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Fuzzy Techniques in Visual Performance and Illumination Applications

Abstract

The lighting design calculation has many variables that do not realistically have crisp values
and therefore can be considered fuzzy. By fuzzy we mean that a particular variabietdoes
have an exact value. The vagueness of such variables will certainly lead to imprecise outcomes.
In fact, many visual performance and luminous variables and metricsidmer by nature or
by virtue of their inherent complexityot precise. To comgp with an exact output from input
that is, by its very nature, uncertain and imprecise is virtually impossible. We believe that the
uncertainty that is inherent in many lighting design variables leads to imprecise lighting design
outcome. Hence, Fuzzy logic technique is suitable for implementation in visual performance
and illumination applications. Moreover, Fuzzy logic can solve the problem of complex
mathematical formulas arallarge number of coration factors currently used wisibility
models. This work is exploring the possibility of applying the fuzzy techniques in both indoor
lighting and road lighting by demonstrating how lighting variables can be represented in fuzzy

sets rather than crisp sets.

The first part of this studysirelated to indoor illuminance selection, three variables (Age,
Task characteristics, and task importance) have been considered as an input for the fuzzy model
with the target llluminance as the output. This model allows for the lighting designer to selec
the precise target illuminance based on the actual conditions and avoid underlit or overlit
situations. Moreover, a digital tool has been developed based on the membership functions

established in this study that allows the lighting designer to chedtdtes of the uniformity



and compare the target illuminance (based on his choice or based on the application) with the

achieved illuminance from lighting calculations.

The second part of this study (road lighting) models the visual performance basedyon fu
techniques. This allows the proposéslial performancenodel to include more input variables
compared to the current visibility models. The input variables are luminance c{pbsisve
and negative)age, visual size, retinal illuminance, eccanitlyj background complexityand
disability glarewhile the output variable is the Fuzzy relative visual performance (FRVP). The
results of tesemodels have been compared to the current visual performance model and it was
found to be in good conformanddor eover , t he t émmoduded,rdefibed c a |
as the minimum contrast required to produce a change in the rating of the visual performance
for a particular values of visual age, visual size, retinal illuminance, eccentricity, and
backgroud complexity A digital tool has been developed to calculate the fuzzy relative

performance and is available to be used.
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"As we work to create light for others, we naturally light
our own way"

Mary Anne Radmacher



1 ChapterOne: Introduction



1.1 Overview

Imagineyourselfyoung again, &althy, soberand completely aler&afely diving your car
at a weltlit streetin a clear summer nighthile listening to a nodwlistracting music on your
favouriteradio channelCompletely able tseetargetsahead of you such gedestrians, traffic
tie-ups and other road usenmsegardless of their size, contrastd their location with respect to
your line of sight At the same time, you are capable of viewing elementb@streetscape,
reading traffic signs and road lines well as your vehicle instrumengnd gaugesThis
situation means thatoyr visual system is working its best not only to detect obstacles and
stimuli ahead of you, but also to identdéyd avoid them safely argtomptly. This shortly
descrbes the concept oisual performanceand judging by this situatiormost prdablyyou
will get homesafedue to the virtue ohigh visibility, and live another day to appreciate the

blessing of sight

Now imagine someone old (above 80 yeaittingin the passenger seat. He is alsaltig
enough for his agspber, completely alendsharingyou the joy of the noilistracting music
on your mutual favouriteradio channelBut for many reasons, compared to you, his visual
system is unable to get tesameamount ofinformation fromhis surroundingsThese reasons
are obviouslyrelatedto the deterioration of vision with agehich may includethe lower
elasticiy of his pupillens which prevestcorrect light adaptation, as well e yellowing of
his eyelens, which makes less light goes into his reéind many other reasari&herefore his
ability to detect and identify any stimulus on the ras@lmost certainlyjless than youtsin
other words, higisual performancéas avisibility metric)is apparentlyjower than yours as a

younger driver.



Although age is an important factor in defining visibility, it is not the only one. Since targets
differ in characteristics such as contrast, size, shape, pattern, moveetentisibility of
different targets will vary for the samdriver/observerregardlessof his age and mental
conditions. Moreoverthe location ofthe target from thdine of sight (eccentricity) plays a
major role in the detection process. Which adds more complexity to the vistgfityition.
And finally, the surrounding conditions such kghting conditionsandor background
complexity also has a significant effect on the visual performance oftmgadrivers In fact,
the visibility of targets can be so complex in a way tltatan beconsidered as eomplete
process This means that iinvolves a source which is the characteristics of the target or
stimulussuch as size and contraatreceiwer;, which includes factors involving the observer
himself such as age and mental ditions, andfinally, a process path; whiclncludes many
variables such as the distance between ttyettand the observer, tHecation of the target
from the line of sighand the presence of glares a result, visibility is a muHdiscipline study
thatinvolves many differerfields of science such gshysics and light, medical factors, human

factos é et c .

Despite many visibility models exigAdrian 1989, Reaand Ouellett§1988 1991, STV
(IESNA 2000),utilizing different variables and paratersthey take a deterministic approach
to model visibility. This is generally noticed as in current models, variables with exact values
form the input parameters eventually result in a specific value of visibility, although many
variables used in calation do not realistically have crisp values and therefore can be
considered as vague or fuzzy. Fuzzy means that a particular variable does not have an exact
value. The vagueness of such variables will certainly lead to imprecise outcomes. In fact, many

visual performance and luminouanables and metrics am@ther by nature or by vine of their



inherent complexitynot precise. Examples of such imprecise variables that are commonly
used in lighting is the reflectance of room surfaces, age of ocsupragirivers, visual capability

of the observers, etc. To come up with an exact output from input that is, by its very nature,
uncertain and impmese is virtually impossibldt is believed that the uncertainty that is inherent

in many lighting designwariables leads to imprecise lighting design outc®me

Furthermorepesides some limitations with the current visibility models involving testing
subjects with certain age groygbkenproviding correction factors to the rest of age ranges
(Adrian 1989 or utilizing complex mathematical relatio(Reaand Ouellettel988 1997 or
employing limited range for some variables such as the target size in STV i&&NA2000).
Visibility itself, as a metric, is hard to measure, and if measured, is imprasise example,
we often assume an age of occupant when we are designing for internal lighting, or an age of
drivers when we design for roadway lighting. The age of the person can take the form of an
exact number which all of the outcomes are based onoutbemes that are based on imprecise
assumptionsare intrinsically impreciseOne could represent the age of the occupant in

linguistic terms, for example; very young, young, old, and very old.

The age compatibility wi tdegreésyanduepgnils onour 1 ol
understanding of what the word means within the context that we are studying (Nguyen et al.
2000).For example, when studying sports lighting, as opposed to office lighting, or roadway
lighting, in the context of those three @ifént cases, someone might be classified as young or
old differently. Two different people of different age, may both be considered young, but may

have different degrees of being young.

To demonstrate the above, refer back to the example relateditmdii night and consider

someone who is older than you and younger than glolypassenges sitting on therearseat.
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This simply means that higsibility (as a metricimay be lower than you as a young observer
and higher than younld passenger sittg beside youHowever, as age groups (young, old,
very old), in the context of vision, can include certain ranges of age in which people share
similar visual characteristics, the value of the visibi{ag a metrigis hard to calculate as an
exact numbesince it does not really depend on the exact value of agesxsieinumber rather

than the classification of which age group the observer may belong to (young, old, very old).
Alternatively, the visibility in suclasituation can be approximatedbased t he obser ver
or represented by a certain range of visibility values, or can be described in linguistic terms
such as (high, mediumand low) and/or(sufficient and insufficient This linguistic
representation best describes the principle of yfuExhniques as they aressentially
approximations to model a certaiariable,phenomenoyor decision for which mathematical

precision is impractical or impossible (Boussabine and El Hag 1999).

Hence, with so many different factors from differéelds contributingto the definition of
visibility. Add to that thecomplexity of the current mathematical relations represented by the
current modeland the limited ranges of variables utilizéds study is exploring the possibility
of applying Fuzzyogic techniquesn modellingboth indoor illuminance and targesibility
as a suitable alternative to the curneadel$methods Fuzzy logic is a useful technigdae to
its elasticity in including as many variables as neealigalout restriction on any raegor ader.
Moreover, fuzzy models have favourableadvantagen which it can be easily revised to
include more variables in the futurEhis saves the complex mathematical relations involved
in modellinga certain phenomenon as well as the correctidofaoeeded to include a certain

variable or variable range in the future.



Fuzzy set theor{Zadeh 1965allows dealingwith the vagueness of the variables used in
visual performance and illumination desighis believedthat the approach to lighting design
in general and more specifically visual performance has a fuzzy rather than precise nature. In
fact, many of the metrics and/or variabladighting and visual performance can be described
in linguistic terms rathrethan precise values. They also provide a solution to variables and
metrics which do not have crisp boundarsewd/or units Furthermore, fuzzy techniques
provide a convenient bridge between design and control, whereby, the control of a lighting

systemcan be geared towards fulfilling design objectives using fuzzy logic.

It is believed that a more efficient and more realistic approach is to have fuzzy values
whereby the targets are no longer either visible orwisible, but raher have degrees of
visibility, and indoor illuminance can have degrees in high, medium ansllosets This is a
novel approach that will impact the process and the design targets of the external and internal

design of the visual environment.

1.2 Study Objective

Theobjectives of this work can be summarized as follows:

1. Toinvestigate the applicability of fuzzy theory and techniques on lighting applications
2. To develop a new visual performance model that encompass wider range of variables
through the use of fuzzy teclopies

3. To simplify the illuminance selection procedure through the use of fuzzy techniques

Fuzzy Logic is a convenient and efficient waynaddellingvisual performancgiven the
imprecision of the variables that contributentght-time visibility. For example, an object can

have the following degrees of visibility: completely visible, completely invisible, and partially



visible. The expected outcome is a new visibility mo@RVP) and illumination design

method(FIIL) based on Fuzzy Logic that would tage the current modéfethods The new

proposedvisibility mo d e | i's based on Fuzzy |l ogic techni

which combines the two words (Fuzzy and

results in terms of roaddihting as well as indoor lighting. In these models, variables with exact

values form the input parameters ultimately result in a specific value of visibility

1.3 Research questions

The research questions that this work is trying to answer are as follows:

1. Is fuzzy logic a suitable method to modeual performance and indoor illuminatidn

The proposed approach is using the concept of Fuzzy logic in modaitilogr

illuminance andvisibility whereilluminance andvisibility areno longer a rigid term

(visible or norvisible targe), but rather a term that involsemany degrees of
illuminance andsuprathresholdvisibility, such ashigh, medium and low illuminance,
or completely visibletarget partially visible, highly visible, completely invisible and

patially invisible. This is a novel approach that has not been used before to model

indoor illuminance and targetisibility. This work is trying to experimemith the
benefits, limitations and applications of using this approach in modellingual
performance and indoor illumination

2. Can fuzzy logic give betteluminance selection methe@s well asa visibility model

comparing to currenimethodshodel® Current visibility models are limited to the

variables that were used to develop thenile ignoring many other factororeover,

some models are limited to the range of valuessicered in bilding that model.
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Hence; the results of this approach will be compared to the cuneel results to

check for similarities, advantages, disadvantages finally, decide on its worthiness.

1.4 Study Airs

The main ainof this study is to explore the possibilities to improve or enhtreemethod
used in indoor illuminance selection as well as curksibility models using fuzzy logic

techniques. Under thembrella of this main objective relies four specific aims as follows:

1. Reviewexcitingvariables used imdoor illuminance andhodellingvisibility

2. Study factors that can be used to expand the visibility models

3. Application of fuzzy logic technique imodellingindoor illuminance andisibility

4. Synthesis of knowledge by validating tipeoposed method/modeésults against
current models anevaluatingany enhancemerthat gives better insights about
practical applications such as car headlights design, roadway lighting ,dssifn
driving cars and many othergzigure 1.1 shows the main aim and specific objectives
of this study in details ahTable 1.1shows the study objectives and how to achieve

each one of them.

Explore the possibilities to improve current indoor illuminance selection

Main Aim method and visibility models using fuzzy logic techniques
[ I H |
Review existing Study factors which | Application of fuzy
Osh?“if“: Tﬂﬂ'“bl?*‘ '-l“‘ld in l:ﬂhl'rl be used to iul;'}c :: i.:.:ilu?}r ? ﬁyntnf'ﬂs L
Jectivas indoor illuminance  gypand the visibility  illuminance and Uty s
zelection and models target vizibility

vizibility models

Figurel.l: Main aim and specific objectives of the currsttdy



Tablel.1l: Objectives of this study and how to address each one of them

Sr. objective Stage Criteria
T Current indoor illuminance methods will |
studied
I Variables involved in indoor illuminanc
selection will be identified
Review existing | Current visibility models will be studied careful
variables used irj  Literature 1 Current visibility variable shall be identified
1 _ indoor review f Weight and effect of each variable shall
illuminance recognized
selectionand | Methodology { Classification of which visibility variables int
visibility models categories based on their effect on the resultg
1 Choosing which variables shall be included
this study
1 Justification of the omitted variables
T Current visibility models will be studied careful
Study factors T Literature review shall identify the gaps
which can be Literature current visibilitymodels
2 used to expand review T Identifying the visibility variables that wer
the visibility Methodology overlooked or used with limitations in curre
models models
Application of
Fuzzy logic in
modellingindoor | Problem Using MatlabFuzzy logic toolbox, the process is
3 illuminance formulation described in the research methodology section
selection method Methodology
and target
visibility
I Results and discussion of the two models
T Validationof FRVPwith Rea and Ouellette RV
model( Rea and Ouellette 1988, 1991)
. 1 Validation of FIIL with respect to IES lightin
4 Synthesis of Resultsand handbook recommended illuminand@iLaura
knowledge discussion etal. 2011)
1 Sensitivity analysisor FRVP model

= =9

Advantages/ limitation of the two models
Future research work




1.5 Significance of work

The need to develop aapproach that responds to the shortcomings of the current
illuminance selection methods and target visibititgdels is of great importance. Thvsrk is
expected ta@enerate a new method for indoor illuminance selection method based on fuzzy
logic approah, this approach is more suitable as it allows for the calculation of the exact design
values of the indoor illuminance based on the actual situations rather than a single inflexible
value provided by the current standards. These actual values of indowna@nce can have a

great effect in avoiding underlit and overlit situations.

In other words, this work defines a new model for indoor illuminaegairementsand
targetvisibility in order todeliverenhancements to the designidanceof indoor lighting as
well asroad lighting This enhancemermain be adopted by users/designers based on their own
characteristics and not based on a common standards For example; the proposed models
allow a city with certain weather conditions, or a city véathigh number of elderly drivers, or
a city with numerous number of cyclists or pedestrians to adopt a certain type of street lighting
to match its needdMoreover, due to the nature of fuzzy logechniques which endorses
elasticity and diversitythe newmodek, in both visual performance and indoor illumination
design.can provide insights to lighting fixtures designers of internal, external as well as vehicle
headlampsn order to provide the required fittings, gear and controls to match a certain need
such as an elderlyriver, observer/worker, or to match a certain task such as CAD drawing or
manufacturing, or to match a certain situation, such as busy roadways with complex driving

scenes.
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Such an effort of providing a specific model for a specgeographic location,
community groupsand/or operating conditions not a new concepn a unique study, Joulan
(2015) proposed an analytical agependent model of contrast sensitivity functions for an
aging society (Joulapt al. 2015). This approak is widely used inapplications involving
heating and aiconditioning in which the design procedure includes many variables of the
space itself, the geographic | ocation, occu
involved and many others. Hence, fuzzy logic is also widely used in heating and air

conditioning systems control and design (Dash et al 2QKR)mari et al. 2012).

1.6 Structure of the thesis

This work is enclosed isix chaptes. The first one was the previous introduction which
provided a brief description ofisibility and its variables as well as some concepts in
illumination applications. It also provided the research aims, research quesioithe

significance of this wdx.

The second chapter is the literature review. It begins with an overvigw wfdoor illuminance
determination method, then it gsvan overviewof visibility definitions including Threshold

and Suprahreshold visibility concepts as well as a brieftbry of some early studies in the
field. Then an extensive description of the current visibility models was provided in which they
were assessed and compared to each other. A review of the advantages, disadeantages
limitations of each one allowed fdhe identification of the gap in which this work was designed

to fill.

The third chapter is the Methodology of this work. A large chunk of this chapter is related to

the fuzzy logic model proposed in thisdy, its advargges/disadvantages, limitatioasd how
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does it compare to other models such as mathematical models and artificial intelligence (Al)
and neural networks. Moreover, this chagfmts the lights on the methodology and procedure
followed in this work such as the fuzzification of inputiaétes, fuzzy inference systenasnd

rules as well as the defuzzification process.

Chapter fours is where the results,doe both the FRVP and FIIL modelhe effect of each

input variable on the visual performareed indoor illuminancéas been preseed in details

with 2D and 3D graphs and surfaces. Moreover, conditions for high and low visibiiy ha

been presented and some new concepts such as the critical contrast and have been demonstrated.

The chapter also includesiescription and results tfienewly proposed software packages

Chapter five includethe discussion of the result presented in the results chapter. It contains an
extensive discussion for both the FRVP and FIIL models in terms of description, advantages,
and limitations. Moreoveralidation for botithe FRVP model and FIIL model with respect to
current models/methods is presented. the-RVP model, sensitivity analysisasdone and

presented in this chapter.

Chaptersix will demonstrate the conclusions of this woak well ashe outcomes of this study
in termsof main findings.Furthermore, this chapter assessed both FRVP and FIIL models in
terms of their ability to answer the research questions presertbexkatly stages ohts study

as well as the future works that can follow this study.

References and appendices will follow.
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2 ChapterTwo: Literature Review
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2.1 Indoor target illuminance

Work-plane illuminance is one of the most widely used lighting metrics imthustry. The
popularity of this metric is owed to its simplicity and measurability using simple equipment.
Most lighting designs require the calculation of the illuminance on the-plarie. Design
targets are based on the function of the space.dé@$ign targets often specify average work

plane horizontal or vertical illuminance.

Attempts to establish illuminance recommeimizs date back to 19201950. The
llluminating Engineering SocietylES) has a prolonged record of producing illuminance
recomnendations used in lighting desigithe first illuminance recommendati® were
proposed by | ES as i lThegehcodesnpovidediltlmisaoce yaludssS 1 9
recommended for many applications such as offices, sgtaadsindustry. In 1947, lightmn
recommendations wepgovided as a vital part of the 1st lighting handbook (IES 1947) and all

thefollowing editions.

MathewLuckiesh(1934, 1944) and Richard Blackwell (1955) attempted to establish a basis
for iluminance recommendations. These effoetsulted in the illuminance recommendations
that appeared in the 4th and 5th edgiohthe lighting handbook1966, 1972)whereby each
task had a single and precise illuminance target. In 1980, the IES abandoned attempts to base
recommended illuminandevels on the results of visual performance experimental data and
adopted a consensus procedure (I ES1980). T |
three values. A range of illuminance was assigned by consensus to a task or area. The target
wasreommended by a consideration of the age o

background, and task importance.

14



This process formed the basis for the recommendations Bttih&th,and 8th editions of
the Lighting Handbook(DiLaura etal. 2011) Figure2.1 shows a sample of these illuminance
values based on age, task characteristics for some visual performance caedaueset al.

2011)

Peter Boyce (1996) discussed that every task is unique in terthe lodlance between
visual, cognitive, and motor components. He argues that it is this uniqueness that makes the
existence of a formula that quantifige precise relationship betweenhigng conditions and
task performance for a wide range of tasks impossible. In his view, the illuminance
recommendations are based on either technological or financial or emotional factors and not on
visual performance factors, hence, illuminance basedswal performance represents visual
needs, andhat based on expectations, represents visual wants. He suggested to develop
lighting recommendations based on consemaia obtained from the field, and publish the

illuminance recommendations based as tonsensuBoyce 1996).

DiLaura (2008 editorial leukos) argues that the single value that is in the 9th edition of the
IES handbook is inflexible and recommended to use a range system. In that edition, the
handbook states t hraposdbieto know theodgd, eetinal bealth,yandu | t
optical refraction of the worker. . . Therefore, a precise calculation method for visual
performance cannot be justiyed for typical a
value illuminance tagt by more than a few percentage points may be considered a serious
issue by a client and/or a code authority a
history of illuminance recommendations irable 2.1 shows how those recommendations

significantly changed over the years.
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interiorand exterior applications

exterior

interior and

interior and exteriorapplications

applications

Visual Ages of Observers (years)
where at least half are

Recommended llluminance Targets (lux)

<25 25t0 65 =65 Some Typical Application and Task Characteristics Visual Performance Description
05 1 2 « Dark adapted situations
« Basic convenience situations
1 2 4 « Very-low-activity situations
+ Slow-paced situations
2 4 8 + Low-density situations
oy Ori i relatively large-scale, physical
3 & 12 (less-cognitive) tasks
+ Slow-to-moderate-paced situations
" a 16 + Moderate-to-high-density situations Visual performance is typically not work-related,
but related to dark sedentary social situations,
5 10 20 senses of safety and security, and casual
. Moderate-to-fast-paced situations circulation based on landscape, hardscape,
75 15 30 - High-density situations architecture, and people as visual tasks.
+ Some indoor very subdued circulaton situations
10 20 a0 + Some indoor social situations
15 30 50 + Congested and significant outdoor intersections, important
decision-points, gathering places, and key points of interest
« Some indoor social situations
« Some indoor commerce situations
20 40 80
25 0 100 Commeon social activity and large and/or
high-contrast tasks
75 75 150 + Some outdoor commerce situations Visual performance involves higher-level
+Some ' ndoor social S|tual|_ons ) assessment of landscape, hardscape, architecture,
50 100 200 + Some indoor commerce situations and people and can be work related.
75 150 300
100 200 400
150 300 600 + Some indoor social situations
+ Some indoor education situations i
« Some indoor commerce situations Common, relatively small-scale, more
« Some indoor sports situations cognitive or fast-performance visual tasks
200 400 200 Visual performance is typically daily life- and
« Some indoor education situations work- related, including much reading and
250 500 jopg | 2emeindoor commerce situations writing of hardcopies and electronic media
+ Seme indoor sports situations consecutively and/or simultaneously.
+ Some indoor industrial situations
375 750 1500
500 1000 2000 Small-scale, cognitive visual tasks
« Some sports situations i )
750 1500 3000 +Some indoor commerce situations Visual performance is work- or sports-related,
+Some indoor industrial situations close and distant fine inspection, very small
1000 2000 4000 detail, high-speed assessment and reaction.
+So rts situati . .
1500 3000 6000 . 50:2 ?r?c?oo j;zz;&; situations Unusual, extremely minute and/or life-
+ Some health care procedural situations sustaining cognitive tasks
2500 5000 10000 Visual performance is of the highest orderin
- Some health care procedural situations respective fields of health care, industrial, and
5000 10000 20000 sports.

Figure2.1: Fundamental ranges of values in the illuminance determination sy®émura et al. 2011)
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Table2.1: llluminance recommendations in Faaindles fooffice spaces (adapted from Rilraet al.2011)

Task Difficulty

Year

Easy Medium Difficult
1912* 2 4 5]
1925* 4 6 12
1947 10 30 50
1952 10 30 50
1959 30 70 150
1966 30 70 150
1972 30 70 200
1981 10/15/20 50/75/100 100/ 150/200
1984 10/15/20 50/75/100 100/150/200
1993 10/15/20 50/75/100 100/ 150/200
2000 5 30 100

What is worth noting is that the current recommended illuminancetsaspewn in the
IESNA Lighting Handbook(DiLaura et.al. 201)lare exact values (i.e. instead of being a range
of acceptable values). Furthermore, the visual age of the observers has precise boundaries. The
recommended illuminance suddenly doubles once the observer age is changed from one group
to another. DiLaurase t . a | . (2011) justified that by as:c
recommended illuminances were considered to apply to a population age of between 25 and 65
years. If it is known that at least half of the observers are at least 65 years old, theadye leg
recommended il l uminance (i f one exists) is d
maintained horizontal illuminance for reading and writing tasks using a black ballpoint pen is
150, 300, 600 lux for visual age of observers of less than 25,y2885, and greater than 65

respectively.

It is believedthat neither the observer age nor the target illuminansersp and exact
boundaries and therefore they arezifor all practical purposesience, he objective of this
work is to develop anluminance selection pra@dure based on fuzzy techniquestiance

the current illuminance selection guidelines.
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2.2 Visibility of targets

Visibility is defined as the ability of the visual system to detect and identify a stimulus. For
example, anighttime driver needs to detect and identify objects on his way, these objects can
be static such as obstacles and trafécups and dynamic such as pedestrians and other road
users. Moreover, the driving task for any motorist inckwewing elements on thereetscape,
reading signs and road lines, reading the vehicle instrumamismany other visual tasks
needed to a safe journey from a place to another. Hence, seeing or detecting targets on the road
is not enough for safe driving, the ability to ideptihese objects is what makes it crucial for

any motorist to react in time and avoid accidents.

Accordingly, target visibility can be described as either threshold visibility or supra
threshold visibility. The point at which a stimulus just becomes tidtlecis called the
detection threshol d. Under this paradigm,

Blackwell (CIE report 19.2, 1981) provided a metric for task visibility. VL can be defined as:

0N 6 "QL @dAEEDE 0 E BIMD Gi "QQO

YO & a0 & Q¢ wE so®i i o

2.1)

This definition means that VL indicated how much the target luminance is above its
threshold value. Further developmentttoe VL apprcach was done by Adriad989) were he
incorporated the effect of vi ewi vnigpilitylevehe, obs
HowevertheVL model showed some problems as that equal visibility levels do not correspond

to equal levels of task performance. Moreover, as more experiments were conducted and data
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sets weranalyed the number of new correction facs proposed to make the model suitable
was increased, this complicated the VL analytical approach to such an extent that the model
lost its trustworthiness. Adrian model was later incorporated into small target visibility

computation STVIESNA 2000 in road lighting design.

Suprathreshold visibility, on the other hand, describes the speed and accuracy of
processing visual information. Relative Visual Performance (RVP) model (Rea 1986), is an
attempt to quantify suprdlareshold visibility. The originef this model rgf on the result®f
Reasfirst experiments (Reh981) to check the effect of luminance contrast on the performance
of numerical verification tasks whereby the time and accurargrgcorded as a function of
the luminance contrast. Fuethdevelopment to the model was dogeéRea an Ouellette1 088,

1991) were they used reaction time to the onset of a square stimulus as a measure of visual
performance. In both experimentle visual performance was measured by the increase in
reaction tme following the reduction in visual size, luminance contrast, or the amount of light

entering the eyes.

