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Oilfield operation behavior recognition based on spatio-temporal and
action adaptive fusion network
TIAN Feng, WEI Ningbin, LIU Fang, HAN Yuxiang, ZHAO Ling, ZHANG Sirui, MA Guibao

(School of Computer and Information Technology, Northeast Petroleum University, Daging 163318, China)

Abstract: A spatiotemporal and action adaptive fusion network is proposed for personnel behavior recognition in oil-
field operation sites to address the problems of false positives and negatives caused by the complex environment of oil-
field operations interfering with behavior recognition algorithms. First, the videos are processed on the constructed net-
work using a sparse sampling strategy, and features on the feature extraction network are then extracted. The core mod-
ules of the network include spatiotemporal attention, action reinforcement, and adaptive feature fusion modules. The
spatiotemporal attention module redistributes the spatiotemporal importance of features, establishing temporal correla-
tions between different frames. The action reinforcement module weakens the background and enhances human body
movements, allowing the model to focus on human actions. The feature fusion module adaptively combines the parallel
features after reinforcement. Finally, behavior classification is achieved through fully connected layers and a SoftMax
layer. The model is compared with classic networks on public and self-built oilfield datasets to verify the effectiveness
of the proposed network. The Top-1 accuracy on the UCF101 dataset shows a 3.33% improvement over SlowOnly, the
Slow branch of the SlowFast model, and a 1.61% improvement over the temporal shift module (TSM). On the HMDBS51
dataset, the Top-1 accuracy improves by 8.56% and 1.83% compared to SlowOnly and TSM, respectively. Additionally,
when evaluated on the self-built oilfield dataset, the proposed model shows a notable improvement in accuracy over the
temporal segment network, TSM, and SlowOnly. This result validates the effectiveness of the spatiotemporal and action
adaptive fusion network in oilfield operations and confirms its suitability for behavior recognition tasks in such environ-
ments.

Keywords: behavior recognition; ResNet50; attention mechanism; oilfield operation; feature fusion; spatio-temporal at-

tention; action attention; complex scenes

s B HA:2023-09-11. %% H kg B H#3: 2024-09-11. by s N 22 g S .
EETR LI A AFHEIE S H (LH2021F004). | AWPEERERE D 2 —, KR
S {5 14 X135, E-mail: Ifliufang1983@126.com. B 4 o e olk N A R Y P L S AT B

O (HBERGL 7 ) SR IR A


https://doi.org/10.11992/tis.202309021
mailto:lfliufang1983@126.com

* 1408 * O R

NN
N

S 9%

Kife | 2 2 A 2 PR UEAE L 2 2 i LT B, 4R
A =3 # tp AR A B R EA T AR AN AT 45 B
R, Bl 0. M TES, EREkAE LS
R R, R AU A 0 Oy SR AT
B, HACR 32 AN 2 B 52, wE L S B T iff
RMAHIEAT R . HET, B850 A W
3 2 A R RN B 2 X 3 S o e i T 2 AT R0
FEXT G AT A & s i 2 Tl T 2 4 oy 48 ) 2
FB.

17 R AR AR R SR S IR T 9 T ) 22
—, F% MR AR IR R 43 S PR 2, 43 ) e AR
T EIMR R S5 A T AR SC B S aR s . Horp,
BT BRI B2 BAR X oy Ry 50y SC 8 F 22 4y 3
W 4%, Tran 2551 #2417 C3D(convolutional 3D ) #
B, RGBS T — A H Ak 0 B 18] 4 B2, il
P A Y W] DUAE = 4 23 [a) X WA 971 4 47 4 B 45
1E, 7] B 0 R[] 0 25 [R) 45 S, 2% W 4% i T IR
KT JRSER M2 M 4, 41 13D (inflated 3D) “ F
R(2+1)D(residual 3D)P!, Two-Stream CNN'! 2 f
FLGI AR P 2% 25 10 AR A 22— B Ay 2 A
M) 43 S B, A oAb B 8RR B RO S
B, 20 SRR AE G R Ak 1 E AT
7128, TSN(temporal segment network ) " 7£ X %]
25 By LAk 38 3 oy B A BT 51 ok A B R
B ; TSM( temporal shift module ) ™! D 2 7£ XUt /9 £
w1 B[] 67 B8 A5 o X st (] 47 B i A7 Ak B
TE B TE AT iR ) e A A A R
Feichtenhofer 4¢ ! $& H ) SlowFast #5271 Il J2 4 XX
Wi 2% 5 C3D L5 Gk, 5 7 R I AR I A b iy
TR B E 512 3 3 1E, SlowFast BRI 7 17 R 5
GG R A, H it AR & T HABBI
% JE, 4 SlowOnly #5 A4 ( SlowFast £ 5 1) Slow 43+
57 )l FastOnly #5781 ( SlowFast 5 7Y 1) Fast 4337 )
8, 3k SR AR AR PRIAT: 55 vh BRI T 58 1 RN
Ao Yan ZEUOV 4R ST-GON BEAY, 245 RLKE {4
K A A SR S e NS M, T B
FREATREAE B2 3, DA T B8 - i A 42 A AR 2285 97
[ 28 FEAE A S VERFAIE . PoseC3D J&— 3 F A
PR O AT Y = 2 S B 2 2%, 38 I A RO AR 4
AR SEEAF B =46 B RE MR A A b B 25
5L, R U AR AT U,

