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Human Activity Video Analysis using Graph Convolutional LSTM and HMM

Woohee Yang

Department of Artificial Intelligence Convergence,
The Graduate School, Pukyong National University

Abstract

We propose a part-based graph convolutional network and long short term
memory(PBGCN-LSTM) encoder and hidden Markov model(HMM) model for
activity analysis. PBGCN-LSTM is for extracting spatiotemporal features in a
human skeleton activity video. HMM analyzes the spatiotemporal features for
classifying postures in an activity.

First, PBGCN extracts spatial features in each frame. PBGCN divides human
skeleton parts and extracts graph convolution features in a skeleton. The human
skeleton can be represented as a graph, in which we view the nodes as the joints and
the edges as the bones. And we give prior knowledge to GCN to divide parts. Second,
LSTM extracts temporal features using the spatial features of each frame. Third, we
obtain the spatiotemporal features represented as a 128 dimensional vector which is
represented an activity video from PBGCN-LSTM. Finally, we input these vectors
to HMMs. We train HMMs in each activity class.

We experiment PBGCN-LSTM and HMM with NTU-RGB+D60 dataset which
provides the human skeleton activity video in 60 activity classes. We measure this
model for action recognition tasks and show several visualizations for analyzing the

postures in a video.
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1. 2= &4 F (Graph Convolution)
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2. E4 F-Z% (Skeleton Construction)
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Y EL A (Part-based Graph

Convolutional Network, PBGCN)
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5. 24 nl=2 32 24 (Hidden Markov Model, HMM)
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HEe 7 F AWsks 24 AH sAE AAEidE vER] dagss
AeratAl ol &uks] =9 Itk 223 1970 doiFE 244l [16]e
897 Al&Etel £ 4, DNA 971 AE 24, &F AT ohesst

wokell A 58-Sl

i

1L

o] Rdl2 wul= 7> A (Markov chain)

i
N
=
|o
i
r g
[y
>,
)
S
Il

F

(1% o X e} O 7 B FhO] T B 21 Fe(state) 2 F FEFE
meloth, phE s Q@ vhERE JAS A R3S NAL G P =
{51,5,,.,Sn} 2 ol 44

HEAAE T3tk o] MEQ A= vt=2ax AR el A1z t+1 o] FH=

Aot JHl Hol(state trasition) H o2 T H

HEE A AZE S 9 n A7 o] O] el AR GBS stk o] S n

vpzas shgolet star, of W, A AFEsk ol el S Wi 1 A

20



R i = i R

xdd o, g5
A A AE A 23k

PR S Zhg o] AL,

P(zey1 = Silzg = Sq'Z1 = Swy e Zp = Sj) = P(Zt41 = Silze = Sj) 14)

o1 % A e 7} o A el o)

Aoleta At} o] BE RE AR

1o
i
R
>
il
2
£
2

transition probability distribution)2} - Tt
A1 - Ay 15)
A= | = o I={ay}
aNl cee

a;j = P(zyq = Silz, = §)

Z aij=1
J

16)

o] W, &4 AE] AlA Al A A &Y A
ForE x7] dH

= T2 = ol AHETt
$+E T L(initial state probability distribution), moll 2]}
A€

=Pz, =5;)

ZTIi=1
i

(1<i<N1<

17)

21



GH Mol H e Tl viEIE TS g AHES 4 A4 85
ol &= Tk Al =01, t AlZbelAd | A& Vv, 7F A5 FH Tkl shAk

JYIA A YA E T V(WEASETAS A EFSE R

)

ke
~
Qo
[on
[72)
e
<
jov)
=
@]
=]
7]
E
[on
=3

probability distribution) B += th-3-3} 2T},

bll blM 18)
B= ( : : ) = {b(Vi)}

bur - bum

olul, &8 b(V) 7 &1 Al a0 FBE wekthul thg 3} o] B ojH e

bij(Vi) = P(Vilze = Siy Zes1 = S)) 19)

D by =1

AR 5 AB27} oY FEE] GFS Wol Ao A FE EE(joint

probability distribution)2 th-2-3} 7T},

- N: A AH T
/BLEH ;S%L: S = {SI'SZ' ""SN}

zg: N ZE ol A ] gHE e

- M:AAAFERNM RS T A=

AE 8V = (V,,V,, ..., Uy}
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Il = m;: 7] AFEll €& 3 (initial state probability distribution)

T =P(z=5),%im=1(1<i<N1<m<0)

=
|

N

o2,
=
B
o
S
i
M
el

(state transition probability distribution)

al-]- =P(Zt+1 =Si |Zt =S]),Z]al],(1 < l,]SN,OSaU < 1)

