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Abstract

Channel estimation is the process of understanding and analyzing the wireless
communication channel’s properties. It helps optimize data transmission by providing
essential information for adjusting encoding and decoding parameters. This thesis
explores using a Convolutional Neural Network (CNN) for channel estimation in the 5G
Link Level Simulator, 5G-LLS, developed by Tietoevry. The objectives were to create
a Python framework for channel estimation experimentation and to evaluate CNN’s
performance compared to the conventional algorithms Least Squares (LS), Minimum
Mean Square Error (MMSE) and Linear Minimum Mean Square Error (LMMSE). Two
distinct channel model scenarios were investigated in this study.

The results from the study suggest that CNN outperforms LMMSE, LS, and MMSE
regarding Mean Squared Error (MSE) for both channel models, with LMMSE at second
place. It managed to lower to the MSE by 85% compared to the LMMSE for the
correlated channel and 78% for the flat fading channel. In terms of the overall system-
level performance, as measured by Bit-Error Rate (BER), the CNN only managed to
outperform LS and MMSE. The CNN and the LMMSE yielded similar results. This
was due to that the LMMSE’s MSE was still good enough to demodulate the symbols
for the QPSK modulation scheme correctly.

The insights in this thesis work enables Tietoevry to implement more machine learning
algorithms and further develop channel estimation in 5G telecommunications and
wireless communication networks through experiments in 5G-LLS. Given that the
CNN did not increase the performance of the communication system, future studies
should test a broader range of channel models and consider more complex modulation
schemes. Also, studying other and more advanced machine learning techniques than
CNN is an avenue for future research.
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Sammanfattning

Kanalestimering ar en process i tradlosa kommunikationssystem som handlar om
att analysera och forstd det traddlosa mediumets egenskaper. Genom effektiv
kanalestimering kan dataoverforingen optimeras genom att anpassa signalen efter den
tradlosa kanalen. Detta arbete utforskar anvandningen av ett konvolutionellt neuralt
natverk (CNN) for kanalestimering i Tietoevrys 5G-datalankslagersimulator (5G-LLS).
Malen ar att (1) skapa ett Python-ramverk for kanalestimeringsexperiment samt
att (2) utvardera CNN:s prestanda jamfort med konventionella algoritmerna minsta
kvadratmetoden (LS), minimalt medelkvadratsfel (MMSE) och linjart minimalt
medelkvadratsfel (LMMSE). Tva olika kanalmodellsituationer undersoks i detta
arbete.

Resultaten visar att CNN overtraffar LMMSE, LS och MMSE i form av medelkvadratisk
fel (MSE) for bada kanalmodellerna, med LMMSE pa andra plats. CNN:n lyckades
minska MSE:n med 85% jamfort med LMMSE for den korrelerade kanalen och
med 78% for den snabbt dampande kanalen. Vad giller systemnivaprestanda,
matt med hjilp av bitfelsfrekvens (BER), lyckades CNN endast overtraffa LS och
MMSE. CNN och LMMSE gav liknande resultat. Detta beror pa att LMMSE:s MSE
fortfarande var tillrackligt lag for att korrekt demodulera symbolerna for QPSK-
modulationsschemat.

Resultatet fran detta examensarbete mojliggor for Tietoevry att implementera fler
maskininlarningsalgoritmer och vidareutveckla kanalestimering inom
5G-telekommunikation och tradl6sa kommunikationsnéatverk genom experiment i 5G-
LLS. Med tanke pa att CNN inte overtraffade samtliga kanalestimeringstekniker bor
framtida studier testa ett bredare utbud av kanalmodeller och 6verviaga mer komplexa
moduleringsscheman. Framtida arbeten bor dven utforska fler och mer avancerade
maskininlarningsalgoritmer an CNN.
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Chapter 1

Introduction

5G New Radio (NR) is the fifth generation of wireless mobile technology. The demand
for enhanced capabilities offered by 5G NR has been fueled by rapid technological
advancements and the increasing need for high-speed connectivity. 5G NR is expected
to provide faster data transfer speeds, lower latency, and increased capacity for
connected devices compared to previous generations, enabling a wide range of new
applications and use cases, such as remote surgery, autonomous vehicles, and smart
cities. It is designed to accommodate the growing number of IoT devices, with
predictions indicating that the number of such devices alone will reach 75 billion by
2025 [8]. 5G NR aims to serve both machine-to-machine communication and people,
striving to deliver a seamless and responsive experience for all. These advancements
are made possible through collaboration among various underlying technologies, one
of the being channel estimation.

Channel estimation is a principal component for ensuring a reliable and efficient
communication between base station antennas and user devices. The characteristics of
the channel are estimated through the use of Demodulation Reference Signals (DMRS),
a signaling sequence known both to transmitter and receiver. Using this, the receiver
is able to demodulate the signals and establish the Channel State Information (CSI).
Three widely used techniques for this are Least Squares (LS), Minimum Mean Square
Error (MMSE) and Linear Minimum Mean Square Error (LMSSE). These techniques
rely on assumptions about the channel which may not capture the complexity of
real-world scenarios. While sufficient, research have showed promising results
incorporating Deep Learning methods in other modules of the 5G physical layer [25,
28, 41]. Tietoevry therefore aims to investigate the potential of machine learning and
Artificial Intelligence (AI) approaches in their 5G Link Layer Simulator (5G-LLS) to
enhance the performance of channel estimation and further improve communication
reliability and efficiency. This however depends on an accurate mathematical model
of the channel for it to be applicable.
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1.1 Background

Tietoevry has developed 5G-LLS to enable smooth and flexible experimentation with
link layer and physical layer functionality. The simulator encompasses a wide range of
techniques such as channel estimation, channel coding, modulation, MIMO settings,
and more. It can be effortlessly extended and customized to optimize and evaluate
various link layer and underlying functionalities.

Machine Learning and AI adaptions has recently seen a surge in academic and
industrial wireless communication contexts (signal decoding, radio resource allocation
and channel estimation, etc) [2]. The channel estimation module within the simulator
currently only uses conventional algorithms. Tietoevry has offered this thesis to
incorporate machine learning and AI methods into 5G-LLS to determine whether it
is possible to make an improved channel estimator based on these techniques.

