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Preface
This volume contains papers that had to be presented at the 20th Interna-

tional Conference on Modeling Decisions for Artificial Intelligence (MDAI 2023)
celebrated in Ume̊a, Sweden, 19 - 22 June, 2023. The rest of papers as well as
invited papers have been separately published in the Lecture Notes in Artificial
Intelligence, Vol. 13890 (by Springer).

This conference followed MDAI 2004 (Barcelona), MDAI 2005 (Tsukuba),
MDAI 2006 (Tarragona), MDAI 2007 (Kitakyushu), MDAI 2008 (Sabadell),
MDAI 2009 (Awaji Island), MDAI 2010 (Perpinyà), MDAI 2011 (Changsha),
MDAI 2012 (Girona), MDAI 2013 (Barcelona), MDAI 2014 (Tokyo), MDAI 2015
(Skövde), MDAI 2016 (Sant Julià de Lòria), MDAI 2017 (Kitakyushu), MDAI
2018 (Mallorca), MDAI 2019 (Milano), MDAI 2020, MDAI 2021 (Ume̊a), and
MDAI 2022 (Sant Cugat).

The aim of MDAI is to provide a forum for researchers to discuss differ-
ent facets of decision processes in a broad sense. This includes model building
and all kinds of mathematical tools for data aggregation, information fusion,
and decision-making; tools to help make decisions related to data science prob-
lems (including, e.g., statistical and machine learning algorithms as well as data
visualization tools); and algorithms for data privacy and transparency-aware
methods so that data processing procedures and the decisions made from them
are fair, transparent, and avoid unnecessary disclosure of sensitive information.

The MDAI conference included tracks on the topics of (a) data science,
(b) machine learning, (c) data privacy, (d) aggregation functions, (e) human
decision-making, and (f) graphs and (social) networks.

The conference celebrates this year the 50th anniversary of graded logic, in-
troduced by Jozo Dujmović in a paper in 1973. In such paper, he also introduced
the concept of andness, a key concept to define adjustable aggregators with a
variable conjunction degree.

The conference was supported by Ume̊a University, the European Society for
Fuzzy Logic and Technology (EUSFLAT), the Catalan Association for Artificial
Intelligence (ACIA), the Japan Society for Fuzzy Theory and Intelligent Infor-
matics (SOFT), and the UNESCO Chair in Data Privacy.

Vicenç Torra, Yasuo Narukawa
June, 2023
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Cláudia Antunes, Universidade de Lisboa, Portugal
Eva Armengol, IIIA-CSIC, Spain
Edurne Barrenechea, Universidad Pública de Navarra, Spain
Gloria Bordogna, Consiglio Nazionale delle Ricerche, Italy
Humberto Bustince, Universidad Pública de Navarra, Spain
Alina Campan, North Kentucky University, USA
Francisco Chiclana, De Montfort University, UK
Susana Dı́az, Universidad de Oviedo, Spain
Josep Domingo-Ferrer, Universitat Rovira i Virgili, Spain
Yasunori Endo, University of Tsukuba, Japan
Vladimir Estivill-Castro, Griffith University, Australia
Zoe Falomir, Universitat Jaume I, Spain
Javier Fernandez, Universidad Pública de Navarra, Spain
Katsushige Fujimoto, Fukushima University, Japan
Joaquin Garcia-Alfaro, Institut Mines-Télècom and Institut Polytechnique de
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Data Augmentation For Small Object using Fast AutoAugment . . . . . . . . . . . 12
DaeEun Yoon, Semin Kim, SangWook Yoo, and Jongha Lee

Advancing Text Summarization through the Utilization of Arbitrary Aspect
Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
Ziwei Hou, Bahadorreza Ofoghi, Nayyar Zaidi, Musa Mammadov, Shamsul
Huda, and John Yearwood

Clustering Multivariate Longitudinal Data Application on Disease Progression
Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
Loujain Liekah, Haytham Elghazel, Fabien De Marchi, and Mohand-Säıd
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Hand Pose Recognition through MediaPipe Landmarks 

Manuel Gil-Martín1[0000-0002-4285-6224], Rubén San-Segundo1[0000-0001-9659-5464] and Ricar-
do de Córdoba1[0000-0002-7136-9636] 

1 Speech Technology and Machine Learning Group (T.H.A.U. Group), 
Information Processing and Telecommunications Center, E.T.S.I. de Telecomunicación, 