B = b;;(Vy): ¥+= €& 3 (observation symbol probability distribution)

bij(Vi) = P(x¢ = Vi|ze = Sy, 241 = S, 2 biy (Vi) = 1
L1 <k <K 0<by(Vi) < 1)

A A @ 2olA A B85 ¥ (joint probability distribution)

N

P(X,Z|®)=ﬁni ]_[]_[ ay li[ﬁbk(xt)
i k=1

i=1 t=2 i=1 j=1 t=1
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1. 7|12 F+%

Input Preprocessing Encoding

PBGCN-LSTM

|
11
P PB-GCN
/////j%ﬁ . ngldata (Part-Based L LSTSNFI]
Wi/ L i, - Displacements (Long Short

/ T — L =
A o Belatie Con(\f;?ftri‘onal Temm
///./ coordinates Network) Memory)
AR\
|14 \\&\
A N
tempo§\</d
Analyzing Output
Action
HMM Segmentation
> (Hidden Markov =—>
Model) Key Pose
Abstraction

PR T | S =

O 12 ¥ =R Al BEl R Eolvh, WA gt ghel A ol 3 X
= dlolE = A A Al

ik
) n
=
-
v
)
o
i)
o
l
et
9
rfo
)
o

A
U #a = 1FAA oL A5 E 7 2 A Abo] 7 BE & Aol & AlAksith 1
7y Bdo) 7HA = 54 W = A dAlA AAE F ERA =T dE 34
F3xE 43 § PBGCN-LSTM(Part-based GCN-LSTM) <17 ef 1= #H}

PBGCN-LSTM ¢l &= Z ¢ 9] 9] 2 9l & ¥ A3 E 4 W E S o 4] PBGCN =
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t}. PBGCN-LSTM(Part Based GCN-LSTM) 21 1

hidden size: 128

- — - —
GC (64, 64, 1) GC (64, 64, 1) GC (64, 64, 1) GC (64, 64, 1) GC (64, 64, 1)
PBGCN 1 1 1 1 I
GC (s4l, 64, 1) GC (slla, 64, 1) GC (6-4, 64, 1) Gc (64i 64, 1) GC (61, 64, 1)
GC (64, 64, 1) GC (64, 64, 1) GC L 64, 1) GC (64, 64, 1) GC (64,64, 1)
1 i
GC (64, 64,1 GC (64, 64, 1) GC (64, 64, 1) GC (64, 64, 1) GC (64, 64, 1)
1 1 1
GC (15, 64, 1) GC (15, 64, 1) GC (15, 64, 1) GC (15, 64, 1) GC (15, 64, 1)
Input 1 ; =
£ 1 1 ~ W 1 S 1
oM - i L L [ M1
A — e A
" ¢ \ ¢ | ‘ \ i \
Fo % \ > \ '
- [ % . -
frame 0 frame 1 frame 2 frame 3 frame 4

(729 15] A1 2FE PBGCN-LSTM ¢l 56 : Input #1521 9 94 W 2+
S YERATH PBGCN 3 LSTM 2 22 PBGCN 2} LSTM 7| 5] t}.
PBGCN A5 9] 45719 8= tA 5 AlSS 7H<I T

PBGCN-LSTM ¢l3E= 718 15 oA & & Q%
PBGCN = &3l Zt Ty 9 2 2 7H) S-S WA 23513, 71 d3E LSTM

o] 19 o= ARG-8to] AR SR & FE Tk
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[N] batches == videos
PBGCN GC_LAYER [T] frames
Inputs [C] channels
(videos) (C = 18(head) or 64)
25] joint
[N] batches == videos {2] ]sﬂjlcsts
[T] frames =
Inputs [18] channels Multiply IN] x [T] x [C] x [25]  [2]
(videos) 25] joints part adjacency matrix
[2] subjects _#p =1
#P : Number of parts
Batch Normalization
: subjects NI x [T] x [64] x [25] x [2]
GC_Layer_head [N] x [T] x [64] x [25] x [2] add
output features
[ eciayer | [xmxsaxes el
GC_Layer_3 [N] x [T] x [64] x [25] x [2]
!
[ ocraers | [xmxweaxesixa]
GC Layer 5 [N] x [T] x [64] x [25] x [2] Batch Normalization

: channels x joints

Flatten : channel x joints

IN] x [T] x [64 x 25] x [2]

T UETICEES [ o]
Pooling : subjects T
[T] frames
GC_Layer
[N] batches Ouputs [gé] _ch_annels
Outputs [T] frames {2] ] Jz'.mst
(spatio features) [64 x 25] channels subjects

