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Abstract: Human interaction and computer vision converge in the realm of Human Activity
Recognition (HAR), which is a research field dedicated to the creation of automated systems
capable of observing and categorizing human activities. This domain closely aligns with machine
learning, involving the development of algorithms and models adept at learning to recognize and
classify patterns within data. HAR typically unfolds in two pivotal phases: data acquisition and
processing, followed by activity classification. In the initial phase of data acquisition and processing,
information is gathered from various sensors or video sources, such as accelerometers, smartphones,
or smartwatches. Subsequently, the collected data undergo preprocessing to extract relevant features.
The subsequent phase, activity classification, employs machine learning algorithms to categorize
these extracted features into distinct activity types, ranging from walking and running to sitting.
This paper introduces an innovative approach grounded on these two fundamental phases. For the
first phase, we leverage the MediaPipe algorithm to discern human articulations. Once these poses
are detected, we contribute by extracting the coordinates of each articulation. These coordinates
are then transformed into graphs, where nodes signify the articulation coordinates and edges
represent the connections between them. In the second phase, we enhance existing methodologies
by incorporating a diverse set of machine learning models. Notably, the utilization of Graph Neural
Networks (GNNs) which stands out as a significant advancement. This choice proves instrumental
in effectively learning and representing complex spatial and temporal patterns, surpassing the limi-
tations of conventional machine learning algorithms. The developed system undergoes evaluation
on the KTH and UCF50 datasets, demonstrating state-of-the-art performance in HAR.
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1 Introduction

Human activity recognition (HAR) is a rapidly growing field of research in computer
science and artificial intelligence. HAR aims to automatically identify and classify
different human activities from data. HAR has a wide range of applications in various
domains, including healthcare, sports and fitness, transportation, robotics, and security.
In healthcare, HAR can be used to monitor patients with chronic conditions, such as
Parkinson’s disease or Alzheimer’s disease[Snoun et al. 2021a], to detect changes in their
activity patterns and provide prompt interventions. It can also be used to track physical
activity and assess fitness levels, which is important for sports performance analysis and
personal health management.

In addition to these domains, HAR has other potential applications, such as human-
computer interaction, gaming, and virtual reality.

Video-based HAR and sensor-based HAR are two main types for recognizing human
activities. Sensor-based HAR involves collecting data from sensors, such as accelerome-
ters, gyroscopes, and magnetometers, on a device like a smartphone or a smartwatch.
The data is then processed and used to classify different human activities. Video-based
HAR involves using cameras to capture human movements and actions, which are then
processed and classified using computer vision techniques. This type is useful for recog-
nizing activities that involve complex body movements, such as sports, dance, and yoga,
and can provide high accuracy when the data is of good quality. Both sensor-based HAR
and video-based HAR have their strengths and limitations, and the choice of approach
depends on the specific application and context. In the developed system we applied
video-based approach for several reasons:

- High accuracy: Video-based HAR can provide high accuracy when the data is of
excellent quality. This is because video can capture fine-grained details of human
movements and actions, making it easier to distinguish between different activities.

- Rich data: Video-based HAR can provide rich data that can be used for other purposes,
such as studying human behavior, developing virtual reality systems, and training
robots.

- Flexibility: Video-based HAR can be used in a wide range of settings, such as homes,
gyms, and public spaces. It can be used to monitor activities for health and wellness,
security, and entertainment purposes.

Nevertheless, video based HAR is a valuable tool in the field of activity recogni-
tion and has the potential to improve our understanding of human behavior in various
contexts[Snoun et al. 2021b][Snoun et al. 2022]. In the state-of-the-art Human activity
recognition typically involves two main phases: data acquisition and processing, and
activity classification.

- In the data acquisition and processing phase, data is collected from sensors or videos
then their features are extracted and used to classify different activities. Several
methods were employed to detect and extract meaningful features. We used the
MediaPipe algorithm that generates pose estimation in videos. MediaPipe’s pose
detection module uses a deep learning model to estimate the key points or landmarks
on the human body, such as the position of the nose, shoulders, elbows, wrists, hips,
knees, and ankles. These key points detected by the MediaPipe are extracted to be
classified in the next phase.



Jlidi N., Kouni S., Jemai O., Bouchrika T.: MediaPipe with GNN for ... 793

- In the activity classification phase, the extracted features (key points) are used as
inputs to a classification algorithm, which is trained to recognize different activities
based on the patterns in the data.

In this paper our contributions can be mainly summarised as three aspects:

— We presented a novel approach based on human poses extracted by the MediaPipe
algorithm from video. We extracted for each frame of the video the (x, y) coordination
of the detected key points.

