.
I‘\ : a4 -A'V
' e 3 B o juf o a & :
ay = -
nn T U0 L e 0 S SRR T s o oo
e o R XXX ke ol
Qi DR TR DR 7 S 1 T
. s -=.— -
| n il & TR TR f r m
- » -
’ d I

Juergen Gall

Analyzing Human Behavior In
Video Sequences




Analyzing Human Behavior universitétm

Analyzing Human Behavior

* *

Human Pose

* *

Low level features, e.g., gradients, optical flow

*

Videos

09.10.2017 uergen Gall — Institute of Computer Science



21 Actions from HMDB universitatbonn

run

smile smoke somersault

sword talk turn

sword
exercise

HMDB51 (Kuehne et al, ICCV 2011)

928 clips, 33183 frames

09.10.2017 en Gall — Institute of Computer Science Ill — Computer Vision Group



Puppet Annotation universititbonn

Hiuman Siae: '@ [ = | | | §
n

Human Viewspoint:
N
NNW NNE
NW NE
WNW ENE
(E;
°% y £
WSW ESE
SW SE
SSW SSE
S
X
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Joint-annotated HMDB (JHMDB) universitétbo'nlr’

cla chmb stairs golf jump Kick ball
W,
) s Y
2 L

{
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Study with Annotated Data (2013) universitétbo-nln‘

High
baseline given puppet flow  given puppet mask given joint positions
baseline | given flow given mask pose features
GT +~11% + ~9% + ~20%

- Large potential gain for pose feature
* Not with existing 2d human pose methods

09.10.2017



CNNs for Pose Estimation universitatbonn

Stack CNNs:

Convolutional (a) Stage 1 = (D) Stage > 2

Pose Machines b
T 2
stage
E Pooling @ .. .o
Convolution wT
(c) Stage 1 L;)SS Dt g5 | 9x fl9x9 | 2x [|9x9 | 2x | 5x5 (d) Stage > 2 L(;fs
= el cllpllc|rllc| P|cC '
hxwx3
x ] ‘ 7 J
—. X v E:.I. .
PRt g 2x [l9x9 | 2x [l9x9 | 2x [|5x5 | 9x0|l 1x1 | x|} ~dh p xaifpnfinan IXLHIXLN
sl elflelcBlc|Plc]c|c|c||kery \L/ cllclic|lc|clllpsy
[ ] | I
: s |
9x9 26 x 26 60 x 60 96 x 96 160 x 160 240 x 240 320 x 320 400 x 400

en Gall — Institute of Computer Science Ill — Computer Vision Group
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Coupled Action Recognition and Pose universitétbo'nﬂ
Estimation

Method sub-J-HMDB | Penn-Action
Appearance features only
Dense [ 19] 46.0% —
IDT-FV [55] 60.9% 92.0%
Pose features only
Pose [19] 54.1% —
Pose (Ours) 61.5% 79.0%
Pose + Appearance features
MST [ 1] 45.3% 74.0%
Pose+Dense [19] 52.9% —
AOG [15] 61.2% 85.5%
P-CNN [45] 66.8% —
Pose (Ours)+IDT-FV 74.6 % 92.9%

09.10.2017




Pose Estimation Iin Videos universitétb.onnl

Video datasets for human pose in unconstrained videos
does not exist.

i

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estlmatlon and Tracklng CVPR 2017]

09.10.2017



Pose Estimation Iin Videos universitétb.onnl

Video datasets for human pose in unconstrained videos
does not exist.

Unconstrained means

* Public available content from the Internet (e.g.
Youtube)

* Multiple persons in a video (no assumption about
position)

« Arbitrary number of visible joints (truncation and
occlusion)

« Large scale variations (unknown scale)




