall @il z bt (e Y iz 39all (ge 3 A3l 3 - kel daaal)
ahe ) Slass zhatal isai Lo Leess o (A3Y) 8 Bgdadll s3ag YOLO 3 5,,aY) duaddlll dadall
& A Ll dakall (e Glew Asiaan zhaial skl ulee dad o) S 5 0S8 il e
Jsai concatenation clewll aua dlaye (8.(256%255) | lghicas (16x16%255) laaleds YOLO
(1x270,080) 2as (0 Baaly dshinn npail lagasai i daly 2oy @3 (ibghann ) Gled) gt ins
(4.3 Jgad)

Gaaill Jiesana o auill wiln 8 Uaga Joasil) 138 Gare caull dadl) (8 dall (ool il conen
coadin ol agls ¢ jLaa¥ls
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Model (Train) BLEU-1|BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGE-L|SPICE Time

DenseNet121| 0.493 0.31 0.195 | 0.118 | 0.179 |0.408 0.373 |0.122|08:18:38

Inception V3 | (0.504 | 0.322 | 0.200 | 0.122 | 0.182 0.460| 0.382 ]0.125|09:26:40
ResNet50 | 0.525 | 0.343 | 0.218 | 0.136 | 0.188 |0.481| 0.395 |0.129/10:11:12
VGG19 0.485 | 0.308 | 0.189 | 0.115 | 0.170 [0.375, 0.364 |0.113/08:05:58
Xception 0.528 | 0.343 | 0.219 | 0.138 | 0.186 [0.493 0.392 |0.130|12:20:05

dopaill e AV Ayl L1.4 Jsaall

b Juad) i) ) ool ResNet50 5 Xception gpadsall aladil of 1.4 Jsandl (e sl of iy,
Z 35 alatia) (galy Lot clida) e U8 il ) 2 3lall ddy ool Ly ccoplaall (e IV dla sl
zisa Lkas) o ol C mleall aen (b i) 25 8 ) i oS LB ) Y VGG19
52 Al Claragill saga Ao € il 4l feature extraction cilend gzl 8 adiiall CNN

il Gagealll sl ules e feature extraction model il ananl (gl Lt 586 1) 2l 53
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Model (Train/Test) | BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGE-L SPICE
VGG16 0.607|0.393/0.459|0.219|0.336/0.112/0.239/0.0550.238/0.1350.671|0.168|0.480/0.311|0.177|0.082
VGG19 0.576/0.416/0.434/0.239|0.316/ 0.131 |0.225/0.071 |0.244|0.139|0.627|0.1780.477/0.316|0.186| 0.088

ResNet50 0.638/0.404/0.503|0.232/0.387/0.127|0.293/0.068 |0.264/0.143 /0.797/0.198|0.519/0.322|0.203 | 0.094
ResNet101 0.654/0.449/0.516/0.265|0.399|0.150(0.304/0.079|0.259|0.153|0.796/0.231|0.519/0.346|0.200|0.099
ResNet152 0.653/0.445/0.517/0.263|0.399|0.1480.301|0.0790.264|0.155|0.815/0.249|0.521/0.349|0.204|0.103
Inception V3 0.604/0.411/0.457|0.235|0.336/ 0.129 |0.243/0.0700.243/0.139|0.683|0.198 |0.484/0.319|0.183| 0.088

Xception 0.631/0.440/0.492/0.259|0.373|0.147/0.278|0.0800.252/0.151|0.742|0.224/0.501|0.341 0.196|0.097

InceptionResNet V2 |0.541|0.434/0.397/0.250|0.285|0.135]0.202|0.072(0.231|0.145|0.575/0.219|0.451/0.331 |0.176|0.095

DenseNet121 0.609/0.410/0.466|0.230|0.349|0.123 |0.257|0.063 | 0.244/0.144|0.714/0.2040.489| 0.320 |0.184|0.094
DenseNet169 0.593]0.426/0.453/0.250|0.337/0.1390.245/ 0.0740.250|0.148|0.709|0.209 |0.491|0.337|0.190| 0.095
DenseNet201 0.634/0.447/0.492/0.261/0.373/0.144/0.278/0.0720.249/0.150 10.759/0.230|0.506 | 0.340|0.190 | 0.096
NASNetLarge 0.698|0.390/0.578|0.219/0.472|0.119|0.379/0.062|0.290/0.148|0.984| 0.191 |0.568| 0.314|0.222|0.099
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Model (Train/Test) = BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGE-L SPICE
VGG16 0.457/0.36010.287{0.18310.179|0.0930.110{0.047|0.155/0.116|0.279|0.102|0.342/0.2700.098 | 0.062
VGG19 0.456|0.37910.284|0.197/0.175{0.0980.107|0.051 |0.155/0.119|0.272|0.106 |0.338|0.2790.098 | 0.063

