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Human Action Recognition Combined With Object Detection
ZHOU Bo' LI Jun-Feng'

Abstract Most of the research methods in the field of human action recognition extract relevant features from the
original video frames. These methods introduce more or less redundant background information, which brings more
noise to the neural network. In order to solve the problem of background information interference, large amount of
redundant information in video frames, unbalanced sample classification and difficult classification of individual
classes, this paper proposes a new algorithm for human action recognition combined with object detection. Firstly,
the object detection mechanism is added in the process of human action recognition, so that the neural network has
a focus on learning the motion information of the human body. Secondly, the video is segmentally and randomly
sampled to establish long-term time domain modeling across the entire video segment. Finally, action recognition is
performed through an improved neural network loss function. In this work, a large number of experimental ana-
lyses are performed on the popular human action recognition datasets UCF101 and HDBMb51. The accuracy of hu-
man action recognition (RGB images only) is 96.0% and 75.3%, respectively, which is significantly higher than the
state-of-the-art human action recognition algorithms.
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— MK FEHIETZ (Long short-term memory, LSTM)
PE PR M 25 53 GRU (Gated recurrent unit) %5
Sk 2t 5 i 18] 132 8545 B 5 Donahue 251
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Fig.6 Inflated inception network

# 1 HMDB51 5 UCF101 #HEEEARF o [ FHSSRER (=1 (%)

Table 1  Experimental results of HMDB51 and UCF101 data sets at different o values (y=1) (%)
HMDB51-FL- o Splitl ~ Split2  Split3 Average UCF101-FL- Splitl ~ Split2  Split3 Average
0.10 60.6 56.5 58.7 58.6 0.1 76.8 77.4 78.4 77.5
0.25 76.6 73.6 74.9 75.0 0.25 95.4 96.3 95.4 95.7
0.50 76.8 73.8 75.2 75.3 0.5 95.5 96.3 95.9 95.9
0.75 76.7 73.9 75.1 75.2 0.75 95.7 96.4 95.6 95.9
0.90 76.7 73.8 75.1 75.2 0.9 95.5 96.2 95.7 95.8

1.00 76.7 73.8 75.1 75.2 1 95.6 96.3 95.8 95.9
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FEARAAR: Hp, #aix T 1B, SEREA SRR HHATE 6 A SCAE HMDB5S1 $dE 4 T SLIR i %
NG IRER, v IET 0, BIRE ZEIRTE 437 HIIZHEENa =05, v =5; £ UCF101 Hdi4E
RHBCEARAD. BTSRRI SO E N o = 0.75, v =5.
CE(pi)=—(1—p.) log (p:) D gmes
Ny W > < —
HiF HMDB51 5 UCF101 $# £ 5256 K5 B %t
Focal loss BT o ZHUABUS, WAEAR TR E v 31 SRMIRE
H/NBIRIEAT 5286, 3R 2 WoR T SLIRRS FEbE v S50
AACHIRLER. 1 8 SR T 3R 2 X RSEER H BT 8. AR SCHE B W AT R A EAE & B Pl e
Focal loss B IS5 o F1~ A1 BP0 HIR 25 4840, T BAALHE L3 32 V0 F8dE4E UCF101
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96.6 %
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92.6 7 B
2 )
' —o— i 8 .
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88.6 —=- Split 3 65l = Split 3
86.6 — : : : : . 66— : : : : :
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(a) UCF101 X} 24 o U i £k (b) HMDBS51 X§ 24§ o fug i 25
(a) UCF101 sensitive curve to parameter o (b) HMDBS1 sensitive curve to parameter o
7 Focal loss B4 o PRI 2K
Fig.7 Focal loss parameter « sensitivity curve
# 2 fE Focal loss fIAFISEAE KA T RISEIRE BEXS EE (%)
Table 2 Comparison of experimental precision under different parameter values of focal loss (%)
HMDB51 Split 1 Split 2 Split 3  Average UCF101 Split 1 Split 2 Split 3 Average
a = 0.50, v =0.50 65.3 62.8 63.5 63.9 a = 0.50, v = 0.50 78.3 78.9 7.4 78.2
a= 050, v=0.75 70.8 67.5 69.2 69.2 a=050, v=0.75 86.8 88.4 87.4 87.5
a = 0.50, v = 2.00 76.6 73.7 75.1 75.1 a = 0.50, v = 2.00 95.4 96.3 96 95.9
a=0.50, v = 5.00 76.9 73.8 75.3 75.3 a =050, v=5.00 95.6 96.3 95.8 95.9
a=0.75, v = 3.00 76.7 73.7 75.2 75.2 a=0.75, v = 3.00 95.5 96.2 95.7 95.8
a=0.75, v =5.00 76.7 73.7 75.1 75.2 a=0.75, v =5.00 95.7 96.4 95.9 96
a=0.90, v=10.0 76.3 73.4 4.7 74.8 a=0.90, v=10.0 95 95.9 95.5 95.5
% mSplit] = Split2  mSplit3 100 m Split I = Split2 m Split 3
80
[ 90 +
80
e 70 +
E 60}
# 501
40
30+
20
o

