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Abstract

Due to remarkable progress in deep learning techniques, computer vision hasgained
increasing attention in research. The maximum work of this area is foron-ground scenarios
which are either human-specific or vehicle specific. Whilewater covers around 70 percent of
the earth’s surface and Fishes are an inseparable part of water. In addition to that, Fish is a
major food source forhumans, a living hood for many people belonging to the fishing
industry, acontributor to the economy with fish farming, and an indicator of environmental
change. Fish is of great importance for both the fish farming industry andmarine researchers.
Sensor-based techniques and underwater acoustic information is used for underwater
research. these methods are invasive, expensive,and difficult to deploy. However, underwater
cameras are non-invasive, cost-effective, and can record continuous data. In view of this, |
investigate in this thesis, computer vision for underwater videos focusing on fish.

In the first approach, we propose a refined optical flow estimation method.Estimating motion
in underwater videos is challenging due to low contrast,highly cluttered background, dynamic
background, and illumination change.Central to our approach is exploiting contour
information as most of the motion lies on the edges. Further, we have formulated it as sparse
to dense motionestimation. The proposed method has been evaluated on challenging real-life

image sequences of the Fish4Knowledge database. In the next approach, wesolved a highly
challenging task of multiple fish tracking as fish movements arehighly erratic in nature.
Trajectories of fishes convey critical information forthe analysis of fish behaviour. We have
proposed DFTNet which incorporatesSiamese network for encoding the appearance
similarity and attention-longshort term memory network to capture the motion similarity
across subsequent frames. Finally, intersection over union matching score is computed
toamalgamate spatial similarity cue in the final score. The proposed frameworkprovides a
joint optimization score to maintain the tracklet information encoding appearance, motion,
and spatial similarity cues. Motion detection andmultiple fish tracking are mid-level
computer vision tasks, which can providethe basis for other high-level computer vision tasks
like activity, intention, and behavior recognition of fish. Fishes often tend to show collective
behavior. They prefer to move into a group. Identifying fish groups and their profilingis a
major problem in underwater computer vision areas. In the existing literature, fish grouping
behavior has been explained in many ways, but there isa lack of explanations supported by
empirical research using video analyticsmethods. Analysis and comparison of work in this

area is made difficult in the absence of data sets with ground truth of fish groupings. To



bridge thisgap, we have developed an Underwater Crowd Analysis Dataset UWCAD
andgroup annotation tool GAT in chapter 5. We also propose a motion featureextraction
method GGKLT and underwater temporal autoencoder for groupdetection UTAG by
clustering the learned trajectory features by temporalautoencoder and global trajectory

features.



£ I0UE]

TTgeT RIGTOT eheilehl 7 Seol@eiId FaTTd & HROT, HTYeX Taofel o ITaeeT 7 37t eare
3RS fFar §1 39 &7 &1 31 dsd w1 e aReeat o § S a7 ar Area-fafdse ar
argoA-fafIse &1 Stafeh arely g2dl T Tl T MM 70 FAANT T FA AT & 3R

HSOAT el 7 Teh 31TAToT EaT &1 58 3elrar, HSol HeJsdi & o U YA @ Ted
AT B, AT Tehsal & 3T & 53 $3 ANl & T Jeifae §, AT el & a1y
HATTEYT FH INIEIASAT &, IR TG0 IR FHI Teh Hohdah & | ASell ITeled 3T
3R T MUFAN 2t & AT FSel HT Tgd Feed g1 Tl & A IqHen & forw
FE-3MUTRA deheiiel 31T UTelt & o1 eafoieh STeTehiY a1 3uter fomam S1rar g1 3 fafran
3TehTHe, FEI 3T oIT9] el 7 ST § | BTeleh, Tlelt & oI & HeX IR-3ThTHA, ST
gl € 3R ol 32T Rl o e €1 58 €21 A 1@ gU, # 50 NAw & Aol W
ETeT Shfgie el dTel ITefl oh =i oh AT & ToIT SHeged faste &I Sfrd Yl §

Ugel TTRCehIOT F, §H Teh aRsehd JHifteadhel yarg 1gAte fafr 1 yedia #d §1 &F
heTEe, e AT Joa3A, Mcreiier goasffa AR AT GRacieT & HROT ey
o wATer o SN F I T 3HeTHTT STITTAT A lciqoT & | §HR TTSChITT T sher JTTErhTer arfey

