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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 variable does not 

have an exact value.  The vagueness of such variables will certainly lead to imprecise outcomes.  

In fact, many visual performance and luminous variables and metrics are- either by nature or 

by virtue of their inherent complexity- not precise.  To come up 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 

outcomes. 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 and a large number of correction factors currently used in visibility 

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 study is related 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 Illuminance as the output. This model allows for the lighting designer to select 

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 check the state 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 based on fuzzy 

techniques. This allows the proposed visual performance model to include more input variables 

compared to the current visibility models. The input variables are luminance contrast (positive 

and negative), age, visual size, retinal illuminance, eccentricity, background complexity, and 

disability glare, while the output variable is the Fuzzy relative visual performance (FRVP). The 

results of these models have been compared to the current visual performance model and it was 

found to be in good conformance. Moreover, the term ócritical contrastô is introduced, defined 

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 

background complexity. A digital tool has been developed to calculate the fuzzy relative 

performance and is available to be used.   

 

 

 

 

 

 

 

 



 
 

 

Ϣ̭ϝЎшϜ ϤϝЧуϡГϦм ϣтϔϽЮϜ ̭Ϝϸϒ сТ ϣуϠϝϡЏЮϜ ϤϝузЧϧЮϜ 

 

 ЉϷ̵ЯгЮϜ 

ϝлЮ ЁуЮ сϧЮϜ ϤϜϽуПϧгЮϜ ев ϹтϹЛЮϜ пЯК Ϣ̭ϝЎшϜ бувϝЋϦ ϤϝϠϝЃϲ рнϧϳϦ ϼϝϡϧКϜ еЫгт ϜϻЮ ̪ϣуЛЦϜм ϢϼнЋϠ ϣϳЎϜм буЦ ϹЋЧт .ϣуϠϝϡЎ ϝк

уЦϸ ϽуО ϭϚϝϧж пЮϖ ϹуЪϓϧЮϝϠ ϤϜϽуПϧгЮϜ иϻк ЌнгО рϸϕуЂ сЮϝϧЮϝϠм ̫ϣЧуЦϸ ϣгуЦ йЮ ЁуЮ ϽуПϧгЮϜ дϒ ϝзк ϣуϠϝϡЏЮϝϠ ϹтϹЛЮϜ ϹЛϦ ̪ЙЦϜнЮϜ сТ .ϣЧ

мϒ ϝлϧЛуϡГϠ ϝвϖ ̪ϣЧуЦϸ ϽуО Ϣ̭ϝЎшϜм рϽЋϡЮϜ ̭ϜϸцϜ ϤϜϽуПϧвм ЁутϝЧгЮϜ ев  йжϗТ ЩЮϻЮм ̫ЭЊϓϧгЮϜ ϝкϹуЧЛϦ бЫϳϠв ϝуЯгК ЭуϳϧЃгЮϜ е

ЮϜ сТ ЭЊϓϧгЮϜ ЌнгПЮϜ дϓϠ ϹЧϧЛт .ϣЧуЦϸ ϽуОм иϹЪϕв ϽуО ϝлϧЛуϡГϠ ϽϡϧЛϦ сϧЮϜ Ϥы϶ϹгЮϜ ев ϣЧуЦϸ ϭϚϝϧзЮ ЬнЊнЮϜ ϤϜϽуПϧв ев ϹтϹЛ

ϡЏЮϜ ХГзгЮϜ ϣузЧϦ дϗТ ϝзк евм ̪бувϝЋϧЮϜ иϻлЮ ϣЧуЦϸ ϽуО ϭϚϝϧж пЮϖ рϸϕт Ϣ̭ϝЎшϜ бувϝЋϦТ ϻуУзϧЯЮ ϣϡЂϝзв сϠϝ рϽЋϡЮϜ ̭ϜϸцϜ ϤϝЧуϡГϦ с

 ЭвϜнК ев ϽуϡЪ ϸϹКм ϢϹЧЛгЮϜ ϣуϠϝЃϳЮϜ ϤъϸϝЛгЮϜ ϣЯЫЇв Эϳт дϒ сϠϝϡЏЮϜ ХГзгЯЮ еЫгт ̪ЩЮϺ пЯК ϢмыК .Ϣ̭ϝЎшϜмϜ ϣвϹϷϧЃгЮϜ ϱуϳЋϧЮ

ϝ̭ЎшϜ ев ЭЪ сТ ϣуϠϝϡЏЮϜ ϤϝузЧϧЮϜ ХуϡГϦ ϣужϝЫвϖ ϣЂϜϼϹЮϜ иϻк СЇЫϧЃϦ .ϣтϔϽЮϜ ϬϺϝгж сТ ϝ̯уЮϝϲЎϖм ϣуЯ϶ϜϹЮϜ Ϣ Ьы϶ ев ̪ФϽГЮϜ Ϣ̭ϝ

.ϣϳЎϜнЮϜ ИϝЎмцϜ ев ̯ъϹϠ ϣуϠϝϡЎ ИϝЎмϒ сТ Ϣ̭ϝЎшϜ ϤϜϽуПϧв ЌϽК ϣуУуЪ ϱуЎнϦ 

гкϒм ϣглгЮϜ ЉϚϝЋ϶м ϽгЛЮϜ) ϤϜϽуПϧв ϨыϪ ϼϝϡϧКϜ бϦ ϹЦм ̪ϣуЯ϶ϜϹЮϜ Ϣ̭ϝЎшϝϠ ϣЂϜϼϹЮϜ иϻк ев ЬмцϜ ̭ϿϯЮϜ ХЯЛϧт Ϥы϶ϹгЪ (ϣглгЮϜ ϣу

Ϝ ϺϝϷϦϜ Йв сϠϝϡЏЮϜ ϬϺнгзЯЮлϧЃгЮϜ Ϣ̭ϝЎшϜ ϼϝуϧ϶Ϝ Ϣ̭ϝЎшϜ бгЋгЮ ϬϺнгзЮϜ Ϝϻк ϱуϧт .ϤϝϮϽϷгЪ ϣТϹлϧЃгЮϜ Ϣ̭ϝЎш пЯК ̯̭ϝзϠ ϣЧуЦϹЮϜ ϣТϹ

ϸϹϳгЮϜ пЯК ̯̭ϝзϠ ϤϝϠϝЃϲ ϭвϝжϽϠ ϽтнГϦ бϦ ̪ЩЮϺ пЯК ϢмыК .Ϣ̭ϝЎϖ ϽϫЪϒ мϒ ЭЦцϜ ИϝЎмцϜ ϟзϯϦм ϣуЯЛУЮϜ РмϽЗЮϜ сТ ϣвϹϷϧЃгЮϜ ϤϜ

Ϣ̭ϝЎшϜ бгЋгЮ ϱуϧϦ сϧЮϜм ϣЂϜϼϹЮϜ иϻк ϣТϹлϧЃгЮϜ Ϣ̭ϝЎшϜ ϣжϼϝЧвм ̪ϣуЯ϶ϜϹЮϜ Ϣ̭ϝЎъϜ ЁжϝϯϦ м ϼϜϹЧв ев ХЧϳϧЮϜ  иϼϝуϧ϶Ϝ пЯК ̯̭ϝзϠ)

 .Ϣ̭ϝЎшϜ ϤϝϠϝЃϲ ев ϣЧЧϳгЮϜ Ϣ̭ϝЎшϝϠ (ХуϡГϧЮϜ пЯК ̯̭ϝзϠ мϒ 

ϻк ϱгЃт .ϣуϠϝϡЏЮϜ ϤϝузЧϧЮϜ пЯК ϸϝгϧКъϝϠ рϽЋϡЮϜ ̭ϜϸцϜ ЅЦϝзтм ̪ФϽГЮϜ ϢϼϝжϗϠ ϣЂϜϼϹЮϜ иϻк ев сжϝϫЮϜ ̭ϿϯЮϜ БϡϦϽт ϣтϔϽЮϜ ϬϺнгзЮ Ϝ

бϯϲ, сϚϜϽЮϜ ϽгК, Ϣ̭ϝЎшϜ етϝϡϦ ск ϣЯ϶ϹгЮϜ ϤϜϽуПϧгЮϜм ̫ϣуЮϝϳЮϜ ϣтϔϽЮϜ ϬϺϝгзϠ ϣжϼϝЧв ϣЯ϶ϹгЮϜ ϤϜϽуПϧгЮϜ ев ϹтϿгЮϜ еугЏϧϠ ϰϽϧЧгЮϜ 

дϒ еуϲ сТ ̪ϢϸϝуЧЮϜ ϽЗзв ϹуЧЛϦ ϣϮϼϸ пЮϜ ϣТϝЎъϝϠ ϽЗзЮϜ Б϶ еК РϜϽϳжъϜ ,еуЛЮϜ ϣуЫϡІ пЯК ϣЛЦϜнЮϜ Ϣ̭ϝЎшϜ ϼϜϹЧв ,РϹлЮϜ  ϤϜϽуПϧгЮϜ

 ЭЫЇϠ ХϠϝГϧв йжϒ ϹϮмм ̪сЮϝϳЮϜ рϽЋϡЮϜ ̭ϜϸцϜ ϬϺнгзϠ ϬϺϝгзЮϜ иϻк ϭϚϝϧж ϣжϼϝЧв бϦ ϹЦм .сϠϝϡЏЮϜ сϡЃзЮϜ рϽЋϡЮϜ ̭ϜϸцϜ ск ϣϮϽϷгЮϜ

 ϞнЯГгЮϜ етϝϡϧЮϜ ев пжϸцϜ ϹϳЮϜ йжϒ пЯК йУтϽЛϦ бϦ рϻЮϜм ̪"ϬϽϳЮϜ етϝϡϧЮϜ" ϱЯГЋв ϣЂϜϼϹЮϜ иϻк сТ а̵ϹЦ ̪ЩЮϺ пЮϖ ϣТϝЎшϝϠ .ϹуϮ

ш.аϜϹϷϧЂыЮ ϣϲϝϧв скм сϠϝϡЏЮϜ сϡЃзЮϜ ̭ϜϸцϜ ϸϝϯтъ сϠϝЃϲ ϭвϝжϽϠ ϽтнГϦ бϦ ϝгЪ ̪рϽЋϡЮϜ ̭ϜϸцϜ бууЧϦ сТ ϽууПϦ ϨϜϹϲ 
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1.1 Overview  
 

Imagine yourself young again, healthy, sober, and completely alert. Safely driving your car 

at a well-lit street in a clear summer night while listening to a non-distracting music on your 

favourite radio channel. Completely able to see targets ahead of you such as pedestrians, traffic 

tie-ups, and other road users, regardless of their size, contrast, and their location with respect to 

your line of sight. At the same time, you are capable of viewing elements on the streetscape, 

reading traffic signs and road lines as well as your vehicle instruments and gauges. This 

situation means that your visual system is working its best not only to detect obstacles and 

stimuli ahead of you, but also to identify and avoid them safely and promptly. This shortly 

describes the concept of visual performance, and judging by this situation, most probably you 

will get home safe due to the virtue of high visibility,  and live another day to appreciate the 

blessing of sight.   

Now imagine someone old (above 80 years) sitting in the passenger seat. He is also healthy 

enough for his age, sober, completely alert, and sharing you the joy of the non-distracting music 

on your mutual favourite radio channel. But for many reasons, compared to you, his visual 

system is unable to get the same amount of information from his surroundings. These reasons 

are obviously related to the deterioration of vision with age, which may include the lower 

elasticity of his pupil lens which prevents correct light adaptation, as well as the yellowing of 

his eye lens, which makes less light goes into his retina and many other reasons. Therefore, his 

ability to detect and identify any stimulus on the road is almost certainly less than yours, in 

other words, his visual performance (as a visibility metric) is apparently lower than yours as a 

younger driver. 
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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, movement....etc., visibility of 

different targets will vary for the same driver/observer regardless of his age and mental 

conditions. Moreover, the location of the target from the line of sight (eccentricity) plays a 

major role in the detection process. Which adds more complexity to the visibility definition. 

And finally, the surrounding conditions such as lighting conditions and/or background 

complexity also has a significant effect on the visual performance of night-time drivers. In fact, 

the visibility of targets can be so complex in a way that it can be considered as a complete 

process. This means that it involves a source; which is the characteristics of the target or 

stimulus such as size and contrast, a receiver; which includes factors involving the observer 

himself such as age and mental conditions, and finally, a process path; which includes many 

variables such as the distance between the target and the observer, the location of the target 

from the line of sight and the presence of glare. As a result, visibility is a multi-discipline study 

that involves many different fields of science such as physics and light, medical factors, human 

factorséetc.      

Despite many visibility models exist (Adrian 1989), Rea and Ouellette (1988, 1991), STV 

(IESNA 2000), utilizing different variables and parameters, they 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 calculation 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 luminous variables and metrics are, either by nature or by virtue of their 
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inherent complexity, not precise.  Examples of such imprecise variables that are commonly 

used in lighting is the reflectance of room surfaces, age of occupants or drivers, visual capability 

of the observers, etc.  To come up with an exact output from input that is, by its very nature, 

uncertain and imprecise is virtually impossible. It is believed that the uncertainty that is inherent 

in many lighting design variables leads to imprecise lighting design outcomes.   

Furthermore, besides some limitations with the current visibility models involving testing 

subjects with certain age groups, then providing correction factors to the rest of age ranges 

(Adrian 1989) or utilizing complex mathematical relations (Rea and Ouellette 1988, 1991) or 

employing limited range for some variables such as the target size in STV model (IESNA 2000). 

Visibility itself, as a metric, is hard to measure, and if measured, is imprecise. As an 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 on.  The outcomes that are based on imprecise 

assumptions are intrinsically imprecise. One could represent the age of the occupant in 

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

The age compatibility with ñyoungò, or ñoldò is a matter of degrees and depends on our 

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 different 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 related to driving at night and consider 

someone who is older than you and younger than your old passenger is sitting on the rear seat. 
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This simply means that his visibility (as a metric) may be lower than you as a young observer 

and higher than your old passenger sitting beside you. However, 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 visibility (as a metric) is hard to calculate as an 

exact number since it does not really depend on the exact value of age as an exact number rather 

than the classification of which age group the observer may belong to (young, old, very old). 

Alternatively, the visibility in such a situation can be approximated based on the observerôs age, 

or represented by a certain range of visibility values, or can be described in linguistic terms 

such as (high, medium, and low) and/or (sufficient and insufficient). This linguistic 

representation best describes the principle of fuzzy techniques as they are essentially 

approximations to model a certain variable, phenomenon, or decision for which mathematical 

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

Hence, with so many different factors from different fields contributing to the definition of 

visibility. Add to that the complexity of the current mathematical relations represented by the 

current models and the limited ranges of variables utilized, this study is exploring the possibility 

of applying Fuzzy logic techniques in modelling both indoor illuminance and target visibility  

as a suitable alternative to the current models/methods. Fuzzy logic is a useful technique due to 

its elasticity in including as many variables as needed without restriction on any range or order. 

Moreover, fuzzy models have a favourable advantage in which it can be easily revised to 

include more variables in the future. This saves the complex mathematical relations involved 

in modelling a certain phenomenon as well as the correction factors needed to include a certain 

variable or variable range in the future.  
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Fuzzy set theory (Zadeh 1965) allows dealing with the vagueness of the variables used in 

visual performance and illumination design.  It is believed that 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 variables in lighting and visual performance can be described 

in linguistic terms rather than precise values.  They also provide a solution to variables and 

metrics which do not have crisp boundaries and/or units.  Furthermore, fuzzy techniques 

provide a convenient bridge between design and control, whereby, the control of a lighting 

system can 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 or non-visible, but rather have degrees of 

visibility, and indoor illuminance can have degrees in high, medium and low subsets.  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 
 

The objectives of this work can be summarized as follows: 

1. To investigate 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 techniques 

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

  Fuzzy Logic is a convenient and efficient way of modelling visual performance given the 

imprecision of the variables that contribute to night-time visibility.  For example, an object can 

have the following degrees of visibility: completely visible, completely invisible, and partially 
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visible. The expected outcome is a new visibility model (FRVP) and illumination design 

method (FIIL)  based on Fuzzy Logic that would replace the current models/methods. The new 

proposed visibility model is based on Fuzzy logic techniques and will be called ñFuzzibilityò 

which combines the two words (Fuzzy and visibility). ñFuzzibilityò is expected to give better 

results in terms of road lighting 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 model visual performance and indoor illumination?: 

The proposed approach is using the concept of Fuzzy logic in modelling indoor 

illuminance and visibility where illuminance and visibility are no longer a rigid term  

(visible or non-visible target), but rather a term that involves many degrees of 

illuminance and supra-threshold visibility, such as high, medium and low illuminance, 

or completely visible target, partially visible, highly visible, completely invisible and 

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

indoor illuminance and target visibilit y. This work is trying to experiment with the 

benefits, limitations, and applications of using this approach in modelling visual 

performance and indoor illumination. 

2. Can fuzzy logic give better illuminance selection methods as well as a visibility model 

comparing to current methods/models? Current visibility models are limited to the 

variables that were used to develop them while ignoring many other factors. Moreover, 

some models are limited to the range of values considered in building that model. 
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Hence; the results of this approach will be compared to the current model results to 

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

1.4 Study Aims 
 

The main aim of this study is to explore the possibilities to improve or enhance the method 

used in indoor illuminance selection as well as current visibility models using fuzzy logic 

techniques. Under the umbrella of this main objective relies on four specific aims as follows: 

1. Review exciting variables used in indoor illuminance and modelling visibility 

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

3. Application of fuzzy logic technique in modelling indoor illuminance and  visibility 

4. Synthesis of knowledge by validating the proposed method/model results against 

current models and evaluating any enhancement that gives better insights about 

practical applications such as car headlights design, roadway lighting design, self-

driving cars, and many others. Figure 1.1 shows the main aim and specific objectives 

of this study in details and Table 1.1 shows the study objectives and how to achieve 

each one of them. 

 

Figure 1.1: Main aim and specific objectives of the current study 
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Table 1.1: Objectives of this study and how to address each one of them 

Sr. objective Stage  Criteria  

1 

Review existing 

variables used in 

indoor 

illuminance 

selection and 

visibility models 

Literature 

review 

 

Methodology 

¶ Current indoor illuminance methods will be 

studied 

¶ Variables involved in indoor illuminance 

selection will be identified 

¶ Current visibility models will be studied carefully 

¶ Current visibility variable shall be identified 

¶ Weight and effect of each variable shall be 

recognized  

¶ Classification of which visibility variables into 

categories based on their effect on the results 

¶ Choosing which variables shall be included in 

this study 

¶ Justification of the omitted variables 

2 

Study factors 

which can be 

used to expand 

the visibility 

models 

Literature 

review 

Methodology 

¶ Current visibility models will be studied carefully 

¶ Literature review shall identify the gaps in 

current visibility models 

¶ Identifying the visibility variables that were 

overlooked or used with limitations in current 

models 

 

3 

Application of 

Fuzzy logic in 

modelling indoor 

illuminance 

selection method 

and target 

visibility  

Problem 

formulation 

Methodology 

Using Matlab Fuzzy logic toolbox, the process is 

described in the research methodology section 

4 
Synthesis of 

knowledge 

Results and 

discussion 

¶ Results and discussion of the two models 

¶ Validation of FRVP with Rea and Ouellette RVP 

model ( Rea and Ouellette 1988, 1991) 

¶ Validation of FIIL with respect to IES lighting 

handbook recommended illuminances (DiLaura 

et al. 2011) 

¶ Sensitivity analysis for FRVP model  

¶ Advantages/ limitation of the two models 

¶ Future research work 
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1.5 Significance of work  
 

The need to develop an approach that responds to the shortcomings of the current 

illuminance selection methods and target visibility models is of great importance. This work is 

expected to generate a new method for indoor illuminance selection method based on fuzzy 

logic approach, 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 indoor illuminance can have a 

great effect in avoiding underlit and overlit situations.   

  In other words, this work defines a new model for indoor illuminance requirements and 

target visibility in order to deliver enhancements to the design guidance of indoor lighting as 

well as road lighting. This enhancement can be adopted by users/designers based on their own 

characteristics and not based on a common standard values. For example; the proposed models 

allow a city with certain weather conditions, or a city with a high 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 needs. Moreover, due to the nature of fuzzy logic techniques which endorses 

elasticity and diversity, the new models, in both visual performance and indoor illumination 

design, can provide insights to lighting fixtures designers of internal, external as well as vehicle 

headlamps in order to provide the required fittings, gear and controls to match a certain need 

such as an elderly driver,  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 specific geographic location, 

community groups, and/or operating conditions is not a new concept. In a unique study, Joulan 

(2015) proposed an analytical age-dependent model of contrast sensitivity functions for an 

aging society (Joulan et al. 2015).  This approach is widely used in applications involving 

heating and air-conditioning, in which the design procedure includes many variables of the 

space itself, the geographic location, occupantôs age groups, type of operations or tasks 

involved, and many others. Hence, fuzzy logic is also widely used in heating and air-

conditioning systems control and design (Dash et al 2012), (Kumari et al. 2012).  

1.6 Structure of the thesis 
 

This work is enclosed in six chapters. The first one was the previous introduction which 

provided a brief description of visibility and its variables as well as some concepts in 

illumination applications. It also provided the research aims, research questions, and the 

significance of this work. 

The second chapter is the literature review. It begins with an overview of the indoor illuminance 

determination method, then it gives an overview of visibility definitions including Threshold 

and Supra-threshold visibility concepts as well as a brief history 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, disadvantages, and 

limitations of each one allowed for the 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 this study, its advantages/disadvantages, limitations, and how 
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does it compare to other models such as mathematical models and artificial intelligence (AI) 

and neural networks. Moreover, this chapter spots the lights on the methodology and procedure 

followed in this work such as the fuzzification of input variables, fuzzy inference systems, and 

rules as well as the defuzzification process.  