1.2 Problem Description

The current channel estimation module in Tietoevry’s 5G Link Layer Simulator relies
on conventional algorithms, which may not fully exploit the potential performance
improvements offered by machine learning and AI techniques. As these new
techniques have shown promising results in various wireless communication contexts,
Tietoevry sees a need to investigate their applicability and effectiveness in enhancing
channel estimation within the 5G-LLS. This thesis aims to address the following
research question: Can machine learning and artificial intelligence methods be
incorporated into the channel estimation module of the 5G Link Layer Simulator
to improve its performance, and if so, what are the key factors influencing their
success?

To answer this question, this thesis’ purpose is to implement a framework for
Tietoevry in which they can easily build, test and export models to the 5G-LLS.
5G-LLS is implemented in Matlab, though Tietoevry has requested that the framework
leverages open source machine learning and Al frameworks for building the models.
Furthermore, after implementation, the exported models are evaluated and tested
against pre-implemented conventional channel estimation methods.

1.3 Thesis Objective

This thesis’ purpose is to examine the potential benefits of using machine learning
models to improve the accuracy over conventional channel estimation techniques.
Evaluation and testing is done in Tietoevry’s 5G-LLS.
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1.4 Thesis Goals

The overall objective for this thesis is to implement machine learning models in Python
to leverage open source machine learning frameworks and export them to Tietoevry’s
testbed running 5G-LLS for evaluation. In particular, the goals with this thesis work
are to:

1. Understand the purpose and workings of conventional channel estimation
techniques

2. Explore related work for current research in optimizing channel estimation
3. Build an Python program to train and export models to 5G-LLS simulator
4. Train, test and tune models

5. Evaluate the performance of the models in terms of BER over SNR and MSE over
SNR.

1.5 Ethics and Sustainability

The workings of this thesis in no way affect privacy or security of user data, nor does
it introduce biases to usage scenarios and/or user groups. In terms of sustainability,
5G NR networks improves on previous generations in terms of energy efficiency,
environmental and societal impact. 5G NR has been designed with energy efficiency
in mind. On top of that, accurate channel estimation reduces the need for excessive
retransmissions and signal amplification, resulting in lower energy consumption and
increased network capacity. Lastly, an accurate channel enables a more reliable
network, essential for everything from remote surgery to smart cities[13].

1.6 Methodology

The methodology in this thesis project has been separated into different phases and
uses mixed methods.

1. Phase 1: Researching existing algorithms and approaches for channel
estimation and familiarizing with relevant 5G modules.

2. Phase 2: Finding related work to explore machine learning techniques and
identify promising results.

3. Phase 3: Implementing suitable algorithms and integrating the models into
5G-LLS simulator.

4. Phase 4: Testing and tuning the models using Tietoevry’s test-bed.
The overall methodology used in this study aims to provide a comprehensive and

rigorous analysis of the potential benefits of using machine learning for channel

3
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estimation in 5G systems.

1.7 Stakeholders

This thesis project was offered by and is conducted under Tietoevry’s supervision.
Tietoevry sought to determine the whether utilizing machine learning techniques for
channel estimation could achieve an improved performance in terms of Bit-Error-
Rate over SNR. A positive result would enable the use of more advanced modulation
schemes, as the receiver will receive a more fine-grained signal to read from. All in all,
it enables more robust signal and more data transmitted for a given bandwidth.

1.8 Delimitations

The main focus of this project is to provide Tietoevry with an open source alternative
to test and simulate machine learning approaches to deal with channel estimation.
The work then implements a machine learning model to be compared with existing
algorithmic methods. The work should be compatible with Tietoevry’s 5G-LLS
simulator. While the simulator provides a valuable platform for conducting controlled
experiments, it is important to acknowledge that the simulation environment may not
fully replicate the complexities and nuances of a real-world communication system.
The results and conclusions drawn from this study may not directly apply to other
channel models with different characteristics. Furthermore, It should be noted that the
effectiveness of the machine learning model and conventional algorithms for channel
estimation may vary for different modulation schemes, and that the results obtained
in this study are specific to the chosen modulation scheme.

1.9 Outline

This thesis is structured as follows. In Chapter 2, the necessary background
information for 5G NR, channel estimation, and machine learning is presented,
accompanied with related work in the field. Chapter 3 describes the design of the
machine learning methodology that was used to address the problem. Chapter 4
describes how the simulations were carried out along with what metrics are being
measured. Chapter 5 displays the result and presents the main findings of the work.
Lastly, chapter 6 concludes the work by providing a summary and brief discussion of
the work.



Chapter 2

Background

This chapter aims to establish the theoretical foundation for the thesis work. It
begins with a description of 5G networks in 2.1, providing an overview of its
functioning and key components. Subsequently, 2.2 delves into the topic of channel
estimation, discussing its importance and various techniques employed in estimating
the characteristics of wireless communication channels. Finally, 2.3 offers a
background on different methodologies in Machine Learning and Al highlighting their
relevance and potential application in improving channel estimation.

2.1 5G NR and Mobile Networks

The rapid evolution of mobile wireless technology has witnessed significant
advancements over the years, with each generation pushing the boundaries of
connectivity and communication. In this context, 5G NR emerges as the latest
milestone, surpassing its predecessors such as 4G LTE and 3G UMTS. Designed to
meet the escalating demands for enhanced quality in wireless communication, 5G
technology integrates various cutting-edge technologies and techniques. Multiple-
Input Multiple-Output (MIMO), mmWave communication, and the Orthogonal
Frequency Division Multiplexing (OFDM) technique describe a small part of a broader
set of technologies cooperating to fulfill users’ increasing requirements [1]. This
section provides an overview of the physical layer in 5G, including the downlink
physical channels and the 5G NR processing chain. It also highlights the significance of
accurate channel estimation and resource mapping in enabling advanced modulation
schemes and efficient resource allocation within the resource grid.

