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ABSTRACT 
 

In 2003, the International Commission on Illumination adopted 15 standard sky 

distributions which cover the whole spectrum of usual skies found in the world. Sky 

conditions of the same category would have similar sky luminance patterns and the 

corresponding climatic variables and indices would be within certain ranges. These 

analyses can help the identification of sky patterns. Once the standard skies are 

identified, the solar irradiance and outdoor illuminance at any surfaces of interest can be 

obtained for subsequent investigations and complicated expressions for inclined surface 

models are not required. Nevertheless, sky luminance data are not always readily 

obtainable in many parts of the world. The objective of this study is to identify the 15 

CIE standard skies using various techniques based on Hong Kong measured data. 

 

Sky luminance data and other climatic parameters collected by the measuring station in 

City University of Hong Kong from 1999 to 2005 were used to evaluate the CIE 

standard sky models. A set of 15 CIE standard skies which represent the general sky 

conditions was identified by using statistical approach. Based on these findings, a subset 

of 6 standard skies including overcast, partly cloudy and clear conditions were selected 

to represent the prevailing sky standards in Hong Kong. 

 

In this study, sky conditions were identified using various techniques. Climatic 

parameters including solar altitude and ratio of zenith luminance to diffuse illuminance 

were selected for the characterization of sky conditions. Their characteristics, strengths 

and limitations in sky categorization were analyzed. A series of range of climatic 
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parameters was proposed to recognize the 15 CIE standard skies. The results were 

further compared with techniques proposed by other researchers. The proposed 

approach produced an overall RMSE of less than 33% without data reduction.  

 

A special type of artificial neural networks, namely probabilistic neural networks was 

introduced. To investigate the feasibility of using probabilistic neural networks in sky 

type recognition, two different neural network models with the same test set were built 

to classify the 3 general sky conditions (i.e. overcast, partly cloudy and clear conditions) 

and the 15 CIE sky standards. Parametric analysis has also been carried out to 

investigate the essentiality of various climatic variables. The findings suggested that the 

neural network is an appropriate tool for sky classification and the ratio of zenith 

luminance to diffuse illuminance is the most essential input parameter to discriminate 

each of the standard sky type. 
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Chapter 1 

INTRODUCTION 

 

 

Daylighting is an effective sustainable development strategy to alleviating the problems 

in energy, climate and environment, and improving the qualities for visual comfort and 

health [Kittler et al., 1999; Kambezidis et al., 1998]. It has been recognized as an 

important design element in buildings throughout history. Proper daylighting design 

reduces the energy demand and creates dynamic interior space supportive of human 

performance and health. On the contrary, improper system design causes visual 

discomfort, depression and a waste of energy [Leslie, 2003]. Energy efficient technique 

on lighting is one of the important criteria to access the performance of buildings. 

Nevertheless, the study of daylighting design has fluctuated throughout history 

[Reinhart and Selkowitz, 2006].  

 

For over half a century, daylighting was treated as a primary light source of buildings. 

Since the installation cost of the daylighting devices such as laser cut panels and light 

pipes is normally higher than the fluorescent lighting systems, the investigations of 

daylighting designs were ceased and thus the indoor illuminance in most of the 
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buildings depends on the electric energy. Although there was a growing awareness for 

natural light in the early 1970s due to the energy crises and rapid increases in energy 

prices, the trend could not be maintained in the next several decades. The impacts of 

global warming and climate change are emerging, nowadays, integrating daylight with 

artificial light has become a major topic again in building system designs. It is believed 

that daylight is superior to fluorescent light in terms of energy and environment, human 

performance, visual comfort and health. 

 

Energy and Environment 

In subtropical Hong Kong, Lam et al. [2003] reported that the major electricity 

consuming component in fully air-conditioned commercial buildings is heating, 

ventilating and air-conditioning (HVAC) systems, representing about 30-60% of total 

annual electricity use. The electric lighting systems is the second, accounting for 

20-30%. For commercial sector in other developed countries, the electricity 

consumption for the artificial lighting in USA and Canada is about 35 and 30% 

respectively [Galasiu and Veitch, 2006]. Hence, the rational utilization of daylight has a 

great potential in energy saving.  

 

Recently, there is a tendency in integrating daylight with electric light for saving energy 

in buildings [Jenkins and Newborough, 2007]. Energy can be saved by either 

automatically dimming down or manually turning off the artificial lights whenever 

daylight is sufficient to provide background illuminance. Also, it is particularly 

attractive in hot climate since proper daylighting designs can reduce electricity bills paid 

for HVAC systems due to less heat dissipation from light fittings [Zmeureanu and 

Peragine, 1999; Li et al., 2006b].  
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Based on the results of simulation programs and field measurements, several researchers 

reported that about 30 to 77% of lighting and cooling energy can be saved by using 

different daylighting control schemes [Doulos et al. 2008; Ihm et al., 2008; Onaygil and 

Guler, 2003]. For Hong Kong, Li et al. [2006b] reported that the annual energy savings 

in electric lights for the open plan office under the proposed daylighting strategy was 

365kWh, representing a 33% reduction in energy use for electric lighting.  

 

Apart from the energy savings in both lighting and cooling, natural light is able to 

preserve the environment. Over the past few decades, there has been a growing concern 

about climate change and global warming. In most developed countries, energy is 

generated by burning fossil fuels and the process simultaneously emits air pollutants and 

greenhouse gases such as sulphur dioxide, carbon dioxide and nitrogen oxide. 

Irreversible damages on environment have been caused by those air pollutants which 

still keep on increasing [Bodart and De Herde, 2002]. Promoting daylight is one of the 

feasible solutions to reduce the fossil fuels consumption as well as the greenhouse gases 

emission. 

 

Human Performance 

Daylight has a significant psychological effect on human being. Our daily life and 

activities are still related to the daylight even though electric lights are available. 

Normally, the human rhythm of work and rest do follow the path of the sun [Kobav and 

Bizjak, 2003]. People desire good natural lighting in their living and working 

environments. Daylighting has been recognized to improve the productivity of the 

human [Smiley, 1996]. A number of studies reported that daylighting in schools can not 

only significantly increase the academic performance of students, but also promote 
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better health and physical development [Plympton et al., 2000]. Heschong [2002] listed 

the possible associations between daylight and improved performance of students such 

as the improved visibility due to higher illuminance levels and better light quality. 

Leslie [2003] claimed that the improved performance may attribute to the suppression 

of melatonin which is affected by exposure to the daylight. To maximize the use of 

daylight and increase the human productivity, meanwhile, daylight saving time has been 

introduced to shift the human activity patterns [Aries and Newsham, 2008]. 

 

Visual Comfort and Health 

Daylight is the only light source that is most closely matches human visual responses. It 

provides a good visual environment which affects one’s visual ability to see an object 

inside a room. It has been proved that human visual responses are directly related to the 

daylighting designs in buildings [Lam, 1985]. In general, summer has longer day length 

and shorter nighttime, with a reverse trend in winter. A number of researchers stated that 

most of the human are emotionally susceptible to seasonal variation in daylight, and up 

to 9.7% of people may suffer from seasonal affective disorder [Magnusson, 2000; 

Kasper, 1989] which is a clinical subtype of major depressive disorder in which the 

onset and remission of depressive episodes recur at certain times of the years [Lundt, 

2004]. The sufferers should be treated by light therapy to offset the depressive reactions. 

The influences of daylight on the human were described in detail by Webb [2006] who 

concluded that daylight controls the circadian rhythm of hormone secretions and the 

body temperature cycle with implications for sleep/wake states, alertness, mood and 

behavior. 
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1.1 Background 

The determination of the interior daylight levels is a key on daylighting designs and 

planning of the illumination systems [Aoki et al., 1997]. The first step towards 

designing a building to utilize daylight for illuminating its interior is to acquire 

information on the amount of daylight available outside the building. An accurate 

estimation is to acquire not just the total amount of external illuminance levels available, 

but also the distributions of luminance across the sky vault [Li et al., 2006a]. The sky 

luminance distributions are affected by various factors such as solar position, 

atmospheric turbidity and the air pollution as well as cloud amount, type and pattern. 

These can affect unpredictably sunlight and skylight [Kittler et al., 1997b]. Over the 

past few decades, several empirical models have been established to determine the sky 

luminance distributions under various sky conditions [Moon and Specer, 1942; Perez et 

al., 1993; Littlefair, 1994]. However, only two of the sky conditions, CIE standard 

overcast sky and CIE standard clear sky, were considered in most of the daylight 

simulation programs and modeling. Kobav and Bizjak [2003] pointed out that it is no 

longer satisfactory to determine the indoor daylight illuminance level with only two sky 

conditions. To have a better result in daylight calculations, therefore, sky luminance 

distributions between the two CIE standard skies should be standardized properly and 

systematically.  

 

In 2003, International Commission on Illumination (CIE) adopted 15 standard skies 

[CIE, 2003] which cover the whole probable spectrum of skies found in nature. The set 

includes 5 overcast, 5 partly cloudy and 5 clear skies. Numerous researchers reported 

that the 15 CIE standard skies provide a good overall framework for representing the 
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actual sky conditions [Tregenza, 1999; Li et al., 2003; Ng et al., 2007]. To identify the 

set of standard skies, the luminance distributions of individual standard skies are 

modeled and compared with the scanned sky luminance readings. Once the skies are 

interpreted, the basic outdoor illuminance at various inclined surfaces can be obtained 

for subsequent investigations. Nevertheless, luminance distributions for the whole sky 

vault are far from being widely available [Li et al., 2004b; Chirarattananon and 

Chaiwiwatworakul, 2007]. Even in some developed countries, basic daylight 

measurements particularly sky luminance distributions are only available in several 

cosmopolitan cities. 

 

In interpreting sky conditions, climatic parameters are the critical weighting factors to 

indicate the degree of sky clearness such that sky distributions can then be classified. 

Sky conditions of the same category would have similar sky luminance distributions and 

the corresponding climatic parameters and indices would be within certain ranges [Li et 

al., 2004a]. Such analyses can help the identification of sky patterns while complicated 

mathematical expressions to model the sky distributions are not required. Research 

works on sky classification using meteorological parameters can be found in many parts 

of the world [Barbaro et al., 1981; Perez et al., 1990; Long and Ackerman, 2000; Li and 

Lam, 2001; Li et al., 2004a; Li et al., 2004b; Li and Lau, 2007; Younes and Muneer, 

2007]. All the works conducted by the researchers have taken a great step forward in 

sky identification. However, these studies were mainly focused on categorizing the 3 

general sky conditions, namely overcast, partly cloudy and clear sky. Specific 

investigations on classifying the 15 CIE standard skies are rare in literature. Kittler et al. 

[1998] suggested that the ratio of the zenith luminance to the horizontal diffuse 

illuminance (Lz/Dv) can be used to discriminate the daylight measurement into one of 
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the 15 standard sky patterns. Later, Bartzokas et al. [2003; 2005] applied this climatic 

index to study the daylight climate in Athens and Bratislava, but the performance of the 

approach was not further evaluated. Also, it has been pointed out that ambiguous results 

were caused when defining the sky types in high solar altitude (αs).  

 

Although there are a number of appropriate climatic parameters (both solar irradiance 

and outdoor illuminance) identifying the daylight climates [Kittler and Darula, 2002], 

only solar irradiance measurements such as clearness index (Kt) and diffuse fraction (K) 

were normally used to express the sky conditions. Therefore, study focus on daylight 

measurements for sky classification is essential. To achieve this, several approaches are 

suggested in this study to provide simple and precise tools for sky classification. 

 

 

1.2 Aims and Objectives 

The primary goal of this research study is to classify the 15 CIE standard skies using 

synoptic meteorological parameters and artificial neural networks (ANNs). To achieve 

this goal, the following specific objectives are addressed: 

 

i. To analyze the characteristics and variations of the proposed climatic 

parameters under 3 typical sky conditions. 

ii. To define the 15 CIE standard skies and a subset of prevailing standard skies in 

Hong Kong by using statistical approach. 

iii. To develop and evaluate the sky classification tools for recognizing the 15 CIE 

standard skies using common climatic parameters and ANNs.  
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iv. To compare the performance of various sky classification approaches against 

scanned sky luminance data measured in Hong Kong.  

v. To investigate the essentiality of daylight variables for sky classification using 

ANNs.  

 

 

1.3 Thesis Outline 

This thesis is subdivided into six chapters, each covering the major step to develop the 

proposed approaches for sky classification. The works of each chapter are listed as 

follows: 

 

Chapter 1, Introduction – 

To discuss the impacts of daylighting designs against building energy, human 

performance as well as visual comfort and health. The aims and background of this 

study are described. A brief overview of each chapter is introduced.  

 

Chapter 2, Daylight Measurements and General Results Analysis –  

To provide some background information about the daylight climates in Hong Kong. 

The measuring station constructed at the City University of Hong Kong is described. 

Data quality control tests and the general results of daylight measurements are the main 

subjects of this chapter.  

 

Chapter 3, Climatic Parameters and CIE Standard Sky Model – 

To suggest the climatic variables for the current study. Their strengths and impacts on 
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Introduction  

sky classification are discussed. Furthermore, the 15 CIE standard skies for Hong Kong 

are defined based on the best-fitting approach. Subsets of 6 prevailing sky standards as 

well as 3 sky standards for Hong Kong are selected and investigated via graphical 

representations and statistical methods.  

 

Chapter 4, Sky Classification by Climatic Parameters – 

To present the statistical approach on the classification of standard skies using various 

climatic parameters, the sky classification approach recommended by Bartzokas et al. 

[2003; 2005] is briefly introduced and evaluated against measured sky luminance data 

in Hong Kong. Then, a series of range of climatic parameters is suggested for 

recognizing each of the sky standards. The results and performances of the proposed 

approach are presented afterwards. 

 

Chapter 5, Sky Classification by Artificial Neural Networks – 

To compare the two types of ANNs, namely neural network with back-propagation (BP) 

learning algorithm and probabilistic neural networks (PNNs), which are commonly used 

in pattern classification problems. The performance of the PNNs with majority voting 

scheme for categorizing the 3 general sky conditions and 15 CIE standard skies are 

evaluated. Parameter analysis is performed to examine the importance of each input 

parameter of the PNNs for sky categorization. A comparative investigation between the 

climatic parameter and PNNs approaches are presented at the end of this chapter.  

 

Chapter 6, Conclusions and Recommendations – 

To summarize the major findings in this study. The limitations of the research and 

further studies on sky classification are illustrated. 
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Chapter 2 

DAYLIGHT MEASUREMENTS AND GENERAL 

RESULTS ANALYSIS 

 

 

Data measurement is the most effective and accurate approach of setting up the 

databases of daylight [Jeter and Balaras, 1990]. However, there is a lack of daylight 

illuminance measurements in many parts of the world [Kittler et al., 1992; Lin and Lu, 

1992]. In order to set a guideline for the worldwide researchers and professional 

organizations to measure daylight availability parameters, CIE designated the year of 

1991 as the “International Daylighting Measurement Year” which represents the first 

year of the “International Daylighting Measurement Program” (IDMP) [CIE, 1994]. 

This program not only provides a guideline for the daylight measurements and the 

instrumentation requirements, but also suggests various recommendations for data 

quality control, archiving and dissemination. Under the IDMP, there are two types of 

measuring stations: 

 

i. The General Class Station –  

Basic daylight measurements should be recorded at the station including 
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horizontal global and diffuse for both illuminance and irradiance, vertical global 

illuminance on four cardinal surfaces facing the north, east, south and west, and 

sunshine hour.  

 

ii. The Research Class Station –  

Apart from the measurements recommended at the general class station, sky 

luminance distributions, total cloud amount, zenith luminance, dew point 

temperature, air temperature, vertical global irradiance facing the four cardinal 

directions should also be recorded. 

 

Hong Kong Observatory (HKO) is a pioneer to record the meteorological measurements 

in Hong Kong since 1958 [Sham, 1964]. At the early stage, only daily global solar 

radiation on horizontal surface was taken. Since the solar radiation is an essential 

element to estimate the heating and cooling loads of buildings, and design of energy 

efficient systems, the measuring equipments were upgraded to record both of the daily 

and hourly global solar radiation in 1978 [Lau, 1989]. Nevertheless, no such 

measurements on outdoor illuminance are recorded until now.  

 

To define the daylight climate in Hong Kong, a measuring station was established at the 

City University of Hong Kong in 1991. Initially, only measurements of solar irradiance 

and illuminance (global and diffuse) on a horizontal surface were made. In 1996, the 

measurements were extended to vertical global irradiance and illuminance on four 

cardinal surfaces facing north, east, south and west. The measuring station was 

upgraded in 1999 with the installation of a sky scanner to record the radiance and 

luminance distributions of the whole sky vault. In July 2006, four solar irradiance 
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sensors were mounted with an inclination angle of 45o facing north, east, south and west. 

In October 2006, another eight sensors were installed with tilt angles of 30° and 60° 

facing the northeast, south east, southwest and northwest to record the global solar 

irradiances. 

 

This chapter provides some background information about the daylight climate in Hong 

Kong. The measured 10-minute data during 1999-2005 are gathered to form a seven 

years database for further analyses. Data quality control and correction tests are 

performed. Moreover, the general measured results on daylight illuminance are analyzed 

based on the statistical techniques. Sky luminance distributions for the 3 typical sky 

conditions are examined at the end of this chapter. 

 

 

2.1 Hong Kong Climate 

Hong Kong has a total area of about 1,000km2 and is situated along the southern coast 

of China within the subtropical region, with latitude and longitude of 22.3°N and 

114.2°E, respectively. It has distinct seasonal changes in its weather due to its location 

on the south-east coast of the Asiatic continent opposite a vast expanse of the ocean.  

Winter months are between December and February. Mean temperature is around 

15-18°C with the monsoon coming from the north and north-east. Spring is from March 

till early May, and is usually cloudy with periods of light rain. The summer season spans 

from late May till September. The monsoon wind blows from the south and south-east 

with an average temperature of 27-29°C. It is hot and humid with occasional showers 

and thunderstorms. At times, typhoons strike Hong Kong and bring heavy rain and 
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strong winds. Autumn is short and normally runs from October to November. Sunny 

bright skies dominate with dry conditions and a mean temperature of 25°C. 

 

 

2.2 Measuring Station 

The measuring station is located on the roof-top and a laboratory beneath the roof 

(top-floor level) of the City University of Hong Kong. All sensors were installed on the 

roof-top in a position relatively free from any external obstructions, and readily 

accessible for inspection, general cleaning and maintenance. Apart from the outdoor 

measuring station, there is a laboratory (shown in Figure 2.1) located at the top floor of 

the building. The electronic apparatus such as signal amplifier, solar integrators and 

computers were placed inside the laboratory. The data collection started just before 

sunrise (6:00a.m.) and ended after sunset (6:00p.m.) each day. All measurements were 

recorded in true solar time (TST), instead of local time. This facilitates the computations 

involving αs for the extraterrestrial irradiance/illuminance on the unit horizontal surface 

and the subsequent comparison of the data at other locations. 