Chapter fours is where the results are, for both the FRVP and FIIL models, the effect of each 

input variable on the visual performance and indoor illuminance has been presented in details 

with 2D and 3D graphs and surfaces. Moreover, conditions for high and low visibility have 

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

The chapter also includes a description and results of the newly proposed software packages 

Chapter five includes the 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. Moreover, validation for both the FRVP model and FIIL model with respect to 

current models/methods is presented. For the FRVP model, sensitivity analysis was done and 

presented in this chapter.   

Chapter six will demonstrate the conclusions of this work, as well as the outcomes of this study 

in terms of main findings. Furthermore, this chapter assessed both FRVP and FIIL models in 

terms of their ability to answer the research questions presented at the early stages of this study 

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

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

Work-plane illuminance is one of the most widely used lighting metrics in the industry.  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 work-plane.  Design 

targets are based on the function of the space.  The design targets often specify average work-

plane horizontal or vertical illuminance. 

Attempts to establish illuminance recommendations date back to 1920 -1950. The 

Illuminating Engineering Society (IES) has a prolonged record of producing illuminance 

recommendations used in lighting design. The first illuminance recommendations were 

proposed by IES as ñlighting codesò (IES 1924). These codes provided illuminance values 

recommended for many applications such as offices, schools, and industry. In 1947, lighting 

recommendations were provided as a vital part of the 1st lighting handbook (IES 1947) and all 

the following editions. 

Mathew Luckiesh (1934, 1944) and Richard Blackwell (1955) attempted to establish a basis 

for illuminance recommendations.  These efforts resulted in the illuminance recommendations 

that appeared in the 4th and 5th editions of the lighting handbook (1966, 1972), whereby each 

task had a single and precise illuminance target. In 1980, the IES abandoned attempts to base 

recommended illuminance levels on the results of visual performance experimental data and 

adopted a consensus procedure (IES1980).  This involved ranges of illuminance deýned by 

three values. A range of illuminance was assigned by consensus to a task or area.  The target 

was recommended by a consideration of the age of the observer, the reþectance of the task 

background, and task importance. 
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This process formed the basis for the recommendations in the 6th, 7th, and 8th editions of 

the Lighting Handbook (DiLaura et al. 2011). Figure 2.1 shows a sample of these illuminance 

values based on age, task characteristics for some visual performance categories (Dilaura et al. 

2011).  

Peter Boyce (1996) discussed that every task is unique in terms of the balance between 

visual, cognitive, and motor components.  He argues that it is this uniqueness that makes the 

existence of a formula that quantifies the precise relationship between lighting 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 based on visual performance represents visual 

needs, and that based on expectations, represents visual wants.  He suggested to develop 

lighting recommendations based on consensus data obtained from the field, and publish the 

illuminance recommendations based on this consensus (Boyce 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 that ñit is often difýcult or impossible to know the age, retinal health, and 

optical refraction of the worker. . . Therefore, a precise calculation method for visual 

performance cannot be justiýed for typical areas or activitiesò (Rea 2000).  ñMissing a single-

value illuminance target by more than a few percentage points may be considered a serious 

issue by a client and/or a code authority and/or a court of lawò (Steffy 2006). A look at the 

history of illuminance recommendations in Table 2.1 shows how those recommendations 

significantly changed over the years.  
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Figure 2.1: Fundamental ranges of values in the illuminance determination system (DiLaura et al. 2011) 
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Table 2.1: Illuminance recommendations in Foot-candles for office spaces (adapted from DiLaura et al. 2011) 

 

What is worth noting is that the current recommended illuminance targets shown in the 

IESNA Lighting Handbook (DiLaura et.al. 2011) are 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. DiLaura et.al. (2011) justified that by assuming that the ñlegacy values of 

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, then the legacy 

recommended illuminance (if one exists) is doubledò.  For example, the recommended average 

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 years, 25-65, and greater than 65 

respectively.   

It is believed that neither the observer age nor the target illuminance has crisp and exact 

boundaries and therefore they are fuzzy for all practical purposes. Hence, the objective of this 

work is to develop an illuminance selection procedure based on fuzzy techniques to enhance 

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, a night-time driver needs to detect and identify objects on his way, these objects can 

be static such as obstacles and traffic-tie ups and dynamic such as pedestrians and other road 

users. Moreover, the driving task for any motorist includes viewing elements on the streetscape, 

reading signs and road lines, reading the vehicle instruments, and many 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 identify these 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 detectable is called the 

detection threshold.  Under this paradigm, the term ñvisibility levelò (VL) first described by 

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

 

 

ὠὒ
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2.1) 

 

This definition means that VL indicated how much the target luminance is above its 

threshold value. Further development for the VL approach was done by Adrian (1989) were he 

incorporated the effect of viewing time, observerôs age, and disability glare into visibility level. 

However, the VL 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 were analyzed, the number of new correction factors 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 STV (IESNA 2000) in road lighting design.  

  Supra-threshold 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 supra-threshold visibility. The origins of this model rely on the results of 

Rea's first experiments (Rea 1981) to check the effect of luminance contrast on the performance 

of numerical verification tasks whereby the time and accuracy were recorded as a function of 

the luminance contrast. Further development to the model was done by Rea an Ouellette (1988, 

1991) were they used reaction time to the onset of a square stimulus as a measure of visual 

performance. In both experiments, the visual performance was measured by the increase in 

reaction time following the reduction in visual size, luminance contrast, or the amount of light 

entering the eyes.   

 

2.3 Early work 
 

The revolution in the vehicle industry and transportation infrastructure in the 1930s called 

the scientific community for better research in vision science (Wood 1936). 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 driving, which resulted in proposing a road lighting standard 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 (Blackwell, 
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1946). In the following years, under his supervision, 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 problems. However, Blackwell focused 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 performance were studied by 

Weston (Weston 1943, 1945). Such problems included 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 to achieve the visual performance. However, Westonôs 

experiments and techniques were poorly defined and performed (Rea 1986) to such an extent 

where he couldnôt even replicate his results under the same testing conditions. On the other 

hand, Rea extended the work of Weston keeping the same philosophy but with incorporating 

tighter experimental controls and better analytical and statistical procedures (Rea and Ouellette 

1988, 1991). 

2.4 Threshold visibility 
 

Threshold visibility refers to the visibility of objects to be just detectable. Or ñjust visibleò.  

An early attempt to quantify the threshold visibility was through the concept of revealing power 

(Waldram 1938). The revealing power measures the percentage of objects detectable on each 

point on the road where the diffuse reflection factor of these objects follows the statistical 

distribution of pedestrian winter clothes. Waldram used a set of 24-inch square targets located 

on a grid pattern on the roadway and calculated the visibility for each target to determine when 

the target becomes dangerous for night-time drivers at 30 mph. The data for the statistical 
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distribution of pedestrianôs winter clothing reflection factors used by Waldram was developed 

by Smith (Smith 1938). The revealing power concept was further developed and expanded by 

numerous researchers (Harris and Christie 1951) while many of them tried to adopt it as a metric 

for the analysis of road lighting installation ( Hentschel 1971), Van Bommel and Boer (1980) 

but could not succeed as the practical application of their studies are still limited (Narisada and 

Schreuder 2004).  

The visibility level (VL)  approach was further advanced by Adrian (Adrian 1989) based on 

Blackwell data (Blackwell 1946) where he proposed the visibility level model (VL) and 

discussed the visibility threshold based on a 50% probability of target detection. Though, the 

model was still considering uniform objects on a uniform background. This is since VL 

calculation is based on two luminance measurements only, the target reference luminance (Lt) 

and its near background luminance (Lb), while at actual driving conditions, the luminance of 

road surface is not homogeneous (Güler and Onaygil 2003) (Brémond et al., 2010) and targets 

can be far away from uniform (Brémond and Mayeur 2011). Adrian model will be discussed in 

detail in the following sections.  

The small target visibility model (STV) is an extension to Adrianôs visibility model 

(Adrian,1989) adopted by the Illuminating Engineering Society of North America (IESNA 

2000) as a metric for good quality road lighting installations. STV incorporates the calculation 

of visibility levels (VL) under specific conditions defined by IES. The value of STV is then 

calculated as the weighted average from these visibility level values at different grid points. 

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

As a quality criterion for road lighting, Narisada et al. (2007) introduced the notion ñarea 

ratioò, which is defined as the percentage of road area in which the revealing power can be 90% 
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or more. It was considered that an area ratio of 70 % can provide acceptable road lighting 

visibility levels for important roads (Narasida and Karasawa 2001, 2003). However, the 

revealing power concept was still dealing with threshold visibility, which means that objects on 

the roadway are only detectable or ñjust visibleò, while, from the traffic-safety point of view, 

this is not adequate as the driver should be able to detect and identify objects on his path as 

quickly as possible and with minimum effort to react in time and avoid it. Hence, the visibility 

at the threshold is not sufficient for night-time driving and supra-threshold visibility conditions 

are required.  

An important theory that raised to the surface in the 1960s suggests that sinusoidal wave 

gratings are more adequate to describe the performance of the visual system than surface bodies 

(Campbell and Robson 1968). This allowed for the concept of contrast sensitivity function 

(CSF) to be developed and argued that it can fully describe the visual performance regardless 

of the stimuli properties (Van Nes and Bouman 1967). Contrast sensitivity function (CSF) is 

defined in terms of sine-wave gratings based on different 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 response of the visual system is the sum of these component responses. If 

the latter reaches some threshold value, then the object can be said to be visible (Barten 1999). 

A wide variety of practical applications can make use of the CSF model such as image-

processing techniques and road visibility estimation (Joulan et al. 2011, 2012), road signs 

design (Bommel 2015), visibility in fog (Tarel et al. 2015).  
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2.5 Supra-threshold visibility  
 

The visual performance concept was adopted as a measure for supra-threshold visibility. 

The visual performance is defined as the speed and accuracy of performing 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 task. The philosophy embraced by researchers who 

adopted the concept of visual performance (Weston 1935), (Boyce 1973), (Rea 1986) was 

unique in a way that instead of measuring the absolute limits of visibility ñthreshold valuesò 

and extrapolating to supra-threshold visibility zone, they investigated the supra-threshold 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 task, the numerical 

verification task was first used by Smith and Rea (Smith and Rea 1980) and later by many 

others (Rea 1981), (Slater et al. 1983). Yet, task performance measured by simulated realistic 

task included more factors other than visual performance, such as motor skills, motivation, and 

intelligence, so it was difficult to extract the visual performance results from task performance 

using this method and complex experimental and analytical procedures were required for this 

purpose (Rea 1981, 1986). The alternative for this complex method was to use reaction times 

instead of simulated realistic tasks (Boyce and Rea 1987) in measuring and quantifying the 

visual performance.  

The relative visual performance model (RVP) was first developed by Smith and Rea (1982) 

for indoor lighting applications. Later experiments for reaction times and speed (Rea and 

Ouellette 1988, 1991) extended the use of the RVP model for roadway lighting. The RVP model 
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was validated by the results of two independent experiments (Rea and Ouellette 1988, 1991) 

under a variety of luminance conditions. RVP values are typically located between zero and 

one. The value of zero RVP indicates the visibility at the threshold, while a value of one 

represents a reference condition of a target with high luminance contrast and large size is seen 

by a young adult against a high background luminance (Rea et al. 2010). RVP 

 model will be discussed in detail in the following sections.  

2.6 Visibility model  
 

The above literature indicated that there are currently three visibility models that are wide-

spread and most commonly used to quantify and assess visibility, these models are: the visibility 

level (Adrian 1989), STV model (IESNA RP 8-00, 2000) and RVP model (Rea and Ouellette 

1988, 1991). The following sections will discuss each model in detail.  

2.6.1 Adrian visibility model 
 

Adrian visibility calculation model was introduced in 1989 and was based on laboratory 

work done by Blackwell (1946) and Aulhorn (1964). The model was an extension to Adrian 

work on 1969 which allowed the luminance differences to be calculated. Another modification 

to the 1969ôs model came in 1982 where the effects of the targetôs observation time were 

incorporated. In 1989 Adrian extended his older models to allow the calculation of the 

luminance difference threshold (DLth) for negative contrast targets (targets darker than 

surrounding). Moreover, the model incorporated the effects of the targetôs observation time, 

contrast polarity, and observerôs age into the visibility level (VL) calculation.  

Based on Adrian model (1989), 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 probability of 99.93%. The threshold value presented by Adrian was found to be 

mainly dependent on the targetôs contrast and target size. However Adrian introduced 

correction factors to account for observation time, observerôs age and contrast polarity to be 

accounted in the calculation of the luminance difference threshold (DLth) 

The observation time correction factor has a value of unity for a targetôs observation time 

of 2 seconds or more while for lower than 2 seconds the correction factor has values exceeding 

unity. This means that for shorter observation times, a higher threshold difference is needed in 

order to perceive the target. The same applies for an observerôs age of more than 23 years of 

old except that, based on Adrianôs model,  the observerôs age can be extended to 75 years of 

old and is divided into two groups; from 23 to 64 years of old and from 64 to 75 years of old 

with different correction factors formulas. The basis for this are the studies done by Blackwell 

and Blackwell (1980) and Weale (1961) to find the effects of age on visual performance by 

measuring the ocular transmittance where they found that it decreases with age. Consequently, 

higher values of DLth is needed to perceive the target for elderly observers as shown in Figure 

2.2. 

 

Figure 2.2: Multiple of the threshold contrast required for an observer of higher age in relation to the base group with an 
average of 23 years. (Adrian 1989) 
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The luminance contrast is the ratio between the target-background luminance difference 

and the background luminance. Since the target can be darker or lighter than the background, 

the luminance contrast can be positive (a black dot on a white background) or negative (a white 

dot on a black background). Aulhorn (1969) showed that for the same luminance difference 

(DL), negative contrast targets can be better perceived by human observers than positive 

contrast targets. Hence, negative contrast targets have lower DLth than positive contrast objects. 

Adrian introduced a contrast polarity correction factor to account for the lower DLth for negative 

contrast targets. The correction factor is based on the data presented by Aulhorn (1969) and has 

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 impairs targets due to the high illuminance of stray light in the 

cornea crystalline lens and the retinal layers. As a result, the stray light superimposes on the 

retinal image making the image layers to be reduced. Hence, higher DL is required in order to 

clearly perceive targets by a human eye. The effect of glare sources was taken into account by 

introducing a glare related luminance that is equivalent to the glare effect on the target visibility 

(Lseq). This glare luminance affects the target contrast as it will be added to the background 

luminance (Lb) and is a function of the illumination of the glare source at the eye, the age of the 

observer and the glare angle between the fixation line and the centre of glare source ( between 

1.5o to 30o).  

The visibility level (VL) introduced by Adrian (1989) expresses how much the target is 

above the threshold perception. It is defined as the ratio between luminance difference (DL) and 

luminance threshold difference (DLth). This visibility definition can be used to evaluate 

visibility in lighting installations and the quality of road lighting. The conclusion of Adrian's 
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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 increased. In other words, for a given target contrast, the 

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

In order to Test Adrianôs visibility model under night-time driving conditions,  Ising (2008) 

used an experimental approach to measure the response 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 groups ranging from 35-65 years old with 

an eye pigmentation factor 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 vehicle. The driverôs eyes height was set at 1.11 m and was assumed to be 2.5 m away from 

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 

between the driverôs eyes and target were then measured and used in the following analysis. 

The calculation used an expectation correction factor of 0.51 to account for unexpected drivers 

(Roper and Howard 1937), while an exposure time was fixed at be 0.2 seconds based on 

Adrianôs work (1989). Moreover, the study incorporated the CIE General Disability Glare 

Equation (CIE-146 2002) which extended the glare angle range from between 1.5° and 30° to 

between 0.1° and 100°.  It was found that older drivers required higher-visibility levels at target 

detection to spot the target than younger drivers. Moreover, it was also found that higher 

headlight beams required higher-visibility levels at target detection than lower headlight beams. 

There was also a correlation, even though weak, between the targetôs reflectivity and visibility 

levels at target detection. Furthermore, the study revealed that observerôs age, target reflectivity, 
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and headlight beam patterns have a significant effect on visibility levels at target detection of 

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

On the other hand, Lecocq (1999) addressed the gap of using a plane target in developing 

Adrianôs model (1989) by introducing a calculation method to calculate the luminance 

distribution around a solid spherical target. Hence, determining its visibility levels. Lecocq 

method (1999) was experimentally verified by Bacelar et al. (2000). The study used an 

experimental method to measure the target visibility at different positions by 23 observers with 

ages from 18-55 years old. Observers were placed 83 away and in line with the target. 

Observation time was controlled between 200-500 milliseconds and observers 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 at the Rouen CETE track in France which consists of 7 m-wide roadway with 

R2 type coating. The targets were 20-cm balls with a surface reflection factor of 0.2. Bacelar 

study (1999) confirmed the reliability of the calculation method developed by Lecocq for 

hemispherical targets and no significant difference was found between experiments employing 

plane targets and hemispherical targets which suggests that either Adrianôs (1989) or Lecocq 

(1999) models can be used to describe road lighting geometries.  

A study by Bre´mond et al. (2012) was also related to the target used to develop Adrianôs 

model (1989) which was a small grey plane square. The study tackled night-time target 

visibility in dynamic conditions by introducing more common targets to the night-time driver 

such as a roadway sign, a pedestrian, and a car. An experimental method using a driving 

simulator under controlled conditions was conducted on 27 subjects including males and 

females with an average age 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 pedestrian, and 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 gearbox, and a pedal with a stationary driverôs 

seat. The simulator software was graphically rendered to reflect a night-time virtual 

environment with Super Extended Graphics Array (SXGA) resolution. Drivers were asked to 

push a button on the driving simulator steering to indicate that 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) were then calculated using an exposure time of 0.2 seconds based on 

Adrianôs model. Bre´mond study (2011) results confirmed that Adrianôs visibility level (VL) 

provides a reasonable description of the visual performance that is related to a safety index 

described by the target detection distance. Moreover, the study showed that there is a 

quantitative relation between the target detection performance using Adrianôs square target and 

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 under night-time conditions.    

Hence, Adrianôs visibility model (1989) is a useful tool for measuring the visibility of 

targets at night-time driving conditions. However, the model was established under laboratory 

conditions which are far different from actual environments in a way that many other driving 

components that are related to the visual performance are missing. These components may 

include driverôs alertness and distraction, the actual feel of driving, sound and speed of the 

automobile, and most importantly, the complexity of the roadway that includes glare sources 

from other cars, background complexity, billboards distraction, and targetôs chromatic contrast. 
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These important driving components cannot be addressed in laboratory conditions (Adrian 

1989) or by using a driving simulator with a stationary seat (Bre´mond et al. 2011) in 

comparison to an actual night-time driving experiment utilizing an actual automobile and actual 

roadway.   

 Moreover, Adrian model limits the glare source angle between 1.5o to 30o which does not 

reflect a real case situation for night-time driving. Another problem with Adrian VLs is that 

equal visibility levels do not correspond to equal levels of task performance. Furthermore, the 

supra-threshold performance of tasks with different visual and non-visual components 

occurring on and off-axis cannot be predicted from the on-axis threshold measurement (Boyce 

2003).   

2.6.2 Small Target Visibility (STV) 
 

The small target visibility model (STV) was developed by IESNA (2000) and is based on 

Adrianôs model (1989), the model largely simplifies the calculation of visibility level (VL) 

creating a visibility metric to calculate the visibility of an array of targets on the roadway. The 

early history of STV studies was done by Gallagher et al. (1976) who showed the relation 

between a cone target ahead on the roadway and the distance at which unwarned driver can 

avoid it. Janoff (1990) showed that there is a strong correlation between the visibility of a target 

and the distance that it could be observed and identified. Another study by Janoff (1992) found 

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

 STV incorporates the effect of the target luminance, immediate background luminance, 

adaptation level of the adjacent surrounding, and disability glare in the step-by-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 at a distance to 

subtend 10 minutes of arc visual angle which corresponds to 83 m ahead of the observer with 

the observer to target size parallel to the centreline of the road. The observer is a 63 years old 

driver with an observation time of 0.2 seconds. STV was calculated 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 levels as seen in Figure 2.3. In the 

year 2000, Small target visibility (STV) approach was added to the IESNA R-P-800 standard 

(IESNA 2000), the standard provided three design approaches: Luminance, Illuminance, and 

STV.  

 

 

Figure 2.3: 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 lengthwise observer positions for the different rows of grid points. 

(Bommel 2015) 

 

The problem with STV is that while visual performance is a multi-faceted task, STV is 

limited to one facet which is the ability to detect small objects while targets can differ in sizes 

and contrast at the same time and targets can be even more complex such as multi contrasted 
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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 misleading calculations 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 using a small target visibility model (STV) 

was performed by Tomczuk (2012). The study utilized a computer simulation for a pedestrian 

crossing using Dialux 4.9 software based on a small target visibility model (STV) which is 

built-in as one of three roadway lighting design methods in the software and recommended by 

IESNA RP-8-00. The simulation was done for a double-sided 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 visibility 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 provide fair to very 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 ensure proper 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 RP-8-00 in that the STV model is not recommended as a roadway 

lighting design criteria. However, it 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 Mark Rea (1986) in an 

attempt to quantify supra-threshold visual performance levels under different lighting 

conditions. The model is based on the psycho-physics of lighting philosophy which were first 

developed by Weston (1945). 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 for a lighting installation for better visibility such as reflectance 

of the target and any object in the visual field, luminous contrast of the target, chromatic 

characteristics of the target (target colour), size of the target, any glare source wither reflected 

or directed into the observerôs perception and the observer visual characteristics (such as age).  

Supra-threshold visibility does not only involve perceiving targets, but it is also related to 

how fast and accurate visual information can be processed. Hence, Rea based his model on 

experimental data of speed and accuracy of numerical verification tasks using two different 

experiments. The first one (1986), young adult subjects with healthy vision compared two 

columns of five-digits numbers, the first column on the left (reference list) was printed in one 

of two types on ink on a matt white paper with different 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 paper with high 

contrast (C å 0.6 - 0.8) and background luminance (Lb) approximately matching the reference 

list. Rea marked the total time taken by the subjects to compare the two columns and the errors 

of both omission and commission were also obtained for each trial. The time results were used 

to obtain values of visual performance (VP) measured in reciprocal of time used to read the 

reference sheet. A three-dimensional model involving the log of luminance of the background 



 

34 
 

(cd/m2), log on the contrast (C), and reciprocal of time (VP) was created defining the basis of 

the relative visual performance model (RVP) as shown in Figure 2.4.    