2.1.1 Physical Layer

The physical layer is responsible for transmitting and receiving data over the wireless
medium. To do so reliably and efficiently, it is required to incorporate several functions
and processes. These include modulation and demodulation, coding and decoding,
scrambling and descrambling, resource mapping, MIMO processing, synchronization,

5
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FKDQQHO HVWLPDWLRQ DQG SRZHU FRQWURO 7KHVH SURI
SURFHVVLQJFKDLQ ZKLFKLQFOXGHV HQFR G KRIVRISSHUDWILLR®
%6DQG GHFRGLQJ RSHUDW LRMHWIWXLRSHGWHLY HU

$ 'RZQOLQN 3K\WLFDO &KDQQHO LV UHVSRQVLEOH IRU WUDC
LQIRUPDWLRQ RUV\WWHP LQIRUPDWLRQ IURP KLJKHU OD\HU"
WR VKH7KUHH GRZQOLQN SK\VLFDO FKDQQHOV DUH GHILQHG
UHVRXUFH HOHPHQWY FRQYH\LQJLQIRUPDWLRQ IURP KLJKH!L

$+3K\VWLFDO 'RZQOLQN 6K®'UGEG&KDQQHO
$+3K\VLFDO %URDGFDWE+&KDQQHO
$+3K\VLFDO 'RZQOLQN &RQWERO &KDQQHO

8VHU GDWD DQG FRQWURO LQIRUPDWLRQ IURP KLJKHU OD\H
OD\HEYQOLQN 6KDUHG &RBQROKIOFK WKURXJK D VHULHV RI RSH
SURFHGXUHVY DUHBDG6&HBWRIWERKHLEHG LQ V 8BAHFMWIUR G V
HVVHQWLDO VI\VWHP LQIRUPDWLRQ VXFK DV FHOO LGHQWLW
SDUDPHWHUV QHFBYVWRBWARMWIKH G VIQFKURQLJH&ZEWK WKH C
FDUULHVY FRQWURO LQIRUPDWLRQ VXFKDV VFKHGXOLQJDVV]
SRZHU FRQWURO FRPPDQGV

3URFHVVLQJ &KDLQ

TKHWUDQVPLVVLRQRSHUDWLRQV DRQ® @G BRKBHB XWKIN EK\W FZ HBIC
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$*HQHUDWHVLIQDOV DQGDGGLQJD F\FOLF SUHIL]
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DQG 5HVRXUFH 0DSSLQJ ER[HVRG®X)ADWULIRQ LV WKH SURFHVV F
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GHQRWHY WKH VPDOOHVW XQLW RI WKHDYDLODEOH UHVRXUF
FDUU\LQIRURGDWLRQ >

&KDQQHO (VWLPDWLRQ

&KDQQHO HVWLPDWLRQ LV D SULQFLSDO FRPSRQHQW IRU H
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VIPEROV HVWLPDWH WKH IUHTXHQF\UHVSRQVH DW SUHGHILQ
(VWDEOLVKLQJDQ HVWLPDWH DFURVV DOO SLORW VXEFDUUL
WKH FKDQQHOYV EHKDYLRU DW RWKHU WLPH IUHTXHQF\ ORF
PDWUL[ Rl WKH VDPH VL]H DV WKH UHVRXUFH JULG ZKLFK LV )
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/1066(> @>@

TKHFKDQQHO HVWLPDWLRQ SURFHVV FDQ EHVSOLW LQWR WK
f7TKHWUDQVPLWWHU DQG UBIFAHYMMWXGEHWHUPLQHV
$f7KHVXEIUDPHLVVHQWRYHU WKHZLUHOHVV PHGLXP

$+7KHUHFHLYHU HBBSUWDFBRROKHMD QG SHUIRUPV WKH FDOFEXOD\
WKH FKDQQHO

JRU D 6,62 HQYLURQPHQW WKLV FRXOG EH GHVFULEHG DV W
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IRUPXOD EHORZGRRRWHY WKH UHFE HHSHAHVHDMDWWKH WUDQ
VLIQD® ID/QRKDQQHO FRHIILFLHQWYV IR B/HGRWHNQMKH DR A
WKLV FRQWH[W WKH QR LV H$IGGERKQ N PLQV VD WKL DQ 1RLV
PRGHO PHDQLQJ LW LV DGGLWLYH WKH QRLVH SRZHU LV H
IUHTXHQF\ GRPDLQ DQG *DXVVLDQ GLVWULEXWHG 7KLV QRL
LQ FRPPXQLFDWLRQ V\VWHPV WR DSSUR[LPDWH WKH VWDWL
QRLVIi® 2QHFRPPRQPHWKRG WR HVWLPDWH WKH QRLVHLV WF
WKH DFWXDO FKDQQHO DQG WKHDY@UDJHG FKDQQHO HVWLPD

y(f)=h(f) x(f)+ n

,QD,02 VHWWLQJ HDFK FKDI§ QIQOMKRHFKFQRE® PDWUL[ UHSUH
SDULQJEHWZHHQ Q6 QWRFHWWHDW LRQYHY DQ H[DPSOH IRU
0,02 FRQILJXUDWLRQ

Y1 _ hi1 hi X1 + Ny

Y2 ho1 ha X2 n;

$V WKH FKDQQHO HVWLPDWLRQ RQO\ HVYWLPDWHY RYHU WKH
WHFKQLTXHV DUH XWLOL]JHG WR ILOO DQG FR® SH DMAHIIRMH\G
GDWD LV WKHQ DFTRXKDI® MK B R X IKKILIIDKWLIRIHUYV WR WKH SUR
XVLQIWKHLQYHUVHRIWKHFRPSXWHG FKDQQHO PDWUL[DQG
WKHUHE\FRPSHQVDWLQJIRUWKHFKDQQHOYV G@VVWRUWLRQ

,QD,02 2)'0 VHWWLQJ WKH SULQFLSOHUHPDLQV WKH VDPH
PXVW EHDSSOLHG WR RPBKWORPERMDUNQEWHFHLYLQIJDQWHQQL
ZKHUH HDFK UHFHLYLQJ DQWHQQD H[SHULHQFHV D VXSHUSR"
IURPDOO WUDQVPLWWLQJDQWHQQDV UHNXOWLQJLQD KLJKI

7TUDGLWLRQDO &KDQQHO (VWLPDWLRQ OHWKRGYV

7KH IROORZLQJ VXEVHFWLRQV EULHIO\ H[SODLQ WKH WKUHF
DOJRULWKPV&WRRIWOXKH- RQDO 1HXUDQVVHWDORXYMNMG DIDLQVYV
&KDSWH&N DQ LQ GHSWK XQGHUVWDQGLQJ RI WKH PDWKHPD)\
WKHVHDOJRULWKPV LY QRW WKHFHQWUDO IRFXV WKH\ZLOO
DUHSUHVHQWHG EXWQRWGHULYHG 7KLVLVSUHVHQWLQHD

/IHDVW 6 TXDUHV

7TKH6 HVWLPDWLRQ LV WKH UDWLR EHWZHHQ WKH UHFHLYHG
&RPSXWDWLRQDOO\LWLVWKHHOHRBE QW HRANQIVE LYHN LRRHRNV K|
PLQLPL]JHVY WKH VTXDUHG HUURU EHWZHHQ WKH UHFHLYHG VL
UHVSRQVH
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Yk o

h/a"k_xl,k’ 8| 1,2,...,N
,WKDVORZFRPSXWDWLRQDO FRPSOH[LW\EXW GRHV QRW SHU
DVLWGRHV QRWFRQVLGH&HUWORULWHDBDOHWRVWERQYDULRY ZLWK I

