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ABSTRACT A novel method for estimating team tactics in soccer videos based on a Deep Extreme Learning
Machine (DELM) and unique characteristics of tactics is presented in this paper. The proposed method
estimates the tactics of each team from players’ formations and enables successful training from a limited
amount of training data. Specifically, the estimation of tactics consists of two stages. First, by utilizing
two DELMs corresponding to the two teams, the proposed method estimates the provisional tactics of each
team. Second, the proposed method updates the team tactics based on unique characteristics of soccer tactics,
the relationship between tactics of the two teams and information on ball possession. Consequently, since
the proposed method estimates the team tactics that satisfy these characteristics, accurate estimation results
can be obtained. In an experiment, the proposed method is applied to actual soccer videos to verify its

effectiveness.

INDEX TERMS Sports video analysis, tactics estimation, deep learning, semantic analysis.

I. INTRODUCTION

In recent years, through digital broadcasting and Hybrid-
cast [1], users have been able to find and view various multi-
media contents. Furthermore, with the increase in the number
of sports videos and delivery of the contents related to these
videos, it is desirable to provide richer information to users.
Due to the popularization of sports video distribution services
such as DAZN! and improvement in the performance of
video content analysis, many sports videos are being viewed
and utilized by various audiences and by training staff of
professional sports teams [2]-[4].

Many researchers have proposed methods for sports video
content analysis [S]-[21]. For soccer video analysis, some
fundamental methods including player tracking [5]-[7],
event detection [8]-[10] and video summarization [11]-[15]
have been proposed. Various new methods for advanced
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semantic understanding have also been proposed [16]-[21].
These methods can provide new semantic information such as
movements of players [16]-[18], effective pass courses [19]
and team tactics [20], [21] and they enable viewers to under-
stand soccer videos.

Since player tracking solutions have recently been
realized [22], many soccer clubs and leagues have been using
them for game analysis. For example, TRACAB image track-
ing system? is used in the FIFA World Cup and used by pro-
fessional leagues in Spain, Japan, and other countries [23]. It
has become feasible to easily use the tracking data of players
and the ball for realizing the above applications.

Soccer tactics are divided into the following three main
classes: team tactics, group tactics and individual tactics [24].
Team tactics are defined as actions of the whole team and
are thus very important in soccer games. Furthermore, team
tactics are categorized into five groups as shown in Table 1.

2TRACAB: http://chyronhego.com/sports-data/tracab/
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TABLE 1. Team tactics and their brief overview [20].

Team Tactics ~ Attack / Defense ~ Overview
Retreat Defense Withdrawing from the opposing terri-
tory
Fore check Defense Pressuring the ball
Set piece Both Corner kick or free kick
Possession Attack Retaining .control. of the ball over
longer periods of time
Swift attack Attack Kicking along through ball

Since the team tactics change depending on situations in soc-
cer games, their estimation from soccer videos can provide
important information about the game situation. Therefore,
accurate estimation of soccer tactics is important for realizing
semantic analysis of soccer videos. Therefore, it is expected
that team tactics in soccer games can be estimated by utilizing
the players’ formation, which is determined from the players’
positions and their movements.

Several methods for estimating team tactics have been pro-
posed [20], [21]. These methods try to perform the estimation
based on traditional machine learning [25] and clustering
approaches [26]. With the development of deep learning tech-
nologies, it is expected that the performance of tactics esti-
mation can be improved by introducing these technologies.
However, there are the following two remaining problems.

Problem 1: Deep learning-based methods require a large
number of training samples. However, there are many condi-
tions in soccer games such as target teams, target stadiums,
etc. It is difficult to prepare sufficient training samples for
each condition.

Problem 2: Generally, the team tactics of the two teams in
a soccer game have a strong relationship as shown in Table 2.
However, since existing methods estimate the team tactics of
each team independently, the estimation results for the two
teams do not always satisfy this relationship. In addition,
ball possession is also strongly related to team tactics, and
information on ball possession should be introduced into the
tactics estimation. Therefore, it is necessary to construct a
new framework for estimating team tactics to solve the above
problems.