 

Figure 2.4: Three-dimensional representation of the visual performance model. Relative visual performance (RVP), scaled 
linearly, is plotted as a function of contrast (C) and luminance LB, both scaled logarithmically. (Rea, 1986) 

 

The second experiment was conducted by Rea and Ouellette (1988) to measure the reaction 

times for targets that are darker than the background (decrements) and targets brighter than the 

background (increments). In both experiments (decrement and increment), subjects were 

examined to be having normal or above normal visual acuity in their left eye using Keystone 

Ophthalmic Teiebinocular as their right eye will be covered with an opaque patch and they will 

be using their left eye to view the stimulus display (square target with different sizes) on a video 

screen at a distance of 1.68 m away using a 2 mm artificial pupil with the help of neutral density 

filter and/or luminous veil, depending on the experimental conditions. Once the target is 

displayed on the screen, subjects have 3 seconds, before the target is removed, to press a button 

confirming their ability to detect the target before a computer randomly generates a new target 

on the screen. The experimental setup is shown in Figure 2.5    
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Figure 2.5: Schematic diagram of reaction time apparatus. (Rea and Ouellette, 1988) 

 

The time between target display on screen and response was recorded for each 

experimental trial. For each trial, different combinations of luminance, contrasts, and target 

sizes were displayed to the subjects. Both experiments done by Rea and Ouellette (1988) came 

to show that the percent detection probability (RVP) increases with increasing the luminous 

contrast, target size (in Steradians), and the retinal luminance (in Trolands).  

Figure 2.6 and 2.7 show the results of Rea and Ouellette increment and decrement 

experiments respectively (1991).  
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Figure 2.6: Mean percentage probability-of-detection data 
for three contrast increment target areas (0.20, 1.4, and 13 
Microsteradians) plotted as a function of log the Contrast 
when presented at retinal illuminances of 0.53 and 51.4 
Trolands. (Rea and Ouellette,1991) 

 

Figure 2.7: Mean percentage probability-of-detection data 
for three contrast decrement target areas (0.20, 0.56, and 
280 Microsteradians) plotted as a function of log the 
Contrast when presented at retinal illuminances of 29.0 and 
801 Trolands. (Rea and Ouellette,1991) 

 

 
 

RVP model got a lot of praise and criticism at the same time. The model was referenced 

by the IESNA Lighting Handbook (2000) as one of the methods used for assessing the impact 

of light levels for different lighting applications. The benefit of the RVP model is that it can 

quantify the visual performance much better than the visibility level (VL) since VL was 

considered as a crude predictor of visual performance (Ross 1978). RVP can also predict the 

visual performance based on two independent experiments that were well documented and can 

be easily verified.  

Similar experiments performed by Bailey (1993) and Eklund (2001) showed a strong 

correlation between their results and RVP model values which gives more credibility to the 

model. In one of these studies, Bailey (1993) measured an individualôs ability to read a certain 

text consisting of an array of different words with an average of seven letters in length. The 

luminance contrast and text size were randomly varied through the experiment and the 

background luminance values ranged between 10 to 5500 cd/m2. The data resulted from the 
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calculation of the number of words that can be read per second were found to be strongly 

correlated with the estimates of response times using the RVP model. On the other hand, Eklund 

(2001) implemented an experimental approach in which subjects were tested to identify 

different sizes of alphanumeric codes printed with different luminance contrasts ranging 

between 0.1 to 0.93. The performance obtained from Eklundôs results strongly conformed to 

the calculated RVP values.  

Another study by Goodspeed and Rea (1999) measured luminance contrast effects on 

the capability of individuals to correctly identify the opening direction of a Landolt óCô ring. 

The luminance contrast values were varied between 0.2 to 0.8 while the background luminance 

value was fixed at 7 cd/m2 with surrounding luminances ranging between 0.01 to 0.1 cd/m2. 

The data obtained from the experimental results were compared to predictions of response times 

using the RVP model and were found to be in good conformance that enables the RVP model 

to provide significant predictions of visual response at supra-threshold levels in a variety of 

situations.   

To create a visibility calculation method that reduces the complexity of roadway lighting 

photometric data into a better 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 lighting 

characteristics such as illuminance, spatial extent, vehicle speed, roadway characteristics, 

driverôs age, and many others. These insights can lead to more cost-effective, safe, and low 

hazard roadway lighting designs. In this approach, Rea used a lighting software tool (AGi32, 

Lighting Analysts). A virtual four-leg, right angle (cross) intersection has been created 

involving a total of three cars located at three legs of the intersection, two of them are stationary 
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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 always on under four different roadway 

lighting levels, representing a range of ambient lighting from highly urbanized areas to rural 

locations. Different scenarios have been created by the software utilizing the change in lighting 

conditions, lighting poles arrangements, hazard and observerôs location and car speed, and most 

importantly, observerôs age. RVP was used to evaluate the chosen variety of intersection 

lighting scenarios generated by the software. Based on these RVP values, the study confirmed 

that both low speed and high-speed intersection should be illuminated. This creates better 

visibility due to the high illumination levels and enhances the observerôs visibility enabling him 

to identify potential hazards and reduce roadway crashes. It was also confirmed that age has a 

significant effect on the targetôs visibility as RVP values decrease with older drives. 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 lighting, and any other lighting source that provides 

illumination on the roadway, are of great importance for night-time driving.  

However, the RVP model has some limitations that rest its sole adaptation for lighting 

design (Boyce 2003). First of all; RVP predicts the visual performance and not the task 

performance. Second; RVP does not predict tasks that require peripheral vision. Third; the 

model incorporates luminance contrast, background luminance, and target size as factors 

affecting visibility and neglects other factors such as disability glare, contrast polarity, 

chromatic contrast (target colour), and eccentricity of the target. Moreover; the model is limited 

to the range values (Size, contrast, and luminance) that were used to develop it. Boyce (2003) 

states that the existence of a plateau in the three-dimensional representation of the RVP model 
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(Figure 2.4) may imply that for a wide range of visual conditions, visual performance changes 

slightly with the change of lighting conditions.  

2.7 Road lighting design standards 
 

Night-time visual activities such as driving is a continuous decision-making 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 

ANSI/IESNA R-P- 800 (IESNA 2014), CIE Publication 115 (1995) which was replaced by  

CIE 115-b (2010), CIE 140 (2000) which was also replaced by CIE 140-b (2019). The 

American National Standard Practice for Roadway Lighting (ANSI/IESNA) adopted design 

criteria called the ñIlluminance methodò from 1932 to 1983 where the design was based on the 

amount of light that falls upon the street surface measured in foot-candles or lux. In 1983 a new 

approach ñPavement luminance methodò was added to the standard (IESNA 1983). Luminance 

indicates how much luminous power the human eye can perceive and measured in candela per 

square meter (cd/m2). The luminance 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 is important to 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 view are existing and little information is 

provided for geometry describing the target and observer, the illuminance method is preferred.  

In the year 2000, Small target visibility (STV) approach was added to the IESNA R-P-800 

standard (IESNA 2000), the standard provided three design approaches: Luminance, 

Illuminance, and STV.  Small target visibility (STV) approach was developed by IESNA 

(IESNA 2000) based on Adrianôs model (1989) and is built on the detection of small objects on 

the roadway. The STV is based on the following conditions: 

Á The target is flat with diffusive reflectance factor of 0.5 ( changed to 0.2 by 

IESNA,2000) 

Á Target is square with 180x180 mm area located at a distance of 83 m ahead of the 

observer ( visual angle 7.45 minutes of arc) 

Á Observer to target sightline is parallel to the road axis line 

Á Observerôs age 63 years 

Á Observation time 0.2 seconds 

Á Observation height is 1.45 m with a downward viewing angle of 1o 

Á Background luminance is average of the point luminance at the bottom of the target and 

the top of the object 

Á 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) while the 

illuminance method can be field verified. Moreover, 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 by a combination of road lighting and vehicle forward lights. Hence, 

STV approach received extensive discussion and review as well as critique, and finally, IESNA 

decided to withdraw STV as a design metric in 2006, and to retain luminance approach as the 

only design criteria, illuminance approach for field verification and STV as a selection criterion 

between designs (fine design tuning).  

On the other hand, CIE, which is the French abbreviation for Commission Internationale de 

l'Eclairage, or the international commission on illumination published several 

recommendations of roadway lighting. In the previous CIE reports (CIE 1965, 1977), the 

recommendations used the illuminance and luminance thresholds for roadway lighting design. 

The visibility level (VL) concept first appeared in CIE report 115 (CIE 1995b) where Adrianôs 

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 itself.  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 how the human visual system detects 

objects and 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 sight distance, and position of the 

object. 

2.8 Road lighting and visibility 
 

Driving is a continuous decision-making process. It is mainly based on the data that reaches 

our senses. An average driver gets almost 80% of this data from his visual resource (Boyce 
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2009). As a result, good road lighting is very important to maintain visual performance at a 

decent 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. Numerous night-time 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 perform additional tasks than the day-time driver. These 

tasks include more concentration, better eye-adaptation, and most important; the ability to 

identify obstacles in order to avoid road accidents. A new NHTSA (National Highway Traffic 

Safety Administration) report showed that most of the pedestrian fatalities and injuries occur 

during the night-time (NHTSA 2014), and the most important factor affecting these numbers is 

the reduced visibility levels during the night. Many studies showed that road lighting can reduce 

the number of night-time accidents by almost 30-40 % (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 increasing road luminance (Figure 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 on a fatal accident database in the USA showed that accidents 

involving pedestrians in urban and rural roads increase under low visibility levels (Sullivan and 

Flannagan 2007). Hence, road lighting is essential in lowering the possibility of accidents and 

help keep drivers and pedestrians safe. Figure 2.9 shows how road lighting can affect the 

visibility of any potential hazard in dark. The two cars in comparison are with headlamps 

working but it is clear that the one surrounded with enough street lighting is more visible and 

simply represents a less potential hazard for drivers (Bullough et al.2009). 
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Figure 2.8: The relationship between average luminance and the night to day crash ratio for all reported crashes at New 
Zealand streets (Jackett and Frith 2013). 

 

Figure 2.9: A computer simulation comparison between a potential hazard (car) surrounded by a road lighting pole (a) and 
without road lighting (b) (Bullough et al. 2009) 

Many studies came to find out the proportion of road accidents that are related to poor 

visibili ty (Sabey and Staughton, 1975, Hills 1980). The studies were based on road accident 

numbers and causes in Britain. The Reported Road Causality Annual Report (UK Department 

for Transport, 2015) clearly stated that ñFailed to look properlyò was the most reported factor 

of road accidents between 2005-2014 which is directly related to poor visibility (Figure 2.10). 

In terms of the severity of road accidents. Figure 2.11 shows the percentage of accidents with 
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contributory factors in each segment. The contributory factors related to poor visibility are: 

ñImpairment or distractionò, ñbehaviour or inexperienceò and ñvision affected by external 

factorsò. Combined, these three contributory factors make the highest percentage of fatal, 

serious, and slight road accidents.  

 

 

Figure 2.10: Top five contributory factors in reported road accidents, GB: 2005 to 2014 (UK Department of Transport, 2015) 

 

Figure 2.11: Contributory factor type, Reported accidents by severity, GB2014 (UK Department for Transport, 2015) 
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Another importance of proper road lightings that enhances night-time visibility is the 

security of urban areas. The link between lighting and crime has been identified since the 

fifteenth century (Painter and 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 the neighbourhoods. Paris 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 

the street centre to create a public lighting system under police control. In the mid-19th century, 

gas street lighting spread widely to most European major cities. In London alone, 39,000 gas 

lamps were used to provide 215 miles of roads (Chandler and Lacey 1949). The first exterior 

electric lighting installation was installed in New York in 1850 and it was believed that they 

have a major role in fighting the crime that was spreading during that era (O'Dea 1958).  

The idea of fighting crime with lighting surfaced in the USA in the 1960s along with an 

intense increase in crime rates. In 1979, Tien et al. (1979) published a review report for the 

effects of lighting on crime. He concluded that although there was no evidence that improved 

street lighting decreases the level of crimes, there was some indication that improved street 

lighting decreases the fear of crime.   

In 1988, Painter conducted a field experiment in an outer city area in London (Painter 1988). 

He targeted a much-localized area to find the effect of street lighting on particular crimes. He 

collected his data using a survey carried out beyond dark. People were asked about their 

experience of crime in that area, fear of crime, any precautions they take, and any crime they 

observed. The study was able to conduct 207 interview responses before the lighting was 

changed and 153 responses after the lighting have changed. The results are shown in Figure 2.12 
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Figure 2.12: Crime experienced on the street by respondents over six week periods before and after the change in lighting 
(Painter 1988) 

It can be clearly seen that there is a strong link between road lighting and crime. However, 

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

inspected the fear of crime on a college campus. They showed that fear of crime was highest in 

areas where criminals can hide in the dark, and good visibility can limit these places allowing 

more people to use the streets at night. The consequences of this idea are that with more people 

in the streets at night, informal surveillance is higher which makes a certain degree of risk for 

the criminals to continue their activities.  

Hence, it can be concluded that street lighting with proper visibility has no direct effect on 

crime levels. However, it affects crime in two indirect ways; the first one is the ñfear of crimeò 

where people start having more confidence to use streets at night, hence increasing informal 

surveillance and decreasing the risk on criminal activities, the second one is the authority and 

community surveillance that allows identifying criminals trough face detection, which 

compromises their criminal activities and lowers 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 been there since the Inca Empire. 

However, road lighting is rather new practice. Lit roads started to exist at the beginning of the 

1930s (Boyce 2009) as the revolution in vehicle transport called the scientific community for 

better research in vision science (Wood 1936). 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 availability of suitable 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 roads, as well as the higher speeds in which these vehicles could put up with. 

This resulted in a large number of research produced in the area of lighting and visibility.  

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

first road lighting design standard in the UK. Followed by Blackwell (1946) who measured the 

detection of targets under various conditions allowed for the CIE (1972, 1981) to propose a 

general framework for various visibility models developed by different researchers with 

adaptation to particular problems. These advancements in research in the area of lighting and 

visibility were recognized by the most well-known and established lighting standards official 

bodies, such as IESNA and CIE.  Many lighting standards and recommended practices are 

heavily relying on current visibility models.  

In order to promote his VL model as a design metric for street lighting, Adrian (1993) tried 

to analyze his model under different experiments related to night-time driving. 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 Adrian extraordinary 

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

into his VL model, was able to convince IESNA to incorporate his VL model (1989) in the 

IESNA R-P-800 standard (IESNA 2000) in the form of STV (small target visibility) as a 

visibility metric for road lighting, then it was proposed as a selection criterion between designs 

for fine-tuning (IESNA 2006). Moreover, the VL concept first appeared in CIE report 115 (CIE 

1995b) where Adrianôs model (1989) was discussed in detail along with STV methodology.  

On the other hand, the relative visual performance model-RVP (Rea and Ouellette 1988, 

1991) RVP model got a lot of praise and criticism at the same time. To create a visibility 

calculation method that reduces the complexity of roadway lighting photometric data into a 

better 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 lighting characteristics 

such as illuminance, spatial extent, vehicle speed, roadway characteristics, driverôs age, and 

many others. The study confirmed that both low-speed and high-speed intersection should be 

illuminated. This can create better visibility due to the high illumination levels and enhances 

the observerôs visibility enabling him to identify potential hazards and reduce roadway crashes. 

It was also confirmed that age has a significant effect on the targetôs visibility as RVP values 

decrease with older drives. 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 lighting, and any other 
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lighting source that provides illumination on the roadway, is of great importance for night-time 

driving. 

Hence, the RVP model (Rea and Ouellette 1988, 1991) was referenced by the IESNA 

Lighting Handbook (2000) as one of the methods used for assessing the impact of light levels 

for different lighting applications. The benefit of the RVP model is that it can quantify the visual 

performance much better than Adrianôs visibility level (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 verified. Moreover, the 

benefits of RVP on road lighting were analyzed by Bullough 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 that RVP can 

provide a proper assessment tool for road lighting especially in conflict areas such as 

intersections and interchange merge/diverge areas.  A rather new study by AbouElhamd and 

Saraiji (2018) also provided successful criteria for street lighting based on the RVP model.  

2.10 Limitation of the current visibility models 
 

In earlier sections, three visibility models have been extensively discussed as well as the 

literature related to these models. Each of these models can describe visibility in a certain way, 

for instance, Adrainôs model (1989) introduced visibility levels (VL) which is based on the 

ability of the observers to spot a certain target (small grey plane square). While RVP model 

(Rea and Ouellette 1988, 1991) was developed based on experiments measuring the response 

time for identifying numerical tasks. Both models are based on experiments under laboratory 

conditions that lack the actual characteristics of visual performance at night time driving. STV 
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model (IESNA 2000) is based on Adrianôs model (1989) which means that some limitations 

related to not considering the targetôs eccentricity and retinal luminance are common for both 

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 based on studies 

performed by Blackwell and Blackwell (1980) and Weale (1961) to find the effects of age on 

visual performance through measuring the change of ocular transmittance for older people. This 

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 experiments to accommodate older 

people.   

Another limitation for the visibility model (Adrian 1989) is the use of planner uniform 

target, while in real-life scenarios, targets are usually 3D shaped and differ in size and geometry 

(Brémond 2020). This is again a problem with the STV model (IESNA 2000), which is an 

extension to Adrianôs model (1989) where the target used is also a small planner square of 18 

cm size. The use of this target size, shape, and contrast means that both Adrianôs model (1989) 

and STV model (IESNA 2000) cannot be generalized to include three-dimensional targets, 

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

Furthermore, Adrian (1989) did not include the effects of the eccentricity of the target on 

VL, which is defined as the position of the target with respect to the observerôs lines of sight. 

As a result, Brémond (2020) classified the VL model as a central vision model that only 

considers targets located at the observerôs line of sight, and ignores task that requires peripheral 

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 model (Rea and 
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Ouellette 1988, 1991) did not consider the effects of glare, Adrianôs model (1989) and STV 

(IESNA 2000) considered the effects of glare, however, the glare angle between the fixation 

line and the centre of glare source was limited to 1.5o to 30o, while in actual situations, glare 

angles can reach higher values of more than 60o.  

On the other hand, while each model has its supporters 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 lighting standards in providing a 

single metric to represent visibility rather than visibility levels at different locations in the 

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 of them, and their 

known limitations. 

Table 2.2: Visibility models and variables and their most known limitations 

Model Variables Limitations  

Adrian Model  

[Adrian,1989] 

Á Target contrast 

Á Contrast polarity 

Á Observerôs age 

Á Exposure time 

Á Disability glare 

Á Target size 

Employs complex mathematical relations 

Too many correction factors 

Based on experimental results developed 

by testing young observers 

Does not consider certain Visibility 

variables such as  (Eccentricity, retinal 

illuminance, background complexity) 

RVP 

[Rea, 1986] 

[Rea and Ouellette 

1988, 1991] 

Á Target contrast 

Á Visual age 

Á Retinal illuminance 

Á Target size 

Á Background 

luminance 

Does not consider tasks that require 

peripheral vision 

Does not consider certain visibility 

variables  such as (background 

complexity, eccentricity, disability glare) 

STV 

[IESNA,2000] 

Á Target luminance 

Á Visual age 

Á Immediate 

background 

luminance 

Does not consider tasks that require 

peripheral vision 

Limited to the ability to detect small 

objects  
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Á Disability glare 

Á Adaptation level of 

the adjacent 

surrounding 

Limited by the range of values of variables 

used to develop it 

Does not consider certain Visibility 

variables such as (Eccentricity, retinal 

illuminance, background complexity) 

 

 In general, the current models either employ mathematical relations that may not be 

suitable, or at least, not good enough to represent and describe visibility in a clear way, or have 

limited range of variables, where some variables are partially considered or fully neglected. The 

other approaches employ experimental models that are also limited in describing visibility as 

most of the experiments used in developing the models were done on a young participantôs age 

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 by Brémond (2020) provided a historical perspective for the visibility 

models. The study also provided a very important critique for the advantages and limitations of 

Adrianôs VL model (1989), Rea and Ouellette RVP model (1988, 1991), and STV model 

(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 

observerôs lines of sight. As a result, Brémond (2020) classified the VL model as a central 

vision model that only considers targets located at the observerôs line of sight. Moreover, 

Brémond emphasized that all visibility models considered a target against a uniform 

background while in actual road conditions, luminance background is not homogeneous. 

Moreover, Brémond emphasized 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 2000), Brémond pointed out that it usually 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 rated as good STV. Hence, it should not be adopted alone 

as a visibility metric without the concept of VL uniformity. 

So, although each model has its own limitations for missing some visibility variables, or for 

being developed under laboratory conditions, or being 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 night-time driving conditions. In other words, for each visibility 

model, there are some advantages and disadvantages based on the understanding of that model 

and the appreciation of the method in which that model was developed. For example; Adrainôs 

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 certain model is better than the 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 computer modelling. Moreover, many studies done by 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 multi-valued logic (MVL)  which enables intermediate values to be defined 

between conventional values such as true/false or high/low based on the degree of membership 

of that conventional value (Hellman 2001). In other words, intermediate values such as very 

low, fairly low can be used to describe a certain truth where this value relies on between the 

crisp values of high and low, in contrast to Boolean logic or classical mathematics which deals 

with only crisp values and only absolute truths are considered. Fuzzy logic is considered a soft-

computing method that enables the calculation tolerance for sub-optimality and impreciseness 

(vagueness) and giving quick, simple, and sufficiently good solutions. 

The early history of Fuzzy logic origins can be related back to Greek philosophers, 

especially Plato (428-347 B.C.) who indicated that there is a third region beyond truth and false 

where these opposites ñtumbled outò. Also, early Chinese and Indian civilizations were pioneers 

in considering that there are varying degrees of truth and falsehood as they early realized that 

things need not be of a certain form or type and there is a stopover in between. 