2.3 Early work

The revolution inthe vehicle industry and transportation infrastructure in the 1930s called
the scientific community for better search in vision science (WodiB36). A concrete
visibility model was needed to build a solid road lighting standard as well as reliable automotive
headlamps. Although several attempts to conduct experiments to measure the visibility during
night time drivng, which resulted in proposing a road lighting stard in the UK (Weston
1943),the main contribution was done by H. Richard Blackwell who conducted extensive
laboratory studies on the detection of targets under various experimental conditions (Blackwel

19



1946). In the following years, under his supaons CIE reports 19 (CIE 1972) and 19.2 (CIE
1981) proposed a general framework for various visibility models developed by different
researchers with adaptation to particular probladwvever, Blackwellfocused on uniform
targets on a uniform background, and the need for further developments for his work was

serious

Early attempts of solving problems related to visual and task performameestudied by
Weston (Weston 19431945). Such problemisicluded the sufficient text size and contrast
required for a typist to successfully do his work. Or, more generally, the amount of illumination,
contrast and visual size satisfactory sxhieve the visual performandd.o we v e r Westo
experiments and ¢aniques were paty defined and performed (Rea 1986 such an extent
where he couldndot even replicate his result:
hand, Rea extended the work of Weston keeping the same philosophy but with incorporating
tighter experimental controls and better analytical and statistical procedurem(Reaellette

1988, 1991

2.4 Threshold visibility

~

Threshold visibility refers to the visibility of objects tojostd et ect abl e. Or #fAj
An early attempt tguantify thethreshold visibilitywas through the concept@vealing power
(Waldram1938) The revealing powemeasures the percentage of objects detectable on each
point on the road where the diffuse reflection factor of these objects follows thé&cstatis
distribution of pedestrian winter clothes. Waldram used a set-nfcP4quare targets located
on a grid pattern on the roadway and calculated the visibility for each target to determine when

the target becomes dangerous iaght-time drivers at 30mph. The data fothe statistical
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di stribution of pedestriands wi nwasdevetopedt hi ng
by Smith (Smith1938). The revealing power concept was further developed and expanded by
numerous reearchers (Harris and Chres1951) while many of them tried to adopt it as a metric

for the analysis of road liging installation ( Hentschél971), Van Bommel and Bog1980)

but could not succeed as the practical application of their studies aiengtitll(Narisada and

Scheuder2004).

The visibility leve (VL) approactwasfurther advancetly Adrian (Adrian1989)based on
Blackwell data(Blackwell 1946) where he proposed the visibility level model (\dgd
discussed the visibility threshold basedaob0% probability oftarget detection. Though, the
modd was still considering uniform objects anuniform background. This isince VL
calculation ishased on two luminance measurements only, the target reference lumingnce (L
and its near background luminance)(lwhile & actual driving conditions, the luminance of
road surface is not homogeneo@Gsilerand Onggil 2003)(Brémondet al, 2010)and targets
can be far away from unifornB(émond and Mayel2011).Adrian model will be discussed in

detail in the following sections.

The smalltarget visibility model (STV) is an extension to Adri@risibility model
(Adrian,1989) adopted by thiduminating EngineeringSociety of North America(IESNA
2000 as a metd for good quality road lighting installations. STh¢orporates the calculation
of visibility levels (VL) under specific conditions defined by IEEhe value of STV is then
calculated as the weighted average from these visibility level values at diffeictmoints.

STV model will be discussed in detail in the following sections.

As a quality criterion for road lighting, Narisada et(@007)introduced the notiof ar e a

r a t whiztois defined as the percentage of road area in which the revealing power can be 90%

21



or more.It was consideredhat an area ratio of 70 % can provide acceptedde lighting

visibility levels for important roads (Narasida and Karasa®@01, 2003). Hoever, the

revealing power concept was still dealing with threshold visibility, which means that objects on
the roadway ar e ovigiblep, dewhéet tabifsaetypointdivews t af f i
this is not adequate as thdver should be able tdetect and identify objects on his path as

quickly as possibland with minimum efforto react in time and avoid it. Hence, the visibility
atthethreshold is not sufficient faright-time driving and suprahreshold visibility conditions

are required.

An important theory that raised to the surfacéh@1960s suggests that sinusoidal wave
gratings are more adequate to describe the performance of the visual system than surface bodies
(Campbelland Robsorl968). This allowed for the concept of contrashsstivity function
(CSF) to be developed and argued that it can fully describe the visual performance regardless
of the stimuliproperties (Van Nes and Boum&867). Contrast sensitivity function (CSF) is
defined in terms of sineave gratings based dtifferent spatial frequencies, the observer is
then tested against these gratings with the ability to adjust the luminance contrast for each
grating to the threshold value. Then the image can be described as the collection of Fourier
components and the manse of the visual system is the sum of these component responses. If
the latter reaches some threshold value, then the objebecsaid to be visible (Barteir®99).

A wide variety of practical applicatisncan make use of the CSF model such as image
processing techniques and road vilsipiestimation (Joularet al. 2011, 2Q2), road signs

design (Bomme2015) visibility in fog (Tarelet al.2015).
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2.5 Suprathreshold visibility

The visual performance concept was adopted as a measure fethsephet visibility.
The visual performance is defined as the speed and accunaesfaiming a visual task (Levy
1982).While task performance is a more complex term as it is a measure of productivity, or
simply, the ability to complete a certain ta3ke phibsophy embraced by researchers who
adopted the concept of visual performarf@éeston1935, (Boyce 1973, (Real986)was
unique in a way that instead of measuring ¢t}
and extrapolating to supthresholdvisibility zone, they investigated the sughaeshold visual
performance directly by designing special experiments to measure the speed and accuracy of

completing certain visual tasks.

To assess the relative performance using a simulated realistic theskaumerical
verification task was first @l by Smith and Rea (Smith and RE¥0)and later by many
others (Red98)), (Slateret al. 1983) Yet, task performance measured by simulated realistic
task included more factors other than visual performaned as motor skills, motivatipand
intelligence, sat was difficult to extract the visual performance results from task performance
using this metho@nd complex experimental and analytical procedures weergred for this
purpose (Rea 1981, 1986 he alternative for this complex method was to use reaction times
instead of simulated realistic task8ofyce and Red987) in measuring and quantifying the

visual performance.

The relative visual performance model (RVP) was first developed by Smith ariiid82a
for indoor lightng applicationsLater experiments for reaction tisi@nd speed (Rea and

Ouellettel988, 1991) extended the use¢l®@RVP model foroadway lightingThe RVP model
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was validated by the results of two independent experimBeis §d Ouellette 1988, 1991
under a variety of luminance conditions. RVP values are typically located between zero and
one. The value of zero RVP indicatthe visibility atthe threshold, while a value of one
represents a reference condition of a target igh luminance contrast and large size is seen

by a young adult against a high ckground Iluminance (Reat al. 2010). RVP

model will be discussed in detail in the following sections.

2.6 Visibility model

The above literature indicated that tharecurrently three visibility models that are wide
spread and most commonly used to quantify and assess visibility, these madbksasibility
level (Adrian1989), STV mode{IESNA RP8-00, 2000 and RVP modelRea and Ouellette

1988, 199). The following sections will discuss each model in detalil.

2.6.1 Adrian visibility model

Adrian visibility calculation model was introduced in 19&%d was based on laboratory
work done by Blakwell (1946)and Auhorn (1964).The model was an extension to risch
work on 1969 which allowed the luminance differences to be calculated. Another modification
to the 196906s mubaetlhec a&hd eichs1982 t hewetear get 0
incorporated In 1989 Adrian extended his older models to allow thieutation of the
luminance difference thresholDl(;) for negative contrast targets (targets darker than
surrounding) Moreover,t he mod el i ncorporated the effect:

contrastpolarityand observer6s age into the visibilit

Based on Adrian modgl1989) the luminance difference threshold is defined as the
minimal luminance difference between the target and the background to perceive the target with
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a certain prbability of 99.93% The threshold value presented by Adrian was found to be
mainly dependent on t hesizet Hawgvert Adirsan ictroduded a s t
correction factors toaount for observation time b s e 3 ageeand contrast polarity to be

accounted in the calculation thfe luminance difference thresholBL(i)

The observation time correction factor has a value of unity for a éasjetervation time
of 2 secondsr more while for lower than 2 secoritie correction factor has valuesceeding
unity. This means that for shorter observation siradigher threshold difference is needed
order to perceive the target. Theame appl i es for an opeargafver 0s
old except that, based 6n aAydkr icaamb sb emoedxetle,n d et
old andis divided intotwo groups; from 23 to 64 years of old and from 64 to 75 years of old
with different correction factorformulas The basis for this are the studies done by Blackwell
and Blackwell {980) andWeale (196} to find the effects of age orisual performance by
measuring the ocular transmittance where they found that it decreases with age. Consequently,
higher values oDLt is needed to perceive the target for didebservers as shown kigure

2.2.

234 OBSERVER

L=100 ¢d/m?2 /
4

MULTIPLE OF THRESHOLD

20 30 40 50 60 70 80
AGE (YEARS)

Figure2.2: Multiple of the threshold contrast required for an observer of higher age in relatihie base group with an
average of 23 yearsA@rian 1989
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Theluminance contrdss the ratio between the targeckground luminance difference
and the badjround luminanceSince the target can be darker or lighter than the background,
the luminance antrast can be positive fdack dot on a white backgrounar negative (a white
dot on a black background). Awlim (1969) showed that for the same luminance difference
(DL), negative contrastargets can be better perceived by human observerspthsitive
contrast targets. Hence, negative contrast targetddaeeDL, than positive contrast objects.
Adrianintroduced a contrast polarity correction factor to accourthi®lowerDL for negative
contrast targets. The correction factor is blasethe data presented by Authd1969) and &

a value between zero and one.

Adrian (1989) highlighted the effect of disability glare as well in his visibility model.

He reported that disability glare impaiargetsdue tothe highilluminance of stray light in the
cornea crystallindens and the retinal layer8s a result, the stray light superimposes on the
retinal image making the image layers to be redudedce,higherDL is required in order to
clearly perceiveaargets by dauman eyeThe effect of glare sources was taken into account by
introducing a glare relatddminance that is equivalent to the glare effect on the target visibility
(Lseg. This glare luminancaffects the target contrast as it will be added tobédekground
luminance () and is a function of the illumination of the glare source at thetlegage of the
observer and thglare angle between the fixation line and ¢eatreof glare source ( between

1.5°to 30).

The visibility level (VL) introdwced by Adrian(1989)expresses how much the target is
above the threshold perception. It is defined as the ratio between luminance diffBtgrasel(
luminance threshold differencél(;). This visibility definition can be used to evaluate

visibility in lighting installations and the quality of road lighting. The conclusion of Atrian
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(1989) work shows that in order to increase the visibility level (VL), either the contrast of the
target or the target size should be incrdase other words, for a givetarget contrast, the

distance between the observer and the target should be lowered in order to clearly see it.

Inorderto TesA d r i a n ktysmodeiursder highttime driving conditions Ising 2008
used arexperimental approach to measure the@oese distance for spotting a certain target by
drivers on a roadway. The targets were of rectangular shapes and were different in contrast
levels and sizes. The observers were drivers with age granging from 355 years old with
an eye pigmentatiora€tor of 0.5 (typical for brown eyes). A glare source was mounted on the
front of the test automobile which imitates an approaching vehicle at 61 meters away from the
test vehicl e. T hassetatrlilivneandagsassemee te bel2.B m anayt fronw
the automobile bumper. The drivers were asked to drive the test vehicle on the designated
roadway and give an indication once spotting a target ahead of them, the data for distances
bet ween the dr i verhémmeasyredsandased in theafollgveng analysis. e t
The calculation used an expectation correction factor of 0.&dctmunt forunexpectedirivers
(Roper and Howard 937), while an exposure time wéged atbe 0.2 seconds based on
Adr is workd(1989. Moreover, the studyncorporated theCIE General Disability Glare
Equation (CIE146 2002 which extended the glarangle rangdérom between 1.5° and 30° to
between 0.1° and 100ft was found that older drivers required highesibility levels at target
detection to spot the target than younger drivers. Moreover, it was also found that higher
headlight beams required highasibility levels at target detection than lower headlight beams.
There was also a correlation, even though weak, betthe¢na r sgefléctivity and visibility

levels at target detectionud t her mor e, the study reveal ed t ha
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and headlight beam patterns have a significant effect on visibility levels at target detection of

alerted drivers, while tget size and position did not have a significant effect.

Onthe other hand, Lecocd499) addressed the gap of using a @tanget in developing
A d r is annd@él 1989) by introducing a calculation methotb calculate the luminance
distribution around a siol spherical targetHence, determining its visibiitlevels. Lecocq
method (999) wasexperimentallyverified by Bacelaret al. (2000) The studyusedan
experimental method to measure the target visibility at different positions by 23 observers with
ages from 1&5 years old. Observers were pldd@3 away and inline with the target.
Observation time was controlled between -500 milliseconds and obsers were asked to
rate the target visibility based on five appraisal ratings: target not visible, weakly visible,
passably visible, and satisfactory visible and finally; a target with good visibility. Experiments
were conducted @he Rouen CETE track iffrance which consists of 7-mide roadway with
R2 type coating. The targetgere 20-cm balls witha surface reflection factor of 0.Bacelar
study (1999 confirmed the reliability of the calculah method developed by Lecodqgr
hemispherical targets and no significant difference was found between experiments employing
plane targets and hemispherical targets which suggests thatfeitheris @.988) orLecocq

(1999)models can be used to descnibad lighting geometries.

A study byBre'mondet al.(2012) was al so related to the tar
model 989 which was a small grey plane square. The sttabkled nighttime target
visibility in dynamic conditiondy introducing more common targets to the nighte driver
such as a roadway sign, a pedestreamd a car An experimental method using a driving
simulator under controlled conditions was conducted on 27 subjects including males and

females with an averagae of 35 years. All subjects were selected to be licensed drivers with
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normal or optically corrected vision. The drivers were randomly exposed to several targets
including a grey square, a roadway sign, a pedestaiath a car at different locations and
randomly ordered to eliminate the bias of anticipation of a certain target. Moreover, the
successive time between each target and the other was also random to serve the same purpose.
The driving simulator consists of a steering, a gegrbod a pedal witaha. st ati onary d
seat. The simulator software was graphically rendered to reflect a-tinnghtvirtual
environment with Super Extended Graphics Array (SXGA) resolution. Drivers were asked to
push a button on the driving simulator steering to indittzé he has spotted a target on the
roadway. The reaction time for each driver was measured at different luminance values and the
visibility levels (VL) werethen calculated using an exposure time of 0.2 seconds based on
Adr i an 6Bremoodisudlf2011)r esul ts confirmed that Adri
provides a reasonable descriptioihthe visual performance that is related to a safety index
described by the target detection distance. Moreover, the study showed that there is a
guantitativerelai on bet ween the target detection perf
more natural targets such as a road sign, a pedestrian and a car. Thus, confirming that VL is of

great importance in assessing visual performance umglartime conditions.

Hence,Adriand wisibility model (1989 is a useful tool for measuring the visibility of
targets at nightime driving conditions. Howeveithemodel was established under laboratory
conditions which are far different from actual environmeémts way that many other driving
componentghat are related tthe visualperformanceare missing. These components may
includedr i ver 6s al ertness and distraction, the
automobile and most importantly, theomplexity of the roadway that incluglglare sources

from other cars, background complexity, bil!l
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These important driving components cannot be addrasskdoratoryconditions Adrian
1989 or by usinga driving simulator with a stationary se@re'mondet al. 2011) in
comparison to an actual nigtine driving experiment utilizing an actual automobile and actual

roadway.

Moreover, Adrian model limits the glare sousrgglebetween 1.5to 30 which does not
reflect a real case situation foighttime driving. Another problem with Adrian VLs is that
equal visibility levels do not correspond to equal levels of task performance. Furthermore, the
suprathreshold performance of tasks with diffarevisual and notvisual components
occurring on and oféixis cannot be predicted fraitme on-axis threshold measurement (Boyce

2003).

2.6.2 Small Target Visibility (STV)

The small target visibility mod€STV) was developed by IB¥A (2000) and is based on
Adi ands model (1989), the model l argely si mp
creating a visibility metric to calculate the visibility of an array of targets on the roadway. The
early history of STV studies a8 done by Gallagher at. (1976 who showed the relation
between a cone target ahead on the roadway and the distance at which unwarnedrdriver
avoid it. Janoff (1990) showed that there is a strong correlation between the visibility of a target
and the distance that it could be obseraed identified. Another study by Janoff (1992) found

a direct link betweethesmall target visibility level and the subjective rating of their visibility.

STV incorporates the effect of the target luminance, immediate background luminance,
adaptation leel of the adjacent surroundingnd disability glare in the stdypy-step model

calculation. The target object used in developing the model was a square with 180 mm side
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length and a reflectance of 20%. The object is located ahead of the observer ace dcst
subtend 10 minutes of arc visual angle which corresponds to 83 m ahead of the observer with
the observer to target size parallel to tkatrdine of the road. The observer is a 63 years old
driver with an observation time of 0.2 seconds. STV walsulated by finding the visibility

levels (VL) of an array of these square targets, then a single metric value (STV value) is created
based on a weighting function depending on all visibility leaslseen ifrigure2.3. In the

year 2000, Small target visibility (STV) approach was addede¢dESNA R-P-800 standard
(IESNA 2000), the standard provided three design approaches: Luminance, llluminance, and

STV.

Figure2.3: visibility level values (VL) for objects with the same reflectance factor. Negative values correspond to objects seen
in negative contrast (silhouette). Black dots indicate the lengthaixserver positions for the different rows of grid points.
(Bommel 2015)

The problem with STV is that while visual performance is a nfatteted task, STV is
limited to one facet which is the ability to detect small objects while targets can diffeesn s

and contrast at the same time and targets can be even more complex such as multi contrasted

31



targets. Indeed, the fact that the model is based on a single reflectance factor (50 % at first then
changed by IES to 20% later) may lead to some misleadilaylations and conclusions.
Furthermore, STV allows observers to detect targets located ahead of them but ignores the need

to spot targets at the boundaries of their visual field using peripheral vision.

An assessment study of a pedestrian crossing assngall target visibility model (STV)
was performed by TomczyR012. The study utilized a computer simulation for a pedestrian
crossing using Dialux 4.9 software basedaosmall target visibility model (STV) which is
built-in as one of three roadway fiting design methods in the software and recommended by
IESNA RR8-00. The simulation was done for a doubided roadway with a single lane each
with luminaire poles on one side only with one of them directly located next to the crossing.
STV and visibilty levels (VL) values were found at different locations at the roadway based
on the fact that the pedestrians can cross from any side of the road and can be at any location at
the crossing at any time. Results showed that visibility levels can providie fa@ry good
visibility levels at locations while not being able to achieve very poor levels at other locations
and/or at different luminaire poles positions. This allows for the background luminance to
reduce visibility levels to values that cannot eequoper observation by the driver which may
result in not detecting the pedestrian at the crossing. The results of this work meet the
recommendation of IESNA R8-00 in thatthe STV model is not recommended as a roadway
lighting design criteria. Howeveit,can be useful as a verification method for roadway lighting

designs including pedestrian crossing.
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2.6.3 Relative visual performance (RVP)

The relative visual performance (RVP) model was developed by Mea1R86 in an
attempt to quantifysuprathreshold visual performance levels under different lighting
conditions The modeis based on the psycimhysics of lighting philosophy whichewvefirst
developed by W&ton (1915). Rea highlighted that visibility does not depend on illuminance
levels only as illuminance does not reflect how the observer can see targets. More factors should
be considered when designing &ighting installation for better visibility such as reflectance
of the target andany object in the visual fielduminous contast of the target, chromatic
characteristics of the target (targelour), size of the target, any glare source wither reflected

or directed into the observerds perception

Suprathreshold visibilitydoes not only involve perceiving targetsit it is alsorelated to
how fast and accurate visual information can be processed. He@adyased his modeho
experimental dataf speed and accuracy ntimerical verification taskasing two different
experiments. fie first one (1986), young adult subjects with healthy vision compared two
columns of fivedigits numbers, the first column on the lg#ference listivas printed in one
of two types o ink on a mdtwhite paper with dferent illuminances, lighting geometries and
ink types. This variation in conditions provided 64 different stimulus conditions. The other
column on the right (response list) was printed with black ink of matt white patrehigh
cont r as t0.8jadd backgbound luminancedjlapproximately matching the reference
list. Rea marked the total time taken by the subjeatsitapare the two columns and the errors
of both omission and commission were also obtained for eachrtakime resultsvere usd
to obtain valus of visual performance (VP) measured in reciprocaliraetused to read the

reference sheet. A threkmensional model involving theg of luminanceof the background
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(cd/n?), log on the contrag(C), andreciprocal of time (VPas createdefiningthe basis of

the elative visual performance model (RVP) as shawhigure2.4.

RELATWVE VISUAL PERFORMANCE

Figure2.4: Threedimensional representation of the visual performance model. Relative visual performance (RVP), scaled
linearly, is ploted as a function of contrast (C) and luminance LB, both scaled logarithmically. (Rea, 1986)

The second experiment was conducted by Re®ametlette (1988)o measure the reaction
times for targets that are darker than the background (decrements) and targets brighter than the
background (increments)n both experiments (decrement and increment), subjects were
examinedo be havinghormal or above normal wial acuity in their left eye using Keystone
Ophthalmic Teiebinocular dBeir right eye will be covered wiinopaque patch and theyll
be using their left eye to view the stimulus disgeyuare target wittifferent sizeson a video
screemat a distance of 1.68 m awaging a 2 mm artificial pupwith the help of neutral density
filter andor luminous vei] dependingon the experimental conditions. Once the target is
displayed on the screen, subjects hase®nds, before the target im@ved,to press a button
confirming their ability to detect the targetforea computer randomigenerates a new target

on thescreen. The experimental setup is showhRigure2.5
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Figure2.5: Schematic diagram of reaction time apparatus. (Rea and Ouellette, 1988)

The time between target display on screen and respomse recorded for each
experimental trialFor each trial, different combinations of luminance, contyastd target
sizes were displayed to the subjedtsth experiments done by Rea and Ouellette (1988) came
to show that the percent detection probability (RVP) increases with increasing the luminous

contrast, target size (teradians)and theretinalluminance (inTrolands).

Figure 2.6 and 2.7show the results of Rea and Ouelleitterementand decrement

experiments respective(991)
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RVP model got a lot of praise and criticistthe same timeThe modeivas referenced
by the IESNA Lighting Handboo{000)as one of the methods used for assessing the impact
of light levels for different lighting application¥he benefit othe RVP model is that it can
guantify the visual performancmuch better tharhe visibility level (VL) since VL was
considered as a crude predictdrvisual performance (Rod978) RVP can also predict the
visual performance based on two independepeéements that erewell documented and can

beeasilyverified.

Similar experimentperformedby Bailey (1993) aad Eklund (2001) showed a strong
correlation between their results and RVP mogslies which givesnore credibility to the
model. In one of these studieBailey (993) measuredni n d i v abdity to fedéds certain
text consisting of an array of different words with an average of seven letters in [Eimgth.
luminance contrast and text size were randomly varied through the experiment and the

background luminance values ranged betwk@rno 5500 cd/h The dita resulted from the
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calculation ofthe number of words that can be read per seasack found to be strongly
correlated with thestimate®f response timeassingtheRVP modelOn the other hand&klund

(2001) implemented an experimental approach in which subjects were tested to identify
different sizesof alphanumeric codegrinted with different luminance contrasts ranging
between 0.1 to 0.93 he performance obtained from Ekluindsesultsstrongly conformedto

the calculated RVP values.

Another study by Goodspeed and Rea (1999) measured luminance contrast effects on
the capability of individuals to corrmgctl!ly
The luminance contrast values weegiedbetween 0.2 to 0.8 while the background luminance
value wadfixed at7 cd/nf with surrounding luminances ranging between 0.01 to 0.1%d/m
The data obtained from the experimental results were compared to predictions of response times
usingthe RVP modeland were found to be in good conformance that enables the RVP model
to provide significanpredictions of visual response at sufiteeshold leved in a variety of

situations.

To create a visibility calculation method that reduces the complexibadfvay lighting
photometric data into a better suitable form that is easily used for deciaking. ReaZ010)
combined RVP calculation with a photometrically accurate lighting software in a unique
approach that can provide more practical insights aheuble of different driving and lighting
characteristics such as illuminance, spatial extent, vehicle speed, roadway characteristics,
dr i v e raddsmaray @teers. These insights can lead to moreetfestive, safeand low
hazard roadway lighting d@grs. In this approach, Reeed a lighting software tool (AGi32,
Lighting Analysts). A virtual fouteg, right angle (cross) intersection has been created

involving a total of three cars located at three legs of the intersection, two of them arergtationa
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and facing each other and the third is approaching the intersection from the perpendicular side.
The simulation considered each vehicle headlights to be alwaysderfour different roadway

lighting levels, representing a range of ambient lightinghflaghly urbanized areas to rural
locations. Different scenarios have been created by the software utilizing the change in lighting
conditions, |lighting poles arrangemedmos, haz
i mportantl y, RWbvsuseddo evaduateatgeechosen variety of intersection
lighting scenarios generated by the software. Based on these RVP values, the study confirmed
that both low speed and higipeed intersection should be illuminated. This creates better
visibility due to the high illumination levels and enhaatcdhe o bser ver 6s vi si bi
to identify potential hazards and reduce roadway crashes. It was also confirmed that age has a
significant effect onthet ar get 6 s vi si bi | i ty olderdrikReg.PThug,al ues
intersection illumination can be of great benefit for this group of drivers. Furthermore, the study
stressed that lighting from other sources than roadway fixed illumination such as observers and
other vehicle headlamps, buildings fligly, and any other lighting source that provides

illumination on the roadway, are of great importance for righe driving.

However,the RVP nodel has some limitationthat rest its sole adaptation fiighting
design Boyce 2003. First of all; RVP predicts the visual performance andt mioe task
performance Secon¢gl RVP does not predict tasks that requpexipheralvision. Third; the
model incorporates luminance contrast, background luminare target size as factors
affecting visibility and nelgcts other factors such afisability glare, contrast polarity,
chromatic contrast (targeblour, and eccentricity of the target. Moreover; the model is limited
to therange value$Size, contrast, and luminandépat wereused to develop iBoyce 003

states that the existence of a péat in the thredimensional representation thie RVP model
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(Figure2.4) may imply that for a wide range wisual conditions, visual performance changes

slightly with the change of lighting conditions.
2.7 Road lighting design standards

Night-time visual activitiessuch as driving is a continuous decisioaking process. It is
mainly based on the data that reaches our senses. As a result, a good road lighting is very
important to maintain the visual performance at a good minimum level during low visibility
periods.Moreover, drivers need to feel comfortable within the road environment to keep the

fatigue levels as low as possible and keep the drivers alert.

Road lighting design is a standardized process, the most commonly used standards are
ANSVI/IESNA R-P- 800 (IESNA 201%, CIE Publication 1151995) which was replaced by
CIE 115b (2010, CIE 140 (2000)which was also replaced by CIE 180(2019) The
American National Standard Practice for Roadway Lighting (ANSI/IESNA) adopted design
citeria called the Alll uminance methodo from 1
amount of light that falupon the street surface measured in-faotdles or lux. In 1983 a new
approach APavement | uminance methodod was add
indicates how much luminous power the humancaygerceive and measured in candela per
square rater (cd/m). The uminance of any point at the road is a function of illuminance and
the reflection of the pavement material. Consequently, knowledge of road surface properties,
geometry describing both the locations of the observer and the target isamifgo use this

method. Pavement luminance was preferred as it related road lighting to visibility concept

where it depends on the observer himself and how much light reaches into his eyes. However,
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in a conflict area where multiple directions of vieweaexisting and little informatioms

provided for geometry describing the target and obsettveiljuminance method is preferred.