— The extracted coordination was classified using Graph Neural Networks. GNN are
presented as graphs with nodes and edges. In our case we presented nodes as frames
that holds the list of the coordination of the key points and edges represents the links
between the frames (nodes) of one video.

— Our developed system has achieved competitive performances on the KTH and
UCF50 datasets, and previous studies verify the effectiveness of our main designs.

The paper is structured as follows: in section 2, we will analyse and discuss the
relevant literature on the HAR and review some of the key ideas and approaches, further-
more we will present some of previous works that are based on methods of detection and
activity classification existing approaches. Moreover, we present in details the concept
of Graph Neural Networks (GNN) and present some recent works that have applied
this concept to represent and classify data as graphs. Section 3 will be dedicated to
present and detail the architecture of the developed system. The experiments and their
corresponding results are detailed in section 4, discussion is presented in section5, while
section 6 concludes the study, and section 7 outlines potential future works.

2 Related Works

Overall, HAR is an important field of research that has applications in a wide range of
areas, including healthcare, sports science, and security. To supply a comprehensive
overview of the HAR, we review in this section the related works in the field.

In recent years HAR has become an active domain in deep learning. There are sev-
eral deep learning techniques used for HAR, including Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) net-
works and Graph Neural Networks (GNNs). These networks are used to process data
and to identify human activities such as walking, running, and sitting.

In the developed system we used GNNs concept. The GNN can detect how to
extract features from the graph and use these features to perform activity recognition.
Since our developed system focuses on different concepts; features extraction methods,
activity classification approaches and Graph Neural Networks, the related works will be
concentrated on previous approaches that have utilised these concepts.

2.1 Data acquisition and features extraction methods

Data acquisition refers to the process of collecting data from various sources such as
sensors, databases, websites, social media platforms, and other digital platforms. Data
acquisition can be performed manually or automatically using specialized software tools.



794 Jlidi N,, Kouni S, Jemai O., Bouchrika T.. MediaPipe with GNN for ..

Feature extraction is the process of identifying relevant features from data. Feature
extraction is a major step in machine learning and data analysis, as it can help to reduce the
dimensionality of the data, remove irrelevant information, and improve the performance
of the models.

There are several existing methods to extract features from videos; Mehrez Abdellaoui
et al[Abdellaoui and Douik 2020] divided the video clips from the KTH dataset[Schiildt
et al. 2004] into frames. After that, they converted the obtained result into binary frames
using two techniques. First, they employed thresholding algorithm where the object was
clearer compared to the background, then they used the background detection algorithm
for the frames that are characterized by similar degrees of illumination for the object and
the background. Later, they used some morphological filters like dilation, erosion, etc.

Interest points are often used in computer vision and image processing algorithms
as a way of detecting and tracking objects or patterns of interest. They are points or
regions within an image or video that have distinctive features such as corners or edges.
In the context of human action recognition, interest points can be used to model the
spatial and temporal distribution of features within a video, which can then be used to
extract view-invariant features that are robust to changes in viewpoint or camera angle.
Kuang-pen chou et al [Chou et al. 2018] developed a system that employs view-invariant
features to achieve precise and reliable action recognition from multiple viewpoints.
These view-invariant features are derived by extracting features from various temporal
scales, which are designed based on the explicit global, spatial, and temporal distribution
of interest points.

Histogram of Oriented Gradients (HOG) is a feature extraction technique commonly
used in computer vision and image processing. It involves dividing an image into small
cells and computing the gradient direction within each cell. These gradients are then
accumulated into a histogram of gradient directions, which captures the dominant edge
orientations in the image. The resulting feature vector can be used for tasks such as object
detection, recognition, and tracking. HOG is particularly useful in detecting objects that
have a distinctive edge or texture pattern, such as faces, pedestrians, and vehicles, and
has been used in various applications such as surveillance, autonomous vehicles, and
robotics. SIFT stands for Scale-Invariant Feature Transform. It is a computer vision
algorithm used to detect and describe local features in images, making it useful for tasks
such as object recognition [Liu et al. 2011] SIFT can identify key points in an image
that are invariant to changes in scale, orientation, and lighting conditions, making it
robust to various types of image transformations. These key points can then be used to
match images or to extract higher-level features, such as motion features, as described in
the paragraph you provided. Samarendra Chandan Bindu Dash et al [Dash et al. 2021]
proposed a new framework for recognizing human action that extracts high-level motion
features and in-depth features using a combination of SIFT as a handcrafted feature and
Convolution Neural Network (CNN). This combination preserves temporal information
from entire video frames. The proposed framework outperforms regular 3D CNN and
traditional handcrafted features such as optical flow with support vector machine (SVM)
and SIFT. The developed approach was tested on the UCF[Reddy and Shah 2013] and
KTH [Schiildt et al. 2004] datasets.