ResNet50 0.513]0.380/0.343|0.208 10.228|0.111|0.150/0.058|0.174|0.130/0.366|0.1330.379/0.298/0.1170.072
ResNet101 0.49410.376|0.329|0.2060.216/ 0.109 |0.141/0.058|0.180|0.125]0.353]0.122|0.380| 0.288|0.121|0.071
ResNet152 0.497/0.376|0.332|0.199/0.220| 0.103 |0.144/ 0.052|0.183/0.121 |0.3580.125|0.385|0.282|0.123|0.067
Inception V3 0.47910.390/0.308|0.2050.196| 0.104 |0.124/ 0.052|0.167|0.12310.307|0.127 |0.364| 0.287|0.111|0.071

Xception 0.485(0.399/0.319/0.220/0.208(0.117|0.135/0.062|0.176|0.123|0.337/0.1480.372/0.293 /0.118|0.074

InceptionResNet V20.474/0.395/0.297/0.213/0.185/0.111/0.114/0.057|0.158|0.131|0.287|0.150(0.348/0.294/0.104/0.076

DenseNet121 0.445/0.374/0.281|0.203/0.176/0.107 |0.109/ 0.055|0.165/0.125]0.269|0.120 0.349| 0.289|0.107|0.071
DenseNet169 |0.469/0.392|0.300/0.211|0.188/0.108|0.117|0.056 0.165/0.125/0.302|0.129|0.354/0.295|0.109|0.068
DenseNet201 0.477/0.38410.305|0.205/0.192{0.106|0.120| 0.055|0.164/0.122|0.311|0.134|0.355/0.2890.107|0.068
NASNetLarge |0.515/0.397/0.349/0.216|0.237/0.114/0.160/0.060|0.187|0.126|0.402|0.160|0.398/0.2930.129/0.071
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Model (Train/Test) BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGE-L SPICE

VGG16 0.499|0.447|0.318/0.263|0.196|0.150|0.119| 0.084|0.169/0.149/0.391|0.28210.367| 0.332|0.112| 0.094

VGG19 0.502|0.449|0.321]0.266 |0.199|0.15210.121|0.085|0.174/0.152|0.409|0.293 |0.374| 0.338|0.117|0.096

ResNet50 0.534/0.476|0.351|0.282|0.224|0.162|0.1410.092|0.194|0.159|0.508|0.3430.404 | 0.352|0.134|0.102

ResNet101 0.525/0.474{0.344/0.288|0.219/0.168{0.137/0.096|0.190| 0.167|0.488|0.351|0.396|0.362/0.132|0.108

ResNet152 0.537|0.47810.353|0.289|0.225|0.168 |0.142/0.096 |0.190|0.163 |0.506|0.346 |0.399/0.359|0.133| 0.105

Inception V3 0.518|0.478/0.334|0.288|0.210|0.167|0.130|0.095 |0.186|0.1600.473|0.341 0.392/0.351|0.127|0.105

Xception 0.530/0.484|0.349/0.291|0.223/0.170|0.141|0.098|0.189|0.1630.510/0.362|0.398 | 0.359|0.133/0.107

InceptionResNet V2|0.519/0.485/0.338/0.295/0.211|0.173|0.129/0.099|0.181|0.164|0.449/0.358|0.388|0.358 |0.124|0.109

DenseNet121 0.518/0.476|0.333/0.287|0.207|0.167|0.127{0.096|0.181|0.164|0.450|0.346 |0.384 | 0.358 |0.124 | 0.106

DenseNet169 |0.507|0.474|0.327]0.285|0.206|0.165]0.127|0.094|0.186|0.158 |0.449|0.335|0.387|0.348 0.128|0.103