 

Figure 2.2 presents an overview of the apparatus set-up in the measuring station. As 

mentioned, a total of eighteen pyranometers, six illuminance sensors and a sky scanner 

were installed for daylight measurements. All the data signals were transferred from the 

sensors to six computers located inside the laboratory. For the solar irradiance 

measurements, six pyranometers which record the horizontal global and diffuse 

irradiances as well as the four vertical irradiances were averagely split into three groups 

and each group was linked with a solar integrator and computer. The remaining twelve 
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pyranometers were connected to a computer (PC6) with software, LabVIEW version 7.1, 

via the signal amplifier and data acquisition module. For the outdoor illuminance 

measurements, the six illuminance sensors which record the horizontal global and 

diffuse illuminance as well as the four vertical illuminance sensors were simply linked 

in series to a computer (PC4). Apart from the irradiance and illuminance measurements, 

the sky radiance/luminance distributions measured by the sky scanner was stored in 

another computer (PC5). In this study, only measurements of outdoor illuminance and 

sky luminance distributions were used for analysis.  

 

 

 

Figure 2.1 Measuring equipments inside the laboratory 
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Figure 2.2 Block diagram of the apparatus set-up in the measuring station 
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2.2.1 Outdoor daylight illuminance 

Before introducing the measuring equipments, it is important to define the component 

of outdoor illuminance first. The horizontal global illuminance (Gv), which consists of 

diffuse and direct components, is the total amount of outdoor illuminance falling on a 

horizontal surface. The illuminance arrives after being scattered either in the atmosphere 

or off adjacent surfaces at ground level is regarded as horizontal diffuse illuminance 

(Dv). By subtracting Dv from Gv, horizontal direct illuminance (Pv) is obtained, 

representing the illuminance of the direct component arrives directly from the sun after 

passing through the unobstructed atmosphere.  

 

The measurements of outdoor global and diffuse illuminance were made by means of 

illuminance sensors (T-10M) manufactured and calibrated by Minolta of Japan. The 

silicon photocells with cosine and colour corrections measure illuminance up to about 

300klux with an accuracy of ±2%. A multi-point illuminance measurement system was 

used. The diffuse illuminance sensor was fitted with a shadow ring (CM121) 55mm 

wide and 620mm in diameter, which shades the thermopile reflections. The shadow 

rings were painted black to minimize the effect of multiple reflections. According to the 

instruction manual published by Kipp & Zonen [Kipp & Zonen], regular adjustment of 

the shadow ring position should be done every two days. However, a longer time 

interval between adjustments is possible in most seasons. A data-measurement package 

was used to capture the measured readings from the main body adapter and the data 

were then fed into a computer for storage. All the outdoor illuminance measurements 

were being collected every minute. Figure 2.3 to Figure 2.5 show the illuminance 

sensors used for the corresponding outdoor illuminance measurements.  
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2.2.2 Sky luminance 

The sky luminance distributions were recorded by means of a sky scanner (EKO MS 

300LR) manufactured and calibrated by the Japanese company EKO. The photo of sky 

scanner is displayed in Figure 2.6. The sensor head rotates in altitude and azimuth to 

measure the luminance at 145 circular sky patches by scanning the sky hemisphere. The 

full view angle of the scanner is 11º that allows each sky patch to be treated as a point 

source with negligible error [Tregenza, 1987; Tregenza and Sharples, 1995]. The 

measurement method excludes certain regions of the sky vault and gives a sky coverage 

of approximately 68%. The sequence of the 145 measurement points for sky scanning is 

shown in Figure 2.7. The sky grid pattern illustrated in Figure 2.7 (not the measurement 

pattern) was suggested by Tregenza [1987] such that the whole sky-dome can be 

considered for subsequent analysis. Later, CIE recommended such subdivision for 

researchers to design and build a scanning luminance meter [CIE, 1994].  

 

The important parts of the sky scanner were housed in a weatherproof casing allowing 

continuous outdoor operation. The sky radiance/luminance data collected from the 

scanner were recorded on a computer placed inside the laboratory on the top floor. A 

visual basic computer program was used to capture and transmit the measured data. To 

safeguard the sensor, the scanner did not record luminance data greater than 35kcdm-2 

(≈ 210Wm-2sr-1) by using an automatic shutter [EKO, 1998]. Each scanning period was 

about 4 minutes and the measurements were taken every 10 minutes. 
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Figure 2.3 Illuminance sensor used for horizontal global illuminance measurement 

 

 

 

Figure 2.4 Illuminance sensor fitted with shadow ring used for horizontal diffuse 

illuminance measurement 
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Figure 2.5 Illuminance sensors used for vertical global illuminance measurement 

 

 

 

Figure 2.6 Sky scanner used for sky luminance distribution measurement 
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Figure 2.7 The sequence of the 145 measurement points for sky scanning (lower 

numbers left to right: the altitude and azimuth angles of the centre of sky points) 

 

 

There are several causes affecting the accuracy of the measured sky luminance data. 

Firstly, the division of the sky into 145 circular angular patches can avoid any double 

counting, but it excludes certain regions of sky vault. Secondly, the measured data were 

based on discrete results rather than continuous analytical functions. The real sky 

luminance patterns are influenced by various circumstances such as changing solar 

positions, turbidity and pollution content of the atmosphere as well as the distribution of 

clouds on the sky dome that cause various interactions of the sunlight and skylight. 

Since the sky distributions are changing from time to time, sky luminance between 

adjoining measurement points may vary significantly. Thirdly, substantial variations in 
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sky luminance may occur within each record. Besides, for “out of range” measurements 

(points close to the solar position under non-overcast skies), estimation of the sky 

luminance was made from a simple average of the luminance at nearby points; such a 

conversion, however, could introduce data distortion [Li et al., 2005].  

 

 

2.3 Data Corrections 

Undoubtedly, data corrections are the key steps prior to data analysis. It is important to 

check all recorded data completely against inconsistencies, otherwise, the results of the 

study will be affected accordingly [Hay, 1993]. For both general class and research class 

IDMP station, CIE [1994] provided some useful guidelines and recommendations to 

perform data corrections effectively.  

 

2.3.1 Data quality control 

The purposes of data quality control are not only eliminate spurious data and erroneous 

measurements, but also detect the instrument problems. Common errors during 

measurements included shadow ring misalignment, cosine effect of the sensor, large 

calibration drifts and instrument malfunctions [Li et al., 2005, Younes et al., 2005]. In 

this study, the following quality control tests were adopted based on CIE Guide to 

Daylight Measurement [CIE, 1994]. 

 

i. Rejecting all data with αs less than 5º. 

ii. Rejecting all data with horizontal global irradiance less than 20 Wm-2. 

iii. Rejecting all global data that was greater than the corresponding extraterrestrial 
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solar components. 

iv. Rejecting all diffuse data that was greater than the corresponding global values. 

v. Rejecting all diffuse data that was greater than half of the corresponding 

extraterrestrial solar components (because of the improper shadow-ring 

adjustment). 

vi. Rejecting all data when the direct-normal values [i.e. (global - diffuse)/sin αs] 

exceeded the corresponding extraterrestrial solar component. 

vii. Rejecting all horizontal and vertical data when the computed vertical direct 

beam data was greater than the corresponding measured vertical global 

component. 

viii. Rejecting all sky luminance data when the differences between the corrected Dv 

and the corresponding integrated Dv based on the 145 scanned sky luminance 

points were greater than 30%. 

 

2.3.2 Diffuse illuminance correction 

Diffuse illuminance was measured using shadow-ring to eliminate direct sunlight. 

Occasionally, the shadow-ring may be misplaced, resulting in diffuse readings being 

closed to that of global under non-overcast skies. Moreover, the shadow-ring does block 

off a significant portion of the sky-diffuse illuminance and thus some corrections must 

be applied to obtain the true value. Vartiainen [2000] indicated that proper corrections of 

the diffuse daylight measurements are an important step for model analysis. The 

corrections were usually made by assuming that the sky is isotropic [Drummond, 1956; 

LeBaron et al., 1980; Painter, 1981]. However, because of the anisotropy of diffuse sky, 

with its maximum being close to the sun, the isotropy-sky-approach can lead to errors. 

As a result, a number of models were developed or modified to determine the correction 
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factor of the anisotropic sky diffuse components [Kudish and Ianetz, 1993; LeBaron et 

al., 1990; Littlefair, 1989]. To create a reliable database, the diffuse component 

measurements obtained with the shadow-ring were corrected using the model described 

by LeBaron et al. [1990]. 

 

 

2.4 General Data Analysis 

After passing through the quality control tests and the diffuse illuminance corrections, a 

reliable quality controlled database was obtained. In total, there were about 68,000 set 

of 10-minute data. Approximately 118,000 of measurement data were rejected, 

representing about 63% of the total set of 186,000 data. Similar rejection rate was 

obtained by Ng et al. [2007]. The high rejection rate may be attributed to the equipment 

errors and instrument malfunctions. They were based on the measurements during the 

seven years period from 1999 to 2005 at City University of Hong Kong. The following 

items were included in the database.  

 

(a) Measurement date and time 

(b) Solar altitude and azimuth 

(c) Horizontal global illuminance 

(d) Horizontal diffuse illuminance 

(e) Horizontal direct illuminance 

(f) Vertical global illuminance on planes facing north, east, south and west 

(g) Sky luminance distribution over the sky vault 

(h) Zenith luminance 
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In the following sections, the measured outdoor illuminance and scanned sky luminance 

data were gathered to analyze the daylight climate of Hong Kong. The frequency 

distributions and seasonal variations of the outdoor illuminance were investigated using 

statistical methods. Moreover, the general characteristics of the 3 typical sky conditions 

(i.e. overcast, partly cloudy and clear sky) were discussed. In order to have a better view 

of the sky patterns, the measured sky luminance under the 3 typical sky conditions were 

displayed graphically.  

 

2.4.1 Horizontal outdoor illuminance 

The frequency of occurrence for the 10-minute Gv and Dv at an interval of 1klux was 

computed and showed in Figure 2.8 and Figure 2.9, respectively. It should be noted that 

the high occurrences at low Gv are attributed to the overcast sky and conditions near 

sunrise and sunset hours. The frequency distribution decreases gradually from low to 

high Gv of 129klux. A general inspection of Figure 2.9 revealed that Dv between 4klux 

and 26klux are quite evenly distributed. Beyond 26klux, however, a decreasing trend is 

observed. The distribution drops gradually to 65klux, about half of the peak value of Gv.  

 

In most applications, the frequency distributions provide a useful reference for 

researchers and professional engineers to study and design the artificial lighting of the 

buildings. Figure 2.10 presents the cumulative frequency distributions for both Gv and 

Dv in Hong Kong. It can be seen that Gv exceeds 25klux for 55% of the time. That 

means daylighting alone can provide a room with 2% of daylight factor and an indoor 

design illuminance of 500lux for 55% of time no matter what the sky condition is. 

However, only 39% of time that the room is able to maintain the same daylight factor 

and indoor design illuminance as the direct sunlight is not available.  
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Figure 2.8 Frequency of occurrence of horizontal global illuminance 
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Figure 2.9 Frequency of occurrence of horizontal diffuse illuminance 
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Figure 2.10 Cumulative frequency distribution of horizontal global and diffuse 

illuminance 

 

 

Figure 2.11 and Figure 2.12 present both the monthly-average-hourly Gv and Dv during 

1999-2005 respectively. As expected, the outdoor illuminance on horizontal surface 

obtains the greatest values at solar noon because of the highest αs. Gv at solar noon are 

from 49klux in January to just over 66klux in July. The maximum and minimum Dv 

around solar noon is 37klux in May and 26klux in December respectively. A detailed 

examination of the two isopleth diagrams revealed that large amount of Pv occurs at 

solar noon in the months of July, indicating clear sky conditions in summer. The low Pv 

during the midday in March and April indicates the overcast days in spring. In general, 

both the Gv and Dv are symmetrical with respect to solar noon.  
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Figure 2.11 Isopleth diagram of global outdoor illuminance 
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Figure 2.12 Isopleth diagram of diffuse outdoor illuminance 
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2.4.2 Vertical outdoor illuminance 

To further examine the daylight climate of Hong Kong, the seasonal variations of the 

vertical outdoor illuminance were investigated. Monthly-average-hourly outdoor 

illuminance for the four vertical planes (north, east, south and west) for January, April, 

July and October of 1999 to 2005, representing winter, spring, summer and autumn, 

respectively, are shown in Figure 2.13. Large seasonal variations and irregular patterns 

are observed in those figures. The main cause of daily variations of vertical illuminance 

is the change of solar position. In the absence of atmospheric absorption, the outdoor 

illuminance on a vertical surface facing the sun would be the highest when the sun is 

near the sunrise and sunset hour. For instance, the maximum outdoor illuminance 

always occurs at the east-facing plan in the early morning, no matter what the season is.  

 

For the south-facing plane, due to the sun-path of Hong Kong (shown in Appendix A), 

the surface receives outdoor illuminance from mainly direct component in winter to 

mainly diffuse component in summer, resulting in a high illuminance level in January 

(47klux around solar noon) and low illuminance level in July (22klux around solar 

noon). Likewise, the lowest outdoor illuminance values in north-facing surface could be 

attributed to the lack of the direct components. The outdoor illuminance for east and 

west-facing planes are quite symmetrical with respect to solar noon throughout the year. 

The peak outdoor illuminance for north, east, south and west-facing planes are about 

18klux, 36klux, 49klux and 41klux, respectively.  
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2.4.3 Sky luminance 

Sky luminous distributions depend strongly on the weather conditions and the local 

climate, and it varies with the solar position from time to time [CIE, 2003]. As a result, 

the analysis of sky luminance distributions is complicated. Nonetheless, sky conditions 

of the same category would have similar sky luminance distributions and the 

corresponding climatic parameters and indices would be within certain ranges. Li and 

Lau [2007] reported that sky conditions can be categorized into overcast, partly cloudy 

and clear types by using Lz/Dv and Gv/Ev. In this section, three set of data were selected 

to represent the luminance distributions under the three typical sky conditions. 

Graphical representation is the best method to present the full scan measurements of the 

sky vault because of the better visualization of the actual distribution [Kittler et al., 

1992].  

 

Overcast sky 

The standard overcast sky is often considered to provide the worst conditions for 

daylighting design and performance analysis [Longmore, 1975; Li et al., 2001]. The sky 

totally covered with a layer of clouds as well as the vision of the sun is completely 

impeded can be regarded as overcast sky [Enarun and Littlefair, 1995]. Under the CIE 

standard overcast sky proposed by Moon and Spencer [1942], the sky luminance 

distribution is not only symmetrical about the zenith, but also independent on the solar 

position. Figure 2.14 depicts the sky luminance distribution for an overcast sky. There is 

clearly no disturbance of the luminance pattern around the solar position. A remarkable 

peak sky luminance occurs at the zenith of around 3.6kcdm-2 while the lowest sky 

luminance appears at the horizon, ranging from 0.3 to 1.3kcdm-2. This large sky 

luminance variation at the horizon could be attributed to the different reflectivity values 
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from the surroundings at low elevations. The sky luminance differences at different 

orientations of the same elevation become small as the elevation increases. 

 

Clear sky 

Investigating the sky luminance on clear days is also important for estimating the peak 

cooling load and sizing the air-conditioning equipment capacity in buildings, 

particularly for those situated in places where clear days occur more frequently. The 

luminance distribution of the clear sky depends on the solar position and the scattering 

of light in the atmosphere [Littlefair, 1994]. The peak sky luminance generally appears 

in the direction of the sun, decreases rapidly with the distance from the sun increases. 

Figure 2.15 shows the sky luminance distributions for a clear sky. As mentioned, the sky 

luminance near to the sun can be several hundred times of the other sky elements, and 

thus the sky luminance level is limited to 35kcdm-2 for better visualization. As expected, 

the maximum sky luminance appears at the south orientation that is the solar position. 

The smallest luminance of 1.8kcdm-2 is found at the horizon for the north. For the same 

elevation, the maximum sky luminance of 12.2kcdm-2 is observed at the south, which is 

about seven times greater than the minimum value. This observation proved that the sky 

luminance under a clear sky condition strongly depends on the solar position.  

 

Partly cloudy sky 

The partly cloudy sky can be regarded as the mean luminance distribution of all skies, 

excluding the clear and overcast skies [Narkamura et al., 1987]. Li and Lam [2001] 

reported that partly cloudy sky conditions prevailed in Hong Kong. An understanding of 

this prevailing sky condition, therefore, may form an important part of daylighting 

design processes. However, luminance distributions between the two extremes sky 
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conditions cannot be predicted accurately and easily. For instance, a small cloud in a 

clear sky condition could keep the sun obscured by slowly traversing across the sky 

while a small hole on the cloud in an overcast sky condition could remain open to the 

sun for a long time. Nevertheless, a partly cloudy sky was chosen from the database and 

the corresponding sky luminance distributions were presented in Figure 2.16. As 

expected, the pattern is quite complicated. The luminance ranges from 0.8kcdm-2 at the 

north to 14.1kcdm-2 at the south where is close to the solar position. 
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Figure 2.14 Measured sky luminance distribution for an overcast sky 

 

   



 
Chapter 2 - Daylight Measurements and General Results Analysis 33 

0

5

10

15

20

25

30

35

Date - 19 October 2004   Time - 12:10(TST)

Lu
m

in
an

ce
 (k

cd
/m

2 )

W
est

North
 

Figure 2.15 Measured sky luminance distribution for a clear sky 
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Figure 2.16 Measured sky luminance distribution for a partly cloudy sky 
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2.5 Summary 

In this chapter, the daylight climate of Hong Kong has been studied by analyzing the 

quality controlled measurement data collected at City University of Hong Kong during 

1999-2005. The peak horizontal Gv and Dv are normally occurred in summer and spring, 

respectively. Moreover, it has been observed that there is a strong relationship between 

the outdoor illuminance and solar position.  

 

A brief introduction about the 3 general sky conditions has been mentioned. Their 

characteristics affect the selection of climatic parameters in the next chapter. Based on 

the 3 general sky conditions, chapter 3 will illustrate specifically the 15 standard skies 

adopted by CIE. To define the actual sky conditions in Hong Kong, the scanned sky 

luminance data will be used to determine the frequency distributions and the 

corresponding root mean square error (RMSE) of each standard sky type.  
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Chapter 3 

CLIMATIC PARAMETERS AND              

CIE STANDARD SKY 

 

 

An accurate estimation of daylight available outside the building is to acquire not just 

the total amount of external illuminance levels available but also the distributions of 

luminance across the sky vault [Li et al., 2006a]. The indoor daylight illuminance of a 

room is found to be related to the sky luminance distribution in the direction of view of 

the window [Rutten, 1994]. It is important to define sky luminance distribution under 

various conditions so that the daylight design and appraisal can be harmonized 

effectively [Darula et al., 2001]. 