PTLHAR [Jlidi et al. 2020] is an approach developed by Nozha Jlidi et al. The
developed method is based on using body articulations in the human body, the system
used PoseNet [Papandreou et al. 2018] algorithm to extract human skeleton. Once
skeleton is obtained coordinates are extracted from each articulation. In the second phase
which is activity classification a transfer learning model is used to classify and recognize
the activity. The developed system was evaluated on two datasets which are KTH[Schiildt
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HW DO @DQG5*%' +XG$FW >QL HW DO @ .KDOHG %D\RXGI
DO @LQWURGXFHG D FRPSUHKHQVLYH +XPDQ $FWLYLW)\ 5HFR.
LQWHJUDWHY ERWK 'DQG '&RQYROXWLRQDO 1HXUDO 1HWZRUN
LQYROYHV XVLQJ WKH K\EULG &11 IHDWXUHV IURP YLGHR VHTXHQ
LQWRD/RQJB6KRUW 7HUP OHPRU\ /670 QHWZRUN WR HIIHFWLYHO\F
DQG ORQJ WHUP GHSHQGHQFLHV ZLWKLQ WKH GDWD VWUXFWXUH
WKH .7+ GDWDVHW >6FK<OGW HW DO @ \LHOGHG DQ LPSUHVVLY]
9 .DPEOHHW DO >.DPEOHDQG %LFKNDU @ SURSRVHG D +XPDQ
+$5 PHWKRG IRFXVHG RQ XQGHUVWDQGLQJWKHUHODWLRQVKLSE
RIDKXPDQ ZKLOH SHUIRUPLQJDFWLRQV 7KH\HPSOR\HG +LGGHQ 0
WR PRGHO KXPDQ DFWLYLWLHYV

6SDWLDO WHPSRUDO IHDWXUHY OLNHPRWLRQ YHFWRU DQG RS
IURP WKH5HJLRQV Rl ,QWHUHVW 52,V UHSUHVHQWLQJYDULRXYV
7KHVH IHDWXUHV ZHUH FURVV FRUUHODWHG WR FUHDWH IHDW X UH
EHWZHHQ GLIIHUHQW ERG\UHJLRQV 7KH\DFKLHYHG DFFXUDFLHV
HW DO @ GDWDVHW DQG RQ WKH .LWFKHQ GDWDVHW>'DP|
ZKHQ FRPSDUHG WR VWDWH Rl WKH DUW WHFKQLTXHV WKH SURSR
DFFXUDF\ ,QVWHDG RIKDQG FUDIWHG IHDWXUHV GHHS OHDUQLC
WR H[WUDFW LQWHUHVW SRLQWV IURP YLGHRV IRU XVH DV IHDW XU

6HQ 4LX HW DO>4LX HW DO @ SURSRVHD KROLVWLFIXVLRQ F
DQG PXOWL ORFDWLRQ VHQVRUV RIIHULQJD FRPSUHKHQVLYH X
VRU IXVLRQ PHWKRGV ZLWK D IRFXV RQ KXPDQ DFWLYLW\ UHFRJ(
>.XQFDQHW DO D@H[SORUHJHQGHULGHQWLILFDWLRQ XVLQJ DI
DQG J\WURVFRSHV DFKLHYLQJKLJK VXFFHVV UDWHV DQG LGHQW|
VPDUWSKRQH EDVHG +$5 )DWPD .XQFDQ HW DO >.XQFDQ HW DO
DSSURDFK XWLOL]JLQJ'RZQ 6DPSOLQJ2QH'LPHQVLRQDO /RFDO %LQ
IRUIHDWXUH H[WUDFWLRQ GHPRQVWUDWLQJDKLJKVXEFHVV UD\

@ OHYHUDJH GHHS OHDUQLQJIRU +$5LQ KHDOWKFDUH DSSOLFTC
DFFXUDF\UDWHV )XUWKHUPRUH )DWPD .XQFDQHW DO >.XQFDQ H\
XVLQJWKHORWLI3DWWHUQV 03 /RQJ 6KRUW 7HUP OHPRU\ /670
SKDVL]LQJWKHLPSRUWDQFHRIPHDQLQJIXO IHDWXUH H[WUDFWLE
VXFFHVV UDWH /DVWO\ )DWPD .XQFDQ HW DO >.XQFDQ HW DO
PHWKRG DSSO\LQJ*UD\/HYHO &R 2FFXUUHQFH ODWUL[ */&0 WR RQ|
IRUIHDWXUH H[WUDFWLRQLQ +$5 GHPRQVWUDWLQJ QRWDEOH V X
HITHFWLYHQHVYV