F T F FHT SATARNRT T &lgeT T § foheRT UX ST §. SHh 3TeITaT, 81 38 TaRAT &
T el ITAT & &9 H TR T §| FEaTiad 1afer 7 Hedihet YoAldIqoT aredide
Sad R fRar g

fherdaAtersT STad & B 3| 3eTel TfSChIvT H, gHAx Thiftd Foel Sfeher &
Heafs AT w1 @ ger fhar Fif Ao fr Rl gy F scafs
HAITAT gIch 81 ABTAT & JaiT 9U AGell & TR & [aewor & folv Ageaqo
SATTRRT & &1 §HeT SITHETIT T YEATT 6T & ToTH 3uATd TATAT T Tehls e




& T [ sica® 3R a1 & HAT 7 a1fq AT I Iehsa & fov ea-dreenies
AANY Acask MAS gl 3d &, 9 fAde TR W gfacses $ 1o 3ifanw TR 7
A HATAAT 7 T HATRT el & [T FH S §1 GEAfAT ar dehele Fa=Tl
Teehifsar 3UTEUfd, a1fd 3R TU1fereh TAAT Hehall & TAC WA & T T EFeFT
37efehelel FhR YTl T & | AT f3eeeret 3N Aot fher fdhar Fea-wadiy Foge
aeteT T &, S ASe T AfAfafe, s 3R TggR T g S 3T 3TT-TT
FHER FaateT i & fT 3TUR et e T

Aol IR AHAfeH TaeR eard &1 3 FHg H @l 98 X g1 are & e
TGN TS &1 & HSoll H! T Tl il 3R SeTehl FRET Tl Ueh 37 THEIT
g1 HSleT WIfged #, Ao ogeT cTaEN A s il ¥ HHSAT a7 §, ket IS
TreeIvoT fafert &7 3UET e TSI ITHET SaRT HH AT TISEIRIVT T el g

HASO GGl I STHIT FedTs & WY ST UT & T H 57 81T F A 7 fageiwor 3
JoIeTT AT Rl g ITAT 8| 3 3R T UIel o oI, g 3eag 5 & Ueh 3HsTareX
138 TAITAH STAC JgeogdIusy 3N U TR T SvdT i@ fohar g1 ga
CFIR3NEITARIST 3R dRTeh Faidash FIAmsit carT W 71T geiuash gaunsi
FoIECT Feh YATSCare JETSH & [eTT Teh ARl BreRvaraeaere fafer sisiiehuerdr 3K

373TaTeT SFIRS HTeITsThIS T T IEaTd i &

Vi



Contents

Certificate
Acknowledgements
Abstract

List of Figures

List of Tables

1. INTRODUCTION

O Y= VT
1.2 MOBIVALION. .. .ot e e e e e e e
1 8 S0P, ettt
1.4 Challenges. .. ..ooe it e e
1.5 ODJECLIVES. .. cu ettt e e e

1.6 ThesisS LayOuL.......coinuinie e e e e e e e

2. LITERATURE REVIEW

2.1 Underwater VIAEOS. .. ..o vieei it et

2.2 0ther Methods. .. ... oo o e e e e e

3. MOTION ESTIMATION

L INtrOAUCHION. .. et e et
3.2 Related WOrK......coovieii i
3.3 Proposed Methodology..........cooeviieiiiiiiiie e,
3.3 1 PreproCeSSINg. .. ..uuoveuieneeiieeenee e eeieeeneaen
3.3.2 Contour Detection..........coceevviiiiiiiiiiiie e,
3.3.3Energy minimization.............cooevvieiieiein e

3.4Experimental results and analysis..............ccovviieinnennn.

vii

Xiii



R I T - 1 26
3.4.2Qualitative ANalySiS. .. .....oieirie e e e e 28
35 SUMIMANY .. e e e e e e e e e e 28