In the year 2000, Small target visibility (STV) approach was addétei&SNA R-P-800
standard (IESNA 2000), the standaptovided three design approaches: Luminance,
llluminance and STV. Small target visibility (STV) approach was developedHSNA
(IESNA2000) based n A d madal(h98%F and isbuilt on the detectionfemall objects on

the roadway. The STV is based the following conditions:

A The target is flat with diffusive reflectance factof 0.5 ( changed to 0.2 by
IESNA,2000)

A Targetis square with 180x180 mm area located at a distance of 83 m ahead of the

observer ( visual angle 7.45 minutes of arc)

Observera target sightline is parallel to the road axis line

Observel3yéass age 6

Observation time 0.2 seconds

Observation height is 1.45 with a downward viewing angle of 1

> > > > >

Background luminance is average of the point luminance at the bottom of thetatget
the top of the object
A Regular calculation grid starting at 83 m from the observer between a span of

luminaires.

The problem with STV method is that it is not field verified (cannot be measured)tinile
illuminance method can be field verified. Moweo, STV ignores the need of drivers to spot
movement at the boundaries of the road using peripheral vision, to keep the vehicle between

lane lines, to evaluate relative speeds and moving directions of vehicles since the driving
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conditions are created bycambination 6 road lightng and vehicle forward lightddence,
STV approach received extensive discussion andweas well as critiqueand finally IESNA
decided to withdraw STV as a design metni006,and to retain luminance approach as the
only design criteria, illuminance approach for field verification and STV as a selectioroeriteri

between designdine design tuning).

On the other hand, Clihich is the French abbreviation f8ommissia Internationale de
I'Eclairage or the international commission on illumination published several
recommendations of roadway lightinip the previous CIE reports (CIE 1965, 1977), the
recommendations used the illuminance and luminance thresholds for roadway lighting design.
The visibility level(VL) concegf i r st appeared in CIE report 11
model (1989) was discussed along with STV methodology. However, the report did not
recommend using STV as a figure of merit due to the lack of consensus of the target and the
concept of STV itdé In the next version of the CIE 115 report (2010), the visibility concept

almost disappeared from the report and was no longer part of the recommendations

To sum up, road lighting standard should consider titmhuman visual system detects
objectsand try to develop an approach that responds to these elements to improve visibility for
drivers. The human visual system is usually affected by luminous contrast, chromatic contrast,
and adaptation luminance, size of the object relative to the sighhahiséamd position othe

object

2.8 Roadighting and visibility

Driving is a continuous decisiemaking process. It is mainly based on the data that reaches

our senses. An average driver gets almost 80% of this data from his visual r¢Boya==
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2009).As aresult good road lighting is very important to maintain visual performance at a
decenminimum level during low visibility periods. Moreover, drivers need to feel comfortable
within the road environment to keep the fatigue levels as low as possibleep the drivers

alert. Numerous nigktime accidents involve sleepy drivers or even asleep during driving.

Night-time driving can be very challenging due to the reduction of visibility levels. Hence,
driving at night requires the driver to perforehdétional tasks than the ddiyne driver. These
tasks include more concentration, better-aglaptation and most important; the ability to
identify obstacles in order to avoid road accidents. A new NHTSA (National Highway Traffic
Safety Administration) fgort showed that most of the pedestrian fatalities and injuries occur
duringthenighttime (NHTSA 2014), and the most important factor affecting these numbers is
the reduced visibility levels durirtgenight Many studies showed that road lighting catuice
the numberof nighttime accidents by almost 3® % (Elvik 1995, Wanvik 2009). A study
based on New Zealand streets showed that the ratio between night to day road accidents can be
lowered with inceasing road luminancéigure 2.8) and a reduction of almost 35% of road
fatal accidents can be achieved by improving road lighting in some streets (Jackett and Frith
2013). Another study based oa fatal accidentdatabasen the USA showed that accidents
involving pedestrians in urban and rural roedseaseinder low visibility levels (Sullivan and
Flannagan 2007). Hence, road lighting is essential in lowering the possibility of accidents and
help keep drives and pedestrians safieigure 2.9 shows how road lighting can affect the
visibility of any potential hazareth dark. The two cars in compadn are with headlamps
working but it is clear that the one surrounded with enough street lighting is more visible and

simply representalesspotential hazard for drive(8ullough et al.200p
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Figure2.8: The relationship between average luminance and the night to day crash ratio for all reported etalNleas
Zealand streets (Jackett and Fra®13).

a. b.

Figure2.9: A computer simulation comparison betweepatential hazard (car) surrounded by a road lighting pole (a) and
without road lighting (b)Bulloughet al.2009

Many studies came to find out the proportion of road accidents that are related to poor
visibility (Sabey and Staughton, 19Fk]ls 1980). The studies were based on road accident
numbers and causes in Britain. The Reported Road Causality Annual Report (UK Department
for Transport2015 <c¢cl early stated that fAFailed to | oo
of road acalents letween 20022014 which is directly related to poor visibilifFigure2.10).

In terns of the severityof road accidentdrigure2.11 shows the percentage of accidents with
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contributory factors in each segment. The contributory factors related to poor visibility are:

Al mpair ment doehaviburcsrt riacé x p@mni, enceo and
factorso. Combined, these three contri
serious and slight road accidents.
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Figure2.10: Top five contributory factors in reported road aegits, GB: 2005 to 201WK Department of Transport, 2015
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Another importance of proper road lightings that enhances -tirght visibility is the
security of urban areas.h& link between lighting and crime has been identified since the
fifteenth century (Painteand Farrington 1999). In 1415, owners of expensive property in
London were ordered to hang out lanterns or Candlemas when the moonlight was not sufficient
to light theneighbourhoodsParis followed a similar approach but altered the location of the
lanterns to be covering the streets as well. In 1667, France suspended lanterns on cables over
thestreetcentreto create a public lighting system under police contrahdémid-19thcentury,
gas street lighting spread widely to most Eusopmajor cities. In London alone, 39,000 gas
lampswereused to provid 215 miles of roads (Chandlend Laceyl949). The first exterior
electric lighting installatiorwasinstalled in NewYork in 1850and it was believed that they

have a major role in fighting the crime that veaseadingluring that erdO'Deal958)

The idea of fighting crime with lighting surfacedtime USA in the 1960s along withan
intenseincrease in crime rates. In 1979, Tienal. (1979) published a reviesgportfor the
effects of lighting on crime. He concluded that although there was no evidence that improved
street lighting decreasdhe level of crimeshere was some indication that improved street

lighting decreases ¢hfear of crime.

In 1988, Painter conducted a field experiment in an oitieaea in London (Painter 1988
He targeted anuchlocalizedarea to find the effect of street lighting on particular crimes. He
collected his data using a surveyread outbeyond dark. Eoplewere aked about their
experience of crime in that area, fear of crime, any precautions theytakany crime they
observed.The study was able toonduct 207 interview responses before the lighting was

changed and 15@sponsesfter the lighting h&e changed. The results are showifigure2.12
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Number of Respondents Experiencing
Before Lighting Afler Lighting
Type of Crime Change (m = 207) Change (r=153)
Robhery 2 i
Sexual assault | 0
Phy sical assault 2 l
I'hreats } L
Stolen automohile 4 1
Stolen motorcyele ) L]
Stolen bicvele 1 0
Sutomaobile damage 2 I
Motoreyele damage 2 0
lotal 22 3

Figure2.12: Crime experienced on the street by respondents over six week periods before atieaftemge in lighting
(Painter1988)

It can be clearly seen that there is a strong link betn@saiighting and crime. However,

how lighting affects crime was not walnderstood. A study by Fisher and Nasar (1992)

inspected the fear of crime arcollege campus. They showed that fear of crime was highest in

areas where criminals can hide in the dark, gmodvisibility can limit these places allowing
more people tosethestreets at night. The consequences of thisadetnat with more people
in the streets at nighipformal surveillance is higher which makascertain degree oisk for

the criminals to continue their activities.

Hence, it can be concluded that street lighting withper visibilityhas no direct effect on
crime levels. Howeveitaf f ect s crime in two indirect
where people start having more confidence to use streetghait Inénce increasing informal
surveillance andlecreasinghe risk on criminal activitieshe second one is the authority and
community surveillance that allowglentifying criminals trough face detectionwhich

compromiseatheir criminal activities antbwers crime rates due to risk factors.
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2.9 Road lighting practices in the lighting of current visibility models

The history of paved roads is not new. They have been existing in Europe since the Roman
Empire. Moreover, paved roads in South America have bHeme since the Inca Empire.
However, road lighting is rather new practice. Lit roads started to exist at the beginning of the
193G (Boyce 2009) as the revolution in vehicle transport calleddieatific community for
better research in vision science (Wdd8B6). The evolution of road lighting was driven by
three important factors: the first one was the technology advancements in electric distribution
networks accompanied by the availabilitysoftable lamps and luminaires. The second was the
establishment of official systems and governmental bodies concerned with controlling and
regulating vehicles and traffic, and the third factor is the dramatic increase in the number of

vehicles on the road as well as the higher speeds in which these vehicles could put up with.

This resulted iralarge number of research produced in the area of lightidyiaibility.

Early attempts of Weston (1943) to measure the night time visibility resulted in prgplos

first road lighting design standard in the UK. Followed by Blackwell (194%) measured the
detection of targets under various conditions allowed for the CIE (1972, 1981) to peopose
general framework for various visibility models developed bffedint researchers with
adaptation to particular problemBheseadvancemestin research in the area lghting and
visibility wererecognized by the most weéthown and established lighting standaodigcial
bodies,such as IESNA and CIEMany lighting standards and recommended practices are

heavily relying on current visibility models.

In order to promote his VL model aslesign metridor street lighting, Adrian (1993) tried

to analge his model under different exjpments related to nigkttme diving. Adrian
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concluded that his VL model can be used as a measure of target perception at night and hence,
suitable to be used as a lighting design metric. Fortunately, it seems that é&draordinary

work, as well as the large attention from the lightscientific community, which was drawn

into his VL mode] wasable to convince IESNA to incorporate his VL model (1989) in the
IESNA R-P-800 standard (IESNA 2000h the form of STV (small target visibility) as a
visibility metric for road lighting,hien it was proposed aselection criterion beteen designs

for fine-tuning (IESNA 2006). MoreovetheVL concept first appeared in CIE report 115 (CIE

1995b) where Adriands model (1989) was discu

On the other &nd, the relative visual performance meB&IP (Rea and Qallette 1988,
1991) RVP model got a lot of praise and criticism at the same tiroecreate a visibility
calculation method that reduces the complexity of roadway lighting photometric data into a
beter suitable form that is easily used for decision making. Rea (2010) combined RVP
calculation with a photometrically accurate lighting software in a unique approach that can
provide more practical insights about the role of different driving and liglctiagacteristics
such as il luminance, spati al extent ,andehi cl e
many othersThe study confirmed that both lespeed and highpeed intersection should be
illuminated. This can creatgetter visibility due tahe high illumination levels and enhasce
the observero6s visibility enabling him to id
It was also confirmed that age has a significant effedcheh ar get 6 s vi si bil ity
decrease with oldairives. Thus, intersection illumination can be of great benefit for this group
of drivers. Furthermore, the study stressed that lighting from other sources than roadway fixed

illumination such as observers and other vehicle headlamps, buildings ligirichgny other
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lighting source that provides illumination on the roadwswpf great importance for nighime

driving.

Hence,the RVP model (Rea and Ouellette 1988, 1991) vedsrenced by the IESNA
Lighting Handbook (2000) as one of the methods used for assessing the impact of light levels
for different lighting applications. The benefittbERVP model is that it can quantify the visual
performance much better thArd r i \asibilitydevel (VL) since VL was considered as a crude
predictor of visual performance (Ross 1978). RVP can also predict visual performance based
on two independent experiments that were well documented and easily vétdiedyver, the
benefits of RVPRon road lighting were anatgd byBullough et al(2009. The study used the
relative visual performance model as a metric for visibility under various road lighting
conditions including illumination and glare from vehicle headlamps. It was found thatdtVP
provide a proper assessment tool for road lighting espediallgonflict areas such as
intersections and interchange merge/diverge arasather new study bybouElhamd and

Saraiji(2018 also provided successful criteria for street lighting basgtie RVP model.

2.10 Limitation ofthe currentvisibility models

In earlier sections, three visibility models have been extensively discussed as well as the
literature related to these models. Each of these modeldescribe visibility in a certain way,
for instance, Adraindéds model (1989) i ntroduc
ability of the observers to spot a certain target (small grey plane square). While RVP model
(Rea and Ouellette 1988, 199wvas developed based on experiments measuring the response
time for identifying numerical tasks. Both models are based on experiments under laboratory

conditionsthatlack the actual characteristics of visual performance at night time driving. STV
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model( | ESNA 2000) i s based on Adriandéds model (
related to not considerirthet ar get 6 s eccentricity and retina

models.

Apart from that,the Adrian model (1989) was based on testing subjects of 23 years old,
then extending the effects of age as per a correction factor. This factor is bastedies
performedby Blackwell and Blackwell (1980) and Weale (1961) to find the effects of age on
visual performanc¢hroughmeasuring thehange of ocularansmittancéor older peopleThis
indicates that Adrian (1989) did not really generate reliable data for the effects of age on VL
apart from his tested subjects, since he did not design his experitneaccommodate older

people.

Another limitation for the visibility model (Adrian 1989) is the use of planner uniform
target, while in realife scenarios, targets are usually 3D shaped and differ in size and geometry
(Brémond2020). This is again a @blem with the STV model (IESNA 2000), which is an
extension to Adriands model (1989) where the
cm size. The wuse of this target size, shape,
and STV model IESNA 2000) cannot be generalized to include titeeensional targets,

and/or targets that are complex in shape, or even-puritrasted targets.

Furthermore, Adrian (1989) did not include the effects of the eccentricity of the target on
VL, whichisdef ned as the position of the target wi
As a result,Brémond (2020) classified the VL model as a central vision model that only
considers targets | ocated at t he respegpharal er 6 s
vision. This is also valid for the STV and RVP models since both of them did not consider the

eccentricity in the development of the models. Moreover, although the RVP rRedeh(d
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Ouellette1988, 1991) did not consider the effects ofglar Adr i ands model
(IESNA 2000) considered the effects of glare, howevergthee angle between the fixation
line and thecentreof glare sourcevas limited tol.5° to 3@, while in actual situations, glare

angles can reach higher valuesraire than 60

On the other hand, while each model liasupporters and critics. STV model succeeded
in being adopted by IESNA (IESNA 2000) to be one of three design methods: luminance,
illuminance and STV. This may indicate how concerned lightingh@déads in providing a

single metric to represent visibility rather than visibility levels at different locaiiorihe

design field. However, that did not work as STV had many misleading results and calculations.

Table 2.2 shows the three models, variables used in developing each one ofatitetheir

known limitations.

Table2.2: Visibility models and variables@their most known limitations

Model Variables Limitations
Employs complex mathematical relatior
A Target contrast Too many correction factors
Adrian Model 2 gobnt;azt PO\I/azt); . Based onexperimental results developt
[Adrian,1989] A Exposure time /g LI CloREhiE e
A Disability glare Does not consider certain Visibilit
A Targetsize variables such as (Eccentricity, retir
illuminance background complexity)
RVP A Target contrast Dogs not .C(')nsider tasks that requ
Rea, 1086] A Visual age peripheral vision
’ 2 _I?:%n;l!lil;?mance Does not consider certain visibilil
Rea and Ouellette  * i
[ 1088, 1061] A Background varlatl)leg, such. aj' tE.t?_ack?rou
. luminance complexity, eccentricity, disability glare)
A Target luminance Does not _cgnsider tasks that requ
STV A Visualage peripheral vision
[IESNA,2000] A ilEls Limited to the ability to detect sma
background biect
luminance objects
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A Disability glare Limited by the range of values of variabl

A Adaptation level of used to devep it
the adjacen ) ) o
surrounding Does not consider certain Visibilit

variables such as (Eccentricity, retir
illuminance background complexity)

In general, e current models either employ mathematical relations that may not be
suitable, or at least, not good enoughefaresent and describe visibility in a clear way, or have
limited range of variables, where some variablepargally consideredr fully neglected The
other approaches employ experimental models that are also limited in describing visibility as
mostd t he experiments used in developing the 1
with good vision (Adrian model) or only consider small targets (STV) and cannot be extended

to represent the visibility of larger targets.

A very recent study brémond (2020) provided a historical perspective for the visibility
models. The study also provided a very importaitiquefor the advantages and limitations of
Adriands VL model (1989), Rea and Ouell ette
(IESNA 2000).The study highlighted that the VL model developed by Adrian (1989) ignored
the eccentricity of the target, which is defined as the position of the target with respect to the
observer 6s | i ne sBrémdnd(2020ydiassified the VLanodelesscentrdl ,
vi sion model t hat only considers targets | o
Bréemond emphasized that all visibility models considered a target against a uniform
background while in actual road conditions, luminance backgroundtioraogeneous.
Moreover,Brémondemphasized that all visibility models considered a target against a uniform

background while in actual road conditions, luminance background is not homogeneous.
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For the STV model (IESNA 2000Brémondpointed out that it uslly shows a good
correlation with computed visibility levels (VL). However, since it was a mean value, it allowed
for the development of contrast inversion on the road surface, which allowed for bad lighting
and/or almost invisible targets to be ratedyj@asd STV. Hence, it should not be adopted alone

as a visibility metric withouthe concept of VL uniformity.

So, although each model has its own limitations for missing some visibility variables, or for
being developed under laboratory conditiondyeing limited to the range of variables used to
develop it these models are well known for being effective and useful in the design practice
and assessment of visibility at nigithe driving conditions. In other words, for each visibility
mode] therearesome advantages and disadvantages based on the understanding of that model
and the appreciation of the method in which
model (1989) and RVP model (Rea and Ouellette 1988, 1991) can be used in the design of
roadway lighting at roadway crossings and junctions and that was validated by Ising (2008) and
Rea (2010). While STV model can be used as a selection criterion between designs or for fine

design tuning (IESNA 2006).

Hence, it cannot be argued that a cartaodel is better thathe other. All three models
have been assessed and verified in many ways including experimental methods utilizing
subjects performing visual tasks in both laboratory and actual roadways, driving simulators, as
well as computemodeling. Moreover, many studietdoneby Adrian (1993) and Rea (2010)

tried to assess and validate their models in a variety of different ways.
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2.11 Fuzzy Logic

Fuzzy logic is a multvalued logigMVL) which enablestermediate values to be defined
betweerconventional values such aisefalse orhighlow based on the degreé memberkip
of that conventional value (Hellm&001). In other words, intermediate values sucheag
low, fairly low can be used to describe a certain truth where this velieson betweenthe
crisp values ohigh and lowin contrast tdoolean logic oclassical mathematics which deals
with only crisp values and only absolute truths are considered. Fuzzy logic is considered a soft
computing methothatenables the calculatidolerance fossub-optimality and impreciseness

(vaguenessand giving quick, simpleand sufficientlygoodsolutions.

The early Istory of Fuzzy logic origins can be related back to Greek philosophers,
especially Plato (42847 B.C.)who indicated that there is a third region beyond truth and false
wheretheeo pposi t e s .iAsoyearly Crendse and Indian civilizatiomere pioneers
in considering that there are varying degrees of truth and falsehood asathegalized hat

things need not be of a certdorm or type and there is a stopover in between

In the early 20th century, Lukasiewicz (1920ggestedcceptinghree truth logic values
(called trivalent) whickdeal withthe value of intermediate truth additionto true and false
making a grade of membership of (S&veral years later, the German philosopher Max Black
(1937) analyzed the problemofth@ | | i ng @A Vaguene <laséicalogiteans ugge s
be a useful todio represent vagueness at an appropriate level. He also provided some profiles
and curves that he used to represagrtainanalysis of the ambiguity of a word or symbwmht

are very consistent with todadymembership functions of typke fuzzy sets.
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The real &ther of Fuzzy logic iBrofessototfi A. Zadeh(born in 1921)who published his
firstworki Fuz zyi nSelt®s605 at t he j our nlathiswWorknZadem mat i o
described linguistic variabless a means tmodelling human tolerance for imprecisidrhis
can be done by encodimgrtain fuzzy sets to describe decisretevant informationZadeh
extended his work in 1971 publishing the art
finformation Liencs 6 wher e he showed t he Fuzaylogicdheorye | e me n
and its applications as we know it toddty.1973 Zadeh proposed his basic theory of Fuzzy
controllerswhich opened the dodor researchers from around the world to use his thewries
various engineering applications such as mechanical and industrial processes and applications
During his life (19212017), Zadeh publisheml’er 200 singleauthored papers related to Fuzzy

logctheory and fuzzy controllers with more thart

Application of Fuzy logic theory are numerous, the first fuzzy logic controller for a steam
engine was developed by Mdani (1980}0 control a cement plant in DenrkaHitachi (1987)
used a fuzzy controller to contrtle Sendai train in Japan. It was not until 1987 wiieee
Japanese compar@mrondesigred its first commercially fuzzy contiter (Full® 1987, the
sameyeawasc onsi der ed t e tofihE applizagionsobtibishcontroller in many
fields.In 1993, theJlapaneseompany Fujapplied Fuzzyogic to control the chemical injection

for water treatment plants for the first time in Jaf@arido 2012)

With the development thatag added to the Fuzzy logic theory and applications by
Japanese scientis@pplications of fuzzy logic theory expanded to include many aspects of
science and technology such as computing and electronics, aerospace and automotive

industriesjndustry andnanufacturingdeferce andsecurity sectors. Furthermore, Fuzzy logic
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applications extended to inclubeasiness and decisianaking modelsphycology and human

behavioursuch aehavioureasoningand criminal investigations.

Of the manyrecentapplicatiors of Fuzzy logic insystem contrglthe work done by Dash
(2012) to design amntelligent air conditioningsystemusing Fuzzy logic technique was
noteworthy The propsed system provided the required air conditioning for the building while
utilizing efficient energy usage. Theonsidered air conditioning input variables were:
Thermostat temperaturd,emperature difference between outside and inside, Dew point
temperaturepccupancy of the buildingnd time of the day. While the output variables were
the fan speed, compressor speed, system mode of opegatbiin direction. The proposed
system showed to be able to solve many complex air conditioning pé&teaountered in any
building during te day withoutgetting involved in sophisticated atlonships within the
physical variablesThis isbecausan intuitive knowledge about the input and output variables

and their relations to each otiveas enough to design a system thiatks efficiently.

An example of using Fuzzy logic technigui@ business models is the work done by
Boussabaine and Elhag (1999%)eave they applied fuzzy logic technigue cash flow analysis.
The modelnput datavas based on 100% completed construction projects that were carried out
under the Institute of Civil Engineers Standard Conditions of Confraetresults of the study
demonstrated the successful implementation of Fuzzy logic tecknigusisinesselaed
analysiscompared to the traditional methdthble 2.3 shows some industrial applications of

fuzzy logic.
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Table2.3: Some applications of fuzzy logic in industry (guru99.com)

transmission

Product Company Fuzzy Logic
Anti-lock N Controlling brakedasedn car speed, acceleration, wh
brakes speed, and acceleration
Auto - . . . . .-y
NOK/Nissan Controllingfuel injection and ignition based on throttle

setting, cooling water temperature, RPM, etc.

Auto engine

Honda, Nissan

Selecting gear ratibased on engine load, driving style
and road conditions.

Copy machine

Canon

Adjustingdrum voltage based on picture density,
humidity, and temperature.

Cruise control

Nissan, Isuzu,

Adjustingthethrottle setting to set car speed and

Mitsubishi acceleration
. . Controllingthe cleaning cycle, rinse and wasftles
Dishwasher
Matsushita basednthenumber of disheand the dirtiness of dishe|
Fujitec,
Elevator Mitsubishi : o :
control Electric, Reducing waiting timéor time-based on passenger traff
Toshiba
Kiln control Nippon Steel Cement mixing
Microwave Mitsubishi I : :
oven Chemical Adjustingpower and cookingeriods
Palmtop Hitachi, Sharp, Recognizinghandwritten Kanji characters
computer Sanyo, Toshibg g J
Fitness Omron Employees fitness check
management pioy
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2.12 State of the art

In the last decadéhe visibility of targets has gained great attention from researches due to
its importance in many fields. Such fields include, but not limited to, indoor lighting, street
lighting, urban design, vehicle manufacturing, special lighting such as museums &% stag
surveillanceapplicationsand many otherskeview and validation studies in the field of street
installations and visibility in both threshold and sufineeshold levels havgained a large
chunk of this researchAn experimental validation for the ptometric measurements in
visibility level calculationswas done byBrémondet al. (2010, under night time driving
conditions 34adults with a driving license of at least 5 yealtsand no prior information about
the goal of the study were testaedainst detecting a target a closeecircuit road. The
experimental data suggested that cautions should be taken when using visibility levels for the
prediction of target detection performance. Furthermore, in another &t&tyond (2011)
reviewed the wsibility level (VL) as an index of visual performance while driving. He
conducted a series of three experiments and concluded that the detection performance is
lowered by the background complexity and apparent motion while target eccentricity is an
important factor that should not be overlooked or underestimaad. e s (2@ES)d&vauated
the practicalmeans oimplementing tleoretical visibilitymodels in road lighting desigshe
concluded that target visibility should be evaluated in three differ&tels: position,

situationa) and navigational level.

Furthermore, multiple studies tried to develop new concepts in target visibility to be used
as a metric for street lighting design. Qraduable perception related mght-time visibility
and road lighting staraalds was developed by Keck (20@there hésheintroduced the STV

H concept. This concept is based on the small target visibility (STV) model but takes into
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account both vehicular headlights and street fixed lightingesysatherhan the latter alone.

Keck (200) wrote a computer program to calculate the weighted average target visibility
(STV-H) in order to study the changing visibility as the vehicle approaches the target and he
recommended that the IESNA should lootoi his concepand adopt it for as a design method

to replace the currenhreedesign methods of street lightingkewise, Saraiji and Oommen
(2014 developed the dominant contrast (DC) concept, which is defined as the contrast of any
part of a pedestn which provides the highest visibility levels. The concept was developed by
theoretical analysis and Dialux simulation and was believed to be a useful matradeliing
visibility and the authors recommendidt future researchers should focus os dancept to

be transformed into a valuable metric for roadway design.

A computational imag@rocessing model based on the contrast sensitivity fun@@Sf)
of the human eye was proposed by Joulan (Joetlah. 2011). The computation model was
able to address any target (uniformity, shape) and any background with a luminance image as
an input. The model was tested in many applications suefsiadity in fog (Tarel 20195,
Advanced Driving Assistance Syste(ADAS), (Halmaoui et al. 2015. Moreover, the
computational model was extended to be used in the design-timeadgedependent image

coding and display applicatis (Joularet al.2015).