QRLVHUDWLR 615 DQGORZV\VWHP LPSOHPHQWMmMNLRQ FRPS1

OLQLPXP OHDQ 6TXDUH (UURU
7KHO006( HVWLPDWH RI WK HHFIKWD LQYH@ EDW UL [

2 1
Ii‘006(=(HH) H(HH)"'Fl H/s

"KHWHLY WKH SRZHYV WEE LGHQWLW\PDWUL|[

'KLFKFDQEHGHULY¥YH® | KRPWYKHEK ZKHWHY WKH :HLJKW 0DW UL
DQHVVHQWLDO SDUDPHWHU QHIHG PG @& R IGHWHKH PRLOOHVWE B D G
FKDQQHO QRLVH JLYHQ WKDW WKHUHLV QRFRUUHODWLRQ E*}
UHFHLYHG GDWD [HQIGVW\KKHQKID/HHQHO PDWUL[ DV GHWHUPLQH !
VLIQDOV 7KHIXOO GHULYDWLRQALV VKRZHG LQ GHWDLO LQ >

7KHO06( PHWKRG LV DQ HIIHFWLYH DSSURDFK IRU FKDQQH(
HQYLURQPHQWY DV LW PLQLPL]HV WKH PHDQ VTXDUH HUURU
DQG WKH HVWLPDWHG FKDQQHO UH%PRIGAKHR G& R PISOQ KW BIODOR W
SURYLGHVEHWWHUSHUIRUPDQFH +RZHYHU LWUHOLHVRQ N
FKDQQHO VWDWLVWLFV ZKLFKFDQEHGLIILFXOWWRREWDLQ
006( PHWKRG LV PRVW VXLWDEOH IRUVLWXDWLRQV ZLWK PRG
ZKHQ UHOLDEOH HVWLPDWHV RIFKDQQHO VWDWL@WLFV DUH D

/ILQHDU OLQLPXP OHDQ 6TXDUH (UURU
7TKH/006( HVWLPDWHLVJLYHQ E\

H/oo6( = Ron(Rnn + 15 1) * Hye

ZKHUHVY FRQVWDQW GHSHQGHQW RQ WKH WUDQVPLWWHG GDW

_ E()
E (j1/x2j?)

7TKHDOJRULWKPLVVLPSOLILHG/LQHDUOLQLPXPOHDQG6TXDUH
IRUFKDQQHO FRHIILFLHQW HVWLPDWLRQ 7KLV HVR\\LPDWRU
DXWR FRUUHODWLRQ PDWUL[RIFKDQQHO FRHIILFLHQWYV DQ
NQRZQ DW WKHUHF®&®LYHUYV VLGH>
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,Q/006(HVWLPDWLRQ WKHDVVXPSWLRQRIOLQHDULW)\ VLPSC
WR WKH JHQHUDO 006( DSSURDFK 7KLV LVDOORZLQJIRUVLP:
DOJRULWKP DQG WKDW /006( FDQ SURYLGH JRRG SHUIRUPDQ
FKDQQHO WKHUHODWLRQVKLSEHWZHHQ WKHWUDQVPLWWH
EH UHDVRQDEO\ DSSUR[LPDWHG DV OLQHDU ,W LV WKH EHVW
DOJRULWKP*ZLBVIRIWQNKH FKDQQHOV FRQFHUQHG LQ WKLV WKH

&KDQQHO ORGHOV

$ FKDQQHO PRGHO GHVFULEHV WKH HQYLURQPHQW WKH ZL!
DQG WKH REVWDFOHV LW KDV WR RYHUFRPH ,W LV D PDWKF
HQYLURQPHQWDO LPSDFW RQ WKH VLJQDO OXOWL SDWK VLJ
UHODWLYH PRYHPHQW RI WKH UHFHLYLQJ GHYLFHDUHD IHZ H
XVLQJGLIIHUHQW FKD@ QHO) PRAHWUNKE FKDQQHO PRGHO LV GH.
RQ WKH ZLUHOHVV PHGLXP VHSDUDWLQJWKHWUDQVPLWWHU

ODFKLQH /HDUQLQJ

7KLV VXEVHFWLRQ SURYLGHVDQ LQWURGXFWLRQ WR WKH FR
GLITHUVSLUR®G RITHUV D EULHIH[SODQDWLRQRILWV IXQGDPH¢
GHOYHV LQWR WKHILHOG RIGHHS OHDU QL Q4JK EZE K Y HDUS/THYWDLV
WKHFHQWUDO WKHPH RI WKLV WKHVLV

0/DQG $,2YHUYLHZ

$,UHIHUV WR WKH ILHOG RI VWXG\ DQG GHYHORSPHQW RI PDF
DQG VROYH SUREOHPYV E\ PLPLFNLQJ KXPDQ FRJQLWLYH DEL!
LQFRUSRUDWLQJ PDQ\GLVFLSOLQHV LQFOXGLQJFRPSXWHU
HQJLQHHULQJ OLQJXLVWLFV QHXURV®LIROFKLDE® 8BIUMR DR
VXEVHMWWRHKDW UHIHUV WR WKH DELOLW\WR OHDUQ DQG LPSUR
VKDSHRIGDWD ,Q FRQWUDVW WR DQ DOJRULWKP GHYHORSH
DPDFKLQH OHDUQLQJPRGHOLVDPDWKHPDWLFDO IXQFWLRQ
VSHFLILF GDWD WR FRQVWUXFW D UHVXOW 7KHPRGHO LV D IX
RXWSXW L H SUHGLFWLRQV 7KHPRGHO W\SHGHSHQGV RQ
XVHG )LIXWKRZFDVHV WKH EURDGHU FRQWH[W RI'HHS /HDU
OHDUQLQJ DQG PDFKLQH OHDUQLQJZLWKLQ WKHUHDOP RI $,

TKHOHDUQLQJSURFHVVRIPDFKLQHOHDUQLQJLV WKHSURFH
EURDGO\FDWHJRULJHG LQWR WKUHHNLQGV RIOHDUQLQJPRC

$+6XSHUYLVHG OHDUQLQJ
$+8QVXSHUYLVHG OHDUQLQJ
+5HLQIRUFHPHQW OHDUQLQJ
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JLIXUH 5HODWLRQVKLS EHWZHHQ $, 0/ &G '/ 5HPRG