 

CIE standard overcast sky 

Moon and Spencer [1942] proposed a trigonometric function for calculating the 

luminance distribution of an overcast sky as shown in equation 3.1 and this model was 

adopted by the CIE as the standard overcast sky in 1955. The luminance distribution of 

an overcast sky is symmetrical about the zenith and changes with the elevation above 

the horizon. Most of the daylighting predictions in many parts of the world were 
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performed based upon the standard overcast sky. 

 

 
3
cos21

3
sin21 Z

L
L

Z

+
=

+
=

θγ  
(3.1)

 

where Lγ 

LZ 

θ  

Z 

= 

= 

= 

= 

sky luminance of a sky element (kcdm-2)  

sky luminance at the zenith (kcdm-2) 

altitude of a sky element (rad) 

zenith angle of a sky element (rad) 

 

 

According to equation 3.1, it is interesting to note that the brightness of the zenith is 

three times brighter than the horizon. It has been pointed out in the literature that the 

CIE overcast sky performed the best among all worldwide models under a fully overcast 

sky and showed a good agreement with the sky luminance data measured in many parts 

of the world [Enarun and Littlefair, 1995]. 

 

CIE standard clear sky 

Later, a clear sky luminance distribution function was developed by Kittler [1967] and 

was recommended as the CIE standard clear sky [CIE, 1973]. Similar with the standard 

overcast sky, the luminance distribution of the standard clear sky was expressed by the 

ratio of Lγ to LZ as shown in equation 3.2. It should be noted that the luminance 

distributions are substantially affected by weather conditions and the solar positions 

[Littlerfair, 1994]. 
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where Zs 

χ 

= 

= 

zenith angle of the sun (rad) 

scattering angle, the shortest angular distance between the sun 

and a sky element (rad) 

 

 

15 CIE standard skies 

Nevertheless, the sky conditions between the overcast and clear sky cannot be 

determined satisfactorily by applying the two standard sky models. It is no longer 

satisfactory to determine the indoor daylight illuminance level with only two sky 

conditions [Kobav and Bizjak, 2003]. Therefore, a new set of standard skies should be 

developed to alleviate the problems. To standardize sky luminance distributions which 

occur in the nature, a total of three proposals were proffered and submitted to CIE for 

analysis.  

 

Nakamura et al. [1985] introduced the luminance distributions of intermediate skies 

which represents all the sky conditions excluding the clear sky and overcast sky. The 

relative luminances of sky elements to the zenith luminance corresponding to αs of 

every 10o, from 10o to 70o were determined based on the long period measurement data. 

 

By using statistical approach, Igawa et al. [1997] developed a set of twenty sky 

luminance distribution models based on the measured luminance data at Tokyo, which 

represents the relative patterns between the CIE standard clear and overcast sky 

conditions.  
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Kittler et al. [1997a] proposed a set of 15 sky types based on measured sky luminance 

distribution data in Berkeley (USA, 37.6oN and 122.4oW) during 1985 - 1986, Tokyo 

(Japan, 35.8oN and 139.8oE) and Sydney (Australia, 33.9oS and 151.2oE) in 1992. 

Scattering indicatrix and sky gradation function were combined to form a set of 

mathematical equations which can be regarded as the luminance distributions of the sky 

vault. The proposed set of sky types includes five overcast, five partly cloudy and five 

clear skies.  

 

After voting in the CIE Technical Committee 3-15, the 15 sky types proposed by Kittler 

et al. [1997a] was recommended as the CIE standard skies [Darula et al., 2001]. The set 

of 15 standards skies adopted all existing CIE standards including CIE standard overcast 

and clear skies in a system covering the whole probable spectrum of skies in the world 

[Kittler et al., 1999]. This standard sky models are characterized by continuous 

mathematical expressions and changed smoothly in luminance from the horizon to the 

zenith and with the angular distance from the sun.  

 

Tregenza [1999] analyzed these 15 standard skies. Using the recorded sky scans 

collected at four IDMP measuring stations, namely Singapore (1.5oN and 104oE), 

Fukuoka (Japan, 33.5oN and 130.5oE), Garston (UK, 51.7oN and 0.4oW) and Sheffield 

(UK, 53.5oN and 1.5oW), which represent tropical humid climate and temperate 

maritime climate. The author concluded that this standard set could provide a 

satisfactory overall framework for categorizing actual skies.  

 

Apart from the above, measurements and studies of sky luminance distributions based 

on the 15 standard skies have been undertaken extensively in many parts of the world. 
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Li et al. [2003] studied the measurement data recorded in subtropical Hong Kong China 

(22.3oN and 114.2oE) against the 15 standard luminance distribution models. The 

authors found that the 15 standard skies were adequate to identify sky conditions in 

Hong Kong. Based on the three years hourly sky luminance records during 1999 to 

2001, Li et al. [2003] concluded that a subset of five standard skies (i.e. sky types 1, 3, 6, 

11 and 13) would be sufficient to describe Hong Kong sky conditions without any 

sufficient deterioration in the prediction accuracy. Later, Ng et al. [2007] studied further 

to understand the actual sky patterns of Hong Kong using 10-minute measurements 

during 2003 to 2005. The results indicated that a subset of 3 sky types (i.e. sky types 1, 

8 and 13) is adequate to represent the sky conditions of subtropical Hong Kong.  

 

Chirarattananon and Chaiwiwatworakul [2007] reported the results of characterization 

of the sky distributions under the standard sky models using the sky luminance data 

collected at topical north of Bangkok (Thailand, 14.08oN, 100.62oE) from 1999 to 2004. 

Shahriar and Mohit [2006] examined whether the proposed standard skies are applicable 

to Subang (Malaysia, 3.7oN and 101.33oE) and concluded that the standard skies are 

good representations of the sky conditions of Subang. 

 

The actual sky condition is a critical factor for daylighting design. Once the skies have 

been interpreted, the basic outdoor illuminance at various inclined surfaces can be 

obtained for subsequent investigations. Nevertheless, sky luminance distributions 

particularly for the whole sky are scarcely available or exist for very limited periods. 

For places where such measured data are not obtainable, sky patterns should be 

interpreted using other sky indicators. Sky classification using common climatic indices 

is the first step to examine the standard skies in details. 
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The objectives of this chapter are i) to introduce the climatic parameters that will be 

used in this study. The frequency of occurrences of such sky indicators contributing the 

3 typical sky conditions are established and presented. Their strengths and limitations 

for sky classification are discussed, and ii) to establish the occurrences of standard skies 

through comparison between the measured and calculated illuminance values for all 15 

standard skies. Furthermore, the prevailing standard skies of Hong Kong are discussed 

and the 10-minute of sky luminance data recorded in the daytime of the period of 

1999-2005 are used in the present analysis.  

 

 

3.1 Climatic Variables under Typical Skies 

Generally, sky conditions can be split into three typical categories. To identify the 

various sky conditions, different researchers used different climatic indices [Littlefair, 

1994]. Many climatic parameters can be used for characterization of sky conditions. 

Three criteria should be considered to judge the merits and demerits of the parameters 

for sky interpretation i) accuracy – to minimize errors, ii) simplicity – such that the 

computation time can be kept to a minimum and manual checks are not prohibitively 

complex, and iii) parameters availability – so that sufficient data can be used. Instead of 

using solar radiation parameters that have been examined by various researchers, five 

common and synoptic meteorological variables regarding outdoor illuminance are 

introduced.  
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3.1.1 Solar altitude (αs) 

Sky luminance distributions for most sky types depend on the αs in particular under 

clear skies. Under heavy overcast skies (sky standards 1, 3 and 5), the distributions of 

the sky luminance are symmetrical about the zenith and to change with the sky elevation 

above the horizon. It means that the sky luminance distributions for sky standards 1, 3 

and 5 are independent of sky azimuth and solar location. For other sky standards, peak 

sky luminance would appear near to the solar position, decreasing with the distance 

from the sun. Solar altitude alone may not be a good factor to single out standard skies. 

However, a number of climatic parameters do vary with αs and such features are useful 

for sky classification.  

 

Solar altitude is the angular distance (between 0o and 90o) measured above the horizon 

in a vertical plan through the sun. It is the complement of solar zenith angle (Zs) and has 

great effects for the solar energy reaching the earth surface. The higher the αs the shorter 

distance that the solar radiation passing through the atmosphere and thus more solar 

energy arriving at the earth surface. αs can either be measured or determined using the 

following equation [Kittler et al., 1992]. 

  

 cosL cosH cosδ  sinL sinδ αsin s +=  (3.3)
 

where δ 

L  

H 

= 

= 

= 

solar declination angel (rad) 

latitude of the measurement location (rad) 

hour angle (rad) 
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3.1.2 Ratio of zenith luminance to horizontal diffuse illuminance 

(Lz/Dv) 

The Lz/Dv ratio is one of the useful parameters to identify the sky conditions although 

they are far less commonly available and usually exist for very limited period of time 

[Karayel et al., 1984]. The integration of the luminance of each sky patch over the 

whole sky vault gives the horizontal illuminance. Since zenith is in a dominant position 

in the sky with respect to (i.e. normal to) the horizontal surface, Dv is substantially 

influenced by Lz. Therefore, a high probability of agreement (i.e. the zenith luminance 

is the major component contributing to Dv) does exist between these two climatic 

parameters.  

 

According to the CIE sky standard, however, the Lz/Dv theoretical curves for the 15 

standard skies are not parallel but they intersect with each other at the αs of 35° or 

higher [Kittler et al., 1998]. Ambiguous results may be caused when using Lz/Dv ratio to 

identify the sky for place where high αs dominates such as Hong Kong [Bartzokas et al., 

2003; Markou et al., 2005]. The Lz/Dv ratio against αs for the 15 different standard skies 

is shown in Figure 3.1. 

 

The Lz/Dv ratios under the 3 typical sky conditions are computed and displayed in 

Figure 3.2. It can be seen that for overcast skies, the distribution is quite symmetrical 

with a peak Lz/Dv ratio at 0.39. Most of the readings appear between 0.24 and 0.54. As 

for partly cloudy days, the distribution is slightly shifted to left with a maximum Lz/Dv 

ratio occurring at 0.24. It spreads more widely than that in overcast skies, ranging from 

0.09 to 1. Under clear sky conditions, a marked peak of 7% at Lz/Dv ratio of 0.15 is 
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observed. The distribution tends to cluster at Lz/Dv ratio between 0.11 and 0.29. All the 

features and the characteristics shown are in good agreement with the findings reported 

by Kittler et al. [1997a]. 

0 10 20 30 40 50 60 70 80 90

0.1

0.2

0.3

0.4

0.5

0.6

0.7

9

1514
13

10

12

8
7
6
5
4

11

3
2  L z/D

v

Solar altitude, αs

1

 

 

 

Figure 3.1 Lz/Dv plotted as a function of αs for the 15 standard skies 
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Figure 3.2 Frequency of occurrence of Lz/Dv for the 3 typical skies 
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3.1.3 Ratio of horizontal global illuminance to extraterrestrial 

illuminance (Gv/Ev) 

The criteria for determining sky clearness using Gv usually take the form of Gv/Ev. At 

ground level, extraterrestrial illuminance (Ev) is reduced and split due to air attenuation, 

turbidity and clouds to form Gv. It should be noted that Ev on a horizontal surface can be 

determined as follows: 

 

 ( )δLHδLrEE SCv sinsincoscoscos +=  (3.4)
 

where ESC 

r 

 

 

Γ 

= 

= 

= 

 

= 

solar constant (133.8klux) 

eccentricity correction factor (dimensionless) 

1.000110 + 0.034221 cos Γ + 0.001280 sin Γ + 0.000719 cos 2Γ 

+ 0.000077 sin 2Γ 

day angle (dimensionless) 

 

 

When the atmosphere is clear, a small fraction of outdoor illuminance is scattered, 

resulting in a predominant direct component with a large amount of Gv/Ev ratio. A large 

amount of outdoor illuminance is scattered for an overcast day, on the contrary, 

indicating a high portion of diffuse component with a low Gv/Ev ratio.  

 

This ratio is a widely used index since it relies only on one measured parameter, global 

daylight illuminance which is recorded by many meteorological stations and the 

measurement is quite straightforward. Once Gv is obtained, the corresponding horizontal 

extraterrestrial illuminance can be determined by equation 3.4. However, Gv/Ev ratio is 
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neither zero nor unity. There is no clear-cut Gv/Ev ratio to indicate various sky 

conditions. Different values have been adopted by various researchers to show different 

sky conditions [Li and Lam, 2001; Li et al., 2004b].  

 

Figure 3.3 presents the frequency distribution of Gv/Ev ratio at 0.01 intervals under the 

three typical sky conditions. It can be seen that Gv/Ev data tend to cluster more in the 

low range for overcast days and high range under clear skies. As for the partly cloudy 

skies, Gv/Ev data spreads widely on both low and high values. Peak values can be found 

at Gv/Ev ratios of 0.15, 0.39 and 0.68 for overcast, partly cloudy and clear skies 

respectively.  
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Figure 3.3 Frequency of occurrence of Gv/Ev for the 3 typical skies 

   



 
Chapter 3 - Climatic Parameters and CIE Standard Sky 48 

3.1.4 Ratio of horizontal diffuse illuminance to extraterrestrial 

illuminance (Dv/Ev) 

Similar with Gv/Ev ratio, Dv/Ev ratio can be used as a climatic index to interpret the sky 

conditions, particularly during overcast and cloudy situations with absence of the sun 

[Darula and Kittler, 2005]. Dv/Ev ratio depends on the diffuse illuminance which is 

measured using a shadow-ring to eliminate direct sunlight. Large Dv/Ev ratios often 

occur in partly cloudy sky. For low Dv/Ev ratios, they may indicate two extreme sky 

conditions (i.e. overcast skies and clear skies). Darula and Kittler [2004a; 2004b; 2005] 

analyzed the frequency of occurrence of Dv/Ev ratio using five years database recorded 

at Bratislava IDMP station during 1994 to 1998. A set of typical Dv/Ev ratio are 

suggested for different standard sky types as shown in Table 3.1.  

 

The frequency of occurrence for Dv/Ev ratio under the 3 typical sky types was 

determined and is shown in Figure 3.4. It can be seen that the distribution is skewed to 

the left with a peak value of just over 4.3% at Dv/Ev = 0.11 and falls down to less than 

0.1% at Dv/Ev = 0.42. The Dv/Ev ratios of 0.5 or more are rare to none. Under a partly 

cloudy sky, the increases from 0.1% at Dv/Ev = 0.01 to the peak 5.4% at Dv/Ev = 0.29 

and drops rapidly to 0.2% at Dv/Ev = 0.42. As the sky becomes clear, the distribution is 

quite symmetrical at Dv/Ev = 0.24 with 6.8%, ranging from Dv/Ev = 0.09 to Dv/Ev = 

0.41.  
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Table 3.1 Recommended Dv/Ev ratio for the 15 standard skies 

No Gradation Indicatrix Type of sky  Typical 

 group group   Dv/Ev 

1  
 

I 1 CIE Standard Overcast Sky, Steep luminance 
gradation towards zenith, azimuthal uniformity 
 

 0.10 

2 
 

I 2 Overcast, with steep luminance gradation and 
slight brightening towards the sun 
 

 0.10 

3 
 

II 1 Overcast, moderately graded with azimuthal 
uniformity 
 

 0.15 

4 
 

II 2 Overcast, moderately graded and slight 
brightening towards the sun  
 

 0.20 

5 
 

III 1 Sky of uniform luminance 
 
 

 0.22 

6 
 

III 2 Partly cloudy sky, no gradation towards zenith, 
slight brightening towards the sun 
 

 0.30 

7 
 

III 3 Partly cloudy sky, no gradation towards zenith, 
brighter circumsolar region 
 

 0.35 

8 
 

III 4 Partly cloudy sky, no gradation towards zenith, 
distinct solar corona 
 

 0.40 

9 
 

IV 2 Partly cloudy, with the obscured sun 
 
 

 0.35 

10 
 

IV 3 Partly cloudy, with brighter circumsolar region 
 
 

 0.30 

11 
 

IV 4 White – blue sky with distinct solar corona 
 
 

 *0.26 
#0.30 

12 
 

V 4 CIE Standard Clear Sky, low luminance 
turbidity 
 

 *0.25 
#0.30 

13 
 

V 5 CIE Standard Clear Sky, polluted atmosphere 
 
 

 *0.26 
#0.30 

14 
 

VI 5 Cloudless turbid sky with broad solar corona 
 
 

 *0.28 
#0.30 

15 
 

VI 6 White – blue turbid sky with broad solar corona 
 
 

 *0.28 
#0.30 

Note: * sunny situations, # situations with sun shaded 
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Figure 3.4 Frequency of occurrence of Dv/Ev for the 3 typical skies 

   



 
Chapter 3 - Climatic Parameters and CIE Standard Sky 51 

3.1.5 Luminous turbidity (Tv) 

The atmosphere consists of different substances such as water vapour, dust and aerosols. 

Due to the effect of absorption and scattering of light, the amount of daylight 

illuminance to the ground through the atmosphere is reduced. The actual value of Tv 

represents the number of absolutely clean atmospheres substituting a real case by having 

the same (Gv-Dv)/Ev value under the actual αs and directional air mass [Kittler and 

Darula,1998; Soler and Gopinathan, 2000]. The lowest Tv is unity while the highest is 

infinity when (Gv-Dv)/Ev = 0 in the direction of sun beams.  

 

Darula and Kittler [2005] reported that luminous turbidity is the most appropriate 

descriptor to roughly classify all clear sky types since Tv value is independent of the αs 

changes, its daily course is practically stable except for changes caused by higher water 

evaporation or cloudiness rise. The usual Tv values are between 10 and 20 under partly 

cloudy sky types and below 10 for clear sky types. Various Tv criteria can be applied to 

classify individual partly cloudy and clear skies [Li and Lau, 2007; Li and Tang, 2008]. 

