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Abstract. Ball and futsal player detection is complex because the object detected has
high mobility and small size. In deep learning models, datasets have an important role in
increasing accuracy and frame rate. The current deep learning object detection method
mostly uses augmentation in image merging, color saturation, and image changes but does
not use histogram equalization. In this study, the proposed method combines color satura-
tion modification with the Contrast Limited Adaptive Histogram Equalization (CLAHE)
method. The image saturation modification process was carried out to change the bright-
ness, contrast, and sharpness levels before applying the CLAHE method. Models were
trained using the transfer learning method with pre-training weight darknet53.conv.74
and yolov4.conv.137 in You Only Look Once architecture. Intersection Over Union was
used to determine individual ball possession. The dataset in this study amounted to 4,400
images obtained from the converted frames of video futsal. The model trained using a pre-
processed dataset with modified image color saturation in the form of brightness, contrast,
sharpness, and CLAHE was able to shorten the average training time to 7.9% and in-
crease the average frame per second capability by 1.5% compared to the model trained
using only the CLAHE method.
Keywords: Individual ball possession, Deep learning, You Only Look Once (YOLO), In-
tersection Over Union (IOU), Contrast Limited Adaptive Histogram Equalization (CLA-
HE)

1. Introduction. Ball possession is a futsal strategy that has a role in determining a
winner [1]. Ball possession in futsal will determine the team’s adaptation level in facing
obstacles that arise in a match. Detecting the ball object’s trajectory [2] is not as easy as
detecting the movement of a car because a car moves in one direction following the traffic
while the ball moves dynamically. Players could also be tracked using existing models
and four cameras [3] and detected using the Euclidean calculation method. The weakness
of the calculation using the Euclidean distance with the camera intersection is that the
camera’s position must be fixed, causing some detection objects to be invisible or image
bias, resulting in inaccurate calculation of the position of the detection object.

The contribution of this study lies in obtaining a useful dataset to produce a good deep
learning model performance and determine individual ball possession. Pre-processing is
used to get a useful dataset, namely by modifying image color saturation and increasing
the contrast with the CLAHE method. Then, to track a ball and futsal players, YOLO
architecture with appropriate activation modification for augmented [4] dataset is used
to detect objects’ presence. A replica of the bounding box is later generated to calculate
the Intersection Over Union (IOU) value.
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The paper is organized as follows. In Section 1, we introduce ball possession, and the
problems faced. In Section 2 briefly discuss areas related to our work. Section 3 discusses
our proposed approach about ball possession and YOLO architecture used. In Section 4,
we give the experimental analysis and results. Finally, we conclude in Section 5.

2. Related Work. In this study, we will use a deep learning approach to solve the
problem, IOU is used for the ball possession approach, and CLAHE is used so that the
dataset is more general when applied to the model to be made.

2.1. Transfer learning. Among the most widely used models, the one with better reli-
ability than its predecessors is YOLO [5]. YOLOv3 performance had been improved by
creating pre-training weight darknet53.conv.74, which had been trained on the darknet53
backbone using the ImageNet dataset. YOLOv3 can detect objects faster than other ob-
ject detection methods with an image size of 416 having a mean Average Precision-50
(mAP-50) and good speed. Therefore, this study proposed an image size of 416 to detect
ball and futsal player objects through the transfer learning method.

2.2. Intersection Over Union (IOU). IOU in deep learning is useful in measuring
performance of object detection models. In its use, IOU is not only useful in calculating
evaluation metrics [6], but many also use it for other purposes. A study uses IOU to
calculate the area of a forest [7] and visualize objects in 3D. Individual ball possession
could also be calculated using a calculation based on several objects’ proximity. IOU was
also used to track the ball’s whereabouts in soccer. Therefore, we used IOU to calculate
individual ball possession in this study.

2.3. Contrast Limited Adaptive Histogram Equalization (CLAHE). Adaptive
Histogram Equalization (AHE) is a solution to increase image contrast by referring to the
image histogram’s corresponding pixels and later enhanced with CLAHE [8]. CLAHE is
useful when dealing with colors with high haze levels (degrees of grayscale) [9] and low
light conditions [10]. This study was conducted because most of the existing deep learning
architectures do not use the histogram equalizer image in the data augmentation [11,12].
Therefore, in this study, CLAHE was used as a pre-processing of the dataset.

3. Proposed Approach. As shown in Figure 1, the proposed methods are a pre-process-
ing method, where the dataset was modified by image saturation and the CLAHE method.
YOLO architecture with appropriate activation modification for augmented dataset was
used to compare the model’s performance. It was used to obtain bounding box coordinates
for the ball and futsal players and calculate individual ball possession.

3.1. CLAHE with saturation modification. Images only modified with CLAHE still
lost their details in pixels due to the increased contrast. Dataset modification was done
first by changing the brightness, contrast, and sharpness of the image. This was done when
the CLAHE method was applied. For evaluation metrics, the Absolute Mean Brightness
Error (AMBE) and Peak Signal-to-Noise Ratio (PSNR) were used. AMBE can show the
modified image’s proximity to the original image [13]. AMBE was used to measure the
brightness level. Formula (1) shows that the AMBE measurement takes the absolute value
from reducing the average brightness value on the original image E[X ] and the modified
image E[Y ].