In the early 20th century, Lukasiewicz (1920) suggested accepting three truth logic values 

(called trivalent) which deal with the value of intermediate truth in addition to true and false 

making a grade of membership of 0.5. Several years later, the German philosopher Max Black 

(1937) analyzed the problem of modelling ñVaguenessò. He suggested that classical logic can 

be a useful tool to represent vagueness at an appropriate level. He also provided some profiles 

and curves that he used to represent a certain analysis of the ambiguity of a word or symbol that 

are very consistent with todayôs membership functions of type-1 fuzzy sets.  
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The real father of Fuzzy logic is Professor Lotfi A. Zadeh (born in 1921) who published his 

first work ñFuzzy Setsò in 1965 at the journal ñinformation and controlò. In this work; Zadeh 

described linguistic variables as a means to modelling human tolerance for imprecision. This 

can be done by encoding certain fuzzy sets to describe decision-relevant information. Zadeh 

extended his work in 1971 publishing the article ñQuantitative Fuzzy Semanticsò at the journal 

ñInformation Sciencesò where he showed the formal elements that led to the Fuzzy logic theory 

and its applications as we know it today. In 1973 Zadeh proposed his basic theory of Fuzzy 

controllers which opened the door for researchers from around the world to use his theories in 

various engineering applications such as mechanical and industrial processes and applications.  

During his life (1921-2017), Zadeh published over 200 single-authored papers related to Fuzzy 

logic theory and fuzzy controllers with more than 90,000 citations for his 1965ôs paper alone.  

Application of Fuzzy logic theory are numerous, the first fuzzy logic controller for a steam 

engine was developed by Mamdani (1980) to control a cement plant in Denmark. Hitachi (1987) 

used a fuzzy controller to control the Sendai train in Japan. It was not until 1987 where the 

Japanese company Omron designed its first commercially fuzzy controller (Full®r 1987), the 

same year was considered the ñFuzzy boomò due to the applications of this controller in many 

fields. In 1993, the Japanese company Fuji applied Fuzzy logic to control the chemical injection 

for water treatment plants for the first time in Japan (Garrido 2012).  

 With the development that was added to the Fuzzy logic theory and its applications by 

Japanese scientists, applications of fuzzy logic theory expanded to include many aspects of 

science and technology such as computing and electronics, aerospace and automotive 

industries, industry and manufacturing, defence and security sectors. Furthermore, Fuzzy logic 
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applications extended to include business and decision-making models, phycology, and human 

behaviour such as behaviour reasoning and criminal investigations.  

Of the many recent applications of Fuzzy logic in system control, the work done by Dash 

(2012) to design an intelligent air conditioning system using Fuzzy logic technique was 

noteworthy. The proposed system provided the required air conditioning for the building while 

utili zing efficient energy usage. The considered air conditioning input variables were: 

Thermostat temperature, Temperature difference between outside and inside, Dew point 

temperature, occupancy of the building, and time of the day. While the output variables were 

the fan speed, compressor speed, system mode of operation, and fin direction.  The proposed 

system showed to be able to solve many complex air conditioning problems encountered in any 

building during the day without getting involved in sophisticated relationships within the 

physical variables. This is because an intuitive knowledge about the input and output variables 

and their relations to each other was enough to design a system that works efficiently.  

An example of using Fuzzy logic techniques in business models is the work done by 

Boussabaine and Elhag (1999) where they applied fuzzy logic techniques to cash flow analysis. 

The model input data was based on 100% completed construction projects that were carried out 

under the Institute of Civil Engineers Standard Conditions of Contract. The results of the study 

demonstrated the successful implementation of Fuzzy logic techniques in business-related 

analysis compared to the traditional method. Table 2.3 shows some industrial applications of 

fuzzy logic.  
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Table 2.3: Some applications of fuzzy logic in industry (guru99.com) 

Product Company Fuzzy Logic 

Anti-lock 

brakes 
Nissan 

Controlling brakes based on car speed, acceleration, wheel 

speed, and acceleration 

Auto 

transmission 
NOK/Nissan 

Controlling fuel injection and ignition based on throttle 

setting, cooling water temperature, RPM, etc. 

Auto engine Honda, Nissan 
Selecting gear ratio based on engine load, driving style, 

and road conditions. 

Copy machine Canon 
Adjusting drum voltage based on picture density, 

humidity, and temperature. 

Cruise control 
Nissan, Isuzu, 

Mitsubishi 

Adjusting the throttle setting to set car speed and 

acceleration 

Dishwasher Matsushita 
Controlling the cleaning cycle, rinse and wash cycles 

based on the number of dishes and the dirtiness of dishes 

Elevator 

control 

Fujitec, 

Mitsubishi 

Electric, 

Toshiba 

Reducing waiting time for time-based on passenger traffic 

Kiln control Nippon Steel Cement mixing 

Microwave 

oven 
Mitsubishi 

Chemical 
Adjusting power and cooking periods 

Palmtop 

computer 
Hitachi, Sharp, 

Sanyo, Toshiba 
Recognizing handwritten Kanji characters 

Fitness 

management 
Omron Employees fitness check 
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2.12 State of the art  
 

In the last decade, the 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 and stages, 

surveillance applications, and many others. Review and validation studies in the field of street 

installations and visibility in both threshold and supra-threshold levels have gained a large 

chunk of this research. An experimental validation for the photometric measurements in 

visibility level calculations was done by Brémond et al. (2010), under night time driving 

conditions, 34 adults with a driving license of at least 5 years old and no prior information about 

the goal of the study were tested against detecting a target in a closed-circuit road. The 

experimental data suggested that cautions should be taken when using visibility levels for the 

prediction of target detection performance. Furthermore, in another study, Brémond (2011) 

reviewed the visibility 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 underestimated.  ZalesiŒska (2012) evaluated 

the practical means of implementing theoretical visibility models in road lighting design, she 

concluded that target visibility should be evaluated in three different levels: position, 

situational, and navigational level.  

Furthermore, multiple studies tried to develop new concepts in target visibility to be used 

as a metric for street lighting design. One valuable perception related to night-time visibility 

and road lighting standards was developed by Keck (2001) where he/she introduced 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 lighting system rather than the latter alone. 

Keck (2001) 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 look into his concept and adopt it for as a design method 

to replace the current three design methods of street lighting. Likewise, Saraiji and Oommen 

(2014) developed the dominant contrast (DC) concept, which is defined as the contrast of any 

part of a pedestrian which provides the highest visibility levels. The concept was developed by 

theoretical analysis and Dialux simulation and was believed to be a useful metric for modelling 

visibility and the authors recommended that future researchers should focus on this concept to 

be transformed into a valuable metric for roadway design.  

A computational image-processing model based on the contrast sensitivity function (CSF) 

of the human eye was proposed by Joulan (Joulan et al. 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 such as visibility in fog (Tarel 2015), 

Advanced Driving Assistance System (ADAS), (Halmaoui et al. 2015).  Moreover, the 

computational model was extended to be used in the design of real-time age-dependent image 

coding and display applications (Joulan et al. 2015).  

More recently, Saraiji et al. (2016) experimentally measured the pedestrian visibility at 

night under the effect of solid-state street lights. The experiment utilized measuring the 

detection distances as an indication for visibility level in the presence/absence of oncoming 

vehicle headlights. The target used in the experiment was a pedestrian who randomly changed 

his clothes colour. The street lighting used was either metal halide, high-pressure sodium, or 

LED luminaires. Results showed that, in the case of the unlit street, the detection distance was 
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52% shorter in the presence 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 metal-halide and LED lamps were statistically similar, both of which better than 

that for a high-pressure sodium lamps.   

In a very recent study, Yang and Wei (2020) investigated the possibility of improving the 

visual performance at night-time driving using light sources with a larger gamut area. They 

used an experimental approach in which the observers detection rate of off-axis targets with 

different luminance levels, hue, and chroma with a uniform background of 1.5 cd/m2. Results 

showed that the detection rates, where much lower at zero luminance contrast (target and 

contrast at the same luminance level). However, improving the colour contrast by increasing 

the target chroma was found to enhance the visual performance. Hence, they proposed 

enhancing the colour contrast for targets perceived at night-time situations by using light 

sources with larger colour gamut size, which results in better colour rendering.   

Another recent study by Cao et al. (2020) tried to assess the effect of driving speed on target 

visibility under mesopic conditions using a driving simulator. Moreover, the effect of target 

contrast, position, and initial distance were evaluated. Results showed that besides the effect of 

low target luminance contrast in reducing the detection rate and distance, the detection rate for 

negative contrast targets were better than positive contrast. Furthermore, it was also found that 

increasing driving speed has a significant effect in lowering target detection 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 study by Brémond (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 virtual reality techniques have the 

capability of bridging the gap between visual performance in the lab and on real roads. Brémond 

(2020) argued that Artificial intelligence (AI) techniques are almost in every branch of science, 

yet, engineering standards, in general, are still developed in the classical methods. The adoption 

of Artificial intelligence ñmachine learningò techniques and ñbig dataò could provide an 

alternative option to shape new lighting standards. These standards could involve many 

variables that are still not incorporated in the current standards such as weather, country, 

demographic variables, traffic conditions, luminaires model, road surface photometry, and the 

nature of the road markingséetc.   
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2.13 Problem statement 
 

An extensive literature review has been done to understand the currently available method 

of indoor illuminance selection as well as visibility models, and as mentioned before, three 

models were found to be the most famous and commonly used to represent visibility, these 

models were described in the literature review section as Adrian model (1989), Relative visual 

performance-RVP which was first developed by Rea (Rea 1986) and then modified by Rea and 

Ouellette (1988, 1991), and lastly, Small target visibility model (IESNA 2000) which is largely 

dependent on Adrianôs model (1989).  These models were studied extensively and thoroughly 

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 parameters. The range 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 values and neglecting the rest of the 

range. 

This initial study showed that the best model to base the Fuzzy-logic proposed model was 

the RVP model as it is based on two different experiments that gave almost the same results 

(Rea 1986 and Rea and Ouellette 1988), these two independent experiments were well 

documented and easily verified. Moreover, RVP quantified the visual performance much better 

than Adrianôs visibility level (VL) since VL was considered as a crude predictor of visual 

performance (Ross 1978). This gave a high credibility to this method to be adopted by the 

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 Ragab 2015).    
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Therefore, the proposed Fuzzy-logic based model adopted the RVP model as a base model. 

Although the RVP model has some limitations such as measuring the visual performance and 

not the task performance and neglecting the tasks that require peripheral vision. It also neglects 

the contrast polarity, target eccentricity from the observerôs line of sight, and disability glare.  

However, all these weaknesses in the RVP model shall be considered in the new fuzzy-logic 

based model which adopted the name for ñFuzzibilityò which is a combination between the two 

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 represents an extension or innovation to the RVP model as well.   

This work defines indoor illuminance and target visibility in a new method. Based on Fuzzy 

logic techniques, it is expected that this model will give better results in terms of indoor and 

outdoor lighting. The argument behind this assumption is that the advantages of this model over 

the current model lie in the method of which illuminance and visibility is obtained, which suits 

the phenomena itself that is not exact.   

Another advantage of this model is that it can include many variables that are missing in 

developing the current models. For example, Table 2.2 shows that all current visibility models 

missed to include the effect of eccentricity and background complexity in the modelling of 

visibility. Although it has been shown that a target located at 20 degrees relative to the fixation 

line of sight will have less than 15% chance of detection whereas targets within 6 degrees of 

the visual axis will have more than 60% chance of detection (Inditsky et al. 1982). Moreover, 

the suggested model has the ability to extend the ranges used in the current models. An example 

of this case is the STV model which incorporates the ability to detect small targets, while targets 
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differ in sizes and shapes. The new proposed model is based on Fuzzy logic techniques. It is 

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

As seen in the literature review section, current visibility models either employ 

mathematical relations that may not be good enough to represent and describe visibility in a 

clear way, or have a 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 

participantôs age with good vision (Adrian 1989) or only consider small targets and cannot be 

extended to represent the visibility of larger targets.  

Furthermore, the 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 applies to lighting 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 

Adrianôs model (1989) when considering the same age correction 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. This implies that Adrian (1989) considered the first age group as ñyoungò and the second 

as ñoldò. The same applies to how Adrian (1989) dealt with exposure times where he considered 

an exposure time of 2 seconds or more as sufficient and he added a correction factor for lower 

exposure times. This again implies that the exposure time of two seconds can be considered as 

sufficient, while higher and lower values can be considered as ñhighò and ñlowò respectively.  

  



 

67 
 

3.2 Advantages of Fuzzy logic approach  
 

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

illuminance for 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 there are values in between the true and 

false which can be considered 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 need high 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 graphical user interface (GUI) and a separate 

application or software can be produced easily to describe the model 

3.3 Fuzzy logic vs. Mathematical modelling  
 

This study is based on scientific modelling, which is defined as an activity to make a 

phenomenon easy to understand, quantify, define, visualize, and simulate. Any scientific 
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model must have input and output variables. For example, mathematical modelling is based 

on mathematical concepts, mathematical language, governing equations, assumptions, 

initial, and boundary conditions. However, the mathematical model needs input parameters 

that follow a certain sequence of calculations governed 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 phenomenon. Fuzzy logic modelling is no exception from any 

other scientific model. It needs inputs to produce outputs. However, the input and output 

parameters have to be vague or ñFuzzyò enough to be considered. In other words, Fuzzy 

parameters must be able to include the false and truth, and all the range between them in a 

clear way. This process is called Fuzzification which is trying to generalize the parameters 

from characteristic functions (math) to membership functions (Fuzzy).  The basic steps for 

any fuzzy logic approach are (Zadeh 1965): 

1. Fuzzification: which means converting parameters from a crisp value into a vague 

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 visibility modelling, visual age can be a crisp value of 

21 years. However, fuzzification of visual age can give all values from 18-40 a 

linguistic term of young with a certain membership degree, and age values from 30-

60 a linguistic term of old with another membership function. This will make the 

values of the visual 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.  
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2. Fuzzy inference process: which combines the membership functions with the fuzzy 

rules to produce the fuzzy output. This is fundamentally the set of rules that 

communicate the input to the output. This resembles the set of equations and 

assumptions that govern the relationship 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 important 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 vs. artificial neural networks 
 

Fuzzy logic is considered as a subset of Artificial intelligence. The advantage of selecting 

Fuzzy logic technique over other methods such as Artificial intelligence (AI)  machine learning 

techniques or Artificial Neural networks (ANN) is that fuzzy logic mimics how the human brain 

works in terms of accepting intermediate values that may correspond to something with in-

between characteristics such as grey, which relies between white (0) and black (1). However, 

AI machine learning and ANN mimics how humans react and work, and most importantly, how 

humans learn from things to recognize/deal with new things and situations. So, modelling 

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 example; machine learning and ANN are very useful tools for 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 changed. Table 

3.1 shows a comparison between Artificial Neural Networks (ANN) and Fuzzy logic modelling.  

Table 3.1: Comparison between ANN and Fuzzy logic models. (Kruse 2008) 

ANN models Fuzzy logic model 

No mathematical model necessary No mathematical model necessary 

Learning from scratch Apriori knowledge essential 

Several learning algorithms Not capable to learn 

Black-box behavior Simple interpretation and implementation 

 

On the other hand, Fuzzy logic can be integrated within artificial intelligence machine 

learning and big data models. Fuzzy neural network, or sometimes called, Neuro-Fuzzy systems 

employs a learning machine based on fuzzy parameters by combining the human-like fuzzy 

reasoning with the connectionist structure of the neural network. This hybrid-like method of 

modelling has many applications in medicine (Chen 1995), transportation management 

(Levchenko et al. 2018), real-time control applications (Kayacan et al. 2015), and many other 

engineering applications.  

3.5 Research approach 
 

Based on the study aim and objectives described in previous chapters, the research approach 

of this study can be summarized in the following steps: 

1. A comprehensive study of the literature to determine the variables involved in the 

current indoor illuminance selection method and the visibility of targets 

2. Grouping visibility parameters into 3 categories; independent, dependent, and out of 

the scope of this study. Independent variables affect visibility directly, dependent 

variables affect visibility indirectly 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 reasons that will be correctly justified.  

3. Fuzzification of input variables: Generating membership functions for fuzzy variables 

based on the current literature. 

4. Fuzzification of output variable: Generating a membership function for the 

illuminance and  visual performance based on the current literature  

5. Generating fuzzy rules that relate input of the model to its output (Fuzzy inference 

system)  

6. Defuzzification: Using Fuzzy logic approach to simulate the indoor illuminance and 

visibility based on the input/output membership functions and the set of rules to get 

the crisp values of illuminance and visibility ( opposite to fuzzification process) 

7. Generating the results output of simulation in the form of 2-D graphs, 3-D graphs and 

tables 

8. Sensitivity analysis to check the stability of the visibility model and to test any 

changes in results associated with changing the input/output membership functions 

9. Generating a computer application (*.exe) to help users/designers make proper 

calculations of indoor illuminance and degree of visibility 

10. Validating the results by comparing the output of the new model with existing 

models/methods 

11. Finding suitable practical applications for the new indoor illuminance and visibility 

model  

 

The methodology of this work is designed to follow the steps mentioned in the research 

approach.  Therefore each step was studied individually to build an efficient model. Figure 3.1 



 

72 
 

below shows a flow chart for the research methodology used in developing the FRVP model in 

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

 

Figure 3.1: Research Methodology flow chart for FRVP model 

 

  

3.6 Visibility variables  
 

Visibility variables included in the current visibility models were studied. New 

parameters were discussed as well based on the current literature that has never been 

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

The following table shows the visibility variable divided into three groups; group-1 which 

are the independent visibility variables, group-2 which are the dependent visibility variables 

and group-3 which are the visibility variables that will be out of the scope of this work 
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Table 3.2: Visibility variables divided into 3 groups: (1) Independent variables, (2) Dependent variables, (3) out of the scope 
of this work 

Group-1 

Independent visibility 

variables 

Group-2 

Dependent visibility 

variables  

Group-3 

Visibility variables out of 

the scope of this work  

Visual age 

 

Disability glare 

 

Exposure time 

 

Luminance contrast 

 

Driver alertness 

 

 

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 (Adrian, RVP, STV). 

Age, visual size and retinal illuminance 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 models. Moreover, 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 seen in Figure 3.2.   
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Figure 3.2: 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 factor in modelling visibility. It 

has been incorporated in early experimental studies of Blackwell (1946) which later became 

the basis for Adrian VL model (Adrian 1989) and many road marking computation models 

(CIE 1988), (COST 331 1999). The luminance contrast is defined as the difference between 

the luminance of the target and its background divided by the luminance of the background. 

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

 

 
ὅ

ὒ ὒ

ὒ
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ὒ
 

 

(3.1) 
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Whereby, Lt and Lb 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. Therefore, the 

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 surface as it defines 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 itself but 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 threshold contrast and can be given in the Equation (3.2) 
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(3.2) 

 

Where Ўὒ  is the luminance difference between the target and the background after 

applying the correction factors for object size, age, exposure time, contrast polarity, and glare.  

 Figure 3.3 shows threshold contrast values based on Adrian model at different visual angles 

(measured in minutes of arc). The figure clearly shows that increasing the background 

luminance or the visual angle decreases the contrast values needed to make the target as just 
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visible (Cth). This change in the threshold contrast can be very sensitive at a lower value of 

background luminance and visual angles such as the case of 4 min. visual angle where the slope 

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 luminance value of 1 cd/m2.  

 

 

Figure 3.3: Decrease in threshold contrast Cth with increasing the background luminance (Lb) at observation time of 0.2 
seconds and observers age of 30 years ( Adrian 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 between seeing and not seeing the target 

by observers. Consequently, based on the threshold visibility concept by Adrian (1989), the 

contrast can be classified as a crisp parameter that takes a certain threshold value when the 

object is just visible. Further increase in contrast values above threshold values does not indicate 
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that the object is more ñjust visibleò but somehow indicates how much the object contrast 

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

Hence, it is better to look at the luminance contrast from the supra-threshold visibility point of 

view, or simply, luminance contrast in visual performance context. Rea and Ouellette (1991) 

defined luminance contrast based on relative visual performance as follows: 
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(3.3) 

Whereby, LT and LB are the luminance of the target and the luminance of the background 

respectively. The threshold contrast (Ct) was also defined by Rea and Ouellette (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: 
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Where; 
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(3.5 ) 

is the area of the target, in steradians, from 0.2 to 280x10-5 and L is given by ‫ 
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Where Ὅ is the retinal illuminance, in Trolands and is given by 

 

 
 Ὅ ὒ“ὶ 

(3.7 ) 

Where La is the adaptation luminance in cd/m2, from 0.17 to 255, and r is the pupil radius in 

mm. 

The effect of contrast on visual performance can be seen in Figure 3.4. The constant 

performance lines from the RVP model represented by RVP contours show that for each RVP 

can remain high, medium, or low for a wide range of background luminance and luminance 

contrasts. For example, RVP can remain high (above 0.92) at a luminance contrast value of 0.6 

if the background luminance values are more than 10 cd/m2. However, the constant 

performance line of 0.92 RVP shows that RVP can still be high (above 0.92) at a luminance 

contrast value of 0.3 with a background luminance of 20 cd/m2 and more. Only at low values 

of luminance contrast and background luminance, the RVP will drop considerably.  
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Figure 3.4: constant RVP contours in a log background luminance versus log contrast space. (Rea,1986) 

 

Based on Adrian (1989) definition of the luminance contrast (Eqn. (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, contrast can be negative 

if the target luminance is less than the background luminance such as dark letters on bright 

background). However, Rea (1986) defined the contrast by taking the absolute value for the 

luminance difference (Eqn. (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) and targets brighter than the 

background (increment targets). In all cases, this still means that targets can have different 

contrast polarities whatever definitions were chosen and/or different methods were used.  
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To account for contrast polarity, Adrian (1989) proposed a correction factor (Ὂ ), based 

on Aulhornôs data (1964), to be multiplied by the positive threshold contrast (Ўὒ   ) as 

follows: 

 
Ўὒ Ўὒ  Ȣ  Ὂ  

(3.8 ) 

 

Where Ὂ  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 related to 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 adaptation 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 person gets 

older as the ratio between the maximum to minimum pupil diameter decreases causing the 

elderly not able to adapt for low light levels than young people. Figure 3.5 shows the effect 

of age on the minimum and maximum pupil diameters (Weale 1982) 
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Figure 3.5: Maximum and minimum pupil diameters as a function of age (Weale, 1982) 

 

  The other factor that affects the amount of light reaching the human eye is the spectral 

absorbance of the eye which mostly occurs through the eye lens (Murata 1987). The 

absorbance of the human lens increases exponentially from birth (Weale, 1992). Figure 3.6 

shows the spectral absorbance of the human lens as a function of wavelength for different 

ages (Weale 1988). The figure shows that the lens absorbance of short wavelengths 

increases radically with age which can explain the lower colour vision of older people.  