7KH PRGHO LV WUDLQHG XV6RS HOWDHEHNHGG 1B BWDLIB@GH D QV HDFK
LQSXWKDVDSUH GHWHUPLQHGRXWSXWLQWKHGDWDVHW 6F
5HJUHVVLRQ 'HFLVLRQ 7UHHV 6XSS RUNVOEMBWRK /DAKQ QMN
ODFKLQWE > @

,Q8QVXSHUYLVHG WOHUH.DUH QR ODEHOV RQ WKH LQSXW GDWLE
DSUHGHILQHG FDWHJRU\DQGLVQRWNQRZQ XSRQLQLWLDOL]
XVHV WKH GDWD WR FRQVWUXFW D PRGHO XVLQJWKH ODEHOV
WKH PRGHO IURP WKH GDWD GLUHFWO\ 6RPH FRPPRQ DOJRUL
3ULQFLSDO FRPSRQHQW®QDO\VLV 3&%$ >

5HLQIRUFHPHQWVHIPDFKRDH OHDUQLQJPRGHO ZKHUH WKH PR
WULDO DQG HUURU $Q 'DJHQW LV GHILQHG ZKLFK LV WR SHU
JLYHV WKH DJHQW SRVLWLYH RU QHIJDWLYH UHLQIRUFHPHQW
DJHQW DFFRXQWV IRU WKH UHLQIRUFHPHQW XSRQ UHWDNLQJ
ZKLOH WU\LQJWR VDWLVI\WKHUHZDUG IXQFWLRQ 6RPH FRP|
DQG 'HHS 4 QHWBR@NYV >

$OWKRXJIJK DOO PHWKRGV VKDUH WKH JRDO RI OHDUQLQJ IU
WKH OHDUQLQJ SURFHVYV GLIIHUV DFURVV FDWHJRULHV HP¢
XQGHUO\LQJDOJRULWKPYV $YHUVDWLOHDSSURDFKWKDW FD!
PHWKRG LV WKH XWLOL]DWLRQRI1IHXUDO 1HWZRUNYV

IHXUDO 1HWZRUNYV

1HXUDO QHWZRUNV DUH PDFKLQH OHDUQLQJPRGHOV LQVSLU
RI ELRORJLFDO QHXUDO QHWZRUNV LQ WKH KXPDQ EUDLQ $ \
RI WKUHH OD\HUV DQ LQSXW OD\HU D KLGGHQ OD\HU DQG D
WDNHV WKH GDWD IRUZDUG WR WKH ILUVW KLGGHQ OD\HU 7}
SUHYLRXV OD\HUV EDVHG RQ WKH ZHLJKW DQG ELDV DQG SHU|
WKH GDWD WR HQDEOH QRQ OLQHDU WUDQVIRUPDWLRQV EHIF
OD\HU RU WKH RXWSXW OD\HU 7KH RXWSXW OD\HU SURGXFH
QHXURQWKLQD QHXUDO QHWZRUNDUHFRQQHFWHG WR HDFK
QHXURQUHFHLYHVLQSXWVIURPPXOWLSOHQHXURQVDQG FD
DFWLYDWLRQIXQFWLRQRQDZHLIJKWHGVXPRILWVLQSXWV (I
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KDVDZHLIKWDQGELDVDWWDFKHGWRLW DQGWKHJRDORIW
ZHLJKW RIHYHU\ QHXURQ SDLU WR PLQLPL]J]HD FRVW IXQFWLR
FRQYHUJHG WKHPRGHOLVGHHPHGFRPSOHWH

J)LIXUH 6LPSOH1IHXUDO 1HWZRUN

(DFK QHXURQ SDVW WKHLQSXW OD\HU KDV DQ DFWLYDWLRQ 1>
DVLWSDVVHV ,WLVWKLVDFWLYDWLRQIXQFWLRQ WKDW LQW
WKHRXWSXWRIDQHXURQ ZRXOG RQO\VEH D OLQHDU FRPELQD

2QFHGDWD KDV SDVVHG WKURXJKWKHQHXUDO QHWZRUNV LW
WKHFRVWIXQFWLRQ ZKLFKPHDVXUHV WKHGLIITHUHQFH EHW Zz
DFWXDO RXWSXW 7KHPHDVXUH FDOFXODWHY KRZ ZHOO WKH
ZLWKHDFKWUDLQLQJLWHUDWLRQ

%DFNSURSDJDWLRQ LV WKH SURFHVV Rl FDOFXODWLQJ WKH
FRQFHUQLQJ WKH ZHLJKWYV DQG ELDVHV RI WKH 1HXUDO 1HW
KDV EHHQ FDOFXODWHG WKH EDFNSURSDJDWLRQ EHJLQV
RSWLPL]DWLRQ DO JR&MW RKERDWWER DD G 6H'Q R UHWSRG-DPW
DOJRULWKP WR XSGDWH WKH ZHLJKWV LQ @YRURIWKHFRVW

'HHS /HDUQLQJ

'HHS OHDUQLQJLVDVXEVHWRIPDFKLQHOHDUQLQJWKDW XVH
FRPSOH[SDWWHUQVDQG UHODWLRQVKLSVLQ GDWD 7KH GHI
KDV EHHQ VXFFHVVIXOO\DSSOLHG WR YDULRXV ZLUHOHVV FR
FKDQQHO HVWLPDWLRQ VLJQDO GHWHFWLRQ PRGXODWLRQC
DPRQJRWK@&UV >

6HYHUDO W\SHV RI GHHS OHDUQLQJ DOJRULWKPYV DUH GHVL.
6RPH FRPPRQ GHHS OHDUQLQJ BQIRBUENKPY QWFIOXGHD O 1HW
511 *HQHUDWLYH $GYHUVDULDO 1HWZRUNV *$1V $XWRHC
1IHWZRUNV '%@V >KDW GLIIHUHQWLDWHY WKH GLITHUHQW
DUFKLWHFWXUH WKHQXPEHU RIOD\HUV WKH W\SH RI OD\HU
GLIITHUHQW OD\HUV DQG KRZWKH\DUHFRQQHFWHG
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&RQYROXWLRQDO 1HXUDO 1HWZRUN 2YHUYLHZ

