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a b s t r a c t
Using solar stills to produce clean water for domestic use in developing countries is one of the 
affordable solutions. To avoid costly and time-consuming processes of solar still fabrication, numer-
ical simulations are the perfect alternatives to predict the performance of the stills. The purpose of 
this study is to work out a model to generate the sequences of daily and hourly solar radiation in 
tropical countries that are very important to calculate or simulate any solar distillation systems. 
In this study, the modified Aguiar’s model is firstly used to generate daily clearness index series 
for Ho Chi Minh City and Da Nang, two cities presenting for two climate types in tropical region. 
Then a modified model of Graham is proposed to generate hourly clearness index sequences from 
generate daily clearness index series for these two locations. As being proved by some statistic 
configurations and the predicted distillate productivities of solar still simulations, two modified 
models are more accurate in predicting daily and hourly irradiances in comparison with origi-
nal Aguiar’s and Graham’s model, respectively. Especially, the model to generate the sequences of 
hourly solar radiation values proposed in this study is much simpler in comparison to the original 
model of Graham. Therefore, both proposed models in this work are expected to be used to generate 
daily and hourly solar radiation sequences for any solar distillation simulation programs with very 
limited input parameters, including the latitude and monthly average daily clearness index values 
of the studied locations.

Keywords:  Solar stills, Solar distillation numerical simulations; Monthly average daily solar radia-
tion; Hourly solar radiation values; Daily solar radiation values; Markov transition matrix; 
MTM library

1. Introduction

Computer simulation programs can be very useful 
tools in the process of designing solar distillation sys-
tems. They enable users to optimize the performance of 
the solar stills in relation to various design parameters on 
the basic of the climatic and socio-economic conditions 
prevailing on the place of application. Consequently, they 
help the users to evaluate the cost-effectiveness of the solar 

distillation systems, to size the system components and 
hence to achieve not only the least cost, but also the most 
effective systems.

Weather data considered as forcing functions operat-
ing on the sets of equations used in the simulation pro-
grams to describe the performance of the solar systems. 
For design purposes, it is required to have at least one full 
year’s data. Long-term meteorology data provides the best 
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estimates of representative behaviour of the weather for 
the location under investigation. According to Duffie and 
Beckman [1], weather records of at least 8 y are needed to 
provide a good representation when simulating solar heat-
ing systems. However, there are very few sites around the 
world where such long-term data are available.

An alternative solution to the use of long-term data is 
the use of typical meteorological year (TMY) data. The 
TMY concept is derived directly from the long-term data. 
Statistical parameters from the long-term data, such as the 
average, cross-correlations and distributions were deter-
mined for a number of different weather indices, for each 
month [2]. A hierarchy of criteria is then established to select 
1 month from 23 y of data for each of the 26 locations. This 
approach has since been applied to create the TMY data 
for Canada and a similar test reference year for Europe [2]. 
Although this approach may reduce the computational 
effort in simulation studies of solar energy applications 
and reduce data sets, it is still based on the long-term data, 
which will not be available for most locations around the 
world, especially in developing countries.

As discussed by Nguyen and Hoang [3], most of devel-
oping countries are located in tropical regions. Unlike 
developed countries where measured solar radiation data 
are usually available, those of developing countries are 
often in shortages. For instance, among the 25 stations in 
a developing country like Vietnam where weather data is 
available, only twelve of them have records of both the sun-
shine duration and the global radiation data. The remain-
ders only have sunshine duration records. Moreover, the 
solar radiation was measured at 3-h intervals rather than at 
every hour. Therefore, a computer model to generate hourly 
solar radiation data is needed for any simulation program 
in order to analyse the feasibility of the application of solar 
systems in tropical regions.

There are two methods used to overcome the lack of 
weather data: (i) using data from nearby stations or from 
similar climate locations (extrapolation method); and 
(ii) generating a weather data series (synthetic genera-
tion method). The first method is likely to result in signif-
icant errors [2]. Consequently, there have been numerous 
attempts at developing models using the second method.