DenseNet201 0.520|0.474|0.336|0.288 |0.212|0.168 |0.132|0.097|0.178|0.163 |0.453|0.341 |0.384| 0.356|0.122| 0.106

NASNetLarge  |0.572|0.488|0.394/0.298/0.265/0.176/0.177|0.103/0.205/0.174|0.605/0.390|0.428|0.3680.147|0.117
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oenliall (pe 2alg L,\S‘sse:@l\ dani cpeai! dagirell CNN CJLu e Jgas ?:\J.B:I@Jaluu clanll oda (e

Metric Recommended Models

BLEU-1 Xception, InceptionResNet V2
BLEU-2 ResNet101, Xception, InceptionResNet V2
BLEU-3 ResNet101, Xception, InceptionResNet V2
BLEU-4 ResNet101, InceptionResNet V2
METEOR ResNet101, NASNetLarge

CIDEr Xception, InceptionResNet V2
Rouge-L Xception, InceptionResNet V2
SPICE ResNet101, NASNetLarge, Xception

el zgaill ) Jgengll Congy da ikl zalail) laa) Als pall sda (e gl
.(Double Word Embedding) 1 4wl Ao coylasll il 6.4 Jeaal) (a e
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Model
(Train)

BLEU-1 |BLEU-2

BLEU-3 | BLEU-4 METEOR| CIDEr

ROUGE-

SPICE

Diction

ary size

Dataset

Model 1
(Double
Word
Embedding)
+

ResNet152

0.593 | 0.435

0.307

0.210 | 0.224 |0.598

0.462

0.170

10,000 |Flickr8k

Model 1

(Double
Word

Embedding)

+

ResNet152

0.562 | 0.409

0.287

0.196 | 0.228

0.576

0.456

0.174

15,000

Flickr8k

-(Double Word Embedding) z3saill (3 1 4aall Ao ylaall .6.4 Jsaall

S cembedding (panaill (e pfibada aladia) die andll julas paledd) sl oniadl) 285 s~
(e Baalg Ak Ao cldl) ) daail) sda ag@ . 8 Glahall dae cuw overfitting dajeall alaall 138w
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Model BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | CIDEr | ROUGE-L | SPICE D:c;tlsc:::— Dataset | Time
Model 2

(YoLo
Bounding | 0.544 0.361 0.234 0.150 0.190 |0.522 0.403 0.132 | 15,000 MSC_O_CO 09:59:24
Boxes) + — training
Xception

Model 2

(YoLo MSCOCO
Bounding | 0.474 0.288 0.170 0.099 0.167 |0.361 0.361 0.112 | 15,000 - 16:54:39
Boxes) + validation
Xception

-(YOLO Bounding Boxes) zgaill (10 2 dauall Ao coylaill il 7.4 Jgaall
U< Jle object detection cilagles aladiud vie il 48y b TS Lels)) i) liaill maass
sl e Ll Lasteal) duaals 130 o (Ko ozl 35l 8 a2kall daaal) Jale aus 4550 tags

el S L e¥) (Slag Cus cChaagil) 483 8 8ygeal) LSy a2 Y)

.(YOLO Raw Features v1) 3 dauill e cylaall mit 8.4 Joaall apms b Lo 8
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Diction
Model BLEU-1|BLEU-2 BLEU-3 BLEU-4 METEOR | CIDEr ROUGE-L|SPICE| -ary Dataset Time
Size
Model 3
MSCOCO
(YOLO Raw
0.242 | 0.052 | 0.007 | 0.001 0.057 10.010| 0.154 |0.009| 15,000 | dataset — |11:24:19
Features v1)
training
+ Xception
Model 3
MSCOCO
(YOLO Raw
0.250 | 0.056 | 0.007 | 0.001 0.061 [0.011] 0.162 |0.010]| 15,000 | dataset — |19:53:25
Features v1)
validation
+ Xception

.(YOLO Raw Features V1) z3saill (30 3 dauall e jlaill =305 .8.4 Jgaall

o ONN Glaws g YOLOVA (40 Aalladd) paé el paand s (5e Abpea ] it (lals sl

«d4lS 15,000 (s Dictionary Size «llS axe alaaiul (YOLO Raw Features v2) 4 daall 4y
> -MSCOCO training split waill od e feature extraction model & Xception aladiuly
) 18:55:24 2adwi (ayy ¢@aaill degana a2 alg %020 e aniilly acill (10 %80 Ao il
t b LS bl el L (Al 19