More recently,Saraiji et al.(2019 experimentally measured tlpedestrian visibility at
night under the effect of solistate street lights. The experiment utilized measuring the
detection distances as an indication for visibility level in the presence/abseaneoonfing
vehicle headlightsThe target used in the exqpment was a pedestrian who randomly changed
his clothescolour. The street lighting usedageither metal halide, highressure sodiupor

LED luminaires.Results showed thah the case otheunlit street, the detectiotistancewas
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52% shorter in thepresence of oncoming vehicle headlamps compared to the absence of
headlamps. Moreover, a pedestrian wearing black clothes was harder to detect with a mean
detection distance 60% less than when the driver was not stunned by the oncoming vehicle
headlights.Regarding the type of luminaire used, results showed that the mean detection
distance for metahalide and LED lampsvere statistically similar, both of which better than

that for a highpressure sodium lamps.

In a very recent study, Yang and Wei (2020) investigated the possibility of improving the
visual performance at nigtitme driving using light sources with larger gamtiarea. They
used an experimental approach in which the observers detection ratearisatirgets with
different luminance levels, hue, and chroma with a uniform background of 1.5, ®Esults
showed that the detection rgteghere much lower at zero luminance contrast (target and
contrast at the same luminance level). However, improvingctileur contrast by increasing
the target chroma was found to enhance the visual performbleree, they proposed
enhancing thecolour contrast for targets perceived m@ighttime situations by usingjght

sources with largerolourgamu size, which results in betteolourrendering.

Another recent study by Cao et al. (202@d to assess the effect of driving speed on target
visibility under mesopic conditions using a driving simulator. Moreothex effect of target
contrast, positiorand initial distance were evaluated. Results showed that besides the effect of
low target luminance contrast in reducing the detection rate and disfamdetection rate for
negative contrast targets were bettan positive contrast. Furthermore, it was also found that
increasing driving speed has a significant effect in lowelangetdetection rate as well as the

detection distance, and consequently, lowering the target visibility.
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Regarding the future of road lighting, a very recent studgrgymond(2020) expects that
new technologies such as image processing and artificial intelligence will soon be employed in
lighting measurements and assessment. He also expects that virttyateelahiques hae the
capability of bridging the gap between visual performance in the latinane@l roadsBrémond
(2020) argued that Artificiahtelligence (Al)techniques are almost in every branch of science,
yet, engineering standards generalare stilldeveloped in the classical methods. The adoption
of Artificial intelligence fAmachine | earnin
alternative option to shape new lighting standards. These standards could involve many
variables that arstill not incorporated in the current standards such as weather, country,
demographic variables, traffic conditions, luminaires model, road surface photoametye

nature of the road markingséetc.
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2.13 Problem statement

An extensive literature reviewal been done to understand the culyemtailablemethod
of indoor illuminance selection as well as visibilityodels, and as mentioned before, three
models were found to be the most famous and commonly used to represent visibility, these
models werealescribed in the literature review section as Adrian model (1989), Relative visual
performanceRVP which was first developed by Rea (Rea 1986) and then modified by Rea and
Ouellette (19881997, and lastly, Small target visibility mod@ESNA 2000)whichis largely
dependent on Adriands model (1989) . These
to find the weakness and strength of each model, then to find out which model is using which
parameters and which model is neglecting any parametersaiide of the parameters used in
each model was studied as well to find which model is not enough in describing visibility and
which model is focusing on a certain range of parameter vahek neglecting the rest of the

range.

This initial study showed thadhe best model to base the Fukagic proposed model was
the RVP model as it is based on two different experiments that gave almost the same results
(Rea 198 and Rea and Ouellette 1988), these two independent experiments were well
documented and easwgrified. Moreover, RVP quantified the visual performance much better
than Adriands visibility | evel (VL) since
performance (Ross 1978). This gave a high credibility to this method to be adoptesl by
IESNA lighting handbook (2000) as one of the methods used for assessing the impact of light
levels for different lighting applications. Nevertheless, RVP was successfully used in

establishing a successful street lighting design criteria (Saraiji and Raggb 2015
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Therefore, the proposed Fuzipgic based model adopted the RVP model as a base model.
Althoughthe RVP model has some limitations such as measuring the visual performance and
not the task performance and neglecting the tasks that require penpsierallt also neglects
the contrast polarity, tar get ,amddisabiityglareci ty f
However, all these weaknesseghe RVP model shall be considered in the new fulgic
based model whichFaedepbeditkheé whmehf os B com
words: Fuzzy and Visibility. The output of this model adopted the name of FRVP which means:
Fuzzy Relative Visual Performance. This name indicates that the new model is based on Fuzzy

logic and representm extension or innovation to the RVP model as well.

Thiswork definegndoor illuminance and targeisibility in a new methodBasedon Fuzzy
logic techniques, it iexpectedhat this model will give better results in terms of indoor and
outdoor lighing. The argument behind this assumption is that the advantages of this model over
thecurrent model lie in the method of whitluminance andvisibility is obtained, which suits

the phenomena itself that is not exact

Another advantagef this model $ that itcaninclude many variables that are missing in
developing the cuent models. For exampl&able2.2 shows that all current visibility models
missed to include the effect of eccentricityd background complexiiy the modelling of
visibility. Although it has been shown thataaget locatect 20degreeselative to the fixation
line of sightwill have less than 15% chance of detection whereas targets within 6 degrees of
the visual axis will have more than 60% chance of detechialitgky et al. 1982). Moreover,
the suggested modeldtheability to extend the ranges used in the current models. An example

of this case ishe STV model which incorporates the ability to detect small targeétile targets
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differ in sizes and shapeBhe new proposed model is based on Fuzzy logic technifuss

expected to give better results in terms of road lighting as well as indoor lighting.
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3 ChapterThree:Methodology
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3.1 Introduction

As seen in the literature review section, curremibility models either employ
mathematicalelationsthat may not begood enough to represent and describe visibility in a
clear way, or have limited range of variables, where some variables are not even considered
in the model or partially considered. The other approaches employ experimental models that
are also limited in describing visibility as most of these experiments were done on a young
participant 0s age 198D orlonlygansidgr swall srgetsrand(cahidot be a n

extended to represent the visibility of larger targets.

Furthermorethe nature of visibility variables are subject to be easily fuzzified, and this is
due to being vague enough for this process, for example; many people identify age groups as
young, old and very old and this classification is not new, the same appligktiiogl levels
where people are used to consider describing a room or roadway lighting as high, sufficient or
low. Moreover, many visibility models are considering ranges for visibility variables such as
Adr i an 6X89mbeth eohsid€ring the same agerection factor for individuals between
23 to 64 years of old, and another age correction factor for age groups between 65 to 75 years
of old. Thisimpliesthat Adriarl@89 consi dered the first age gr
as Aol do. liektobow#driam&98%Rdeait with exposure times where he considered
an exposure time of 2 seconds or more as sufficient and he added a cofaetbidor lower
exposure times. This again implies tiia exposure time afwo seconds can be considges

sufficient while higher and lower values candmnsidereca s fhndhil owd respec
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3.2 Advantages of Fuzzy logic approach

Fuzzy logic approach can be a better choice to madahl performance and indoor

illuminancefor the following reasons:

1. Easy to use and can save the complexity and density of mathematical models and
long equations

2. Not limited to a single variable or range and can be applied to any number of input
and output variables.

3. Where mathematical or experimental models fail, or cannot describe a certain
phenomenon, Fuzzy logic approach is the better choice as it mimics how the human
brain works and not how math work as tharevalues in between the true and
false which can beansidered as partially true or highly true or partially false.

4. Can be modified easily to account for new changes or to implement new factors

5. It can be easily extended in the future to include more factors, in contrast to
mathematical models that may ndadgh work capacities or multiple correction
factors to extend a certain model or approach.

6. Can be easily integrated with available software and programming languages
especially in controlling devices and machinery

7. Once the model is completed, a graphiasér interface (GUI) and a separate

application or software can be produced easily to describe the model

3.3 Fuzzy logic vs. Mathematicabdelling

This study is based on scientifitcodelling which is defined as an activity to make a

phenomean easy to undstand, quantify, define, visualizand simulate. Any scientific
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model must have input and output variables. For example, mathemadidallingis based

on mathematical concepts, mathematical language, governing equations, assumptions,
initial, and boundry conditions. However, the mathematical model needs input parameters
that follow a certain sequence of calculaigoverned by mathematical operations in order

to produce the output. And consequently, changing the input will change the output. Unless
the model is not enough to represent the whole phenomena or works for a certain range of
input or output parameters. In this case, the mathematical model is not the optimum
technique to describe this phenomenFuzzy logicmodellingis no exception from any

other scientific model. It needs inputs to produce outputs. However, the input and output
parameters have to be vague or HAFUFnzZYW O eno
parameters must be able to include the false and truth, and all the rangenbi&eve in a

clear way. This process is called Fuzzification which is trying to generalize the parameters
from characteristic functions (math) to membership funstidinzzy). The basic steps for

any fuzzy logic approach are (Zadeh 1965):

1. Fuzzification: vhich means converting parameters from a crisp valueainggue
or fuzzy value called membership function. This membership function is based on
linguistic terms describing the associated degree of truth or Fuzziness of that
parameter. For example, in \ndity modelling visual age can be a crisp value of
21 years. However, fuzzification of visual age can give all values fro#018
linguistic term of young with a certain memberstiggree and age values from 30
60 a linguistic term of old with anothemembership function. This will make the
values otthevisual age of 35 years for example as partially young and partially old.

This is the essence of Fuzzy logic that deals with partial truths rather than full truths.

68



2. Fuzzy inference process: which comés the membership functions with the fuzzy
rules to produce the fuzzy output. Thisfismdamentallythe set of rules that
communicate the input to the output. This resembles the set of equations and
assumptions that govern the relaship between the input and output of the

mathematical model.

3. Defuzzification: it is the opposite of the fuzzification process where the fuzzy output
is converted into a crisp value based on the membership function of the output itself.
This process is impom&in terms that it quantifies the value of the output to be used

in decision making or controlling a certain process or system.

3.4 Fuzzy logic vartificialneural networks

Fuzzy logic is considered as a subset of Artificial intelligeit® advantage afelecting
Fuzzy logic technique over other methods such as Artificial intelliggkiyemachine learning
technique®r Artificial Neural networks (ANN) is that fuzzy logic mimics how the human brain
works in terms of accepting intermediate values that omarespond to something with-in
between characteristics such as grey, which relies between white (0) and black (1). However,
Al machine learningnd ANN mimics how humans react and work, and most importantly, how
humans learn from things to recognizelde&h new things and situations. Smodelling
visibility involves specified input and output parameters that are based on the programmer
choice, and does not really need any new learning process that can be obtained from the input
parameters. For exampl@achine learningnd ANN are very useful tosfor tasks involving

speech recognition that requires adding new knowledge for the machine as it continuously
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works to recognize/identify more speech in the future or if the situations were chaiayéd.

3.1shows a comparison between Atrtificial Neural Nextwg (ANN) and Fuzzy logic modelling.

Table3.1: Comparison between ANN and Fuzzy logic modéaisse 2008)

ANN models Fuzzy logic model
No mathematical model necessary No mathematical model necessary
Learning from scratch Apriori knowledge essential
Severallearning algorithms Not capable to learn
Black-box behavior Simple interpretation andiplementation

On the other hand, Fuzzy logic can be integrated within artificial intelligence machine
learning and big data models. Fuzzy neural network, or sonsatatied, NeureFuzzy systems
employs a learning machine based on fuzzy parametersnilyitiog the humatike fuzzy
reasoning witlthe connectionist structure d@he neural networkThis hybridlike method of
modelling has many applications in medicif@hen 1995) transportation management
(Levchenko et al. 20)8reattime control applicabns (Kayacan et al. 2015and many other

engineering applications.

3.5 Research approach

Based on the study aim and objectives described in previous chdmeesdarch approach

of this study can be summarized in the following steps:

1. A comprehensivstudy of the literature to determine the varialieslved in the
current indoor illuminance selection method &émel visibility of targes

2. Grouping visibility parameters into¢ategoriesindependentdependentand out of
the scope of this study. Indepdent variableaffect visibility directly,dependent

variables affect visibilityndirectly through their dependence on one or more
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independent variables. And finally, variables that are out of the scope of this study will
not be considered for reasohat will be correctly justified.

3. Fuzzification of input variableszenerating membership funct®for fuzzy variables
based on the current literature.

4. Fuzzification of output variabl€senerating a membership function for the
illuminance andvisual perbrmancebased a thecurrent literature

5. Generating fuzzy rules that relate input of the model to its o(fuzizy inference
system)

6. Defuzzification:Using Fuzzy logic approach to simulate thdoor illuminance and
visibility based on the input/output membershipctions and the set of rules to get
the crisp values afluminance andvisibility ( opposite to fuzzification process)

7. Generating the results output of simulation in the form-Bf @aphs, @D graphs and
tables

8. Sensitivity analysis to check the stability of tisibility model and to test any
changes in results associated with changing the/myputmembership functions

9. Generating a computer application (*.exeh&dp users/designers make proper
calaulations of indoor illuminance and degree of visibility

10. Validating the results by comparing the output of the new model with existin
models/methods

11.Finding suitable practical applications for the rniadoor illuminance andisibility

model

The methodolgy of this work is designed to follow the steps mentioned in the research
approach. Therefore each step was studied individually to build an efficient rigde.3.1
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below showvs a flow chart for the research methodgloged indeveloping the FRVP model in

details while the following show some insights about the methodology steps used in this study:

Literature Review

I Fuzzy Rules

Fuzzy Inference
System

A 4

Visibility Models

I |

A4

STV

A 4

Validation

A

Figue 3.1: Research Methodology flow chdor FRVP model

3.6 Visibilityvariables

Dependent (Mamdanin)
Variables  I— S|
v l l
o IR - I Independent Fuzzification ) Fuzzy logic
>Ny Vaiatios 4] Variables E4 Process Modeling
¢ A
Out of scope
Variables
’ v
’ Defuzzification
(Centroid Method)
i
VL v v
Sensitivity Analysis < Crisp Results
L
RVP L—

|

e 4
Stand Alone
Application

= |

Visibility variablesincluded in the current visibility models were studied. New

parameters were discussed as well based on the current literaturestimatvéa been

adopted by any previous visibility model. The range of each parameter was also studied.

The following table Bows the visibility variable divided into three groups; grdughich

are the independent visibility variablgspup2 which are the dependent visibility variables

and groug3 whichare the visibility variables that will be out of the scope of this work
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Table3.2: Visibility variables divided into 3 groups: (1) Independent variables, (2) Dependent variables, (3) out of the scope
of this work

Group-1 Group-2 Group-3
Independent visibility Dependent visibilit Visibility variables out of
variables variables the scope of this work
Visual age Exposure time

. Driver alertness
Luminance contrast

Disability glare

Retinal illuminance

(Trolands) Driver expectation

Target size Target movement

Eccentricity Chromatic contrast

Background complexity Transient adaptation

3.6.1 Independent variables

Independent variables are those incorporated explicitly in the fuzzy model. Independent
variables are the most important visibility variables that are available in the literature.
Luminance contrast has been mainly included in all visibility models (AdrR¥i®, STV).

Age, visual size and retindluminance have been included in different ways in other
models. However, other variables such as eccentricity and/or background complexity have
been either neglected or not properly approached in other modetsoWtr,the STV

model incorporates small target sizes only. FRVP proposed model will be including these

variables directly as input to the fuzzy logic model as seé&igure3.2.
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Figure3.2: Fuzzy Logic Model with direct input variables

Independent variables used in the FRVP model are as follows:
3.6.1.1 Luminance contrast

Luminance contrast has been by far the most important facteodellingvisibility. It
has been incorporatewdl early experimental studies of Blackwell (1946) which later became
the bass for Adrian VL model (Adrian 198%nd many road marking computatiomodels
(CIE 198§, (COST 331 1999). The luminance contrast is defined as the difference between
the luminance of the target and its background divided by the luminatieelmackground.

Equation(3.1) shows the mathematical presentation of the luminance contrast

0 0 (3.1)
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Whereby, kL and L, are the luminance of the target and the luminance of the background

respectively.

As the human visual system responds strongly to temporal changes in stimulus power
(luminance), it also adapts quickly to the continued application of that power. Thetkéore,
luminance alone is not enough to fully characterize the nature of the stimulus with respect to
the human visual system since it describes the stimulus power rather than changes in power.
This allowed the concept of contrast to come into the surfaitedaBnes the stimulus ability

to excite the differential mechanism of the human visual system rather than the stimulus power
alone. In other words, the luminance contrast necessary for an object to be visible does not
depend on the object luminance itdmit also depends on the background luminance, or more
precisely, the luminance surrounding that object since they characterize the adaptation
conditions of the human eye. This value of contrast that makes the objects as just visible is

called the threstid contrast andan be given in the Equati@®2)

0 (3.2)

WhereY0 is the luminance difference between the target and the bacridyafter

applying the correction factors for object size, age, exposuredongast polarityand glare.

Figure 3.3 shows threshold contrast values based on Adrian model at different visual angles
(measured in minutes of arc). The figure clearly shémat increasing the background

luminance or the visualngle decreases the contrast values needed to make the target as just
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visible (Gn). This change in the threshold contrast can be very sensitavéaer value of
background luminance and visual angles such as the case of 4 min. visual angle wheye the slo
of the curve is very steep at the beginning. However, further increase in background luminance
and visual angle can be less effective in changing the threshold contrast values as the slope of

the 9 min curve is almost constant above background lunmenaalae of 1 cd/h

1.00 5
Cth
0.75
4 min
0.50 4
Tmin
0.25 <
9min
0 T 1
0.1 1 10

Ly, (ed/m?)

Figure3.3: Decrease in threshold contrast @ith increasing the background luminance (Lb) at observation time of 0.2
seconds and observers age of 30 yeddr{an 1989
However, the concept of threshold contrast is not helpful in this work since it was defined based
on threshold visibility where objects are either visible or not visible at different lighting and
observer situations, or simply based on the breakpoint batageing and not seeing the target
by observers. Consequently, basedtlomthreshold visibility concept by Adrian (1989), the
contrast can be classified as a crisp parantbtditakes a certain threshold value when the

object is just visible. Furtheranease in contrast values above threshold values does not indicate
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that the object is more fAjust visibleo but

should be above the threshold value to be seen under certain lighting and observer conditions.

Herce, it is better to look at the luminance contrast ftbasuprathreshold visibility point of
view, or simply, luminance contrast in visual performance context. Rea agllt@u(1991)

defined luminance contrast based on relative visual performanotoagst

0 (3.3)

Whereby, k and Ls are the luminance of the target and the luminance of the background
respectively. Thehreshold contragiC:) was also defined by Rea and&Dette (1988) as the
contrast associated with 50% probability of detection of a square target with a given size for

each adaptation luminance and is given by:

a¢e @ PE @ T Xaw T PO T COp  TBUX X
T QA (3.4)

Where;

0 O0¢& @ mmm (35)

1 is the area of the target, in steradians, from 0.2 to 280aa0 L is given by

z (3.6)
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WhereOis the retinal illuminance, ifirolands and is given by

0 0 (3.7)

Where Lais the adaptation luminance in cd/rfrom 0.17 to 255, and r is the pupil radios

mm.

The effect of contrast on visual performancan be seen irFigure 3.4. The constant
performance lines from the RVP model represented by RVP contours show that for each RVP
can remain high, mediunor low for a wide range of background luminance and luminance
cortrasts. For example, RVP can remain high (above 0.99patinance contrast value of 0.6

if the background luminance values are more than 10 cdHpwever, the constant
performance line of 0.92 RVP shows tiRfP can still be high (above 0.92)aluminance
contrast value 00.3 with a background luminance of 20 cdfrand more. Only at low values

of luminance contrast and background luminatioe RVP willdropconsiderably.
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Figure3.4: constant RVRontours in a log background lumaince versus log contrast spadeeé,198%

Based on Adrian (198%@lefinition of the luminance contragi@n.(3.1)), contrast values
can take positive values if the target luminance is larger than the background luminance,
such cases include bright letters on dark background. Alternatively, contrastegeabive
if the target luminance is less than the background luminance such as dark letters on bright
background)However Rea (1986) defined the contrasttaking the absolute value for the
luminance differencegn.(3.3)). This does not mean that Rea did not include the contrast
polarity in his RVP model, as Rea and Ouellette (1988) conducted experiments involving
Targets darker than the background (decrement targets}aagets brighter than the
background (increment target#) all cases, this still means that targets can have different

contrast polarities whatever definitionemchosen and/or different methodere used.
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To account focontrast polarity, Adrian (1989roposed a correction facté®( ), based
on Aul hor n6® bednaultiplied byltt® @asiiviareshold contragtyd ) as

follows:

(3.8)

Where O is a function of the background luminance and target size.

3.6.1.2 Visual age

Visual age is one of the major factors affecting the visibility of targets. The effect of
visual age is relatet the amount of light reaching the human retina which depends on two
factors; pupil size and the spectral absorption of the human eye components. The area of
pupil changes depending on the amount of light reaching the eye. This mechanics is called
eye adptation where the pupil increases in area to allow for more light at dark and decreases
in area at high light levels. This eye adaptation mechanism is affected as the peyson get
older as the ratio between the maximum to minimum pupil diameter decreasiegthe
elderly not able to adapt for low light levels than young pedjipire 3.5 shows the effect

of age on the minimum amdaximum pupil diameters (Weal®82)

80



8—
e ©
®
L4 e
e

ge_ e
® ®
E ®
= ® ®
E
=
g o
§ 2 0: O o]
° o
> (o] (o}
«
g2} O
=]
a

0 L " 1 A 1 A 1 A 1

0 20 40 60 80

Age in years

Figure3.5: Maximum and minimum pupil diameters as a funciidrage (Weale, 1982)

The other factor that affexthe amount of light reaching the human eye is the spectral
absorbance of the eye which mostly osctitrough the eye lens (Murai®87). The
absorbance dhehuman lens increases exponentially from birth (Weale, 189Q)re3.6
shows the spectral absorbance of the human lens as a function ofngtvédedifferent
ages (Wealel988). The figure shows that the lens absorbance of short wavelengths
increases radically with age which can explain the logadour vision of older people.
Consequently, since the amount of absorbed light in the short wave regiease with
age, this lowers the amount of light transmitted through the lens which means less light is
reaching the human eye. Moreover, the amount of scattered light through the human eye
increases with age. This scattered light lowers the retinal imageducing the luminance

as well aghecolourdifference at the edges of the image.
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Figure3.6: Spectral absorbance of the lens as a function of the wavelength for different ages (Weale, 1988)

Visual age has been considered in most visibility models. However, ntbstbdels
considered the age as a fixed valuehsasthe RVP modelwhere the model is based on
experimentof the visual performance of young adults with perfect vision. A coorect
formula was introduced to correct for highe
in retinal il luminance and retinal contrast
light absorbance and scatter through the eye and most impgrtadticed light transmitted

into the human eye. This correction formula is given by:

O ouv “i (3.9)

0 p TBIp P QQC T (3.10)
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Where:"Ois the retinal illuminance (ifirolands), 0 is the phototopic adaptation luminance (in
candela/rf), i is the pupil radius and is the correction factor representing the retinal
illuminance reductions which has a value of 1 for the age of 20 ydHasscorrection formula

is valid for any observero6és age between 20 t

STV model included the effect of age based on the voast scenario by considering
an observeros age of 63 years old antedi d n
model. However, Adridavisibility model (1989) consideretheage of 23 years in developing
his model and provided correction factor for older ages based on Blackaetl Blackwell
(1980). To develop the correction factor (AF), Adrian tested 234 subjects with ages between 20
to 80 years old divided into age groups of 10 years. Adrian findings were enough to develop an
agedependent multiplier to account for threshold increase with older Hye.data was
obtained for positive contrast and Adrian suggested that is also valid for negative contrast.
Figure3.7 shows the multiple of Threshold BE as a function of age based on Adrian visibility
model (1989). The Age correction factor developed by Adrian has a value of unity for an

observer at 23 years old and is given by the following equations:

Y0 Yo & "0

(3.11)
For 23<age<64
(3.12)
00 —— 1w
For 64<age<75
5 (3.13)
00 P& o
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WhereYd s the threshold contrast for older subjeds, is the same threshold contrast

Y0 used in developing the model ad@ the age correction factor.

234 OBSERVER

L=100 cd/m2 /
4

MULTIPLE OF THRESHOLD

o |
| N - I ey
20 30 40 50 60 70 80
AGE  (YEARS)

Figure3.7: Multiple of the threshold contrast required for an observer of higher age in relation to the base group with an
average of 23 years [adopted from the work of Morten&tackwell and Blackwell]. (Adrian, 1989).

3.6.1.3 Visualsize

There are several methotb define the size of an object presented to the visual system.
However, it should be noted that the actual size of the object is different than the visual size
where the latter is related to how the visual system perceives the image of the stimulus in the
retina. Hence, tlee common factordefine the visual size. Ehfirst one is the actual size or
area of the stimulus. The second one is the distance between the observer and the object and
the third is the size constancy which is related to the relative movement of the observer or the

stimulus with respect to eachhet.

Therefore, the above factors (which define the visual size) are usually characterized by the
angle in which the stimulus subtends at the observer eye. This angle can be represented either

bythe angul ar angl e ( U)inateedsnensienal plangorthmsolidut e s o
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angle (v), measured irsteradiansin a threedimensional planeThe difference between the
angular angle and the solid angle is that the first is calculated based on the target height and the
distance between the observer énel target while the solid angle is based on the target area
and the square of the distance between the observer and the target. Angular angle and solid

argle are represented Figure3.8 and guations:

Angular Angle Solid Angle

Figure3.8: Comparison between angular angle and solid angle

L OAT 2
¢O
- : . . (3.14)
WhereUis the angular angle in Degrees, radians or min arc
H is the heighof the target and D is the distance between the target and ob
5 0
0O
(3.15)

Wherex is the solid angle in steradians

A is the area of the target and D is the distance between the targdisander
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The effect of the visual size was includedhe Adrian visibility model Egn.(3.14)) in terms

of angular angl¢ UBigure3.9 shows the effect of the angular angle on the threshold luminance
difference DL). Thefigure shows that for small targeBl, drops exponentially with increasing

the angular anglé UBlowever for the large objectf)L starts to be independent of the size.

This allowed Adrian (1989) to calude that, at larger targets, the threshold luminance
differenceis independenb f t he angul ar an gl on th¢ bhykgraumdd o n |

luminance.
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Figure3.9: L threshold as a function of angular angle at a constant background luminance of 1000 Adfian (1989)

The small target visibility model (IB$A RP-8-00 2000) which is an extension tine
Adrian VL model (1989)was developed based on a square target with 180 mm side. length

The target idocated aB3 m ahead of the observer with the observer to target size parallel to

86



thecentrelineof the road The size and location of the targetrespndsto an angular angle of
10 min arc. This constant target size is based on the ability of observersctosdet# targets
based on Adriands concl usisiodependanadf size,iargdisibei | i t vy

only matters for small objects.