Many researchers have developed stochastic simula-
tion models of the sequences of weather data. Fernandez-
Peruchena et al. [4] and Boland [2] used this approach to 
generate daily and hourly solar radiation values. Brecl and 
Topič [5] used a similar technique to generate daily and 
hourly solar radiation sequences for inclined surfaces from 
monthly average daily solar irradiation. Bright et al. [6] 
and Hofmann et al. [7] also used similar method to derive 
minutely irradiance time series from hourly data. Soubdhan 
and Emilion [8] even used the similar technique to gener-
ate secondly solar radiation sequences. Magnano et al. [9] 
applied stochastic function to generate synthetic sequences 
of half hourly temperature. One of the problems with most 
of these approaches is that the probability density function 
of the generated data are normal when stochastic mod-
els are used [10]. Gafurov et al. [11] incorporated spatial 
correlation of solar radiation into conventional stochas-
tic solar radiation models, including Aguiar’s, to generate 
monthly and daily solar irradiance time series.

Recently, some researchers have used different types of 
artificial neural network to model values of total solar radia-
tion on horizontal surfaces, such as [12–16]. Ji and Chee [17] 
used a novel hybrid model of autoregressive and moving 
average (ARMA) and time delay neural network (TDNN) 
to predict hourly solar radiation in Singapore. The prob-
lem of these models is that they are “black boxes”, and 
only mean values of daily global radiation have been anal-
ysed, leading to no significant information can be obtained 
[10]. Mora-Lopez et al. [18] suggested using probabilis-
tic finite automata (PFA) from machine learning theory to 
obtain values of daily total solar radiation. The drawback 
of this method is that the use of PFA is complicated and 
this approach has not been proved to be universally applied.

Based on the above information, the stochastic approaches 
are still likely to be globally applicable. Therefore, in this 
study, the stochastic technique is chosen to generate daily 
and hourly global solar radiation from monthly average 
daily irradiances for solar distillation numerical simula-
tions. First, a stochastic model is used to generate syn-
thetic of daily irradiances from monthly average daily 
solar radiation values. Then the generated daily irradiance 
sequences are used to generate hourly solar radiation series.

2. Stochastic model to generate daily irradiances

2.1. Model to generate daily solar radiation sequences

Aguiar et al. [19] analyzed the daily radiation data for 
300 months from nine stations having various types of cli-
mates. The authors discovered that the probability func-
tion for any given period seemed to have a form associated 
with only the average value of the daily clearness index, 
Kt, for that period. Furthermore, they also found that any 
given daily radiation value had a significant correlation 
with only the radiation value of the preceding day in the 
sequence. Consequently, based on the Markov transition 
matrix (MTM) technique, Aguiar and his colleagues used 
the set of 300-month data to obtain ten 10 × 10 MTMs (called 
the MTM library). These MTMs were classified by different 
ranges of Kt values: one class for Kt  ≤ 0.30, eight classes in 
steps of 0.05 between 0.30 and 0.70, and the last classes for 
Kt  > 0.70. The model was tested by generating daily radia-
tion sequences for many US locations, which had not been 
previously used in the derivation of the MTMs. This model 
gave better results in most cases when compared with the 
results from Graham’s model [20], in terms of the statistic 
characteristics (e.g., average, variance and probability den-
sity function) and the sequential characteristics (e.g., the 
autocorrelation function). Another advantage of Aguiar’s 
model lies in its computational simplicity.