$FWLYLW\FODVVLILFDWLRQ

$FWLYLW\FODVVLILFDWLRQ XVLQJGHHS OHDUQLQJLVDQDFWLYH
RI SUHGLFWLQJWKHDFWLYLW\RUDFWLRQ WKDW KDV EHHQ SHUI
YLGHRRUDVHULHVRILPDJHVY 7KHUHDUHVHYHUDO W\SHV RI GH
RZQ XQLTXHDUFKLWHFWXUH 6RPHRIWKHPRVWFRPPRQ W\SHV RI

&RQYROXWLRQDO 1HXUDO 1HWZRUNV &11V $UH XVXDOO\ XVHG
VXFKDV LPDJH FODVVLILFDWLRQDQG REMHFW GHWHFWLRQ 7K
OHDUQORFDOIHDWXUHVIURPWKHLQSXWGDWD ZKLFKDUH WKH!

5SHFXUUHQW 1HXUDO 1HWZRUNV 511V $UH XVHG IRU SURFHVVL
DVVSHHFKDQG WH[W 7KH\FDQ FDSWXUH WHPSRUDO GHSHQC
FROQOQHFWLRQV EHWZHHQ WKH KLGGHQ XQLWV RIWKHQHWZRUN
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*HQHUDWLYH $GYHUVDULDO 1HWZRUNV *$1V $UHXVHGIRUJHQ!
7TKH\FRQVLVWRIDJHQHUDWRU QHWZRUN WKDW SURGXFHV QHZ
WKDW WULHV WR GLVWLQJXLVKEHWZHHQ WKHUHDODQG JHQHU

$XWRHQFRGHUV $UH XVHG IRUOHDUQLQJD FRPSUHVVHG UHSU
7TKH\FRPSULVHDQHQFRGHUQHWZRUNWKDWUHGXFHVY WKH GDWL
WKDW JHQHUDWHY WKHLQLWLDO GDWD I[IURP WKH FRPSUHVVHG

'HHS 5HLQIRUFHPHQW /HDUQLQJ &RPELQHV GHHS OHDUQLQJ ZLW
DW\SHRIPDFKLQH OHDUQLQJWKDWLQYROYHV OHDUQLQJWKUR
XVHG WR GHYHORS $, DJHQWYV WKDW FDQ SOD\JDPHV DQG SHUIR

*UDSK1HXUDO 1HWZRUNV *11V ,VDW\SHRIQHXUDO QHWZRUND
DQG SURFHVV GDWD WKHGDWDLQ *11LVUHSUHVHQWHG DV D J
HGJHV

1XPHURXV H[LVWLQJ DSSURDFKHV KDYH XWLOLVHG WKH FRQFHS
IHDWXUHV RUWR FODVVLI\DFWLYLWLHYV $Q DSSURDFK GHYHORSH
DO @ XVHG GHHS OHDUQLQJ FRQFHSW WR GHWHFW VXVSLFLRXV
HQYLURQPHQWY VHQGLQJ ZDUQLQJPHVVDJHVY WR DSSURSULDW
DFWLYLW\LVY SUHGLFWHG 7KH GHYHORSHG V\VWHP LV EDVHG RQ"
511 &11ZDV XVHG WR H[WUDFW IHDWXUHV IURP LPDJHV DQG 511 IR
7KH FUHDWHG IUDPHZRUN XVHG D SUHWUDLQHG PRGHO QDPHG 9**
,PDJH1HW GDWDVHW >'HQJHW DO @ 7TKH\WHVWHG WKH GHYH(
GDWDVHWV VXFKDV.7+>6FK+«OGW HW DO @ %DVDYDLDKDQG 3DW
SURSRVHD PHWKRG IRUKXPDQDFWLYLW\GHWHFWLRQDQG DFWL
&11V 7KHJRDO RIWKH SURSRVHG DSSURDFK LV WR GHWHFW DQG U
UHDO WLPH XVLQJYLGHR 7KHDXWKRUV XVHG D FRPELQDWLRQ RI F
H[WUDFWLRQ DQG D &RQYROXWLRQDO 1HXUDO 1HWZRUN EDVHG F(
IORZWR HVWLPDWH WKHPRWLRQ YHFWRUV RIWKHREMHFWYV LQ W
FRPSXWHWKHVSHHGDQG GLUHFWLRQ RI WKHPRWLRQ
,QDGGLWLRQWR 6,)7DQG RSWLFDO IORZ WKHDXWKRUV DOVR
DQG RULHQWDWLRQ IHDWXUHV WR IRUPXODWH D UREXVW VHW RI IH|
FRPELQDWLRQRIWKHVHYDULRXV IHDWXUHV DOORZV IRUD PRUH FF
WKHKXPDQDFWLYLWLHVLQ WKHYLGHR OHDGLQJWRLPSURYHG DF
VLILFDWLRQ SURFHVV +HQJ:DQJDQG&RUGHOLD6B6FKPLG >:DQJDQG
DQDSSURDFKWRHQKDQFH GHQVH WUDMHFWRULHV E\DFFXUDWHO)
UHPRYHG EDFNJURXQG WUDMHFWRULHY DQG DSSOLHG D UREXVV
RSWLFDO IORZ 7KH GHYHORSHG DSSURDFK ZDV WHVWHG RQ IRX!