AMBE = |E[Y ]− E[X ]| (1)

E[X ] =
K−1
∑

i=0

fihi

/

K−1
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i=0

fi (2)
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E[Y ] =

K−1
∑

i=0

fihi

/

L−1
∑

i=0

fi (3)

K is the maximum gray level image; fi is frequency of gray level; and hi is a gray level
image.

Figure 1. Proposed methods

Peak Signal-to-Noise Ratio (PSNR) was used to measure the contrast level of an image
[14]. Formula (5) was used to measure PSNR. The image was calculated by comparing
the modified image with the original image. The higher the PSNR value, the better the
result of image modification.

MSE =
1

m× n

m−1
∑

i=0

n−1
∑

j=0

A(i, j) (4)

PSNR = 20 · log
10

(

MAX
2

1√
MSE

)

(5)

MSE is mean square error; m is maximum gray level image; i is value of gray; and MAX

is the pixel maximum value, which is 255.

3.2. YOLO architecture. YOLO is a deep learning architecture designed to work fast
[15]. However, YOLO has an overfitting problem when learning starts. To minimize this,
in this study, we used ReLU as an activation function at the beginning of convolutional
replacing leaky as a standard activation. ReLU is good for augmented data [4]. ReLU is
not used for all convolutional because, in research, it has a high learning rate [16].

As shown in Figure 2, we replace leaky with ReLU on the second layer before down
sample. The model is evaluated by Microsoft Common Objects in Context (MS COCO)
dataset as a benchmark to measure the accuracy. Formula (9) shows the mAP calculation.

P =
TP

TP + FP
(6)

Rc =
TP

TP + FN
(7)
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AP =
k=n−1
∑

k=0

[Rc (k)− Rc(k + 1)] ∗ P (k) (8)

mAP =
1

n

k=n
∑

k=1

AP k (9)

P = Precisions, Rc = Recalls, AP = Average Precision, mAP = mean Average Precisions,
TP = True Positive, FP = False Positive, FN = False Negative, k = Number of datasets.

Figure 2. Modification YOLO architecture

3.3. Individual ball possession detection. In this study, replica IOU was used to
calculate the overlapping threshold bounding box values between futsal players and the
ball, which aimed as a basis for ball possession. Figure 3 shows the existence of a replica
of a ball bounding box. A bounding box replica is a replica of a ball bounding box placed
parallel to or right at the bottom corner of the player’s bounding box, which is in contact
with the ball’s bounding box. If more than one player controls the ball, as shown in
Figure 3(b), the biggest IOU is the player who owns it.
Individual ball possession was only observed in an image. In Formulas (11) and (12),

the numbers 70% and 13% were determined to get an optimal IOU above 50% for the
ball and player’s intersection and provide a threshold value for the ball’s bounding box,
and 70% is the threshold where the bounding box of the ball is in the player’s bounding
box. The overlapping threshold bounding box formula is as follows.

IOU =
A ∩B

A ∪B
=

TP

(TP + FP + FN )
(10)

(BBWBall ∩ BBWPlayer ) > 70% (11)

(BBHBall ∩ BBHPlayer ) < 13% (12)

BBW = Bounding Box Wide, BBH = Bounding Box High. TP, FP and FN for IOU

threshold are calculated.



ICIC EXPRESS LETTERS, VOL.16, NO.11, 2022 1151

(a) One futsal player for indi-
vidual ball

(b) Individual ball possession deter-
mination on more than one futsal
player bounding box that overlaps
with the ball bounding

Figure 3. Determination of individual ball possession

3.4. Tracking. The tracking results will be used as the basis for detecting the presence
of the same player in the previous frame of a video. Tracking is done by looking at the
bounding box, the results of the corrected model on each video frame, and the bounding
box overlaps between the active frame and the previous frame [17]. Euclidean distance
will be used as a threshold by measuring the distance of the ball and the distance of the
players [18]. Bounding boxes for futsal players who are successfully detected and overlap
each frame, then the IOU value is calculated as shown in Formula (13).

IOU =
|BBa ∩ BBb|
|BBa ∪ BBb| (13)

BBa = Current Frame Player Bounding Box; BBb = Previous Frame Player Bounding
Box.

The calculation of evaluation metrics as validation of individual ball possession is based
on the IOU approach [19]. The replica ball bounding box will be placed within the player’s
bounding box. Figure 4 describes the method used to validate individual ball possession.
The IOU of the replica bounding box for each model is then calculated for its precision
using Formula (10). The individual ball possession intersection in Formula (14) is ob-
tained from the overlapping model trained using MS COCO and the model using the own
dataset. Intersection own dataset model is the total area of the intersection own dataset
model.

