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Shooting Event Detection of Free Kick in Soccer Video Based on Rule Reasoning

HUA Xiaofeng' ,FENG Na', YU Junqing'?* and HE Yunfeng'
1 School of Computer Science and Technology, Huazhong University of Science and Technology, Wuhan 430074, China

2 Network and Computing Center of Huazhong University of Science and Technology, Wuhan 430074, China

Abstract  Soccer video event detection is of great significance to video retrieval. However, there are fewer events in soccer videos,
and these events mainly occur in the far-view shot, which makes it difficult to capture key players and key actions,making soccer
event detection more difficult. In recent years,methods based on deep learning have made some progress in soccer video event de-
tection, but the learning ability of the high-level semantic of the event is still insufficient and the detection results need to be fur-
ther improved. Therefore,how to improve the accuracy of soccer video event detection is an urgent problem to be solved. Taking
the shooting event of free kick(free-kick shot event) as the research object,an event detection model combining soccer rules and
deep learning is proposed. To have a deeper understanding of the inherent characteristics of the free-kick shot event.the event
rules are manually summarized and verified on the public soccer dataset,and the corresponding application scenarios are also pro-
posed. For the problem of too few events in soccer videos, rule-based initial localization algorithm is proposed to preprocess the
videos. Through the combination and application of multiple rules.the location where the free-kick shot event may occur is initial-
ly located from the original video, which is used as the input of the deep learning model for further prediction. The proposed mo-
del is compared with other models on the public soccer dataset. Experimental results show that the proposed model achieves the
best results, with the accuracy rate of 78 % and the recall rate of 81. 25%. Compared with other models, the improvement in accu-
racy is particularly prominent. It can be seen that the free-kick shot event detection model that combines soccer rules and deep
learning effectively improves the performance of free-kick shot event detection and provides a basic reference for further research
on the detection of other events in soccer videos.

Keywords Soccer video,Free-kick shot,Event detection,Soccer rules,Deep learning
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Fig. 1 Two shot structures of free-kick shot event
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Table 1 Distribution of shot structures

Shot structure Number of events Proportion/ %

Far shot 42 87.5
Medium-far shot 6 12.5
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Table 2 Distribution of different kick positions

Kick position Number of events Proportion/ %

In front of the penalty area 34 70. 84
Sides of the penalty arca 7 14.58
Near the sideline 7 14.58
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Table 3 Distribution of far-view shot in ready state

Number of far-view Number of .
. Proportion/ %
shots in ready state events
0 5 10. 42
1 28 58.33
2 10 20.83
AFEFS3 5 10. 42
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Table 4 Distribution of duration of far-view shot in ready state

Duration/frame Number of events  Proportion/ %

INTF % TF 50 3 4.76
50~100 16 25. 40
100~200 27 42.86
200~300 13 20. 63

K F%F 300 4 6.34
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Table 5 Distribution of replays
Situations Number of events Proportion/ %
No foul lay &.
o fou’ repiay & no 16 33.33
free-kick shot replay
Foul replay only 13 27.08
Free-kick shot replay only 3 6.25
Foul replay & free-kick
16 33.33

shot replay

3.3 ¥ A

3.2 WG T 5 M S B Kol L Of 7R RO 4 B REAT T
YRE . AR YT A H T AT 2 A Ul A A 0 A6 8
ELLN

AT B A A 0 O 0 X JE BRI AR ) 1 )2 TR AR R A 2
AE A R A AR O R BEARL . TN RS AR A
B SR SRR B, - AT RARE T A8 8 Bk 1 S0 9 400 B 52 o A
HAOF R TAR T . e B B0 46 R 7 o, BT 2 4% B I b —
A~ 5E 4 I JE R AR HE AT 0 2 L 4o 98 T S5C i B L BE A IR D 3
B i) Bt 4R v o ik R B pd BT () I R A S 22 9 TERORA .
TE R4 36 v W P TRT SR A D0 2 AR 0 T i R ) AR
Bl 48 0 0 20 R 5 A B ER A TT S M0 B A8 B RS 4R
TR ARG AR 6 R A R, el e AT L, N T A5 R
XA R A 1] A A T B AT SR

K T R U A R O Y R L G R S B R AR R
ARG 0 ok A L %o S [R] 288 3 1y DX 4 LA B o ) 256 S 4 1 2 5
. 208 N T RS SEF N AT BT T 2 Mg s, M
W1 — 4 SR AR R BRG] B4 3 [ L AT LT SR B 0 0
37, 45 2 AT BE R A AR T BR AT 1T R A AU B, LI 5 4

IR R = 932 Sl E . 1] A TR BE 2 o SR IO A B ek

2 RRAE LA DX 23 A Rl g e R 2680 . R 6 — 9 T T SR AL o
BV 5000 A1 I 08 DR 5 32 L T o ) A

$23 kR ty oa)l)

4.1 #mEgI

AR SCHR T B R A ) AR S S AT KA 1T
PERS I ASE Y, 43Ry T A A5 e - B T R DU 0 4 B IR T T AR R
FE AL FIEE T C3D (9 AR R BR G 17T 0 F00 . i & i T BE AR
AT B IR TR Y e A Be L S AR R AL B — 2P
TOMAT BRI 1T 35 4 S Fomh P s A AR B 4 BN
TEW) G 8 AL, 2 T PSR I AT R KA 1T 2 Y
Fe M & AR AR B Sk B a B B (LR E S O) R BRI ] 5
PR ATERRG W (e h @), BEFES Gk R
A0 B S 43285 L BR 7 1 ol A 00 0 AR UG R SR v B, TE T
WA P KA C3D #8820 4 U A3 v B AR A1k 5 1000 =47