LH +ROO\ZRRG >0DUV]IDOHNHWDO @ +0'% >3UDQGMHORYLE
20\PSLF6SRUWV >1LHEOHYVY HW DO @DQG 8&) >5HGG\DQG 6KD
RXWSHUIRUP WKH FXUUHQW VWDWH RI WKHDUW

6KLZHL =KDQJHW DO >=KDQJHWDO @ SURSRVHG QRYHO PHWK

JLQ3DUW 003 DQGDUHFXUVLYHIUDPHZRUNIRUVHOHFWLQJ WKH
SDUWVLQYLGHRVIRUKXPDQDFWLRQUHFRJIJQLWLRQ 7KH\VKRZHG
SDUW VHW E\FRQVLGHULQJWKHFRUUHODWLRQDPRQJWKHSDUYV
XVHG D UHFXUVLYH SDUW HOLPLQDWLRQ 53( VFKHPHWRUHILQH FLC
GLGDWHFOXWWHU +RZHYHU D SRWHQWLDO OLPLWDWLRQ RI WKH
RQ SULPDU\ YLGHRVDQG PD\ODFN VHPDQWLF LQIRUPDWLRQ GXF
GHVFULSWRUV ORWLRQNH\SRLQW 7UDMHFWRU\ 0.7 DQG 7UDMHFW
GHVFULSWRUIRUKXPDQDFWLRQ UHFRJQLWLRQ ZHUH GHVLJQHG E\
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:DQJ @ 7TKHO.7DSSURDFKWUDFNV PRWLRQ NH\SRLQWYVY DW PXOV
WKH7%& GHVFULSWRU EDVHG RQ WKHFRYDULDQFH PDWUL[UHSUH
WKHOLQHDUUHODWLRQVKLSY EHWZHHQ WKHGHULYDWLRQV RI Gl

,QWKLV ZRUN >+XVVDLQ HW DO @ SUHVHQWDQRYHO PHWK
DSSURDFKGURSVWKHQHHGIRUFRQYROXWLRQV DOORZLQJIRULP:
WLDO LQIRUPDWLRQ 7KHSURSRVHGDSSURDFKLQYROYHV WZR NH\
SUHWUDLQHG9LVLRQ 7UDQVIRUPHUWRH[WUDFWIHDWXUHYVY 1H[W
ORQJVKRUW WHUPPHPRU\ /670 SURFHVVLQJ HIIHFWLYHO\FDSW X
FLHVLQVXUYHLOODQFHYLGHRY 7KH\FRQGXFWHG HIWHQVLYHHI[S
DQG 6KDK @DbQG+0'% +$5GDWDVHWY 7KH\DFKLHYHG DFFX
DQG D VLJQLILFDQW LPSURYHPHQW RQ +0'% 5DKX0O .XPDU D
PDU>.XPDUDQG .XPDU D@ IRFXVHG RQHPSOR\LQJUHFHQW SUH
PRGHOV SDUWLFXODUO\WKHO9LVLRQ 7UDQVIRUPHUPRGHO WRDFF
7KH97 PRGHO NQRZQIRULWYV GHHS DUFKLWHFWXUH LV KLJKO\HII
7TKH\FRPSDUHG WKH SHUIRUPDQFH RIWKH97 PRGHO ZLWK VWDWH R
8&) GDWDVHW>5HGG\DQG 6KDK @ 7KH\HPSOR\HGDOVRGLIIHU
WKHLU VA\VWHP VXFKDVI VFRUH SUHFLVLRQ DQGUHFDOO 5DKXO
>. XPDUDQG .XPDU D@DFKLHYHG DFFXUDF\