Bleu—1: 0.547

Bleu-2: 0.360

Bleu-3: 0.232

Bleu—4: 0.148

METEOR: 0.197

CIDEr: 0.544

ROUGE-L: 0.411

SPICE: 0.139
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«dalS 15,000 (s Dictionary Size cllS axe alaaiul (YOLO Raw Features v2) 4 daall dpas
&> -MSCOCO training split waill aud e feature extraction model & Xception aladiul
31 g 5iSl) 31:35:36 2 haio gindl degane JS e anilly cupnill degane US e qupil
t b WS i) s (e L

Bleu—1: 0.247

Bleu-2: 0.131

Bleu-3: 0.059

Bleu-4: 0.028

METEOR: 0.116

CIDEr: 0.057

ROUGE-L: 0.245

SPICE: 0.049

(YOLO Bounding Boxes) 2 diall 4sya3 dauiih (e dunjf Aoty Js¥) ygll ¢oitlad) el b
oS S AT dam Al cuyeldl jLad¥) Aase b 1 .MSCOCO training split cuyxill acd e
Ayl of 51y YOLOVA (he dallaall o2 cilandl pladind Jla b aantil) o z3saill 5508 208 138 st
YOLO Raw) 3 dawill b gledll ddl (e Jadl 2354l 138 & Xception 5 YOLOVA cilew e

.(Features vl

i< 15,000 (1 Dictionary Size i€ sae alassuly (YOLO Bounding Boxes) 2 dauall 45a3
Gsx s MSCOCO training split cwyaill o e feature extraction model & Xception alaaiuly
Gam el degana IS o auiilly cupsil degane JS e canpll (5a Lopil (530 Abaal duaaYl dale
t b LS bl el L (Aol 17 e 5S)) 17:44:57 2w

Bleu—1: 0.489

Bleu-2: 0.294

Bleu-3: 0.173

Bleu-4: 0.100

63



METEOR: 0.162
CIDEr: 0.376
ROUGE-L: 0.359
SPICE: 0.107

.8l (misss SPICE s ROUGE-L s METEOR ilawii ady dalall 138 o) duyaill 038 (i

.Clustered bar chart daylay c)laay) oda =i (5.4 5 4.4 (DKa) iV KAl 8 mag
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CIDEr: 0.390
ROUGE-L: (0.358
SPICE: 0.108

i< 15,000 (1 Dictionary Size S sae alassuly (YOLO Bounding Boxes) 2 dauall 45as
G -daadl) Jale == MSCOCO dataset = feature extraction model & Xception alaiziul
o 5ST) 14:01:18 25 i ¢ LaaY) desana o andlly Lo 3asilly Copatl e gane e Canyal
t b LS bl el Karpathy [31] s lesdiu) . (dele 14

Bleu-1: 0.492

Bleu-2: 0.296

Bleu-3: 0.174

Bleu-4: 0.101

METEOR: (0.163

CIDEr: 0.390

ROUGE-L: 0.358

SPICE: 0.108

Gy e il La sa9 (liall (g0 (e adls e CIDEr ans ol il ) iajaill e da a3l
positional encoding methods deia€all (=heV) iyt Gyda o 1518 Eus ([35] (pyals Herdade
Gyhall (e hare aging lsya WCIDEF au i 8 glaas J) 5255 (Lad) JLS) e 2 6l) V)
caiiilly ecpadl I bl (o Gl Caitfig <ol el Ggticall aaa can caill g dailaadl

(CIDEr auii & ol ) @il WlSy casifi (s (b V) @i aae laghliy ccans I Gsb

i< 15,000 (- Dictionary Size S sae alassuly (YOLO Bounding Boxes) 2 daall 45as
G Al Jale 2= Flickr30k dataset - feature extraction model & Xception alaiiub

5 sa) 04:53:36 255 (ade ¢ HLEAY) degana o aniilly bua 32ally capail) e gane o il
Pl WS ol cals L (wle L
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Bleu—1: 0.398
Bleu-2: 0.221
Bleu-3: 0.116
Bleu—4: 0.061
METEOR: 0.129
CIDEr: 0.150
ROUGE-L: (.298
SPICE: 0.074