The general formula for calculating Tv can be expressed as follows [Kittler et al., 1998]:  

 

 

iv

vvv
v ma

EDG
T

)/ln( −
−=  

(3.5)
 

 

The luminous extinction coefficient, av proposed by Navvab et al. [1984] can be 

calculated as: 

 

 

i
v m
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+
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The optical air mass, mi from Kasten and Young [1989] as given by: 

 

 
6364.1)07995.6(50572.0sin

1
−++

=
ss

im
αα

 
(3.7)

 

 

The frequency distribution of Tv at unity interval under the three general sky conditions 

is presented in Figure 3.5. It can be seen that Tv spreads widely on both low and high 

values under overcast days, ranging from 0.1% to 3.1%. As for the partly cloudy skies, 

Tv data tend to cluster more in the low range. Under clear sky conditions, a marked peak 

of 16% at Tv = 6 is observed. The distribution tends to cluster at Tv between 3 and 12.  
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Figure 3.5 Frequency of occurrence of Tv for the 3 typical skies 
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3.2 CIE Standard Skies 

The set of the 15 standard skies includes the CIE clear sky distribution, a uniform 

luminance distribution, and a close approximation to the CIE overcast sky. In general, 

the standard skies contain 5 overcast, 5 partly cloudy and 5 clear sky types covering the 

whole probable spectrum of skies in the world [Kittler et al., 1999]. The distributions 

are described by continuous mathematical expressions that change smoothly in 

luminance from the horizon to zenith and with the angular distance from the sun. The 

standard formula defining the relative sky luminance, lv, on any standard sky can be 

considered as a combination of the gradation φ(Z) and the indicatrix function f(χ). The 

15 standard relative luminance distributions which are based on 6 groups of a and b 

values for the gradation function and 6 groups of c, d and e values for the indicatrix 

function.  
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The standardized gradation is defined by appropriate a and b variables as: 
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The relative scattering indicatrix function can be modeled by an exponential function 

with adjustable coefficients c, d and e as: 
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The exponential term exp(dχ) represents the effect of Mie scattering, which decreases 

rapidly with distance from the sun. The cos2χ term is due to the Rayleigh scattering and 

is zero at 90° to the direction of the sun [Littlefair, 1994]. Both gradation and indicatrix 

functions are of 6 types covering the usual range of homogeneous cases from heavy 

overcast to cloudless skies. The combinations can form a large number of skies but only 

15 relevant types were selected to be the standard set. Table 3.2 shows the details of the 

15 standard skies [Kittler et al., 1997a]. 
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Table 3.2 A set of 15 sky standards and their parameterization 

No   for gradation for indicatrix 

(Code)  Type of sky a b c d e 

1  
(I1) 

 CIE Standard Overcast Sky, Steep luminance 
gradation towards zenith, azimuthal uniformity 
 

4 
 

-0.7 0 -1 0 

2 
(I2) 

 Overcast, with steep luminance gradation and 
slight brightening towards the sun 
 

4 -0.7 2 -1.5 0.15

3 
(II1) 

 Overcast, moderately graded with azimuthal 
uniformity 
 
 

1.1 -0.8 0 -1 0 

4 
(II2) 

 Overcast, moderately graded and slight 
brightening towards the sun  
 

1.1 -0.8 2 -1.5 0.15

5 
(III1) 

 Sky of uniform luminance 
 
 

0 -1 0 -1 0 

6 
(III2) 

 Partly cloudy sky, no gradation towards zenith, 
slight brightening towards the sun 
 

0 -1 2 -1.5 0.15

7 
(III3) 

 Partly cloudy sky, no gradation towards zenith, 
brighter circumsolar region 
 

0 -1 5 -2.5 0.3 

8 
(III4) 

 Partly cloudy sky, no gradation towards zenith, 
distinct solar corona 
 

0 -1 10 -3 0.45

9 
(IV2) 

 Partly cloudy, with the obscured sun 
 
 

-1 -0.55 2 -1.5 0.15

10 
(IV3) 

 Partly cloudy, with brighter circumsolar region 
 
 

-1 -0.55 5 -2.5 0.3 

11 
(IV4) 

 White – blue sky with distinct solar corona 
 
 

-1 -0.55 10 -3 0.45

12 
(V4) 

 CIE Standard Clear Sky, low luminance 
turbidity 
 

-1 -0.32 10 -3 0.45

13 
(V5) 

 CIE Standard Clear Sky, polluted atmosphere 
 
 

-1 -0.32 16 -3 0.3 

14 
(VI5) 

 Cloudless turbid sky with broad solar corona 
 
 

-1 -0.15 16 -3 0.3 

15 
(VI6) 

 White – blue turbid sky with broad solar corona
 
 

-1 -0.15 24 -2.8 0.15
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3.3 Standard Sky Selection 

Tregenza [1999] developed a statistical approach to determine the standard distribution 

that is best-fit to each measured sky distribution. The author proposed a representative 

room of a building and compared the room illuminances calculated using the best-fit 

standard with those calculated from the actual sky. The best-fit standard sky selected is 

the one with the lowest RMSE. Later, Tregenza [2004] modified his approach which 

does not depend on the selection of the representative room. The calculations were 

simplified and became more general. In the present study, this best-fitting approach 

proposed by Tregenza [2004] was used to define the sky conditions in Hong Kong.  

 

In general, a subset of the CIE standard skies including overcast, partly cloudy and clear 

sky conditions are sufficient to describe the daylight climates at any particular site since 

some standard skies are rarely applicable. [Li et al., 2003; Ng et al., 2007; Tregenza, 

2004]. The selection of the sky luminance models representing overcast, partly cloudy 

and clear sky was examined. 

 

To identify the set of standard skies in details, the luminance distributions of individual 

standard skies were modeled and compared with the scanned sky luminance readings. 

The modeled sky luminance was normalized to the horizontal diffuse illuminance by 

multiplying all the luminance values with the normalization ratio (NR) as: 
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where Lmea

lpred  

β 

= 

= 

= 

measured sky point luminance (kcdm-2) 

predicted sky point luminance in relative form (dimensionless) 

azimuth of a sky patch (rad) 

 

 

The formula (i.e. Equation 3.8) to determine the sky luminance is in relative form and 

therefore, lpred should be used in the denominator of Equation 3.11. The NR is not the 

same as that in Littlefair’s paper [1994] which the models for analysis were mainly 

based on absolute sky luminance. The relative (not absolute value) sky luminance for 

each sky patch was determined using Equation 3.8. Once the integrated diffuse 

illuminance and lpred at each sky point has been obtained, the predicted sky luminance 

(Lpred) which is the product of NR and lpred can be easily computed. An alternative would 

be to divide all sky luminance readings by the zenith luminance, but this can cause huge 

measuring error when the sun is near to the zenith [Tregenza, 2004]. For low-latitude 

climates (e.g. Hong Kong) when the sun is frequently within a small angular distance 

from zenith, a normalization with respect to the diffuse horizontal illuminance would, 

therefore, be more appropriate. Once normalized, the performance of each standard sky 

luminance model was assessed by the RMSE. The standard sky selected is the one with 

the lowest RMSE.   
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where N = number of readings (dimensionless) 
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3.3.1 Results of complete set of standard skies 

The frequency of occurrence of the 15 standard skies using the best-fitting approach (a), 

and the corresponding RMSE based on the complete standard set (b) are presented in 

Figure 3.6. Large variations can be observed for individual sky types and a detailed 

analysis of Figure 3.6 revealed that the overcast and clear skies (i.e. overcast – sky 

numbers 1 to 5 and clear – sky numbers 11 to 15) represent about 78% of the Hong 

Kong sky conditions. The intermediate skies (i.e. sky numbers 6-10) account for the 

remaining 22%. Sky numbers 1 and 3 dominate in the overcast sky whereas sky 

numbers 6, 7 and 8 appear more frequently when compare with the other partly cloudy 

skies. For clear sky condition, sky number 13 is the main sky type in Hong Kong. The 

RMSE for all the 15 standard skies is 23.8% using best-fitting approach.   

 

Figure 3.6 presents the best-fit standard skies with high frequency of occurrence values 

give in low RMSE results and vice-versa. For instance, sky numbers 2, 5 and 9 have 

frequency of occurrence of less than 5% with the corresponding RMSEs of over 32%. 

With the frequency of occurrence over 12.7%, the RMSEs for sky numbers 1, 3 and 13 

are less than 24%. This indicates that some standard skies appear infrequently and their 

exclusion can simplify the analysis without significantly lowering the overall accuracy. 
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Figure 3.6 (a) Frequency of occurrence for the best-fit 15 standard skies, (b) RMSE of 

the luminance distribution of actual skies to the best-fit 15 standard distributions 
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3.3.2 Results of prevailing set of standard skies 

Individual standard skies with high frequency of occurrence and low RMSE are 

appropriate to represent the prevailing sky conditions for a given location. In this regard, 

the ratio of frequency of occurrence to RMSE for the 15 best-fit standard skies was 

considered and Figure 3.7 presents the results. It can be seen that sky numbers 1 and 3 

of overcast conditions have ratios over 0.6, which is far more than the other 3 overcast 

sky types (i.e. sky numbers 2, 4 and 5). For partly cloudy conditions, the ratio for sky 

numbers 6, 7 and 8 are between 0.24 and 0.3 but those for sky numbers 9 and 10 is close 

to zero. Referring to clear sky type, sky number 13 has the highest ratio of over 0.75. 

Based on these findings, sky numbers 1, 3, 6, 7, 8 and 13 were selected to represent the 

prevailing sky standards in Hong Kong.  

 

Similar with section 3.3.1, the same database and approach were applied to determine 

the standard sky distributions. However, the outcomes of the calculation are 6 prevailing 

skies rather than the 15 standard skies. The remaining standard skies were discarded 

systematically by comparing the RMSE of the best-fit standard sky. When an excluded 

sky type is the best-fit to a particular scan, the sky type giving the next best-fit to that 

scan was substituted. The steps were repeated until the 6 prevailing skies were obtained. 

The frequency of occurrence and the RMSEs for the 6 prevailing skies were assessed 

and graphical presentations were used as shown in Figure 3.8. The largest frequency of 

occurrence of 29.3% was found in sky number 13 which has been selected to be the 

most representative clear skies from the CIE standard skies in Hong Kong. This is not 

surprising, given that Hong Kong is currently infamous for its poor air quality and 

polluted conditions. Comparing with the complete set of 15 standard skies, the 

frequency of occurrence for all partly cloudy skies are increased (sky number 6 – 12.5%, 
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sky number 7 – 9.5% and sky number 8 – 10.8%). For sky standards 1 and 3 the 

frequency of occurrence varies slightly. The RMSEs range from 23.6% for sky standard 

13 to 27.9% for sky standard 8. The overall RMSE for the reduced set of the 6 

prevailing sky standards in Hong Kong is 25% which is 1.2% greater than the complete 

set of 15 standard skies. 
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Figure 3.7 The ratios of frequency of occurrence to RMSE for the 15 standard skies 
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Figure 3.8 (a) Frequency of occurrence for the best-fit 6 prevailing standard skies, (b) 

RMSE of the luminance distribution of actual skies to the best-fit 6 prevailing standard 

skies 
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3.3.3 Results of subset of 3 standard skies 

To further simplify the sky models, the overall RMSE against the number of standard 

skies available was presented in Figure 3.9. Similar with the results reported by 

Tregenza [2004], Li et al. [2003] and Ng et al. [2007], the overall RMSE does not 

change sharply as the number of sky type available is reduced to three. If 13 out of 15 of 

the sky distributions are eliminated, however, the overall RMSE increases significantly 

to 29.2%. The results suggested that a subset of three standard sky types is adequate to 

represent the sky conditions of Hong Kong. To simplify the analysis, three standard 

skies with the highest value of the ratio of frequency of occurrence to RMSE as shown 

in Figure 3.7 representing overcast, partly cloudy and clear types are selected for the 

study. The representative sky types for the 3 general sky conditions are sky numbers 1, 8 

and 13.  
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Figure 3.9 Overall RMSE against number of sky types available 

   



 
Chapter 3 - Climatic Parameters and CIE Standard Sky 65 

Again, the frequency of occurrence and the RMSEs for these 3 skies were determined 

and the results are given in Figure 3.10. It can be seen that both the frequency of 

occurrence and RMSE values increase when all the sky conditions were interpreted by 3 

standard sky distributions. Overcast sky (i.e. sky number 1) and clear sky (i.e. sky 

number 13) contribute about 80% of Hong Kong sky condition. The frequency 

distributions of the best-fit 3 standard skies are similar to the study reported by Ng et al. 

[2007] using sky luminance scans collected in Hong Kong. As expected, limiting the 

sky conditions to three skies could simplify the sky classification without a significant 

loss of overall accuracy. The overall RMSE for the subset of 3 standard skies is 27% 

which is 3.2 and 2% greater than the findings obtained from the complete set of 15 

standard skies and the prevailing set of 6 standard skies, respectively. 

 

 

3.4 Summary 

This chapter was a first step to develop and evaluate the sky classification approaches 

proposed in the next two chapters. One of the aims of chapter 3 was to select the 

appropriate climatic parameters to interpret the various sky conditions. A total of five 

common climatic parameters (i.e. αs, Lv/Dv, Gv/Ev, Dv/Ev and Tv) have been suggested 

and their frequency distributions were presented graphically under the 3 typical sky 

categories. Also, the luminance distributions of each sky standard were determined and 

compared with the scanned sky luminance readings to identify the sky types for 

subtropical Hong Kong. Once the sky types have been classified, the corresponding 

climatic parameters can be used to evaluate the sky classification approaches proposed 

in chapters 4 and 5.  
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Figure 3.10 (a) Frequency of occurrence for the best-fit 3 standard skies, (b) RMSE of 

the luminance distribution of actual skies to the best-fit 3 standard skies 
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Chapter 4 

SKY CLASSIFICATION I:                   

CLIMATIC PARAMETERS 

 

 

The sky luminance distribution is crucial for designing an energy-efficient scheme for 

buildings [Wittkopf et al., 2006], determining the daylight illuminance level inside a 

room [Li, 2007] and evaluating the performance of daylighting software [Bellia et al., 

2000]. In many part of the world, however, sky luminance measurements are still not 

available. In interpreting sky conditions, climatic parameters are often used as 

weighting factors to indicate the degree of sky clearness such that sky luminance 

distributions can then be classified. To identify the various sky conditions, different 

researchers used different climatic indices [Littlefair, 1994].  

 

As mentioned, Lz/Dv ratio can characterize the momentary sky brightness and 

theoretically can classify the measurement into one of the 15 standard sky patterns. The 

change of Lz/Dv ratio only depends upon αs excluding the overcast skies with unity 

indicatrix [Kittler et al., 1998; Kittler and Darula, 1998; Kittler and Darula, 2000]. Later, 

Kittler et al. [1999] reported that Gv or Pv together with simultaneous Dv is essential for 
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the sky classification under arbitrary cloudy sky conditions. Kittler and Darula [2002] 

suggested various parameters to interpret the sky conditions such as Tv and Dv/Ev ratio. 

There are a number of appropriate climatic variables to characterize the daylight 

climates. They concluded that Gv/Ev ratio, together with Lz/Dv ratio is sufficient to 

identify the typical skies.  

 

Li and Lam [2001] identified the prevailing sky conditions in Hong Kong using Kt, K, 

cloud cover (CLD) and sunshine hour (SH). The frequency of occurrences and 

cumulative frequency distributions of these four parameters have been investigated and 

presented in graphical approaches. Three ranges of each parameter based on the 

frequency distributions of individual variables appearing in each typical sky condition 

are suggested to represent the 3 sky types. Later, Li et al. [2004b] suggested new criteria 

to improve the sky classification results. It has been pointed out that more accurate 

results can be obtained when applying two parameters (CLD and SH) simultaneously as 

the indicators to represent the 3 typical skies. Further studies about identification of the 

sky conditions particularly in overcast and non-overcast sky conditions can be found in 

the literature. [Li et al., 2004a; Li and Lau, 2007] 

 

Younes and Muneer [2007] gathered the daylight measurements from six sites, namely 

Brachnell (UK, 51.26oN and 0.45oE), Gerona (Spain, 41.97oN and 2.88oN), Madrid 

(Spain, 40.45oN and 3.73oW), Chennai (India, 13.0oN and 80.18oE), Mumbai (19.12oN 

and 72.85oE) and Pune (India, 18.53oN and 73.85oE). Based on the different 

combinations of the meteorological indicators, totally nine clear sky tests have been 

proposed and evaluated independently by the six datasets. The results indicated that the 

clear sky test based on Kt, K, CLD and Linke turbidity (TLK) is the most appropriate 
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way for classifying cloudless and low turbid skies. 

 

Instead of using climatic parameters, Markou et al. [2007] classified the sky luminance 

distributions in Garston (UK, 51.71oN and 0.38oW) by multivariate statistical methods 

of factor analysis and cluster analysis. By using the outdoor illuminance and sky 

luminance measurements, the proposed method gave almost the same results at low αs 

when comparing with the Lz/Dv sky classification technique. The difference of the 

results increases, however, as αs increases.  

 

This chapter presents the statistical approach on the classification of standard sky 

luminance distributions using various appropriate climatic parameters. A comparative 

assessment of the Bartzokas et al. [2003; 2005] and the proposed methods against 

scanned sky luminance data collected during 1999 and 2005 is reported. Characteristics 

of the findings are elaborated and discussed. 

 

 

4.1 Bartzokas et al. Approach 

Bartzokas et al. [2003; 2005] modified the Lz/Dv sky classification method suggested by 

Kittler et al. [1998] to study the daylight climates at two cities in Europe, namely 

Athens and Bratislava. The authors reported that the prevailing sky types for Bratislava 

are the overcast sky with steep luminance gradation and slight brightening towards the 

sun in winter and the white-blue sky with a distinct solar corona in summer. The most 

frequent sky types for Athens are the cloudless polluted sky in both winter and summer. 

Markou et al. [2005] further validated the methodology established by Bartzokas et al. 
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[2003; 2005] using half-hourly data recorded in Sheffield (UK, 53.4oN and 1.5oW) 

during winter of 1993 to 1994. Sky numbers 2, 6 and 13 are the most frequent sky types 

when examining the 3 general sky conditions separately, with a frequency of 19.5%, 

7.0% and 7.6% respectively. The sky classification approach and the methodology 

proposed by Bartzokas et al. [2003; 2005] are briefly introduced in this section. 

Ten-minute climatic data collected in Hong Kong are used to evaluate this approach and 

the major findings are presented.  

 

4.1.1 Methodology 

This approach is based on the theoretical Lz/Dv curves of the 15 sky standards as shown 

in Figure 3.1. However, it can be seen that the theoretical Lz/Dv curves converge and 

they overlap at αs of 35° or above. This could lead to ambiguous results in sky 

classification for high αs. To overcome this difficulty, Bartzokas et al. established the 

following procedure. For each set of data, the Lz/Dv ratios at a particular αs is initially 

computed based on measurements of the individual Lz and Dv parameters and compared 

with the Lz/Dv ratios of the 15 theoretical curves. Each observation is allocated to one of 

the 15 standard skies only when the measured Lz/Dv ratio lies within a zone of ±2.5% 

around the selected theoretical curve. Due to convergence and intersection of the 

theoretical curves, one observation may be interpreted in more than one standard sky. In 

such a case, Gv/Ev ratio for the specific observation is further compared to the average 

Gv/Ev ratios estimated from all observations at the same αs for a particular standard sky. 

The observation is then classified in the standard sky with the nearest value. 