Pose-Track Dataset universitétb.onnl

o L ol
Q R o
Dataset 3 % O = T% S o
S |2 | 25| S8 -
=1 S T - R
Leeds Sports [2 1] 2000
MPII Pose [ | ] v v 40,522
We Are Family [12] v 3131
MPII Multi-Person Pose [30] v v v 14,161
MS-COCO Keypoints [25] v v v 105,698
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Joint-annotated HMDB (JHMDB) universitétbo'nlr’

cla chmb stairs golf jump Kick ball
W,
) s Y
2 L

{
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Pose-Track Dataset universitétb.onnl

o L ol
Z Z i‘é S| 2 > §
Dataset 3 2| 22|25 8
> |2 | 25| S5 =
= | 3% "g| <
J-HMDB [20] v v v 32,173
Penn-Action [45] v v 159,633
VideoPose [35] v 1286
Poses-in-the-wild [ 10] v 831
YouTube Pose ] v 5000
FYDP [56] v 1680
UYDP [30] v 2000
Multi-Person Pose-Track v v v v 16,219
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Pose-Track Dataset universitétbonn

Multi-Person Pose-Track Dataset

# of videos = 60
Training =30
Testing =30
# of annotated persons = 16,219




Challenge ICCV 2017 universitétﬂ

E ‘ POSETRACK CHALLENGE - ICCV 2017 ABOUT DATES SPEAKERS SUBMISSION PROGRAM PEOPLE

OCTOBER 2017 / VENICE ITALY
POSETRACK CHALLENGE

HUMAN POSE ESTIMATION AND TRACKING IN THE WILD

09.10.2017 Juergen Gall — Institute of Computer Science Ill — Computer Vision Group 25



Pose Track: Simultaneous Pose universitétb.onnl
Estimation and Tracking

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |

09.10.2017 Juergen Gall — Institute of Computer Science IlIl — Computer Vision Group



Pose Track: Simultaneous Pose universitétb.onnl
Estimation and Tracking

Estimate pose + person association over time:
* Predict body joints (CNN trained on MPII Pose)

—

09.10.2017



Pose Track: Simultaneous Pose universitétbo'nr]
Estimation and Tracking

Estimate pose + person association over time:
* Predict body joints (CNN trained on MPIl Pose)
* Build a graph with temporal and spatial edges

09.10.2017



Pose Track: Simultaneous Pose universitétb.onnl
Estimation and Tracking

S S NN SN N NN SN RN NN NN SN NN SN NS NN NN S NN NN NN SN NN BN BN S N S R
—
-—— - T N S R N R S - - - -

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |




Pose Track: Simultaneous Pose universitétb.onnl

Estimation and Tracking

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |



Pose Track: Simultaneous Pose universitétbo'nr‘!
Estimation and Tracking

Unaries: Confidences of detected joints py

09.10.2017 Juergen Gall — Institute of Computer Science IlIl — Computer Vision Group



Pose Track: Simultaneous Pose universitétbo'nr]
Estimation and Tracking

Spatial binaries: Extract quadratic bounding box around
detection

Two cases: B\El
- Different joint type: P4, )

* Logistic regression based on distance and orientation

09.10.2017



Pose Track: Simultaneous Pose universitétbo'nr]
Estimation and Tracking

Spatial binaries: Extract quadratic bounding box around

detection
Two cases: @

- Same joint type: pfdf,d,f):IoU(Bd,Bd,) D

L]

09.10.2017



Pose Track: Simultaneous Pose universitétbo'nﬂ
Estimation and Tracking

09.10.2017 uergen Gall — Institute of Computer Science
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Pose Track: Simultaneous Pose universitétbo'nr]
Estimation and Tracking

Temporal binaries: Compute optical flow (DeepMatching)

Kdd’:‘de U Kdlf,‘ and Fddl:‘de M Kd’f;‘
{F/Ka min(pda pd’)a Ade’a HAde’ H}

Logistic regression: pfdf’d,f,)

09.10.2017



Pose Track: Simultaneous Pose universitétm
Estimation and Tracking

Solve integer linear program:
v € {0,1}/P, s € {0,115 and t € {0, 1}

argmin ((v, @) + (s, ¢¥s) + (¢, Ur))

v,8,1

(v.0) = ) vao(d) i i
deD i :
: E \
(8, ¥s) = Z S(ds.ar ) ¥s(dy, d'y) i i |
(df,d’f)EEs \ E i ‘
tve) = Y tapantilds.dy)
(df,d’f/)EEt f f’ £

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |




Pose Track: Simultaneous Pose

Estimation and Tracking

Solve integer linear program:

universitétbonnl

v e {0,137, s € {0,1}/%], and t € {0,1}""!

argmin ((v, @) + (s, ¢¥s) + (¢, Ur))

(v,0) = > vao(d)
deD
<8, %) — Z S(df»d'f)ws(df’ d,f)

(df:d’f)EES

2.