Consequently, since the amount of absorbed light in the short wave region increase 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 image by reducing the luminance 

as well as the colour difference at the edges of the image.  
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Figure 3.6: 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, most of the models 

considered the age as a fixed value such as the RVP model where the model is based on 

experiments of the visual performance of young adults with perfect vision. A correction 

formula was introduced to correct for higher values of observerôs age based on the decrease 

in retinal illuminance and retinal contrast due to the reduction of pupilôs diameter, increased 

light absorbance and scatter through the eye and most importantly, reduced light transmitted 

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

 
Ὅ ὖὒ“ὶ 

(3.9 ) 
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Where: Ὅ is the retinal illuminance (in Trolands), ὒ is the phototopic adaptation luminance (in 

candela/m2), ὶ is the pupil radius and ὖ is the correction factor representing the retinal 

illuminance reductions which has a value of 1 for the age of 20 years. This correction formula 

is valid for any observerôs age between 20 to 65 years.  

  STV model included the effect of age based on the worst-case scenario by considering 

an observerôs age of 63 years old and did not include any other age group in developing the 

model. However, Adrian's visibility model (1989) considered the age of 23 years in developing 

his model and provided a correction factor for older ages based on Blackwell and 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 

age-dependent multiplier to account for threshold increase with older age. The data was 

obtained for positive contrast and Adrian suggested that is also valid for negative contrast. 

Figure 3.7 shows the multiple of Threshold of DL 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: 

 
Ўὒ Ўὒ ȢὃὊ 
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For 64<age<75  
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Where Ўὒ  is the threshold contrast for older subjects, Ўὒ  is the same threshold contrast 

Ўὒ used in developing the model and ὃὊ is the age correction factor.  

 

Figure 3.7: 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 Mortenson-Blackwell and Blackwell]. (Adrian, 1989). 

 

3.6.1.3 Visual size 

 

There are several methods to 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, three common factors define the visual size. The first 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 each other.  

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 

by the angular angle (Ŭ) measured in minutes of arc in a two-dimensional plane, or the solid 



 

85 
 

angle (w), measured in Steradians in a three-dimensional plane. The 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 and the 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 

angle are represented in Figure 3.8 and equations: 

 

Figure 3.8: Comparison between angular angle and solid angle 
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Where Ŭ is the angular angle in Degrees, radians or min arc 

H is the height of the target and D is the distance between the target and observer 

(3.14 ) 

 

 

 

ʖ
ὃ

Ὀ
 

Where ɤ is the solid angle in steradians 

A is the area of the target and D is the distance between the target and observer 

(3.15) 
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The effect of the visual size was included in the Adrian visibility model (Eqn. (3.14)) in terms 

of angular angle (Ŭ). Figure 3.9 shows the effect of the angular angle on the threshold luminance 

difference (DL). The figure shows that for small targets, DL drops exponentially with increasing 

the angular angle (Ŭ). However, for the large objects, DL starts to be independent of the size. 

This allowed Adrian (1989) to conclude that, at larger targets, the threshold luminance 

difference is independent of the angular angle (Ŭ) and only dependent on the background 

luminance.   

 

Figure 3.9: DL threshold as a function of angular angle at a constant background luminance of 1000 cd/m2. Adrian (1989) 

  

The small target visibility model (IESNA RP-8-00 2000), which is an extension to the 

Adrian VL model (1989), was developed based on a square target with 180 mm side length. 

The target is located at 83 m ahead of the observer with the observer to target size parallel to 
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the centreline of the road. The size and location of the target corresponds to an angular angle of 

10 min arc. This constant target size is based on the ability of observers to detect small targets 

based on Adrianôs conclusion that visibility of larger objects is independent of size, and size 

only matters for small objects.  

The RVP model (Rea and Ouellette 1988,1991), on the other hand, incorporated the 

effect of the visual size by manipulating the solid angle (ɤ) in the reaction time experiment. 

The argument for replacing the traditional angular angle with solid angle is based 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 supra-threshold visibility conditions while target shapes 

(square, disc, triangleséetc.) did not affect the detection threshold (Kristofferson 1957) and 

target details (corners, edges, lines..etc.) are less effective in producing a visual response 

(Campbell and Robson 1968). Moreover, it was more convenient to measure the solid angle of 

the targets using the CapCalc video photometer (Rea and Jeffrey 1990) where each pixel in the 

video image can be calibrated based on its area and distance from the observer. Hence, it was 

easier to identify the solid angle subtended by each digit in the numerical verification task 

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

 Figure 3.10 is a log scale representation of threshold contrast (Ct) plotted as a function 

of the target 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 and 

Ouellette 1988). The figure clearly shows that the threshold contrast decreases with increasing 

the visual area of the target until reaching a value of approximately 20x10-6 Steradians where 

the threshold contrast starts to become independent of the visual size for most of the retinal 

illuminance values. These results are in agreement with Adrianôs results and conclusion shown 
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in Figure 3.9 (above), where the threshold contrast becomes independent of the angular angle 

(Ŭ) for larger targets.   

 

Figure 3.10: A log scale figure of Threshold contrast plotted as a function of the target 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 and Oulette 1988) 

 

The solid angle approach in representing the target area was found to be suitable to be 

considered as a basis for the fuzzification of the visual size parameter which will be explained 

in detail in 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. However, this process is not done at once. The human visual system constantly adapts 
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based on the lighting conditions available. This allows for 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 appear as 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 conditions, however, they 

appear bright at night as the visual system is adapted to much lower luminance values than the 

headlight luminance. In these cases, where lighting conditions are relatively normal under 

constant retinal illumination, the adaptation luminance can be considered as constant over 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 transient adaptation. An example of this kind of adaptation is cases 

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 can be defined as the amount of luminous power per area on the 

retina and is measured in Trolands It is more convenient to use the retinal illuminance instead 

of adaptation luminance in considering threshold or supra-threshold visibility models (Saraiji 

and Alhamad 2018). Since the eye is in a constant 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 moving around 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 in real-life scenarios is a 

time average for all luminance of the whole scene, or more precisely, the 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 luminance in a visibility model and the retinal illuminance can provide a better 

alternative for adaptation luminance  

As the amount of light transmitted through the pupil is proportional to its area, the pupil 

diameter continually changes to allow for higher or lower light to be transmitted to the visual 

system. Hence, the retinal illuminance, which is defined as the amount of light entering the 

human eye, not only depends on the adaptation luminance, but also depends on the diameter of 

the pupil as well as the transmittance of the sensory eye structures which is called the ocular 

transmittance. The retinal luminance (Ὁ) is given by the following equation (DiLaura et al. 

2011): 

 Ὁ
ὒὃ†ÃÏÓ—

ρυ
 (3.16) 

Where: 

LA is the adaptation luminance  

Ap is the pupil area in mm2 

Ű is the ocular transmittance  

(—) is the angular displacement of the object relative to the line of sight  

 

The retinal illuminance unit of measurements is the Trolands. One Troland is defined 

as the illuminance at the retina when a human eye with a 1 mm2 pupil is observing a target with 

luminous power of 1 cd/m2 (Burns and Webb 1994). Hence the Troland can have a value of  

 ρ ὝὶέὰὥὲὨπȢππσυ ὰόάὩὲίȾά  (3.17) 
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 Yet, this value of Troland is based on a standard eye with no transmission loss in the 

ocular media. This means that two different observers with different-size eyes, different-size 

pupil, and different ocular-media transmission loss, viewing the same target will have different 

retinal illuminance. To solve this, Wyszecki and Stiles (2000) suggested the term ñTroland 

valueò to differentiate between the computed Trolands for a standard eye and the actual 

Trolands for an actual eye.    

The transmittance of the ocular media is the percentage of light that passes through the 

eye sensory structures combined, 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 

deteriorates as humans get older. Figure 3.11 shows the spectral transmittance of the eye 

sensory structures and Figure 3.12 shows the ocular transmittance of the human eye for different 

ages.  

 

Figure 3.11: The transmittance of the ocular media based on measurements on freshly enucleated eyes (Ramamurthy and 
Lakshminarayanan, 2015) 



 

92 
 

 

Figure 3.12: The spectral transmittances of different ages of the human eye. After Chaopu et al. 2018 

 

The retinal illuminance was incorporated in Rea and Ouellette numerical 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, Rea and Ouellette 

(1991) used the 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 Rea and Ouellette 

(1991) was as follows: 

 
Ὀ τȢχχ ςȢττÔÁÎÈπȢσὰέὫὒ  

(3.18) 

 

Figure 3.13 represents a three-dimensional view of relative visual performance (RVP) 

plotted as a function of retinal illuminance (Trolands) and contrast by Rea and Ouellette (1991).  
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Figure 3.13:  Three-dimensional 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 visually-controlled task. It involves many activities that the driver learns 

by experience and practice. Some other tasks depend on the spontaneous behaviour of the 

person sitting behind the wheel, which comes naturally with a healthy person. For example, 

Human eyes subconsciously move away from the fixation line of sight towards different 

fixation points on the view. This action is very necessary for driving as drivers should not only 

be able to identify targets on the road, but also traffic signs, pedestrians, shopsé.etc. on the 

side of the road. Moreover, these eye movements play 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 formed of the view and enclosed on 2o cone adjusted 

around the line of vision. This means that for detecting targets that are in the 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 with a maximum concentration at 15o from the direction of view. Thus, 

rods are important for off-line vision, also called, peripheral vision. Figure 3.14 shows the 

density of cones and rods in the human eye.  

 

Figure 3.14: Angular Distribution of Rods and Cones on the Retina (Wandell BA. Foundations of vision, 1995) 

 

Eccentricity is defined as the position of the target with respect to 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 (Inditsky et al. 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 visual size. However, 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.   

 

Figure 3.15: Probability of detecting a target as a function of the angle from the fixation visual axis (Inditsky et 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 complexity, in the context of this study, is defined as the degree to which the 

background, as a complex scene, interferes with the observerôs ability to detect and recognize 

a target at the forefront of that background. Under this definition, the background complexity 

is a function of the clutter and the variety of objects that are present in the background.  An 

example of a complicated driving scene can include a typical night-time driving situation in a 

busy city with high traffic flow, static and billboard lighting, building internal and floodlighting, 

sidewalk users, mid-lane and sideways street trees, and 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 target background 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 studied in the 

roadway lighting literature.  However, some studies were done with reference to computer 

vision and computer graphics (Langer and Mannan 2012). Visibility depends on the properties 

of the clutter, namely the size and density of occluders (objects that occlude the target) and the 

space between the occluders  (Langer and Mannan 2012). Bravo and Farid (2006) tested the 

effect of clutter and image manipulation on object recognition. They showed that the larger the 

number of objects that are in the background the higher the error of recognition and the longer 

the reaction time. They 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 clutter arrangement. Davoudian (2011) showed that the background lighting 

complexity is inþuential in the saliency of urban objects at night 

An example of complex driving scene is the presence of digital billboards which not only 

have a distracting effect for drivers (Edquist et al. 2011), but also increase the complication of 

the driving scene, and hence, it can be considered as a prime factor in raising the degree of 

complexity of the background. Many studies tried to measure the effect of the digital billboard 

as a stimulus of disturbance for the visual task of a night time driver. Edquist (2011) measured 

the effect of digital billboards during simulated driving for several drivers including older and 

inexperienced drivers. The study established a clear connection between the presence of 

billboards and the change of the driverôs visual attention patterns and consequently, the driverôs 
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mistakes. Marciano and Setter (2017) used a statistical approach to check the relation between 

digital billboards and night-time driving, they created a billboard pool which includes 161 

different real billboard photos and ranked them based on the density of information they 

contain. The results showed that labelled billboards significantly deteriorated the driver 

performance on the tracking task, while graphical billboards deteriorated the performance on 

colour change identification task. On the other hand, many other studies failed to establish a 

significant connection between the presence of digital billboards and the visual task of the night-

time driver such as Lee (2004, 2007). Yet, Lee studies were criticized by researchers for some 

methodological and analytical flaws (Wachtel 2007). 

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 scenes will not only deteriorate the 

driverôs visual task, it will also affect his visual performance negatively. A method for 

measuring the amount of information that a scene may include is by calculating the image 

entropy (Shannon 1948). This method is generally used in video gaming and image processing 

applications. The information entropy concept was firstly introduced by Shannon (1948) and 

can be understood as the level of information, surprise, or uncertainty in the variableôs possible 

outcomes. Nevertheless, 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 image (measured in bits). A low entropy image describes an 

image with low information content. i.e. a homogenous image.  While higher image entropy 

defines a more detailed image with higher information content.  
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Image entropy can be calculated by considering a certain image as a bag of pixels that has 

a defined number of colour intensity levels (k). Then the image entropy (H) can be calculated 

as (Shanon 1948): 

 
Ὄ ὴὰέὫὴ  

(3.19) 

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

This definition works for greyscale images as they have one band of colours only (grey). 

However, for coloured images, it works for one band of colours only. This means that the image 

entropy (H) can be calculated separately for each colour within a certain image. Hence, it more 

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, green, blue) colour 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 cathode-ray tube (CRT) screens and liquid 

crystal display (LCD) monitors.    

Image entropy has been widely used in image processing to evaluate the image quality (Tsai 

et al. 2008), face recognition applications (Aljanabi et al. 2018), authentication of art paintings 

(Sigaki et al. 2018), image compression (Li et al. 2020) and weather applications such as 

daytime fog detection (Craffa and Tarel 2014)  

It is believed that image entropy measurements are directly related to the complexity of a 

driving scene. Once a driving scene is dense with objects, lights, cars, billboards, and 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 complexity. A typical driving scene 
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has an average entropy values of 6.5 ï 7.5 bits. Figure 3.16 shows a normal driving scene with 

average complexity at Al Ain City-Abu Dhabi, UAE compared to a complex driving scene in 

New York City, USA. 

 

 

(a) 

A driving scene in Al Ain city-UAE with an average entropy 
value of 7.26 bits. Photo credits: author (2020) 

 

 

(b) 

A driving scene in New York City with an average entropy 
value of 7.83 bits. Photo credits: Tripsavvy.com) 

Figure 3.16: 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 are included 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 Glare 

 

Glare is a common problem in street lighting applications. The glare generated from 

street lamps and vehicle headlights is scattered across the observer eye, causing extra light 
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to be falling on the retina at locations surrounding the area directly illuminated by the glare 

source. This light adds more luminance to the observer visual field called the veiling 

luminance and has an effect of reducing the luminance contrast of the target. The luminance 

contrast is given by: 

 

 
ὅ

ὒ ὒ

ὒ
 

 

(3.20) 

 

Whereby, Lt and Lb are the luminance of the target and the luminance of the background 

respectively. Disability glare negatively influences the visual performance due to the light 

scatter acting at the observerôs eye. It acts as a bright veil taking place at the field of vision 

with an equivalent veiling luminance of (Lveil) which is given by the following empirical 

formula (Holladay 1926): 

 ὒ ωȢψφz
Ὁ

—
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 (3.21) 

Where, Eeye is the illuminance on the eye, q is the angle between the direction of the 

glare source light incidence and the viewing field (from 1.5o-60o), and A is the observer's 

age. This veiling luminance acting due to a glare source modifies the luminance contrast 

and change it from target contrast (Ct) to the effective contrast (Ceff), where: 
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(3.22) 
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Hence, disability glare affects the contrast negatively in a decreasing manner due to the 

increase in effective background luminance from ὒ to ὒ ὒ . This effect is increased for 

older drivers as they tend to have problems coping with disability glare (Davoudian 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 scene encountered in urban driving (Aslam et al. 2007) was used to 

calculate the effective contrast at different luminance contrast values based on equation (3.22). 

In this driving scene, the coming car headlamps were used as a glare source (Figure 3.17).   

 

Figure 3.17: Typical state of vehicle headlights encountered in urban driving. (Aslam et al. 2007) 

Based on this, the effective contrast has been calculated based on average background 

luminance of 1 cd/m2, which corresponds to the average recommended value by IESNA for 

expressway roadway with high pedestrian conflict area (IESNA RP-8-00, 2000). Figure 3.18 

shows the relation between the effective contrast and the target contrast at different veiling 

luminance values and Figure 3.19 shows the relation between the effective contrast and the 

veiling luminance at different target contrast values and an average background luminance of 

1 cd/m2. Values of veiling luminance in both graphs were chosen to be similar to those 

encountered in urban driving and based on typical vehicle headlamp intensities of between 

30,000 to 125,000 cd and a viewing distance of 50 meters (Aslam et al. 2007).  
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Figure 3.18: Relation between the effective contrast and the target contrast at different veiling luminance values and an 
average background luminance of 1 cd/m2 
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Figure 3.19: Relation between the effective contrast and the veiling luminance at different target contrast values and an 
average background luminance of 1 cd/m2 

 

The above figures clearly show that the presence of veiling luminance has a lowering 

effect on the target luminance contrast. Hence, instead of using disability glare as a single input 

variable, it was coupled with the luminance contrast, where lowering the luminance contrast in 

the proposed model to values that are similar to the effective contrast may correspond to 

situations where the disability glare is present.  Hence, the figures above were generated due to 

its importance in mapping the target luminance contrast to the effective contrast is 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 not to be considered 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 worst-case scenario such as the case of target movement. These variables 

can be summarized by the following: 

3.6.3.1 Exposure time 

 

Exposure time is simply the time available to see the target. Adrian (1989) established 

his visibility model on an exposure time of 2 seconds or unlimited exposure time. For situations 

where the target exposure time is less than 2 seconds, Adrian introduced a correction function 

to be multiplied by the threshold contrast (DLt=2S). This correction function is given by 

(Adrian,1989): 

 

 Ўὒ Ўὒ
ὥ‌ȟὒ ὸ

ὸ
 (3.23) 

 

Where a is a function of the target size, luminance level Lb and t is the exposure time.  In other 

words, at shorter exposure times, the threshold contrast (DL) should be increased to properly 

perceive the target.  

To mathematically check the effect of shorter exposure times on the luminance 

threshold (DL), the correction function ὥ‌ȟὒ has been calculated at different object sizes, 

luminance values, and exposure times. The results are shown in Figure 3.20 below.  
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(a) 

 

 

(b) 

Figure 3.20 Correction factor to the threshold contrast ŦƻǊ ŘƛŦŦŜǊŜƴǘ ŜȄǇƻǎǳǊŜ ǘƛƳŜǎ όŀύ ŘƛŦŦŜǊŜƴǘ ƻōƧŜŎǘ ǎƛȊŜǎ ʰ ŀƴŘ όōύ 
difference Luminance levels. (by author based on Adrian 1989)  bƻǘŜ ǘƘŀǘ ǘƘŜ ŜŦŦŜŎǘ ƻŦ ʰ ŀƴŘ [ is minimal compared to the 

effect of t.  

 

The figures clearly show that for exposure times between 0.5 second to 2.5 seconds, 

there is no significant difference in the value of the correction function a(a, L), which means 

that, for shorter exposure times up to 0.5 seconds, the reduction in the targetôs visibility is too 

small to be considered. Hence, exposure time will be assumed to be as 2 seconds, based on 

Adrianôs work, and the effect of shorter exposure times will not be considered as they are too 

small to have a measurable effect.  

3.6.3.2 Driver alertness  

 

Driver alertness refers to the situation where the driver is fully attentive and focused on the 

driving process. While driver distraction is the act where the driver is engaged with other 

activities during driving. Such activities include the use of cell phones, even in hands-free 

mode, handling car equipment such as radio and GPS, talking to another person, eating and/or 
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drinking, looking at roadway advertising and billboards, and many more. Lee (2009) defined 

driver distraction as óthe diversion of attention away from activities critical for safe driving 

toward a competing activityô.   

A great part of scientific research has been assigned to driver alertness and distraction, 

especially in the field of road safety and accident prevention. To start with, driver distraction 

has been classified into four types (Lee et al. 2009): 1) Manual distraction caused by the use of 

vehicle equipment and instruments, 2) Visual distraction where the driver is looking at an 

equipment or an outside scene. 3) Cognitive distraction when 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 the attention from the driving task.  

Muttart (2007) investigated the performance of simulated driving during a hands-free cell 

phone operation. They strongly suggested that driver awareness is reduced by the use of a 

hands-free cell phone. Moreover, they concluded that hands-free cell phone operation while 

driving is responsible for two major accident type, rear-end collision, and sideswipe accidents. 

Furthermore, a review by Stelling and Hagenzieker (2012) discussed the effects of talking and 

listening (including cell phone and another passenger) on the driving task, they suggested that 

the driving behaviour can have significant patterns of change while engaging in conversations. 

Of these patterns they mentioned, reduction of driving speed, longer reaction times, reduced 

visual focus, and missing targets. Also, digital billboards effect on the driving performance has 

been studied by numerous researchers (Edquist et al.  2011, Marciano and Setter 2017) where 

they established a measurable relation between digital billboards, especially those with 

animation, and the degree of distraction of drivers (see Background complexity P. 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 methods of collecting 

information were used. The first one was interviewing drivers after the collision and the second 

was monitoring drivers in real roads. Gathered data suggested that auditory distractions such as 

a conversation with passengers or listening to radio are prevalent distractions, and they are 

prominent to be incorporated in further lighting and hazard detection research.     