 

Bartzokas et al. also defined two terms, namely ‘normal’ and ‘opposite’ cases. Of the 15 
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standard skies, the first six (sky numbers 1 to 6) represent overcast conditions associated 

with no direct sunlight and the direct-normal solar irradiance (InB) must be less than 

120Wm-2. To the contrary, for the remaining nine sky types (sky numbers 7 to 15) the 

condition InB≥120Wm-2 is valid. All these are called normal cases. When the 

observations are not categorized as normal cases, the classification is repeated under 

‘opposite’ conditions (i.e. InB≥120Wm-2 for sky numbers 1 to 6 and InB<120Wm-2 for 

sky numbers 7 to 15). 

 

4.1.2 Results and discussions 

Accordingly, the 68,000 ten-minute data were gathered for the categorization. The 

integrated Dv which is the summation of the luminance of 145 sky points was used to 

form the Lz/Dv ratio. Table 4.1 summarizes the number of normal and opposite for all 15 

standard skies. After applying all the above tests, about 24,000 and 10,300 data points 

were classified as normal and opposite cases, respectively. This means that around 50% 

of the data (i.e. 33,700 out of 68,000) were found outside the ±2.5% zone and excluded 

from the analysis. The excluded data were mainly of clear sky conditions at high αs. It is 

not surprising given that Hong Kong is located at low-latitude region (22.3°N) and high 

solar elevations of more than 35° appear frequently for most of daytime. It can be seen 

that the normal cases are more than the opposite ones under overcast and clear skies and 

vice-versa for partly cloudy conditions. Such features are quite similar to those for 

Bratislava in winter [Bartzokas et al., 2003]. The frequency of occurrence shows a 

variation ranging from 3.1% for sky type 15 to 10.3% for sky types 1 and 2. The 

RMSEs are quite large for individual skies (including normal and opposite cases) 

ranging between 24.5% for sky standard 13 and 51.3% for sky standard 9. The overall 

RMSE is 34.6% which is 10.8% higher than that based on the best-fitting approach. 
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Table 4.1 Frequency of occurrence for the 15 standard skies of Hong Kong using 

Bartzokas et al. method 

 

Sky   No. of occurrence  Frequency of   RMSE, 
standard   Normal   Opposite  Total  occurrence, %    %
1  3107  412 3519 10.3  30.3
2  3083  434 3517 10.3  35.0
3  2709  439 3148 9.2  35.1
4  2760  469 3229 9.4  33.4
5   1631   511  2142  6.2   49.4
6  1848  561 2409 7.0  35.8
7  580  1664 2244 6.5  35.5
8  860  1305 2165 6.3  37.0
9  735  739 1474 4.3  51.3
10   985   764  1749  5.1   38.1
11  1495  723 2218 6.5  28.5
12  1342  748 2090 6.1  27.7
13  1240  713 1953 5.7  24.5
14  907  462 1369 4.0  27.6
15   672   402  1074  3.1   35.3
Total   23954   10346  34300  100   34.6
      

Figure 4.1 shows the detailed frequency distribution of the various sky types for every 

αs. The maximum of frequency of occurrence appears in sky number 1 at αs = 45-50o in 

“normal” classification. A general examination of the figure reveals that most of the 

cases are identified as the overcast sky conditions (i.e. sky numbers 1 - 5), particularly 

when the αs is lower than 55o. For the partly cloudy (i.e. sky numbers 6 - 10) and clear 

sky (i.e. sky numbers 11 - 15), the most frequent cases occurs at αs greater than 65o and 

at αs from 35o to 50o respectively. Under “opposite” classification, the peak occurrence 

appears at higher αs, with sky types 2, 7, 8, 10 and 12 being predominant.  

 

   



 
Chapter 4 - Sky Classification I: Climatic Parameters  73 

5-
10

15
-2

0

25
-3

0

35
-4

0

45
-5

0

55
-6

0

>6
5

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Solar altitude

Sk
y 

ty
pe

(a) Normal

1.0-1.5
0.5-1.0
0.0-0.5

 

% 

5-
10

15
-2

0

25
-3

0

35
-4

0

45
-5

0

55
-6

0

>6
5

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Solar altitude

Sk
y 

ty
pe

(b) Opposite

0.5-1.0
0.0-0.5

 

% 

Figure 4.1 Frequency distribution for the 15 standard skies under (a) normal, (b) 

opposite classification 
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4.2 Proposed Approach (15 Standard Skies) 

The Bartzokas et al. [2003; 2005] approach is appropriate for sky classification. 

However, for places of low-latitude climates, substantial data may be excluded for 

further analysis. As proposed by Kittler and Darula [2002], the pair Lz/Dv-Gv/Ev is an 

effective hybrid daylight-variable to interpret the 3 typical sky conditions. There are no 

clear-cut values for Lz/Dv-Gv/Ev to represent various sky conditions. Based on the 

measured Hong Kong data, therefore, Li and Lau [2007] proposed the Lz/Dv-Gv/Ev 

ranges for identification of the 3 typical skies. Table 4.2 summarizes the criteria adopted 

for the analysis.   

 

In the following sections, a new approach based upon the Lz/Dv-Gv/Ev ranges proposed 

by Li and Lau [2007] are developed to further identify the 15 standard skies. Common 

climatic variables described in section 3.1 (i.e. αs ,Lz/Dv, Gv/Ev, Dv/Ev and Tv) are 

adopted. A set of criteria for standard sky classification is suggested and the 

performance of the proposed approach is assessed by RMSE.  

 

 

Table 4.2 Classification criteria for the 3 typical sky conditions using hybrid sky 

parameter Lz/Dv-Gv/Ev 

Sky conditions Proposed range 
 

Overcast Lz/Dv ≥ 0.3 and Gv/Ev ≤ 0.3 
 

Partly cloudy 0.17 < Lz/Dv < 0.3 and Gv/Ev ≤ 0.3 or  
Lz/Dv > 0.17 and 0.3 < Gv/Ev < 0.5 
 

Clear Lz/Dv ≤ 0.17 or Lz/Dv ≥ 0.17 and Gv/Ev ≥ 0.5 
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4.2.1 Methodology 

The climatic data firstly can be categorized into 3 general sky conditions by applying 

the Lz/Dv-Gv/Ev ranges proposed by Li and Lau [2007]. To distinguish between the 5 

sky types under the overcast database, the ratios of Lz/Dv and Dv/Ev were employed. 

Darula and Kittler [2004a] showed that the usual Lz/Dv ranges for sky standards 1 to 4 

are greater than 0.32 and Lz/Dv = 0.32 represents absolute uniform sky (i.e. sky type 5) 

[Li et al., 2004a]. It indicates that Lz/Dv ratio of 0.32 would be an appropriate threshold 

to identify sky standard 5. Sky standards 1 to 4 can further be categorized by using 

Dv/Ev ratio. As indicated in the table of Standard Sky Luminance Distribution (SSLD) 

[Kittler et al., 1998] the usual Dv/Ev ratio spays is greater than 0.18 for sky standards 2 

and 4, and less than 0.18 for sky standards 1 and 3.  

 

Due to different gradation function as well as the same scattering indicatrix function of 

sky standards 1 and 3, the Lz/Dv ratio for sky standard 1 and 3 were normally over 0.38 

and below 0.38, respectively, meaning that Lz/Dv = 0.38 would be the best indicator to 

separate those skies. A thorough study of Figure 3.1 indicated that the theoretical Lz/Dv 

curves can be used to separate sky types sky types 2 and 4. Although there is a slight 

brightness rising towards the solar position in sky standards 2 and 4, their theoretical 

Lz/Dv curves would not intersect each other in any αs and hence the remaining climatic 

data can be recognized accordingly. Figure 4.2 presents the flow chart to identify the 5 

overcast skies.  

 

For partly cloudy conditions, sky standard 6 should be without any direct sunlight. 

When there is no direct component, it can be considered as sky standard 6. The 

remaining 4 sky standards can be classified by using Tv. The typical Tv values for sky 
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standards 7 and 9 are generally more than those for sky standards 8 and 10, and Tv of 12 

is the criterion. Then, the theoretical Lz/Dv curves are employed again to interpret the 

sky standards. Figure 4.3 presents the proposed criteria for the classification of the 

partly cloudy skies.  

 

Likewise, such daylight variables were also adopted to categorize the 5 clear sky 

standards. Tv of less than 4 is an appropriate indicator to single out sky standard 12 and 

sky type 15 can be differentiated when Dv/Ev ratio is 0.3 or more. Next, the theoretical 

Lz/Dv curves are employed to pick out sky standard 14. As the usual Tv ranges from 2.5 

to 6.5 for sky standard 11 and between 3 and 8 for sky standard 13 [Kittler et. al, 1998], 

ultimately, Tv of 5.5 is applied again to separate the sky standards 11 and 13. The 

approach to classify the clear sky standards is summarized in Figure 4.4. 
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curve (Fig. 3.1)

Sky standards 1, 2, 3 & 4
L  /D     0.32

Overcast sky 
dataset

Sky standard 1
L  /D     0.38z v >

Sky standard 3
L  /D  < 0.38vz

Sky standards 1 & 3
D  /E  < 0.18v v

z v >

Sky standard 4
Theoretical L  /D
curve (Fig. 3.1)

zz v v

Sky standards 2 & 4
D  /E     0.18

Sky standard 5
L  /D  < 0.32z v

v v >

 

Figure 4.2 The proposed classification criteria for the 5 overcast skies 
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curve (Fig. 3.1)

z v z v z v
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Figure 4.3 The proposed classification criteria for the 5 partly cloudy skies 
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Figure 4.4 The proposed classification criteria for the 5 clear skies 
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4.2.2 Results and discussions 

The same 68,000 ten-minute sky luminance data were used to form and evaluate the sky 

classification in accordance with the proposed methods. Again, the RMSEs were 

computed for an assessment. Figure 4.5 displays (a) the frequency of occurrence and (b) 

the RMSE results. Sky standards 1 and 13 have the largest frequency of occurrence 

representing over 33% of all the skies considered. The findings are in good agreements 

with our previous works [Li et al., 2004a; Li et al., 2004b]. The sky standard 10 has the 

lowest frequency of occurrence of 1.4%. Apart from sky standards 8 and 9, the 

frequency of occurrence for individual sky is similar to that using best-fitting method 

(i.e. Figure 3.6).  

 

Generally, Figure 4.5 indicates that the sky standards are quite evenly distributed in 

terms of the 3 typical sky conditions under such categorizations. The RMSEs range 

from less than 25% for sky standard 14 to just over 49% for sky standard 9. The overall 

RMSE is 32.4%, representing 2.2% improvement compared with the approach 

suggested by Bartzokas et al. [2003; 2005] and no data are further rejected using the 

proposed approach. 
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Figure 4.5 (a) Frequency of occurrence for the 15 standard skies, (b) RMSE of the 

luminance distribution of actual skies to the 15 standard skies using climatic parameters 

approach 
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4.3 Proposed Approach (6 Prevailing Standard Skies) 

As discussed in section 3.3.2, a subset of the CIE standard skies including overcast, 

partly cloudy and clear sky conditions are sufficient to describe the daylight climates at 

any particular site. Individual standard skies with high frequency of occurrence and low 

RMSE are appropriate to represent the prevailing sky conditions for a given location. As 

a result, sky numbers 1, 3, 6, 7, 8 and 13 were selected to represent the prevailing sky 

standards in Hong Kong. This section presents the work on the classification of 

prevailing sky luminance distributions for Hong Kong using the climatic parameters 

shown in section 3.1 excluding Dv/Ev ratio. A comparative assessment of the best-fitting 

and the proposed methods against sky luminance data is reported. 

 

4.3.1 Methodology 

Similar with the approach recommended in the preceding section, the climatic data are 

first split into 3 general categories by following the criteria proposed by Li and Lau 

[2007]. To distinguish between sky numbers 1 and 3 under the overcast database, the 

ratio Lz/Dv was employed again. Darula and Kittler [2004a] showed that the usual Lz/Dv 

spay is greater than 0.38 for sky standard 1 and 0.33 to 0.38 for sky standard 3. It 

indicates that a value of the Lz/Dv of 0.38 is the appropriate threshold. For partly cloudy 

conditions, sky standard 6 should be without direct-beam daylight illuminance. When 

there is no direct-beam component, it can be considered as sky standard 6. The 

remaining two partly cloudy sky standards (sky numbers 7 and 8) can be classified by 

using Tv. The typical Tv values range between 5 and 12 for sky number 8 and around 12 

for sky number 7. The clear-cut Tv value is 12. The proposed criteria of Lz/Dv, Pv and Tv 

for the classification of the standard skies 1, 3, 6, 7 and 8 are summarized in Figure 4.6. 
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Sky standards 6, 7 & 8
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Figure 4.6 The proposed classification criteria for the prevailing set of 6 standard skies 

 

 

4.3.2 Results and discussions 

The same 68,000 ten-minute sky luminance data were used to form and evaluate the 

classification of the 6 prevailing sky standards (sky numbers 1, 3, 6, 7, 8 and 13) in 

Hong Kong. Again, the RMSEs were computed for an assessment. Figure 4.7 displays 

(a) the frequency of occurrence and (b) the RMSE results. Comparing the results to the 

findings of best-fitting approach, it is seen that they are similar. The most frequent sky 

type is 13, it obtains the largest frequency of occurrence of 36.5%. For sky standards 1, 

3 and 6, the frequency of occurrence varies slightly. Overcast (i.e. sky numbers 1 and 3) 

and partly cloudy skies (i.e. sky numbers 6, 7 and 8) contribute about 35% and 29% of 

the Hong Kong sky conditions, respectively. The sky standards are quite evenly 

distributed in terms of the 3 typical sky types under such categorizations However, the 

main difference is that the least frequent sky type determined by the proposed approach 

is sky number 8 instead of sky number 7 given by best-fitting approach. The frequency 
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Figure 4.7 Frequency of occurrence for the prevailing set of standard skies, (b) RMSE 

of the luminance distribution of actual skies to the prevailing set of standard skies using 

climatic parameters approach  
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of occurrence for sky number 8 drops rapidly from 10.8 to 3.5% while sky number 7 

rises from 9.5 to over 16.7%. The RMSEs range from 26.9% for sky standard 13 to 

37.7% for sky standard 7. A general inspection of the figure reveals that the RMSEs of 

all the partly cloudy skies are over 32%. The overall RMSE for the reduced set of the 6 

prevailing sky standards in Hong Kong is 30% which is 5% greater than the finding 

determined by the best-fitting approach. 

 

 

4.4 Summary 

The performance of the proposed approach and the Bartzokas et al. method was 

evaluated against the measured data in terms of RMSE. The statistical analysis revealed 

that using the Bartzokas et al. method, around 50% of the data were rejected for sky 

classification and the overall RMSE was calculated of around 35%. Furthermore, a 

series of range of climatic parameters have been suggested to recognize the sky 

conditions in Hong Kong. The proposed classification criteria were relied on the 

features and limitations of the parameters. The proposed approach for the complete set 

of 15 standard skies produced an overall RMSE of just less than 33% without data 

reduction whereas the RMSE for the prevailing set of 6 standard skies was 30%. The 

approach recommended in this chapter provided a clear and straightforward procedures 

to recognize the standard sky types. For pattern classification, however, some 

researchers suggested a computational tool, artificial neural networks which have 

widely been used in many classification problems. In chapter 5, the usefulness of ANNs 

as a tool for the sky classification will be examined and the performance of ANN will be 

compared with the results obtained in this chapter. 
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Chapter 5 

SKY CLASSIFICATION II:            

ARTIFICIAL NEURAL NETWORKS 

 

 

ANNs have emerged as a useful tool for classification, modeling, pattern recognition, 

multivariate function approximation and forecasting. According to Haykin [1999], the 

neural network is a massively parallel distributed processor that has a natural propensity 

for storing experiential knowledge, making it available for use. It consists of a large 

number of processing elements called neurons which are interconnected in a layered 

parallel structure to build a network. The network attempts to imitate the characteristics 

of the human brain and nerve system which learn from experience [Lim et al., 2003]. By 

providing both of the input and output exemplars, the network learns by processing the 

input exemplar and comparing the result with the desired response. In case of any 

differences between the outcome and expectation occur, the network architecture and 

the weights of each interconnected link are modified to obtain the optimal performance.  

 

In most applications, ANNs can handle large and complex data sets with many 

interrelated parameters running much faster than dynamic simulation programs and can 
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give more accurate results as compared with the traditional statistical models [Masters, 

1994]. Apart from the outstanding performances, there is no constraint on the number of 

input variables and ANNs can work with noisy, overlapping, highly nonlinear and 

non-continuous data [Zaknich, 2003].  

 

Neural networks are of interest to researchers as well as professional parties in many 

fields of study including industrial engineering [Quteishat and Lim, 2008; Nabhani and 

Shaw, 2002], climatology studies [Cam et al., 2005; Nasseri et al., 2008] and medicine 

[Hayashi et al., 2000; Guler and Ubeyli, 2007], etc. 

 

Instead of using a single type of neural network for different purposes, some researchers 

prefer to integrate two or more neural networks to form a hybrid system which can 

alleviate the drawbacks or limitations of each network without losing their own 

properties and merits. Lim and Harrison [1997] proposed a hybrid network, called 

Probabilistic Fuzzy ARTMAP (PFAM) constructed by the Fuzzy ARTMAP neural 

network (FAM) and PNNs, for the aims of on-line learning and probability estimation 

tasks. In both on-line and off-line learning, the results indicated that PFAM performed 

better and it showed a significant improvement when compared with the single FAM.  

 

Lee et al. [2006] developed a GRNNFA model which combines the Fuzzy adaptive 

resonance theory (FA) and the General regression neural network model (GRNN). The 

GRNNFA model was applied to predict the occurrences of flashover when the 

dimensions of the compartment and maximum heat release rate were served as the 

inputs of the model. Based on the 375 data samples, the authors reported that the 

prediction results were excellence.  
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In preceding chapter, the 15 CIE standard skies were classified using various 

appropriate climatic parameters but the criteria to distinguish individual skies are not 

always clear-cut and may lead to ambiguous findings. The aim of this chapter is to 

evaluate the performance of PNNs on identification of standard sky luminance 

distributions. The network architecture and applications of PNNs were introduced. 

Apposite daylight variables including αs, zenith luminance, horizontal global and diffuse 

illuminance, and luminous turbidity were employed for the sky categorization and a 

study of parameter analysis was presented. The potential of PNNs for standard sky 

classification was investigated.  

 

 

5.1 Probabilistic Neural Networks 

In fact, there are two types of neural networks which are commonly used for pattern 

classification in the literature. The first one is multilayer feed-forward neural networks 

with back-propagation (BP) learning algorithm and the second one is PNNs. 