UL EAE A7 U R TEAE L g S AR B T
— ETREE W A AN FH o FHAR A2 B8 o — o
T B BRAT R0 7 i, i BEOE A7 | P2 HRUOG
S NGB B E G B 2 I R R AT E ML B
A7 ARG, %7 15 A S0 B S 0 AN B 1R 1 A

PUMN B F] 96.7%. Fili B4 $ 4 B T Trans-
former B} 25 [ 7 B ) 0947 ARG A 0, BERLTE R
Bz ()RR ) Al B 35 00 B [RLRRAE 1 53T, DA
ik 22 2 8 T AT Mt E A b B, e A4 HE A B 4R
FIEE T 98.54% HIHERN R . BERIRFEKE C3D
5 ST-GCN &4, ffi il C3D $2 B ERARE, {f
ST-GCN #& MU OB R A, 1 FH 22 ST
WA B 2 FRFIESEAT BlS IR T 4028, TR
Btk BRI T AT, D ERSR—ERE B
fiff U T AR IR AT AT SR U Y TR) R, (RS A A
BB . B F Transformer 477 36 1158 & JE K, 1R
AR 1 U0 T AR O Bl a5 0 B30 i B AR T
A7 B S PR L, HoUI 25 i 7 2K o O 8 A B dE
PR AN 5 HB 533 T RO HE 28 0 B vk A AR Ak
BRI R TR BB AR AN I BN AR G B AR
B0 IR Y [R) A,

| SR ME TP RN — Ik
A R R AT S B[R] 0 2 () 48 B (8RR AE B2 B, [R] A
T BB R A AT Dy PO 51 T LA S 30 i 3 i 1)
YIZRFNHERE, PRI AR F 90 2R ] = 446 Bk AT ) 2%
it BB 53 32 0 2 K 58 AT AR AT 55 o Res-
Net50 W 25 5 15 HAK 75 (Y 5% 22 450 L H R ik he
I, AV Z BB T R 4% 0 B kU, AR ST AE
BE LR b — AT B0 B I ML R B S R
FEAE Rl & 0947 A RO AL, 38 0 i x5 | A 28
T B RS S s A BRI EAT A 38 W ARRAIE il
Aok 58 BO B AT R IR AT 55, BE SRR
B X R AE R AT I 25 4R BE B 0 PR AT, 5
A 190 26 1 I 23 {7 B IRBE T, Sl AR i Al R P i ok
F ) 48 B E AR AU, 3 A A DG Y 5UE
B, S 0 2 06 T B VR AR Al B U BE , | 3 D R
A1 il A5 38 1k T i 28 SRR AR 5 sh VR R AE DR SE B R 25
ShfE 2 FRHEA M & D RS

1 M R—31F B 3 N ke P2 A

A GG %) B 25 — B AE A 0l I 2 LA
=2k ResNet50 1E by H LAl 9 2%, FLAZ O R 4t 1)
b 23 T i A | S SR A A R DA K 3 R R AR
AR, HARMUL, Sol T a I B 5 afE R
b 2 AR I 6 7 5% 25 I 2% i 5 9 Ak 38 )22 s
Je KB A IS N RRE R A AR XS 2 R IR AT
A, G I 1 BRI TR o A, Bk 2
W48 1 4 5% 25 J2 2 Je R LA LA 4 O 01006 2 A
B e G R Rl S B, TR By 2H 5 T
B 1T R, B R 2E R A T A
Bottleneck 4 i, AW IR HE H BBt = FEE IS