The RVP model (Rea and @llette 19881991, on the other hand, incorpordtéhe
effect of the visual size by manipulating ¢t
The argument for replacing theaditional angular angle with solid angle hased on the
hypothesis that the visual area of the target can provide a robust method for describing the target
visual size under both, threshold and stthrashold visibility conidions while target shapes
(squar e, d kets) did not affactdhen dptection éresholKristofferson1957)and
target details (corners, edges, linets) are less effective in producing a visual response
(Campbell and RobsdlB68) Moreover, it was more convenient to measure the solid angle of
the targets using tHéapCalc video photomet@Rea and Jeffre§y990)where each pixel in the
video image can be calibrated based on its area and distance from the obksreer.it was
easier to identify the solid angle subtended by each digit in the numerical verificaion t

experiment and compare the results with that of the reaction times experiment.

Figure3.10is a log scale representationtbfeshold contragiC;) plotted as a function
of thetarget area, int8radians, for the increment (open symbol) and decrement (closed symbol)
experiments atitferent values of retinal illuminance values, from 0.5 to 8fdlands (Rea and
Ouellette 1988).The figure clearly shows that thi@reshold contrastecreases with increasing
the visual area of the target until reaching a value of approxin2@eh0® Steradians where
the threshold contras$tarts tobecane independent of the visual siter most of the retinal

illuminance values. Thesee sul t s ar e i n agr eedoendusioshawn h  Adr |
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in Figure 3.9 (above) where thehreshold contrastecomes independent of the angular angle

(U) for larger targets.
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Figure3.10: A log scale figure of Threshold contrast plotted as a functitimedfrget area, in steradians, for the increment
(open symbol) and decrement (closed symbol) experiments at different values of retinal illuminance values, from 0.5 to 801
Trolands (Rea ad Oulette 1988)

The solid angle approach in representing tdrget areavas found to be suitable to be
considered as a basis for the fuzzificationhaf visual sizggarameter which will bexplained

in detailin the following sections of this work.

3.6.1.4 Retinal illuminance

Information can be processed by the human visual system over a wide range of luminance

values. Howevetthis process is not done at once. The human visual system constantly adapts
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based on the lighting conditions available. This afider higher sensitivity at low lighting
conditions, such as night conditions, and low sensitivity at high lighting conditions, such as
daylight conditions. Moreover, when the visual system is adapted to a certain luminance, higher
luminance values appeas bright while lower luminance values appear as black shadows. An
example of this process is the change of appearance of vehicle headlights at day and night
conditions although the headlight luminance is the same at both condhamsver, they
appear bght at night as the visual system is adapted to much lower luminance values than the
headlight luminanceln these cases, whehghting conditionsare relatively normal under
constant rgnal illumination, theadaptation luminancean be considered as constawer a

certain period of time. Yet, in some cases, where the visual system is not completely adapted
to the surroundings, the adaptation luminance is changing dynamically over certain periods,
this describes the case of treamt adaptation. An example of this kind of adaptatgocases

where there is a sudden change in retinal illumination such as entering a tunnel while day

driving or an event of power failure inside a building without daylight.

The retinal illuminance cahe defined as the amount of luminous power per area on the
retina and is measured Tmolandk It is more convenient to use the retinal illuminance instead
of adaptation luminance in considerittgeshold oisuprathreshold visibility moded (Saraiji
and Ahamad2018. Since the eye is iaconstant state of adaptation, the adaptation luminance
is hardly constant over any period. This means that the pupil diameter changes continually to
account for the lighting conditions available while the eyes are mavoghd from the visual
fixation line. Moreover, targets can be moving as well allowing for the observer to have many
fixation points. A good crude estimate for the adaptation luminance #tifeeatenarios is a

time average for all luminance of the wacene, omore preciselythe pattern of fixation
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points. This is hard enough as the time between one fixation point and another can be very
small, or the fixation points can be too many to be counted. Hence, it is impractical to use the
adaptation lumiance in a visibility model and the retinal illuminance can provide a better

alternative for adaptation luminance

As the amount ofight transmitted through the pupil is proportional to its area, the pupil
diameter continually changes to allow for higbedower light to be transmitted to the visual
system. Hencethe retinal illuminance, which is defined as the amount of light entering the
human eyenot only depends on ttelaptation luminangéut also depends on the diameter of
the pupil as well as thtransmittance of theensory eye structur@ghich is called the ocular
transmittanceThe retinal luminanc€O) is given by the following equatio(DiLaura et al.
2011):

06 fAT-O
pu

(3.16)

Where:

La is the adaptation luminance

A is the pupil area in mfn

Uis the ocular transmittance

(= is the angular displacement of the object relative to the line of sight

The retinal illuminance unit of measurements isThaelands. OneTrolandis defined
as the illuminance at the retina when a human eye with aipoil is observing a target with

luminous power of 1 cd/fA(Burns and Webh994).Hence thélrolandcan have a value of

P Yl € 0 @wEdhm dwo & A& | (3.17)
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Yet, this value offrolandis based on a standard eyé&h no transmission loss in the
ocular media. This means that two different observers with diffsieateyesdifferentsize
pupil, anddifferentocularmediatransmissiodoss,viewing the same target will have different
retinal illuminance. To solve this, Wyszecki and Stil2800)s ugg e st e dTrolaide t e r n
valueo to differ ent iTralaneg fob a& stawdare reye tirld ¢he actuahp ut e

Trolands for an actual eye.

Thetransmittance of the ocular media is the percentage of light that passes through the
eye sensory structuresmbined namely; the cornea, pupil, lens, and the humors (aqueous and
vitreous) of the eye. These structures remain transparent for a very long time, however, the
transmittance of these structures depends on the light wavelength (spectral transmittance) and
deteforates as humans get oldé&igure 3.11 shows the spectral transmittance of the eye
sensory structuremndFigure3.12shows the ocular transmittance of the human eye for different

ages.
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Figure3.11: The transmittance of the ocular media basechmeasurements on freshly enucleated efRamamurthy and
Lakshminarayanan, 2015)
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Figure3.12: The spectral transmittances of different agdshe human eye. After Chaopat al.2018

The retinal illuminanceavas incorporated in Rea aflellettenumerical verification
task experiment (1991), as the background luminance was changing, the pupil diameter of
subjects was constantly changing to adapt for different light levels. Hence, Readliette
(1991)usedthe equation of De Groot and Gebhard (1952) to calculate the pupil diameter but
with a minor modification to avoid the pupil diameter to become zero at high adaptation

luminance values. The corrected equation for pupil diameter developed by Reaedlsdte

(1991)was as follows:

T ¢ 0

o
>\
—_

O XX <8 (3.18)

Figure3.13 represents a thresimensional view of relative visual performance (RVP)

plotted as a function of retinal illuminanci¢lands) and contrast by Rea and Ouellette (1991).
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Figure3.13: Threedimensional views of relative visual performance (RVP) plotted as a function of retinal illuminance
(Trolands) and contrast. (Rea and Ouellette 1991)

3.6.1.5 Eccentricity

Driving is mainly a visudy-controlled tasklt involves many actitiesthat the drivetearrs
by experienceand practice. Some other tasks depend on the spontabebasgiourof the
person sitting behind the wheel, which comes naturally with a healthy person. For example,
Human egs subconsciously move away from the fixation line of sight towards different
fixation points on the view. This action is very necessary for driving as sigkieuldnot only
be ableto identify targes on the road, but also traffic signs, pedestrians, [3hs efc.on the
side of the road. Moreover, dbeeye movemeistplay a major role in activities involving

undertaking and approaching intersections or roundabouts.

The human retina contains millions of photoreceptors cells called cones and rods. Cones
are responsible for vision at high light level (photopic vision) while rods are responsible for
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vision at low light levels (scotopic vision). Cones are concentrated on the fovea, which is part
of the retina on which a sharp image is fornoédhe view and erlosedon 2 cone adjusted
around the line of visiariThis means that for detecting targets thatmatae direction of view
(on-line or foveal vision), only cones are used. On the other hand, rods are concentrated on the
outer area of the retina withnaaximum concentration at 1&om the direction of view. Thus,

rods are important for ofine vision, also called, peripheral visioRigure 3.14 showsthe

density of caes and rodsiithe hunan eye.
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Figure3.14: Angular Distribution of Rods and Cones on the Ré{ifemdell BA. Foundations of vision, 1995

Eccentricity is defined as the position of the tanggh respetto the fixation line of
sight. One way to describe eccentricity is based on the probability of detection of the target
while located at different angles on the scene (Indiestkgl. 1982). Figure 3.15 shows the
probability of detecting a target based on eccentricity. The figure shows that the probability of

detection of the target at any fixed angle depends on its contrast and visudbsieger, for
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the same visual size and/or contrast, the probability of detection of the target decreases with

higher values of eccentricity.
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Figure3.15: Probability of detecting a target as a functiontioé anglefrom the fixation visual axisnditskyet al.. 1982

The following sections show the fuzzification process for the eccentricity membership function

used in the FRVP model.

3.6.1.6 Background complexity

Background complexityin the ontext of thisstudy, is defined as the degree to which the
backgroundas a complex scenmterferes with the observer ability to detect and recognize
a target at the forefront of that backgroubhder this definition, the background complexity
is a function of theclutter and the variety of objects that are present in the backgroAmd.
example of a complicated driving sceren includea typical nighttime driving situation in a
busy city with high traffic flowstatic andillboard lighting, building internal anftbodlighting,

sidewalkusers, midane and sideways street treasd shadows of objects. Such complicated
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scenes have the effect of distracting the visual performance of the driver/observer while viewing

the same scene

The complexity of the targétackground and the clutter of the scene certainly affects visual
performance. It is believed that this is not a critical issue in indoor visual tasks. But in outdoor
visual tasks, background complexity affects visibility. This subject is rarely studide
roadway lighting literature. However, some studies were done with reference to computer
vision and computer grapligLanger and Mann&2012).Visibility depends on the properties
of the clutter, namely the size and densitpatluderg(objects hat occlude the target) and the
space between thaccluders (Langer and Mannan 201Bravo and Farid (2006) tested the
effect of clutter and image manipulation on object recagniThey showed that the larger the
number of objects that are in the batkgd the higher the error of recognition ahd kbonger
the reaction timeThey also found that blur and edge manipulations of the image produce a
modest decrement in performance with a sparse arrangement but a severe decrement in
performance with a clugt arrangement. Davoudian (2011) showed that the background lighting

complexity is inpuential in the saliency of

An example of complex driving scene is the presenadigital billboardswhich not only
have a distracting effect foriders (Edquistet al.2011) but alsoincrease theomplicationof
the driving scene, and hence, it can be considered as a prime factor in raising the degree of
complexity of the background. &ty studies tried to measure the effedhefdigital billboard
as astimulus @ disturbancdor the visuattaskof a night timedriver. Edquist(2011)measured
the effect of digital billboarslduring simulated driving foseveraldrivers including older and
inexperienced drivers. The study established a clear connection between the presence of

billboards and the changetbed r i ver 6 s vi sual attenhtedohnveprndse
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mistakesMarciano and SettdP017)useal a statistical approach to check the relation between
digital billboards and nightime driving, they created a billboard pool which includ€d
different real billboard photos and ranked them based on the density of information they
contain. The resultshowed thatlabelled billboards significantly deteriorated the driver
performance on the tracking task, while graphical billboards deteriorated the performance on
colour change identification taskon the other hand, many other studies failed to establish
significantconnection betweeihe presence of digital billboards and the visaskof the nght-

time driver such as Le@004 2007).Yet, Lee studies were criticized by researchers for some

methodologickand analytical flaws (Wacht@l007).

While digital billboards are not the only elements that contribute to the complexity of a
driving sight It is believed that a more complex driving scewdl not only deteriorate the
dr i ver oOtask ivwilsalsa affect his visual performance negaly. A method for
measuring the amount of information that a scene may inétuldg calculatingthe image
entropy(Shannorl948) This method igenerallyused in video gaming and image processing
applications.The nformation entropy conceptas firstly introduced by Shannon (1948) and
can be understood as the I evel of informatio
outcomesNevertheless, image entropy can be defined as corresponding states of intensity level
in which individual pixels can adapt. This means that entropy simply describes the level of
information content stored in the ima@@easured in bitsA low entropy image describes an
image with low information content. i.e. a homogenous image. While higher imageyentrop

definesa more detailed image with higher information content.
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Image entropy can be calculated by considering a certain image as a bag ahpi{eds
a defined number of colour intensity levels (k). Then the image entropy (H) can be calculated
as(Shanon 1948)

© naen (3.19

Wheren is the probability associated with a certain colour intensity level (k)

This definition works forgreyscale images as they have one band of colours only (grey).
However, for coloured images, it works fmre band of cologronly. This means thahe image
entropy (H) can be calculated separately for each colour within a certain image. iHaace,
convenient to think of the combined image entropy of the primary colours within an image as
a representation of the whole information content stored within the colour spectrum of that
image. This method of colour representation is known as RGB (red, gie@n;dlour scheme,
where any image can be treated as a composition of different degrees of RGB colours, and it is
widely associated with electronic displays such as catredéube (CRT) screens and liquid

crystal display (LCD) monitors.

Image entropyas been widely used in image processing to evaluate the image quality (Tsai
et al. 2008), face recognition applications (Aljanetoal.2018), authentication of art paintings
(Sigaki et al. 2018), image compression étial. 2020) and weather applications such as

daytime fog detection (Craffa and Tarel 2014)

It is believed that image entropy measuremengslirectly related to the complexity of a
driving scene. Once a driving scene is dense with objects, lights, careatultand other
objects, it is expected to have higher entropy than a homogeneous scene. Hence the image

entropy was used as an assessment method for background complgpigal driving scene
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has an average entropy valwé$.51 7.5bits. Figure3.16 shows a normal driving scene with
average complexity at Al Ain Cibpbu Dhabi, UAEcompared to a complex driving scene

New York City, USA.

(@) (b)

Adriving scene in Al Ain GityAE withanaverage entropy | A driving scene in New Ydtky with an average entropy
value of 7.2@its. Photo credits: author (2020) valueof 7.83 bits Photo credits: Tripsavvy.com)

Figure3.16: comparison between image entropy for different driving scenes

3.6.2 Dependent variables

Dependent variables are the variables that will be included in the model indirectly.
Those variables depend on other variables that ateded in the model. These variables
include only one parameter which is the disability glare. The following summarizes how the

effect of this variable was incorporated in the FRVP model.

3.6.2.1 Gare

Glare is a common problem in stréigihting applications. Thalare genertgd from

street lamps and vehicle headliglsscattered across the observer egagng extra light
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to be falling on the retina at locations surrounding the area dirdgttynatedby the glare
source. This lightaddsmore luminance to the observer visual field calted veiling
luminance and haaneffect ofreducingthe luminance contrast of the target. The luminance

contrast is given by:

0 (3.20)

Whereby, Land L, are the luminance of the target and the luminance of the background
respectively. Disability glare negatively influelsdae visual performance due to the light
scatter acting at the observerods eye. It
with an equivalent veiling luminance ofl) which is given by the followingmpirical

formula (Holladay 1928

. 0O 0
0 WE— P & (3.21)

Where, Eyeis the illuminance on the eyq,is the angle between the direction of the
glare source light incidence and the viewing figldm 1.5-60°), and Ais the observer's
age. This veiling luminance acting due to a glare source modifies the luminance contrast

and change it frormarget contrastCy to the effective contraster, where:

o 0 O 0 (3.22)
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Hence, disability glare affects the contrast negatively in a decreasingerdue to the
increase in effective background luminance fionto 0 0 . This effect is inogased for
older drivers as they tend to have problems coping with disability @areudian et al. 2013)
Yet, to get more insights about the values of the effective contrast in the presence of a glare
source, a typical driving scemacountered in urbadriving (Aslam et al. 2007)vas used to
calculate the effective contrast at different luminance contrast Vafisesl on equatiaB.22).

In this driving scene, the coming car heads were used as a glare sourigure3.17).

i
30,000
125,000¢d

50m

Figure3.17: Typical state of vehicleeadlightsencountered in urban driving. (Aslam et al. 2007)

Based on this, the effective contrast has been calculated based on average background
luminance of 1 cd/R) which caresponds to the average recommended value by IESNA for
expressway roadway with high pedestrian conflict area (IESNA-R@, 2000).Figure3.18
showsthe relation between the effective contrast and the target coatrdgterentveiling
luminancevalues andrigure 3.19 showsthe relationbetween the effective contrast and the
veiling luminance at different target contrast values and an average background luminance of
1 cd/nf. Values of veiling luminance ioth graphs were chosen to be similar to those
encountered in urban driving and based on typical vehicle headlamp intensities of between

30,000to 125,000 cd and a viewing distance of 50eret{Aslamet al.2007).
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Figure3.18: Relation between the effective contrast and the target contrast at different veiling luminance values and an
average background luminance of 1 cd/m
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Figure3.19: Relationbetween the effective contrast and the veiling luminance at different target contrast values and an
average background luminance of 1 cd/m
The above figures clearly show that the presence of veilminance has a lowering

effect onthe targetuminane contrast. Hencenstead of using disability glare as a single input
variable, it was coupled with the luminance contrast, wloevering the luminance contrast in
the proposedmodel to values that are similar to the effective contrast may correspond to
situations where the disability glare is presdiénce, the figures above were generated due to
its importance in mapping the targeminancecontrast to the effective conttas studying the

effect of glare in the proposed model.

3.6.3 Out of scope variables

These variables are not considered either directly or indirectly in the model. That is due to many

reasons such as having no effect, or the effect is small enough natdosidered such as the
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case of exposure time. Other reasons may be related to the fact that some of these variables are
omitted based on the worsase scenario such as the case of target movement. These variables

can be summarized by the following:

3.6.3.1 Exposte time

Exposure time is simply the time available to see the taAgkian (1989)established
his visibility model oranexposure time of 8cond or unlimited exposure time. For situations
where the target exposure time is less than 2 secAddsn introduceda correction function
to be multiplied bythe threshold contras{[l-2s). This correction function is given by

(Adrian,1989):

Yoo Y0 —— (323

Whereais a function of the target sizaminance level, and t is the exposure timén other
words, at shorter exposure tim#ése threshold contragDL) should be increased to properly

perceive the target.

To mathematicallycheck the effect of shorteexposure times ro the luminance
threshold(DL), the correction functiotb| h) has been calculated at different object sizes,

luminance valuesand exposure times. €hesults are shown Figure3.20 below.
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The figures clearly show that for exposure timesveen 0.5 second to 2.5 seconds,
there is no significant difference in the value of the correction functenLd(which means
that, for shorter exposure times up to 0.5 s
small to be consideredience, exposure time will be assumed to be as 2 seconds, based on
Adriands work, and the effect ofastheyaretoer exp

small to have a measuralgffect.

3.6.3.2 Diriver alertness

Driver alertness refers to the situation where the driver is fully attentive and foauseel
driving process. While driver distraction is the act where the driver is emgetfe other
activities during driving. Such activities include the use of cell pfoewenin handsfree

mode, handling car equipment suchradio and GPSalking to another persoaating and/or
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drinking, looking at roadway advertising and billbogrdad many morelLee (2009 defined
driver distraction as O0the diversion of att

toward a competing activityo.

A great part of scientific research has been assigned to driver alertness and distraction,
especially in the field of road s§ and accident preventiofio start with, driver distraction
has been classified infour types (Lee et al. 20p91) Manual distraction caused by the use of
vehicle equipment and instrumeng), Visual distraction where the driver is looking at an
egupment or an outside scen®) Cognitive distractionwhen the driver is engaged in a
conversation, or listening to distracting music and 4) Auditory distraction caused by a sudden

ringtone or music which diverts tlagtentionfrom the driving task.

Muttart (2007) investigated the performance of simulated driving during astiesel cell
phone operation. Thestrongly suggestethat driver awareness is reduced by the usa of
handsfree cell phoneMoreover, they concluded that haffdse cell phone operatiowhile
driving is responsible for two major accident type, 1&ad collision and sideswipe accidents.
Furthermore, a régw by Stelling and Hagenzieker (201discussedhe effects of talking and
listening (including cell phone and another passenger) on the driving task, they suggested that
the drivingbehaviourcan have significant patterns of change while engaging in conversations.
Of these patterns they mentioned,uetibn of driving speed, longer reaction times, reduced
visual focusand missing target#lso, dgital billboards effect on the driving performance has
beenstudied by numerous research@fsquistet al. 2011, Marciano and Setter 2017) where
they estalished a measurable relation between digital billboards, especially those with

animation, and the degree of distraction of driyeeeBackground complexitf?. 95).
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A very recent study by Robbins and Fotios (2020) tried to establish the critical types of
driving distractions that can be simulated by lighting research. Two nsetiocbllecting
information were used. The first one was interviewing drivers #fescollision and the second
was monitoring drivers in real roads. Gathered data suggestedithia@try distractions such as
a conversation with passengers or listening to radio are prevaleractiss, and they are

prominent to be incorporated in further lighting and hazard deteessarch.

Although driver alertness and distraction naffect the visual performance of drivers/
observers, there is no enough data in lighting literatuguémtify this effect. In other words,
many experiments confirmed the effect of driver distraction on driving performance and
collisions. However, measuring this effect in the context of visual performance was hard.
Hence, driver®bserversin the contexof this study, will be assumed to be fully alert without
any distraction at the time beingvhile further research in lighting and hazard detection, as

suggested biRobbins and Fotios (202@)ay allow for this work to include them in the future.

3.6.3.3 Driver epectations

Driver expectation describes the state in which the dcaeexpect and respond to the road
environment. This includes the road layout, roaldted patterns such as lighting and traffic
signs, and most importantly, targets ahead of him.ilgiexpectation is very important in the
driving task as drivers rely on their expectation at many driving situations, a most nrommo
scenario is speedyriving athighwayswhere the time needed to process visual information is
very short as a resujtdrivers hae a certainanticipationfor the dynamics of the road
environment that allows them to rely on their expectancy more than the visual information they

get ard process (Smiley 20)15Another example ipedestriafanimalscongested areas where
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driversreduce their speed due to their expectation that a pedéstimalmay be present at

any time.

To check the effect of driver expectation on the driving task. A unique baglgeemlone

by Roper and Howard (1938%ubjects were asked to drive a vehiatenight to assess its

headlamps, then they were told to head back to the laboratory since the study has been ended.

However, the real test was on the way back where they were confronted by an unexpected
pedestrian. They were then told to reverse backagpdoach the same pedestrian at the same
speed. This time, drivers were able to spot the pedestrian at almost twice the distance before
approaching the target compared to the first time when it was unexpected. Roper and Howard
(1938)reasonedhis bytheability of drivers on the second time to expect the target by knowing
which pattern they shutd look for, and they suggested a 2:1 constant ratio between expecting

and norexpecting drivers.

Although Roper and Howar 938) did not mention themount ofinformation that was
given to the driver, such as the location of the pedestdowirclothing, pedestrian movement
and the environmenih which they did the testheir work is still significantis they were the
first to establish a connection betweeivelr expectation and driving performance. However,
there has been a huge debate between resedimhtbies solidity of their findingsHyzer (2004)
reported conforming results his work to assess the 2:1 exfancy rule of Roper and Howard
(1938) innighttime motor. While Muttar(2016) suggested thati one si ze f i t s
not properly supportedlfhey also reported that their experiments showed that the average
detection distance for drivers who did not know the target was present is aiirtoses less

than those who knew, dispelling the perception of 2:1 driver expectancyFattbermore,
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Moretimer (1996wrote:i No support was found for the 2:1

and O6unexpecteddé driver visibility in night

In dl cases, the relation between driver expectancy and driving performance is clear and
cannot be deniedet, to measure the degree of expectation and to check if there is a common
response on driving tasks due to this is very hideshce this work will adpt normal driving
conditiors where the driver is assumed to be fully experienced in the road environment and no
unexpected targets are present. While this assumption may seem rddmatdito achieve,
Muttart (2016) provided a welkstablished researchittv convincing resultsherefore for the
time being,their ratio of 12:1 for driver expectancy can be usedorrect the results of this
work for unexpected driverd neededFurther future researakelated to this fieldan provide

more insights on how to include drivexpectationsn the proposed FRVP model.

3.6.3.4 Target movement

Targets in real life can be moving or stationdfpr examplea pedestrian before
crossing can be considered as stationary, but once he is crossing the road, he is moving.
Movement can be parallel, perpendicutarin any direction with respect to the road axis. Yet,
drivers respond more quickly to moving objectsnpared to stationary objects if they are
wearing retroreflective or light clothing (Kledes al.2010), (Balket al.2008) andHowever,
when pedestrians were dresses in black, there was no significant difference in the response of

drivers with respecbttarget movement (Muttart 2013).

Moreover, arget movement affects tkteeshold contrasteeded to perceive the target.
Figure3.21 shows the effect dhemovemenbn the threshold contrast needed to percabfe

bar patterriargetmoving at 24/s (filled square) or stationa(gmpty circle) under a background
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luminance of 9.8 cd/nt and different eccentricity values. The figure shows thathat
eccentricity value of zer@he target is located on theiver visual axis), the threshold contrast
needed to perceive the targetisostthe samevaluefor both a moving andtationary target.
However when the eccentricity increases, the threshold contrastéaroving targetemains
approximately constant at low threshold values, but the stationary target threshold increases
dramatically with increasing the eccentricity andiéoreover, the threshold contrast for a
stationary target is always higher than that for a moving targetdiegsof the eccentricity

value.

Based on this, and considering the waiate scenario of a stationary target, which is
harder to detect, targets in this work will be assumed stationary. Moving targets can be

considered in future work.

Threshold contrast

0.00
o

20 H &0
Eccentricity (deg)

Figure3.21: Thresholatontrast plotted against eccentricity for stationary and moving festtern targets. (After Rogers,
1972)
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3.6.3.5 Chromatic contrast

Chromatic contrast refers to the contrastaburs, andcolours are determined by the
wavelengths emitted from the targéthile luminance contrast depends on the total amount of
light emitted from a stimulus and ignores the wavelengihigmatic contrast depends on the
colours of the stimulus and its background.r@hatic contrast is very important for the
visibility of coloured objects with the presence af@oured background. In fact, it is possible
to detect a certain target with zero luminance contrast if thereatoar difference between
the object and itbackground (Boyce ZB). Furthermore, at low luminance contrast values
(less than 0.1 or 0.2¢olour contrast is the prime factor that makes targets vislghand

Eastman 1970 O6 Donel | and Col ombo 2008) .

While Adrian (1989) mentionethat colou differences between the target and its
background can make the objetible, even if they have the same luminance.ndglected
the effect of the chromatic contrast since road lighting visibility is mainly associatied
brightness difference percemti. In other words, Adrian (198%uggeststhat at roadway
lighting, there should be a luminance difference between the target and the background in order
to perceive itOn the other hand, Raynham (2004) suggests that despite the shrinkitguof
vision at low levels of lightingcolour contrast is still an important factor in vision and its

importance becomes higher with the increase of traffic density on the road.