Back-propagation neural networks usually employ heuristic approaches to determine 

underlying class statistics, and those approaches normally consists of many small 

incremental modifications to network parameters so as to improve the model 

performance gradually [Specht, 1990b]. Although it is a well-known and popular 

supervised neural network in many applications, numerous researchers argued that BP 

neural network is a “black box” that the classification principles may be difficult to 

justify [Calderon and Cheh, 2002]. The inability to explain how and why the 

conclusions are obtained is one of the restrictions to apply BP neural networks 

[Salchenberger et al., 1992].  
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Instead of neural networks with BP, many researchers are preferred to use another tool, 

PNNs, for the purpose of pattern classification [Gaganis et al., 2007]. PNN is based on 

well developed statistical principles rather than heuristic approaches. It implements the 

Bayesian decision strategy for classification and nonparametric estimator to estimate the 

probability density function (PDF). Also, the training process of PNNs is one-pass and 

without any iteration for weight adaptation.  

 

When compared with the conventional BP, the processing speed of PNN has been 

proven to be faster [Specht and Shapiro, 1990] while the ability of the networks to 

generalize an unknown pattern is nearly the same [Specht and Shapiro, 1991]. The 

training and testing processes of the PNN are easier because of the simplified 

architecture and only one parameter is involved for optimalizing network performance. 

The main disadvantage of PNNs are the computational memory consumption as well as 

the processing speed is directly proportional to the size of the training set. Since all the 

training vectors are copied to the pattern neurons during the training phase, the more 

training vectors are involved, the higher the requirements of the computer. Nevertheless, 

with most average computer speed available today, the processing time can be 

minimized effectively [Hajmeer and Basheer, 2002]. As a new user to apply the neural 

networks and after considering the objectives of the study, PNN is selected as a first step 

to determine the potential of neural networks for sky classification. In fact, PNN has 

been widely used as a pattern classifier in various disciplines. 

 

In ocean engineering, Kim et al. [2008] estimated the stability number of armor blocks 

of breakwaters using PNNs. The study was based on the 5 parameters, namely the 

notional permeability of the breakwater, the damage level, the surf similarity parameter, 
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the water depth and the spectral shape, prepared by Van der Meer [1988]. The 

performance of PNNs was compared with the results obtained from empirical models 

and the other types of neural networks. The author concluded that the predictive 

capability of PNN was the best. 

 

In microbiological applications, Hajmeer and Basheer [2002] demonstrated the potential 

of applying PNNs for categorizing the bacterial growth and no-growth data. Using the 

179 data samples including 99 cases of growth and 80 cases of no-growth, the PNNs 

were trained under 4 training schemes and all of them yielded highly accurate PNNs 

with the percentage correct not less than 94%. 

 

5.1.1 Overview of PNNs 

PNNs is a feed-forward neural network developed by Specht [1990a]. It is a model 

based on Bayesian decision strategy [Mood and Graybill, 1962] for decision making 

and Parzen’s theorem [Parzen, 1962] for estimating the PDF. For the two classes A and 

B, the Bayesian’s strategy identifies an unknown sample into population class A if  

 

 )()( BBBAAA xx fchfch >  (5.1)
 

where hA 

hB 

cA 

cB 

fA(x) 

fB(x)

= 

= 

= 

= 

= 

= 

prior probability of the sample belongs to class A 

prior probability of the sample belongs to class B 

cost of misclassification for class A 

cost of misclassification for class B 

probability density function for class A 

probability density function for class B 

   



 
Chapter 5 - Sky Classification II: Artificial Neural Networks 89 

The prior probabilities and the cost of misclassification are usually treated as the same 

for each class which contains the same number of data samples. Therefore, estimation of 

the PDF for each class is the last task for implementing the Bayesian decision strategy. 

However, the PDF, which defines the boundaries for each data class, is not always 

known. Parzen PDF estimator is a useful tool to estimate PDF from the data samples but 

it can only be used to determine univariate functions. In multivariate cases, Cacollous 

[1966] extended Parzen PDF estimator and suggested that the PDF can be expressed as 

equation 5.2 if Gaussian kernel function is used. 
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xAj 
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= 
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total number of training pattern 

smoothing factor 

dimension of input vectors 

jth training vector from class A 

 

Instead of sigmoid function, Gaussian function is used and assigned at each pattern 

neuron in the training data samples. The PDF for each class can be computed by 

summing the Gaussian function belonging to the same class. The smoothing parameter 

(or kernel width) σ, estimated from the validation set or simply by trial and error, is the 

most important element to determine the width of the activation function [Chen and Hsu, 

2007]. Different values of the smoothing parameter may cause different impacts on the 

degree of interpolation that occur between adjacent pattern vectors. The influence of the 

choice of smoothing parameter has been examined by Specht [1990a]. 
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5.1.2 The PNNs architecture and operation 

Figure 5.1 presents the basic architecture of the PNNs that will be used in the study 

discussed in next section. It consists of an input layer, a pattern layer, a summation layer 

and an output layer. The number of neurons in the input layer depends on the total 

number of the variables needed to depict the samples to be classified. The input and the 

pattern layer are fully interconnected so that the p-dimensional training vectors can be 

distributed to the pattern layer one by one.  

 

For the pattern layer, the number of neurons is equal to the number of training vectors. 

The pattern neurons are used to store the training vectors, and the weight for each 

pattern neuron is the element of the corresponding training vector. The summation layer 

contains one summation neuron for each class, and each neuron is used to collect and 

sum the outcomes from all pattern neurons belonging to same category. The output of 

the summation neuron for a particular class is actually the estimated PDF for that class. 

The output layer contains only one neuron where the unknown input vector are 

classified to one of the classes that has the highest probability density function in the 

summation layer using the Bayesian decision strategy. 

 

Unlike other types of neural networks, the training stage of the PNN actually just copies 

the training vectors to the pattern neurons and determines the optimal value of the 

smoothing factor. Once a new test vector, x, is presented to the PNNs for classification, 

the ith pattern neuron forms a dot product Zi of the x with a weight vector wi. 

 

 ii wxZ ⋅=  (5.3)
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Figure 5.1 Basic configurations of PNNs  

(OS – overcast sky, PCS – partly cloudy sky and CS – clear sky) 

 

 

Then Zi processes through a nonlinear transfer function as shown in Figure 5.2.  
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If x and wi are normalized to unit length, 
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which is the same form as the exponential function of equation 5.2. 
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Figure 5.2 Internal structure of pattern neuron 

 

 

It should be noted that the denominator of the exponential function (Equation 5.5) 

denotes the Euclidean distance between the test vector and weight vector stored in the 

pattern layer. 

 

5.1.3 Methodology 

Daylight illuminance and sky luminance data measured during the 84-month period 

from January 1999 to December 2005 were used to develop and evaluate the PNN 

models for sky classification. In reality, the occurrences of the standard skies were not 

evenly distributed as shown in Figure 3.6. Sky number 1 contributed about 18% of the 

Hong Kong sky conditions whereas just over 1% for sky number 9. However, Swingler 

[1996] claimed that the training set should contain nearly the same number of training 

vectors from each class. To avoid bias in the over represented classes, only 600 data 
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samples for each identified sky standard were randomly selected from the 68,000 

database. By doing so, the extra data samples in the over represented classes were 

removed to ensure that the databases are not bias [Basheer and Hajmeer, 2000]. In total, 

9,000 data samples were gathered and used in this study. Five climatic parameters as 

described in section 3.1 were used as the input parameters of the PNNs to discriminate 

the 15 standard skies. To make sure that each input parameter within the same range, all 

the data samples were scaled linearly within the range from zero to one during the data 

preprocessing phase.  

 

To develop PNNs as a classifier for recognizing different sky types, the database was 

firstly divided into 3 subsets, namely training set, validation set and test set. Although 

the dimension of each set has significant impacts on the classification accuracy, there 

are no practical rules or theories to determine the size of each set, and just only some 

empirical rules of thumb are exist [Basheer and Hajmeer, 2000]. Large validation set 

may improve the generalization capability of the network but the remaining small 

training set may not provide sufficient information to train the network and vice versa. 

To balance the effects, 4,500 and 1,800 out of 9,000 data samples (i.e. 50% and 20% of 

the database) were randomly extracted to represent the training and validation set 

respectively. Both the training and validation set were involved in the training of the 

PNN. The remaining 2,700 data samples were the test set which was never used in PNN 

development. The PDF for each class were defined by all the training vectors in the 

training set while the optimal value of the smoothing factor were estimated by the 

validation set. For the present study, a software package “NeuroShell 2” [NeuroShell 2, 

2000] is used to train and develop the neural networks for sky classification. To 

determine the optimal value of the smoothing parameter for the PNNs, the software 
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recommends genetic algorithm (GA) to improve the generalization capability of the 

network even though the training duration will be much longer. A population of 

individuals is firstly generated by randomly selecting different genes. Then, propagation 

techniques are applied to the individual with the highest fitness so as to generate a new 

population. The above steps are repeated until an optimal smoothing parameter is 

obtained. The details about the smoothing parameter selection using GA can be referred 

to Mao et al. [2000]. 

 

Hansen et al. [1992] and Kalatzis et al. [2005] reported that the accuracy as well as 

generalization capability of neural network could be improved significantly by 

integrating a number of models. For classification problems, majority voting and 

weighted voting are two commonly used ensemble approaches [Osowski et al., 2008]. 

The majority voting scheme was employed in this study since each PNN model has the 

same influence on the ultimate classification results. The basic idea of majority voting is 

to train a set of models and allow them to vote [Ravi et al., 2008]. To undertake the 

majority voting scheme, 30 different pairs of training and validation sets were prepared 

to train the PNNs and hence 30 trained PNN models were built. For the purpose of 

clarity, PNN1 represents the PNN model with the combination of first training and 

validation set, PNN2 represents the PNN model with the combination of second training 

and validation set, PNN3 represents the PNN model with the combination of third 

training and validation set and so on. All the 30 trained PNN models were tested 

independently by the same test set. The results collected from each of the PNN models 

were combined to form an ensemble system and the ultimate predicted class of a 

particular test data was obtained after majority voting. Figure 5.3 shows the overview of 

PNNs based on majority voting scheme. 
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Figure 5.3 Probabilistic neural network with majority voting 
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5.2 Results and Discussions 

In the present study, PNN models trained by 30 pairs of training and validation sets 

were employed firstly to categorize the 3 typical sky conditions. The results of the PNN 

models were then integrated by applying the majority voting scheme. Afterwards, the 

investigations were extended to the 15 CIE standard skies. For each analysis, a 

confusion matrix was constructed to evaluate the performance of the models. The 

number of rows and columns of the matrix are equal to the number of classes in each 

study. The rows and columns of the table actually represent the actual sky type and the 

predicted sky type respectively. The numbers of correct classification appear only in the 

diagonal positions while the numbers of misclassification indicate in the off-diagonal 

positions. From the confusion matrix, the hit percentage, denoted as the ratio of the 

number of samples correctly classified to the total number of samples to be classified, 

can be computed accordingly.  

 

5.2.1 3 typical sky conditions 

Table 5.1 shows sky classification results over the 30 PNN models. It can be seen that 

the variations of the successful rate among the 30 PNN models for the training, 

validation and test sets are quite small. The hit percentage lies between just below 91% 

and 96% using the training and validation sets, and from just over 87% to 89% based on 

the test set. As expected, the classification results of the training and validation sets 

were always better than the corresponding test set.  

 

To further evaluate the performance of PNNs, the classification results based on 2,700 

test data under the 30 PNN models were gathered and the results are presented in the 
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confusion matrix shown in Table 5.2. The sky classification interpreted by PNN models 

are in good agreement with those using best-fitting approach. For instance, 856 out of 

899 clear skies are correctly classified. Only 1 and 42 skies were identified as overcast 

and partly cloudy conditions respectively. Similar findings were obtained for overcast 

skies. For the partly cloudy skies, 88 and 76 out of 908 cases were respectively 

categorized as overcast and clear skies. In general, the PNN models show the best 

performance for distinguishing clear skies, then overcast skies, and finally partly cloudy 

skies. The hit percentage of the PNN models is 89.2%. 

 

 

Table 5.1 Classification results of the 30 PNN models for the 3 typical sky conditions 

Hit percentage, %  Hit percentage, % 

PNN Training & validation set Test set PNN Training & validation set Test set

1 94.8 88.4 16 94.6 88.3

2 94.7 88.9 17 90.7 87.9

3 93.9 88.7 18 94.8 88.5

4 95.1 88.9 19 94.4 88.9

5 91.1 87.1 20 95.0 88.4

6 94.6 88.3 21 95.0 89.1

7 93.5 88.1 22 95.3 88.7

8 95.1 89.1 23 94.5 88.2

9 91.7 88.2 24 95.3 88.6

10 94.7 89.1 25 95.6 88.7

11 95.2 88.1 26 94.7 88.5

12 94.1 88.5 27 91.4 87.9

13 95.9 88.6 28 91.3 88.1

14 95.5 88.6 29 91.7 88.2

15 94.3 88.8 30 93.7 88.5
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Table 5.2 Confusion matrix of the PNNs for the 3 typical sky conditions based on the 

test set (percentage of each sky type) 

Predicted sky type Actual 
sky type 

Overcast sky Partly cloudy sky Clear sky 

Overcast  
sky 

809 
(90.6%) 

83 
(9.3%) 

1 
(0.1%) 

Partly cloudy 
sky 

88 
(9.7%) 

744 
(81.9%) 

76 
(8.4%) 

Clear  
sky 

1 
(0.1%) 

42 
(4.7%) 

856 
(95.2%) 

 

 

5.2.2 15 CIE standard skies 

Likewise, the same 9,000 samples were used for the classification of the 15 CIE 

standard skies. In total, 15 output nodes were set. Again, 30 PNN models were carried 

out and Table 5.3 presents the findings. As expected, the successful rates were less than 

those for identified the 3 typical skies. The variation of the accuracy ranges between 

87.6 and 89.1% for training and validation sets and from 64.3 to 67.1% for test set. 

Again, classification results based on the 30 PNN models for the 15 CIE standard skies 

were got together to examine the performance of PNN techniques and Table 5.4 

illustrates the number of the test data successfully interpreted as individual sky types. 

The PNN models can effectively single out sky standard 11 with the correct 

classification percentage of 86.7% while the lowest correct classification percentage of 

49.1% was found for sky standard 6. In total, 1,911 out of 2,700 data samples were 

correctly classified. This represents 70.8% of the hit percentage which is 18.4% lower 

than the classification of the 3 typical sky conditions. 
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Subsequently, the frequency of occurrence for the 15 standard skies, and the 

corresponding RMSE of the luminance distribution of actual skies to the 15 standard 

skies using the best-fitting and PNN approaches based on 2,700 test data were 

determined. Figure 5.4 demonstrates the findings. The frequency of occurrence ranges 

between 5.6 % for sky standard 9 and 7.6% for sky standard 7 via the best-fitting model 

and varies from 4.8% for sky standard 9 to 7.8% for sky standard 11 with PNN 

techniques. As expected, the RMSE values adopting PNN are generally more than those 

based on best-fitting technique. The peak difference of 8.3% appears in sky standard 5. 

The RMSE for all the 15 standard skies by best-fitting and PNN approaches are 24.9 

and 28.2% respectively. 

 

 

Table 5.3 Classification results of the 30 PNN models for the 15 standard skies 

Hit percentage, %  Hit percentage, % 

PNN Training & validation set Test set PNN Training & validation set Test set

1 87.9 65.7 16 88.6 65.7

2 87.9 65.6 17 87.6 64.3

3 89.1 65.9 18 87.9 64.7

4 88.4 67.1 19 88.8 65.3

5 87.9 64.7 20 87.8 65.6

6 87.9 65.7 21 87.8 66.0

7 87.7 65.6 22 87.9 65.7

8 89.1 65.4 23 87.9 65.3

9 88.4 64.7 24 88.9 65.6

10 87.9 65.7 25 88.4 66.3

11 88.0 65.4 26 89.0 65.6

12 87.8 65.6 27 87.7 64.9

13 87.7 66.1 28 88.2 65.6

14 88.9 65.9 29 88.0 65.4

15 87.7 65.9 30 87.8 66.6
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Figure 5.4 (a) Frequency of occurrence for the 15 standard skies, (b) RMSE of the 

luminance distribution of actual skies to the 15 standard distributions using best-fitting 

and PNNs approaches 
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5.2.3 Parametric analysis 

The degree of class separability depends strongly on the selection of input parameters. 

The neural network regards certain parameters as important if it could give a correct 

response to all training samples whereas regards the other parameters as useless if the 

change of its values did not cause any significant improvement of the response. The 

performance of the PNN models for sky classification using the 5 climatic parameters 

had been studied in the preceding section. Nonetheless, in most of the time, all the 5 

climatic parameters may not be available simultaneously. As the number of input 

parameters decreases, the hit percentage of PNNs would decrease accordingly. It is 

important to explore the accuracy of PNNs for sky classification if some of the input 

parameters are not available. In this section, the hit percentages of PNNs with various 

combinations of input parameters were presented graphically. Also, the effectiveness of 

each parameter affecting the sky classification was investigated.  

 

Table 5.5 suggests 4 groups of PNNs with different combinations of input parameters. 

Groups I and IV represent the PNN models constructed by 1 and 4 input parameters, 

respectively, and a total of 5 PNN models are involved in each of these groups. Groups 

II and III represent the PNN models constructed by 2 and 3 input parameters 

respectively, and a total of 10 PNN models are involved in each of these two groups. 

The same manners described in section 5.1.3 such as GA and majority voting were used 

to train and test all the 30 PNN models, with the exception that the number of input 

parameters was reduced instead of 5. To investigate the influences of each input 

variables on the performance of PNN models, the same test set and the 30 pairs of 

training and validation sets were provided to each PNN model with majority voting 

scheme for analysis. 
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Table 5.5 Different combinations of input parameters 
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Figure 5.5 to Figure 5.8 show the hit percentage of the PNN models based on the test set 

under different categories. Under group IV (Figure 5.5), the highest hit percentage of 

70.7% is found when the PNN model trained by Lz/Dv, Gv/Ev, Dv/Ev and Tv (denoted as 

IV.5), meaning that PNN IV.5 is the most accurate model for sky classification as the 

number of input parameters are limited to 4. Besides, the results also indicated that there 

is only slight decreases of the hit percentage (around 0.1%) as αs is omitted. This 

implied that αs is the least significant parameter and the impacts of αs are relatively 

small when the skies are classified by PNNs. On the contrary, the PNN model with the 

combination of αs, Gv/Ev, Dv/Ev and Tv (denoted as IV.4) has the highest 

misclassification rate of 43.2% and hence Lz/Dv is the critical parameter to recognize 

the standard sky types. Neglecting Lz/Dv as an input parameter for the PNNs would 

cause significant degradation of hit percentage from 70.7 to 56.8%. The hit percentage 

for the remaining 3 PNN models (IV.2, IV.3 and IV.4) fall within a certain range, from 

just over 63 to 65%, meaning that the performance of the PNN models are affected by 

the corresponding parameters. A detailed examination of Figure 5.5 revealed that Dv/Ev 

is the second critical parameter for sky classification, followed by Tv and Gv/Ev.  