Slo cupal Al Colaall (e Al s el ae Al iy dalad) djail) il 10.4 Joaad) (el
e Biwe cijaa Xcpetion zisis Flickr30k clily degans olads by (Baseline) S z gl
Aadial Chragll sasa o cileadl phatal b lsbal il 405, Li€a .ImageNet il de s
ks da g METEOR 5 CIDEr 5 ROUGE-L o ad) 8 adles Cu Flickr30k iy de gans
dusalll Adldl 5alsy e Jxig (gpdall sagall aSat aae daidlss HST L) ) uleall 5 clells e SPICE
BLEU-2 jlias dad @)y Cus cJiica jaie WS cojuis 288 BLEU  julae Wl L4230l cilanagall 20 Al
i) Jla i lag g 5€H LS il i aads .BLEU-4 5 BLEU-3 5 BLEU-] a8 i,

.MSCOCO

i< 15,000 o Dictionary Size clulS aac aladiuly (Baseline) z3saill (o 0 dawill 4y
e il 5ya .MSCOCO dataset = feature extraction model & Xception alaas by
(Aela 17 oo 5S0) 17:44:31 2485 Gads ¢ HLEaY] degana o auiilly Lea Ganilly apaill e sans
b WS i) cils Karpathy [31] i Leadi

Bleu-1: 0.463

Bleu-2: 0.273

Bleu-3: 0.156

Bleu-4: 0.087

METEOR: 0.157

67



CIDEr: 0.339

ROUGE-L: 0.345

SPICE: (0.102

@3l (Karpathy [31] sy e ylal) (pe G Asjall 8 LDt djlie cilandi latl) o3a ol
oaiy METEOR lae Le ¢(aY) juladll b gleals (53 (e BLEU cilanis b 5205 ) dsaa) Jale
:(10-4 59.4 Nsaall) sV Gadsaall b Gl (pfins pe A3aal) adli .0.001 oylake Tas ysta

ROUGE-
Method BLEU-1|BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr L SPICE

Yin and Ordonez [3]

baseline model

NA NA NA 0.21 0.215 10.759| 0.464 NA

Yin and Ordonez [3]
_ _ NA NA NA 0.253 | 0.238 |0.922| 0.507 NA
results with object features

Yin and Ordonez [3]
NA NA NA 0.043 | 0.023 |0.163| 0.043 NA

increase

Our increase 0.029 | 0.023 | 0.018 | 0.014 0.006 10.051| 0.013 [0.006

-karpathy split e Yin and Ordonez [3] &y as 43)lie .9.4 Jgaall

ghaiad lead 58l Uy el aging oh 9.4 Joaall 3 a1 Gl il Linils (o (3)dl) s
Layoyas i btV Cilews £ AT agadsal ash Cus laad) Spa b Tades 8T Byl aasuly (aleY)
Oeladl) aanag « AT LSTM Saass zisai 4 lajyas & CNN Gilews zhatialy (LSTM aafi zigai 8

Lol Glend) g led aed Llas cpalil

bl ?@"“h:‘"“‘ 55l ?@:‘“5 Liisy g &jﬂ\ s Ufﬁb Sharif (e &= EUJGA 10.4 d}iaj\ O
cuagll AUl laglialy Gliuagill (asal e g dial Al ddlay)
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Method BLEU-1|BLEU-2 BLEU-3 BLEU-4 METEOR| CIDEr ROUGE-L| SPICE

Sharif et al. [1]

0.4368 NA NA NA 0.1297 10.2517| 0.2997 10.0700
Baseline model

Sharif et al. [1]

0.4462 NA NA NA 0.1350 |0.2835| 0.3116 |0.0741
Suggested model

Our baseline model | 0.3990 | 0.2200 | 0.1170 | 0.0620 | 0.1230 [0.1480| 0.2930 |0.0740
Our model (with the

0.3980 | 0.2210 | 0.1160 | 0.0610 | 0.1290 |0.1500| 0.2980 |0.0740
importance factor)

Sharif et al. increase| 0.0094 NA NA NA 0.0053 [0.0318| 0.0119 (0.0041
Our increase -0.0010| 0.0010 |[-0.0010/-0.0010/| 0.0060 1 0.0020| 0.0050 0