[Z1¥ 16] PBGCN 1% : Y& 2 [ZL¥ 17] Graph Convolution Layer 7%= :
PBGCN 9] 7 x5 YER 1L, @ E5L A5 1z T A TEES
AA%E FE olE AV1E  Uehia, 9 858 7 Ao 3¢ dolg)
vhehuiet, EPERS I
WA, Are FoAH T = Fw UEYIE 29 4 9 Zrh o=

A7 AR E o] Foll 183 = B WEE AT ofu, ol
St A4S P FAR AN BEAA @] wRe] WA

S Baf 912 A7k Shrel FFS D VA ES HEh
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PBGCN-LSTM Encoder for a short sequence

Calculating
PBGCN
mean values LSTM
 Comolutiondl | —* of W frames ——— (Long Short Term
Network) (Sliding Memory)
window)

[1¥ 19] 52 AFA] 2 oFS $) 3 PBGCN-LSTM ¢l 51

Y7 A, YA ARAE T

N
=
o
Mo,
krt
o
i
Y,
bl
zQ
o
ff
&,
o,
ol
ol
2
iy
ofl
o

Ao AETh 1, 2 WA s 7R E AR BER e o3 SH
W %S LSTM Y H o2 ARg-dith o] = A3 4 A e dojd A=, &
Fort b g ol o] el T2 AAE At & W BE 29
ARE B3P stk ueba, T8 24 2ok BEl S 98 FE 5 ES 10,50,
100 =2} &) A AAAE Fep JRE B ol 5, Al T Ao

NARE t= ol & JH S Fo] LSTM o 18 gheh,
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1. o] Al

AE dolE S NTU-RGB+D60[21]2 AF&-3tc). ALE-3E dlo]g Al
Microsoft Kinect v2 = £ % 3} RGB 9/}, Depth 7, 3 2kl &2 ©| o] ¥, Infrad
Fom PRSI X R L Ao )E HET $29 340 27
dolg & ARt

o

NTU-RGB+D60 > & 12 FA1& 918 & F4 el st 7h=] P-gnt
=318k dolE Aot} F 40 2] v A7 60 7N BE S A4 FHEA L,
Fhelebs 3 & AbE-stel 3 o & SHoA ZYslT & I Are
56,800 7l o] i, FEhE d o] B & A 2] 8t 56,578 71 /3= AHE-RITh

E A= HAIDE 7T Z S, HS, HAE golHA o Z 1o
@3 A5 dolE| A5 PBGCN-LSTM 858 0 2 AFE-git) & dlo] e Al
T4 207, ol Mg 40,091 7], A5 dlolE Al 7439& 127, dlo]E
A 12,193 70, HIAE HolE A T 42 8%, o8 7= 4,294 7] o]t}

ZF dol A A QS vy 9 Ak
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[3 1] NTU-RGB+D60 o] E] Al ¥-2] 75

R &2t D
4 1,2,4,5,8,9,13, 14,15, 16, 17, 18, 19, 25, 27, 28, 31, 34, 35, 38

eb)
olN

3,6,7,10, 11, 12,29, 30, 32, 33, 36, 37

HAE 20,21, 22, 23, 24, 26, 39, 40
[3£ 2] NTU-RGB+D60 5 & 5+
A21. take off a hat/cap
. A41. sneeze/cough
Al. drink water A22. cheer up A4 sta erir?ug
A2. eat meal/snack A23. hand waving R W
. Py ) A43. falling
A3. brushing teeth A24. kicking something
. A : A44. touch head (headache)
A4. brushing hair A25. reach into pocket
. . . A45. touch chest (stomachache/heart
AS. drop A26. hopping (one foot jumping) ;
A6. pick A27.j Desy
- piekup . A46. touch back (backache)
A7. throw A28. make a phone call/answer
. A47. touch neck (neckache)
A8. sitting down phone A ..
- . a ; A48. nausea or vomiting condition
A9. standing up (from sitting A29. playing with phone/tablet g
.. . A49.use a fan (with hand or
position) A30. typing on a keyboard .
. o . . paper)/feeling warm
A10. clapping A31. pointing to something with . .
. AS50. punching/slapping other person
All. reading finger -
.. ; AS51. kicking other person
Al2. writing A32. taking a selfie .
5 AS52. pushing other person
Al3. tear up paper A33. check time (from watch)
. AS53. pat on back of other person
Al4. wear jacket A34. rub two hands together AS4. point fineer at the other person
A15. take off jacket A35. nod head/bow A554 Eu in ither erson P
A16. wear a shoe A36. shake head A56. of BEHS th'p to oth
Al7. take off a shoe A37. wipe face - Stving somethng to othet person
AS57. touch other person's pocket
Al8. wear on glasses A38. salute .
AS8. handshaking
A19. take off glasses A39. put the palms together A59. walkine t 4 h oth
A20. put on a hat/cap A40. cross hands in front (say - walKing towarcs cach other