Universidad Politécnica de Madrid, 28040, Madrid, Spain 

Abstract. This paper proposes a framework to recognize hand poses using a 
limited number of landmarks from images. This Hand Pose Recognition (HPR) 
system is composed of a signal processing module that extracts and processes 
the coordinates of specific points of the hand called landmarks, and a deep neu-
ral network module that models and classifies the hand poses. These specific 
points or landmarks are extracted automatically through MediaPipe software. 
Detecting hand poses from these points has two main advantages compared to 
traditional computer vision approaches: the information sent to the recognition 
module is smaller (points’ coordinates vs. a full image) and the classification is 
not affected by additional information included in the images (like the back-
ground). The experiments were carried out over two different datasets using the 
experimental setups of previous works. The proposed framework was able to 
obtain better performance than the best results reported in previous works. For 
example, in case of using the Tiny Hand Gesture Recognition Dataset, we ob-
tained classification accuracies of 98.74 ± 0.08 % and 98.22 ± 0.06 % with 
simple or complex backgrounds, while the best reported accuracies in previous 
works (using the whole image) were 97.10 % and 85.30 % respectively. The 
proposed solution is able to provide high recognition performance independent-
ly of the background where the image is taken. 

Keywords: Hand Pose Recognition, MediaPipe, Hand landmarks, Deep learn-
ing, Convolutional Neural Networks. 

1 Introduction 

Hand Pose Recognition consists in detecting the posture or pose that people perform 
using their hands. This technology could be useful to develop human computer inter-
action systems and could improve the user experience across a wide variety of differ-
ent domains. For example, it could be seen as the basis for sign language understand-
ing and hand gesture control applications. For instance, a person could ask for taking 
a picture using the front camera of a smartphone by opening and closing the hand 
palm. In these applications, it is crucial to accurately recognize the hand pose or ges-
ture to perform specific actions with smart devices, a computer or an automatic 
transmission machine. In this context, computer vision based approaches have been 
applied reaching promising results. 
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However, computer vision based approaches are usually based on feeding the sys-
tems by raw images that include sensitive information like the face or the background 
that people would like not to share. In addition, these images could have large sizes 
and cause strain on bandwidth in real applications. This way, it could be great to study 
solutions that extract the strictly necessary information from the images in order to 
develop lighter systems that could respect the individual’s privacy. 
 

This paper aims to propose a framework to detect hand poses using a limited num-
ber of landmarks from images. The main contributions of the paper are: 

- The proposal of a framework to detect hand poses from specific points of images 
that is not affected by the background of the images nor the people who perform the 
pose. 

- The evaluation of the proposal using two datasets and a comparison to previous 
works that used the whole images as input using the same experimental setups. 

 
This paper is organized as follows. Section 2 reviews the related work on hand 

pose recognition. Section 3 describes the material and methods used, including the 
datasets, the system architecture including the signal processing and deep learning 
approaches and the evaluation details. Section 4 discusses the experiments and the 
obtained results. Finally, Section 6 summarizes the main conclusions of the paper. 

2 Related work 

Multiple previous works have been focused on Human Activity Recognition in order 
to optimize the physical activity classification using wearables or cameras [1-4] that 
could be traditionally applied to sports monitoring purposes [5-7] such as fitness 
tracking, personal incentivizing, or rehabilitation [8]. However, there exist a lower 
number of works focused on detecting hand poses or gestures. Most of these works 
use images as inputs of their systems and follow a hand localization step as first stage. 
Afterwards, they extracted handcrafted features or descriptors [9] from the hand and 
feed an inference algorithm that classifies the different hand poses. As mentioned in 
the introduction, most hand detection systems are based on computer vision ap-
proaches [10-12] which often use raw images. 

 
For example, Wang et al. [13] developed a hand pose recognition system where 

they first obtained a segmented hand map using Kinect software development kit, 
then they extracted a volumetric shape descriptor using the line between the center of 
hand and wrist as polar axis of polar coordinates and finally they used a Support Vec-
tor Machines classifier to perform hand pose recognition. 

 
Another previous work [14] proposed a Convolutional Neural Network based sys-

tem to model ten different hand poses from ten different people. They pre-filtered the 
images using a Gabor filter and used skin color distribution as descriptor of the hand 
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to feed the deep learning architecture. They obtained an accuracy of 97% in the per-
son-independent test. 

 
In the same way, a previous work [15] segmented the image into the hand in dif-

ferent regions and obtained the Histogram of Oriented Gradients and a Local Binary 
Pattern from each region. Afterwards, they combined k-means and Support Vector 
Machines in order to classify the hand poses, obtaining an F1 score near 96% using 
data from 25 subjects and 16 different hand poses. 