(dg,d ;r)eFy

(t, 1) = Layar ) Pe(dy, d gr)




Pose Track: Simultaneous Pose universitétm
Estimation and Tracking

Solve integer linear program:
v € {0,1}/P, s € {0,115 and t € {0, 1}

argmin ((v, @) + (s, ¢¥s) + (¢, Ur))

v,8,1

(v,¢) = Z vap(d) E Iﬂ:‘

<8, %) — Z S(df:d’f)ws(df’ d,f)

(df,d’f)EEs E

ey = > tapa,teldy.dy)

(df,d’f/)EEt f f’ f”

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |




Pose Track: Simultaneous Pose universitétbo'nr]
Estimation and Tracking

To obtain plausible pauses, constraints are added.:

a, 2]

° Spatlal tranS|t|V|ty S(df,d’f) + S(d’f,d”f) — 1 < S(df,d”f)




Pose Track: Simultaneous Pose universitétbo'nr‘!
Estimation and Tracking

To obtain plausible pauses, constraints are added:

f f /"
f f R
¢ Spatla| tranSitiVity: S(df,d’f) + S(d’f,d”f) — 1< S(df,d”f)

« Temporal transitivity: tap,ar ) Fta,ar .y =1 < tapar )




Pose Track: Simultaneous Pose universitétbo'nr‘!
Estimation and Tracking

To obtain plausible pauses, constraints are added:
fl

° Spatlal tranS|t|V|ty S(df,d’f) + S(d’f,d”f) — 1 < S(df,d”f)
« Temporal transitivity: tap,ar ) Fta,ar .y =1 < tapar )
° Spatio-temporal trans.:  t, @) *tapar ) — 1< S )

gy + 8@ rar ) =1 < tagpar )




Pose Track: Simultaneous Pose umversitatm
Estimation and Tracking




Pose Track: Simultaneous Pose universitétbo'nr‘!
Estimation and Tracking

To obtain plausible pauses, constraints are added
ff

Spatio-temporal consistency:

t(df:d,f’) + t(d,,fﬁd,”f’) + Sdfzdﬁf o 2 E Sd,f’zdlﬂf’

g o) T E@r a8 dr =2 < Sdgary

09.10.2017



Pose Track: Simultaneous Pose universitétb.onnl
Estimation and Tracking

Estimate pose + person association over time:

* Predict body joints (CNN trained on MPII Pose)
* Build a graph with temporal and spatial edges

« Partition spatio-temporal graph

[ U. Igbal et al. Pose-Track: Joint Multi-Person
Pose Estimation and Tracking. CVPR 2017 |




Pose Track: Simultaneous Pose universitétbonn

Estimation and Tracking

Qualitative Results

Line/Marker color = Person identity
Marker edge color = Joint type




Pose Track: Evaluation universitétbonnl

* Pose estimation accuracy (mAP)
* Person association (MOTA)

Method Rell Prem MT ML IDs FM MOTA MOTP
T T 7 4 4 VA T
Ours 63.0 648 775 502 431 5629 28.2 55.7
BBox-Tracking [38, 34]
+ LJPA [17] 588 64.8 716 646 319 5026 26.6 53.5

+ CPM [40] 60.1 57.7 754 611 347 4969 15.6 534

09.10.2017 uergen Gall — Institute of Computer Science IIl — Computer Vision Group



Pose Track: Evaluation universitétbonnl

* Pose estimation accuracy (mAP)
* Person association (MOTA)

Method Head Sho Elb Wri Hip Knee Ank mAP
Ours 565 516 423 314 220 319 31.6 38.2
BBox-Detection [34]
+ LIJPA [17] 50.5 493 383 330 21.7 29.6 292 359
+ CPM [40] 48.8 475 358 292 207 27.1 224 33.1