Sharif et al. [1] Gias ae 3l .10.4 Jsaal

<uladll (e duusalA)) :UAJAJ\ 5.4

5 NASNetLarge 2« (YOLO Bounding Boxes) zisaill o 2 da il Cuyad s pall o2a Cara
il julae e 2ae e Juadl) o (e el 23l 22 Y ResNet50 s InceptionResNet V2
Importance Factor i) Jule Lea axaial dlasall o3 (jlat asen 4.4 Jsaall 8 e 58 LS
degana o Culaill o3 cupl L3dS 15,000 s Dictionary Size (useld anas cuni) 13 &~ jidal)
wiy las @inilly il i gene o z3sall (33 Cun (Karpathy [31] ases caes MSCOCO iy

coal o3 il o Alae 114 Jsaadl el . LY desane o
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Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR|CIDEr ROUGE-L |SPICE| Time

Our baseline model (Xception

) 0.399 | 0.220 | 0.117 | 0.062 | 0.123 |0.148| 0.293 [0.074 NA
only

Our model (Importance

. 0.398 | 0.221 | 0.116 | 0.061 0.129 {0.150| 0.298 [0.074|14:01:18
Factor+Xception)

Our model (Importance

Factor+NASNetLarge)

0.498 | 0.303 | 0.178 | 0.104 | 0.172 |0.413| 0.371 |0.115|18:10:12

Our model (Importance

0.493 | 0.298 | 0.174 | 0.100 0.169 [0.403| 0.367 |0.113]12:29:27
Factor+InceptionResNet V2)

Our model (Importance

Factor+ResNet50)

0.479 | 0.289 | 0.170 | 0.099 | 0.169 |0.378| 0.367 |0.110|11:33:15

.(YOLO Bounding Boxes) ¢ 3saill (3 2 43l 8 CNN 3l sae (p 45)lae .11.4 Jgaal

5)38 ) 138 g3a39 ¢dyjaall CNN ~3la 48 4oalls NASNetLarge 558 cjlatll (s de ganal) sda iy
Al 3aL) ) colaall eda 355 ol (K1 cnlibl) degans pe kit Loy Lgity Jaaed e NASNet dagis
Jale daiy dnaasg 4iiflialy (ayal) Chia a8y et All) (e V) Gilaw pladin) s o 483 b

il sda 6.4 J<all (L lgalatiad ane dllag (AuaY)
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.(YOLO Bounding Boxes) =3saill (30 2 &3l & CNN 73l sae G &5)lae riagy babada 6.4 JSA)

el (e dewdbead) Asjall 6.4

s yall 038 Liyas cuyal . (YOLO Bounding Boxes) 2.1 daaall lal cayad dlajall sda (e iagll
Laadial . ahe V) claw quila ) laadl 2135 Xception aladiuly 4aS 15,000 (o (eseld ana

Lo 3aailly apaill iegena e cupail) (g Karpathy [31] s cues MSCOCO il de sana

124 dj.laj\ Lf M;)A.“ 238 C._‘ttu wd )Lﬁ&\)ﬂ Z\.G}A;.A QA:’ t.tf);ﬁb
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ROUGE-

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr . SPICE| Time
Model 2.1 (No
importance 0.472 | 0.281 0.161 0.092 0.160 10.348| 0.353 |0.101(13:12:25
factor)

Model 2.1 (With
importance 0.470 | 0.280 | 0.160 | 0.090 0.161 10.342| 0.352 |0.104|13:14:17

factor)

.(YOLO Bounding Boxes v2) 2.1 dawall Je cujaill il .12.4 Jgaall
o Bpaadl LK Y Gl Gl (als S g lay) oS 201 Asall dalled A8 Gl sl Glils caiyg

My (53 Gl 138 8 sl - iRall z3gaill g8 1389 e ddbide Bl 8 35 o (S pasll Ciia

Lol Gle il G Ajlie 7.4 JSAD G akdy e Y Gl s G Bpuall LS e
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Baseline _15Y) z3gaill :0 dal)

sasls (3 Yy embedding i we ) z3sall 5o 1] Al
YOLO Bounding Boxes v1 as :2 da.il

YOLO Bounding Boxes V2 as :2.1 da.l

YOLO Raw Features vl ax :3 dawall

YOLO Raw Features v2 ax :4 dauall

paady Ml Karpathy [31] st crus cdajiaall Jolaall g 48lgs A3k 13.4 Jganll 3 (ayas
e 2 daall Gean Jaadl .;.\:1_):3“ ihaiall Hguall ‘?jl_g @il 8y54a 5,000 5 LM 56 5,000
.CIDET jluna b Lasuads ¢z 3laill L e (YOLO Bounding Boxes) 3l
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Model BLEU-1 BLEU-2 BLEU-3BLEU-4 METEOR|CIDEr ROUGE-L|SPICE
Without YOLO - testing set (0.399 0.22 0.117 | 0.062 | 0.123 10.148| 0.293 0.07
With YOLO Raw Features