) ) 7 ' 7 ' 7
7
& o \J [\ [\

(a) HMDBS1 fEANA Focal loss 230461 R 152564 1 B 5 1B
(a) Experimental precision histogram of HMDBS51 under different

focal loss parameters

Kl 8
Fig.8

p. > 7 7y
o o o o vy

\3
(b) UCF101 #E R[] Focal loss ZEU5& 1 T I SZ KA 1 B 7 &
(b) Experimental precision histogram of UCF101 under different

focal loss parameters

ANJF] Focal loss 3026 T sLUkE E H 5

Experimental precision histogram under different focal loss parameters
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A HMDB51, LMER MRS B #T R A kit 4T
teAx.

UCF101 #9542 M YouTube ISR BAA
101 N BIAE R R B sh E AT sh 7 1R A B s 4
HHE 4 UCF50 By my . EdkA
101 NEIEEHI 13 320 M, UCF101 #E3h1E
JrTH PR AL T ORI 2 RN, I BAAERILIZ S P
AN RN 2 5 WA EL AL A AL 24 LTS S BRI 4%
PFEEBCR AR, B IE A N IR B — & Bk
PERIEHEEE. 101 SRS A 4> 25 4,
FATTEE 4 ~ 7 ADSIEWAI. K E [F-— A0
Al REIL = — SR ) T RE, ] A SR ABL i R St SR
IR RS BIPEZRINTT BASr A 5 R 1) N-4ik
MEAER; 2) (XS BE; 3) A-AMHEAER; 4)
22 R4 5) 183).

HMDB51 £t 4 N & £ 2R 3 R, —/Nilo
KB AILEHEE, W Prelinger 4484, YouTube Fl
Google M4, ZHIEEA S 6 849 INBI4E, A
51 AR, A E S 2 D65 101 4S8
. BRVEZRBITT LAY A b AhAY: 1) — LA THI SR 3h
VEREE; 2) X REEIITHRENE; 3) — M SR alfE;
4) 5X R E B S ERSE; 5) NRE B 51k
E.

3.2 SKERZM

S286 4 E MWL B N Intel Core 15-8500@
3.0 GHz, NVIDA GeForce 1080 TI GPU, #/E &
48 Windows 10. SEIGH, G4 M 25 5 T
Tensorflow “F & WS P2 2R FH /Mt
BLERFE T v, sh&ERN 0.9, BUEAESR 10 4
epoch ZFER 1 IR, AN 0.1, HMDB51 £ g 4E 1
RN 6, UCF101 Bl L HIHE KNy 8. R HIFE
ImageNet + Kinetics 17 & LTl 2k Incep-
tion 3D P&, WIH: > F ¥ 0.001.