TABLE 2. Relationship between team tactics of the two teams. Ret, FC,
set, Poss and Sw represent retreat, fore check, set piece, possession and
swift attack, respectively.

Team A
Team tactics | Ret | FC | Set | Poss | Sw
Ret - - - v v
FC - - - v v
Team B Set - - v - -
Poss v v - - -
Sw v v - - -

A new method for team tactics estimation based on a
Deep Extreme Learning Machine (DELM) [27] and unique
characteristics of team tactics in soccer games is presented
in this paper. The proposed method consists of the following
two stages.
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1) Provisional tactics estimation based on DELM

2) Update of team tactics based on the characteristics
of team tactics in soccer games

In the first stage, the proposed method estimates the provi-
sional tactics of the two teams based on two DELMs, which
are deep learning methods [28] which enables training of
classifiers from limited numbers of training samples, and
this provides a solution to Problem 1. We construct DELM-
based classifiers using the formation features obtained from
players’ positions, which are provided by the TRACAB
image tracking system, and their movements. In the second
stage, the proposed method updates the estimation results of
team tactics. Specifically, the combination of team tactics is
decided on the basis of the relationship between the tactics
of the two teams shown in Table 2. Finally, our method
estimates the final team tactics from changes in the game
situation, which is based on ball possession. The second stage
provides a solution to Problem 2. Consequently, our new
framework contributes to improvement in tactics estimation.
Consequently, since the proposed method solves the remain-
ing problems of the existing method, successful team tactics
estimation can be expected.

It should be noted that ‘““Set piece” shown in Table 1,
one of the team tactics, which can be also regarded as an
event follows the whistle after stopping the ball. It has been
reported that methods for whistle sound detection [29] and
ball tracking [30] realize highly accurate detection of scenes
of “Set piece”. Therefore, since “Set piece” can be sep-
arately detected by the existing methods, we focus on the
estimation of four team tactics, ‘“Retreat”, “Fore check”,
“Possession’ and ““Swift attack™, in this paper.

This paper is organized as follows. Preprocessing of our
method and extraction of formation features are presented in
Section II. The proposed method is presented in Section III.
An overview of the preprocessing and the proposed method is
shown in Fig. 1. Experimental results for verifying the effec-
tiveness of the proposed method are shown in Section IV.
Finally, concluding remarks are presented in Section V.

Il. PREPROCESSING: EXTRACTION OF FORMATION
FEATURES FROM SOCCER VIDEOS

In this section, we explain the extraction of formation fea-
tures, for which an overview is shown in Table 3. Generally,
the team tactics used in soccer games are characterized by
the distribution of players on the soccer field and behaviors
of individual players. The formation features include ‘““group
behavior features’ and ‘“‘individual behavior features”, cor-
responding to the distribution of players on the soccer field
and behaviors of individual players, respectively.

A. GROUP BEHAVIOR FEATURES

To obtain group behavior features, we focus on distances
between players and their distribution except for the goal-
keeper on the soccer field. Since these features depend on
the team tactics, it is possible to characterize the team tactics
used in soccer games. For example, each of the tactics has
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FIGURE 1. Overview of the preprocessing and the proposed method. As preprocessing, feature extraction is performed (Section I1). The proposed method
(Section I11) consists of two stages. The first stage is provisional tactics estimation based on the DELM (l11-A). The second stage is update of team tactics
based on the relationship between tactics of the two teams and ball possession (1l1I-B).

TABLE 3. Overview of formation features. Dim. represents the dimension
of each feature.

Group behavior features Dim.
Distances between players, their mean and variance 47
The mean of variation of distances between players 1
The number of players in each area on the soccer field 15
Individual behavior features Dim.

All directions of players’ movements, their mean and variance 24

All players’ velocities, their mean and variance 12
All players’ accelerations, their mean and variance 12
Total 111

a different distribution of player positions in the field, and
the positions of offensive and defensive players are close.
Thus, the distances between players and their distribution are
effective for estimating the team tactics.