Althoughchromatic contrass an important variable in defining the visibility of targets,
it will not be considered in this study, due to its effect that is only measurable at low luminance
contrast values. However, since it is an advantage for fuzzy models to be easily modified a
revised, the possibility of including the effexftchromatic contrast in th@roposednodel can

make goodlevelopmenti future research.
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3.6.3.6 Transient adaptation

When the visual system is not completely adapted to the surroundings, the adaptation
luminance is changing dynamically over certain periods of time, this describes the case of
transient adaptation. An example of this kind of adaptasarases where theie a sudden
change in retinal illumination such as entering a tunnel while day driving, or an event of power
failure inside a building without daylight. Transient adaptation is usually unnoticeable indoors
at normal conditions. Yet, it is substantialarsituation where the retinal illuminance gets

sudden changes from high to low (Boynton and Miller 1963).

Adrian (1989) mentioned that changes in luminances perceived by the human eye will
results in transient adaptatiomhere thehreshold contragtZ.) will be higher than its normal
values(steadystate value). However, when the difference in luminadoces not overstep a
certain value ( ¢ log units), the transient adaptation will likely happen quickly and the

threshold contraswill return to its stadystate value in almost 0.2 seconds.

Hence, it will be assumed thidie transient adaptation problem is not significant enough to
be considered in this model. This is based
transient adaptation indimodel, and based on the assumption that this study is adopting normal
driving conditions where the transient adaptation is unnoticéBolnton and Miller 1963).

Future research can include incorporating the transient adaption in the propped model.
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3.7 Fuzzification of visibilityariables

Fuzzification is a process in which a certain crisp variable is converted into fuzzy. This is
primarily possible if oneanestablish that the variable under consideration is not deterministic
and carriesa considerlle amount of uncertainty due to imprecision, ambiguity, or vagueness
(Ross2017). Then, the variable can be representgdg an appropriately designed@mbership
functionwhich cancharacterize the vagueness, or most accurately, the fuzziness of the variable.
Membership functionasf i r st i ntroduced by Zadeh (1965)

Set so.

The output of the fuzzy model is based on the fuzzification of the inpptfoparameters
presented ithe membership function. A membership function represents the degree of truth
involved in a vaguely defineslibset that is limited by the range from 0 to 1, where 0 defines a
nonexistent association with the variable subset hulefines full association. Consequently,
values between 0 and 1 represergartial association in the variable subset. This can be clearly
understood by considering the temperature representation example sHeégur@8.22. The
figureontheleft) s hows a cl assical set for the tempe
Amedi umo and Ahi gh o crism(sharpydnge witemnpadures Moreaverc er t a i
and temperature value wihlave a degree of truth of either O oodly in a certain subset. In
other words, based on the classical set representation, temperaturas/daiow, medium
or high and when belonging to a certain subset, it has a full association with it and no

association with the other subsets.

However, the fuzzy set allows for partial association with more than one subset, for

example, the second graph (b) shows that tempesab@tween 3% and 70F can have partial
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association with the subset of low and medium at the same time, or the subset of medium and
high depending on its value. In other words, the crisp boundaries in the classical set
representation @re changed intovague or smooth boundaries the fuzzy setllowing the

variablevaluesto belong to one, twar even three subset simultaneously

A LOW MEDIUM HIGH

1

0 30 70 120 0 30 70 120

(a) Classical set (b) Fuzzy set

Figure3.22: Representations of classical and fuzzy sets (Bai and \2@06,)

Hence,a fuzzy set allows a certain element to haveartial degree of membership in a
certain subset and this value can be mapped to a universe of membership values. Assuming a
fuzzy set A with elemenk asa member of this fuzzy set. This mapping candbeated

mathematically as:

(3.24)
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This means that a subset A with element x has a membership functioncofin the
universe of disclosure (X). If this unit of disclosure (X) is discrete and fjag®pposed to

continuous and infinite), this mapping can be expressed as:

&) W [ (3.25)

An example of how this mapping works for a discrete universe of disclosure (X) is shown

in Figure 3.23 where member¥Xi, X, andXz have a full membership in the subset (B) while

membersXs and Xs have partial membership ( 0.7 and 0.3 respectively.). The mathematical

expression associated withis mapping is as follows:

.o PP P T T
W - - - = - (3.26)

w 0 w w w
A
]r.‘.*_“‘.\

— — — = Fuzzy set

0.7 %

\

\
0.3 b\ <
G—0— 00— o= =—==—0—>»
X X X3 Xy X5 X5 X7 Xg X9 Xpo

Figure3.23: The comparison between classical and fuzzy sets. (Bai and Wang,2006)
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Membership functions can take any shapdorm as long as it describes the fuzziness
incorporated within the variables under consideradiuh varies from O to. The most common
membership function formaretriangular, trapezoidal, &issianand Beltshaped(Figure3.24
). However, despite the membership functioont is very importantor the outcomeof the
fuzzy logicsystemresults, the number of membership functions involved in the representation
of the \ariable, the total range of the variabéend the interval of each subset is also very
important. For example, consider the representation of age as the variable underaioms,
once can classify age subsets as {young, old, very old} where the total ran§e s 11 1years
and intervals of {0, 50,100}. However, otlseran classify the same variable as {very young,

young, old, very oldwith atotal rangeof p (¢ W 1tand intevals of {18, 45, 60, 80}.

(a) Trianguler MF (b) Trapezoidal MF

20 40 60 80 100

(c) Gaussian MF (d) Generalized Bell MF

e S—

00 20 40 60 80 100 c0 20 40 60 80 100

Figure3.24: Examples of four classes of parameterized MFs: (a) triangle (x; 20, 60, 80); (b) trapezoid (x; 10, 20, 60, 95); (c)
Gaussian (x; 50, 20); (d) bell (x; 20, 4, BRsearchhubs.con2015)

While there is no exact way or procedure to choose the membership function form, total

range and subset interval, the process is not merely arbitkdayy studies tried to propose
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directions to select the appropriate memberfimgtion depending on the field of study (Wu,
2012), Rutkowska 2016). However, these directions can be used for insigimis
recommendationsSimply because thactual design of the membership functagpends on

the nature of the problem such as its tgpe size, and more importantly, it depends on how
one believes a certain variable can be represented in linguistic tdrengalland error method

is usually usedfor beginners. Yet, experience in fuzzy systems as well as the proper

understanding of theature of the variable plays the biggest p&edollah2018)

Fuzzification of visibility parameters means changing the selected parameters from crisp
values into fuzzy values. This process includes two major aspects; the first one is to find the
best nembership function that descrgthe variable based on the current literature and the
second aspect is to represent this membership function with the proper linguistic terms.
Fuzzification can be one of the most challenging processes in this work agyisiiables
are included differently in the current models of visibility. Moreover, the effect of these
variables on the visibility of targets has been studied by a large number of researchers. So
adopting a certain method of representing the variabégsconform to a single study and may
not be in accordanceith another study. Hence, the selection of the best method of fuzzification
of any variable can be quite difficult as it includes studying a wide range of the available
literature, especially themost recent, to have the most suitable membership function

representation.

The membership function typetc)astweliaathgul ar ,
range of the fuzzy variable has a great impact on the model results as well. The most basic
membership functions are the triangular and trapezoidal types so they will be considered in

this study for simplicity. The range of the fuzzy variable is decided based on the current
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literature as well as the suitable conditions affecting the night timaliisof targets. For
example for the variable obge, the selected range was from 18 to 80 years old which
correspondso the age of licensed vehicle drivensmost countriesWhile for the variable

of retinal illuminance, the literature has been studmdletermine theypical driving
conditionsat night and calculations were made to determine the minimum and maximum
values needed to define the rangewever, some variablasnge has been extended
include more informatiosuch as visual size since the current models are limited to a certain
visual size value such &se STV model(IESNA 2000) which is only considering targets

with small visual size.

The following showsthe method of Fuzzification faall independent visibilityariables
that wereincluded in this model as well as ¥R itself, which is the output of the Fuzzy

model based on relative visual performance.

3.7.1 Luminance contrast

The luminance contrast input parameter was fuzzified based on the RVP model developed

by Rea (1986Rea and Oellette (1988 and 1991). It is believed that what defines the luminance

contrast to be high or low is the way it affects the visual performarigs.nfeans that the

luminance contrast can be considered as high if it yields to highaR¥&#atively low values

of background luminance g} and vice verserigure3.25 shows that luminance contrast value

of 0.6 and above can provide and High RVP (above 0.92) at background luminance values

around 15 cd/f while a luminance contrast values of 0.2 and &ssgenerally producing

lower RVP valuescannot povide high RVP unless the background luminance is almost

doubled (around 30 cdAn This shows that luminance contrast of 0.2 and 0.6 can provide

appropriate boundaries that define the low and high contrast values respectively. In other words,
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a luminance contrast of 0.2 and below can be considered as low, and a luminance contrast of
0.6 and above can be considered as high. Consequently, the range betw@éncar? be
considered as medium. The luminance contrast membership function is sheigyares.26.

The figure shows that the low luminance casthda 100 % degree of membe
when the values are betweef @. Further increse in the luminance contrast (up to 0.4) means
that the degree of membership in Al owodo is de
the peak of the medium membership function subset (100 % degree of membership in medium).
The rangef between 0.20 0.4 marks a combination of low and medium corgragh varying

degres of membership in botfpartially low and medium)~or example at a luminance contrast

of 0.3, the degree of member s hThesameapplidstowd an
the range between 0.4 to 0.6 where the luminance contrast is having a partial membership
degree in medium and high respectively. Luminance contrast values of 0.6 and above defines

the Ahighd |l uminance contrast sulh®et with a
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Figure3.25: Luminance contrast fuzzy sets. (Rea @uoellette1991)
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Figure3.26: Luminance contrast membership function

The mathematical representation of the luminance contrast membership function is shown in
the below equations

00aQ GE®AT i ®

(3.27)
Wherem @ pand‘ w N 1O p
ph © TR
LI - B ‘
ﬂh ™ w T8 (3.28)
L0 TR .
i T[&h ™® w T8
. F] (b -
co T .
U T il ™ 0 TE (3.29)
© 8L m o @
o @ @
ph © TE (3.30)
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The above membership function for representing the luminance contrastirgsut
variable for the FRVP modelnbe used if the contrast polarity is not considetedeed, it
was used in the FRVP model before deciding to consider the contrast p&atityith the
presence of contrast polarity, the above membership function cannot be used unless considered
as positive contrast then multiplied by the contrast polarity correction fagigrpievided by
Adrian (1989 as expressed in Eq.8). This method can be adopted as a shortcut expect that
it does not really express the real case of negative contrast situations as positive contrast is only
fuzzified, and negate contrast critical values, that should be explicitly included in the
membership function, may not be accuratdternatively, it was decided to design two

membership functions for both positive and negative contrast.

When it comes to seeing targetsoutdoor driving conditions, pedestrians are seen under
positive contrast until the distance between the driver and the pedestrian becomes short as
shown inFigure3.27 (Meyer and Gibbons 2001yvhere the luminance contrast values to the
left of the intersection point between the target luminance line and the background luminance
line represent negative coast, and value to the right of the intersection point represeat
positive contrasiThis was justified byMeyer and Gibbon&001) as when the distance between
the observer and pedestrian is large, the background is more composed by the dark night sky
behind the pedestrian, making the backgrodadker than the targgpositive contrast).
Whereas, as the observer approaches closer to the pedestrian, the background becomes more
composed of the road surface behind the pedestwigich makes the backgradibrighter than

the targe(negative contrast).

Some studies show that targets under negatvirast havéonger recognition distance

than those under positive contrast (Janoff 1994pedestrian contrast measured using an
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imaging photometer in lit steés showed contrast ranging fre55 to 6.5 Tomczuk2012)
Pedestrian contrast can be very complex as the driver could see one part of the pedestrian and
not the other part. This has led to thea@apt of dominat contrast (Saraiji and Oomm2a15)

It is believed that a single and unique membership function for the luminantrast cannot

be developedThe membership function for the luminance contrast is a function of the context

of the study and whether the visual task is outdoors or indoors.

Target and Background Luminance [Denim/HPS Pedestrian)
25

Luminance [cd/m2)
-

+—Tanget Luminance
—
1 — #-Background Luminance
" _=

0.5

o 200 400 600 800 1000 1200

Distance {ft.)

Figure3.27: Comparison between target and background luminarea &unction of distanceMeyers andsibbons 2011)

As a result, two membership functionsybheen developed to account for positive and
negative contrast based on the contrasign conventiorproposedoy Adrian (198), which
defines the target contrast as positive if the target is brighter than the background and vice versa.
Figure 3.28 showsthe Mean percentage probability of detection as a functimomirast for
both decrement experiment (a) and increment experimede(@loped by Rea and Ouellette
(1988) For both case high contrast can be defined as the contrast that results in over 90%

probability of detection for a small target seen at low retinal illuminandesmall visual size
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while low contrast results ia50% probabilityof detection under the saroenditions It should
be noted that the range for retinal illuminances for the decrements and increments were different
i n Reads experiment . Rea justified this as

apparent level of saturation under smatgets and low retinal illuminances.

Hence, for decrement targets, the figure shows that 90% probability of detection can be
achieved under a contrast of almost, &r&d a probability of detection of 50% can be achieved
at a contrast of almost 0.8imilarly, for increment targetshigh can be achieved under

contrast of almost 0.17 (say 0.2) while low contrast can be achieved at 0.1.
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=) = a4 280 10— B on
= == . = o
! MR T ) 1 LB m ) T T T Y
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Targets darker than the background (decrement tarjjet Targets brighter than theackground (increment targets)

Figure3.28: Mean percentage probability of detection as a function of contradte(Rea and Ouellette 1988)
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Based on the above, the positive contrast membership funetiodbecrepresented as

shown inFigure3.29

b [%] o medium p [
100 -100
BD—- -—BD
GD—_ _—GI:I
40+ -ap
20- 20

|:|_- T T T T T ; ; ! T ; " , ' i

Figure3.29: Positive contrast membership function

The mathematical representation for the positive contrast membership furariibave the

following form

(3.31)
Wherem @ p&and‘ wN 1O p
ph W T
B O @ o P8
0 TE P (3.32)
W TR
h @ P8t
‘ P ™™ e P
h w
~p8 W ‘
vog p p8L @ PR (333)
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ph © P& (3.34)

On the other hand, the negative contcast be represented as per the membership function

shown inFigure3.30.

p [%] o medium  [%]
100 -100
80 a0
60 a0
40 <
20 20
0 T T T T g T T T T T T T y T 0
0 0.04 0.08 0.12 0.1a 0.2 0.24 0.28 0.3

Figure3.30: Negative contrastembership function

The mathematical representation for the negative contrast membership function can have the

following form

0 QQUORAED I ®i @

(3.35)
Wherem @ m@and‘ w N 1O p
ph @ TP
oW w0 .
——h W v
® U % L) TP (3.36)
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With the presence of two membership functions to describe the luminance contrast,
the FRVP model will incorporate each one individually. This means that with the same
model, positive contrast can be replaced with negative contrast depending on then=oatlitio

the problem under consideration.

3.7.2 Visual age

The fuzzy nature of the age parameter can be attributed to the following factors: a) the
impracticality of assuming a single age to a variety of observers, drivers and/or building
occupants, b) the lack of reliable estimates ofdgmgendent light scatter the crystalline lens
(Rea and Ouellette 1991) and, c) the impact of light scatter on visual performance being

dependent on the characteristics of the target.

Whereas the RVP model has a mathematical formula that accounts for the effect of age
on retnhal illuminance and therefore on visual performance, Rea and Ou@élig®t® point out

that these equations should be considered
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model is limited to the age group of-B6 years and was based on experitaletiata that were

obtained from young adults.

In the crisp membership function, the membership in the set of young age is either 1 or
0. On the other handsing the characteristic function of a fuzzy set, the membership is 1 for
age less than 20 arluerre are varying degrees of membership till the age of 40. The age 20 and

40 are dependent on the context of the study and could vary accordingly.

In the context of visual performance, one could give the term visual age to the fuzzy
membership functionThe experiments that were done to develop the RVP model were based
on young subjects with a mean age of 21 years. Teatdor the effect of age Rea (199ked
an age factor to reduce the retifaeiminance ‘O , measured ifrolands. The argumeritere
is that the ageeduces’O . The RVP will be the same for two situations with shene™O . For

example, for an observer who is 60 years for agdy tb@n be corrected using:
"0 00 “i (3.39)

0 p T&Ip RPQQC T (3.40)

Whereby L is the photopic adaptation luminance in c8land r is the pupil radius in
mm. The reduction ilrolands will result in areduction in retinal contradReaand Ouellette
(199]) cautioned that those equations should be considered tentative because the impact of light
scatter within the eye is affected by the spatial characteristics and the size of the target. The
notion tha the spatial characteristics of the target does not affect visual performance is true
only for the same age group. As the eye ages, the spatial characteristics of the target start to

influence visual performance.
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As shown in the previous sections. Ag®ne of the most important factors in defining
thevisibility of targets. Indeed, age is also a significant factor in lighting applications in general.
The multiple of threshold contrast required for an observer of higher agwedbo younger
age observerg&igure 3.31 developed by Blackweland Blackwell(1980) was found to be

suitable to define themembership function ofisual age in the current model.
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Figure3.31: Visual age fuzzy sets based on multiple of the threshold contrast required for higher age observers ( after
Adrian, 1989).

Thefigure shows that there is no significant diffezem the multiple of threshold value
for ages between 20 @mmost 42.5years old, this means that this age group has the same
characteristics with respect to visibility even though the age varies. Hbeiscage group can
be considered as tligery youngd age group. The figure also shows that there is a significant
difference in the multiple of threshold contrast betw#®n age group from 42.5 years to
almost 67.5 years and from 67.5 years to 80 yddms. suggests that ages above 42.5m&an
considered agoung while ages between 67.5 to just below 80 can be considered as old.
However, despite the range of the ages presented in the gragdt 80d/ears, the slope of the
curve for the old age group{.580) is very steep. This suggests that if the curve was continued,

it will show a significant difference between age groups below and above 80 years of old.
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Hence, it was decided to add an extra
years.The disadvantage in having more subsets is that it will increase the complexity of the

fuzzy rules used as well as the time needed in the process of fuzzificationfazdifieation

Based on this, the membership function of the age was developed andistogure3.32

H [¥] Very_young Young ald B [%]
100 -100
80 - a0
&l - il
40 - ~40
20 20
0 T T T l T T T l T T y 1 ' T ' 0
20 30 40 50 &l 70 a0 a0 100

Figure3.32: Visual age membership function

The mathematical representations of the visual age membership function is sliogvbelow

equations
W 0B

Where¢ T @ p Taé Q wN 1O p (3.41)

T® W vV (3.42
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3.7.3 Visual size

The size of the target is an important independent variable that determines visual
performance. In this context, the visual size of the target is measusieblid angleunit of
(Steradians) which takento account the dimensions of the target, inclination relative to the

visual axis, and how far the target is from the eye.

What determines a size to be small or large is our visual performance in seeing (or not

seeing for that matter) the target within the context of particular luminous conditions.

The solid angl@) can be approximated by using the following equation

0AT-©

5 (3.46)
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Whereby A is the area of the target, D is the distance between the eye and the targist, and

the inclination angle.

The membership function can be determibgdinding the relative isual performance
value (Rea and Ouellette 1991) of various visual sizes. For example, the visual size of 130
Microsteradiansvill make most of the RVP values greater than 0.8 which is the Plateau region
of RVP, and wouldthereforepe classified as arge size. On the other hand, a visual size of
1.9 Microsteradianswill need high contrast and high retinal illuminance to get the RVP into

the plateau region and woulidhereforepe classified as small.

Different visual sizes were calculated base@@mmon stopping distance for a vehicle
traveling at 100km/hr (AASHTO 2011) and common obstacles that could be found in roadways
and they are shown ifable3.3 andFigure3.33. The importance of this step wasget anidea
of how to characterize the size in terms of small and large from a practical point off aiew.
stopping distance ¢AASHTO 2011 was usedh adriving task as a way to give an iddaloe

visual sizes that could be encountered.

Hence asmall size targetan be defineds the target that results in higireshold
contrasiiven a high retinal illuminano@®.53Trolands). From Figure3.34, we find this to be
3 Microsteradiansvhich is equivalent to a cat seen from a-b&&ter distance as p€able3.3.
On theotherhand, a target of large size is the one that results ithi@shold contragjiven a
low retinal illuminance, which gives us a value of\igrosteradianshis is euivalent to a 165
cm tall pedestrian seen from 185 msteA square box of 20x20 crwhich is the sizef the
target used irthe STV model (IESNA 200 seen from 185 m distance results in a @isize
of 1 MicrosteradianThe proposed fuzzy set of tatgsize is shown iRigure3.34 and the visual

size membership function is shownHRigure3.35.
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Table3.3: solid angle for some obstacles that could be encountered in a driving task.

Speed 100 km/hr. Stopping distance = 185 m

Target Height x Width Area Visual Size
(cm x cm) (m?) (Microsteradians
Square box 20x20 0.04 1
Human 165x40 0.66 19
Cat 25x45 0.11 3
Still car 145x185 2.66 78
Child 100 x 40 0.40 12
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Figure3.33 Solid angle subtended by a still cdyman,20x20 cm square and a datated at the fixation line of siglats a
function of the distance between the observer and the standing vehicle.
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Figure3.34 Visual size fuzzy sets based breshold contrasas a function of target size (steradians) for positive and
negative contrast andifferent retinal illuminances.(after Rea and Ouellette 1988)
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Figure3.35: Visual size membership function

The mathematical representation of the visual size membership function is shown in the
below equatiors
wQi oYa Q

(3.47)

Wherem @ ¢meQ wnN 1o p

133



ﬁ W :
PG W, ‘
"~ R )
5 x X PG (3.49)
© X ) q
‘ ‘ PG X X P
ﬁ ® . ‘
P X W ‘ (3.49)
X A )
Upx pc PG P X
2 Py PG ® pX
‘v o PXPS (3.50)
ph ® pX

3.7.4 Retinal illuminance

To use an exact value for adaptatimminance in a visibility model is impractical. This
is because the eye is in a constant state of adaptation. Idiaafage, for example, the eye
could adapt to the luminance of the sky, thethluminancef the computer screen, then to

the luminance of the desk, etc.

In reatlife scenarios, pupil size is rarely constant and the pupil is in constant adaptation.
The eccentricity is also not fixed especially in driving situations whereby the car is in motion
and the target could be standindl sir moving. The fuzziness of these variables renders the
adaptation luminance to be fuzzy. Hence, the retinal illuminance can be used as a measure of
adaptation luminance. The amount of light entering the eye is often referred to as retinal

illumination and is measured ifrolands.
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To have an idea about the retinal luminance in practice, practical values of adaptation luminance
(cd/n?) were collected from different resources and representEityime 3.36. This step was
necessary to select the range of adaptation luminance values encountygpezimighttime

driving situation. The figure (in log scale) shows that 100,000 Td4n be useads a good
approximation for high adaptation luminancéken,Figure3.12 was studied in order to find

the average ocular transmittance for differerd ggoups at wavelengths corresponding to the

visible light. The results are shownTable3.4.

109 -
108 4 Possible retinal damage *

107 4 Filament of a clear incandescent lamp *

108 Frosted incandescent light bull
105 LPSlamp g K

10 4

2
10 Peak luminance of a typical LCD monitor * .
102 4 + Typical scene on overcast day

Maan surface* e + Fluorescent lamp

Typical scene in full sunlight
10" 4 Typical scene at sunr\se‘i':( Standard SMPTE cinema screen

100 4 i% Floodlit buildings, monuments and fountains
104 .
10-2 4 *
102 4 Night sky‘k *Typ\cal scene lit by full moon
10—4 .
105 1
108 4 %k Absolute threshold of vision
10—7 .

Darkest sky

Luminance ( cdlmz)

Figure3.36: Example of luminances for different targets and scenes

Table3.4: ocular transmittance for different age groups

Age (years) t (%)
20 75
40 70
60 61
80 54
90 51
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Finally, the retinal illuminance was calculated ussggation3.16) consideringa range
between 0 and 100,000 for the adaptation luminance. The rasiksown irFigure3.37, the
figure shows the relation between the retinal illuminance and the adaptation luminance (in log
scale)and based on ocular transmittance data obtained ([@mraopuet al. 2018) Hence a
range of retinal illuminance from 0 to 100 was selected. Values of O retinal illuminance
corresponds to situations lower than the threshold of vision. While retinal illuminance value of
100 corresponds to an adaptation luminance of almost SFi@r¢3.37), which is almost to

the same as the typical scene in full sunligigre3.36).

10°

Visual Age

— 20 years
102 4] — 40 years
60 years
80 years

107

1[]'3 .

Retinal lluminance (Trolands)

10+ T T T
107 102 102 104 108

Adaptation Luminance {cdfmz}

Figure3.37: relation between retinal illuminance and the adaptation luminance (in log scale)

A high retinal illuminance can be defined as the one that result§neshold contrasif less

than 0.1for the smallest visual size target ( 0.2 Microsteradjdreged omhe work of Rea and
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Ouellette (1988and shown irFigure3.38. This makes a retinal illuminance 3@ Trolandor
more to be high. A low retinal illuminance can be defined as the one that resuhssishald
contrastgreater than 0.6 which leads to a value of Dr8lands or less.The membership

function of the retinal illuminance fuzzy set is showifrigure 3.39.

RETINAL ILLUMINANMNCE, T

Figure3.38 Retinal illuminance fuzzy sets based loreshold contrasas afunction of retinal illuminance. (After
Rea and Ouellette 1988)
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Figure3.39: Retinal illuminance membership function

The mathematical representation of the retinal illuminance is shown in the below set of

equations
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3.7.5 Eccentricity

The position of the target relative to the fixation line of sight is termed eccentricity. The
eccentricity of the target can have a membership function with linguistic terms as: a) within the

visual axisb) away from the visual axis, c) far from the visual axis.

One can define the eccentricity based on the probability oftdegexctarget (Inditsky
et al.1982). Figure 3.40 shows the probability of detecting a target based on eccentricity. In
this work a target contrast of 0.08 ardsize of 10 min of arc will be used to define the
membership function of eccentricity. As can be deduced Fgure 3.40, atarget with q >
20 degrees will have less than 15% chance of detection whereas targets within 6 degrees of the

visual axis will have morehan 60% chance of detection. The membership function of the

eccentricity fuzzy set is shown Figure3.41.

Contrast Size (min)
0.90 J- 0.058 19
0.08 10
0.80 ¥ 0.044 10

0.70 +
060 +
0.50 <>‘Vi|l .

0.40 49 ‘.\“-;‘}-

Probability of Detection

030 ¥+

0.20 ¥

: M 4
0.00 + + + + {

10 20 30 40 50

Deviation from the Fovea (degrees)

Figure3.40: Eccentricity fuzzy sets basedtba probability of detecting a target as a function of the angle from the fixation
visual axis. (Inditsket al.. 1982)
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Figure3.41: Eccentricity membership function

The eccentricity membership function is represented mathematically by the following set of

equations
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3.7.6 Background Complexity

As seen irthe previous chapter, background complexity can be represented using the
entropy of the driving scene imad®ith the use of image processing techniques, image entropy
(measured in bitsineasures the level of information content enclosed with a certain driving
scene imageA low image entropy defines a low complexity driving scene and a high image
entropy defines a high complexity driving scene. A typical driving scene canahanege

entropy value of 6-5.5bits (measured).