0.25 | 0.056 | 0.007 | 0.001 | 0.061 |0.011] 0.162 | 0.01
v] - testing set

With YOLO Raw Features

. 0.247 | 0.131 | 0.059 | 0.028 | 0.116 |0.057, 0.245 | 0.05
v2 - testing set

With YOLO Bounding

0.474 | 0.288 | 0.17 | 0.099 | 0.167 |0.361 0.361 | 0.11

Boxes — testing set

MSCOCO jlia) desane e JLaaYl il .13.4 Jsaal

o) L3 . (YOLO Bounding Boxes) 2 il g (Baseline) 0 daall ml o 43)lie s )98
Aosalll ALly ypall & (aleY) o il G e liaagil) Baga 835 B agead paheY) Cilew
dal 5o MS COCO clily desana (sa §y9aall sadll ilipnsill Laad IS 3 3)55 (8.4 U<all)

gaae 4ladl
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Baseline model: this is up in snow pants jumping on a big snowy mountain at night.

With object features: a skier performing a jump against some snow.

Reference caption 1: A snowboarder is in the air against the blue sky.

Reference caption 2: A snow boarder coming airborne while riding his snow board down a snowy
slope.

Reference caption 3: A ski boarder is airborne on a snow covered slope.

Reference caption 4: A snowboarder catches air going down a hill.

Reference caption 5: The snowboarder is mid—jump, flying through the air.

£,
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Baseline model: two people on skis sitting on a snowy surface.

With object features: a person standing next to snowboards attached.

Reference caption 1: A person is standing in the snow near a tree with skis and snowboards.
Reference caption 2: Snowboards resting upon a tree, with man hiding inside it like fort
Reference caption 3: A person holds a snowboard in front of a tree with snowboards leaning on it.
Reference caption 4: a person holding some skis walking through the snow

Reference caption 5: a a couple of snowboards are up against a tree

(<)
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Baseline model: a cow is standing in a open field as it grazes.

With object features: cows eat alone grazing on grasses in a hill.
Reference caption 1: A photograph of two cows grazing on a green pasture.
Reference caption 2: two cows with spots are grazing in some grass
Reference caption 3: Two black and white cows grazing in a grassy pasture.
Reference caption 4: Two black and white cows are in a grass field.

Reference caption 5: Two jersey cows grazing in a green meadow.

(@
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Baseline model: man walking next to an old fashioned planes.

With object features: a small black and white picture of a prop plane sitting on the runway.
Reference caption 1: A black and white photo of a propeller plane.

Reference caption 2: A fighter jet on a runway with a cover over the cockpit.

Reference caption 3: A plane is covered while sitting at an airport

Reference caption 4: There is an old plane sitting on the runway.

Reference caption 5: A light aircraft parked and covered on the tarmac

()
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Baseline model: a brown bears perch in front of their mom and another animal.
With object features: a brown bear is standing behind a group of brown bears.
Reference caption 1: Three brown bears looking out a cage at the ground below.
Reference caption 2: Three bears stand together near a fence.

Reference caption 3: A family of bears in front of a fence at a humane facility.
Reference caption 4: Three brown bears are looking outside their enclosure.

Reference caption 5: brown bears standing around looking at a metal fence

(#)
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Baseline model: two women make homemade my diners can be judged on a table.
With object features: a group of people sitting at a blue table of food.

Reference caption 1: A group of people sitting and standing around a pot of food.
Reference caption 2: A group of people sampling food at an outdoor event.
Reference caption 3: people at an informal gathering eating under a tent
Reference caption 4: A group of people have dinner together inside of a tent.

Reference caption 5: A large group of people eating under a tent.