In our method, we calculate the following three kinds of
group behavior features: ‘““distances between players, their
mean and variance ugis;”’, ‘‘the mean of variation of distances
between players uyqgisi”, and ‘‘the number of players in each
area on the soccer field u,e,”’. These features are defined as
follows:

ugist = [dist(1), dist(2), ..., dist(45), 1
mean(dist), var(dist)]T,

Uydist = MV, )

Uarea = [area(l), area(2), ...,area(lS)]T. 3)

In Eq. (1), dist(-) is the distance between two players except
for the goalkeeper, with the total number of player combina-
tions being 45 (19C2 = 45), and mean(-) and var(-) indicate
their mean and variance, respectively. Furthermore, mv is the
mean of variation of distances between players, and area(m)
(m=1,2,...,15) is the number of players in the divided
soccer field. In this paper, the soccer field is equally divided
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FIGURE 2. Playing field and its 15 divided regions, where x and y are
axes of horizontal and vertical positions in the playing field. The size of
this field follows FIFA's regulations [31].

into 15 areas as shown in Fig. 2. Finally, we can obtain
Di(= 47 + 1 + 15)-dimensional group behavior features.

B. INDIVIDUAL BEHAVIOR FEATURES

We use directions of players’ movements, velocities and
accelerations except those of the goalkeepers as individ-
ual behavior features. These features are closely related to
the team tactics. For example, the directions of players’
movements in defense are different from those in offence.
Furthermore, in “Fore check,” players often defend with
rapid movements. On the other hand, in ‘““Retreat,” play-
ers defend at a steady velocity. Thus, directions of play-
ers’ movements, velocities and accelerations are effective
for estimating team tactics. In our method, the following
three kinds of features are calculated for individual behav-
ior features: “all directions of players’ movements, their
mean and variance unoy’’, “‘all players’ velocities, their
mean and variance uye”’ and ‘“‘all players’ accelerations,
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their mean and variance u,..”’. These features are defined

as follows:

Umoy = [mMovy (1), mov,(2), ..., mov,(10), mean(movy),

var(movy ), movy(1), movy(2), ..., movy(10),
mean(movy), Var(movy)]T, “4)
Uvel = [vel(1), vel(2), ..., vel(10), mean(vel),
var(veD)]T, (5)
Uy = [acce(1), acc(2), ..., acc(10), mean(acc),
var(acc)]T. (6)
Note that
movx(p) = pos,(p) — pos ' (p), (7)
mov,(p) = pos,(p) — pos, ' (p), (8)
vel(p) = y/ mov, (@) + {mov, ). ©)
acc(p) = vel(p) — vel " (p), (10)

where p indicates a player (p =1, 2, ..., 10;10 being the
total number of players except for the goalkeeper), (pos,(-),
posy(~)) are horizontal and vertical positions of each player,
and (posx_l(~), pos;1(~)) are those in the previous time. In
Eqgs. (7) and (8), mov,(-) and mov,(-) are directions of play-
ers’ movements, and vel(-) and acc(-) indicate players’ veloc-
ities and accelerations, respectively, where vel’1(~) is the
corresponding velocity in the previous time. Finally, we can
obtain D>(= 24 + 12 + 12)-dimensional individual behavior
features.

lIl. PROPOSED METHOD FOR ESTIMATION

OF TEAM TACTICS

As shown in the previous section, we obtain formation feature
vectors x;; € RP1TD2(i = 1,2,... N;j € {teamA, teamB})
in each team, where N is the total number of frames in
soccer videos. Note that x; ; is a vector concatenating *“group
behavior features” and ““individual behavior features™.

In this section, we explain our method for estimation of
team tactics. The right side of Fig. 1 gives an overview of
the proposed method. The proposed method consists of the
following two stages.

A) Provisional tactics estimation based on a DELM The
proposed method estimates the team tactics of each team
based on a DELM by using the formation features in soccer
videos.

B) Update of estimated results of team tactics The esti-
mation results for team tactics are updated by considering the
characteristics of tactics.

The details of these two stages are shown in the following
subsections.

A. FIRST STAGE: DELM-BASED ESTIMATION

OF PROVISIONAL TACTICS

In this subsection, the DELM-based method for estima-
tion of provisional team tactics for each team is presented.