For the daily radiation generation model, Aguiar’s 
model has been chosen for the following reasons. First, 
among the nine locations that Aguiar used to develop 
the MTM library, two locations are represented for trop-
ical regions, including one location, Macau, has the meso-
thermal tropical forest climate (Caw) and another location, 
Polana, (Mozambique) has type of tropical forest climate 
(Aw). Therefore, this approach would appear to be more 
suited as a model for tropical climates. Furthermore, because 
these nine locations consist of many different types of climate 
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[19], this model is believed to be more universally applicable 
to any location. Secondly, Mustacchi et al. [21] found that the 
Markov chain model overcomes all other stochastic model 
approaches for simulation daily clearness (KT) and hourly 
clearness (kt) times series. This has been validated for many 
locations across Australia [22]. Fernandez-Peruchena et al. 
[4] also used Aguiar’s model to generate hourly irradiation 
sequences for 3 locations in Spain and achieved the good 
agreements in comparison with measured data. Similar 
results were achieved by Brecl and Topič [5] when applying 
for locations in Slovenia. Secondly, the advantage of Aguiar’s 
model is the ability to preserve probabilistic and sequential 
characteristics of measured data in generated series [11]. 
Thirdly, this approach is simple and reducing computing 
requirements by using the MTM library. For these reasons, the 
approach of Aguiar to develop a computer model for generat-
ing KT sequences from monthly average values, KT is chosen.

2.2. Data used to validate the model

In this study, global solar radiation was measured for 
1 y in Ho Chi Minh City, representing for tropical forest 
climate (Aw) and 1 y in Da Nang City, representative for 
tropical monsoon climate (Am). A pyranometer was used to 
measure global solar flux every 5 min, continuously from 
5.40 AM to 6.30 PM every day. Because the two above men-
tioned cities are located very near the equator, the day-
lengths are changed much during the year and the maximum 
duration of the days is just 13 h, from 5.40 AM to 6.30 PM. 
The data was recorded and stored automatically in a com-
puter. Then, the hourly radiation I was achieved by aver-
aging the solar flux of each hour. After that, daily global 
solar radiation on the horizontal surface H and monthly 
average daily global solar radiation on the horizontal sur-
face H were obtained for two mentioned cities. Table 1 gives 
the values of monthly average daily global solar radiation 
on the horizontal surface of Ho Chi Minh and Da Nang.

The 365 values of daily clearness index, KTmea., for 
each of the two above cities were calculated. The daily 
clearness index is defined as [1]:

K H
HTmea =

0

 (1)

with H is the measured daily global solar radiation on 
the horizontal surface for Ho Chi Minh and Da Nang; 
H0 is the daily extraterrestrial radiation, given by:
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In Eq. (2), GSC, n, f, d and ws are solar constant, day of 
the year, latitude of the location, declination angle and 
sunset hour angle, respectively, that are defined and 
formulated in [1].

The 12 values of monthly average daily clearness index, 
KT , for each of the two above cities were also obtained. 
The monthly average daily clearness index is defined as [1]:

K H
HT =

0

 (3)

with H is the measured monthly average daily global solar 
radiation on the horizontal surface for Ho Chi Minh and Da 
Nang, given in Table 1; H0  is monthly average daily extrater-
restrial radiation on a horizontal surface, calculated by using 
Eq. (2) with n is the average day of the months, defined and 
given in [1]. Table 2 gives the KT  values of the two investi-
gated cities.

2.3. Application of Aguiar’s model

Based on the data in Table 2, Aguiar’s model is used 
to generate 365 values of daily clearness index KTgen. 
for Ho Chi Minh and Da Nang as follows. Firstly, the 
monthly average daily clearness index KT  of January is 
picked up (from Table 2). This KT  value will be correspon-
dent to one matrix in MTM library and one line in Table 
“Min.–Max.”. Secondly, the daily clearness index KTi of 
the previous day is used to choose the value of KT

min and 
KT

max on the line in Table “Min.–Max.” which is chosen in 
Step 1. The value of KT

min and KT
max will indicate the line on 

the matrix picked up in Step 1. Thirdly, a random number 

Table 1
Monthly average daily global solar radiation on the horizontal surface H (kWh/m2) of Ho Chi Minh and Da Nang

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

HCM 3.61 4.99 5.04 5.20 4.65 4.83 4.80 4.90 4.43 4.07 4.16 3.85
Da Nang 2.87 5.22 5.17 6.15 6.36 6.65 5.64 5.20 4.79 4.12 3.31 2.34