Although driver alertness and distraction may affect the visual performance of drivers/ 

observers, there is no enough data in lighting literature to quantify 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, drivers/observers, in the context of this study, will be assumed to be fully alert without 

any distraction at the time being, while further research in lighting and hazard detection, as 

suggested by Robbins and Fotios (2020) may allow for this work to include them in the future.  

3.6.3.3 Driver expectations 

 

Driver expectation describes the state in which the driver can expect and respond to the road 

environment. This includes the road layout, road-related patterns such as lighting and traffic 

signs, and most importantly, targets ahead of him. Driving expectation is very important in the 

driving task as drivers rely on their expectation at many driving situations, a most common 

scenario is speedy driving at highways where the time needed to process visual information is 

very short, as a result, drivers have a certain anticipation for the dynamics of the road 

environment that allows them to rely on their expectancy more than the visual information they 

get and process (Smiley 2015). Another example is pedestrian/animals congested areas where 
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drivers reduce their speed due to their expectation that a pedestrian/animal may be present at 

any time.  

To check the effect of driver expectation on the driving task. A unique study has been done 

by Roper and Howard (1938). Subjects were asked to drive a vehicle at night 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 back and approach 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) reasoned this by the ability of drivers on the second time to expect the target by knowing 

which pattern they should look for, and they suggested a 2:1 constant ratio between expecting 

and non-expecting drivers. 

Although Roper and Howard (1938) did not mention the amount of information that was 

given to the driver, such as the location of the pedestrian, colour clothing, pedestrian movement 

and the environment in which they did the test, their work is still significant as they were the 

first to establish a connection between driver expectation and driving performance. However, 

there has been a huge debate between researchers for the solidity of their findings. Hyzer (2004) 

reported conforming results in his work to assess the 2:1 expectancy rule of Roper and Howard 

(1938) in night-time motor. While Muttart (2016) suggested that a ñone size fits allò claim is 

not properly supported. They also reported that their experiments showed that the average 

detection distance for drivers who did not know the target was present is almost 12 times less 

than those who knew, dispelling the perception of 2:1 driver expectancy ratio. Furthermore, 
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Moretimer (1996) wrote: ñNo support was found for the 2:1 constant ratio between óexpectedô 

and óunexpectedô driver visibility in night driving.ò 

In all cases, the relation between driver expectancy and driving performance is clear and 

cannot be denied. Yet, to measure the degree of expectation and to check if there is a common 

response on driving tasks due to this is very hard. Hence, this work will adopt normal driving 

conditions where the driver is assumed to be fully experienced in the road environment and no 

unexpected targets are present. While this assumption may seem bland and hard to achieve, 

Muttart (2016) provided a well-established research with convincing results, therefore, for the 

time being, their ratio of 12:1 for driver expectancy can be used to correct the results of this 

work for unexpected drivers, if needed. Further future research related to this field can provide 

more insights on how to include driver expectations in the proposed FRVP model.  

3.6.3.4 Target movement 

  

Targets in real life can be moving or stationary. For example, a pedestrian before 

crossing can be considered as stationary, but once he is crossing the road, he is moving. 

Movement can be parallel, perpendicular, or in any direction with respect to the road axis. Yet, 

drivers respond more quickly to moving objects compared to stationary objects if they are 

wearing retroreflective or light clothing (Kledus et al. 2010), (Balk et al. 2008) and. However, 

when pedestrians were dresses in black, there was no significant difference in the response of 

drivers with respect to target movement (Muttart 2013). 

Moreover, target movement affects the threshold contrast needed to perceive the target. 

Figure 3.21 shows the effect of the movement on the threshold contrast needed to perceive a 5o 

bar pattern target moving at 24o/s (filled square) or stationary (empty circle) under a background 
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luminance of 9.8 cd/m2 and different eccentricity values. The figure shows that at the 

eccentricity value of zero (the target is located on the driver visual axis), the threshold contrast 

needed to perceive the target is almost the same value for both a moving and stationary target. 

However, when the eccentricity increases, the threshold contrast for the moving target remains 

approximately constant at low threshold values, but the stationary target threshold increases 

dramatically with increasing the eccentricity angle. Moreover, the threshold contrast for a 

stationary target is always higher than that for a moving target regardless of the eccentricity 

value.  

Based on this, and considering the worst-case 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.   

 

 

Figure 3.21: Threshold contrast plotted against eccentricity for stationary and moving bar pattern targets. (After Rogers, 
1972.) 
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3.6.3.5 Chromatic contrast  

 

Chromatic contrast refers to the contrast of colours, and colours are determined by the 

wavelengths emitted from the target. While luminance contrast depends on the total amount of 

light emitted from a stimulus and ignores the wavelengths, chromatic contrast depends on the 

colours of the stimulus and its background. Chromatic contrast is very important for the 

visibility of coloured objects with the presence of a coloured background. In fact, it is possible 

to detect a certain target with zero luminance contrast if there is a colour difference between 

the object and its background (Boyce 2003).   Furthermore, at low luminance contrast values 

(less than 0.1 or 0.2), colour contrast is the prime factor that makes targets visible (Guth and 

Eastman 1970), (OôDonell and Colombo 2008).  

While Adrian (1989) mentioned that colour differences between the target and its 

background can make the object visible, even if they have the same luminance. He neglected 

the effect of the chromatic contrast since road lighting visibility is mainly associated with 

brightness difference perception. In other words, Adrian (1989) suggests that at roadway 

lighting, there should be a luminance difference between the target and the background in order 

to perceive it. On the other hand, Raynham (2004) suggests that despite the shrinking of colour 

vision at low levels of lighting, colour contrast is still an important factor in vision and its 

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

Although chromatic contrast is 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 and 

revised, the possibility of including the effect of chromatic contrast in the proposed model can 

make good developments in 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 adaptation is cases 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. Transient adaptation is usually unnoticeable indoors 

at normal conditions. Yet, it is substantial in a situation 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 adaptation, where the threshold contrast (DL) will be higher than its normal 

values (steady-state value). However, when the difference in luminances does not overstep a 

certain value ( ς log units), the transient adaptation will likely happen quickly and the 

threshold contrast will return to its steady-state value in almost 0.2 seconds.  

Hence, it will be assumed that the transient adaptation problem is not significant enough to 

be considered in this model. This is based on Adrianôs justification (1989) of the exclusion of 

transient adaptation in his model, and based on the assumption that this study is adopting normal 

driving conditions where the transient adaptation is unnoticeable (Boynton and Miller 1963). 

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

Fuzzification is a process in which a certain crisp variable is converted into fuzzy. This is 

primarily possible if one can establish that the variable under consideration is not deterministic 

and carries a considerable amount of uncertainty due to imprecision, ambiguity, or vagueness 

(Ross 2017). Then, the variable can be represented using an appropriately designed membership 

function which can characterize the vagueness, or most accurately, the fuzziness of the variable. 

Membership function was first introduced by Zadeh (1965) in his first research paper ñFuzzy 

Setsò.  

 The output of the fuzzy model is based on the fuzzification of the input/output parameters 

presented in the membership function. A membership function represents the degree of truth 

involved in a vaguely defined subset that is limited by the range from 0 to 1, where 0 defines a 

non-existent association with the variable subset and 1 defines full association. Consequently, 

values between 0 and 1 represents a partial association in the variable subset. This can be clearly 

understood by considering the temperature representation example shown in Figure 3.22. The 

figure on the left (a) shows a classical set for the temperature variable where the subsets ñlowò, 

ñmediumò and ñhighò  are bounded in a certain crisp (sharp) range of temperatures. Moreover, 

and temperature value will have a degree of truth of either 0 or 1 only in a certain subset. In 

other words, based on the classical set representation, temperatures can only be low, 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 temperatures between 30 oF and 70 oF 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 were changed into vague or smooth boundaries in the fuzzy set allowing the 

variable values to belong to one, two, or even three subset simultaneously.  

 

Figure 3.22: Representations of classical and fuzzy sets (Bai and Wang, 2006 ) 

 

Hence, a fuzzy set allows a certain element to have a partial 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 element x as a member of this fuzzy set. This mapping can be donated 

mathematically as: 
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(3.24) 
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This means that a subset A with element x has a membership function of ‘ ὼ in the 

universe of disclosure (X). If this unit of disclosure (X) is discrete and finite (as opposed to 

continuous and infinite), this mapping can be expressed as: 
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(3.25) 

 

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

in Figure 3.23 where members x1, x2, and x3 have a full membership in the subset (B) while 

members x4 and x5 have partial membership ( 0.7 and 0.3 respectively.). The mathematical 

expression associated with this mapping is as follows: 
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Figure 3.23: The comparison between classical and fuzzy sets. (Bai and Wang,2006) 
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Membership functions can take any shape or form as long as it describes the fuzziness 

incorporated within the variables under consideration and varies from 0 to 1. The most common 

membership function forms are triangular, trapezoidal, Gaussian, and Bell-shaped (Figure 3.24 

). However, despite the membership function from is very important for the outcome of the 

fuzzy logic system results, the number of membership functions involved in the representation 

of the variable, the total range of the variable, and the interval of each subset is also very 

important. For example, consider the representation of age as the variable under consideration, 

once can classify age subsets as {young, old, very old} where the total range is πO ρππ years 

and intervals of {0, 50,100}. However, others can classify the same variable as {very young, 

young, old, very old} with a total range of ρψO ψπ and intervals of {18, 45, 60, 80}.  

 

Figure 3.24: 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, 50). (Researchhubs.com, 2015) 

 

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

range, and subset interval, the process is not merely arbitrary. Many studies tried to propose 
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directions to select the appropriate membership function depending on the field of study (Wu, 

2012), (Rutkowska 2016). However, these directions can be used for insights and 

recommendations. Simply because the actual design of the membership function depends on 

the nature of the problem such as its type and size, and more importantly, it depends on how 

one believes a certain variable can be represented in linguistic terms. The trial and error method 

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

understanding of the nature of the variable plays the biggest part (Sadollah 2018).  

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 membership function that describes the 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 as visibility variables 

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 variables may conform to a single study and may 

not be in accordance with 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 the most recent, to have the most suitable membership function 

representation.  

The membership function type (triangular, trapezoidal, Gaussianéetc.) as well as the 

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 time visibility of targets. For 

example, for the variable of age, the selected range was from 18 to 80 years old which 

corresponds to the age of licensed vehicle drivers in most countries. While for the variable 

of retinal illuminance, the literature has been studied to determine the typical driving 

conditions at night, and calculations were made to determine the minimum and maximum 

values needed to define the range. However, some variables range has been extended to 

include more information such as visual size since the current models are limited to a certain 

visual size value such as the STV model (IESNA 2000), which is only considering targets 

with small visual size.  

The following shows the method of Fuzzification for all independent visibility variables 

that were included in this model as well as FRVP 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 (1986) Rea and Ouellette (1988 and 1991). It is believed that what defines the luminance 

contrast to be high or low is the way it affects the visual performance. This means that the 

luminance contrast can be considered as high if it yields to high RVP at relatively low values 

of background luminance (LB) and vice versa. Figure 3.25 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/m2, while a luminance contrast values of 0.2 and less are generally producing 

lower RVP values cannot provide high RVP unless the background luminance is almost 

doubled (around 30 cd/m2). 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 between 0.2-0.6 can be 

considered as medium. The luminance contrast membership function is shown in Figure 3.26. 

The figure shows that the low luminance contrast has a 100% degree of membership in ñlowò 

when the values are between 0-0.2. Further increase in the luminance contrast (up to 0.4) means 

that the degree of membership in ñlowò is decreasing until it reaches 0% at 0.4, which defines 

the peak of the medium membership function subset (100 % degree of membership in medium). 

The range of between 0.2 to 0.4 marks a combination of low and medium contrasts with varying 

degrees of membership in both (partially low and medium). For example at a luminance contrast 

of 0.3, the degree of membership in ñlowò and ñmediumò contrast is 50%. The same applies to 

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 ñhighò luminance contrast subset with a membership degree of 100% in ñhighò.   

 

Figure 3.25: Luminance contrast fuzzy sets. (Rea and Ouellette 1991) 
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Figure 3.26: Luminance contrast membership function 

 

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

the below equations  
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The above membership function for representing the luminance contrast as an input 

variable for the FRVP model can be used if the contrast polarity is not considered. Indeed, it 

was used in the FRVP model before deciding to consider the contrast polarity. But with the 

presence of contrast polarity, the above membership function cannot be used unless considered 

as positive contrast then multiplied by the contrast polarity correction factor (FCP) provided by 

Adrian (1989) as expressed in Eqn. (3.8 ). 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 negative contrast critical values, that should be explicitly included in the 

membership function, may not be accurate. Alternatively, it was decided to design two 

membership functions for both positive and negative contrast.  

When it comes to seeing targets in outdoor driving conditions, pedestrians are seen under 

positive contrast until the distance between the driver and the pedestrian becomes short as 

shown in Figure 3.27 (Meyer and Gibbons 2001), where the luminance contrast values to the 

left of the intersection point between the target luminance line and the background luminance 

line represent negative contrast, and value to the right of the intersection point represents the 

positive contrast. This was justified by Meyer and Gibbons (2001) 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 background darker than the target (positive contrast). 

Whereas, as the observer approaches closer to the pedestrian, the background becomes more 

composed of the road surface behind the pedestrian, which makes the background brighter than 

the target (negative contrast). 

 Some studies show that targets under negative contrast have longer recognition distance 

than those under positive contrast (Janoff 1994).  Pedestrian contrast measured using an 
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imaging photometer in lit streets showed contrast ranging from -0.55 to 6.56 (Tomczuk 2012).  

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 the concept of dominant contrast (Saraiji and Oommen 2015). 

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

be developed. The membership function for the luminance contrast is a function of the context 

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

 

Figure 3.27: Comparison between target and background luminance as a function of distance. (Meyers and Gibbons 2011) 

  

As a result, two membership functions have been developed to account for positive and 

negative contrasts based on the contrast sign convention proposed by Adrian (1989), which 

defines the target contrast as positive if the target is brighter than the background and vice versa. 

Figure 3.28 shows the Mean percentage probability of detection as a function of contrast for 

both decrement experiment (a) and increment experiment (b) developed by Rea and Ouellette 

(1988). For both cases, high contrast can be defined as the contrast that results in over 90% 

probability of detection for a small target seen at low retinal illuminance and small visual size 
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while low contrast results in a 50% probability of detection under the same conditions. It should 

be noted that the range for retinal illuminances for the decrements and increments were different 

in Reaôs experiment. Rea justified this as the data for increment experiment did not reach an 

apparent level of saturation under small targets and low retinal illuminances.  

Hence, for decrement targets, the figure shows that 90% probability of detection can be 

achieved under a contrast of almost 1.2, and a probability of detection of 50% can be achieved 

at a contrast of almost 0.8. Similarly, for increment targets, high can be achieved under a 

contrast of almost 0.17 (say 0.2) while low contrast can be achieved at 0.1.  

 

 

 (a) 

 

 

 

(b) 

Targets darker than the background (decrement targets) Targets brighter than the background (increment targets) 

Figure 3.28: Mean percentage probability of detection as a function of contrast. (After Rea and Ouellette 1988) 
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Based on the above, the positive contrast membership function can be represented as 

shown in Figure 3.29 

 

Figure 3.29: Positive contrast membership function 

 

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

following form 
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 On the other hand, the negative contrast can be represented as per the membership function 

shown in Figure 3.30.  

 

Figure 3.30: Negative contrast membership function 

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

following form 
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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 the conditions of 

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 of age-dependent light scatter in 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 retinal illuminance and therefore on visual performance, Rea and Ouellette (1991) point out 

that these equations should be considered ñhighly tentativeò.   Furthermore, the current RVP 
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model is limited to the age group of 20-65 years and was based on experimental data 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 hand, using the characteristic function of a fuzzy set, the membership is 1 for 

age less than 20 and there 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 function.  The experiments that were done to develop the RVP model were based 

on young subjects with a mean age of 21 years.  To correct for the effect of age Rea (1991) used 

an age factor to reduce the retinal illuminanceὍ , measured in Trolands.  The argument here 

is that the age reducesὍ . The RVP will be the same for two situations with the sameὍ . For 

example, for an observer who is 60 years for age, the Ir can be corrected using: 

 Ὅ ὖὒ“ὶ (3.39) 

 ὖ ρ πȢπρχὥὫὩςπ (3.40) 

 

Whereby LA is the photopic adaptation luminance in cd/m2 and r is the pupil radius in 

mm.    The reduction in Trolands will result in a reduction in retinal contrast. Rea and Ouellette 

(1991) 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 that 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. Age is one of the most important factors in defining 

the visibility 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 age relative to younger 

age observers Figure 3.31 developed by Blackwell and Blackwell (1980) was found to be 

suitable to define the membership function of visual age in the current model.  

 

Figure 3.31: Visual age fuzzy sets based on multiple of the threshold contrast required for higher age observers ( after 
Adrian, 1989). 

The figure shows that there is no significant difference in the multiple of threshold value 

for ages between 20 to almost 42.5 years old, this means that this age group has the same 

characteristics with respect to visibility even though the age varies. Hence, this age group can 

be considered as the ñvery youngò age group. The figure also shows that there is a significant 

difference in the multiple of threshold contrast between the age groups from 42.5 years to 

almost 67.5 years and from 67.5 years to 80 years. This suggests that ages above 42.5 can be 

considered as young while ages between 67.5 to just below 80 can be considered as old. 

However, despite the range of the ages presented in the graph ends at 80 years, the slope of the 

curve for the old age group (67.5-80) 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 age group of ñVery oldò for observers above 80 

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 fuzzification and de-fuzzification   

Based on this, the membership function of the age was developed and shown in Figure 3.32 

 

Figure 3.32: Visual age membership function 

The mathematical representations of the visual age membership function is shown in the below 

equations 
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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 measured in a solid angle unit of 

(Steradians) which takes into 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 angle ύ can be approximated by using the following equation 

 ύ
ὃÃÏÓ—

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

the inclination angle.   

The membership function can be determined by finding the relative visual performance 

value (Rea and Ouellette 1991) of various visual sizes.  For example, the visual size of 130 

Microsteradians will make most of the RVP values greater than 0.8 which is the Plateau region 

of RVP, and would, therefore, be classified as a large size.   On the other hand, a visual size of 

1.9 Microsteradians, will need high contrast and high retinal illuminance to get the RVP into 

the plateau region and would, therefore, be classified as small.   

Different visual sizes were calculated based on common stopping distance for a vehicle 

traveling at 100km/hr (AASHTO 2011) and common obstacles that could be found in roadways 

and they are shown in Table 3.3 and Figure 3.33. The importance of this step was to get an idea 

of how to characterize the size in terms of small and large from a practical point of view. The 

stopping distance of (AASHTO 2011) was used in a driving task as a way to give an idea of the 

visual sizes that could be encountered.   

Hence, a small size target can be defined as the target that results in high threshold 

contrast given a high retinal illuminance (0.53 Trolands).  From  Figure 3.34, we find this to be 

3 Microsteradians which is equivalent to a cat seen from a 185-meter distance as per Table 3.3. 

On the other hand, a target of large size is the one that results in low threshold contrast given a 

low retinal illuminance, which gives us a value of 20 Microsteradians this is equivalent to a 165 

cm tall pedestrian seen from 185 meters.  A square box of 20x20 cm, which is the size of the 

target used in the STV model (IESNA 2000), seen from 185 m distance results in a visual size 

of 1 Microsteradian. The proposed fuzzy set of target size is shown in Figure 3.34 and the visual 

size membership function is shown in Figure 3.35.  
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Table 3.3: 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 

(cm x cm) 

Area 

(m2) 

Visual Size 

(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 

 

 

 

 

 

 

 

 

  

 

Figure 3.33 Solid angle subtended by a still car, Human, 20x20 cm square and a cat located at the fixation line of sight as a 
function of the distance between the observer and the standing vehicle. 
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Figure 3.34  Visual size fuzzy sets based on threshold contrast as a function of target size (steradians) for positive and 
negative contrast and different retinal illuminances.(after Rea and Ouellette 1988) 

 

 

Figure 3.35: Visual size membership function 

The mathematical representation of the visual size membership function is shown in the 

below equations:  
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3.7.4 Retinal illuminance 
 

To use an exact value for adaptation luminance in a visibility model is impractical.  This 

is because the eye is in a constant state of adaptation.   In a day-lit office, for example, the eye 

could adapt to the luminance of the sky, then to the luminance of the computer screen, then to 

the luminance of the desk, etc.   

In real-life 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 standing still or 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 in Trolands. 
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To have an idea about the retinal luminance in practice, practical values of adaptation luminance 

(cd/m2) were collected from different resources and represented in Figure 3.36. This step was 

necessary to select the range of adaptation luminance values encountered in typical night-time 

driving situation. The figure (in log scale) shows that 100,000 cd/m2 can be used as a good 

approximation for high adaptation luminances. Then, Figure 3.12 was studied in order to find 

the average ocular transmittance for different age groups at wavelengths corresponding to the 

visible light. The results are shown in Table 3.4.  

 

Figure 3.36: Example of luminances for different targets and scenes  

 

Table 3.4: 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 using equation (3.16) considering a range 

between 0 and 100,000 for the adaptation luminance. The results are shown in Figure 3.37, the 

figure shows the relation between the retinal illuminance and the adaptation luminance (in log 

scale) and based on ocular transmittance data obtained from (Chaopu et al. 2018). Hence, a 

range of retinal illuminance from 0 to 100 was selected. Values of 0 retinal illuminance 

corresponds to situations lower than the threshold of vision. While retinal illuminance value of 

100 corresponds to an adaptation luminance of almost 5,000 (Figure 3.37 ), which is almost to 

the same as the typical scene in full sunlight (Figure 3.36 ).  