Precision IBP =
Intersection Individual Ball Possession

Intersection Own Dataset Model
(14)

4. Results and Evaluation. In this study, the brightness, contrast, and sharpness levels
were carried out before processing the dataset using the CLAHE method and YOLO
architecture. The model was trained using an i7 6700K processor, NVIDIA GTX 1070Ti,
and 32GB 3000MHz RAM. The model was executed using the TensorFlow framework,
YOLO algorithm, OpenCV, and Pillow Library.
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Figure 4. How to calculate precision of individual ball possession

Figure 5. Ground truth on several methods

4.1. Dataset collection. Dataset is an essential feature in making a good model [20].
In this study, the dataset contains 4,400 images with manual annotations on two classes,
ball, and futsal players, collected from frames of video extraction of futsal in several
matches from the video-sharing website www.youtube.com. The dataset was released in
https://www.kaggle.com/riantosetiobudi/ball-futsalplayer-enhanceclahe.
The useful dataset has a high IOU value in the range of 0.3 (30%) – 0.6 (60%). If higher,

then better. Modification of image saturation and CLAHE was carried out first and result-
ed in a size that was 77.13% smaller than the original dataset, shortening training time
and better dataset quality [21]. In this study as seen in Figure 5, all models trained using
this dataset could get scores above 80% and improve the deep learning model’s perfor-
mance [6]. YOLOv4 using image saturation modification and CLAHE methods produced
the highest average IOU value to 85.4%.
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The color composition in the histogram of an image was expected to be filled in all tonal
histogram images ranging from 0 to 255. However, the best field is when tonal highlight
histogram does not dominate [22]. As shown in Figure 6(b) there has a range of tonal
highlight histograms shorter than the range level in the original image in Figure 6(a).

(a) Original image and his-
togram of image

(b) Saturation modification,
CLAHE image and histogram
of image

(c) Original CLAHE image
and histogram of image

Figure 6. Histogram image comparison on the original image, original
CLAHE method, and saturation modification with CLAHE

Table 1 shows a comparison of the evaluation metrics on the dataset that has been
pre-processed. The AMBE value in the pre-processing dataset using image saturation
modification can be seen in the pre-processing dataset. The CLAHE method has a smaller
value than the images processed with the CLAHE method. Thus, the brightness condition
is closer to the original image. The image has a decrease in brightness quality but does
not cause bad quality to be used as a dataset. This loss of quality helps shorten training
time.

Table 1. Evaluation metrics of the dataset

Method PSNR AMBE
Original CLAHE 29.14 10.26

Modification saturation and CLAHE 29.33 10.06

4.2. Training model. An overview of the performance comparison of several models
that have been trained can be seen in Table 2. Models trained using saturation modifi-
cation images and CLAHE method as pre-processing dataset spend 7.9% faster training
time and increase the frame rate to 1.5% of the CLAHE pre-processed dataset method
without modification saturation image. The higher the frame rate, the better the model’s
performance in detecting the ball and futsal players. It can also be seen that the best
model in this study is the model trained using YOLOv3 with saturation modification and
CLAHE method, where this model is 20.32% [23] and 10.75% [24] better than previous
studies and even though YOLOv4 has a good IOU average value, its mAP accuracy is
not the best. Also, its average fps is still far behind YOLOv3.

4.3. Individual ball possession detection. As Figure 7 shows that when a player’s
bounding box that is detected overlaps with the ball bounding box and reaches the IOU
threshold, the player’s object is shaded, indicating that the player has control of the ball.
The individual ball possession calculation method has also succeeded in determining the
individual ball possession on two-player bounding boxes.



1154 R. SETIOBUDI AND SUHARJITO

Table 2. Performance comparison

Preprocessing Transfer learning Model CNN
IBP

precision
(%)

mAP
(%)

Avg
fps

Train
time
(min)

Original image Without TL YOLOv3-416 97.24 98.74 42.7 1560
Original CLAHE Without TL YOLOv3-416 80.78 98.19 42.9 1527

Saturation modification
& CLAHE

Without TL YOLOv3-416 69.10 98.26 43.9 1559

Original image [15] darknet53.conv.74 YOLOv3-416 83.98 98.92 42.8 3511
Original CLAHE darknet53.conv.74 YOLOv3-416 79.58 98.93 43.0 3520

Saturation modification

& CLAHE
darknet53.conv.74 YOLOv3-416 79.81 98.95 43.3 3037

Original image yolov4.conv.137 YOLOv4-416 80.30 98.90 39.9 4330
Original CLAHE yolov4.conv.137 YOLOv4-416 87.84 98.89 40.0 4203

Saturation modification
& CLAHE

yolov4.conv.137 YOLOv4-416 87.82 98.93 40.0 4080

Figure 7. Individual ball possession detection

5. Conclusion. The best performing model is a model trained using a previously pro-
cessed dataset using the modified color saturation and CLAHE methods and the dark-
net53.conv.74 pre-training weight. Modification of image saturation and CLAHE short-
ened the average model training processing time to 7.9%. Because the size of the dataset
becomes smaller, 77.13% than the original dataset. The frame rate increased to 1.5% of
the CLAHE pre-processed dataset method without modification saturation image, and
have 20.32% and 10.75% better than previous studies.
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