3.3 SRS HH

R 3 B T ASCEVREAT R EE UCF101
A HMDB51 A F AR R 1% Warped E{%

5 Cropped EG IR 545 5. 43 50k B 52 %1 o
() 3 AT HAR AT I, Wl HER B2, I Ja 0t T
A MRS S5 AT 13,

Sp E R B, Warped B4 e Cropped 14
BA & i) arEE %, R AE T Cropped EME EL
Warped BIME 2 7 B A X, Midst B0 K
Jr Al anchor K/ B FEASAS ] 72 10 Ji (K] #4547 723X A
R IX I, PR, AH IR W BH& HE CT EHE R
A EDRITURE BMEZ A RE S, WI + RI B
FRX R B R T &, AR S B R, 97k 7 A
RSN XA AE R B o5 bL R, A5 I 2R 485 A
Fri Tt

K9 BoR T UCF101 f1 HMDB51 S5 5 1A
7] 0 BB AE S 1 > 20 1 B IR A b IRV v P
B, UCF 101 $Hfs 5 PR 0000 o i 22 0 e o vk LW A
VBRI RE B R 7 HH SR T % A ) IR T 23 110 2 5
1M HMDB51 #4fs 2 il AR LA Y 7256 48 3K,
49 & WI + RI (I HUINME R 70 5l L s 1 38 A 3%
$eTt.

K10 BoR 7 AR B T 13D 2% — Lk
S RIS FE XS LG B AN R AR R WL +
RI#{ CI + RI 5 CI TRINAE S T K #2851, i
SRS 00 LS B K2R 0. HMDB51 5
48 2K throw . T4 RKIH 2+, 5E 7 IRE
TR AHAF . AN B0 B AR 3R T e R I 8 2
eat, throw, fall floor, kayaking, bowling, frisbeec-
atch. X EEAT NN A L HAT A& B 5 G ECOR
YO H 547 A SRt . AT A XS T R R 2 2
shoot ball, laugh, shake hands, lunges, shaving-
beard, mixing. X 4T A ARXF ANAA & 45 B /N 5 5)
VENREEA K, BT A58 42 22 B 15 e BB 08 B A U4 T+ 1%
7 TR 2.

A4 BoR TR H LS A HAh FEAE
1N IR SRR S UCF101 A1 HMDB51 %t gt
R AEAR i NBEAT 73 BeBEALRAFE HAK A Focal
loss BRELMITE LT, SE50 25 5L R 7~ A H brdar i) &
VERENS A RO A ST T NI S EAE B IE N L
. ASCH WT + RI B EG 5 8 A e 2

#* 3 UCF101 5 HMDB51 $iE g s ie 45 31 (%)

Table 3  Experimental results of UCF101 and HMDB51 (%)
UCF101-Input Split 1 Split 2 Split 3  Average HMDB51-Input ~ Split 1 Split 2 Split 3 Average
CI 87.6 91.7 90.9 90.1 CI 71.3 67.1 68.8 69.7
WI 90.4 92.2 92.5 91.7 WI 74.1 70.2 70.6 71.6
RI 95.2 95.8 95.4 95.5 RI 75.9 73.1 75.0 4.7
CI4+RI 91.7 92.7 92.9 92.4 CI4+RI 73.3 71.8 72.0 72.4
WI4RI 95.7 96.4 96.0 96.0 WI+RI 76.8 73.9 75.3 75.3
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Table 4 Comparison with the state-of-the-art on UCF101 and HMDB51 (%)

Bk Pre-training UCF101 HMDB51

LTC® Sports-1M 82.4 48.7

C3D™ Sports-1M 85.8 54.9

TSNEY ImageNet 86.4 53.7

DTPP® ImageNet 89.7 61.1

C3D" Kinetics 89.8 62.1

T3Dk Kinetics 91.7 61.1

ARTNet?! Kinetics 94.3 70.9
TSN ImageNet+Kinetics 91.1 -

13D ImageNet+Kinetics 95.6 74.8

PM without TS & FL ImageNet+Kinetics 95.8 95.1

PM without FL ImageNet+Kinetics 95.9 75.1

PM without TS ImageNet+Kinetics 95.9 75.2

Proposed method (all) ImageNet+Kinetics 96.0 75.3
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