VOLUME 7, 2019

In recent years, methods based on a convolutional neural
network (CNN) [32], [33], which is one of the deep learning
techniques, have achieved more accurate recognition than
that achieved by traditional machine learning-based recogni-
tion methods [25], [34]. By introducing deep learning-based
methods for tactics estimation, performance improvement is
expected. However, most deep learning methods including
CNNs have enormous parameters to be optimized and need
many training data and large computation costs. On the other
hand, ELM-based methods can perform training from fewer
training samples with lower computation costs [35]. Since
it is difficult to prepare a large number of training samples
for each condition such as each team and each stadium,
the proposed method adopts a DELM for estimating the
provisional team tactics for each team from the extracted
formation features described in Section II.

Figure 3 shows a model structure of the DELM. The
DELM consists of one input layer, K hidden layers, and one
output layer, i.e., the number of layers in DELM is K + 2.
In the training of the DELM, a weight matrix is sequentially
calculated between the (k — 1)-th layer and k-th layer. Specif-
ically, (I) In the case of k = 1,2, ..., K, the weight matrix
oc]’?(k =1,2,...,K;j € teamA, teamB) is calculated by uti-
lizing ELM-Auto Encoder (ELM-AE), which is an unsuper-
vised learning method, in each hidden layer. (II) In the case
of k = K + 1, the weight matrix af Jrl(j € teamA, teamB) is
calculated in the same manner as ELM, which is a supervised
learning method [28]. In the rest of this section, training of the
DELM, i.e., calculation of the Weight matrix is explained.

(D Inthecaseof k =1, 2,.

The relatlonshlp between the k th hldden layer’s output
H = [} b, ... Iy 1" € ]RNXL and the (k — 1)-th

h1dden layer’s output Hl]f_l e RVXL'”

follows:

where af € RE*XL! s the weight matrix between the
(k-1)-th ‘and k-th hidden layers, and g(-) is the activation
function. Note that L¥ is the number of nodes in the k-th
hidden layer. The input layer is expressed by k — 1 = 0,
and H;-) consists of the obtained feature vectors x; ; described

in the previous subsection. In order to calculate the weight

can be obtained as

matrix oc , the proposed method generates ELM- AE in each
layer. leen an input vector hk ! the outputs w l.’. of the
hidden layer in ELM-AE can be obtamed as

wh =g(A’<h§{j—1 +bk), (12)
where A¥ = [a’f,a’é, ... ,a’ik]T e R i an

orthogonal random weight matrix in ELM-AE, and b* =
k. . .

A b’zk]T € RL" is a random bias vector in ELM-

AE. By using ELM-AE’s input matrix Hjl.‘_1 and its hidden

k k k 1T NxLk
layer output matrle [w Wi ...,wj’N] e RV*&,

153241
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ELM-AE (k = 1,2,...,K)

ELM (k=K + 1)

FIGURE 3. Model structure of the DELM. ELM-AE weights o! and of are the first and k-th layers’ weights of the DELM, respectively. ELM weights ot
are the (K + 1)-th layer's weights of the DELM. The weights of each DELM layer are calculated by using ELM-AE (k = 1,2, ..., K) or ELM(k = K + 1), and

estimation results v; are obtained by inputting x;.

the output weight matrix oc]’-c is calculated by the following
two patterns.

(I-A) In the case of LF # LF~1
The output weight matrix ot]’-‘ is obtained as follows:

1 Lk . T -1
(L (o) )

T
x (i) mi, (13)
N P 1—p
KL(pllpp) = plog 2= + (1 — p)log ———,  (14)
Pk 1 - Pk

where KL(p|| p;¢) is the KL divergence, p is a parameter
of activation (p = 0.05), py is the average activation of
each hidden layer’s node I* of ELM-AE, I is the identity
matrix, and C is a regularization parameter.

(I-B) In the case of Lk = k-1

In this case, the output weight matrix otj].‘ is obtained by
solving the following orthogonal procrustes problem:

of = argmin||RH} )" — W) |Ir

subject to QTR =1, (15)

where || - || is the Frobenius norm. Specifically, by solv-
ing Eq. (15) based on the following equation via singular
value decomposition based on [36], a]].‘ can be obtained.
uv', (16)
WH'H;~! = UuTvT, (17)

k
o;

153242

where U € RE“L and v € RE“ L™ gre orthogonal

matrices, T € REL" s a singular value matrix, and

(aj]?)Ta]].‘ = I. Consequently, in the proposed method,
each layer’s output weight matrix O(;( is obtained.