,Q>.XPDUDQG .XPDU E@ IRFXVRQ +$5 XVLQJYLVXDO GDWD
VLIQLILFDOQOWDWWHQWLRQLQ WKHILHOG RIFRPSXWHU YLVLRQ GXI
VXFKDVKHDOWKPRQLWRULQIJDQG KRPHDXWRPDWLRQ +RZHYHU +
PDQ YDULDQFHVY RFFOXVLRQ OLJKWLQJFKDQJHVY DQG FRPSOH[EL
LVVXHV WKH\H[SORUHG WKH XVH RI'HHS /HDUQLQJ '/ PRGHOV IR
FODVVLILFDWLRQ 7KHV\SURSRVHGDQDSSURDFKWKDW HPSOR\V SU
VSHFLILFDOO\ 9** '"HQVH1HW DQG (I ILFLHQW1HW WRH[WUDFW I
LPDJHV UHSUHVHQWLQJKXPDQ DFWLRQV 7KHG6RIWOD[ OD\HU LV XV
LQJHDFKDFWLRQ WR LWV FRUUHVSRQGLQJFODVV ODEHO 7KH H[SF
8&) DFWLRQGDWDVHW>5HGG\DQG 6KDK @ 7KHWHVWLQJDFF
PRGHOVDUHUHSRUWHGDVIROORZV 9** '"HQVH 1HW D

*UDSK1IHXUDO 1HWZRUNYV

*UDSK 1HXUDO 1HWZRUNV *11V ZHUHILUVW LQWURGXFHG E\ >*R
GDWD ZLWK D JUDSK VWUXFWXUH XVLQJ QHXUDO QHWZRUNV ,Q VI
GDWD VHW FDQ EH IUDPHG DV JUDSK GLUHFWHG RU XQ GLUHFWH
GDWD LQVWDQFH LV WUHDWHG DV D QRGH DQG ZHFDQ HVYWDEOLVK
QRGHV EDVHG RQ VLPLODULW\PHDVXUHV :KHUH* 9 ( UHSUHVHQ
WR WKH QXPEWERI QRBUN 9 LV WKH YHUWH[ VHW DQG HGJHV EHWZH |

*11V DUH LQFUHDVLQJO\ EHLQJ XVHG IRU DFWLYLW\ FODVVLIL
DSSOLFDWLRQV $FWLYLW\FODVVLILFDWLRQ XVLQJ*11VLQYRO"
DVDJUDSK ZLWK QRGHV UHSUHVHQWLQJ GLVWLQFW SDUWV RI W
WKH UHODWLRQVKLSY EHWZHHQ WKHP 7KH QRGHV FDQ UHSUHYV
YLGHR VXFKDV PRWLRQ YHFWRUV RULPDJHIUDPHY ZKLOH WKH HG
UHODWLRQVKLSY EHWZHHQ WKHP %\ UHSUHVHQWLQJWKH YLGHR
DQG PRGHO WKH FRPSOH[ GHSHQGHQFLHV DQG UHODWLRQVKLSV\
YLGHR 7KH *11 DUFKLWHFWXUH LV GHVLJQHG WR HQDEOH VLJQL
VHUYHV WR SUHYHQW RYHUILWWLQJ

7ULGLY 6ZDLQHW DO >6ZDLQ HW DO @ LQWURGXFHG D PHWKR
DQG UHSUHVHQWLQJWKH 'SRVHV RIKXPDQ ERGLHV XVLQJJUDSK
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LVWR FUHDWH D VNHOHWRQ OLNH GHSLFWLRQ RI D SHUVRQYV S
FRRUGLQDWHV IRU HDFK MRLQW H J DUPV KHDG WRUVR 7RI
JUDSK QHXUDO QHWZRUNV WR SUHGLFW KXPDQ SRVHV E\PRGHOL
XQRUGHUHG OLVW 7KLV QRYHO DSSURDFK VLJQLILFDQWO\HQKD
SRVHHVWLPDWLRQ DVHYLGHQFHG E\DFKLHYLQJDKLJK YDOLGD)
DQG .LP @ WKHDXWKRUV SURSRVHG D QRYHO KXPDQ DFWLYL
FRPELQHV D SUH WUDLQHG PRGHO ZLWK JUDSK QHXUDO QHWZRUNV
RIUDGDU GDWD 7KH SUH WUDLQHG PRGHO H{WUDFWV 'KXPDQ MRI
WKH UDGDU DQG .LQHFW GDWD VHUYLQJDV JURXQG WUXWK 7Kt
VSDWLDO WHPSRUDO LQIRUPDWLRQ IURP WKHVH MRLQW FRRUGLQTE
DQLPSUHVVLYHDFFXUDF\RI RXWSHUIRUPLQJRWKHU EDVHOLC