 
Similarly a previous work [16] feed a deep Convolutional Neural Network to di-

rectly classify hand poses in images without any previous segmentation. They classi-
fied the hand pose with average accuracy of 97.1% in the images with simple back-
grounds and 85.3% in the images with complex backgrounds. They used a dataset 
with data from 40 subjects and seven different hand poses. 

 
To summarize, existing methods combined a hand segmentation step with a hand-

crafted features extraction step to obtain a descriptive hand pose representation.  Af-
terwards, they fed a machine learning module to model and classify the hand poses. 
The aim of this work is to use a powerful and effective library to directly extract rep-
resentative relevant points from the hand images (landmarks) to model and classify 
hand poses through a deep learning solution. In this sense, it is hypothesized that hand 
pose recognition task could be performed by the combination of landmarks extraction 
and a deep learning architecture offering higher performance without handcrafted 
methods to process the input images. 

3 Material and methods 

This section includes information about the datasets used in this work, the proposed 
system architecture including the signal processing and the deep neural network and 
the evaluation of the system. 
 
3.1 Datasets 

For this work, we have used two publicly available hand pose datasets: Multi-modal 
Leap Motion dataset for Hand Gesture Recognition [15] and Tiny Hand Gesture 
Recognition Dataset [16]. 
 

Multi-modal Leap Motion dataset for Hand Gesture Recognition includes data 
from 25 subjects (8 women and 17 men) that performed 16 different hand poses. Each 
subject was placed in front of a computer with the Leap Motion located on a table 
between the subject and the computer for image collection. Each subject was free to 
move the right hand over the device inside the Leap Motion field of view. The hand 
poses included in this dataset are: L, fist moved,  index, ok, C, heavy, hang, two, 
three, four, five, palm, down, palm moved, palm up, and up. This dataset contains a 
total number of frames of 65,156 related to hand poses. 
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Tiny Hand Gesture Recognition Dataset contains data from 40 subjects (14 women 

and 26 men) that performed seven different hand poses. Half of the subjects were 
recorded with gray simple background and the rest with complex background. The 
considered complex backgrounds are highly cluttered and the illumination undergoes 
large variations. The hand poses included in this dataset are: fist, L, ok, palm, pointer, 
thumb down and thumb up. This dataset contains a total number of frames of 260,796. 

 
3.2 System architecture 

Fig 1 shows a diagram module of the system: a data acquisition step where the images 
are collected, a signal processing module where landmarks are extracted from the 
images and processed, and a deep learning network to model and classify the hand 
poses.

 
Fig 1. System architecture for hand poses recognition using MediaPipe. 

Signal processing module 
 
MediaPipe [17] is a library with the capacity to track hands from input frames or vid-
eo streams. This framework offers a wide variety of solutions, such as face detection, 
face mesh, hair segmentation, object detection or pose and hands tracking. In particu-
lar, we used the MediaPipe Hands software to extract x and y coordinates of 21 land-
marks from the hand. These coordinates are normalized to [0.0, 1.0] interval by the 
image width and height respectively. The 21 landmarks correspond to different loca-
tion of the hand area: wrist and four points along the five fingers. Fig 2 shows the 
landmarks of different hand poses in the datasets used in this work. 
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Fig 2. Original images and landmarks of different examples of the datasets used in this work (a) 
and (b) from Multi-modal Leap Motion Dataset and (c) and (d) from Tiny Hand Gesture 
Recognition Dataset. 

The proposed framework extracts the landmarks from the images using the Medi-
aPipe library. After obtaining the landmarks, a specific normalization of the coordi-
nates is applied in order to help the neural network to model the hand poses. This 
normalization consists in using the lower landmark of the palm (wrist) as reference 
and subtracting their coordinates to the rest of landmarks. Fig 3 shows the original 
and normalized landmarks of an example of class four, where it is possible to observe 
that the reference of the different poses becomes the coordinate origin instead of the 
wrist landmark. 

 
Fig 3. Original and normalized landmarks of an example. 