(ID) In the case of k = K + 1 The output weight matrix

ocJ].‘ between the K-th hidden layer and the output layer is

calculated by ELM-based supervised learning. Specifically,

oej].‘ can be obtained as

I -1
k k k kT
ocjojHj (C_2+Hj(Hj)) , (18)
where Tj = [tj,latj,Za "'7tj,N] € RSXN, tin =
[tij1,tij2, ...,ti,j,s]T includes training labels, and C; is a

regularization parameter. If a true class label of hf is s
(s=12,...,9),tjs = 1, where S(= 4) is the number of
team tactics. On the other hand, the other elements are zeros.

In this way, we can perform training of the DELM-based
classifiers. In the test phase, by inputting new formation
feature vectors x;; to the above DELM, output values
yRet JFC yPoss 1 SW eorresponding to each of the tactics from

Lj ], 1,
the output layer of the DELM are obtained.

B. SECOND STAGE: UPDATE OF TEAM TACTICS
CONSIDERING THE CHARACTERISTICS OF TACTICS

In this subsection, we explain the update of team tactics
considering the characteristics of tactics in soccer games.
The proposed method tries to update the team tactics more
accurately by applying two procedures to the results obtained
in ITI-A. Specifically, these procedures are 1) estimation of

VOLUME 7, 2019
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the combination of team tactics based on the relationship
between tactics of the two teams and 2) update of team tactics
from changes in the game situation based on ball possession.
In the first procedure, since the relationship between team
tactics of the two teams is limited to the eight patterns,
as shown in Table 2, it is possible to prevent the occurrence of
a failure case, e.g., a case in which the tactics of both teams
become defensive. In the second procedure, it is possible to
accurately determine temporal changes in team tactics since
temporal changes in the game situation can be found from
ball possession data. In the rest of this subsection, we show
the details of these two procedures.

1) Estimation of combination of team tactics based on
the relationship between tactics of the two teams

We show how to estimate the combination of team tactics
based on the relationship between tactics of the two teams.
In the proposed method, we obtain eight kinds of values
zo(c € Comb) corresponding to the possible combina-
tions except for “Set piece” in the second stage of Fig. 1,
where Comb = {(Ret, Poss),(Ret, Sw), (FC, Poss), (FC, Sw),
(Poss, Ret), (Poss, FC), (Sw, Ret), (Sw, FC)}. The values of
z0 are obtained by adding output values of the corre-
sponding team tactics of the two teams in DELMs. For
example, to obtain the value of the combination (Ret, Sw),

, “Retreat” in team A and “Swift attack” in team B,

we add v}zf;am A 1O vl Wamp fOr obtaining z(ret,sw). Finally,
the proposed method obtains the optimal combination of team
tactics by utilizing the following equation:

Label = arg max z. (19)
ceComb

In the proposed method, voting is performed for the results
of the combination of team tactics to correct its instantaneous
error. Specifically, voting is performed for the estimation
results in Eq. (17) for M frames before and after the target
frame. Consequently, the proposed method obtains the esti-
mation results based on the relationship between tactics of
the two teams according to Table 2.

2) Update of team tactics from changes in the game
situation based on ball possession

We estimate points in the team tactics that have changed
based on ball possession and correct the estimation results by
using these points that have changed. The method for correct-
ing estimation results based on ball possession is shown in
Fig. 4. First, we calculate the ball possession Ball; of target
frame / by using the ball and players’ position data, where
Ball; represents the degree of ball possession for one team.
Next, we regard frame / of the point that has changed when
the ball retention rate exceeds or falls below zero. Finally,
the proposed method obtains the estimation results by cor-
recting team tactics of the neighboring frames based on the
point in the team tactics that has changed. The calculation of
Ball; is described in detail below.

Ball; is calculated on the basis of ball possession in each
target frame. A player that has the ball satisfies the following
four conditions.