To measure entropies of different driving scerntbe Matlab image processing toolbox
has been used, then a code has been wfithgthe author of this workd measure the entropy
of RGB images (Red, 18en, Blue)The first step of the calculationts split the image into 3
channe$ correspondingo RGB schemeThis allows Matlab to generate a colour map that
includes the primary RGB colours as well as their degrees in any colour component included
within the imageThen the colour value distribution showing the frequency of occurrence for
each cabur level valuewith respect to the colour intensity levédsplotted. This plot is called

the image histogram amslshown inFigure3.42 andrigure3.43.

An image histogram is generated by defining equally spaced data vaitespoading
to the RGB colour intensities called bins, then calculating the number of RGB colour pixels
included in each bin range. By defaults, Matlab uses 256 bins fosgaésy and RGB colours
histogram generatior-{gure3.43). The next step is to calculate the probability associated with
a certain colour intensity level) () by convertingthe histogram data countsto three vectors

corresponding to the RGB coloufiis means that for each RGB channel and its compgnents
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a vector of 256 entries will be generated to represent the data enclosed within the image

histogram.

As this study is related to nigtime driving, where the background is dark enough to
be considered as blacit is importantto get ridof zero entries enclosed in each RGB colour
histogram for two reasondhé first oneis related tathe entropy of the black colo@H=0),
which makes it mathematicallypnpossible to continue with the calculation (the dominator in
the next equatiswill be zero). The second reason is related to the ability of such extremely
dark colours to dominate the value of entropy by lowering its values, and dimogh&time

driving scenshave the common dark (almost black) background, it is better to neglect its effect.

Frequency

=000 P00

|

LNy n

0 50 100 150 200 250 300
RGB Colour Intensity Level

Figure3.42: Colorful houses and boats in Burano Islan¢ ~ Figure3.43: RGB image histogram for Figure 3.24 (by
Italy (Shutterstock 2018) author)

As images differ in size and resolution, it is very importarddnsider the dimension
of the imageHence, the data obtained from the image histogram are normaitheckspect
to the total number of pixel¥his is usually done by dividing the RGB channel data by the total
number of pixels in the image in orderesure that # sum of all entries of each RGBctor

will be equal to 1.
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The next step is to calcutathe image entropy (H) for each RGB colour channel using
the below equation (Shanon 1948):

© naen (3.59)

However, he result will be three image entropies for each RGB channelavidrage
can be taken as a metric of information content stored within the irflaggkar and
Hemachandma2012. However, average calculations are ususdgsitive to extreme values,
which means that if there is an eccentric value associated with any tebpiency at a certain
pixel, it will shift the average entropy value towards itseulting in either underestimating
or overestimating thealue of themage entropyln other words, this means that the calculated
image entropy irsuch acase will belargely affected by the dominating colewand loosely
associated with the distracting items within the night driving environment (billboards, building

lights,and trafficl i ght sé. et c. )

Hence, another method of obtaining the combined image entropy of the driving scene
was usedThis method involves convertir(gectorzing) the RGB channel data intovector
with a number of entries equal to the total number of entries for the threaliraliviectors
together In other words, the resulting vector will be having a total number of 768 entries, which
is the summation of three entries of 256 each. This method is inspired by the need to measure
the background complexity by defining a metric tbe non-homogeneouslistribution of
colours due to the distractions enclosed within a driving scene. Hence, even if the values of the
combined image entropy is based ahigher number of entrie€/68 instead of 256)it is
considerably more accurate thasing a largely shifted average image entropy value that is

affected byany dominating colour within theight-driving scene
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Then thecombined imagentropy(H) can be calculated for the image using equati®g9).

This value of entropy reflects the actual relations between the RGB colours and is more accurate
than using the average entropy for three individual RGB coldiranakethings easier,a
Matlab-basedcomputersoftware has been generated to calculate the entropy of diffienang

scene imagedshe software allowshe user to browse into the selected image, then gives the
value of the entropyl able3.5 shows the entropy of different images calculated using the RGB

entropy software.

Table3.5: Image entropy for different driving scenes

Image RGEENtropy Classification
1.99bits Low complexity
2.561hits Low complexity
5.928bits LowComplexity
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Image RGEENtropy Classification
Medium Complexity
6.464bits
7.498bits High Complexity
7.834bits High Complexity

However, since the concept of image entragoyot so familiar outside theomputer
andimage processing community, it was decided not to use the scale of entropy as an input for
the model. Instead, a new scale has been created to map background complexity to image
entropy. The scale rangefrom 1 © 3 where 1 corresponds the lowest complexy, 2 for
medium and 3 forthe highestomplexity The reason for not using a larger scale is that the
scale itself can be considered as fuzzy. This means that the user can choose any value between
1 and3, including nonintegervalues. While other scales are crisp, whetlableghe user to
selectcrisp value®nly such as 1,,2r 3.This gives more convenience to ligidiprofessionals

to decide on the degree of complexity of the backgro&hthe same time, the FRVP software
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enables the user to either use the proposed acdlelect any value between 1 anb&sed on
his judgment, orbrowse for a certain driving scene imaigewhich the entropy will be
calculated and mapped to the backgibaomplexity scale, then usad an input for the FRVP

model. The proposed scale is showiT able3.6.

Table3.6: Background complexity mapping to image entropy of the driving scene

Background complexity scale  Image entropy range
(bits)
1 (Low) 0.0-6.4
2 (Medium) 6.51 7.4
3 (High) X®

Hence, the membership function for the background complexity can be presdritpaes.44

u [74] Iy medium u [%]
100 -100
80 a0
&0 &0
40 - —40
204 F20
I:I _l N 1 N 1 N 1 N 1 N 1 T T D
0 0.4 0.8 1.2 1.6 2 2.4 2.8 3

Figure3.44: Background complexity membership function:

TheBackground complexitgnembership function is represented mathematically by the
following set of equations
60NV GHE NI QD W
(3.60)

Wherem ® owéQ wN moO p
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3.7.7 Visual performance

FRVP stands for Fuzzy Relative Visual Performance asdht output of the visibility
fuzzy logic model undeconsideration. RVP model (Rea and Ouellette 1988, )1i8%he
base considered while developing the membership function of FRMBre3.45shows a
3D representation of RVP as a function of luminance (cand®lafml contrast. The figure
shows that there is a certain value of RVP that are located at the upper plateau region and
considered as high RVP, the plateau approximately includes all values of RVP from 0.9 to
1.0. The figure also shows thatla¢ RVP valueof 0.8 and below the curve stars decreasing
dramatically until it reaches the lowest value of 0.2. The curve shows that at a contrast
values of 0.1 for example, increasing the luminance values to the maximum does not have
any significant effect in increamy RVP. The same applies to low values of luminance

where increasing the contrast does not help in increasing RVP values.
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Figure3.45: RVP model 3D presentati{lRea and Ouellete 1991

Hence, the same pmach wagonsideredor developing FRVP membership function
where any value above 0.9 is considered high and has a membership value of unity, in other
words, it has a degree of membership of 1 in high FRVP. The lower limit of FRVP was
selected to be 0.&s it is the average of FRVP values which has a range from 0 to 1. This
means that all FRVP values of 0.5 and below are considered low FRVP and has a degree of
membership of 1 in low FRVP. Consequently, FRVP vabhfdsetween 0.5 to 0.9 are not
low and nothigh either, they are something in between having a certain degree in

membership in both low and highigure 3.46 shows the membership function of FRVP
based on the above criteria.
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Figure3.46: Fuzzy relative visual performance (FRVP) membership functio

The mathematical representation of the FRVP membership function is shown in the below set

of equations
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3.8 Indoor illuminance variables

The fuzzy indoor illuminance model (FlILgmploysthree input variables and one
output. The input variables are the visual age, task difficulty, anccheslacteristicsThe
output of the model is the fuzzy illuminance in léigure3.47 shows the FIIL model input
and output variablesAlthough uniformity was not considered in the FIIL model
developmenthorizontal illumnhance is often specified with illuminancaiformity as a
design critewn for indoor lighting. Hence, a membership function was designed for
illuminanceuniformity (@average/minimun and was used in the FIIL softwarely to check

the illuminance uniformity based on the user calculated uniformity.

4% Visual Age ﬁ ‘ Fuzzy Rules

‘ ‘ Task Difficulty
Literature Review ——> Ill\lljemg;r;e ‘ ‘ (Characteristics) _4 U Fuzzy logic Model Fuzzy llluminance
1 - Tt Mamdani Inference — Values
‘ systm (FILL)

ol Task ‘ =
| Importance
“ Defuzzification

‘ llluminance

| IES llluminance

—— > determination ——
‘ method
| Validation <

Figure3.47: Indoor illuminance selection method (FIIL) flow chart

3.8.1 Visualage

The effect of visual age on vision has been studied in previous sections (s&)page
The main effect of age was found related to reducing the amount of light entering the human

retina. This ignainly due to the decreasing in the transmittance of the human ocular media
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(Figure 3.12), which allows for less amount for light to enter the human Ey@eover,
older persons aressable to adapto low light levelscompared tgyoung people(Weale
1982. This is due to the decrease in the capability of the pupil to increase/decrease its area

based on the amount of light levebhching the eyd~(gure3.5).

The illuminance determination procedure established by the IES lighting handbook
(DiLauraetal. 2011) provided illuminance recommendations based on visual age groups.
Observer visual age was categorizet three categor® below 25 years, between 25 to
65 years and above 65 years old. However, to use these recommendasiorecessary to
make sure that 50% or more of observers occupying the space under consideration belong

to a certain age group.

The membershifunction for visual age used in the FRVP mode&b(re 3.32) was
developed in earlier sections (see phg6 where four visual age subsets were introduced
{very young, young, old, very old} based on critical values obtained framultiple of
the threshold contrast required for higher age obseriFgyaré 3.31- after Adrian 198%

The utilizing of four visual age subset for the FRVP model was done as the FRVP model
was studied in road lighting context, where tlegyree of hazard resulted from collisions

and accidents is much higher than indoor lighting.

So,for the indoor illuminance model, it is believed that there is no need to include four
visual age subsetand three visual age subset {young, old, very old} were found enough
to describe the visual age. The visual age in the FIIL model was fuzzified based on the
subtended line widths of letters that can just be read by 50% of obserwistant and
uncorreted vision (Figure 3.48- after the US Department of Health, Education, and

Welfare, 1964)It was found that age groups below 40 years share the sditetalbead
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line widths of less than 1 min arc, after 40 years of old, the letters line width should be
increased to more than double to be read by observers at 65 years of old. For observers of

80 years and above, the line widtleeded to read the lets is almost triple that for young

observers.

Based on this, the visual age membership function for the FIIL model was developed
(Figure 3.49). The grapical representation of the membership function shows that
observers below 40 years are considered young with a membership degree of 100%. After
40 years. The Aol do subset starts and peak:
that has a 100% meralr s hi p degree in the sagibceeasing The
from observer age of 65 yegend of medium subsednd above, until reaching the age of
80 years, where beyond this age, observers are considered to be having a membership

degree of 100 % in the fAvery ol do subset.
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Figure3.48: Subtended line widths doftters that can jusbe read by 50% of observénsdistant vision (After US
Department of Healt, Education, and Welfare, 1964)
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Figure3.49: Observer/worker age membership function

The mathematical representation of Wsial agemembership function is shown in the below

set of equations
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3.8.2 Task difficulty (task characteristics)

Visually difficult tasks can be defined as tasks that have visual stimuli classutd
threshold(stimuli justto beseen),n which visual informationis difficult to be extracted
(Boyce 2014)The visual system extracts visual information from the visual environment
in a way that is described asii s i gomali sotod (Rea2000) where the desired
information is the signal, and the remaining information in the visual field is the noise.
Whent he vi sual task has cert aitomodlsaeroa atadriios tl

can be considered a difficult task.

Studies conducted by Weston (1935, 1945) suggestithuat vask with characteristics
involving small visuakize and/or lomluminance contrasts, can be considered as difficult
tasks.Figure3.50 shows theMean performance scores for Landolt ring charts of different
critical sze and contist, plotted against illuminan¢gv/eston 1945)The figure shows that
as the visual size (min araj the Landolt ring critical detail (gajpecreaseslong with the
luminance contrast, the speed and accuracy needed to identify the Landolt ring gap decrease
(mean performance score). Moreover, the figure also showsL#ratolt ring gaps
perceived under low illuminance values can add to the difficulttheftask However,
increasing the illuminance follows a law of diminishimgtcomes, in which further equal
increases in the illuminance result in smaller and smaller changes in the mean performance
score ( visual performance) until it reaches a valwehiich any increase in the illuminance
will have no effect in changing the visual performance (saturation). Hence, Boyce and
Raynham (2009) suggested that larger improvements in visual performance can be done by

changing the task rather than increasing iltiéminance. They also concluded that
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increasing the illuminance over any range, will not make the visual performance of a

difficult task to be the same as an easy task.

However, Rea (1988) suggests that the illuminance can be roughly predictive of the
visual performance. Since illuminance is related to the adaptation level of the visual system,
higher illuminances meahigher levels ofadaptation, and consequently, higher visual
performanceRea (1988) provided an example to show this by considering tfiosuldl it
would be to read a newspaper under an illuminance of 10 lux, compared to reading the same

paper under 100 lux.

Mean
performance
score
Size Contrast
{mim arc)
45 0497
45 056
30 0.47

18 039
30 056

06

|

, 30 0.

u = 028
./I

u

/ - O 15 0.97

A O 30 0.28

- O s 058

[ ] []
O 15 039
] L
u
o u = - = IR 0.28
U ]
L = L]
U |
00 O | | |
10 100 1,000 0,000

Numinance (Ix)

Figure3.50: Mean performance scores for Landolt ring charts of different criicaland contrast, plotted agest
illuminance. (After Weston 1945)

IES older version othelighting handbook (IES 1912000)classified vsual tasks as
easy, mediumand difficult (Table2.1). This classification is based on the task visual size,

luminance contrastand task reflectance, which is definedthe ratio of the reflected
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luminous flux to the incident luminous fluBased on this classification, as easy visual task

can be defined as having a large visual size, high luminance cpmindshigh target
reflectance, while the difficult visual task is the oppo<itieler versions othelES lighting
handbook provided nenlevels of task difficulty (reduced to seven in 2000) and left the
assessment to the designer to select the most appropriate based on his own preferences. Yet,
the latest IES handbook (DiLaued al. 2011) provided 25 levels of task characteristics

(from A to Y) along with typical examples of these tasks. The levels start with tasks
including darkadapted situation (A) and ends by some healthcare procedural situations (X

and Y).

Alternatively, visual tasks can also be classified as ha{log difficulty, medium
difficulty, and high difficulty}, which is the classification adopted in developing the task
difficulty membership function. Whilé(ES handbooks provided several categories of task
difficulty/characteristicsit was difficult to quantify the tasfifficulty in a certain range of
values that correspond to {low, medium, high} difficdttyaracteristicsespecially that the
IES categories change the illuminance within a large scale of values ( from 0.5 to 20,000
lux). Hence, the best solution was émploy an imaginary scale for the task difficulty
membership function and divide it into three regions (subsets) of {low, medium, high} with

the medium peak at 50%.

After several trials, and considering the large number of task characteristics category in
IES handbook, the low subset was considered below 10% of the task difficulty scale, while
the high subset was considered above 908&tues between 10% and 90% are considered
in the medium subset but with differedggreesf membershipThe membership function

of the task difficulty is shown iRigure3.51
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Figure3.51: Task difficuly membership function

The mathematical representation of thek difficulty membership function is shown in the

below set of equations
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3.8.3 Taskmportance

Task importance describes the significance of the consequences related to performing a
certain taskFor example, some taskequire only detection and/or recognition such as
reading a newspaper or watching television. These taal not inclae any significance
in their task performance consequences, and thus, can be considered as low importance
tasks. However, some other tasks such as medical surgeriestimghdriving, and
working with heavy/sharp equipmigimave high significance of coeguences, hence, the
importance of speed and accuracy is high and health and wellbeing may be Hmisk,

they can be considered as high importance tasks.

The llluminance determination system proposed byligt&ing handbook (DiLaurat
al. 2011) povided five leved of task importanceHRigure 2.1), in which the level of
importance is described in terms of different types of visual performance. The scale of task
importance starts with tasks that are desgnitive such as orientation gphysical tasks
and ends with taskthat areunusual, extremely minute, andAtfie-sustaining cognitive

tasks such as healthcare, industaald sports.

As with task difficulty, the same problem of quantifying the task importance was also
encounterediuring the design of the membership function. Although many levels of task
importance were provided by IES (DiLawtal. 2011), it was difficult to map each one of
these levels to a certain value that can be used to define the critical values for the
menbership functionespecially with the large difference in illuminance values with respect
to changing the task importance leugéénce, theameamaginaryscale thatvas used earlier
in defining the task difficulty membership functiowas again used to fiee the task

importance membership function. However, the low subset was considered to be below
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20% of the scale, and the high subset was considered at values above 80%. Values between
20% and 80% are considered as medium with various membership degrees and a peak at

50%. The task importance membership function is showigine3.52
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Figure3.52: Task importance membership function

The mathematical representation of thek importancenembership function ishown in the

below set of equations
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3.8.4 llluminanceUniformity

The illuminance uniformity is a measure of the variation of illuminance at different
points. The latest IESighting handbook (DiLaura etl. 2011) indicated thatluminance

uniformity usuallyis usuallycalculatedas a ratio between:

1 average/minimum in situations where illuminance too far below average
conditions is noticeable and detrimeritatask performance or inconsistent with
normal expectations

1 maximuniminimum in dtuations where too much variation in illuminance is
considered undesirable and untenable from a performance or safety perspective

1 average/maximumin situations sensitive teven a relatively small degree of

overlighting.

However, the handbook highlighted that using the maximum and minimum values
should be done with caution, as a single extreme low and/or high illuminance value might
distort the ratio and misrepresent thdcomein a certain spac&he illuminance uniformity
membership function (average/minimum) was developed based on the values provided by
the IES lighting handbook (DiLauret al. 2011), where uniformity values below 2 were
considered as low, medium stark®ae 2 and ends just below 4 with a peak at 3, while high
illuminance uniformity corresponds to values above 4. The illuminance uniformity

membership function is shown gure3.53
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Figure3.53: Uniformity membership function

The mathematical representation of thek importancenembership function is shown in the

below set of equations
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The illuminance uniformity was not used in the FIIL model. It was only used in the FIIL

software to allow for the usé¢o check and ass& the uniformity of his space lighting design.

161



Software users can select the uniformity value and the software will calculate the degree of

membership in the subsets of {low, medium, high} associated with his input value.
3.8.5 llluminance

llluminance is defined ake luminous flux incident on a surfager unit area. llluminance
is measured in lumensfrwhich equals to 1 luXWork-plane illuminance is one of the most
widely used lighting metrics inhe industry.The popularity of this metric is owed to its
simplicity and measurability using simple equigmh Most lighting designs require the
calculation of the illuminance on the wepkane. Design targets are based on the function of
the space. The design targets often specify average-plamk horizontal or vertical

illuminance.

One can define the haontal illuminance in four subsets; Low, Medium, Higimnd
Very high as shown ifrigure3.54. The borderlines between any of the aforementioned
subsets are fuzzy and not crisp. As the illuminance is increased, it will have different degrees
of membership in its respective fuzzy set. A design target should not have an exact value,
but rather a membership in a fuzzy set. For example, if the tavgeontal illuminance is
500 lux, then the figure shows that this belongs to the Medium Illluminance subset and a
maintained average illuminance of 4580 lux will be on targgtLl00% membership degree
in medium subset)Values of 400 lux or 600 lux areilspart of the ontarget Medium
illuminance subset, but have a lower degree of membership of that subset. As the
illuminance decreases, its degree of membership of the Medium Illuminance subset
decreases. Design targets can specify which illuminazey tubset will give a range of
acceptable illuminance values. For example, the design target for an office building could

follow the i me d i llummmanc® fuzzy subset shown ifrigure 3.54 and acceptable
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membership of that subset of 0.85 or more. This allows average illuminance values that

slightly deviate from the exact targets to

High values of illuminance are considdrin the range of 850 to 950. These values have
a 100% membership degree in Ahigh 111 umina
or more than these values are still considered as high illuminance but with marginally
different membership degrees.rFexample, illuminance values of 800 lux will have a
member ship degree of 0.83 in the dAhigh il/
017 i n t hel fi mend inwm\uenry highudllmsnantedstarts from above 950 lux
with increasing membershigegrees until it reaches 1300 lux, which marks the values in
which illuminance startstohaeel 0 0 % me mber shi p degree i n the
subseto. The range of il | umisa&a00% membesship i mi t e

degree in the higkst subset.

B[] low rnedium High M [%]
100 -100
804 a0
60— 60
404 40
20 20
0 T T T T g T g T g T g T g T 0

o] 400 300 1,200 1,600 2,000 2,400 2,800 3,000

Figure3.54: Indoor lluminance membership function

The mathematical representation of Fuzzy illuminancenembership function is shown in

the below set of equations
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3.9 Fuzzy inference system

Fuzzyinference system is a process in which the input conditions of the fuzzy logic
system is interpreted, based on the fuzzy rules, and then a value for the outpidr=oisdit
assigned (Kalogirou 20}4n other words, the input conditions are mapped to thpubd
values based on the fuzzy rules. Fuzzy inference system involves all the pieces of the fuzzy
logic model, including the membership functions, fuzzy rudesl fuzzy logic operators to
defuzzify the output variable. The defuzzification of the outpariable simply means
converting it into a crisp one. There are two meatgd types of fuzzy inference systems
that can be used. Mamdagpe (1977) and Sugertgpe (1985). While both systems can
give close outputs under certain conditions, the methagfoizzification for each system

is different.

Mamdani inference system assumes the output variables to be fuzzy. This means that
there is a membership function with certain fuzzy sets for each output variable that has been
already designed by the user, ah@ crisp values of the results are obtained by the
defuzzification of rules consequent. This makes Mamdani system more intuitive and well
suited for human input applications as well as having more interpretable fuzzy rules. Hence,
it has a more widespréaacceptance for fuzzy models involving the user experience and
knowledge such as decision making and medical applications. A typical rules for Mamdani
fuzzy inference system can have the following form:

OO0 Qf ovOo Qf dmne (3.89)
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However, despite Sugeno system is similar to Mamdai in having a membership function
for input variables as well as fuzzy rules, Sugeno expects the output to be lic@astant.
This means that there is not membership function for the output variables and it is calculated
based on mathematical analysis. As a restiligeno system is more computationally
efficient and works well with linear techniques such as PID coatslas well as
optimizationand adaptive systems (Mathwork@20). A typical rule for Sugeno inference

system can take the following form

VO B0 QU SIMB  "Qufm (3.90)

Mamdani fuzzy inference system was used in this workits ease of use and
widespread acceptandadeed, it is the default system in Matlab fuzzy logic toolbox. The
visual performance output has been fuzzified to allow the use of this system and the rules

were designed to include the most accurate subset of the output.

3.10 Fuzzy rules

Fuzzy rules can be considered as the main tool for communicating the parts of knowledge
for a fuzzy logic systemFuzzy rules are conditional statements used to infer the output of a
fuzzy system based ots input variables. By employingpnnecors suchas {if, then, and, or,
not}, fuzzy rules carconnect between different subsets of membership funcfidms.allows
for the fuzzy logic model, based on the fuzzy rules, to conclude which action or output should
be taken considering the currently observedior mat i on al g elfrHEINOm.r uA ef

maps a subset of the membership functions to
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part captures the knowledge from the input

fuzzy HENB i susewin tuzzy lggic models to calculate the degree in which the

input information matches the degree of the rule.

A typi cadTHENa z rzgn béwritken in the following form:

00 QMDY 00P0Y QiMQDO™Y dmeg QiQb oY (3.91)
Where A, Bi, C; are subsets of the membership functions Aamd Crespectively while
{AND, OR, NOT} are the fuzzy operators. Fuzzy operator are used tdypry expressions
together to generate a fudpgic relation between input and outpiitA N Dmerator represents
intersection A @Résent unioandfi N O Tepresents complement or negation. Based on

Zadeh notation (1965), these operators can be reypeesky Zadeh operators as follows:

Intersection (AND)

O GO of o

(3.92)
Union (OR)
Cw and off o (3.99
Complement (NOT)
O op W (3.94)
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Where* @ and‘ « are membership functions that define the variables A and B
respectively on the universe Kigure 3.55 shows a graphical representation of Zadeh logic

operators

not A
o\ AandB m

Fuzzy logic

AND OR NOT
min(A,B) max(A,B) (1-A)

Figure355:Cdzl 1 & f23A0 6%l RSKO 2d¥@d01d2 NE SELIX F AySR 65Qb

Although fuzzy rules are the key tool for mapping input to outjatet is 1 specific
method for generating or extractifigezy rules. This stepmainly depend on the experience
and knowledge of the person setting up the fuzzy logic m@@eland Wang 2006 However,
for a complex system like FRV®here the number of rules exceeds 900 logic statemeents,
calculation method utilizing a rank for each rule has been used to set the fuzziepdeding

ontherule ranking (RR) concept.

The proposed visibilityFuzzy system hafve input variables with three fuzzy subsets
(Contrast, size, retinalluminance, eccentricityand background complexjtyand one input
variable (age) with four fuzzy subsets. Therefdhe required number of rulesquals to the
number of probable incidents that can occur based on the input membership functions subset

arrangement. Hence the total number of rules can be calcaktetiows
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0& WoaQbwt wx¥oaQ (3.95)
A weight of 3 has been given to each membership function of the input variable. Then

each input variable was studied andaak was given to each fuzzy sggubset)ased on its

contribution to visual performance. Fotaenple, aankof 1 was assigned to the subSiedbwo

of the luminance contrast fuzzy set and 2 and 3 for the suidediumo and fiHigho

respectively.This rankingcame from ouprior knowledgeas well as literature insightthat

increasingthe luminancecontrast increases the visual performarkas. the age membership

function,which has 4 subsetarankof 3 wasassignedo the subsefiVery Young and 2.25,

1.5, and 0.75 to subsdtgoungp, fOIdo, fiVery OIldo, respectivelyThe same has beapplied

to the rest of the membership functiori@ble 3.7 shows therank of each subset of the

membership functionimput variablesncluded in the fuzzy model.