Table 2
Monthly average daily clearness index KT  of Ho Chi Minh and Da Nang

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

HCM 0.42 0.53 0.50 0.50 0.45 0.47 0.47 0.47 0.44 0.42 0.47 0.46
Da Nang 0.36 0.59 0.53 0.59 0.60 0.63 0.53 0.50 0.48 0.45 0.40 0.30
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having value from 0 to 1 is chosen from a random num-
ber generator (available in Excel). Now, plus the values in 
the indicated line on the matrix from Step 2 until this sum 
equal and larger than the random number of Step 3. Then, 
the KTi value will be calculated by:

F K P K dKi T T

K

T

T

( ) = ′( ) ′∫
0

 (4)

In which, Fi(KT) is the distribution function for state i 
(the calculated date) and P(KT́) is the values in the indicated 
line on the matrix from Step 2.

After the value of KT for the first day of January is deter-
mined, the KT value of the second day of January is computed 
by repeating all above mentioned steps, and so on, until 
365 values of daily clearness index KTgen. is generated.

Finally, the measured and generated daily clearness 
index values are plotted in graphs of cumulative distribu-
tion function (CDF) and probability density function (PDF) 
for statistical comparison. Figs. 1 and 2 graph the CDF 
of KT for Ho Chi Minh and Da Nang respectively while 
Figs. 3 and 4 plot of the PDF of KT for these cities.

Some statistic configurations, including mean, median, 
min., max., standard deviation, mean absolute error (MAE) 
and root mean square error (RMSE) of measured and 
generated KT series of Ho Chi Minh City and Da Nang are 
also shown in Tables 3 and 4, respectively.

As shown in Figs. 1–4 and Tables 3 and 4, Aguiar’s 
model seems to poorly generate daily radiation sequences 
for Vietnam. As shown in Tables 3 and 4, the error per-
centages in mean and median of generated sequences are 
31% and 57% for Ho Chi Minh City and 50% and 86% for 
Da Nang, respectively, that are very high. These results 
are similar to the generated results of some locations 
that gave low confidence levels in comparison with the 
observed radiation sequences [19]. Then, Aguiar and his 
colleagues suggested that the MTM library should be mod-
ified to increase the accuracy of the model. Therefore, in 
this study, the MTM library has been modified as follows.

2.4. Modification of Aguiar’s model

As mentioned above, Aguiar and his colleagues used 
the set of 300-month data and MTM technique to obtain 
the library of ten 10 × 10 MTMs. In this study, besides the 
data from Aguiar’s research, obtained from [23], 24-month 
data of Ho Chi Minh and Da Nang were also used in order 
to build the MTMs. These MTMs were classified by different 
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Fig. 1. Cumulative distribution function of KT for Ho Chi Minh 
City.
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Fig. 2. Cumulative distribution function of KT for Da Nang.
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Fig. 4. Probability density function of KT for Da Nang.
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ranges of KT values: one class for KT ≤ 0.30, eight classes in 
steps of 0.05 between 0.30 and 0.70, and the last classes for 
KT > 0.70. With total of 324 months used in this study, the 
number of months in each class was 11, 4, 31, 51, 60, 66, 
56, 19, 17 and 9, respectively. The procedure to construct 
Markov matrices is similar to Aguiar et al. [19], but with 
smaller intervals between states to build ten non-square 
20 × 10 MTMs

After the modification, the modified MTM library is 
used to regenerate the daily KT values for Ho Chi Minh 
City and Da Nang. Figs. 5 and 6 graph the CDF of KT gen-
erated by using the modified MTM library for Ho Chi 
Minh City and Da Nang respectively while Figs. 7 and 8 
plot of the PDF of the new set of KT values for these cit-
ies. For comparison, the CDF and PDF of the daily KT val-
ues generated by using Aguiar’s model are also plotted 
in these figures. Some statistic configurations, including 
mean, median, MAE and RMSE of measured KT series and 
KT generated by the modified model of Ho Chi Minh City 
and Da Nang are also shown in Tables 5 and 6, respectively.