VOLUME 7, 2019

Degree of ball possession : Ball;
1

WL/\

The point that has changed of team tactics

The combination of

the team tactics; Label Team A: Defense

Team B: Attack

Team A: Defense
Team B: Attack | |

Team A: Attack
Team B: Defense

Team A: Attack
Team B: Defense

(Corrected
frames

Corrected

Final estimation results |«

I Retreat

B Forc check MMM Possession NN Swift attack

FIGURE 4. Method for correcting the estimation results based on ball
possession.

Condition 1:

The player with the ball is the closest to the ball among all
players.

Condition 2:

The distance between the nearest player and the ball is
within a fixed distance r[m].

Condition 3:

|1B1] — 1b1-11 < Thunin or |Bs| — 1b1-11| > Thinax.

Condition 4:

Hsz[flbbﬁ < Th,.

Note that b; is a vector representing the difference in ball
position between the /-th frame and (I 4 1)-th frame. Thyp,
Thpax and Th, are thresholds.

Ball; is calculated by using the estimation results for ball
retention as follows:

1
Ball; = 1 > rah, (20)

I'=1-T
1 if By = teamA
fah = . ) 2D
—1 Otherwise
where By is the ball retention in the frame [’
Thus, the estimation of tactics based on the DELM con-
sidering the unique characteristics of team tactics in soccer
games become feasible by the proposed method.

IV. EXPERIMENTAL RESULTS

In this section, we verify the effectiveness of the proposed
method using actual soccer videos. In IV-A, an outline of
the experiment is explained. Experimental results are shown
in IV-B.

A. EXPERIMENTAL CONDITIONS

Soccer videos and tracking data for players and balls
(4,611 seconds, 5 fps) were used in the experiment. Table 4
shows details of the dataset. In the dataset, a target team
performed soccer games using Retreat, Fore check, Posses-
sion and Swift attack. We conducted the experiment using
many more frames of videos than those used in other methods
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TABLE 4. Amount of inspection data used in the experiment.

Team tactics Num. of frames

Retreat 1,541
Fore check 613
Possession 2,045

Swift attack 412
Total 4,611

such as [9], [18]. The ground truth of the team tactics was
determined by subjects who had ten years of experience as
soccer players.

We used a five-fold cross-validation for model evaluation.
Then we used Recall, Precision and F-measure for evaluation
criteria defined as

Num. of correctly estimated team tactics
Recall =

. (22

Num. of true team tactics

L Num. of correctly estimated team tactics
Precision =

(23)

Num. of estimated team tactics

2 x Recall x Precision
F-measure = — . 24
Recall + Precision

In order to confirm the effectiveness of the proposed
method, the following methods were adopted for comparative
methods (Comp. 1 - Comp. 10).

o Comp. 1 is a baseline method and our recently reported
method [20] based on Multiple Kernel Fuzzy C-Means
(MKFC) [26] using formation features.

o Comp. 2 is a baseline method and our recently reported
method [21] based on Decision Level Fusion [37].
Specifically, Comp. 2 estimates team tactics based on
a Support Vector Machine (SVM) [25] using both for-
mation features and audio-visual features.

o Comp. 3 is an estimation method in which the MKFC of
Comp. 1 is replaced by Random Forest [38].

o Comp. 4 is an estimation method in which the MKFC of
Comp. 1 is replaced by K-Nearest Neighbor algorithm
(K-NN) [39]

o Comp. 5 applies the same framework as that of the
proposed approach to different features. Specifically,
the formation features of the proposed method are
replaced by the players’ positions.

o Comp. 6 is an estimation method in which the DELM of
the proposed method is replaced by SVM.

o Comp. 7 is an estimation method in which the DELM
of the proposed method is replaced by ELM [28] like
Comp. 5.

o Comp. 8 is an estimation method including the first stage
of the proposed method without applying the second
stage of the proposed method.

o Comp. 9 estimates team tactics based on a fine-tuned
VGG16 model [40], which is one of the benchmarking
CNN-based approaches.

o Comp. 10 is a method for estimation of team tactics
based on the fine-tuned InceptionV3 model [41], which
is also one of the CNN-based approaches.
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TABLE 5. Details of parameters used in the proposed method.