4. MULTIPLE FISH TRACKING

o A T oo [0 o{ £ o] o F PRI 29
4.2 Related WOTKS. ...t e 32
4.3 Proposed Methodology ... ... v uuieniie it e e e e 37
4.3.1 Appearance SImilarity.........ccoooiii i, 38
4.3.2 MOtion SIMIAritY ... ....oooeie e 40
4.3.3 Spatial SIMIlarity.......cooouinii 43
4.3.4J0INt OPLIMIZALION... ...t e e 43
4.4Text Explanation of Algorithm...... ..o e, 44
4.5Experimental results and analysiS..........c.vveviiieiie i 46
4.5.1 Experimental setup and parameter Settings..........oovevveiiiriiiineennnnn. 46
4.5.2 Dataset DetailS. .. ......c.oviuiie i 47
4.5.3 Quantitative ReSUILS...........o i 48
4.5.4Qualitative ReSUItS. ... ..o 52
O SIS o T3 Y 53

5. GROUP DETECTION

5. L INETOTUCTION . .. .t e et e et e e e e e e e et e e et e e e e ren e ea s 56
5.2 Related WOTKS. .. ..t et e e e e e e e e 58
5.2.1Group Detection MethodsS.........c.vveiiii i 58
5.2.2Deep-Learning based Clustering Methods..............cccovov i, 59
5.2.3 Existing Underwater DataSetS. .. .....c.vuevusvineriieiecie e e veieneaans 60

viii



5.3Prop0Sed DAtaSEL. .. ... cuee ettt e et e e e 62

5.3.1Data Collection & Preparation................cooevviviie e i ieieennnn..62

5.3.2Ground Truth Generation............o.viuiie et e 63
5. 3.3 HUMAN CBNSUS ... ettt it et et et e e e e e e e eans 64
5.4Prop0osed APPrOaCh ... ... i 66
5.4.1Guided Generalized KLT Tracker(GGKLT).......ccoviiiiiiiiiieenen, 67
5.4.2Temporal AUt0-ENCOUET ... ... .ciuieiie et e e e e e e 68

5.5Experimental Results & Analysis.........ccooiiiiiii il L

5.5.1Experimental SEtUP........oiiniie i 71
5.5.2Quantitative ReSUILS....... ..., 71
5.6 Approaches that didn’t WOrK......... .o 71
ST ATV ] 110 Y 73

6. CONCLUDING REMARKS

6.1 CONCIUSION. .. ..ttt e e e e e e e e e e 76
8.2 FULUIE SCOPB. . ettt ettt et et e e e e et e e e e e et e e e e e e 76
BIDHOGraPNY ... e 79
List Of PUBIICALIONS. .. ...t e e e e e e e e e 101
] [T I L VPP 102



List of Figures

1.1 (a) On-surface Data : MOT2016 (b) & (c) Underwater Data..............ccovvevieineinnnnnn 2
1.2 Underwater Drones (a) Soft Robotic Fish (SoFi) (b) BionicRobotic Fish (BIKI) ............ 5
1.3 TRESIS LAYOUL ... vt ee et e e e et e et et e e et et e et e e e e e eanen e eneenD
2.1 EXISTING DaAtADASES. .. .. vttt et ettt e e e e e e e e e e 13

3.1 Challenges in marine environment (a) Camouflage (b)Hazy environment (c) Clutter...... 20
3.2 Various motion estimation techniques IN VIABO..........iuuiuiieiie i e e e 21
3.3 Flowchart of the proposed method.............coooiiiiiiiiii 00022

3.4 Pipeline of the proposed flow method. Given two frames of the video, we first perform
enhancement using Light scattering technique as proposed in [1]. Next, we use DeepMatching
technique to get correspondence between two frames[2] and contours of the first frame (t) is
computed using Holistic Nested Edges (HED) [3]. Finally, we combine these two cues to get
dense interpolation image which enables computation of dense correspondence field. this is

used to initialize the energy minimization framework of optical flow generation............... 23

3.5 (a) Original Image. Enhanced image by (b) DehazeNet[4] and (c) Light Scattering
00 L= | PP .