 

 

Figure 3.37: relation between retinal illuminance and the adaptation luminance (in log scale) 

 

A high retinal illuminance can be defined as the one that results in a threshold contrast of less 

than 0.1 for the smallest visual size target ( 0.2 Microsteradians), based on the work of Rea and 
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Ouellette (1988) and shown in Figure 3.38.  This makes a retinal illuminance of 30 Trolands or 

more to be high.   A low retinal illuminance can be defined as the one that results in a threshold 

contrast greater than 0.6 which leads to a value of 0.8 Trolands or less. The membership 

function of the retinal illuminance fuzzy set is shown in Figure 3.39.  

 

 

Figure 3.38 Retinal illuminance fuzzy sets based on threshold contrast as a function of retinal illuminance. (After 
Rea and Ouellette 1988) 
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Figure 3.39: 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 axis, b) away from the visual axis, c) far from the visual axis.  

One can define the eccentricity based on the probability of detecting a target (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 and a size of 10 min of arc will be used to define the 

membership function of eccentricity.  As can be deduced from Figure 3.40, a target with  q > 

20 degrees will have less than 15% chance of detection whereas targets within 6 degrees of the 

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

eccentricity fuzzy set is shown in Figure 3.41.  

 

 

Figure 3.40: Eccentricity fuzzy sets based on the probability of detecting a target as a function of the angle from the fixation 
visual axis. (Inditsky et al.. 1982) 
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Figure 3.41: 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 in the previous chapter, background complexity can be represented using the 

entropy of the driving scene image. With the use of image processing techniques, image entropy 

(measured in bits) measures the level of information content enclosed with a certain driving 

scene image. A low image entropy defines a low complexity driving scene and a high image 

entropy defines a high complexity driving scene. A typical driving scene can have an image 

entropy value of 6.5-7.5 bits (measured).  

To measure entropies of different driving scenes, the Matlab image processing toolbox 

has been used, then a code has been written ( by the author of this work) to measure the entropy 

of RGB images (Red, Green, Blue). The first step of the calculation is to split the image into 3 

channels corresponding to RGB scheme. This 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 image. Then the colour value distribution showing the frequency of occurrence for 

each colour level value with respect to the colour intensity levels is plotted. This plot is called 

the image histogram and is shown in Figure 3.42 andFigure 3.43. 

An image histogram is generated by defining equally spaced data values corresponding 

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 for grey-scale and RGB colours 

histogram generation (Figure 3.43). The next step is to calculate the probability associated with 

a certain colour intensity level (ὴ) by converting the histogram data counts into three vectors 

corresponding to the RGB colours. This means that for each RGB channel and its components, 
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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 night-time driving, where the background is dark enough to 

be considered as black, it is important to get rid of zero entries enclosed in each RGB colour 

histogram for two reasons; the first one is related to the entropy of the black colour (H=0), 

which makes it mathematically impossible to continue with the calculation (the dominator in 

the next equations will 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 since all night-time 

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

 

 

Figure 3.42: Colorful houses and boats in Burano Island, 
Italy (Shutterstock 2018) 

 

Figure 3.43: RGB image histogram for Figure 3.24 (by 
author) 

 

As images differ in size and resolution, it is very important to consider the dimension 

of the image. Hence, the data obtained from the image histogram are normalized with respect 

to the total number of pixels. This is usually done by dividing the RGB channel data by the total 

number of pixels in the image in order to ensure that the sum of all entries of each RGB vector 

will be equal to 1.  
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 The next step is to calculate the image entropy (H) for each RGB colour channel using 

the below equation (Shanon 1948): 

 
Ὄ ὴὰέὫὴ  

(3.59) 

However, the result will be three image entropies for each RGB channel. The average 

can be taken as a metric of information content stored within the image (Laskar and 

Hemachandran 2012). However, average calculations are usually sensitive to extreme values, 

which means that if there is an eccentric value associated with any colour frequency at a certain 

pixel, it will shift the average entropy value towards itself resulting in either underestimating 

or overestimating the value of the image entropy. In other words, this means that the calculated 

image entropy in such a case will be largely affected by the dominating colour, and loosely 

associated with the distracting items within the night driving environment (billboards, building 

lights, and traffic lightsé.etc.) 

Hence, another method of obtaining the combined image entropy of the driving scene 

was used. This method involves converting (vectorizing) the RGB channel data into a vector 

with a number of entries equal to the total number of entries for the three individual vectors 

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 for the non-homogeneous distribution of 

colours due to the distractions enclosed within a driving scene. Hence, even if the values of the 

combined image entropy is based on a higher number of entries (768 instead of 256), it is 

considerably more accurate than using a largely shifted average image entropy value that is 

affected by any dominating colour within the night-driving scene 
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Then the combined image entropy (H) can be calculated for the image using equation ((3.59). 

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 colours. To make things easier, a 

Matlab-based computer software has been generated to calculate the entropy of different driving 

scene images. The software allows the user to browse into the selected image, then gives the 

value of the entropy. Table 3.5 shows the entropy of different images calculated using the RGB 

entropy software.  

Table 3.5: Image entropy for different driving scenes 

Image RGB Entropy  Classification 

 

 

1.99 bits Low complexity 

 

 

2.561 bits Low complexity 

 

 

5.928 bits Low Complexity 
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Image RGB Entropy  Classification 

 

 

 

6.464 bits 
Medium Complexity 

 

 

7.498 bits High Complexity 

 

7.834 bits High Complexity 

 

However, since the concept of image entropy is not so familiar outside the computer 

and image 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 ranges from 1 to 3 where 1 corresponds to the lowest complexity, 2 for 

medium, and 3 for the highest complexity. 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 and 3, including non-integer values. While other scales are crisp, which enables the user to 

select crisp values only such as 1, 2, or 3. This gives more convenience to lighting professionals 

to decide on the degree of complexity of the background. At the same time, the FRVP software 



 

146 
 

enables the user to either use the proposed scale and select any value between 1 and 3 based on 

his judgment, or browse for a certain driving scene image in which the entropy will be 

calculated and mapped to the background complexity scale, then used as an input for the FRVP 

model. The proposed scale is shown in Table 3.6.  

Table 3.6: 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) 6.5 ï 7.4 

3 (High) χȢυ 

 

Hence, the membership function for the background complexity can be presented in Figure 3.44 

 

Figure 3.44: Background complexity membership function: 

The Background complexity membership function is represented mathematically by the 

following set of equations 

 

 ὄὥὧὯὫὶέόὲὨ ὧέάὴὰὩὼὭὸώ‘ ὼ 

Where π ὼ σ ὥὲὨ ‘ ὼᶰ πO ρ 
(3.60) 
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3.7.7 Visual performance 

 

FRVP stands for Fuzzy Relative Visual Performance and it is the output of the visibility 

fuzzy logic model under consideration. RVP model (Rea and Ouellette 1988, 1991) is the 

base considered while developing the membership function of FRVP.  Figure 3.45 shows a 

3D representation of RVP as a function of luminance (candela/m2) and 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 that at the RVP value of 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 increasing RVP. The same applies to low values of luminance 

where increasing the contrast does not help in increasing RVP values.  
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Figure 3.45: RVP model 3D presentation (Rea and Ouellete 1991) 

 

Hence, the same approach was considered for 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 0.5 as 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 values of between 0.5 to 0.9 are not 

low and not high either, they are something in between having a certain degree in 

membership in both low and high. Figure 3.46 shows the membership function of FRVP 

based on the above criteria.  
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Figure 3.46: Fuzzy relative visual performance (FRVP) membership function 

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

of equations 

 

Ὂόᾀᾀώ ὙὩὰὥὸὭὺὩ ὠὭίόὥὰ ὖὩὶὪέὶάὥὲὧὩ ὊὙὠὖ‘ ὼ 

Where π ὼ ρ ὥὲὨ ‘ ὼᶰ πO ρ  

(3.64) 
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3.8 Indoor illuminance variables  
 

The fuzzy indoor illuminance model (FIIL) employs three input variables and one 

output. The input variables are the visual age, task difficulty, and task characteristics. The 

output of the model is the fuzzy illuminance in lux. Figure 3.47 shows the FIIL model input 

and output variables. Although uniformity was not considered in the FIIL model 

development, horizontal illuminance is often specified with illuminance uniformity as a 

design criterion for indoor lighting. Hence, a membership function was designed for 

illuminance uniformity (average/minimum) and was used in the FIIL software only to check 

the illuminance uniformity based on the user calculated uniformity. 

 

 

Figure 3.47: Indoor illuminance selection method (FIIL) flow chart 

 

3.8.1 Visual age 
 

The effect of visual age on vision has been studied in previous sections (see page 80). 

The main effect of age was found related to reducing the amount of light entering the human 

retina. This is mainly 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 eye. Moreover, 

older persons are less able to adapt to low light levels compared to young 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 level reaching the eye (Figure 3.5).   

The illuminance determination procedure established by the IES lighting handbook 

(DiLaura et al. 2011) provided illuminance recommendations based on visual age groups. 

Observer visual age was categorized into three categories, below 25 years, between 25 to 

65 years and above 65 years old. However, to use these recommendations, it is necessary to 

make sure that 50% or more of observers occupying the space under consideration belong 

to a certain age group.   

The membership function for visual age used in the FRVP model (Figure 3.32) was 

developed in earlier sections (see page 126) where four visual age subsets were introduced 

{very young, young, old, very old} based on critical values obtained from the multiple of 

the threshold contrast required for higher age observers (Figure 3.31- after Adrian 1989). 

The utilizing of four visual age subset for the FRVP model was done as the FRVP model 

was studied in road lighting context, where the degree 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 subsets, and 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 observers in distant and 

uncorrected 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 same ability to read 
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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 widths needed to read the letters 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 graphical representation of the membership function shows that 

observers below 40 years are considered young with a membership degree of 100%. After 

40 years. The ñoldò subset starts and peaks at almost 52 years of old, which marks the age 

that has a 100% membership degree in the subset. The ñvery oldò subset starts increasing 

from observer age of 65 years (end of medium subset) and 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 ñvery oldò subset.    

 

Figure 3.48: Subtended line widths of letters that can just be read by 50% of observers in distant vision. (After US 
Department of Health, Education, and Welfare, 1964) 
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Figure 3.49: Observer/worker age membership function 

The mathematical representation of the visual age membership function is shown in the below 

set of equations: 

 

 ὃὫὩ‘ ὼ 

Where 18 ὼ ρππ ὥὲὨ ‘ ὼᶰ πO ρ 

(3.68) 

 

 

‘ȟ ὼ

ρ ȟ                           ὼ τπ

υςȢυ ὼ

υςȢυ τπ
 ȟ               τπ ὼ υςȢυ

 

 

(3.69) 

 

 

‘ȟ ὼ

ừ
Ử
Ừ

Ử
ứ
ὼ τπ

υςȢυ τπ
 ȟ                τπ ὼ υςȢυ

φυ ὼ

φυ υςȢυ
 ȟ               υςȢυ ὼ φυ

 

 

 

(3.70) 

 

 ‘ȟ ͺ ὼ

ὼ φυ

ψπ φυ
 ȟ                φυ ὼ ψπ

ρ ȟ                                  ὼ ψπ

 (3.71) 

 



 

154 
 

3.8.2 Task difficulty (task characteristics) 
 

Visually difficult tasks can be defined as tasks that have visual stimuli close to visual 

threshold (stimuli just to be seen), in which visual information is difficult to be extracted 

(Boyce 2014). The visual system extracts visual information from the visual environment 

in a way that is described as a ñsignal-to-noiseò notion (Rea 2000), where the desired 

information is the signal, and the remaining information in the visual field is the noise. 

When the visual task has certain characteristics that make the ñsignal-to-noiseò ratio low, it 

can be considered a difficult task.  

Studies conducted by Weston (1935, 1945) suggest that visual tasks with characteristics 

involving small visual size, and/or low luminance contrasts, can be considered as difficult 

tasks. Figure 3.50 shows the Mean performance scores for Landolt ring charts of different 

critical size and contrast, plotted against illuminance (Weston 1945). The figure shows that 

as the visual size (min arc) of the Landolt ring critical detail (gap) decreases, along with the 

luminance contrast, the speed and accuracy needed to identify the Landolt ring gap decrease 

(mean performance score). Moreover, the figure also shows that Landolt ring gaps 

perceived under low illuminance values can add to the difficulty of the task. However, 

increasing the illuminance follows a law of diminishing outcomes, 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 value in which 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 the il luminance. 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 mean higher levels of adaptation, and consequently, higher visual 

performance. Rea (1988) provided an example to show this by considering how difficult it 

would be to read a newspaper under an illuminance of 10 lux, compared to reading the same 

paper under 100 lux.  

 

Figure 3.50: Mean performance scores for Landolt ring charts of different critical size and contrast, plotted against 
illuminance. (After Weston 1945) 

 

IES older version of the lighting handbook (IES 1912-2000) classified visual tasks as 

easy, medium, and difficult (Table 2.1). This classification is based on the task visual size, 

luminance contrast, and task reflectance, which is defined as the ratio of the reflected 
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luminous flux to the incident luminous flux. Based on this classification, as easy visual task 

can be defined as having a large visual size, high luminance contrast, and high target 

reflectance, while the difficult visual task is the opposite. Older versions of the IES lighting 

handbook provided nine levels 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 (DiLaura et 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 dark-adapted situation (A) and ends by some healthcare procedural situations (X 

and Y).   

Alternatively, visual tasks can also be classified as having: {low difficult y, medium 

difficulty, and high difficulty}, which is the classification adopted in developing the task 

difficulty membership function. While IES handbooks provided several categories of task 

difficulty/characteristics, it was difficult to quantify the task difficulty in a certain range of 

values that correspond to {low, medium, high} difficulty/characteristics, especially 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 to employ 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 90%. Values between 10% and 90% are considered 

in the medium subset but with different degrees of membership. The membership function 

of the task difficulty is shown in Figure 3.51.      
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Figure 3.51: Task difficulty membership function 

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

below set of equations: 
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3.8.3 Task importance 
 

Task importance describes the significance of the consequences related to performing a 

certain task. For example, some tasks require only detection and/or recognition such as 

reading a newspaper or watching television. These tasks may not include any significance 

in their task performance consequences, and thus, can be considered as low importance 

tasks. However, some other tasks such as medical surgeries, night-time driving, and 

working with heavy/sharp equipment, have high significance of consequences, hence, the 

importance of speed and accuracy is high and health and wellbeing may be at risk. Hence, 

they can be considered as high importance tasks.    

The Illuminance determination system proposed by IES lighting handbook (DiLaura et 

al. 2011) provided five levels of task importance (Figure 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 less-cognitive such as orientation and physical tasks, 

and ends with tasks that are unusual, extremely minute, and/or life-sustaining cognitive 

tasks such as healthcare, industrial, and sports.  

As with task difficulty, the same problem of quantifying the task importance was also 

encountered during the design of the membership function. Although many levels of task 

importance were provided by IES (DiLaura et al. 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 

membership function, especially with the large difference in illuminance values with respect 

to changing the task importance level. Hence, the same imaginary scale that was used earlier 

in defining the task difficulty membership function, was again used to define the task 

importance membership function. However, the low subset was considered to be below 



 

159 
 

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 shown in Figure 3.52 

    

 

Figure 3.52: Task importance membership function 

 

The mathematical representation of the task importance membership function is shown in the 

below set of equations: 
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3.8.4 Illuminance Uniformity 
 

The illuminance uniformity is a measure of the variation of illuminance at different 

points. The latest IES lighting handbook (DiLaura et al. 2011) indicated that illuminance 

uniformity usually is usually calculated as a ratio between:  

¶ average/minimum: in situations where illuminance too far below average 

conditions is noticeable and detrimental to task performance or inconsistent with 

normal expectations 

¶ maximum/minimum: in situations where too much variation in illuminance is 

considered undesirable and untenable from a performance or safety perspective 

¶ average/maximum: in situations sensitive to even 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 the outcome in a certain space. The illuminance uniformity 

membership function (average/minimum) was developed based on the values provided by 

the IES lighting handbook (DiLaura et al. 2011), where uniformity values below 2 were 

considered as low, medium starts above 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 in Figure 3.53 
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Figure 3.53: Uniformity membership function 

The mathematical representation of the task importance membership 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 user to check and assess the uniformity of his space lighting design. 
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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 Illuminance  
 

Illuminance is defined as the luminous flux incident on a surface per unit area. Illuminance 

is measured in lumens/m2 which equals to 1 lux. Work-plane illuminance is one of the most 

widely used lighting metrics in the industry. 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 work-plane.  Design targets are based on the function of 

the space.  The design targets often specify average work-plane horizontal or vertical 

illuminance. 

One can define the horizontal illuminance in four subsets; Low, Medium, High, and 

Very high as shown in Figure 3.54.  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 target horizontal illuminance is 

500 lux, then the figure shows that this belongs to the Medium Illuminance subset and a 

maintained average illuminance of 450-550 lux will be on target (100% membership degree 

in medium subset). Values of 400 lux or 600 lux are still part of the on-target 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 illuminance fuzzy sub-set will give a range of 

acceptable illuminance values.  For example, the design target for an office building could 

follow the ñmedium illuminanceò fuzzy subset shown in Figure 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 be considered as óon targetô.    

High values of illuminance are considered in the range of 850 to 950. These values have 

a 100% membership degree in ñhigh illuminance subsetò. Illuminance values slightly less 

or more than these values are still considered as high illuminance but with marginally 

different membership degrees. For example, illuminance values of 800 lux will have a 

membership degree of 0.83 in the ñhigh illuminance subsetò and a membership degree of 

0.17 in the ñmedium illuminance subsetò.  Very high illuminance starts from above 950 lux 

with increasing membership degrees until it reaches 1300 lux, which marks the values in 

which illuminance starts to have a 100% membership degree in the ñvery high illuminance 

subsetò. The range of illuminance is limited by 3000 lux with also has a 100% membership 

degree in the highest subset.   

 

 

Figure 3.54: Indoor illuminance membership function 

 

The mathematical representation of the Fuzzy illuminance membership function is shown in 

the below set of equations:  
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3.9 Fuzzy inference system  
 

Fuzzy inference 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 output conditions is 

assigned (Kalogirou 2014) In other words, the input conditions are mapped to the output 

values based on the fuzzy rules. Fuzzy inference system involves all the pieces of the fuzzy 

logic model, including the membership functions, fuzzy rules, and fuzzy logic operators to 

defuzzify the output variable. The defuzzification of the output variable simply means 

converting it into a crisp one. There are two mostly-used types of fuzzy inference systems 

that can be used. Mamdani-type (1977) and Sugeno-type (1985). While both systems can 

give close outputs under certain conditions, the method of defuzzification 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, and the 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 widespread acceptance 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: 

 
ὍὊ ‘ Ὥί ‘  ὃὔὈ ‘ Ὥί ‘  ὸὬὩὲ ‘  ‘      (3.89) 

 



 

166 
 

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 linear or constant. 

This means that there is not membership function for the output variables and it is calculated 

based on mathematical analysis. As a result, Sugeno system is more computationally 

efficient and works well with linear techniques such as PID controllers as well as 

optimization and adaptive systems (Mathworks 2020). A typical rule for Sugeno inference 

system can take the following form  

 ὍὊ ‘ Ὥί ‘  ὃὔὈ ‘ Ὥί ‘  ὸὬὩὲ ὅ Ὢὼȟώ (3.90) 

Mamdani fuzzy inference system was used in this work for its ease of use and 

widespread acceptance. Indeed, 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 system.  Fuzzy rules are conditional statements used to infer the output of a 

fuzzy system based on its input variables. By employing connectors such as {if, then, and, or, 

not}, fuzzy rules can connect between different subsets of membership functions. This allows 

for the fuzzy logic model, based on the fuzzy rules, to conclude which action or output should 

be taken considering the currently observed information algorithm. A fuzzy ñIF-THENò rule 

maps a subset of the membership functions to a certain conclusion in linguistic forms, the ñIFò 
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part captures the knowledge from the input and the ñTHENò part gives the conclusion. The 

fuzzy ñIF-THENò is widely used in fuzzy logic models to calculate the degree in which the 

input information matches the degree of the rule.  

A typical fuzzy ñIF-THENò rule can be written in the following form: 

 
ὍὊ ‘ ὭίὭί ὔὕὝϳ  ‘  ὃὔὈὕὙϳ  ‘ ὭίὭί ὔὕὝ ‘  ὸὬὩὲ ‘ ὭίὭί ὔὕὝϳ  ‘ϳ  

(3.91) 

Where A1, B1, C1 are subsets of the membership functions A, B, and C respectively, while 

{AND, OR, NOT} are the fuzzy operators. Fuzzy operator are used to join fuzzy expressions 

together to generate a fuzzy logic relation between input and output. ñANDò operator represents 

intersection, ñORò represent union and ñNOTò represents complement or negation. Based on 

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

Intersection (AND) 

 
‘᷾ ὼ άὥὼ ‘ ὼȟ‘ ὼ  

(3.92) 

Union (OR) 

 
‘᷊ ὼ άὭὲ ‘ ὼȟ‘ ὼ  

(3.93) 

Complement (NOT) 

 
‘ ὼ ρ ‘ ὼ 

(3.94) 
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Where ‘ ὼ and ‘ ὼ are membership functions that define the variables A and B 

respectively on the universe X. Figure 3.55 shows a graphical representation of Zadeh logic 

operators.  

 

Figure 3.55: CǳȊȊȅ ƭƻƎƛŎ ό½ŀŘŜƘύ ƻǇŜǊŀǘƻǊǎ ŜȄǇƭŀƛƴŜŘ ό5ΩbŜƎǊƛ ŀƴd Vito 2010) 

 

Although fuzzy rules are the key tool for mapping input to output, there is no specific 

method for generating or extracting fuzzy rules.  This step mainly depends on the experience 

and knowledge of the person setting up the fuzzy logic model (Bai and Wang 2006). However, 

for a complex system like FRVP, where the number of rules exceeds 900 logic statements, a 

calculation method utilizing a rank for each rule has been used to set the fuzzy rules depending 

on the rule ranking (RR) concept.  