DeeperCut [16] 56.2 524 40.1 300 228 305 30.8 375

09.10.2017 uergen Gall — Institute of Computer Science IIl — Computer Vision Group



Joint-annotated HMDB (JHMDB) universitétbo'nlr’

cla chmb stairs golf jump Kick ball
W,
) s Y
2 L

{
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Video Analysis for Studying the universitétﬂ
Behavior of Mice

- » —-— J
, - - > I&’- SR —— . -

\ - —

e

truth: rest start

Ground

Result : rest start
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Recurrent Neural Networks universitétb.onnl

« Gated units (LSTM/GRU)

|

GRU/LSTM
Unit

St—1 — . Sy

|
@




Weakly Supervised Learning universitétb.onnl

* Fully supervised:

«  Weakly supervised (transcripts)

action_A=>action_B=2>action_A=>action_C

88 ¥ & e— HIMMELN
v {01 V1 )

il 200 s APFELSAFT 24 ctsem 77us. l
einkochen. T Zucket und Dftane abschmechen.

100 2o SPECH tn ainet Pfanne austassen wnd
it 3 IWIEBELN gotdbraun buaten.

Gokoohte Hatoffelr mit

100 SAHNE und 50 o BUTTER
durchatampfons undt den Apfolmas
untesheben. Plannemit H¢

evstzen. Den RING BLUTWURST
n Schaibon schneiden, feicht in THekt
wenden und im heten 8¢ braton.
Spech und Fuiebeth dau geben.

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine- to Coarse I\/Iodellng CVPR 2017]
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Weakly Supervised Learning universititbonn

u “' , o

ﬁﬂ!‘zi;

l! ‘

Initial uniform splitting from transcripts:

||
take cu spoon powder our milk stir milk
| | 1 — Ip | | pl ‘f) | | | lp I— 1 | | | | | |
our milk spoon powder stir milk
| | - [ | | | Ip Tp | | | | 1 | |
spoon powder our milk stir milk
| Ip ]_P | | | | p [ | | | | T | |

|

RNN model training and optimization

|
take cup spoon_powder pour milk stir_milk
pour milk spoon powder stir milk
spoon_powder pour_milk stir_milk
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Weakly Supervised Learning umversitatm

* Represent an activity a like “spoon_powder” by latent
sub-activities s, ,s,(),s, @

spoon powder
I I | |

Sl(a) 52(3) 53(3) 54(3) SS(a) 56(3)

* Optimal number of sub-activities is unknown:
« Many sub-activities for long activities
* Few sub-activities for short activities




Model universitétbonnl

RNN with Gated Recurrent Units (GRU)

I I | | ] I | | I I

T
( targets: subaction labels
p(sjxt) pls[xi) - plslxq)
p(s|xy)
CRU =lGRrU . GRrRU p(x¢|s) = const -
TR e e B e
\ input: video x! J




Model universitétbonnl

* Hidden Markov Model (HMM) enforce fixed order of
sub-activities: s;® s, s, @

l I fpoon Tpc)wdler I I

 HMMs use probabilities of RNN as input




Model universitétbonnl

* Hidden Markov Model (HMM) for each activity

our milk
| | Ip L | |

spoon powder
I [

stir milk

1




Model universitétbonnl

. The transcrlpts deflne the order of act|V|t|es
- i | = ) J < _' ’]“‘ r/vw ‘

T | J =

Action transcript:

action_2 action_3

09.10.2017



Model universitétbonnl

. The transcripts define the order of activities:
T ‘\W Lot "ﬂ:"”m Al Rl T S -

ST R ET R

Action transcript:

action_2 action_3

Sgal) Séarl)
L1
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Model universitétbonnl

. The transcrlpts deflne the ordr of act|V|t|es

Action transcript:

action_2 action_3

Tgaql) Séarl) I ' (a1) . (az) ' éﬂz) ' (az) Sgas) Séﬂ»s) '9:(3@3)
r 1 1 ©[ 7 1 1
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Weakly Supervised Learning universitétb.onnl