3.6 (a) Original Image. Edges detected by (b) Canny[5], (c) SED [6] and (d) HEDI[3]........ 24

3.7 Success cases: (a) Frame t (b) Frame t+1 (c) Proposed (d) DDFlow (e) EF (f) LDOF (g)
R0 1 I 0P 27

3.8 Failure cases: (a) Frame t (b) Frame t+1 (c) Proposed (d)DDFlow (e) EF (f) LDOF (g)

S T IO e e e e e e e e e e e 27
4.1 Left: Constrained Scenario, Right: Unconstrained Scenario...........ccocveeveinieniennnn. 30
4.2 1ssues in Multiple object traCking ..........oeove i 31
4.3 (a) Positive Pair (b) Negative Pair for Siamese Network training ...........................37
4.4 Overview of the proposed architecture: DFTNet ..........cccooviii i eeeenn... 38

4.5 Sample trajectories in (a) Frame t (b) Frame t+1 (c) Frame t+2 (d) Frame t+3 (e) Frame t+4

of different videos of Fish4knowledge database .............ccovviviie i 51



4.6 3D Figure of (a) Ground Truth Trajectories and Trajectories generated by (b)
DFTNet(Proposed) (c) V-10OU Tracker (d) 10U Tracker (e) DeepSORT (f) MDP Tracker....52

4.7 3D Figure of an example video having low density of fishes (a)Ground Truth Trajectories
and Trajectories generated by (b) DFTNET (Proposed) (c) V-10U Tracker (d) IOU Tracker (e)
DEeePSORT (F) IMDP TraCKE ... .ttt et it e e e e e e e et et e e e e eaeeaeeaeaennennas 54

4.8 3D Figure of an example video having medium density of fishes (a) Ground Truth
Trajectories and Trajectories generated by (b) DFTNET (Proposed) (c) V-10U Tracker (d) IOU
Tracker (€) DeepSORT (f) MDP TracKer.........cvoviiiiiiie i e e v ieiieea e e a0 D4

4.9 3D Figure of an example video having high density of fishes(a) Ground Truth Trajectories
and Trajectories generated by (b) DFTNET (Proposed) (c) V-10U Tracker (d) IOU Tracker (e)
DeepPSORT (F) IMDP TraCKE ... ettt et e e e e e et e e e e e e e te et aea e 55

5.1 Comparison between Proposed UWCAD: Underwater Crowd Analysis Dataset and

existing pedestrians dataset for crowd analysis.............c.ccoviiiiiiiiii i el 02
5.2 Statistics of Crowd density in UWCAD: Extreme, High, Medium and low................. 63
5.3 Statistics of Bycatch, Collectivenss and Cohesiveness in UW-CAD......................... 63

5.4 Few sample frames of UWCAD for each group category (a) School (b) Shoal (c) Bycatch

(d) more than 0Ne group iN @ VIGO0 ... ... vuir ettt e e e e e e e e e e eae 64
5.5 Instruction set for crowd density, minimum and maximum number of group in video....65

5.6 Instruction set for group detailing of each group for Collectiveness, Cohesiveness and
Y07 1 (o PP |

5.7 Proposed framework for Underwater temporal auto-encoder for group detection.......... 67

5.8 Number of trajectories generated by GKLT vs Number of trajectories after removing
redundant trajectories by GGKLT for each video of UWCAD..........coevviiiiiiiiiiiiiiiennns 68

5.9 (a) Motion vectors generated by gKLT (b)Nearest Neighbour-hood Selection with in
specific radius(c) Motion vectors generated by GGKLT.........cco i 69

5.10 Temporal Auto-encoder to learn latent representation for .............cooevieiiiineinnns 70

Xi



5.11 estimated number of groups with Handcrafted features and learned features using various

ClUSEErING MELhOAS. .. ... e e e e e e e e e e eae e eannen e (2

5.12 Metrics obtained for group detection using proposed UTAG, Collective Density
Clustering(CDC), Crowd Collectiveness(CS), Handcrafted feature(HF-GD) and Learned
oY LN =R (0 I 72

5.13 Precision, Recall, F1 Score obtained for group detection using proposed UTAG,
Collective Density Clustering(CDC), Crowd Collectiveness(CS), Handcrafted feature(HF-

GD) and Learned Features (LF-GD).......c.viviiiiie i e e e e e een e 13
5.14 Framework of Co-motion Saliency for foreground region...............ccooveveienennnnn 74
5.15 frame With OUIPUL ... e (4

xii



List of Tables

4.1 ADIALION STUAY ... ..o e e e e e e e

4.2 Quantitative Results on Fish4knowledge videos

xiii