7KHDXWKRUV LQ>/HHDQG .LP @ LQWURGXFHG 07*($ DQ LQQF
VI\VWHP IRUUHFRJQL]JLQJKXPDQ DFWLYLWLHVLQD '"HQYLURQPHGQ
IURP PP:DYHUDGDU GDWD 7RLPSURYHUHFRJQLWLRQ DEFXUDF\
WLPRGDO WZR VWUHDP IUDPHZRUN WKDW LQFRUSRUDWHY SUHFL
PRGHOV $GGLWLRQDOO\ WKH\FXUDWHG D QHZ GDWDVHW QDPHG "’
UDGDUDQG .LQHFW GDWD DQG PDGHDOO UHODWHG GDWD DQG FF
SURSRVHG PRGHO SURYHV HITHFWLYHLQ UHFRJQL]LQJKXPDQ DFW
PRUH HQKDQFHPHQWY WR EHWWHU PDQDJH VLPSOHU DFWLYLWLH)

,Q WKHGHYHORSHG V\VWHP ZH FRQVWUXFWHG D JUDSK ZLWK Q
YLGHR 3DUWLFXODUO\ LWUHSUHVHQWY WKHH[WUDFWHG NH\ SR
>/XJDUHVL HW DO @ ZLOO EH GHWDLOHG LQ VHFWLRQ  $QG |
OLQNV EHWZHHQ IUDPHV IURP WKH VDPH YLGHR 7KHLPSOHPHQWH
LQ QH[W VHFWLRQ

3URSRVHG DSSURDEFK

7TKHSURSRVHGDSSURDFKSUHVHQWVD QRYHOPHWKRGLQWKHILHO
7TKHGHYHORSHG VA\VWHP LV GLYLGHGLQWR WZR PDMRU SKDVHYV
HIWUDFWLRQDQG DFWLYLW\FODVVLILFDWLRQDVDVHFRQG SKDV

JLIXUH 'DWDDFTXLVLWLRQDQG IHDWXUHV HIWUDFWLRQ SKEL



-OLGL1 .RXQL6 -HPDL2 %RXFKULND7 OHGLD3LSHZLWK*11IRU

JLIXUBFWLYLW\FODVVLILFDWLRQ SKDVH

,QWKLV VHFWLRQ ZH ZLOO SUHVHQW LQ GHWDLO WKH SURFHVV I

'‘DWD DFTXLVLWLRQDQG IHDWXUHV HIWUDFWLRQ

+XPDQ SRVHHVWLPDWLRQ UHIHUV WR WKH SURFHVV RIGHWHFWL
RI YDULRXV ERG\ SDUWV RI D KXPDQ ERG\ VXFKDV WKH KHDG VI
KLSV NQHHYV DQGDQNOHV LQDQLPDJHRUDYLGHR 7KLV WHFK
FDWLRQV LQFOXGLQJKXPDQ FRPSXWHULQWHUDFWLRQ JDPLQJ
DQG KHDOWKFDUH 7KHUHDUH YDULRXVY PHWKRGV WR H{WUDFW K
>3DSDQGUHRXHWDO @ OHGLD3LSH>/XJDUHVLHWDO @
$VPHQWLRQHG LQ WKHVWDWH RI WKH DUW +$5LV GLYLGHG LQYV
ZHZLOO GHDO ZLWK WKH ILUVW SKDVH ZKLFK LY GDWD DFTXLVLW
DFFRPSOLVK WKLY SKDVH ZHH[WUDFWHG KXPDQ SRVHIRU HDFK
OHGLD3LSH>/XJDUHVLHWDO @ IUDPHZRUN WKDW ZLOO EH GHYV

OHGLD3LSHIRUIHDWXUHVY HIWUDFWLRQ

7TUDGLWLRQDO PHWKRGV IDFHOLPLWDWLRQV GXHWRWKHLU UHOLTCL
WLRQV UHVXOWLQJLQVXERSWLPDO SHUIRUPDQFHLQVFHQDULRV
QXDQFHGLQWHUDFWLRQV 7KHVHFRQYHQWLRQDODSSURDFKHV VYV
LQSRVHVDQG JHVWXUHYVY OHDGLQJWRGHFUHDVHG DFFXUDF\ 7F
SURSRVHG PHWKRG XWLOL]JHV WKH VWUHQJWKY RIOHGLD3LSHIRU
+XPDQ SRVHHVWLPDWLRQ KDV PDQ\DSSOLFDWLRQV LQ FRPSXWHL
KXPDQ FRPSXWHULQWHUDFWLRQ DFWLRQUHFRJQLWLRQ PRWLR
PHOWLRQHG SUHYLRXVO\ZHDSSOLHGOHGLD3LSH>/XJDUHVLHWDO
IURP YLGHRY OHGLD3LSH>/XJDUHVLHWDO @LVDQRSHQ VRXUF
*RRJOH WKDW SURYLGHV GHYHORSHUV ZLWK D FRPSUHKHQVLYH S
PXOWL PRGDO PDFKLQH OHDUQLQJ 0/ SLSHOLQHV ,WHQDEOHV W
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FRPSXWLQJDSSOLFDWLRQV VXFKDVYLGHRDQDO\VLVY JHVWXUH U
OHGLD3LSHDOJRULWKP SUHGLFWV WKHORFDWLRQRI SRVHODQG
DQGOHIWNQHHDQG EDFNJURXQG VHIPHQWDWLRQ PDVNRQ WKH
IUDPHV )LJXUH