%6

FETA, 25« 2 T I 23 — 3R 1 3 R 5 19 265 1143 AR A D 3 1)

* 1409 -

BifESRAL 2 N BLEE 2 7E Bottleneck B2 J5, — 3
X} PR R A 3 530) Ak B P 3 R A, S B R AE T
R RCR, K 1 hofRERZB TR M, oftRE
JCEAMN; C A EMG B, WA ERSERE, H AN
R0

X T4 AT, SR FH i 55 R A 11 5 s Ak 24y
N x T A 43 P2 K 256 x 256 Fi) A T 7 g 190 2% 1Y
N, Hod, NARFERER G L R B ECE , TR
FAU R B AR H B S 28 Bl A B2
3 N x64x T x 64 x 64 [ FFAIE 7] 1, 2 J5 K Ik &
W R 4 R ER, Bt — k22 2 A
BRI R IETE =, SRR St 2R Z (fully

connected layers, ¥ 1 #1124 FC) & Softmax JZ15%
FPEARN N X Ces A 1, HARERNAS - Beiy 2328
15851, Hoh Cruoe IRER BB, S5 FEA  BE
532545 53 2K V- %) (average polling, ¥l 1 H1id 2l AP)
VE R AU 43 26745 51 o BEARLTE Y ZRintfifi I 22
SRR sREO T B S 2k

M
L= %x;h = —% XZZyiclogp;c (1

Aorf MARERAEAR R yi AURAEAR T 9238 2
E\%ﬂ:C, %E"Jiﬁﬂlﬂyic =1, E‘ﬂlﬂyic =0; pic’fjﬁ%‘%ﬁé
AT A ¢ FIMER

¢ «{”/
& enw C H, W o
(e
— s -, O ® —
i\} C 1,1 C/16, 3
C, H W 7% C, H W 1.1 cil C,H, W
H.
_____________ / s <Y A
O 1 _______ A
{ 55 i BBt ——

o551 BB J

iR L SR

B (RE| g
3 i
FRHIERS

|

@

|

#
)

s

Al

TN

R
ity
L
% >

1 HZE-HIEREMME M

Fig. 1

1.1 #iEm b2

XTSI R B, 3 H TR 25~30 i, HE
AN PRATHR AT RE A 45 23 5 A R o o A LA it
it R, PR HCR T3 A9 SR A 1 T X008 1043 i
AT AL, $457 R T DA I%E B2 () BT 51) v 4
B AR T e A A A AT N 2, DARR AR
JEW D b B 5 AR, BRI R R A
DR AR 381 43 S 5 A4 e B, A B B LU )
{14 B ] ] oy 208 43 i, LA O T 34 ot 7 1 (1] 1= 3475
I3 o

Xt AR, SR FH 38 50 RAE () SR, 1
WA B 53 R i NAS BB, B R Beh
A A (8] B 240, T Wi S — A v B CR A
HI), B ZHE AT Ab A N x TS B A A 1Y)

Spatio-temporal and action adaptive fusion network

KA o ARBFFE R BEE NN 8, Ih 4, RAETE I
Je X R AT A AT A AL 1 DAk A5 A B e 24 )
N X T A5 PR 256 x 256 F LA I 4 Sk 1 4% 1)
B
1.2 HZEEEHER

i 28 3 T IR e T o — AN FE R ] A 45 (]
YE S TR IR EE L A AR AR B i A
() 4R AIE 5K X € RVODHW 430 — A 22 B B
M € RYVTXEW R 8 33CAS R X6 i A R AT ik
PEAT I 25 2 B A 4 AiF TR ZE R I, iRl 2 BT
TR o ARHRBE U — AN RAE 5K 1 X e RVOTEW o
Xof REAIE i 43 AR 4T 5 3 A 1) P Ak S A R b
1k, ¥ ZF PHE IS DL AT i A RRAE (9 4 Ry =5
ER(F), AXfbRE N