Table3.7: fuzzy sets rank of membership functions variables involved in the FRVP model

Membgrshlp Subsetl Subset? Subset3 Subsetd
function
Luminance Low Medium High -
contrast 1 2 3 3
Very young Young Old Very old
Age
3 2.25 1.5 0.75
Small Medium Large -
Visual size
1 2 3 -
Retinal Low Medium High -
illuminance 1 2 3 )
Eccentricity |  Within axis szi/(ifsrom Far from axis -
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Membership| ¢ \con Subse? | Subsed | Subsett
function
3 2 1 -
Background Low Medium High -
complexity 3 2 1 _

Since all rules usedre incorporating intersection operators (and onhg,rhaximum
possible weightfor the combination of the input variables subsets be found from thiegic
rule where input variables aj@ning the highest rank subsaif the membership functione.,

the subsetwhich contribute the most to the highest value of FRVP. This logic ruldidlaws:

IF luminance contrast is high (A8) AND Age is very young §48) AND visual size is
large (W=3) AND retinal illuminancas high (W=3) AND eccentricity is withiaxis

(Ws=3) AND Background Complexity is Lowd¥8) THENFRVP is high.
Where the numbers between brackets represent the assaghéar each fuzzy subset.

The total weight for this rule equl8 which represents the maximum total weight value. The

Rule RankRR) can then be calculated as follows:

YO ¢ 00cED@BME FAA 6 & Q (3.96)
DO € QOCTBNE GG O 0 QAd @i Q

Y'Y

vy B w (3.97)
py

Hence, the rule ranking for the previous rule eqt@l$.Q The higherRR is the higher the

visual performance.

Similarly, the rule that results itheleast FRVP is as follows:
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IF Luminance contrast is low (A1) AND age is very old (W0.75) AND visual size
is small (W=1) AND retinal illuminance is low (\¢1) AND eccentricity is far from

axis (W=1) AND Background Compleyiis high (W=1) THENFRVP is low

The rule ranking for this rules equals to

wr V&V

This meanshatt@® p w'Y'Y p8t The rest of the rules were developed based onRfe
values A low FRVP wasassignedor RR values below 0.6, medium for values between 0.6 to
0.8 and high FRVP for RR values above 0Table3.8 showsthe fird four fuzzyrules for the

proposed fuzzy model and a table of all rvé$be provided in the appendix.

Table3.8: An example of the first four rules of the proposed FRVP model

[Input] [Input]
[Input] [Input]
Rule | Luminance| [Input] [Input] Background =R [Output]

No. | Contrast | age | Visual| Retnal fp .o iyl complexity FRVP
size | llluminance

1 Low Very Small Low Far f_r om High 0.32 Low
old axis

2 Low od | Small Low Far from High 0.36 | Low
axis

3 Low young | Small Low Far f_rom High 0.40 Low
axis

4 Low Very Small Low Far f.r om High 0.44 Low
young axis

For the FIIL mode, things are much easier since the number of required rules is much less.
As the model employs 3 input variables with 3 subsets each, the number of rules was calculated

to be 27 only. The same method of rule rankivas employed to determe the outcome of

171



each rule. If the rule ranking (RR) was found to be equal or less than 0.5, the Fflkeslast
low, medium FIIL between 0.5 to 0.7, high FIIL between 0.7 to 0.8, and very high FIIL for RR
above 0.8Table3.9 shows an example of the first three rules of the proposed FIIL mode. The

rest of the rules are provided in the appendix.

Table3.9: An example othe firstthreerules of the proposeBliLmodel

[Input] [Input] [Input]

Rule ) [Output]
NoO Visual age Task Task RR
: . - FIIL
importance| difficulty
1 Young Low Low 0.33 Low
2 old Low Low 0.44 Low
3 Very old Low Low 0.55 | medium

3.11 Defuzzification

The cefuzzificationprocesss theoppositeof the fuzzification process. It is the procéss
which a crisp value of the output is produaad of the aggregated fuzzy sets (Masoum and
Fuchs 2015). In other words, it is the process where fuzzyasstimnsfamed into crisp sets
based on the fuzzy inference system and rules algorithm. @heseveral methods used for
defuzzificationin the Mamdani inference systerbut the most commonly used are testre
of gravity (COQ or sometimes referred to as the tceld method(most popular) bisector

method, mean of maximum (MOM) and theentreaverage methad

The centreof gravity (COG) or centroid method is usually good enough for most of the
applications. Hbwever, the user can try other methods to check calneget better outputhe

centroid method returns the centroid of the area along-téhésxoy dividing the total areatm
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smaller subareas, then the centroid of each-suba is calculatedhe centroid of the total area

is then calculated using theltbwing formula

B o (3.99)

Wheredjis the centroid of the area,w ® & Q denotes the areand the centroid of
the ithportion of the membershifunctiort @ . Figure 3.56 shows the effect of different

fuzzification methods on the crisp output of a Mamdani fuzzy system

A
Hap
(S0
X
smallest of max. J centroid of area
largest of max.— bisecter of area

mean of max.

Figure3.56: Results using different defuzzification methods for a particular functiongfNe22011)

On the other handthe Sugeno inference system is usually defuzzified using the
weighted average method proposed by Yager (198&% method usuallproduces results
that are very close to theentroid method but with different calculation methoHach
membership function is weighted based on its maximum membership function value and

then the crisp output is calculated usinghiéow formula
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W BT o (3.100)

Where x denotes the maximum value for the membership function in the idoma

universe ofX.

As the inference system used in this worthsMamdani system, the centroid method
is used for the defuzzification process for its ease of use and widespheadntroid

method is the default method fibre defuzzification of Mamdani systems in Matlab.

3.12 Matlab Fuzzy logic toolbox

Matlab is a multicomputational numerical computing environment and programming
language software. It was developed by Mathworks in 1984. Matlab allows the user to
manipulatematrices, implementing algorithms, plotting data as well as functions, and most
importantly, writing codes and programs. The software has huge acceptance around the

world in the fields of engineering, science, medicarel economics.

Moreover, Mathwork$ias successfully developed certain toolboxes that are specialized
in a certain fieldsuch as Simulink, which provides simulation anddellingto dynamic
and control systems, Image processamqp d Fuzzy | ogicéetc. these
popularityof Matlab worldwide and increasing the global number of its user to 4 million

worldwide (Mathworks 2020).
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The fuzzy logic toolbox is an aesh to the Matlab software. It provides functions,
applicatiors, and simulation of fuzzy logic design activity in aapghical user interface
(GUI). Although there are many software available for fuzzy logic desigmenttlling
Matlab fuzzy logic toolbox is amongst the highest most used due to its reliability and ease
of use. Moreover, it isvidespread can be relatedttee popularity of the Matlab software
itself as a computing and programmiagvironmentFigure 3.57 shows a snapshot tie

Matlab fuzzy logictoolbox.

4. Fuzzy Logic Designer: Untitled - O X

File Edit View

I
ﬁ qﬁ
‘ﬁ

input1

Untitled

{mamdani)

-
-
-
XX}
outputl

input2

FIS Name: Untitled FIS Type: mamdani

And method Current Variable

min ~

Name
Or method — o
Type
Implication — o e
Range

Aggregation — w

Defuzzification

centroid ~ Help Cloze | ‘

Updating Rule Editor ‘

Figure3.57: Snapshot of Midab Fuzzy logic toolbox (Matlab 2020)

There are two buiin fuzzy inference systems in Matlab fuzzy logic toolbox. Mamdani
and Sugeno. Although Mamdani is the defay$item, users can select Sugeno at the beginning
of modellingthe system, or can switch to Sugeno once the model has finidbeebver, all

fuzzy logic operators {AND, OR, NOT} are available in the toolbox, allowing the users to
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express the rulesmply and efficiently, at the same time, rules in the form of matrix or vector
can be also provided for more expert usérgure 3.58 shows a typical ruleditor in Matlab

fuzzy logic toolbox

4. Rule Editor: Untitled — O =

File Edit View Options

If and Then
input1 is input? is outputt is
mf1 -~ - mf1
mf2 mf2
mf3 mf3
none none
W v

[ not [ not [ not
r Connection Weight:

Clor

©® and 1 Delete rule Add rule | Change rule | < =7

|Theruleisadded Heb | Cose ||

Figure3.58; Rule editor in Matlab fuzzy logic toolbox (Matlab 2020)

For Mamdani fuzzy inference system, Matlab fuzzy logic toolbog Habuilt-in
defuzzification methods including the centroid method, bisector method, middle of maximum,
smallest of maximum and largest of maximuhime default method of fuzzification itne
Mamdani inference system is the centroid methood the programellows the user to define

his defuzzification process based on his knowledge and experience.

Finally, anothenmportant feature for the Matlab fuzzy logic toolbox is the ability to
simulate and graph the output as a 3D surface, and to change the variables of the input directly
at the graph screefkigure 3.59 shows a typical 3D surface generatedMstlab fuzzy logic

toolbox
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4. Surface Viewer: Untitled - O X
File Edit View Options
5
1=
£
a
input2 EER input!
X (input): input1 .Y (input): input2 +  Z (output): outputt v
X Mesh Points: | g ¥ Mesh Points: g Evaluate
Ref. Input: HPIDt points: | 1g4 H Help | Close |‘
‘ e ‘

Figure3.59: Surface viewer in Matlab fuzzy logic toolbox (Matlab 2020)

The downsidedor Matlab fuzzy logic toolbox, in which we faced in this work, can be

summarized by two points:

1. Data for a certain simulation cannot be exported from the software to another
software such as MS excel of word.
2. The axis range in the 3D surface viewsauomatic, this is good sometimes

but in the cases where graphs are compared without having the same scale or

range, it creates confusion.

Hence, the fuzzy logic model was designed using the Matlab fuzzy logic toolbox
including all components such as membership functions and fuzzy rules as well as fuzzification
then anot her s of twasased to eddwlthe resudisdenporiztiyeldata teead

graphing software called ASigmapl ot o.
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3.13 Software package

Matlab software provides a powerful tool to convert progsamto standalone
applications, moreover, these applicatioan be exported to Matlab server to allow other users
(within the same organization) to use and test the applic&ioler versions of Madlb (up to
2015) provided a graphical user interface (GtJix | | e d tofilesigni thee @pplication, then
a compler application can be used to deploy the program into a-atand application.

Though newer versiosof Matlab used a more developedtodidaed A Appdesi gner 0O

Since this work started in 2017, the version of Matlab used then was Matlab R2015a.
Matl ab Aguideo application was -aloneagplidatmn.dev el
However, due to th€ovid-19 pandemic(20132020),where students lost the ability to visit
the university campus, Matlab thankfully provided academic users with a free full license for
Matlab R2020a0 be used at their homelsloreover, they provided another tool to migrate
programs devel Dhrppde ni diman ded Hence, Matl ab

to create the applications in this work and to export them into Matlab sever.

3.14 Validation

The proposed FRVP model will be validated agaimstRVP mode{Rea and Ouellette
1988, 1991) The compasonwill be based on the similarities and differences between
FRVP and RVP under different conditions, it is expected that FRVP will show good
similarities with RVP under high visibility conditions whereas, differences are expected to
be present under lowsibility conditions. The FRVP model is expected to define a similar

plateau to the RVP 3Ppresentation shown in Figure 14. Howevas, the FRVP model
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incorporates more variables than the RVP mddetentricity background complexity),
these values wilbe fixed at be at thehighestsubsetof the membership functiorwith
respect to their contribution to FRVP. In other wortg eccentricity will befixed at

Awi t hin axiso and b a fixedgptid wdudng heocomparson. ty wi |

For the FIIL model, it will be validated with respect to the current IES recommended
illuminance for various applications, which are provided in the latest edition of the IES

lighting handbook (DiLaura et al. 2011).

3.15 Sensitivity analysis

Sensitivityanalysisor somet i mes r-ef er g edmethedioesck i Wh at
theeffectsof fluctuations irthe input variablesf a mathematidanodel or system on the output
andbr performance of the systémodel (Babman 208). One or more input parameters can
be either slightly or significantly changed and the effect on the output can be measured. A
sensitive model means that the solution of this model will have great changes considering a
slight change in the input, whininsensitivemodel has a solutiothat marginally change (or

remains the sameayith significant changes in the input.

In this work, one membership function of an input variable for the FRVP model will be
modified at a time and the effect of this new merabips function on the output FRVP will be

noticed and compared to the original values.

3.16 Assumptions and scope of work

This work is an attempt to apply fuzzy logic on visual performance and illumination

applications. A model for both illuminance selection and visual performance has been
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developed. The output for the illuminance model is the value of illuminance baseé®n th

input variables: age, task difficultsgnd task characteristics.

The output for the FRVP model is the value of relative visual performance based on

independent variables and 1 dependent variable. The variables FRVP are as follows:

1. Contrast, both psitive and negative. The range of the positive contrast is from zero to
1.4, while the range for negative contrast is from zero to 0.3

2. The age of the observer/driver, with a range from 20 to 100, which corresponds to the
age of licensed drivers in magiuwntries

3. Visual siz,which is the area of the target divided by the square distance between the
target and the obseryen Microsteradians, ancbnsidering the observer at thisual
axis of the observeg€0), the range of the visual size is from zer8@o
Microsteradians

4. Retinal illuminance, which is the amount of light entering the eye of the observer, in
Trolands. The range for retinal illuminance is from zero to T@@lands, which
corresponds to the adaptation luminance values that can be encodntargaight
time driving conditions.

5. Eccentricity, in degrees, which the angl e
and the target, the range of eccentricity is from zero to 30

6. Background complexity, which is a measure of how homogeneousivirgdcene.
Background complexity is mapped with the image entropy of the driving scene and
has a scale from 1 to 3.

7. Disability glare: which has a measurable effect at low luminance cosif@etions

For FRVP model, the following assumptions have beade:
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1. The driver/observer is assumed to be healthy, both physically, mentally and visually.
2. The driver /observer assumed to be sober and/or intoxicated.

3. The driver is assumed to be fully alert while driving

4. The driving task is assumed to be without distions

5. The target is assumed to be stationary and has no movement in any direction

6. The target exposure time is assumed to be 2 secondsasrunlimited time.

7. Target exposure times less than 2 seconds are neglected

8. Chromatic contrast is neglected

9. Trarsient adaptation is neglected

3.17 Ethical considerations

This research is mainly analytical simulatiesing computersimulation software
MATLAB has been selectéar its ease of use and global widespread, and its ability to be easily
integrated ito other programming languages as well as the capacity to produce alstaad
application describing the studied model. For results presentation, Sigmaplot and Excel

software packages have been used.

All the used softwards licensed and tlebeen acquiredegally. All resources and
references used in this work are also acquired legally and will be cited properly aféweoe
surveys or interviews involved in this research. Moreover, there will be no usage of any
confidential data from any kind or souréesmall fieldwork involving taking some pictures of
different driving scenes at different locations will be done to serve a certain purpose in some
pars of this research. Yet, it will not create any threat to the life and/or safety of any human

andbr anmal.
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4 Chapter bur: Results
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This work has set a new method for indoor illuminance selection based on fuzzy logic
techniques. Moreover, fuzzy logic was also used to define and niadesibility of targets.
The previous chapters showed an ovenaéihe topic, literature revieyand the methodology
used to approach the indoor illuminance as well as the relative visual performance in terms of

parameters, fuzzification of inputandoutpu v ar i abl es, fuzzy rul esé.

This chapter shows the outcome of all the previous efforts described above. Figures
describing the new criteria of indoor illuminance selection as well as fuzzy relative visual
performance will be presented in this chap¥at, due to the different nature between the two
topics, different presentation stgléor the figures will be adopted. €Huzzy relative visual
performance (FRVPYesults will be presented at the beginning, then ftiezy indoor

illuminance selection () will follow.

4.1 Fuzzy relative visual performance (RRVP)

Relative visual performance was first defined by Levy (1982) as the speed and accuracy of
performing a visual task. It was adopted by Rea (1981, 1986) and Rea and Ouellette (1988
199) in develping the RVP model. The previous chapters showed the limitations of the
current RVP model in terms of using complex mathematical relations, or using results for a
certain age group of observers, or neglecting some variables such as eccentricity and
backgraind complexity Moreover, the previous sections of this study successfully established
an important conclusion related to the ability of using fuzzy logic on the relative visual
performance, this is due to the nature of the visibility parameters, whidualy vague, or

inherently complex and imprecise, and the possibility of getting exact outcomes of such
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imprecise parameters, using the traditional methods, is unlikie&/fuzzy logic approach is a

good replacement falassical math imodellinga complexphenomenon.

The following sections will show the effect of each input variable alone on the fuzzy
relative visual performance (FRVP). Since tharesix input variables for the proposed model
(luminance contrast, visual age, visual size, attiluminance, eccentricity, background
complexity), the results will be presented using a 3D surface for FRVP as a function of two
input variables only. The rest of the variables, calledather influence variableswill be
constant for the same scematience, multiple scenarios will be presented where the influence
variables will be changed to see the effect of the main variables under consideration on FRVP
under different situationg.hese scenarios were selected carefully to show the effect of each

input variable under low, mediyrand high visibility situations.

For luminance contrast, polarity will be considered by presenting separate results for
positive and negative contrasts. Moreover, results for the critical contrast, which is defined as

theminimum contrast that gives high FRVP, will be presented at the end of this chapter.

Although disability glare was not considered in the model as an independent input variable,
a direct connean was established between the disability glare effect oluthimance contrast
(seeGlare page99). Results for the effect of disability glare will be shown also at the end of

this chapter.

4.1.1 Luminance contrast effect

Luminance contrast can be considered as the most important viglaitdayneter. It has
been included in all current visibility moddl&drian 1989), Rea and Ouellette (1988, 1991)

and STV (IESNA 2000)This model is no different than the current models in the tvay
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contrast affects the degree of visibility. In other vggrbigher contrast valuesill result in
better visibility. Luminance contrastfect isacombination effector boththetarget luminance

(Ly) and background luminances)L.see equatio(s.1)

To see the effect of any input variable on the output (FRVP), a 3D surface graphs were
generated for FRVP as a function of two variables while the rest of variables are constant
Results of positive contrast effect on the Fuzzy relative visual performaRt#PjFare shown
in Figure4.1throughFigure4.10, while results for negative contrast effect on FRVP are shown
in Figure4.11 through Figure4.20. This was done since both positive and negative contrast
have uniqgue membership functions with different scales and critical IFR¥P as a function
of positive and negative contrast 3D graphs have beeergied at different values of other
influence input variables. These variables (age, size, retinal illuminance, eccentricity,
background complexity) values have been selected in a way that reflects the effect of luminance
contrast on FRVP at low, mediyiand high visibility scenariog combination of low visibility
can be defined (in the context of this work) as a situation where contrast is low, visual age is
very old, visual size is small, retinal illuminance is low, eccentricity is away tierxis,and
background complexity is high. The same methodology applies to medium and high visibility

situations.

Figure4.1 andFigure4.2 show FRVP as a function of positive contrast and visual age at
different values of othanfluencevariables.The first part of the figure (4-1A) shows that at
low visibility situations, FRVP values lie on a lower plateau of almost 0.3. Any further increase
in luminance contrast or decrease in visual age, or both, cannot contaboteeasing the
values of FRVP. This was noticed in all situations wiegpet variables i fixed to the subset

that contributes the least on FRVP.
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The second part of thégure (4.1-1B) shows how increasing one variable (retinal
illuminance)creats v a second medium plateau at FRVP values of almosfT@iS.plateau
corresponds to high contrast values and low visual age valagghis medium plateau is still
small in size and most of FRVP values are still at the lower plateau. A further increase in retinal
illuminance, visual sizeand decrease in ematricity and background complexitiiqures4.1-
2A and 2B) adds another dorabkape aFRVP valuesof almost 0.7. This domshape is the
base for the third (highest) plateau that is more visibkfogtherchangan theotherinfluence

variabkes Figure4.2 1A and 1B.

The effect of luminance contrast and visual age at high visibility situations are shown in
Figure4.2. Thefigure shows that FRVP values create either two or three plateaus depending
on the input values. However, if the input paransterefinxed to the maximum values that
contribute © the visibility (figure 4.22B), FRVP can have only two plateaus of highd
medium at almost 0.9 and 0.6 respectively. The higher plateau corresponds to positive contrast
values of 1.0 and above and visual age values of 50 years and below, while tiha platBau
forms the rest FRVP values. It was also noticed that the transition between the two plateaus
corresponds to the critical values used to design the membership functions of both positive

contrast and visual age.

186



Fig. No.

0.5

1‘/'/‘" h

Retinal llluminanceT{olands)

10

Figure4.1l: FRVP asfanction of positiveeontrast and visual age (1/2)

Size (ustr)

10

Eccentricity

20°

15°

Fig.

Background

No.

Complexity



Fig. No.

s’l’”lllll/////

20

W

Retinal llluminanceT{olands)

40

i Ui

N A i
IIIIIIII[/// \ ‘, I/,, ;, i
(s I l/ / 7
il N I”;’,

i

S
SN

Figure4.2:FRVP as a function of positive contrast and visual age (2/2)
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FRVP as a function of positive contrast and visual size is shotigume4.3 andFigure
4.4. Both figures show the increase of FRVP values from the lower plateaing#srough
the medium then the high plateau. Figure 4.3(1A and 1B) show that there is noéloer
the positive contrast or the visual size in increasing FRVP values when thenditiemce

variables aréixed at the subset that contributes the l¢a&HRVP.

However, a further decreasethe visual age and retinal illuminance, aadecrease in
eccentricity and background complexity creates the medium plateau. This plateau corresponds
to high values of posite contrast and visual siZ€igure 4.4 (2A) corresponds to FRVP values
wherethe otherinfluencevariables ardixed to high (but nb maximum) values, the figure
shows that FRVP are located at three plateaus of almost 0.6, 0.7 and 0.9. However, tine mediu
plateau (at 0.7) is temporary and disappears once all iathegncevariables ardixed to the
maximum values contributing to FRVP (figure 4£B). In this case, the higher plateau (at 0.9)
increases in area and corresponds to positive contrast wdloes 1.0 and visual size values

above 15 Microsteradians.

The same figure (4-2B) shows that the transition between the higher and medium
plateaus corresponds to the critical values used to design the membership functions of both
positive contrast andisual size. This is noticed in most of the figures, especially when the

input parameters afexed to the maximum values which contribute to FRVP.
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Figure4.4:FRVP as a function of positive contrast and visiaa(2/2)

191

Age (years)

50

20

Eccentricity

Background
Complexity

10
15

Fig. No.



Figure 4.5 and Figure 4.6 show FRVP as a function of positive contrast and retinal
illuminance. Agan the same trend is noticed concerning the growth of FRVP values depending
on the rest of the variableBhereis no effect for changing the contrast or retinal illuminance,
or both at input variableixed to the leastvalueswith respect to its contribisn to FRVP
(Figure 4.51A and 1B). A further increase in the input variables (Figur&A.and 2B) shows
a formation of the medium plateau. Which corresponds to high positive contrast values (above
1.0) and most aheretinal illuminance values. The & why this plateau lies for most retinal
illuminance values is related to the design of the retinal illuminance membership function
(Figure 3.39) wherethe low subset is defined at below O:®land, and by considering the
large range of the retinal illuminance ( up to I00lands), the medium plateau seems to be
covering all isrange. Yet, a close look at figure 4.5 (2B) shows that there is still a lower plateau

at very low retinal illuminancéelow 10Trolands) and positive contragbelow 1.0)values

The development dhehigh FRVP plateau is shown kgure4.6. The four parts of the
figure show how the increase in the othefluence variables (age, size, eccentricity,
background complexity) affects the way in which tbatontrast and retinal illuminance
contribute to FRVP. Figure 4.6 (2B) corresponds to the otifielencevariablesfixed to the
maxmumyvalues. The figure shows a large plateau for high FRVP corresponding to luminance
contrast values above 1.0 and retilaminance values above Tolands. The figure shows
that luminance contrast affects FRVP at low retinal illuminance values whije at high
retinal illuminances, FRVP is located at the higher plateau and any change in positive contrast

does not affect its values.
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Figure4.7 andFigure4.8 show FRVP as a functiasf positive contrast and eccentricity.
It was noticed that the same trend exists in these figures as well. Once the values of the other
influencevariables ardixed to the lowest subset, there is no effect for changing the positive
contrast or eccentrigit or both, on the FRVP values (Figure 44X and 1B). A further change
in the otheinfluencevariables (age, size, retinal illuminance, background complexity) is shown
in Figure 4.7 (2A and 2B). It is noticed that the medium plateats starise at hig values of

positive contrast (above 1.0) and low values of eccentricity (bel&2®D

As the otherinfluencevariables are increasing, this medium plateau rises above and
expands in size (Figure 413\, 1B, and 2A), until it reaches the highest values when the other
influencevariables aréxed to thehighestsubset contributing to FRVP (Figure 4€8B). In this
situation, a higher plateau exists at almost 0.9 FRVP and a medium plateau at almost 0.6 FRVP.
The higher plateaus correspond to high positive contrast values (above 1.0) and low eccentricity
values (belowl(). This means that positive contratects FRVP at low contrast values
(below 1.0) and high eccentricity values only (abovd,ltfie rest oFRVP values are located

at either the high of medium plateaus.

The transition between the high and medium plateaus in figure 4.8 (2B) corresponds to
the critical values used in designing the membership functions of both the luminance contrast

and eccenicity variables.
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Figure4.8:FRVP as a function of positive contrast and eccentricity (2/2)

197

Age (years)

50

20

Size (pstr)

15

20

Fig.

Background
Complexity

15

No.



FRVP as a function of positive contrast and background complexity is shdviguire
4.9 andFigure4.10. The same trend of FRVP development from the lower, passing through
the mediumand ending at the higher plateaus is noticed in these figures asigelle 4.9(1A
and 1B) shows that there no effect for the positive contrast, or background complexity, or
both on FRVP when the visual age figed at 80 years, the visual size ixed at 5
Microsteradians, the retinal illuminancefiied at 0.5Trolands, and the eccentricity fxed at
20°. In other words, once all oth@nfluence variables arefixed at the least subset that
contributes to FRVP, there is no effect for any individual variable on FRVP. In this case, the
values of FRVP are determined based on the majority of variables. , and no individual variable

can change it with help for the othafluencevariables.

Figure 4.10 (2A and 2B) shakow the high plateau starts as a deshapefigure 4.10
2A) with a small areaorrespondindo high contrast values (above 1.0) and low background
complexity values (below 1.5However, a further grease in the othenfluencevariables
flattens the high plateau surface and increasesetn (Figure 4.122B). In this case, positive
contrasteffects FRVP at low contrast values (below 1.0) and high background complexity
values (above 1.5). The redtFRVP values are mostly located at the higher plateauhich
any change in contrast dackground complexity will not affect the value of FRVP. The
transition from the medium to high plateaus corresponds to the critical values used in the design

of membership functions of both positive contrast and background complexity.
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Figure4.10:FRVP as a function of positive contrast badkground corplexity (2/2)
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Figure4.11throughFigure4.20showsthe effect of negative contrast on FRVP. The same
trend is noticed regarding the development of FRVP plateaus from low to medium to high.
However, the range of the negative contrastamfO to 0.3which is different than that for the
positive contrastHence, the negative values in which FRVP changes from low to medium, or
form medium to high plateaus are 0.15 and 0.25 respectively. These values correspond to the

critical values usedithe design of the negative contrast membership fundtignre 3.30).
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Figure4.12.FRVP as a function of negative contrast and visual age (2/2)
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