Based on Figs. 5–8 and Tables 5 and 6, it can be con-
cluded that the modified model has given much better 
results compared to those from Aguiar’s model. As shown 
in Tables 5 and 6, the error percentages in mean and median 
of generated sequences are 1% and –4% for Ho Chi Minh 
City and 6% and 14% for Da Nang, respectively. In com-
parison with the results from Aguiar’s model, as shown in 
Tables 3 and 4 above, this modified model has increased the 
accuracy of predicted sequences by 30% and 53% for Ho 
Chi Minh City and 44% and 72% for Da Nang. Furthermore, 
this modified model is expected to be used to generate daily 
KT series then daily radiation sequences for any locations 
because the original Aguiar model has been proved to be 
universally applicable [2,4,5,19,22]. As shown above, only the 
latitude and monthly average daily clearness index values 
of the studied locations are necessary for the generation.

3. Model to generate hourly irradiance sequences

3.1. Model to generate hourly solar radiation sequences

As mentioned above, there have been many researches 
using stochastic models to generate daily and hourly solar 
radiation sequences [2,4,5,22]. These researches were either 
based on Graham’s approach [19] and Aguiar’s approach [20].

For the stochastic model for the hourly radiation gener-
ation, Graham et al. [20] again used the hourly index clear-
ness index kt as variable rather than the hourly irradiation 
itself. Using the disaggregation technique, kt is split into two 
components: a trend (or mean) component and a random 
component:
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Fig. 5. Cumulative distribution function of three sets of KT values 
for Ho Chi Minh City.

Table 3
Statistic configurations of KT series of Ho Chi Minh City

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

KTmea. 0.47 0.47 0.14 0.69 0.10
KTgen. 0.36 0.30 0.08 0.64 0.18
Error 
(%)

31 57 50.1 24.6

Table 4
Statistic configurations of KT series of Da Nang

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

KTmea. 0.50 0.56 0.01 0.75 0.18
KTgen. 0.33 0.30 0.05 0.80 0.17
Error 
(%)

50 86 23.7 28
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Fig. 6. Cumulative distribution function of three sets of KT values 
for Da Nang.
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kt = ktm + α (5)

The trend component is then formulated as:

k mtm = + −( )λ ρ κexp  (6)

where m is the air mass, taken at the midpoint of the 
hour. The parameters λ, ρ and ĸ are found to be unique 
functions of the daily clearness KT:

λ K K K KT T T T( ) = − −( )1 167 13.  (7a)

ρ K KT T( ) = −( )0 979 1.  (7b)

κ K
K
KT

T

T

( ) =
−( )

1 141
1

.  (7c)

The random component α, found for any hour event 
by α = kt – ktm, is grouped for the days with approximately 
equal daily clearness KT. It is found that the standard devi-
ation σα of α varied from group to group. Furthermore, σα 
is strongly dependent on KT, but is only a weak function of 
the zenith angle θz [20]. Therefore, σα may be expressed as:

σ
π

α K
K

T
T( ) =







0 16
0 90

. sin
.

 (8)

Because these random variables are non-Gaussian, they 
are first transformed into a Gaussian variables β, using 
the Gaussian mapping technique. The series of β was fit-
ted using different stochastic models. The model with 
the best fit was the AR (1) model:

β φβ ϑt t t= +−1
 (9)

where:
βt–1 is the value of the variable at t–1.
φ is the coefficient, φ = 0.54 is suggested for use in a 

universal model.
ϑt is a random number from a normal distribution 

with zero mean and a standard deviation 1− φ.
The values of β are then mapped into α values using 

the Beta distribution:

P K P k K
p q u u
p q k kT t T

p q

α : :( ) = ( ) =
+( ) −( )

( ) ( ) −( )
− −

Γ
Γ Γ

1 1
1

tu tl

 (10)

in which: G is the gramma function; u is the random vari-
able normalized from hourly clearness index kt variable 
within the (0,1) range; p and q are parameters evaluated 
by equating the data estimates of the mean and variance 
of u; ktu and ktl are upper limit and lower limit of kt values, 
respectively [20].
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Ho Chi Minh City.
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Table 5
Statistic configurations of KT values of Ho Chi Minh City