 

Further studies (Figure 5.6 and Figure 5.7) on using 2 and 3 variables as the input 

parameters of the PNNs support the arguments that αs and Lz/Dv are the least and most 

significant parameter for sky classification, respectively. No matter what the 

combinations of the input variables are, the PNN models give better results when Lz/Dv 

is involved. Once αs is assigned as one of the input variable of the PNNs, however, the 

hit percentage of the corresponding PNN models is relatively lower when compared 

with the other PNN models without αs under the same group.  

 

 



 
Chapter 5 - Sky Classification II: Artificial Neural Networks 105 

1 2 3 4 5
0

10

20

30

40

50

60

70

80

H
it 

pe
rc

en
ta

ge
, %

 IV.1              IV.2               IV.3               IV.4               IV.5
 

Figure 5.5 Hit percentage of the PNNs under group IV based on the test set 
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Figure 5.6 Hit percentage of the PNNs under group III based on the test set 
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Figure 5.7 Hit percentage of the PNNs under group II based on the test set 
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Figure 5.8 Hit percentage of the PNNs under group I based on the test set 
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Under group I (Figure 5.8), the best indicator is still Lz/Dv and the hit percentage of the 

PNN I.2 is just over 31%. However, it is interesting to note that the least accurate PNN 

model under group I is found when the only input parameter is Tv (denoted as I.5) 

instead of αs (denoted as I.1). For PNN I.5, only 16.1% of test data are correctly 

classified. Obviously, only one input parameter is not sufficient to represent the 

characteristics of each standard sky type. The detailed results of all 30 PNN models are 

presented in Appendix B.  

 

In order to study the influences of the number of input parameters on the classification 

results, the PNN models with the best performance among each group are compared and 

presented in Figure 5.9. As expected, the performance of the PNN models gives a better 

improvement as the number of input parameters increases. The best result is recorded 

when all the 5 parameters are used for the classification. As the number of input 

parameters is limited to 4 and 3, just a little test data (around 0.1 and 6.6% for PNN 

models with 4 and 3 input parameter respectively) are misclassified. However, the hit 

percentage of PNNs dropped rapidly to 46 and 31% as the number of input parameters 

were eliminated to 2 and 1 respectively.  
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5.3 Comparison between Climatic Parameters and PNNs 

Approaches 

To compare the performance of the proposed climatic parameters approach with PNNs, 

their RMSEs of the luminance distribution of actual skies to the 15 standard skies based 

on 2,700 test data in section 5.1.3 are computed and presented graphically in Figure 

5.10. Generally, the RMSE differences between the two approaches are small except the 

standard sky numbers 7, 8 and 11, meaning that the performances of the 2 approaches 

for classifying most of the sky types are quite similar. The peak difference of RMSE is 

found in standard sky number 11 with the variations ranging from 17.3% in PNNs 

approach to 42.6% in climatic parameters approach. It should be noted that similar 

RMSEs for sky numbers. 1 - 5 are observed in both approaches and thus they provide 

reliable ways to recognize the standard sky types under overcast sky conditions. 

However, particularly for the places where partly cloudy and clear skies are the 

prevailing sky conditions, PNN model should be used. The overall RMSEs for all 15 

standard skies by PNNs approach are 28.2% which is 7% smaller than that by the 

climatic parameters approach. 

 

A number of approaches suggested in this study provide simple and convenient 

processes to identify the 15 CIE standard skies. The selection of those approaches for 

practical use depends on the requirements of the users such as the level of accuracy and 

details. Sky classification using climatic parameters approach is a quick and simple way 

to be used on site when the more probable misclassifications are not considered as a 

serious drawback. On the contrary, ANNs is a precise and flexible tool and should be 

applied in detailed sky classification for daylighting design and simulation.  
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Figure 5.9 Hit percentage of the PNNs against number of sky types available 
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Figure 5.10 RMSE of luminance distribution of actual skies to the 15 standard skies 

using the climatic parameter and PNN approaches based on the test set 
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5.4 Summary 

An evaluation of the performance of the PNNs for sky classification was carried out. It 

has been shown that the PNNs have the best performance for interpreting clear skies, 

followed by overcast and partly cloudy skies. To assess the influence of each input 

parameter on the classification results, parametric analysis was performed. The results 

concluded that Lv/Dv was the most important parameter to categorize the sky types, 

followed by Dv/Ev, Tv, Gv/Ev, and αs. As the number of input parameters increases, the 

prediction capability of the PNN increases. At the end of this chapter, a comparative 

assessment between the climatic parameters and PNNs approaches was explored.  
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Chapter 6 

CONCLUSIONS AND RECOMMENDATIONS 

 

 

In this thesis, the significance of daylight and sky luminance distributions was 

illustrated. The daylight climate of Hong Kong, including frequency distributions and 

seasonal trends of outdoor illuminance, was indicated by the daylight measurement. 

Based on the 15 CIE sky standards, the sky distributions of Hong Kong can be 

identified using statistical method. Five synoptic climatic parameters were selected after 

considering their strengths and limitations for sky classification. Last but not least, 

numerous sky classification approaches were developed and evaluated. This chapter 

summarizes the major findings of the research, explores the limitations of the study, and 

provides some recommendations for future investigation on sky classification.  

 

6.1 Summary of Major Findings 

Major research findings for daylight measurement, climatic parameter selection, Hong 

Kong sky conditions, and the proposed sky classification approaches are summarized as 

follows: 
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6.1.1 Daylight measurement 

The measured data recorded at City University of Hong Kong from January 1999 to 

December 2005 were collected for analysis. Due to the instrumentation malfunction, 

power failure and sensor calibration, considerable efforts were made to obtain a 

continuous record of data. After the quality control tests and diffuse illuminance 

corrections, approximately 68,000 10-minute readings were retained to form a reliable 

database.  

 

Based on this 68,000 data samples, several analyses were conducted using both the 

horizontal (global and diffuse) and vertical illuminance (north, east, south and west). 

Frequency distributions and seasonal trends of the outdoor illuminance were computed 

statistically and presented graphically. The horizontal global illuminance levels at solar 

noon were found from 49klux in January to 66klux in July whereas the maximum and 

minimum horizontal diffuse illuminance around solar noon was 37klux in May and 

26klux in December, respectively. For the vertical daylight illuminance, it has been 

found that there is a strong relationship between the variations of the vertical 

illuminance and the solar position. The outdoor illuminance on a vertical surface facing 

the sun would be the highest near sunrise and sunset hours. Moreover, the sky 

luminance distributions for the 3 general sky conditions (i.e. overcast, partly cloudy and 

clear sky) and their general features as well as characteristics were discussed.  
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6.1.2 Climatic parameter selection 

The sky luminance distributions were caused by various factors including the solar 

position, turbidity and cloud amount. Climatic parameter analysis could help the 

identification of the sky patterns. In this study, five common climatic variables 

including αs, Lz/Dv, Gv/Ev, Dv/Ev and Tv under the typical sky conditions viz. overcast, 

partly cloudy and clear skies were analyzed. Their characteristics, strengths and 

limitations in terms of sky classification were illustrated. The choice of climatic data 

relies on their availability, accuracy and suitability. αs can be either measured or 

computed easily and it has great effects for the solar energy reaching the earth surface. 

However, αs alone may not be a good factor to interpret standard skies. Although many 

researchers suggested that Lz/Dv is the most appropriate parameter to identify the 15 

standard skies, ambiguous results may be caused when using Lz/Dv ratio to identify the 

sky for place where high αs dominates.  

 

Gv/Ev is a widely used index to interpret the sky clearness since it relies only on one 

measured parameter, Gv/Ev which is measured by many meteorological stations. Dv/Ev 

was regarded as an appropriate climatic parameter to indicate the sky condition during 

overcast and cloudy situations with the absence of sun. Nevertheless, the major 

drawback of using Gv/Ev and Dv/Ev for sky classification was that there is no clear-cut 

value to represent the 15 standard sky types. Tv is the best descriptor to roughly classify 

all clear sky types because Tv is independent of αs and its daily course is practically 

stable. However, without any direct component, Tv cannot be computed accordingly and 

thus Tv should not be used to define the standard sky types under overcast sky 

conditions.  
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6.1.3 Hong Kong sky conditions 

An analysis of the CIE standard skies against measured sky luminance data in Hong 

Kong was conducted. A total of 68,000 10-minute sky luminance data were carried out 

for the study. Based on the best-fitting approach, the appropriate sky types for 

subtropical Hong Kong were identified. The statistical analysis revealed that the 15 CIE 

standard skies are adequate to categorize the general sky conditions in Hong Kong. The 

overcast and clear skies contribute about 78% of the Hong Kong sky conditions. The 

RMSE value for the complete set of the 15 standard skies was 23.8% using best-fitting 

approach.  

 

It has been found that some standard skies appear infrequently and their exclusion can 

simplify the analysis without significantly lowering the overall accuracy. Individual 

standard skies with high frequency of occurrence and low RMSE are appropriate to 

represent the prevailing sky conditions for a given location. Therefore, a subset of 6 

prevailing sky standards (sky numbers 1, 3, 6, 7, 8 and 13) representing the actual sky 

conditions in Hong Kong were selected by systematical approach. The overall RMSE 

for the reduced set of the 6 prevailing sky standards in Hong Kong is 25% which was 

1.2% greater than the complete set of standard skies.  

 

The study was further extended to select 3 sky types (sky numbers 1, 8 and 13) for 

representing the overcast, partly cloudy and clear skies of Hong Kong. The overall 

RMSE for the subset of 3 standard skies is 27% which is 3.2 and 2% greater than the 

results obtained from the complete set and 6 prevailing set of standard skies, 

respectively.  
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6.1.4 Proposed sky classification approaches 

The classification of the CIE standard skies using sky luminance and other climatic 

parameters measured in Hong Kong was presented. The sky identification should not 

only determine the appropriate sky type but also the frequency of occurrence in that 

particular location. In total, three approaches were evaluated and to discriminate the 15 

standard skies: (i) Bartzokas et al. method, (ii) Climatic parameter, and (iii) ANNs. The 

performance of the each approach was evaluated against the measured data in terms of 

RMSE. A comparative assessment of the best-fitting and the proposed methods against 

sky luminance data scanned between 1999 and 2005 was reported. 

 

Bartzokas et al. method 

To categorize the sky type for each set of data, the Lz/Dv value at a particular αs was 

compared with the Lz/Dv values of the 15 theoretical curves. Around 50% of the data 

were rejected due to the clear sky conditions at high αs. Similar to the results for 

Bratislava in winter [Bartzokas et al., 2003], more normal cases were observed under 

overcast and clear skies. The RMSE varies from 24.5% for sky standard 13 to 51.3% for 

sky standard 9. The overall RMSE was 34.6% which is 10.8% greater than the results 

computed by the best-fitting method.  

 

Climatic parameter approach 

A study on identification of the 15 standard skies and 6 prevailing skies was carried out 

using various climatic parameters. All the measured data were initially interpreted as 

overcast, partly cloudy and clear sky types by the hybrid daylight-variable, Lz/Dv-Gv/Ev. 

Specific classification of the 15 standard skies and 6 prevailing skies was performed 
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based on the characteristics and features of each sky type. Different ranges of climatic 

parameters were proposed and the choice was relied on their strengths and limitations to 

single out each of the sky types.    

 

Without further data rejection, the frequency of occurrence pattern was generally similar 

to that using the best-fitting approach and the overall RMSE for sky identification of 15 

standard skies and the 6 prevailing skies was found to be 32.4% (8.6% greater than the 

best-fitting method) and 30.0% (6.2% greater than best-fitting method), respectively.  

 

ANNs approach 

The potential of using PNNs with majority voting technique in developing a model for 

sky classification was demonstrated. By using the five climatic variables namely αs, 

Lv/Dv, Gv/Ev, Dv/Ev and Tv as the input parameters of the PNN, the 3 general sky 

conditions and the 15 CIE standard skies were classified. Using the PNN with majority 

voting techniques, about 89.2% of data sample was correctly categorizing for the 3 

typical sky conditions. For identification of the 15 CIE standard skies, the hit percentage 

reduced, ranging from 49.1% for sky standard 6 to 86.7% for sky standard 11. In 

general, the PNN models show the best performance for interpreting clear skies, then 

overcast skies, and finally partly cloudy skies. The frequency of occurrence and the 

corresponding RMSE for the 2,700 test data were also determined with the best-fitting 

and PNN approaches. The frequency distributions were quite even and similar patterns 

were found between the 2 methods. The RMSE for the 15 standard skies based on PNN 

technique was 28.2% which was 3.3% more than that via the best-fitting approach. 
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Parametric analysis was also carried out to explore the influence of each parameter on 

sky classification. The results concluded that Lv/Dv was the most important parameter to 

categorize the sky types, followed by Dv/Ev, Tv, Gv/Ev, and αs. Eliminating Lv/Dv as an 

input parameter of the PNN caused a significant decrease on classification accuracy, 

from 70.7 to 56.8%. Moreover, the performance of the PNN was affected by varying the 

number of input parameters. The more input parameters were considered, the higher the 

prediction capability of the PNN.  

 

6.2 Limitations of the Study 

In this study, two approaches based on different techniques are purposed for sky 

classification. However, there are several limitations that may restrict the use of those 

models. They are listed as follows: 

 

i. The sky luminance distributions vary from time to time. However, the sky 

scanner spent about 4 minutes to complete one scanning period and hence the 

luminance of the 145 sky patches were not measured at the same time. The 

measurement errors were induced once substantial variations in sky luminance 

was occurred within each scan. 

 

ii. The proposed set of 6 prevailing skies was based on the choice of the threshold 

values of the ratios of the frequency of occurrence to the RMSE for each sky 

type. These threshold values may be site dependent. Therefore, the proposed sky 

classification strategy for the set of 6 prevailing skies may not be suitable for 

places where its daylight climate was differed with Hong Kong.  
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iii. The performance of PNN depends on the sizes of the training, validation and test 

sets. However, there is no formal scientific theory to determine the required 

sizes of the three data sets. For different applications of the PNN, researchers 

recommended different criteria to partition of the database. Therefore, the 

development and use of the neural networks may require more expertise and 

experiences than the traditional classification techniques.  

 

 

6.3 Suggestions for Future Study 

To give a comprehensive classification of standard skies, further studies and 

investigations on various directions are recommended and pointed out as follows: 

 

i. Further work should be concentrated on the selection of climatic parameters 

such that accuracy of the proposed approaches can be enhanced. Primary 

parameters include sky clearness index and diffuse fraction index. Secondary 

auxiliary include sunshine hour and cloud cover. 

 

ii. Another potential extension of the present research is the study on the sky 

distributions over the seasonal and diurnal change. Daylighting design and 

indoor illuminance level depend on the sky distributions. The investigation on 

average fluctuations of the sky patterns over a day and season are useful for 

improving the performance of the simulation program as well as designing the 

energy efficient scheme. 
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iii. Another area that researchers can pursue is the integration of feature extraction 

techniques and PNN. Data reduction or feature extraction technique such as 

principle component analysis (PCA) can reduce the dimensionality of a data 

sample while retaining most of the information of the input parameters. It is 

desirable to minimize the number of input parameters of the PNN because the 

major drawbacks of PNN are the large demand of computational memory and 

low processing speed when the size of the training set is large. 
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Figure A1 Sun path diagram for Hong Kong [Peacock, 1978]
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Table B1 Overall results of the test set for PNN IV.1 

PNN IV.1 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 182 6.7  33.1  65.3  
2 172 6.4  34.3  58.5  
3 203 7.5  27.2  60.6  
4 191 7.1  28.6  53.3  
5 165 6.1  37.1  50.0  
6 164 6.1  33.2  41.7  
7 191 7.1  26.1  55.4  
8 198 7.3  22.6  71.2  
9 141 5.2  42.8  46.7  

10 161 6.0  28.2  47.3  
11 209 7.7  18.2  82.6  
12 197 7.3  22.4  81.5  
13 182 6.7  20.0  81.4  
14 183 6.8  27.8  83.6  
15 161 6.0  30.4  75.6  

Overall 2700 100.0  28.3  63.8  
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Table B2 Overall results of the test set for PNN IV.2 

PNN IV.2 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 179 6.6  32.8  77.2  
2 173 6.4  36.1  61.7  
3 187 6.9  26.7  74.3  
4 173 6.4  26.8  58.3  
5 198 7.3  36.6  56.7  
6 159 5.9  30.5  41.7  
7 196 7.3  25.4  58.3  
8 199 7.4  23.8  68.6  
9 126 4.7  43.0  44.7  

10 154 5.7  32.9  39.8  
11 225 8.3  18.1  78.5  
12 199 7.4  21.6  74.2  
13 185 6.9  21.5  66.1  
14 165 6.1  27.1  74.3  
15 182 6.7  35.4  73.8  

Overall 2700 100.0  28.6  63.3  
 

Table B3 Overall results of the test set for PNN IV.3 

PNN IV.3 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 183 6.8  33.9  76.6  
2 159 5.9  33.8  61.1  
3 195 7.2  26.7  73.7  
4 195 7.2  28.8  58.3  
5 187 6.9  37.2  57.3  
6 162 6.0  29.2  46.3  
7 177 6.6  24.7  54.4  
8 211 7.8  24.0  74.9  
9 122 4.5  44.3  43.4  

10 150 5.6  32.6  42.5  
11 214 7.9  17.8  80.0  
12 194 7.2  21.0  73.0  
13 190 7.0  20.0  71.0  
14 185 6.9  26.7  83.6  
15 176 6.5  33.6  77.3  

Overall 2700 100.0  28.3  65.0  
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Table B4 Overall results of the test set for PNN Iv.4 

PNN IV.4 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 225 8.3  35.8  80.2  
2 166 6.1  36.8  42.5  
3 174 6.4  32.8  57.1  
4 159 5.9  34.8  38.9  
5 174 6.4  37.9  41.6  
6 153 5.7  35.7  35.4  
7 173 6.4  28.2  43.6  
8 212 7.9  28.3  55.5  
9 166 6.1  44.4  53.3  

10 148 5.5  38.2  37.1  
11 246 9.1  23.5  74.9  
12 167 6.2  28.5  66.3  
13 194 7.2  22.8  74.3  
14 170 6.3  25.9  74.9  
15 173 6.4  30.4  80.2  

Overall 2700 100.0  31.9  56.8  
 

Table B5 Overall results of the test set for PNN IV.5 

PNN IV.5 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 187 6.9  31.4  77.2  
2 166 6.1  35.9  65.3  
3 183 6.8  26.6  74.9  
4 179 6.6  27.3  64.4  
5 202 7.5  37.1  64.0  
6 157 5.8  33.1  47.4  
7 193 7.1  24.7  61.8  
8 182 6.7  21.6  75.4  
9 141 5.2  41.7  50.0  

10 178 6.6  31.7  56.5  
11 212 7.9  17.4  86.7  
12 179 6.6  20.2  84.3  
13 178 6.6  18.2  82.0  
14 178 6.6  26.6  87.1  
15 185 6.9  35.5  82.6  