&11LVD W\SHRI1IHXUDO 1HWZRUN FRPPRQO\XVHGIRUJULG Ol
LPDJHV ZKLFKFDQ EHFRQVLGHUHGD 'JULG Pl SQ[HOV 7KH
PDWUL[ ZAKPHIQAFRUUHVSRQG WR WKH ZLG UK DMKHKFHIWW DR
LOQVWDQFH WKHGHSWKLQDQLPDIJHLVWKHQXPEHURIFRORU
WKUHHIRUDQ5*% FRORUPRGHO

$&11W\SLFDOO\ FRQVLVWY RI WKUHH VSHFLILF OD\HUV 7KH\
SRROLQJ OD\HU DQG IXOO\ FRQQHFWHG OD\HUV ,Q VKRUW
ILOWHUV NHUQHOV WR H[WUDFW IHDWXUHV RQ WRS RI WKH
PHWKRG RI GRZQVDPSOLQJ WKH JULG WR UHGXFH FRPSXWDW
EDFNSURSDJDWLRQ DQG D SUHGHILQHG RSWLPL]J]HU PHWKRG
RSWLPL]H WKH ILOWHUVY VR WKDW WKH\ FDQ VWULYH WR PDWF
PDFKLQH OHDUQLQJ PHWKRG /DVWO\ WKH IXOO\ FRQQHFW
SUHGLFWLQJ WKH RXWSXW

&RQYROXWLRQDO /D\HU

7TKHFRQYROXWLRQDO OD\HU LV RQRKRR1 WE MW & HVLOQD\MHUO DL\GI'W W
NHUQBOW DSSOLHG WR WKHLQSXW GDWD JULG WR SHUIRUP W
JHQHUDWH DQ RXWSXW IHDWXUH PDS 7KH NHUQHO LV D JULG
WKURXJKRXW WKH WUDLQLQJ SURFHVV 7KLV JULG LV DSSOL
JULGE\VOLGLQJ YHUWLFDOO\DQG KRULIRQWDOO\DFFRUGLQ
JULGVL]HLVD K\SHUSDUDPHWHU WKDW LV GHILQHG ZKHQ FRQ
FUHDWHYVY D VHSDUDWH IHDWXUH PDS ZLWK WKH GRW SURGXF\
WKH FRYHUHG LQSXW YDOXHV 7KLV VOLGLQJ SURAKHIMHIH LV
WKHLQWHIJHUVUHSUHVHQWDUELWUDU\NHUQHO ZHLJKWV RY |
NHUQHOV UHSUHVHQWYV WKH NHUQHO SRVLWLRQ DW GLIITHUHC
GLVSOD\HG LQ )LIJXUH

J)LIXUH .HUQHO LQVSLUHKEG E\)LIXUH LQ >

‘KHQ SURGXFLQJD IHDWXUH PDS LWLV DOVRFRPPRQWRLQF
VLIH RI ERWK WKH LQSXW DQG RXWSXW IHDWXUH PDSV 3DGC
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VSDWLDO GLPHQVLRQ ZKLOHJLYLQJPRUH VLIQLILFDQFH WR C
ZLOO SDVVRYHUD FHQWUDO UHVRXUFH HOHPHQW PRUH RIWH
FRUQKU >LWKRXW SDGGLQJ WKHIHDWXUHPDS ZLOO VKULQN 2z

7TKHQXPEHURIILOWHUV RU NHUQRMW S XWIOFIRDE) D@BDA/Q D Y GV IKWH
WRIJHWKHU ZLWK NHUQHO VL]H SDGGLQJ DQG VWULGH K\SHU
WKHPRGHO 7KHQXPEHURIILOWHUY GHWHUPLQHYV WKH FDSEC
WKHPRGHO LWKPRUHILOWHUYV WKHFRQYROXWLRQDO OD\I
WKH OD\HUV PHDQLQJLWFDQPRGHOPRUHFRPSOH[UHODWLF

SRROLQJ/D\HU

7KH SRROLQJOD\HULVUHVSRQVLEOHIRUGRZQVDPSOLQJ WK
ODUJHIHDWXUHPDSWRDVPDOOHURQHXVLQJD SUBGIHGLQHG |
FDQEHVSOLWLQWR IRXU VXE JULGYV ZKHUH D SRROLQJPHWEK
PRVWGRPLOQDQW IHDWXUH ZLWKLQ HDFK VXE JULGDQG FRQVY\
PDS LQFOXGLQJRQO\WKHPRV® VLIQLILFDQW YDOXHYV >

)XOO\ &RQQHFWHG /D\HU

$IXOO\FRQQHFWHG OD\HULV XVHGDVDQRXWSXWOD\HULQ F
FDVH IRUID7TKH IXOO\FRQQHFWHG OD\HUfV RXWSX& LV WKHQ W
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SHODWHG :RUN

TKHILHOGRIZLUHOHVV FRPPXQLFDWLRQKDV ZLWQHVVHG VLJ
\HDUV ZLWKWKHLQWHIJUDWLRQRIGHHS OHDUQLQJWHFKQLT?
WH[WGLVFXVVHVWKUHHUHVHDUFKZRUNV WKDW OHYHUDJH G
WKH SHUIRUPDQFH RIFRPPXQLFDWLRQ VA\VWHPV LQ GLITHUHQ

BROWDMBO® FRPELQRYIMWZARRSHUIRUP D WZR VWHS LPDJH SURF
WLPH IUHTXHQF\ JULG RI WKH F&DQU@HIO, QB X B/REQE @B RXW S X
2)'0 VAIVWHP 7KH UHFHLYHG JULG LV FRQVLGHUHG WR KDY
HDFK , 4 GRPDLQ ,QLWLDOO\ WKH UHFHLYHG JULG ZLWK LW
ORZ UHVROXWLRQ LPDJH RQ ZKLFK D VXSHU UHVROXWLRQ DC
UHVROXWLRQ $IWHUZDUG DQLPDJHUHVWRUDWLRQDOJRUL\
QRLVH ,WV SHUIRUPDQFH LQ YHKLFXODUOPKD QORITHRRGHOV
WKH SDSHU IDLOV WR SURYLGH WKH HIITHFW RI WKH QRLVH UF
7KH SDSHU XVHV WZR YHUVLRQV Rl WKH VDPH PRGHO HDFK \
GLIIHBHOOQW O WR 1REVH GEWHMAY ZKLFK EHFRPHV DSSDUHQW
DV RQH SHUIRUPV E HWSUDUMLR\OR@BWKH RWKHU DW KLJKHU
LQFOXGHV WKH HIITHFW RI SLO RW NVOPETRO®W ECBGUGRE WK W | R U
HDFKDOJRULWKP 7KLVEDODQFHEHWZHHQRYHUKHDGDQG Sk
LV MXVW DV FUXFLDO IRUWKHRYHUDOO FRPPXQLFBWIIRID V\V\
> @ XVHVDVLPLODU DSSURDFKIE R WWLGVIRVPIRG R D ¥ MAMRO X W L R
ZKLFK LV HQKDQFHG X\WIQJIDRPMIRHDMWWKH RXWSXW LV IHG LC
6XSHU 5SHVROXWLRQ &11 7KLV ZD\IHZHU SLORWY FDQ EH XVH(
LQHW DO @ H[WHQGV WKH ZRU NPRE\6FRRROPEDQL QY LW ZLWK WKH L
SURSRVHG E\ 'RQIW SIOBPR 7KLV FRPELQHG PRGHO RIIHUV WKH
DGDSWDELOLW\WR V\VWHPV ZLWK GLIITHUHQW LQSXW VL]HV P
RIVFHQDULRV