A60. walking apart from each other
stop)
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7}. NTU-RGB+D60: GCN-LSTM Q175 3= Q14 A5 v

3 3] NTU-RGB+D60 & ©] 83+ 35 214]: Topl, Top5 Accuracy (%)

2 FF Top1(%) Top5(%)
PBGCN[PBGCN] 80.48 97.65
LSTM 64.43 89.96
HBRNN-L[HBRNN] 59.07 63.98
GCN-LSTM 50.7 82.9
PBGCN-LSTM 59.49 89.08
LSTM (10 frames) 65.40 91.18
GCN-LSTM (10 frames) 77.86 95.25
PBGCN-LSTM (10 frames) 78.50 95.38
PBGCN-LSTM (50 frames) 74.94 94.25
PBGCN-LSTM (100 frames) 74.44 94.53

HA 2 Layer LSTM 0.2 =4 Hlo|H & 1 2P S 2 X H5to] Sh5315l = v,
top ©] 64.43%, top5 ©] 89.96% & U4 FF T E W oFT} o] = 7] HBRNN-

Luthe 457) S4o] S5Ho] $& A7E wolF 28 B 4 9 g,

A7 EA FES 93k A3 2dlel GON-LSTM 2 LSTM s ARgH T}
A E7F ozl

shANE, 10 ) Zedd e AR 53 s Hd

=
pooling)s}of 8153t A3ki= 238 GCN-LSTM ©] = 55 HojFaL 3l
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GC-LSTM outputs space projected to 3D by PCA with origin labels

Avideo:
[128] x [#frames] vector

" 20
- 15
I~ 10
s 2
g
3
° E
- -5
T -10
T T -15
-20 -5/ Lo 5% 10 15 20
cor?'npone%tl o as T O cgmponentz
[Z2¥ 20] PBGCN-LSTM & o] &8} L7 & %5 3
#1392 Ake PBGCN-LSTM = o] &3te] z+ 98 G459 d5=

tod T4 2] (Principle Component Analysis, PCA)= % 3t 43} o|t},
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t}. NTU-RGB+D60: HMM A}A| 4 Z 3 A A1ZH3}

[HMM State Cluster on 3D] 5:pickup. // all samples

Pickup AN £A1

Aframe: et
128 dim vector

A3 10 oo, = 32 7F$-AlQE F ¥ (Gaussian distribution) = HET}
TJHE 9o & AL g Al et 5A- e onlstal o]+ 128 2k HHE FAE

TAE ol gl 3 A o ® FYAIZ Aotk 9] TTH 2 60 7HA] AWE - Pickup
el e BE el v AAE wRste Aok (N7 A
Rokell whet AHAI7F S )

Am
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t}. NTU-RGB+D60: HMM Z}A] ¥ 3}k A]2}3}

mgx" 20‘:\1194 piCk UD er” H‘—:‘Q [HMM State Cluster on 2D] 5:pickup. // Oth sample

d 17

. ¢

state
E
mponent 2

(2% 22] 91 & A} 20 ¥ 9] Pickup A4 ¥ 3} (229 23] 98 2} 20 ¥.2] Pickup 2]
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1% 22 7423 = 9 &} 20 W =38 3t Pickup 5ol o &F &} A HELE T2 3}
Aot} o= 11 21 of| A A 3 AAE 50,4,9,5,3,8,2,6, 1 FEHIEE

o

WHslshs &5 4 ol 5, I A 20 HE Pickup 52 $9 9 714 AME
QoFRT o] 97HA] AAE FollA FAel 75 Tl oA B R R 0,4,9, 5, 3,
5 M4 AR FHRAT 29 23 oA 5 7R ZAe] AAS B EakeA
WS B 4 Stk O9 24 & 92 GAelA 5 A AAlel sl sk

ZYJES ok Aotk T Q) 5 R-ARA 0 12 A QL= ZRA, Z ] 16 -

ZA 4 ML 712 A Zsts A, T 24 HAA] 9 HE 3 E 737

75 WAL 30 L

juled

A& AHA], e 37 W-ARA] 5 RS FE A, Tl

5712 vk AAlolth o= F & BEL @ Qokste] Mol 2L B 5 Yk,
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