Deep learning approach 
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The deep learning architecture used in this work was composed of two main parts: 
a feature learning subnet and a classification subnet. The first subnet learnt features 
from the x and y coordinates of the different landmarks, using two convolutional lay-
ers. The second subnet used fully connected layers to classify the learned features as a 
predicted hand pose. The architecture included dropout layers (0.3) after convolution-
al and and fully connected layers to avoid overfitting during training. The last layer 
used a softmax activation function to offer the predictions of each class for every 
analysis frame, while intermediate layers used ReLU for reducing the impact of gra-
dient vanishing effect. We used categorical cross-entropy as loss metric and the root-
mean-square propagation method as optimizer. We adjusted the epochs and batch size 
of the deep learning structure for each dataset: 300 and 500 for the Multi-modal Leap 
Motion dataset for Hand Gesture Recognition and 5 and 500 for the Tiny Hand Ges-
ture Recognition Dataset. The difference between the numbers of epochs in each con-
figuration is related of the number of examples to train the network, which is higher 
in the second dataset. Fig 4 represents the architecture used in this work to model and 
classify the hand poses of the datasets, where C indicates the number of recognized 
hand poses. 

 
Fig 4. Convolutional Neural Network Architecture used in this work for all the datasets. 

 
3.3 Evaluation setup 

In this work, we considered the data distributions of the previous works: specific train 
and test subsets for Multi-modal Leap Motion dataset for Hand Gesture Recognition 
and a cross-validation strategy for Tiny Hand Gesture Recognition Dataset. 

 
In case of training and testing subset, data from the same subject were included in 

both subsets. This methodology provided an optimistic scenario where the system was 
evaluated with recordings from subjects who were processed during the training step. 
This methodology was used for the Multi-modal Leap Motion dataset for Hand Ges-
ture Recognition to follow the same experimental setup of a previous work [15] using 
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this dataset, where the training subset contained 48,436 frames and the testing subset 
contained 16,720 frames. 

 
In case of the cross-validation experimental setup, 25 people were used for train-

ing, 5 subjects for validation, and 10 people for testing. In these experiments, it was 
assured that all the recordings from the same subject are included only in a subset. 
Once the system model is fitted on the training subset, the validation subset was used 
for optimizing the model hyperparameters. Finally, the system was evaluated with the 
testing subset. This process was repeated several times leaving different subjects for 
testing in each iteration. The results were averaged along all trials. This methodology 
simulated a difficult scenario because the system was evaluated with recordings from 
subjects different to those used for training. This methodology was used for the Tiny 
Hand Gesture Recognition Dataset to follow the same experimental setup of a previ-
ous work [16] using this dataset. 

 
As evaluation metrics, we used accuracy, which is defined as the ratio between the 

number of correctly classified samples and the number of total samples. Considering a 
classification problem with N testing samples and C classes, accuracy is defined in 
Equation (1). 

 
 

Accuracy =
1
N
� Pii

C

i=1

 (1) 

 
Considering Ri as the sum of all examples in a column of the confusion matrix, and 

Si as the sum of all examples in a row, precision, recall and F1 score metrics are de-
fined as follows: 

 
precision =

1
C
�

Pii
Ri

C

i=1

 (2) 

   
 

recall =
1
C
�

Pii
Si

C

i=1

 (3) 

   
 F1 score = 2 ·

precision · recall
precision + recall

 (4) 

 
Confidence intervals are used to show statistical significance values and provide 

confidence about the results reliability. These intervals include plausible values for a 
specific metric. We will assure that there exists a significant difference between re-
sults of two experiments when their confidence intervals do not overlap. Equation (5) 
represents the computation of confidence intervals attached to a specific metric value 
and N samples when the confidence level is 95%. 
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CI(95%) = ±1.96�

metric · (100 − metric )
N

 (5) 

4 Experiments and Discussion 

We firstly analyzed the effect of normalizing the coordinates using the lower land-
mark of the palm (wrist) as reference and subtracting their coordinates to the rest of 
landmarks. In this sense, the reference of the different poses becomes the coordinate 
origin. We observed that we could increase the recognition accuracy from 96.45 ± 
0.28 % to 97.25 ± 0.25 % for Multi-modal Leap Motion dataset for Hand Gesture 
Recognition and from 98.52 ± 0.09 % to 98.74 ± 0.08 % for simple backgrounds of 
Tiny Hand Gesture Recognition Dataset. This normalization offers a slight increment 
of performance. However, it is fair to say that this improvement of performance is 
significant even in the difficult situation when performance is high. One of the rea-
sons of this improvement is that thanks to this normalization, the representation of 
examples of the same pose become similar independently of the location of the hand 
in the image. For example, the representation of a hand pose consisting in pointing a 
screen with one finger could differ when the person performs the pose at right of left 
side of the image. However, thanks to normalizing using the wrist landmark, both 
representations become similar since both use the coordinate origin as reference. Re-
garding computational cost, the normalization does not heavily increase the pro-
cessing time thanks to simple operations that are used. 