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

KTmea. 0.47 0.47 0.14 0.69 0.10
KTgen. 0.46 0.49 0.05 0.78 0.18
Error 
(%)

1 –4 16.8 8.1

Table 6
Statistic configurations of KT values of Da Nang

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

KTmea. 0.50 0.56 0.01 0.75 0.18
KTgen. 0.47 0.49 0.05 0.80 0.20
Error 
(%)

6 14 4.5 5.1
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In developing another hourly radiation model, Aguiar et 
al. [19] used an approach similar to Graham’s approach but 
with some significant different. First, the authors discovered 
that hourly clearness index kt was strongly dependent on 
both daily clearness KT and the solar altitude angle hs, and 
not just on the daily clearness KT. Therefore, the standard 
deviation σα could be expressed as:

s K h A B ha T s s, exp sin( ) = −( ) 1  (11a)

with:

A KT= − −( )



0 14 20 0 0 35

2
. exp . .  (11b)

B K KT T= −( ) +3 0 0 45 16 0
2 5. . .  (11c)

Secondly, instead of using an AR (1) model to fit the 
random component of the hourly clearness kt which uses 
a constant coefficient φ, Aguiar suggested a KT dependent 
equation for φ as:

Φ = + −( )0 38 0 06 7 4 2 5. . cos . .Kt  (12)

Thirdly, they introduced the clear-sky value kcs to limit 
unreal generated kt values. They also derived different 
equations to calculate the trend component ktm. Finally, the 
authors included a normalization procedure to correct the 
nonstationary and time-homogeneous character of kt rather 
than the Gaussian mapping technique, as proposed by 
Graham.

Fernandez-Peruchena et al. [4] and Brecl and Topič [5] 
successfully used Aguiar’s model to generate hourly solar 
irradiance in Spain and Slovenia, respectively whereas 
HOMER [24] uses Graham’s approach to generate hourly 
solar radiation sequences in its software. Nguyen and Pryor 
[22] compared Aguiar’s model and Graham in generation 
of hourly solar radiation for 6 locations in Australia and 
found that Graham’s model generated better synthetic solar 
radiation sequences for all 6 locations. Therefore, in this 
study, Graham’s model is chosen to generate hourly solar 
irradiances.

However, Graham’s model has some drawbacks as 
follows:

• The use of Gaussian mapping technique to treat the 
random component of kt values, as briefly described 
above, is very complicated.

• The errors of hourly clearness index series generated 
from Graham’s model compared with measured data 
are bigger than those from the modified model in this 
study that will be presented below.

To overcome to first drawback of Graham’s model, 
in this study, the Gaussian values of b calculated by 
Eq. (5) will be converted to non-Gaussian distribution h 
by the Norminv function in MATLAB. Then, the random 
components of kt values are computed by:

α σα= × ( )h Kt  (13)

with the standard deviation sa (KT) calculated from Eq. (8).
This approach not only makes the procedure to gener-

ate hourly clearness index sequences much simpler com-
pared to Graham’s method, but also generate more accurate 
results. Table 7 presents the errors of generated hourly solar 
radiation sequences from Graham’s model and the modi-
fied model of this study in comparison with measured solar 
irradiance sequences for Ho Chi Minh City in 20 times of 
running the generation program written by using MATLAB.

Therefore, in this study, the modified model of Graham’s 
approach is used to generate hourly clearness index 
sequences. Fig. 9 shows the procedure of this generation 
program.

Where Φ is the latitude of the location, Lst and Lloc are the 
standard meridian for the local time zone and the longitude 
of the location, respectively; j is month of the year (i.e., j = 1 
is January, j = 2 is February, etc.); i is the date of a month; 
ωs is the sunset hour angle for the considered day; KT [i][j] 
is the daily clearness index of ith day in the jth month; w 
is the hour angle of the current hour; ktm is the “long-term” 
average kt values; σkt is the standard deviation of kt about the 
long-term average ktm value; εt is a random number from a 
Gaussian distribution; h is the hour considered; χ is a nor-
mally distributed stochastic variable with a mean of 0 and 
a variance of 1; θ1 is the parameter of the first order autore-
gressive model; Fnormal is the function to convert a normally 
distributed variable to a non-Gaussian distributed variable.