Details Parameter Value

Num. of input nodes d 111

Num. of hidden layers K 6
. Cy 210
Regularization parameter Oy 510

LT 131

L? 131

. L3 171

Num. of hidden nodes(Team A) 14 131
L? 111

LS 151

Lt 131

L? 111

. L3 171

Num. of hidden nodes(Team B) 74 171
L? 111

LS 151

Num. of output nodes S 4

Frame size of the voting process M 21
r 2.0

Thmin 0.3

Parameters of ball possession Thimax 1.2
Th, cosg

T 15

The validity of these comparative methods is described as
follows.

Proposed method vs Comp. 1 and Comp. 2

We verify that the proposed method is more effective than
the baseline method.

Proposed method vs Comp. 3 and Comp. 4

We verify that the proposed method is more effective than
traditional machine learning-based methods.

Proposed method vs Comp. 5

We verify the effectiveness of the use of formation features.

Proposed method vs Comp. 6 and Comp. 7

We verify the effectiveness of the use of a DELM in the
first stage.

Proposed method vs Comp. 8

We verify the effectiveness of the use of the second stage.

Proposed method vs Comp. 9 and Comp. 10

We verify that the proposed method is more effective than
general CNN-based methods.

Details of the parameters used in the proposed method are
shown in Table 5. The parameters in each method were deter-
mined in such a way that the performance of each method
was the highest. In Comp. 9 and Comp. 10, to make fair
comparison, we used the Tensorflow [42] implementation and
download the VGG16 model and InceptionV3 model. The
training was conducted at a maximum of 50 epochs until the
error was at least 0.2. Finally, the best network was selected
based on performance measured through the accuracy of the
validation dataset.
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TABLE 6. Comparison of team tactics estimation by our method and by the comparative methods.

Ours Comp. 1 Comp. 2
Team tactics R P F R P F R P F
Retreat 0.928 0917 0.923 0.780 0394 0.523 0.683 0.670 0.676
Fore check  0.871 0.830 0.850 0.408 0.658 0.504 0.611 0.651 0.630
Possession  0.928  0.945 0.936 0.653 0471 0.547 0.699 0.720 0.709
Swift attack  0.791 0.812 0.801 0.112 0.565 0.187 0.637 0.644 0.640
Average 0.880 0.876 0.878 0.488 0.522 0.440 0.658 0.671 0.664
Comp. 3 Comp. 4 Comp. 5
Team tactics R P F R P F R P F
Retreat 0.657 0.672 0.665 0.600 0.616 0.608 0.877 0.825 0.850
Fore check  0.660 0.628 0.644 0.605 0.581 0.593 0.633 0.779 0.699
Possession  0.671 0.672 0.671 0.617 0.612 0.615 0.881 0.827 0.854
Swift attack  0.664 0.647 0.656 0.610 0.592 0.601 0.643 0.752 0.693
Average 0.663 0.655 0.669 0.608 0.600 0.604 0.759 0.796 0.774
Comp. 6 Comp. 7 Comp. 8
Team tactics R P F R P F R P F
Retreat 0.878 0.860 0.869 0.856 0.837 0.847 0.888 0.853 0.870
Fore check  0.776  0.766 0.771 0.805 0.755 0.779 0.807 0.801 0.804
Possession  0.822 0.854 0.838 0.868 0.894 0.881 0.878 0.899 0.888
Swift attack  0.789 0.804 0.796 0.676 0.843 0.751 0.747 0.786 0.766
Average 0.816 0.821 0.818 0.802 0.832 0.814 0.830 0.835 0.832
Comp. 9 Comp. 10
Team tactics R P F R P F
Retreat 0.790 0.835 0.812 0.697 0873 0.775
Fore check  0.771 0.683 0.724 0.880 0427 0.575
Possession  0.819 0.831 0.825 0.695 0.876 0.775
Swift attack  0.807 0.638 0.713 0.692 0.860 0.767
Average 0.797 0.747 0.768 0.741 0.759 0.723