The proposed visibility Fuzzy system has five input variables with three fuzzy subsets 

(Contrast, size, retinal illuminance, eccentricity, and background complexity) and one input 

variable (age) with four fuzzy subsets. Therefore, the required number of rules equals 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 calculated as follows: 
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ὔέȢέὪ ὙόὰὩί σὼ τ ωχς ὙόὰὩ 

(3.95) 

A weight of 3 has been given to each membership function of the input variable. Then 

each input variable was studied and a rank was given to each fuzzy set (subset) based on its 

contribution to visual performance. For example, a rank of 1 was assigned to the subset ñLowò 

of the luminance contrast fuzzy set and 2 and 3 for the subset ñMediumò and ñHighò 

respectively. This ranking came from our prior knowledge as well as literature insights, that 

increasing the luminance contrast increases the visual performance. For the age membership 

function, which has 4 subsets, a rank of 3 was assigned to the subset ñVery Youngò and 2.25, 

1.5, and 0.75 to subsets ñYoungò, ñOldò, ñVery Oldò, respectively. The same has been applied 

to the rest of the membership functions. Table 3.7 shows the rank of each subset of the 

membership functions input variables included in the fuzzy model. 

Table 3.7: fuzzy sets rank of membership functions variables involved in the FRVP model 

Membership 

function 
Subset-1 Subset-2 Subset-3 Subset-4 

Luminance 

contrast 

Low  Medium  High - 

1 2 3 - 

Age 
Very young Young  Old  Very old 

3 2.25 1.5 0.75 

Visual size 
Small  Medium  Large  - 

1 2 3 - 

Retinal 

illuminance 

Low  Medium  High  - 

1 2 3 - 

Eccentricity Within axis 
Away from 

axis 
Far from axis - 
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Membership 

function 
Subset-1 Subset-2 Subset-3 Subset-4 

  3 2 1 - 

Background 

complexity 

Low  Medium High  - 

3 2 1 - 

 

Since all rules used are incorporating intersection operators (and only), the maximum 

possible weight for the combination of the input variables subsets can be found from the logic 

rule where input variables are joining the highest rank subsets of the membership function, i.e., 

the subsets which contribute the most to the highest value of FRVP. This logic rule is as follows:  

IF luminance contrast is high (W1=3) AND Age is very young (W2=3) AND visual size is 

large (W3=3) AND retinal illuminance is high (W4=3) AND eccentricity is within-axis 

(W5=3) AND Background Complexity is Low (W6=3) THEN FRVP is high. 

Where the numbers between brackets represent the assigned rank for each fuzzy subset.  

The total weight for this rule equals 18 which represents the maximum total weight value. The 

Rule Rank (RR) can then be calculated as follows: 

 
ὙὙ

ὝὬὩ ὸέὸὥὰ ύὩὭὫὬὸ Ὢέὶ ὸὬὩ ὭὸὬ ὶόὰὩ

ὝὬὩ ὸέὸὥὰ ύὩὭὫὬὸ Ὢέὶ ὸὬὩ άὥὼὭάόά ὧὥίὩ 
 (3.96) 

 

 ὙὙ
Вὡ

ρψ
 

(3.97) 

 

Hence, the rule ranking for the previous rule equals to 1.0. The higher RR is the higher the 

visual performance.    

Similarly, the rule that results in the least FRVP is as follows: 
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IF Luminance contrast is low (W1=1) AND age is very old (W2=0.75) AND visual size 

is small (W3=1) AND retinal illuminance is low (W4=1) AND eccentricity is far from 

axis (W5=1) AND Background Complexity is high (W6=1) THEN FRVP is low 

The rule ranking for this rules equals to:  

 ὙὙ
υȢχυ

ρψ 
πȢσρω (3.98) 

This means that πȢσρωὙὙ ρȢπ. The rest of the rules were developed based on their RR 

values. A low FRVP was assigned for RR values below 0.6, medium for values between 0.6 to 

0.8, and high FRVP for RR values above 0.8.  Table 3.8 shows the first four fuzzy rules for the 

proposed fuzzy model and a table of all rules will be provided in the appendix. 

Table 3.8: An example of the first four rules of the proposed FRVP model 

Rule 

No. 

[Input] 

Luminance 

Contrast  

 

[Input] 

Age 

[Input] 

Visual 

size 

[Input] 

Retinal 

Illuminance 

[Input] 

Eccentricity  

[Input] 

Background 

complexity 
RR 

[Output] 

FRVP 

1 Low 
Very 

old 
Small Low 

Far from 

axis 

High  
0.32 Low 

2 Low old Small Low 
Far from 

axis 

High  
0.36 Low 

3 Low young Small Low 
Far from 

axis 

High  
0.40 Low 

4 Low 
Very 

young 
Small Low 

Far from 

axis 

High  
0.44 Low 

 

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 ranking was employed to determine the outcome of 
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each rule. If the rule ranking (RR) was found to be equal or less than 0.5, the FIIL was fixed at 

low, medium FIIL between 0.5 to 0.7, high FIIL between 0.7 to 0.8, and very high FIIL for RR 

above 0.8. Table 3.9 shows an example of the first three rules of the proposed FIIL mode. The 

rest of the rules are provided in the appendix.  

Table 3.9: An example of the first three rules of the proposed FIIL model 

Rule 

No. 

[Input] 

Visual age 

 

[Input] 

Task 

importance 

[Input] 

Task 

difficulty 

RR 
[Output] 

FIIL  

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 defuzzification process is the opposite of the fuzzification process. It is the process in 

which a crisp value of the output is produced out of the aggregated fuzzy sets (Masoum and 

Fuchs 2015). In other words, it is the process where fuzzy sets are transformed into crisp sets 

based on the fuzzy inference system and rules algorithm. There are several methods used for 

defuzzification in the Mamdani inference system, but the most commonly used are the centre 

of gravity (COG) or sometimes referred to as the centroid method (most popular), bisector 

method,  mean of maximum (MOM) and the centre average methods.  

The centre of gravity (COG) or centroid method is usually good enough for most of the 

applications. However, the user can try other methods to check if he can get better output. The 

centroid method returns the centroid of the area along the x-axis by dividing the total area into 
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smaller sub-areas, then the centroid of each sub-area is calculated, the centroid of the total area 

is then calculated using the following formula 

 
ὼӶ
В‘ὼὼ

В‘ὼ
 

(3.99) 

 

Where ὼӶ is the centroid of the area, ‘ὼ ὥὲὨ ὼ denotes the area and the centroid of 

the ith portion of the membership function‘ὼ. Figure 3.56 shows the effect of different 

fuzzification methods on the crisp output of a Mamdani fuzzy system.  

 

Figure 3.56: Results using different defuzzification methods for a particular function (Naz et al. 2011) 

 

On the other hand, the Sugeno inference system is usually defuzzified using the 

weighted average method proposed by Yager (1988).  This method usually produces results 

that are very close to the centroid method but with different calculation methods. Each 

membership function is weighted based on its maximum membership function value and 

then the crisp output is calculated using the below formula 
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ὼᶻ

В ‘ὼὼ

В ‘ὼ 
 

(3.100) 

 

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

universe of X.  

As the inference system used in this work is the Mamdani system, the centroid method 

is used for the defuzzification process for its ease of use and widespread. The centroid 

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

 

3.12 Matlab Fuzzy logic toolbox  
 

Matlab is a multi-computational numerical computing environment and programming 

language software. It was developed by Mathworks in 1984. Matlab allows the user to 

manipulate matrices, 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, medicine, and economics.  

Moreover, Mathworks has successfully developed certain toolboxes that are specialized 

in a certain field such as Simulink, which provides simulation and modelling to dynamic 

and control systems, Image processing, and Fuzzy logicéetc. these toolboxes increased the 

popularity of 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 add-on to the Matlab software. It provides functions, 

applications, and simulation of fuzzy logic design activity in a graphical user interface 

(GUI). Although there are many software available for fuzzy logic design and modelling. 

Matlab fuzzy logic toolbox is amongst the highest most used due to its reliability and ease 

of use. Moreover, it is widespread can be related to the popularity of the Matlab software 

itself as a computing and programming environment. Figure 3.57 shows a snapshot of the 

Matlab fuzzy logic toolbox. 

 

Figure 3.57: Snapshot of Matlab Fuzzy logic toolbox (Matlab 2020) 

 

There are two built-in fuzzy inference systems in Matlab fuzzy logic toolbox. Mamdani 

and Sugeno. Although Mamdani is the default system, users can select Sugeno at the beginning 

of modelling the system, or can switch to Sugeno once the model has finished. Moreover, all 

fuzzy logic operators {AND, OR, NOT} are available in the toolbox, allowing the users to 
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express the rules simply and efficiently, at the same time, rules in the form of matrix or vector 

can be also provided for more expert users. Figure 3.58 shows a typical rule editor in Matlab 

fuzzy logic toolbox.  

 

Figure 3.58; Rule editor in Matlab fuzzy logic toolbox (Matlab 2020) 

 

For Mamdani fuzzy inference system, Matlab fuzzy logic toolbox has 5 built-in 

defuzzification methods including the centroid method, bisector method, middle of maximum, 

smallest of maximum and largest of maximum. The default method of fuzzification in the 

Mamdani inference system is the centroid method, but the program allows the user to define 

his defuzzification process based on his knowledge and experience.  

Finally, another important 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 screen. Figure 3.59 shows a typical 3D surface generated by Matlab fuzzy logic 

toolbox.  
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Figure 3.59: Surface viewer in Matlab fuzzy logic toolbox (Matlab 2020) 

 

The downsides for 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 viewer is automatic, 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 another software called ñFuzzyliteò was used to review the results and export the data to a 

graphing software called ñSigmaplotò. 
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3.13 Software packages 
 

Matlab software provides a powerful tool to convert programs into stand-alone 

applications, moreover, these applications can be exported to Matlab server to allow other users 

(within the same organization) to use and test the application. Older versions of Matlab (up to 

2015) provided a graphical user interface (GUI) called ñguideò to design the application, then 

a compiler application can be used to deploy the program into a stand-alone application. 

Though, newer versions of Matlab used a more developed tool called ñAppdesignerò.  

Since this work started in 2017, the version of Matlab used then was Matlab R2015a. 

Matlab ñguideò application was used to develop the first version of the stand-alone application. 

However, due to the Covid-19 pandemic (2019-2020), where students lost the ability to visit 

the university campus, Matlab thankfully provided academic users with a free full license for 

Matlab R2020a to be used at their homes. Moreover, they provided another tool to migrate 

programs developed in ñguideò to ñAppdesignerò.  Hence, Matlab ñAppdesignerò was adopted 

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

 

3.14 Validation 
 

The proposed FRVP model will be validated against the RVP model (Rea and Ouellette 

1988, 1991). The comparison will 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 low visibility conditions. The FRVP model is expected to define a similar 

plateau to the RVP 3D-presentation shown in Figure 14. However, as the FRVP model 
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incorporates more variables than the RVP model (eccentricity, background complexity), 

these values will be fixed at be at the highest subset of the membership function, with 

respect to their contribution to FRVP. In other words, the eccentricity will be fixed at 

ñwithin axisò and background complexity will be fixed at ñlowò during the comparison.  

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  
 

Sensitivity analysis, or sometimes referred to as ñWhat-ifò analysis, is a method to check 

the effects of fluctuations in the input variables of a mathematical model or system on the output 

and/or performance of the system/model (Balaman 2018). 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, while an insensitive model has a solution that marginally change (or 

remains the same)  with 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 memberships 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 based on three 

input variables: age, task difficulty, and task characteristics. 

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

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

1. Contrast, both positive 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 most countries 

3. Visual size, which is the area of the target divided by the square distance between the 

target and the observer, in Microsteradians, and considering the observer at the visual 

axis of the observer (q=0), the range of the visual size is from zero to 30 

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 100 Trolands, which 

corresponds to the adaptation luminance values that can be encountered during night- 

time driving conditions. 

5. Eccentricity, in degrees, which the angle between the observerôs fixation line of sight 

and the target, the range of eccentricity is from zero to 30o 

6. Background complexity, which is a measure of how homogeneous the driving scene. 

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 contrast situations 

For FRVP model, the following assumptions have been made: 
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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 distractions 

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 seconds or for an unlimited time. 

7. Target exposure times less than 2 seconds are neglected   

8. Chromatic contrast is neglected 

9. Transient adaptation is neglected 

3.17 Ethical considerations 
 

This research is mainly analytical simulation using computer simulation software. 

MATLAB  has been selected for its ease of use and global widespread, and its ability to be easily 

integrated into other programming languages as well as the capacity to produce a stand-alone 

application describing the studied model. For results presentation, Sigmaplot and Excel 

software packages have been used. 

 All the used software is licensed and has been acquired legally. All resources and 

references used in this work are also acquired legally and will be cited properly. There are no 

surveys or interviews involved in this research. Moreover, there will be no usage of any 

confidential data from any kind or source. A small fieldwork involving taking some pictures of 

different driving scenes at different locations will be done to serve a certain purpose in some 

parts of this research. Yet, it will not create any threat to the life and/or safety of any human 

and/or animal.    
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4 Chapter Four: 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 model the visibility of targets. 

The previous chapters showed an overview of the topic, literature review, and the methodology 

used to approach the indoor illuminance as well as the relative visual performance in terms of 

parameters, fuzzification of input and output variables, fuzzy rulesé. etc.  

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 chapter. Yet, due to the different nature between the two 

topics, different presentation styles for the figures will be adopted. The fuzzy relative visual 

performance (FRVP) results will be presented at the beginning, then the fuzzy indoor 

illuminance selection (FIIL)  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, 

1991) in developing 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 

background 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, which is usually 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 unlikely. The fuzzy logic approach is a 

good replacement for classical math in modelling a complex phenomenon.    

The following sections will show the effect of each input variable alone on the fuzzy 

relative visual performance (FRVP). Since there are six input variables for the proposed model 

(luminance contrast, visual age, visual size, retinal illuminance, 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, called the other influence variables will be 

constant for the same scenario. Hence, 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 situations. These scenarios were selected carefully to show the effect of each 

input variable under low, medium, and 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 

the minimum 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 connection was established between the disability glare effect on the luminance contrast 

(see Glare page 99). 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 visibility parameter. It has 

been included in all current visibility models (Adrian 1989), Rea and Ouellette (1988, 1991) 

and STV (IESNA 2000). This model is no different than the current models in the way that 
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contrast affects the degree of visibility. In other words, higher contrast values will result in 

better visibility. Luminance contrast effect is a combination effect for both the target luminance 

(Lt) and background luminances (Lb), see equation (3.1) 

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 performance (FRVP) are shown 

in Figure 4.1 through Figure 4.10, while results for negative contrast effect on FRVP are shown 

in Figure 4.11 through  Figure 4.20. This was done since both positive and negative contrast 

have unique membership functions with different scales and critical limits. FRVP as a function 

of positive and negative contrast 3D graphs have been generated 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, medium, and high visibility scenarios. A 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 from the axis, and 

background complexity is high. The same methodology applies to medium and high visibility 

situations.  

Figure 4.1 and Figure 4.2 show FRVP as a function of positive contrast and visual age at 

different values of other influence variables. The first part of the figure (4.1-1A) 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 contribute to increasing the 

values of FRVP. This was noticed in all situations where input variables are fixed to the subset 

that contributes the least on FRVP.  
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The second part of the figure (4.1-1B) shows how increasing one variable (retinal 

illuminance) creates v a second medium plateau at FRVP values of almost 0.5. This plateau 

corresponds to high contrast values and low visual age values. Yet, this 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 size, and decrease in eccentricity and background complexity (figures 4.1-

2A and 2B) adds another dome-shape at FRVP values of almost 0.7. This dome-shape is the 

base for the third (highest) plateau that is more visible by a further change in the other influence 

variables (Figure 4.2 1A and 1B). 

The effect of luminance contrast and visual age at high visibility situations are shown in 

Figure 4.2. The figure shows that FRVP values create either two or three plateaus depending 

on the input values. However, if the input parameters were finxed to the maximum values that 

contribute to the visibility (figure 4.2-2B), FRVP can have only two plateaus of high and 

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 the medium plateau 

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.   
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Figure 4.1: FRVP as a function of positive contrast and visual age (1/2) 
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Figure 4.2:FRVP as a function of positive contrast and visual age (2/2) 



 
 

FRVP as a function of positive contrast and visual size is shown in Figure 4.3 and Figure 

4.4. Both figures show the increase of FRVP values from the lower plateau, passing through 

the medium then the high plateau. Figure 4.3(1A and 1B) show that there is no effect on either 

the positive contrast or the visual size in increasing FRVP values when the other influence 

variables are fixed at the subset that contributes the least to FRVP.  

However, a further decrease in the visual age and retinal illuminance, and a decrease in 

eccentricity and background complexity creates the medium plateau. This plateau corresponds 

to high values of positive contrast and visual size. Figure 4.4 (2A) corresponds to FRVP values 

where the other influence variables are fixed to high (but not maximum) values, the figure 

shows that FRVP are located at three plateaus of almost 0.6, 0.7 and 0.9. However, the medium 

plateau (at 0.7) is temporary and disappears once all other influence variables are fixed to the 

maximum values contributing to FRVP (figure 4.4-2B). In this case, the higher plateau (at 0.9) 

increases in area and corresponds to positive contrast values above 1.0 and visual size values 

above 15 Microsteradians.  

The same figure (4.4-2B) 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 and visual size. This is noticed in most of the figures, especially when the 

input parameters are fixed to the maximum values which contribute to FRVP.   
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Figure 4.3: FRVP as a function of positive contrast and visual size (1/2) 
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Figure 4.4:FRVP as a function of positive contrast and visual size (2/2) 



 
 

Figure 4.5 and Figure 4.6 show FRVP as a function of positive contrast and retinal 

illuminance. Again the same trend is noticed concerning the growth of FRVP values depending 

on the rest of the variables. There is no effect for changing the contrast or retinal illuminance, 

or both at input variables fixed to the least values with respect to its contribution to FRVP 

(Figure 4.5-1A and 1B). A further increase in the input variables (Figure 4.5-2A and 2B) shows 

a formation of the medium plateau. Which corresponds to high positive contrast values (above 

1.0) and most of the retinal illuminance values. The reason why this plateau lies for most retinal 

illuminance values is related to the design of the retinal illuminance membership function 

(Figure 3.39) where the low subset is defined at below 0.8 Trolands, and by considering the 

large range of the retinal illuminance ( up to 100 Trolands), the medium plateau seems to be 

covering all its range. Yet, a close look at figure 4.5 (2B) shows that there is still a lower plateau 

at very low retinal illuminance (below 10 Trolands) and positive contrast (below 1.0) values.  

The development of the high FRVP plateau is shown in Figure 4.6. The four parts of the 

figure show how the increase in the other influence variables (age, size, eccentricity, 

background complexity) affects the way in which both contrast and retinal illuminance 

contribute to FRVP. Figure 4.6 (2B) corresponds to the other influence variables fixed to the 

maximum values. The figure shows a large plateau for high FRVP corresponding to luminance 

contrast values above 1.0 and retinal illuminance values above 10 Trolands. The figure shows 

that luminance contrast affects FRVP at low retinal illuminance values only, while 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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Figure 4.5: FRVP as a function of positive contrast and Retinal illuminance (1/2) 
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Figure 4.6:FRVP as a function of positive contrast and Retinal illuminance (2/2) 



 
 

 Figure 4.7 and Figure 4.8 show FRVP as a function of positive contrast and eccentricity. 

It was noticed that the same trend exists in these figures as well. Once the values of the other 

influence variables are fixed to the lowest subset, there is no effect for changing the positive 

contrast or eccentricity, or both, on the FRVP values (Figure 4.7-1A and 1B). A further change 

in the other influence variables (age, size, retinal illuminance, background complexity) is shown 

in Figure 4.7 (2A and 2B). It is noticed that the medium plateau starts to rise at high values of 

positive contrast (above 1.0) and low values of eccentricity (below 10o-20o).  

As the other influence variables are increasing, this medium plateau rises above and 

expands in size (Figure 4.8-1A, 1B, and 2A), until it reaches the highest values when the other 

influence variables are fixed to the highest subset contributing to FRVP (Figure 4.8-2B). 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 (below 10o). This means that positive contrast effects FRVP at low contrast values 

(below 1.0) and high eccentricity values only (above 10o), the rest of FRVP 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 eccentricity variables.  
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Figure 4.7: FRVP as a function of positive contrast and eccentricity (1/2) 
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Figure 4.8:FRVP as a function of positive contrast and eccentricity (2/2) 



 
 

FRVP as a function of positive contrast and background complexity is shown in Figure 

4.9 and Figure 4.10.  The same trend of FRVP development from the lower, passing through 

the medium, and ending at the higher plateaus is noticed in these figures as well.  Figure 4.9(1A 

and 1B) shows that there is no effect for the positive contrast, or background complexity, or 

both on FRVP when the visual age is fixed at 80 years, the visual size is fixed at 5 

Microsteradians, the retinal illuminance is fixed at 0.5 Trolands, and the eccentricity is fixed at 

20o. In other words, once all other influence variables are fixed 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 other influence variables. 

Figure 4.10 (2A and 2B) shows how the high plateau starts as a dome-shape (Figure 4.10-

2A) with a small area corresponding to high contrast values (above 1.0) and low background 

complexity values (below 1.5). However, a further increase in the other influence variables 

flattens the high plateau surface and increases its area (Figure 4.10-2B).  In this case, positive 

contrast effects FRVP at low contrast values (below 1.0) and high background complexity 

values (above 1.5). The rest of FRVP values are mostly located at the higher plateau, in which 

any change in contrast or background 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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Figure 4.9: FRVP as a function of positive contrast and background complexity (1/2) 
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Figure 4.10:FRVP as a function of positive contrast and background complexity (2/2) 



 
 

Figure 4.11 through Figure 4.20 shows the 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 contrast is from 0 to 0.3, which is different than that for the 

positive contrast. Hence, 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 used in the design of the negative contrast membership function (Figure 3.30).  
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Figure 4.11: FRVP as a function of negative contrast and visual age (1/2) 
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Figure 4.12:FRVP as a function of negative contrast and visual age (2/2) 
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Figure 4.13: FRVP as a function of negative contrast and visual size (1/2) 

 






























































































































































































































































