Table 7
Errors of generated hourly solar radiation compared to mea-
sured values in Ho Chi Minh City

Time of running the 
generation program

Error of generated hourly irradiances 
compared to measured values (%)

Graham’s model Modified model of 
this study

1 2.87% 0.74%
2 5.31% 2.70%
3 5.75% 2.49%
4 3.81% 1.46%
5 11.15% 9.47%
6 5.04% 2.84%
7 4.22% 2.06%
8 5.19% 3.60%
9 4.12% 2.27%
10 4.70% 2.18%
11 6.40% 4.40%
12 7.33% 5.29%
13 6.32% 4.22%
14 5.07% 2.60%
15 5.03% 2.78%
16 7.52% 4.67%
17 4.88% 2.52%
18 3.24% 1.48%
19 8.15% 6.44%
20 8.68% 5.36%
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MATLAB is used to write the generation program for 
hourly kt sequences, then the hourly global solar radia-
tion on the horizontal surface I values are computed by 
using Eq. (12).

3.2. Validating the generated hourly clearness index sequences

3.2.1. Comparing some statistic configurations

The generated daily clearness index values are used 
as the input for the generation program of hourly kt 
sequences in this study. Then, the generated kt sequences 
are compared with the measured ktmea. Series, in which the 
measured hourly clearness index ktmea. is defined as:

k I
Itmea. =
0

 (14)

with I is the measured hourly global solar radiation on 
the horizontal surface for Ho Chi Minh and Da Nang; I0 is 
the hourly extraterrestrial radiation from hour angle w1 to 
w2, given by:
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Figs. 10 and 11 graph the CDF of hourly kt for Ho Chi 
Minh and Da Nang respectively while Figs. 12 and 13 
plot of the PDF of hourly kt for these cities.

Some statistic configurations, including mean, median, 
min., max., standard deviation, MAE and RMSE of mea-
sured and generated kt series of Ho Chi Minh City and 
Da Nang are also shown in Tables 8 and 9, respectively.

Fig. 9. The schematic diagram of the procedure to generate 
hourly kt sequences.

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

0% 20% 40% 60% 80% 100%

K T

CDF

Measured

Generated

Fig. 10. Cumulative distribution function of hourly kt for Ho Chi 
Minh City.
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As shown in the above figures and Tables, the model 
in this study was successfully generated hourly kt series 
for two cities representing for two tropical climate types 
with acceptable accuracies. As stochastic models have 
been approved to have universal characteristics, as men-
tioned above, the model in this study is expected to be 
applied for any locations in the world.

3.2.2. Using measured and generated solar radiation 
data to run solar distillation simulations

For further validating the solar radiation generating 
models, both measured and generated hourly irradiances 
of Ho Chi Minh City and Da Nang are used as input data 
to run SOLSTILL – simulation program for solar distilla-
tion systems [25]. SOLSTILL enables to simulate two types 
of solar stills: natural passive convection still (conventional 
solar still) and forced convection still with external condenser. 

Fig. 14 shows the heat and mass transfer processes in a con-
ventional solar still. Fig. 15 presents a schematic diagram of 
a forced circulation solar still with enhanced water recov-
ery and Fig. 16 shows the heat and mass transfer process 
in a forced circulation solar still [25].

The inputs for SOLSTILL include hourly solar irradi-
ances, which are measured and generated in this study and 
hourly temperature averages for 12 months of a year that 
are achieved from National Center for Hydro-Meteorogical 
Forecasting [26]. The outputs of SOLSTILL consist of hourly 
amounts of distillate water, hourly temperatures of the 
cover, basin water and the basin, etc. In this study, only 
hourly amounts of distillate water are considered. Then, 
daily amounts of distillate water are achieved by adding up 
the hourly ones for every day of the year. Finally, monthly 
average daily amounts of distillate water are calculated 
for comparison purposes in this study. Figs. 17 and 18 
show the monthly average daily distillate productivity of a 
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Fig. 13. Probability density function of hourly kt for Da Nang.
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Fig. 12. Probability density function of hourly kt for Ho Chi 
Minh City.
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Da Nang.