 
Second, we compared our solution to previous works using the same datasets and 

their data distributions. A previous work [15] using the Multi-modal Leap Motion 
dataset for Hand Gesture Recognition segmented the image into the hand in different 
regions and obtained the Histogram of Oriented Gradients and a Local Binary Pattern 
from each region. Afterwards, the system combined k-means and Support Vector 
Machines in order to classify the hand poses, obtaining an F1 score near 96% using 
specific training and testing subsets. Another previous work [16] used the Tiny Hand 
Gesture Dataset and increased the number of samples by performing synthetic transla-
tions over the whole images, reaching a total number of 500,000 hand gesture samples 
for training. This system used a deep convolutional neural network (composed by 9 
convolutional layers, 4 pooling layers, 3 fully connected layers, interlaced with ReLU 
and dropout layers) to directly classify hand poses in images without any previous 
segmentation. This previous work classified the hand pose with average accuracy of 
97.1% in the images with simple backgrounds and 85.3% in the images with complex 
backgrounds following a cross-validation experimental setup, where 25 people were 
used for training, 5 subjects for validation, and 10 people for testing. Table 1 includes 
the comparison of these previous works and our work using the mentioned normaliza-
tion of landmarks. 
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Table 1. Results considering baseline experimental setups for the datasets. 

Dataset Work Accuracy (%) F1 score (%) 

Multi-modal Leap Motion Dataset 
for Hand Gesture Recognition 

[15] - 96.00 
This work 97.25 ± 0.25 97.23 ± 0.25 

Tiny Hand Gesture Recognition 
Dataset – Simple background 

[16] 97.10 - 
This work 98.74 ± 0.08 98.74 ± 0.08 

Tiny Hand Gesture Recognition 
Dataset – Complex background 

[16] 85.30 - 
This work 98.22 ± 0.06 98.23 ± 0.06 

 
As observed, we obtained better performance than these previous works. One of 

the interesting aspects of using our approach is that the system does not suffer a dec-
rement of performance when dealing with complex backgrounds. One of the reasons 
is that once the landmarks are extracted, the process is the same independently of the 
context and background where the image was taken. Additionally, the system can 
process images of different dimensions: in previous works, the deep neural architec-
ture that directly processes the images requires a specific input image dimensions and 
uses specific convolutional kernel sizes to learn relevant features from them. Never-
theless, as the extraction of landmarks does not depend on the neural architecture in 
the proposed approach, it is not restricted to specific image dimensions. 

 
However, the proposed approach could have some limitations that should be ad-

dress in future works: managing blurred images or images without complete hands. In 
these situations, the MediaPipe tool can have problems extracting the landmarks. 

5 Conclusions 

This paper proposes an alternative framework to detect hand poses using a limited 
number of landmarks from images. This approach for Hand Pose Recognition auto-
matically extracts 21 MediaPipe landmarks (x and y coordinates of specific points) 
from the hand and feeds a deep neural architecture to model and recognize different 
hand poses. This solution obtained better results than previous works using the same 
datasets. For example, in case of using the Tiny Hand Gesture Recognition Dataset, 
classification accuracies of 98.74 ± 0.08 % and 98.22 ± 0.06 % with simple or com-
plex backgrounds, respectively. Moreover, detecting hand poses from these points or 
landmarks has two main advantages compared to traditional computer vision ap-
proaches: the information sent to the recognition module is smaller (coordinates from 
the points vs. a full image) and the classification is not affected by additional infor-
mation included in the images (like the background). In this sense, the proposed sys-
tem could offer a high performance without handcrafted methods to process the input 
images. 
 

As future work, it would be interesting to recognize gestures as a sequence of 
frames using landmarks, study the effect of changing the brightness and contrast of 
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the recorded images before extracting the landmarks, study the effect of including a 
non-gesture class to distinguish when the system is not able to extract landmarks, 
detect which hand is processed to avoid errors when both hands appear in the image, 
perform the hand pose recognition using a Leave One Subject Out Cross Validation 
methodology and automatically compute the remaining landmarks when only a part of 
the hand appears in the original image. In addition, it would be interesting to apply 
this framework for other datasets with wider variety of backgrounds and/or related to 
sign language recognition with a higher number of classes. 
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