4 =



AR TR A5 ¢ B T 0 D) e B A L SR AT AT 2 R AT 1D A

185

Detection of sides Candidates
of the field

Shot segmentation and
classification

Initial localization module

Z 5
| s |
| —> |
[ I
| ___ |
| 1 |
| % q I
| S | S—
| |
: | Event sets
|
| e |
I al | Free-kick shot events
| I > x |
| T |
| -
| Input units C3D Predictions :
\ 7

Event prediction module

P 4 AR BRI T S G 0 A5 A

Fig.4 Free-kick shot event detection model
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Fig. 6 Process of midfield detection
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Fig. 7 Free-kick shot event prediction module
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Table 6 Results of shot boundary detection

AL 20)
Shot transition type Precision Recall Fl-measure
Abrupt 98.3 99.6 98.9
Logo sequence 99. 6 99.9 99.7

oA, 523 Y125 Fil logo J7 41 09 A Il I 7E 99. 6 %0 LA I,
B MRETERAED GEHE L, AR W E LN
53,

5.4.2 %ika %

BESk Ay 2SS B SE B AN 7 A . AR A X Sk 1 )
BOR BT e 38 5 Sk R E A R s L IR B T 99. 700, A IR
H98% .,

£TOHRSHRER

Table 7 Results of shot classification

CA7 0)
.. Total
Shot type Precision Recall o
precision
Far-view 99.77 98. 04
Medium-view 91.58 98.58
~ . 96. 60
Close-view 97.95 96. 40
Out-of-field-view 96.07 89.80
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Table 8 Shot classification results of different methods

A 20)
Wu %023] Cheng e [24] Sarkar 4 [25] Our method
Shot type — — — —
Precision Recall Precision Recall Precision Recall Precision Recall
Far-view 89.0 93.8 95.4 88.2 98.0 100.0 99.8 98.0
Medium-view 92.6 88.0 93.6 90. 1 93.0 80.0 91.6 98.6
Close-view 99.7 98.9 96. 8 92.8 82.9 92.0 98.0 96. 4
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Table 9  Statistics of number and duration of proposal event segments

Ratio of total

. Number of Proportion of Total . i
Type R duration to video
segments segments/ % duration .
duration /%
Candidate 11898 16. 64 2434107 15.35
Far-view
23528 32.91 9813317 61.87
shot
Video 71498 100. 00 15861717 100. 00
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Table 10 Detection results of free-kick shot event
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Precision Recall Fl-measure
78.00 81. 25 79.59

TR 54 1 e BB X I ) o R S B (K T RS
FrBO W TATRER G T E A BT SCF R . MR 22 AT
BE— 2P 0 M7 15 22 B0 6 B AR AR A RS A RO RE A 11 A4,
WA REAR D 9 Ao B T2 B IRKE A BR8] B AT B Bk A6 0 AT
FEERGT T o M B A B4 DR R X P 2R S S AR R R ] A
TESN VAN 12 S FRAE J5 T L BAR L 75 50 W B 46 HE R R )
Pk T — AR A — Ak 5 1F i BRI AT =
ERES T T LA A0 2 47 A 56 B — 3 2 3k WD RE &
A — AL BRI TSR BR AR TR I8 Bk 00 46 B B, i i xd
B R AT A IR B — P R R R AR A 6
AT BR G T 0 4 S A 7 S BR DTN DX, Heop 3 A4S 3 A
BRIX . B AR AR R D, C3D RN REFE 42 ) i e
PRERRAE . LA B G307 32 B, AR SO A i A 0 A 70 5 2t —

FIF,

R J5 1 XA 2 BR AR 1T 2 44 G 00 25 SR dn 3 11 BT A,
Yu %R VGG 4 B AT WU RRAE , % >4 Ay i & 22 6 L 4~
AT 1) AR AE 38 AT E 40, BRIV — A A DT S B A Ol £ TR AR
B IMACRN, o7 F LSTM A 33 400450 T 22 [) (9 R 310G = . kA,
T ) B 2 PR 10 AT T 38 5R™Y . Vanderplaetse % fifi
FH W 9 2R A i R B L 4 U A A 5k R B A AL I N AR
TEARAE K L2 R 5 512 4 2 )5 R 2 i 1k o 6 9 4%
1E dropout J2 ¥ WIS RR AT @l A B Hh 408 358 = 1F i B o T 43
Je i JE A HL L A9 B A5 2SR R T R BER L R SO B R
FROWEAT T 04 RS2 56, Hvh L C3D i 11 25 S A 6 T 5 4 1
SR BRI, BIVRE 20 0 0 B AR I FE S8 48 00 2 sk b, 2R
A A 2 fF B BEUEAT T . C3D 454 M 2 (T Bk 5]
Jo R A BRI T ) S AR AT B Sk A B R U L I R
T8 45 S R AT 3Rk b A i B AR T 4 e 1 3R 3 T i R B AR
g A A B AT O

#1170 0 28R

Table 11  Event detection results of different methods
A2 %)
Methods Precision Recall Fl-measure

Yu % [26] 5.40 72.90 10. 10
Vanderplaetse % [27] 4. 05 64.89 7.62
C3pLez) 21.10 83.33 33.80
C3D & rule 2 29.10 81.25 42. 80
C3D & rule 1 & rule2  78.00 81.25 79.59
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Table 12 Average duration to process a single video by

different methods

Methods Average duration /min
Yu & [26] 50
Vanderplaetse & [27] 20
C3plL22! 105
C3D & rule 2 75
C3D &. rule 1 & rule 2 45
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