Table 8
Statistic configurations of hourly measured and generated kt se-
ries of Ho Chi Minh City

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

ktmea. 0.426 0.443 0.001 0.899 0.197
ktgen. 0.433 0.453 0.007 0.858 0.191
Error 
(%)

–1.5 –2.4 2.0 0.03

Table 9
Statistic configurations of hourly measured and generated kt se-
ries of Da Nang

Mean Median Min. Max. Std. 
dev.

MAE 
(%)

RMSE 
(%)

ktmea. 0.459 0.491 0.019 0.905 0.210
ktgen. 0.465 0.492 0.012 0.884 0.217
Error 
(%)

–1.3 –0.3 3.3 0.03
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Fig. 14. The heat and mass transfer processes in a conventional solar still.

 

Fig. 15. Schematic diagram of a forced circulation solar still with enhanced water recovery.
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conventional solar still for Ho Chi Minh City and Da Nang 
whereas Figs. 19 and 20 show those of a forced circulation 
solar still with enhanced water recovery, respectively.

As shown in Figs. 17–20, the predicted monthly average 
daily distillate productivity of both a conventional passive 
solar still and a forced circulation solar still with measured 
irradiance data and generated solar radiation data as inputs 
are very closed. The largest error of predicted distillate 
with generated solar irradiances compared with those with 
measured data for both cities is 9.3%, occurred in April for 
a conventional solar still in Ho Chi Minh City. The errors 

of predicted yearly average daily distillate productivi-
ties between measured and generated solar irradiances for 
four above mentioned cases are less than 5%. Therefore, it 
can be concluded that the generated solar radiation data 
from the model of this study can be used to run any solar 
distillation simulation programs with acceptable accuracy.

4. Conclusion

In this study, the modified Aguiar’s model was firstly 
used to generate daily clearness index series for Ho Chi 

 

Fig. 16. The heat and mass transfer process in a forced circulation solar still.

0.00

0.50

1.00

1.50

2.00

2.50

3.00

3.50

JAN FER MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

Di
s�

lla
te

 P
ro

du
c�

vi
ty

 (l
/m

2 . 
da

y

Measured data

Generated data

Fig. 17. Monthly average daily distillate productivity of a con-
ventional solar still in Ho Chi Minh City.
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Fig. 18. Monthly average daily distillate productivity of a con-
ventional solar still in Da Nang.
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Minh City and Da Nang, two cities presenting for two cli-
mate types in tropical region. Then a modified model of 
Graham was proposed to generate hourly clearness index 
sequences from generate daily clearness index series for 
these two locations. Having been proved by some statistic 
configurations and the predicted distillate productivities of 
solar still simulations, two modified models in this study 
are more accurate in predicting daily and hourly irradi-
ances in comparison with original Aguiar’s and Graham’s 
model, respectively. Especially, the model to generate the 
sequences of hourly solar radiation values proposed in this 
study is much simpler in comparison to the original model 
of Graham. Therefore, both proposed models in this work 
are expected to be used to generate daily and hourly solar 
radiation sequences for any solar distillation simulation 
programs with very limited input parameters, including 
the latitude and monthly average daily clearness index 
values of the studied locations.
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Fig. 19. Monthly average daily distillate productivity of a forced 
circulation solar still in Ho Chi Minh City.

0.00

1.00

2.00

3.00

4.00

5.00

6.00

7.00

8.00

JAN FER MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

Di
s�

lla
te

 P
ro

du
c�

vi
ty

 (l
/m

2 . 
da

y

Measured data

Generated data

Fig. 20. Monthly average daily distillate productivity of a forced 
circulation solar still in Da Nang.
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