. 1410 - BORE R & ¥ M %19 4%
F = cat(F pg, Frax) (2) A N,C, T,H, W
F =l><zc:X[-i---] 3) '
Avg C L EECEERER * *
. Channel pooling(Avg) ’ ‘ Channel pooling(Max)
F\,, = max X[:,i,:,:,:] 4)
i N, 1,T,H W

itq:l FERNXZXTXHXW’ FAvg\ Fy € RVXIXTxHXW cat{ﬁ

ok PR AT, CFREE R, oy K —

HRRT

A
|

v v

N,C, T,H W

[Channel pooling (Avg)] [Channel pooling (Max)J

B2 HM=EEhHER

Fig. 2 Spatio-temporal attention module
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Fig. 5 Presentation of self-built oilfield dataset
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Table 2 Experimental results of different models on public datasets %
UCF101 HMDBS1
A HM4s
Top-1 Top-5 Top-1 Top-5
Two-Stream 88.00 — 59.40 —
Two-Stream+LSTM 88.60 — 65.20 —
C3D ResNext1017 83.27 95.90 51.60
SlowOnly 92.78 99.42 65.95 91.05
TSN 83.03 96.78 56.08 84.31
ResNet50
TSM 94.50 99.58 72.68 92.03
AW 96.11 99.68 74.51 93.99
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MR R K, Hod SlowOnly £ 8 /£ 4 Slow-
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T IO 2 > U 1 23 1) UfE 8, B R Y
23 [ R $2 BUAE 7 5 TSM 8280 U S 7E TSN A5 71 £
Fomt BT B RIS SR AR, (A TR BB 48 OC IR
J TR R REAE DT A 255 b AR FH AT Hp ) £
B DB 2 AMEALYE UCF101 %04 4E i HMDBS1
Bl LA F LT Bk, B AR B 508 E
KeTF SlowOnly 581 5 TSM #5585 H A7 % A

1E UCF101 ¢4 % |, SlowOnly £5 %1 {V 4K §¢
2 W) AR A5 B TE Top-1 HE A3 T 92.78%,
1M TSM A BUFE TSN FL 1 1 3L Al b A1 B[] 43z
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AT FEAR A 25 A () PEBE s 7 HMDBS1 $4is 4
I, SlowOnly iR (f) Top-1 HE#I %N 65.95%,
TSM H A () Top-1 #EHH K 72.68%, HAHK T
TSN MR T T 16.6 A 4355, W] UL A 8 0 F
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Table 3 Experimental results of different models on

a self-built oilfield dataset %
_— UTRERER k€IS
Top-1 Top-5
TSN 40.36 93.81
TSM 49.52 94.17
SlowOnly 30.24 86.43
A5 74.29 99.88

A o AT Ak 5 SR Sk i — 25 U B A 5 AR AR
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Fig. 6 Comparison of model visualization results
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Table 4 Comparison of complexity and speed among dif-
ferent models

A FLOPs/10°  Params/10°  Speed/ (/iter)
TSN 43.05 23.57 0.447 7
TSM 43.05 23.57 0.689 3
SlowOnly 54.86 31.70 0.6323
ABIEF 55.22 33.31 0.8229

26 AMULALERESH

P AW | SlowOnly, TSN LL K& TSM 7£
ENGE €/ SO E P S X iR S N
5, WHE A RO, K 7,

x5 FRHES EZSEETN L R3S

Table 5 Comparison of prediction results of models on different datasets
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Fig. 7 Comparison of model visualization results on a self-made dataset in the oilfield
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Table 6 Experimental results of different modules %
RS iRk 3 " UCF101 HMDB51 W A R
" e ju SERLHR
itk itk FRIERA Top-1 Top-5 Top-1  Top-5 Top-1 Top-5
x x x x 92.78 99.42 65.95 91.05 30.24 86.43
\ x x x 95.51 99.58 72.48 94.38 51.55 99.17
x \ x x 95.48 99.39 7190  93.14 43.93 97.62
\ \ x x 95.64 99.61 72.70 93.90 67.38 99.29
\ \ x \ 96.04 99.65 73.59 94.12 71.19 100.00
\ \ x 96.11 99.68 74.51 93.99 74.29 99.88
RT7T AAMBRENIRER
Table 7 Experimental results with different network depths %
W UCF101 HMDB51 THH 3 AR
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
ResNet34 51.39 77.72 23.14 55.16 38.10 94.76
ResNet50 96.11 99.68 7451 93.99 74.29 99.88
ResNet101 96.54 99.84 77.84 95.16 77.57 99.76

xk8 AEMEBRENRBERE
Table 8 Model complexity at different network depths

28R EE FLOPs/10° Params/10°
ResNet34 79.51 60.95
ResNet50 55.22 33.31
ResNet101 112.43 61.21
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Fig. 8 Comparison chart of model training curve
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