/L ; XKRABW BO@ SURSRVHV D VSH&E1DDUFXUBRIFMV XUH RSWLPL
ZRUN LQ D PLQH HQYLURQPHQW 7KLV ZRUN VKRZFDVHV WK
VROXWLRQV LQ VFHQDULRYVY ZKHUH WUDGLWLRQDO DSSURDF
WKH DXWKRUV KDYH LGHQWLILHG WKH IDGLQJ FKDUDFWHULYV
VKLIWV DQG PXOWLSDWK HITHFW DQG XVHG D 1DNDJDPL IDGLC
WKHHQYLURQPHQW 'HVSLWHHPSOR\LQJD UHODWLYHO\VLP
RXWSHUIRUPHG FRQYHQWLRQDO DOJRULWKPV LQ WKLV VSHFL

$VZDWK\ . 1DLU DQG 9@ YHINKWOBIJKW WKH RYHUKHDG FUHDW
SLORW V\PEROVDQG WKHLQWHUGHSHQGHQFLHV RIFKDQQHO
DQG SURSRVH D MRLQW GHHS OHDUQLQJ DSSURDFK WKDW VL
HVWLPDWLRQ DQG V\PERO GHWH®WGE RQH FTKLHR QUR SIRYH 6K R L
OHPRU%L /670ZKLFK JRHV EH\RQG FKDQQHO HVWLPDWLRQ DC
WKH UHFHLYHG V\PEROV%IQWRIBL YD BRBIYWRV\SH RI GHHS

OHDUQLQJDUFKLWHFWXUH WKDW LV W\SLFDOO\ XVHG WR KD
GDWD ZHOO DOLJQHG ZLWK FRPPXQLFDW&RPSUWWHIRG 6 HQWVMQ
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&6 H[SORLWLQJ WKH VZD0OVWWHKMWWZMWHKOG WLPH GRPDLQ WR C
VI\PEROV ZLWKLQ D UHVRXUFH JULG UHTXLUHG WR SURYLGHCLC
E\ WUHDWLQJ WKH 2)'0 VXEFDUULHUV DV WLPHVWDPSV WKH /
DQG XWLOL]JH WKH WHPSRUDO GHSHQGHQFLHY SUHVHQW LQ V
FRQYHQWLRQDO DOJRULWKPV XVLQJ IHZHU SLORW V\PEROV
LQFUHDVLQJ SHUIRUPDQFH IXUWKHU

'HHS OHDUQLQJ WHFKQLTXHV FDQ HQKDQFH WKH SHUIRUPDQ
E\ DGGUHVVLQJ VSHFLILF FKDOOHQJHV LQ GLIITHUHQW HQYLL
GHSHQGHQFLHY EHWZHHQ GLIIHUHQW PRGXOHV LQ WKH SUR
SHUIRUPDQFH DQG LQFUHDVH HIILFLHQF\ 7KLV UHVHDUFK K|
OHDUQLQJWHFKQLTXHVLQHQKDQFLQJYDULRXVDVSHFWV RIF
UHVROXWLRQ HQKDQFHPHQW QRLVH UHGXFWLRQ VSHFLDO
HVWLPDWLRQ DQG V\PERO GHFRGL\ b GEHHOMDYCLIBNHWKEPQ ROY H U
RIFXUUHQW GHHS OHDUQLQJDSSURDF®HVY WR FKDQQHO HVWL

7KLV ZRUN EXLOGV XSRQ WKH IRNXQYABOWMRQG/L RNV 6RODESQLL Q.
&RQYROXWLRMRQWKHULG LQD * VHWWLQJ ,QDGGLWLRQ |
WZR GLVWLQFW FKDQQHO PRGHOV WR GHPRQVWUDWH WKH FI
PDFKLQH OHDUQLQJPRGHO



&KDSWHU

'HVLIJQ RIDQ ODFKLQH /HDUQL
&KDQQHO (VWLPDWLRQ $OJRL

7KLV FKDSWHU IRFXVHV RQ GHVLJQLQJ DQG LPSOHPHQWLQJ
HVWLPDWLRQ DOJRE&LWKPHRFWLREIVDYFULERYVIWKKEKLWHFWXUH
LOQFOXGLQJ LWV OD\HUV K\SHUSDUDPHWHUV DQG WKH WUDL
SURFHVVRIJHQHUDWLQJWKHQHFHVVDU\WUDLQLQJGDWD D

&11 SUFKLWHFWXUH

7TKLVVHFWLRQ GLVFXVVHVDQG PRWLYDWHV WKH FKRLFHV WK
&11 W GLVFXVVHV WKHLQSXWDQG RXWSXW GDWD SUH SUREF
K\SHUSDUDPHWHUV DQG WKHWUDLQLQJ SURFHVYV

ORWLYDWLRQ IRU &11 EDVHG &KDQQHO (VWLPI

,Q WKLV UHVHDUFK D &11 KDV EHHQ VHOHFWHG DV WKH SULI
HVWLPDWLRQ GXH WR LWV SUHYDOHQFH LQ UHODWHG ZRUN [
DW KDQG 7KH XVH RI &11V LQ YDULRXV ILHOGV LQFOXGLQJ
SURFHVVLQJ KDVGHPRQVWUDWHG WKHLUHIIHFWLYHQHVVLQ
IHDWXUHV IURP FRPSOH[ GDWD 7KH FKRLFHRID &11 LV PRWL
DQG WKH QDWXUH RI FKDQQHO HVWLPDWLRQLQ *QHWZRUNYV
DPRXQWYVY Rl GDWD IURP PXOWLSOH DQWHQQDV DQG DFURVYV
GLPHQVLRQV &11VDUH ZHOO VXLWHG IRUKDQGOLQJPXOWLC
DQLGHDO FDQGLGDWH IRUWKLV WDVN