JLIXUBRVHVY GHWHFWHG EA\OHGLD3LSH

J)LIXUH UHSUHVHQWV H[DPSOHV RIVNHOHWRQ JHQHUDWLRQV |

JLIXUBNHOHWRQ JHQHUDWLRQ XVLQJOHGLD3LSH

$IWHU REWDLQLQJWKHKXPDQ VNHOHWRQ XVLQJWKHOHGLD3LS!
E\H[WUDFWLQJWKHFRRUGLQDWLRQ [ \ RIWKHNH\SRLQWYV DV D
NH\SRLQWYV ‘HVDYHWKHVHH[WUDFWHG IHDWXUHV LQWR D &69 I/
DQG1OLQHYV 1 UHSUHVHQW WKH QXPEHU RIIUDPHY LQ WKH YLGF
DWWULEXWHDQ ,'"IRUHDFKYLGHR RQ WKHFODVV WKHQ FROXPQ
IHDWXUHV IURP WKH OHGLD3LSHDQG WKH FODVV QDPH DV WKH C
DSSOLHGIRUWKH ZKROH GDWDVHW )LIJXUH UHSUHVHQWYV DQ H[D
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JLIXURBRRUGLQDWHYVY HIWUDFWLRQ

$FWLYLW\&ODVVLILFDWLRQ

$FWLYLWN\FODVVLILFDWLRQLVY WKHSURFHVVRILGHQWLI\LQJDQDF
FODVVHV RUFDWHJRULHYV $FWLYLWLHVY FDQEH ZDONLQJ UXQQL
ZHPHQWLRQHG SUHYLRXVO\ ZH XVHG WKH *UDSK 1HXUDO 1HWZR|
FRRUGLQDWHY RI WKHVNHOHWRQ REWDLQHG IURP WKHOHGLDS3L:
ZLWK QRGHVYV DQG HGJHV $V SUHYLRXVO\GLVFXVVHG DJUDSK L\
HGJHV $IWHUH[WUDFWLQJIHDWXUHY VSHFLILFDOO\WKHFRRUGL(
RIWKH KXPDQ ERG\ WKH QRGHV ZLWKLQ WKH JUDSK UHSUHVHQW
I UDPH ZKLOHWKHHGJHVUHSUHVHQW WKHFRQQHFWLRQV EHWZHH
WKHPDWFKHG FODVV )LIJXUH VKRZVKRZZH SUHVHQWHG WKH QR

JLIXUBRGHVY UHSUHVHQWDWLRQ

$VPHQWLRQHG HDUOLHU LQRXUSURSRVHGDSSURDFK HDFK QR
QDWHV RIRQH IUDPH ZLWKLQ D YLGHR 7KLV LPSOLHVY WKDW WKH Q
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HTXDO WR WKHWRWDO QXPEHU RITUDPHVLQ WKHYLGHR 7RHVWDE
QRGHVY ZHFUHDWHG HGJHV WKDW OLQN WKHFRRUGLQDWHG H[WL
UHSUHVHQWLQJWKH YLGHRDVDJUDSK )LJXUH

)LIXUBUDSK FRQVWUXFWLRQ

W\ \FRQVWUXFWLQJVXFKDJUDSKUHSUHVHQWDWLRQ ZHFDQDQD
QHWZRUN ZLWKIUDPHVUHSUHVHQWHGDV QRGHVDQG WKHUHODW!|
E\HGJHVY ORUHRYHU WR IDFLOLWDWH FRPSDULVRQDQG FODVVL
UHSUHVHQWDWLRQEVOLQNLQJVXEJUDSKV IURP GLITHUHQW YLGHR
7KLYV OLQNLQJ SURFHVV DOORZV XVWR FRQQHFW UHOHYDQW YLC
JLIXUH VKRZVDQH[DPSOHRIKRZJUDSKLVY  FRQVWUXFWHG

JLIXUAIDPSOH RI &RQVWUXFWHG *UDSK

TR FRQFOXGH WKH SURSRVHG DSSURDFK SUHVHQWYV VHYHUDO D (
WLRQRIDJUDSK EDVHG UHSUHVHQWDWLRQ HQDEOHV WKH PRGH
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