B. PERFORMANCE EVALUATION

Recall, Precision and F-measure of all methods are shown
in Table 6. From this table, it is confirmed that the proposed
method outperforms the comparative methods. Specifically,
our method outperforms the baseline and traditional machine
learning-based methods (Comp. 1 - Comp. 4). Next, by com-
paring the results of the proposed method with those of
Comp. 5, the effectiveness of formation features is confirmed.
Furthermore, by comparing the results of the proposed
method with those of Comp. 6 and Comp. 7, the effectiveness
of the use of a DELM in the first stage can be confirmed.
Moreover, since the performance of the proposed method is
higher than that of Comp. 8, it is confirmed that the introduc-
tion of the second stage is effective. Finally, by comparing
the results of the proposed method with those of Comp. 9 and
Comp. 10, it is confirmed that our method is superior to other
deep learning methods including very deep networks. The
results indicate that a CNN is not suitable for a small amount
of training samples. Therefore, the proposed method solves
Problem 1. In addition, it has been reported in [27] that a
DELM provides better performance than that of an SVM, and
the same tendency was confirmed in the experiment.

Some of the estimation results of the proposed method and
the comparative methods are shown in Fig. 5. From the results
obtained, we can confirm that the proposed method achieves
the most accurate estimation, the results being most similar
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TABLE 7. Confusion matrix obtained from the estimation results before
performing calculation of the optimal combination of team tactics
(second stage) in the proposed method. These results correspond to
those of Comp. 8. Gt represents the ground truth.

Estimation results
Ret FC | Poss | Sw
Ret | 1,396 | 48 110 19
Gt | FC 31 510 39 52
Poss 152 67 | 1,720 | 20
Sw 57 12 44 334

to the ground truth. Specifically, Comp. 8 estimates the same
tactics in the two teams, whereas the proposed method esti-
mates the tactics in the two teams without contradiction. From
the above, the estimation performance can be improved by
using the relationship between team tactics of the two teams.
Furthermore, confusion matrices for estimation results of the
proposed method and Comp. 8 are shown in Tables 7 and 8.
From these tables, we can see that introduction of the second
stage can improve the estimation performance. Specifically,
it becomes possible to estimate ‘“‘Retreat’”” and ‘““Possession”
correctly. Generally, these team tactics are similar forma-
tions. The proposed method correctly updates the estimation
results of these team tactics by utilizing ball possession. In
this way, the proposed method solves Problem 2. Therefore,
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Ground
truth

Ours

Comp. 1

Comp. 2

Comp. 3

Comp. 4

Comp. 5

Comp. 6

Comp. 7

Comp. 8

Comp. 9

Comp.

B  Retreat

I Fore check

I Possession

I Swift attack

FIGURE 5. Results of tactics estimation obtained by the proposed method and the comparative methods.

TABLE 8. Confusion matrix obtained from the estimation results after
performing calculation of the optimal combination of team tactics
(second stage) in the proposed method. These results correspond to
those of our method. Gt represents the ground truth.

Estimation results
Ret FC | Poss | Sw
Ret | 1,425 | 43 50 17
Gt | FC 9 527 22 47
Poss 80 54 | 1,897 | 14
Sw 40 11 38 337

the novelties of the proposed method strongly contribute to
the successful estimation of team tactics.

V. CONCLUSION

A method for estimating team tactics in soccer videos based
on a DELM and unique characteristics of tactics is presented
in this paper. The proposed method estimates provisional
tactics of the two teams based on two DELMs. The final team
tactics are estimated on the basis of the relationship between
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tactics of the two teams and ball possession. The proposed
method realizes accurate estimation of team tactics. Exper-
imental results show that the proposed method outperforms
comparative methods, and the novel approach in our method
contributes to the improvement in performance.

In the future, we will extend our system to other sports
applications. Since soccer has more players than other sports
and its movement is complicated, our method can be applied
to tactics analysis of many sports. For example, it can be
applied to tactics analysis of field sports related to players’
formation such as basketball, rugby, American football, and
ice hockey. Moreover, the proposed method can be applied to
the analysis of general group behavior since it is intended to
analyze players in each group. Various methods for general
group behavior have also been proposed, e.g., detection of
suspicious persons in department stores and stations [43],
measurement of human flow at evacuation behavior [44], and
analysis of traffic jams [45], [46]. By applying our method to
the analysis of group behavior, a wide range of possibilities
can be expected.
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