(9

sl pans e lany (ahe ) il dilia) U8 il oy 4lae 8.4 I
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Lariical) elagl) : galall
Gaenl aleilly gl Chaagi plai 8 deriiieaall Cilmayd) giall 13s adiy
TensorFlow 2 ii<a 1.1

o) pe Aiyas ALl Ay (el ¢ V) aleill 50 cadl) Aagite ALl s Laay Aeais ' TensorFlow
Sy A) et 8 sl Lingl i€l ozl (pfialll s g dy oS 55k g aine Lgly Ll
algall (30 5€ Ao genal Lgalatind Koy Alggn V) alal) aasios Al claglail) g oLy (g (yeaal
Aja s ilial) 30Ke Ll ooy cilisen)) Agrand) CISEal oty cupas e pals 5185 Ll ()
esdailly Ginll 8 aadnin L Jealinll LG dsaally clsball 3825 e aqies Symbolic Mathematics

.Google i aall

Ui G iyl & «Google & Jilallalaas D0 Google Brain .5 TensorFlow sk
2015 ,le 4 Apache 2.0

Keras i.i<a 2.1

dgalS Keras Jaad .dvigriasll Gl E Python dgals 840 jaiaall dagwe doaayp 4080 R *Keras
.TensorFlow aa<4!

1 https://www.tensorflow.org
2 https://keras.io
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poagll Llldg aladnay) g Ao <9 cdiaal) A granl) GIGAN o pud) cupail) pSal

MSCOCO Evaluation Toolkit 3.]

Al julas G Aaiill Clarasill 535wl deacas "MSCOCO wlily de ganey Linle 13Se o
.BLEU-1¢ BLEU-2¢ BLEU-3¢ BLEU-4. METEOR: CIDEr. ROUGE-L: SPICE :izV
Lall s Cale (B A jucaat Cang condil) 058 Jaads J8 .Python 2 45l bz 4ol sda 84w
OfngiSa Houall Chrag saga luadli bl (e Gl andill 35S Jirdd (e ol Aol Lgadgn Al

.ile ;3 JSON dxpny

Numpy 4:<s 4.

(e BpS degana e Al Baaxie 5l Cligiadly Cligiaall Lacs (pacats Python 4all 46€a o
Hligiadl od e Jeall (ggied) Llle dumll ailsil

3 https://github.com/tylin/coco—caption

4 https://numpy.org
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Python 3 5 Python 2 as 2SI ae s . TensorFlow 2

Hardware 7.}

Intel Corei9— ¢43 e CPU 31549 381011 (e GB 32 0 jgaall agadll pasa e jlall c_afﬁi
CUDA 4 Gaaill 124 8 caaadinly NVIDIA GeForce RTX 2080 g3 ¢ GPU 53a95 9900K
ol e dalladl 8 GPU alaasuy

5 https://matplotlib.org

6  https://pypi.org/project/volov4
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Abstract

Image captioning is one of the trending problems in modern Artificial Intelligence (Al). It
is concerned with generating an output text describing an input image, where the
output can be one or more sentences. Image captioning is important for many
reasons. For example, it can be used for automatic image indexing, which is important

for many applications.

The problem of image captioning has been solved recently by deep learning
techniques, especially Encoder-Decoder methods. In this thesis, we present an
Encoder-Decoder attention—based architecture that makes use of convolutional
features extracted from the Xception model pre-trained on ImageNet, and object
features extracted from the YOLOv4 model, pre-trained on MSCOCO. We also
introduce a new positional encoding scheme for object features, “the importance
factor”, and show its effect on evaluation scores. We test our model on the MSCOCO

dataset and compare it to similar works.

We also present a thorough experimental study about feature extraction using
Convolutional Neural Networks (CNNs) for the task of image captioning in the context
of deep learning. We perform a set of 72 experiments using 3 datasets on 12 image
classification CNNs pre-trained on the ImageNet dataset. We study the effect of
changing the CNN feature extractor on image captioning quality, and find a strong
relationship between the model structure and the image captioning dataset. To benefit
from these results, we recommend a set of pre-trained CNNs for each of the image

captioning evaluation metrics we want to optimise.

93



The evaluation scores are calculated using the eight standard metrics in the image

captioning field. Our work contributes to image captioning by introducing better

representation schemes for images.

Keywords: Image Captioning; Object Features; Convolutional Neural Network;

Deep Learning; Feature Extraction
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