Action transcript:

action_2 action_3

linear segmentation | e (Initialization)

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine-to-Coarse Modeling. CVPR 2017 ]
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Weakly Supervised Learning universitétb.onnl

Action transcript:

action_2 action_3

linear segmentation | . (Indtialization)
S(lal) Sgal) Sgal) Sgag) Séag) Si(j)ag) Sgas) ng) Sgas)

linear alignment | | ' | | | | | | - |
to the subactions

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine-to-Coarse Modeling. CVPR 2017 ]
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Weakly Supervised Learning universitétm

Action transcript:

action_2 action_3

linear segmentation | T (Initiakization)

lnear a]ignment I 8(1(11) I .S’gn) I Sgal) I S(laz) I ng) I S:(ch) I Sgas) I ng) I S‘gag) I
to the subactions l 1
retrain train RNN train HMM (Iteration 1)
| |
NN
Sgal) Séal) Séal) Sgaz) Sé@) Sgﬂu) Sgas) S;QS) S:(;IS)

realignment [ ] |

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine-to-Coarse Modeling. CVPR 2017 ]
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Weakly Supervised Learning universititbonn

Action transcript:

action_2 action_3

linear segmentation | T (Initiakization)

linear alignment | - | sp I sy I si*2) I syt I 542 I 5(") I sy I s |

to the subactions

retrain train RNN train HMM (Iteration 1)
| |
AN A
Sgal) Séal) Séal) Sga-z) Sé@) Sgﬂm) Sgas) S;“S) S:(Saa)
realignment [ ] |
(a1) (a1) (az) (az) (a2) (a2) (a2) (as) (az)
linear alignment to 51 52 5 52 53 54 55 5 52

the new subactions

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine-to-Coarse Modeling. CVPR 2017 ]
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Weakly Supervised Learning universititbonn

Action transcript:

action_2 action_3

linear segmentation | T (Initiakization)

(a1) (a1) (a1) (az2) (a2) (az2) (as) (as) (asz)
linear alignment | 51 | 52 | 53 | 5 | 52 | 53 | 51 | 52 | 53 |
to the subactions l 1
retrain train RNN train HMM (Iteration 1)
| |
AN A
Sgal) Séal) Séal) Sga-z) Sé@) Sgﬂm) Sgas) S;“S) S:(Saa)
realignment [ ] |
(a1) (a1) (az) (az) (a2) (a2) (a2) (as) (az)
linear alignment to | il I 52 | 5 I 52 ! 53 | 54 | S5 | 51 | ) |
the new subactions l l
retrain train RNN train HMM (Iteration 2)
l |
Sgal) séal) .9(1”2) séa‘?) sé@) SE{LZ) séa?) Sgag) S(QQS)

realignment [T LI S e e

[ A. Richard et al. Weakly Supervised Action Learning with RNN
based Fine-to-Coarse Modeling. CVPR 2017 ]
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Results universitétbonnl

« Accuracy on unseen sequences (video without
transcript)

Breakfast Accuracy (Mof)
GRU no subactions 22.4
GRU w/o reestimation 28.8
GRU + reestimation 33.3

GRU + GT length 51.3




Results universitétbonnl

« Accuracy on unseen sequences (video without
transcript)

Breakfast Iter 1 Iter2 Iter 3 Iter4 Iter 5
GMM w/o reest. 15.3 23.3 26.3 27.0 206.5
MLP w/o reest. 22.4 24.0 23.7 23.1 20.3
GRU w/o reest. 25.5 29.1 28.6 29.3 28.8

GRU w/o HMM 21.3 20.1 23.8 21.8 22.4




Results

universitétbonnl

Accuracy on unseen sequences (video with

transcript)

Breakfast Hollywood Ext.
Model Jacc. (IoD) Jacc. (IoD)
OCDC [3] 23.4 43.9
HTK [16]** 40.6 42.4
ECTC [9]** - 41.0
GRU w/o0 reestimation 41.5 50.1
GRU + reestimation 47.3 51.1




Research Unit - Anticipating Human universitétbo'nr‘!
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