Overall 2700 100.0  28.3  70.7  
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Table B6 Overall results of the test set for PNN III.1 

PNN III.1 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 164 6.1  31.5  49.1  
2 128 4.7  35.5  40.4  
3 262 9.7  31.1  54.9  
4 189 7.0  26.8  43.9  
5 167 6.2  39.7  38.8  
6 106 3.9  27.9  23.4  
7 223 8.3  27.1  54.9  
8 246 9.1  24.7  71.7  
9 119 4.4  45.9  45.4  

10 109 4.0  32.7  23.1  
11 263 9.7  18.2  76.4  
12 149 5.5  26.4  34.3  
13 238 8.8  19.6  62.8  
14 177 6.6  28.4  66.1  
15 160 5.9  29.5  67.4  

Overall 2700 100.0  28.4  50.4  
 

Table B7 Overall results of the test set for PNN III.2 

PNN III.2 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 184 6.8  32.8  55.7  
2 128 4.7  35.5  42.5  
3 234 8.7  29.5  56.0  
4 203 7.5  26.9  46.7  
5 163 6.0  38.7  43.3  
6 125 4.6  32.5  24.6  
7 215 8.0  25.5  55.9  
8 231 8.6  23.9  70.2  
9 112 4.1  40.7  40.8  

10 88 3.3  32.0  20.4  
11 238 8.8  17.9  72.8  
12 161 6.0  21.0  51.7  
13 242 9.0  22.1  71.0  
14 184 6.8  28.0  80.1  
15 192 7.1  34.8  80.8  

Overall 2700 100.0  28.3  54.3  
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Table B8 Overall results of the test set for PNN III.3 

PNN III.3 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 166 6.1  31.3  55.7  
2 162 6.0  38.4  38.9  
3 153 5.7  27.6  49.7  
4 234 8.7  31.4  50.6  
5 158 5.9  37.4  33.1  
6 137 5.1  38.5  24.6  
7 234 8.7  30.7  49.0  
8 251 9.3  27.3  68.6  
9 121 4.5  49.5  30.9  

10 101 3.7  38.4  21.0  
11 268 9.9  19.7  74.4  
12 174 6.4  20.7  59.0  
13 190 7.0  23.1  52.5  
14 198 7.3  27.1  74.3  
15 153 5.7  32.5  63.4  

Overall 2700 100.0  30.3  49.9  
 

Table B 9 Overall results of the test set for PNN III.4 

PNN III.4 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 250 9.3  36.4  73.7  
2 125 4.6  36.9  22.8  
3 218 8.1  33.6  45.1  
4 192 7.1  34.6  29.4  
5 165 6.1  42.5  29.8  
6 127 4.7  37.5  16.6  
7 178 6.6  31.6  33.3  
8 228 8.4  30.8  40.3  
9 124 4.6  47.7  41.4  

10 95 3.5  42.3  16.1  
11 305 11.3  25.3  70.3  
12 149 5.5  25.9  49.4  
13 215 8.0  22.8  72.7  
14 162 6.0  26.7  69.6  
15 167 6.2  29.1  77.9  

Overall 2700 100.0  32.5  45.6  

 



 
Appendix B - Results of the PNN classification   140 

 

Table B10 Overall results of the test set for PNN III.5 

PNN III.5 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 229 8.5  34.6  74.9  
2 154 5.7  41.0  29.5  
3 200 7.4  32.8  52.6  
4 153 5.7  35.4  29.4  
5 184 6.8  40.0  36.5  
6 114 4.2  36.7  19.4  
7 178 6.6  32.7  29.9  
8 300 11.1  29.4  55.0  
9 147 5.4  46.3  48.7  

10 119 4.4  37.3  22.6  
11 215 8.0  25.9  50.3  
12 154 5.7  25.4  47.2  
13 235 8.7  25.8  59.6  
14 158 5.9  25.8  71.3  
15 160 5.9  30.8  75.0  

Overall 2700 100.0  32.7  46.3  
 

Table B11 Overall results of the test set for PNN III.6 

PNN III.6 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 236 8.7  34.3  73.7  
2 146 5.4  39.6  29.0  
3 181 6.7  32.1  48.0  
4 100 3.7  36.5  19.4  
5 185 6.9  40.6  32.6  
6 103 3.8  38.7  14.9  
7 172 6.4  32.9  29.4  
8 351 13.0  31.5  56.5  
9 142 5.3  46.8  47.4  

10 124 4.6  39.2  25.3  
11 268 9.9  28.1  60.5  
12 139 5.1  28.8  46.6  
13 229 8.5  25.2  61.7  
14 158 5.9  27.1  69.0  
15 166 6.1  30.8  76.7  

Overall 2700 100.0  33.2  45.7  
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Table B12 Overall results of the test set for PNN III.7 

PNN III.7 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 172 6.4  34.0  58.7  
2 172 6.4  34.8  58.5  
3 221 8.2  27.8  60.0  
4 184 6.8  28.2  53.3  
5 179 6.6  37.9  46.6  
6 150 5.6  33.4  36.6  
7 189 7.0  26.4  56.4  
8 193 7.1  23.5  69.6  
9 144 5.3  43.4  37.5  

10 160 5.9  31.3  46.2  
11 213 7.9  19.5  81.5  
12 193 7.1  21.8  82.0  
13 179 6.6  19.8  80.3  
14 186 6.9  27.2  86.5  
15 165 6.1  32.4  75.0  

Overall 2700 100.0  28.9  62.2  
 

Table B13 Overall results of the test set for PNN III.8 

PNN III.8 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 192 7.1  32.5  77.8  
2 167 6.2  36.7  62.2  
3 184 6.8  26.7  72.0  
4 171 6.3  28.5  58.9  
5 211 7.8  36.6  60.1  
6 157 5.8  31.0  44.6  
7 191 7.1  26.3  58.8  
8 193 7.1  24.4  67.0  
9 121 4.5  42.6  33.6  

10 155 5.7  32.2  40.9  
11 223 8.3  18.2  77.9  
12 191 7.1  21.7  72.5  
13 186 6.9  20.9  66.1  
14 167 6.2  26.6  76.6  
15 191 7.1  35.9  75.6  

Overall 2700 100.0  28.9  63.1  
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Table B14 Overall results of the test set for PNN III.9 

PNN III.9 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 179 6.6  33.9  75.4  
2 166 6.1  34.6  65.8  
3 194 7.2  25.3  77.7  
4 184 6.8  27.0  56.1  
5 207 7.7  37.7  63.5  
6 149 5.5  32.6  45.1  
7 180 6.7  26.2  55.9  
8 202 7.5  24.8  73.3  
9 126 4.7  44.9  36.8  

10 166 6.1  32.2  46.2  
11 200 7.4  18.5  77.9  
12 199 7.4  22.3  72.5  
13 192 7.1  21.1  73.2  
14 182 6.7  26.6  80.7  
15 174 6.4  42.2  59.3  

Overall 2700 100.0  29.4  64.2  
 

Table B15 Overall results of the test set for PNN III.10 

PNN III.10 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 240 8.9  36.8  77.8  
2 142 5.3  40.5  40.9  
3 156 5.8  30.2  53.7  
4 146 5.4  35.7  38.3  
5 217 8.0  38.7  47.8  
6 123 4.6  35.3  33.1  
7 184 6.8  28.8  44.1  
8 192 7.1  27.6  53.9  
9 164 6.1  44.2  40.1  

10 178 6.6  37.7  37.6  
11 247 9.1  24.6  75.9  
12 157 5.8  26.4  66.3  
13 202 7.5  22.9  76.5  
14 179 6.6  27.1  73.7  
15 173 6.4  30.7  78.5  

Overall 2700 100.0  32.2  55.8  
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Table B16 Overall results of the test set for PNN II.1 

PNN II.1 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 177 6.6  32.6  41.3  
2 176 6.5  38.5  27.5  
3 112 4.1  32.4  16.0  
4 284 10.5  32.0  48.3  
5 91 3.4  42.0  16.3  
6 123 4.6  33.1  18.3  
7 230 8.5  32.5  48.0  
8 278 10.3  27.2  71.7  
9 99 3.7  47.1  24.3  

10 79 2.9  42.1  14.5  
11 297 11.0  18.8  79.5  
12 126 4.7  20.7  30.3  
13 248 9.2  24.3  53.6  
14 190 7.0  31.3  68.4  
15 190 7.0  35.6  70.3  

Overall 2700 100.0  30.8  42.3  
 

Table B17 Overall results of the test set for PNN II.2 

PNN II.2 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 216 8.0  32.6  55.1  
2 126 4.7  35.4  36.3  
3 205 7.6  28.6  42.3  
4 215 8.0  27.8  46.7  
5 254 9.4  40.7  49.4  
6 75 2.8  31.8  13.1  
7 243 9.0  27.3  52.5  
8 240 8.9  26.3  59.2  
9 48 1.8  47.7  8.6  

10 61 2.3  30.6  10.2  
11 292 10.8  21.7  70.8  
12 176 6.5  28.0  36.5  
13 231 8.6  20.2  52.5  
14 184 6.8  28.8  67.3  
15 134 5.0  27.8  55.8  

Overall 2700 100.0  28.9  44.2  
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Table B18 Overall results of the test set for PNN II.3 

PNN II.3 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 174 6.4  34.4  52.1  
2 135 5.0  34.5  42.0  
3 238 8.8  29.3  53.1  
4 217 8.0  29.2  46.1  
5 219 8.1  40.7  47.8  
6 103 3.8  31.9  17.1  
7 214 7.9  29.1  47.1  
8 226 8.4  25.4  59.2  
9 68 2.5  46.3  18.4  

10 91 3.4  30.0  19.9  
11 250 9.3  23.2  65.1  
12 193 7.1  23.4  48.9  
13 209 7.7  23.9  55.7  
14 233 8.6  30.0  80.1  
15 130 4.8  50.7  33.1  

Overall 2700 100.0  30.7  46.0  
 

Table B19 Overall results of the test set for PNN II.4 

PNN II.4 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 162 6.0  31.8  51.5  
2 186 6.9  38.4  43.5  
3 172 6.4  28.2  50.9  
4 238 8.8  33.6  48.3  
5 216 8.0  36.7  43.8  
6 92 3.4  37.8  22.3  
7 195 7.2  31.8  38.7  
8 262 9.7  29.8  64.9  
9 79 2.9  44.6  20.4  

10 100 3.7  40.3  19.4  
11 279 10.3  24.1  64.1  
12 245 9.1  24.8  60.7  
13 177 6.6  25.7  42.6  
14 129 4.8  28.3  37.4  
15 168 6.2  50.9  40.7  

Overall 2700 100.0  32.5  43.6  
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Table B20 Overall results of the test set for PNN II.5 

PNN II.5 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 232 8.6  33.5  65.9  
2 121 4.5  38.3  20.7  
3 255 9.4  34.3  49.1  
4 204 7.6  34.5  26.1  
5 137 5.1  42.5  25.8  
6 120 4.4  44.9  18.3  
7 173 6.4  33.6  30.4  
8 218 8.1  29.1  33.5  
9 132 4.9  50.1  43.4  

10 81 3.0  38.3  11.8  
11 391 14.5  26.1  63.1  
12 33 1.2  26.0  3.9  
13 298 11.0  23.5  64.5  
14 151 5.6  27.9  52.6  
15 154 5.7  27.6  65.1  

Overall 2700 100.0  32.5  38.0  
 

Table B21 Overall results of the test set for PNN II.6 

PNN II.6 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 243 9.0  36.5  66.5  
2 130 4.8  37.6  21.2  
3 246 9.1  33.4  46.9  
4 131 4.9  37.6  17.2  
5 154 5.7  43.4  25.8  
6 54 2.0  34.3  9.7  
7 118 4.4  33.7  18.6  
8 87 3.2  34.1  9.9  
9 53 2.0  44.9  21.7  

10 64 2.4  40.1  11.3  
11 489 18.1  28.5  72.3  
12 150 5.6  46.2  16.9  
13 353 13.1  33.4  57.4  
14 189 7.0  34.6  66.7  
15 239 8.9  40.0  83.1  

Overall 2700 100.0  35.6  36.0  
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Table B22 Overall results of the test set for PNN II.7 

PNN II.7 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 225 8.3  42.5  29.9  
2 48 1.8  40.8  5.7  
3 112 4.1  46.8  16.0  
4 102 3.8  35.4  9.4  
5 146 5.4  51.7  17.4  
6 23 0.9  60.1  1.1  
7 238 8.8  47.4  21.6  
8 454 16.8  44.1  46.1  
9 215 8.0  50.2  38.8  

10 59 2.2  55.6  8.1  
11 450 16.7  50.4  50.8  
12 134 5.0  30.0  34.8  
13 156 5.8  32.0  29.0  
14 162 6.0  30.2  64.9  
15 176 6.5  36.6  69.8  

Overall 2700 100.0  43.6  29.3  
 

Table B23 Overall results of the test set for PNN II.8 

PNN II.8 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 286 10.6  38.9  64.7  
2 110 4.1  43.4  17.1  
3 193 7.1  32.4  38.3  
4 167 6.2  41.2  21.1  
5 208 7.7  40.9  23.0  
6 99 3.7  36.1  14.3  
7 184 6.8  31.0  27.9  
8 171 6.3  31.0  27.7  
9 139 5.1  43.5  14.5  

10 130 4.8  36.1  16.1  
11 310 11.5  26.8  65.6  
12 177 6.6  25.7  53.9  
13 208 7.7  25.6  67.8  
14 153 5.7  26.7  60.2  
15 165 6.1  28.7  67.4  

Overall 2700 100.0  33.3  38.6  
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Table B24 Overall results of the test set for PNN II.9 

PNN II.9 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 267 9.9  35.6  76.6  
2 137 5.1  42.5  24.4  
3 168 6.2  34.7  44.6  
4 120 4.4  36.1  25.0  
5 216 8.0  39.9  41.0  
6 119 4.4  36.6  19.4  
7 165 6.1  31.1  27.0  
8 321 11.9  30.3  53.4  
9 112 4.1  43.1  27.6  

10 178 6.6  39.9  28.0  
11 211 7.8  28.9  43.1  
12 145 5.4  25.0  43.8  
13 226 8.4  24.3  58.5  
14 154 5.7  27.1  64.9  
15 161 6.0  30.3  72.7  

Overall 2700 100.0  33.2  43.0  
 

Table B25 Overall results of the test set for PNN II.10 

PNN II.10 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 271 10.0  34.9  71.3  
2 112 4.1  42.7  19.2  
3 138 5.1  32.4  41.1  
4 98 3.6  42.1  14.4  
5 235 8.7  43.4  36.0  
6 62 2.3  40.7  10.9  
7 124 4.6  34.0  22.1  
8 367 13.6  33.9  51.3  
9 128 4.7  49.1  28.9  

10 166 6.1  42.2  21.5  
11 278 10.3  30.5  51.8  
12 130 4.8  29.9  37.6  
13 232 8.6  27.2  54.6  
14 149 5.5  27.0  50.3  
15 210 7.8  47.1  44.2  

Overall 2700 100.0  36.3  36.8  
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Table B26 Overall results of the test set for PNN I.1 

PNN I.1 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 0 0.0 0.0 0.0 
2 0 0.0 0.0 0.0 
3 0 0.0 0.0 0.0 
4 0 0.0 0.0 0.0 
5 40 1.5 62.8 3.4 
6 0 0.0 0.0 0.0 
7 86 3.2 51.1 5.4 
8 242 9.0 46.3 16.8 
9 114 4.2 47.3 26.3 

10 0 0.0 0.0 0.0 
11 938 34.7 60.3 79.5 
12 51 1.9 68.1 3.4 
13 657 24.3 69.0 44.8 
14 323 12.0 60.8 57.3 
15 249 9.2 49.7 69.2 

Overall 2700 100.0 59.6 20.3 
 

Table B27 Overall results of the test set for PNN I.2 

PNN I.2 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 180 6.7 33.5 41.9 
2 24 0.9 58.0 6.2 
3 321 11.9 31.1 44.6 
4 421 15.6 35.8 55.0 
5 0 0.0 0.0 0.0 
6 76 2.8 35.1 11.4 
7 300 11.1 38.2 45.6 
8 348 12.9 33.7 64.4 
9 0 0.0 0.0 0.0 

10 0 0.0 0.0 0.0 
11 555 20.6 27.6 83.1 
12 195 7.2 24.1 38.2 
13 124 4.6 27.4 24.0 
14 156 5.8 32.9 40.4 
15 0 0.0 0.0 0.0 

Overall 2700 100.0 32.2 31.0 
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Table B28 Overall results of the test set for PNN I.3 

PNN I.3 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 431 16.0 37.5 79.0 
2 80 3.0 45.4 8.3 
3 113 4.2 34.4 12.6 
4 213 7.9 39.5 20.0 
5 216 8.0 42.6 17.4 
6 0 0.0 0.0 0.0 
7 133 4.9 35.9 11.8 
8 304 11.3 33.6 26.7 
9 66 2.4 38.4 4.6 

10 0 0.0 0.0 0.0 
11 478 17.7 29.8 51.8 
12 0 0.0 0.0 0.0 
13 373 13.8 26.7 62.3 
14 82 3.0 24.5 18.1 
15 211 7.8 29.4 61.6 

Overall 2700 100.0 33.8 24.9 
 

Table B29 Overall results of the test set for PNN I.4 

PNN I.4 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 395 14.6 36.7 78.4 
2 0 0.0 0.0 0.0 
3 154 5.7 35.8 23.4 
4 0 0.0 0.0 0.0 
5 148 5.5 43.7 14.6 
6 0 0.0 0.0 0.0 
7 104 3.9 39.0 11.3 
8 185 6.9 38.2 17.3 
9 0 0.0 0.0 0.0 

10 2 0.1 40.7 0.5 
11 378 14.0 32.7 40.5 
12 132 4.9 44.5 6.7 
13 463 17.1 32.3 63.4 
14 254 9.4 68.6 34.5 
15 485 18.0 67.5 52.3 

Overall 2700 100.0 44.8 22.6 
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Table B30 Overall results of the test set for PNN I.5 

PNN I.5 
Sky No. of occurrence Frequency of occurrence (%) RMSE (%) Hit percentage (%)

1 296 11.0 58.4 29.3 
2 0 0.0 0.0 0.0 
3 228 8.4 49.9 28.6 
4 2 0.1 32.0 0.0 
5 24 0.9 52.8 5.1 
6 18 0.7 41.0 1.7 
7 161 6.0 46.3 7.4 
8 957 35.4 50.9 56.5 
9 113 4.2 54.3 15.8 

10 4 0.1 50.0 0.0 
11 0 0.0 0.0 0.0 
12 32 1.2 35.3 4.5 
13 0 0.0 0.0 0.0 
14 406 15.0 32.1 61.4 
15 459 17.0 73.0 37.2 

Overall 2700 100.0 52.2 16.1 
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