JXUWKHUPRUH WKH XWLOL]J]DWLRQ RI &11V LQ UHFHQW UH\
HVWLPDWLRQ SURYLGHV D VROLG IRXQGDWLRQ IRU WKLV UHV
JDLQHG IURP SULRU ZRUN WKLV VWXG\ VHHNV WR HQKDQFH
HVWLPDWLRQLQ *QHWZRUNV EA\OHYHUDJLQJWKHVWUHQJWE
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ODFKLQH /HDUQLQJ)UDPHZRUN

7TLHWRHYU\KDVUHTXHVWHG WKDWWKHWKHVLVY SURMHFW XVH
PDFKLQHOHDUQLQJ 7RFRQIRUP ZLW K@GVKMH\L B IGRHWH. Q@ HW BV/R.U
XVHG LQ WKH ILHOG RI GDWD VFLHQFH DQG PDFKLQH OHDUQL
HGXFDWLRQDO UHVRXUFHV IRU XVHUVY W DOVR KDV EXLOW
OHYHUDJLQIJWKHFRPSXWDWLRQDO SRZHU RIJUDSKLFV SURF
PRGHO WUDLQLQJE\XWLOL]LQJSDUDOOHO SURFHVVLQJ

JLIXUH &RQQHFWLRQ EHWZHHQ * //6 DQG WKH 3\WKRQ SU
PDFKLQH OHDUQLQJWDVNV

$GGLWLRQDOO\ 3\7RUFK FDQ H[SRUW2WHQLIHKW PG AHONZ R Q
([FKDQ2H1; IRUPDW=211; VHUYHV DV D IUDPHZRUN IRU FRQYHL
EHWZHHQ GLIIHUHQW PDFKLQH O@ D U®LEYJXQB WH RROWDNV W\ D (
WKH H[SRUW Rl 3\7RUFK PRGHOV ZKLFK FDQ WKHQ EH LPSRL
0$7/$%IHWM2irQREMHFW IRU XVH*Z LN\ KIQY MUKRQPHQW )LIJXUH

GLVSOD\WKHFRQQHFWLRQEHWZHHQ * //6 DQG WKH S\WKRQ S
OHDUQLQJWDVNV GHVFULEHG LQ WKHIROORZLQJVHFWLRQV

&KDQQHO ODWUL['DWD 3UH 3URFHVVLQJDQG)

7TKLVVXEVHFWLRQGHVFULEHV WKHERQS BPW O QK\RXW.¥X R/UWGDMD
DVLWLYV

7KHLQSXW RID QHXUDO QMRIZ\BRIU O WED®LPHH®N LRQDO PDWUL|
HOHPHQWV RID VLQJ@H SHDWHD MDSEK HOHPHQW LQ WKH UHVRXU
DSKDVHFRPSRQHQW IURP WKH UHFHLYHG VLJQDO GHILQHG E
WHQVRU FRQVLVWV Rl GLPHQVLRQV 6XEFDUULHUV 2)'0 6\PE
ODVWO\ WKHUHDODQG LPDJLQDU\SDUWV RI WKH SKDVH

7KH UHVRXUFH JULG FRQVIVWMRRUFH HOHPHQWY DQG LV Gt
6HFWLRQ$V WKH VIVWHP LVXV2GRDILIXUDWLRQ WKHDFWXD
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PDWUL[LVD PDWUL[ %HORZLVKRZHDFKGLPHQVLRQFD
IRUPRUHFODULW\

¥ UHSUHVHQWY WKH QXPEHU RIVXEFDUULHUV LQ WKH UH'
FDUULHV D SRUWLRQ RIWKHRYHUDOO WUDQVPLWWHG VLJ

¥ UHSUHVHQWV WKHQXPEHURI2)'0OVIPEROV ZLWKLQ D WU
7KHVH VIPEROV DUH XVHG WR WUDQVPLW GDWD DFURVV Wl

t UHSUHVH®QWVRARKHLIXUDWLRQ ZLWK DQWHQQDV DW ER
DQG UHFHLYHU (DFK HOHPHQW LQ WKH PDWUL[ FRUUHV:
UHVSRQVH EHWZHHQ D WUDQVPLW UHFHLYH DQWHQQD SI
2)'0 V\IPERO

$V GHVFULEHG DE RWHS WHKHH QW HDFK WUDQVPLW UHFHLYH DQ!
WKHUHFHLYHULV XQDZDUHRIHDFKWUDQVPLWWHUJV HIIHEW
LQWR D PDWUL[ ZKHUH WKH ODVW GLPHQVLRQ UHSUH\
VXSHUSRVHG VLIJQDO WKH VXP RI WKH UHVSRQVHV DV FDQ
DQWHQQD PHVK JULGLQ)LJXUH

J)LIXUH '‘DWD 7UDQVIRUPDWLRQ &KDLQ

$VLQGLFDWHG E\ WKH WKH UHVRX&RH HDIFEKVWWR RKUHEGH IV 8 |
EHHQ VHSDUDWHG LQWR LWV UHDO DQG LPDJLQDU\ SDUWYV LC
&11GRHV QRW KDQGOH FRPSOH[ QXPEHUV DQG LQVWHDG WU
SDUWV DVWZRDGGLWLRQDO FKDQQHOVLQDQH[WUD GLPHQV

,Q FRQFOXVLRQ WKH LQSXWe&DDIGVRXWSXW Rl WKKDSHG
WHQVRU

ID\HU &RQILJXUDWLRQ

TKRR1I1IDUFKLWHFWXUH FRQVLVWY RI FRQYROXWLRQ OD\HU\
Oob\HUV 7KH REMHFWLYH LV WR DSSUR[LPDWH YDOXHV EDV|
SHUIRUP DQ\ FDWHJRUL]DWLRQ WKHUHE\ XVLQJ RQO\ FRQYR
OD\HUV $V SULRU PHQWLRQHG WKH RXWSXW LV WKH VDPH
GRZQVDPSOLQJZLWKSRROLQJLV VIXSHVIDXRXMUMUKDRI WKH
ZKHUHDV )LJI>XAULWSOD\VWKHFRQYROXWLRQDO IXQFWLRQ
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