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ABSTRACT: The concept of response surface methodology is to develop an explicit relationship between continuous 

and response variables through the regression and ANOVA analysis. In this study, the regression relationships were 

developed between the dry bulb temperature, relative humidity and atmospheric pressure as continuous variables and 

precipitable water as a response variable to check the variability of atmospheric water harvesting potential. The 

regression equations developed with the combinations of continuous variables for Multan (Pakistan) and Fukuoka 

(Japan) were also modified by analyzing the p-value. Only those combinations of continuous variables were selected 

which have p-value less than 0.05 because any change in these continuous variables affects the changes in response 

variable. The contour and residual plots were also developed for the analysis of model variation. These plots represent 

the range of maximum and minimum output of response variable. The response surface optimization was also analyzed 

to check the model accuracy. 
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1. INTRODUCTION  

Water is the basic need of humans as well as non-

humans. Humans use it for several purposes including 

personal hygiene and industrial use. The water scarcity 

is growing day by day and this condition is projected to 

increase to more than 66% of the world’s population by 

2025 because of high population growth rates and 

modern development in infrastructure [1]. To overcome 

this problem, the atmospheric water harvesting (AWH) 

is one of the solutions that should be taken into 

consideration. AWH can be possible through many 

technologies i.e. fog water harvesting, dew 

condensation and vapor compression based atmospheric 

water harvesting [2–8]. For that purpose, first the 

atmospheric water harvesting potential areas must be 

identified and selected. Response surface methodology 

(RSM) is a group of mathematical and statistical 

techniques used to develop an adequate relationship 

between the continuous factors and the response 

factors[9–13].  Precipitable water is actually the depth 

of water that is collected in a column of atmosphere in 

millimeters. The collection of water can be done through 

the adsorption of water from atmosphere using 

desiccants [14,14–21]. The RSM is selected in this paper 

to analyze and optimize the water harvesting potential 

of Multan (Pakistan) and Fukuoka (Japan) by 

considering the dry bulb temperature (DBT), relative 

humidity (RH) and atmospheric pressure (ATM) as 

continuous factors and precipitable water (Pw) as a 

response factor. The weather data is collected from the 

http://climate.onebuilding.org/. The detailed RSM 

methodology used in this paper is explained in the next 

section. 

2. RESPONSE SURFACE METHODOLOGY 

Response surface methodology is a set of statistical and 

mathematical techniques used in the empirical studies of 

relationships for improving and optimizing processes 

[22–26]. This methodology mostly used in three 

different methods/techniques (i) Optimization 

techniques/methods (ii) regression modeling techniques  

and (iii) two level factorial or fractional factorial 

statistical experimental technique [27–31]. The RSM 

extensive applications used in those situations where 

input parameters affected the quality characteristic of 

the whole process [25,32–34]. In this case, the quality 

characteristics are called response variables and the 

input variables are called the independent or continuous 

variables. These are the designs that working with 

continuous variables to find out the goal for response 

variable. Most RSM applications are sequential in 

nature. The graphical understanding of response surface 

is shown in Fig. 1. Each value of natural variables x1 and 

x2 represents and generates the y-values. The contour 

lines of x1 and x2 pairs shows the same response y-value. 

The RSM field first includes experimental strategy for 

the independent variables, then empirical modeling to 

develop a relationship between the continuous and the 

response variables and then optimize 

 

 
Fig. 1. Graphical representation of response surface plot 

with contour lines [35] 
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the response surface modeling to find out the values for 

process or continuous variables that produces the most 

suitable and desirable values for the response factor. 

Statistical modeling to develop an appropriate model 

between the input variables (x1,x2,x3….) and response 

variable (y) , the general relationship is  

 

 𝑦 = 𝑓(𝑥1, 𝑥2, 𝑥3, … . . ) + 𝑒   (1) 

 

where, the true response function f is unknown and e 

represents the other uncertainties which are not 

accounted in f. These input variables (x1,x2,x3….) are also 

called the natural variables. The RSM includes some 

relationships for optimizing the response variable 

described in eq (2-6) which are presented in literature [27]  

 

𝐸(𝑦) = 𝜂 = 𝐸[𝑓(𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑘)] + 𝐸(𝑒) =
𝑓(𝑥1, 𝑥2, 𝑥2, … . 𝑥𝑘)    (2) 

 

𝜉𝑖 =
𝑥𝑖−[max(𝑥𝑖)+min(𝑥𝑖)]/2

[max(𝑥𝑖)−min⁡(𝑥𝑖)]/2
    (3) 

 

𝑅2 =
∑ (Ӳ𝑖−Ӯ)⁡

2𝑛
𝑖=1

∑ (𝑦𝑖
𝑛
𝑖=1 −Ӯ)⁡2

     (4) 

 

𝑅2
𝑎𝑑𝑗⁡ = 1 −

𝑘−1

𝑘−𝑝
(1 − 𝑅2)   (5) 

 

𝜂 = ⁡𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽𝑘𝑥𝑘   (6) 

 

𝜂 = ⁡𝛽0 + ∑ 𝛽𝑗𝑥𝑗
𝑘
𝑗=1 + ∑ 𝛽𝑗𝑗𝑥𝑗

2𝑘
𝑗=1    (7) 

 

where, x1,x2,x3 represents the natural variables, max and 

min values covers the range of input variables, Ӯ, Ӳ𝑖 and 

𝑦𝑖 represents estimated mean value, actual value and 

predicted values of response (y)respectively. Eq (6) and 

(7) represents the general first-order and second-order 

model equations respectively.  

 

2.1 Central composite design 

Central composite design (CCD) is an experimental 

design used in response surface methodology to build a 

second order model for a response. It has advantages over 

other design is that it allows the designer to analyze the 

relationship and to know how factors effects the response 

variable. It includes three distinct sets of experimental 

runs which are factorial design, a set of center points and 

a set of axial points. This design consists of a complete 

2k factorial design with an axial portion consists of 2k 

points. These 2k points can be selected on axis at a 

distance of α from the center of the design and also n0 

center points. Fig. 2. shows the scheme of central 

composite design with cubic, star and center points. The 

CCD provides high quality predictions for developing 

linear and quadratic relationships of continuous and 

response factors. The number of experimental runs which 

can be obtained at each level and at each factor is given 

by the formula 

 

𝑁 = ⁡2𝑛 + 2𝑥𝑛 = 𝑛𝑐   (8) 

 

where, N, n and nc represents the number of runs, number 

of factors and the number of center points respectively. 

The value of α is necessary to get the axial points and can 

be calculated using 

 

𝛼 = 2𝑘/4    (9) 

 

where, k is the number of factors. The central composite 

design is selected in response surface methodology to 

analyze the potential of Atmospheric water harvesting by 

considering the weather data parameters (dry bulb 

temperature, relative humidity, atmospheric pressure) as 

the continuous parameters and the precipitable water in 

mm is considered as a response variable. The detailed 

discussion of results is explained in next section 

 

 
Fig. 2. Scheme of central composite design with cubic, 

star and center points [35]. 

3. RESULTS AND DISCUSSION 

The atmospheric water harvesting potential is analyzed 

by the selection of suitable weather parameters for cities 

Multan (PK) and Fukuoka (JPN). The response surface 

methodology is based on the specific combinations for 

the number of factors to be tested and the number of 

levels for each of the factor. In this study, the 

combinations for the continuous variables (dry bulb 

temperature, relative humidity, atmospheric pressure) 

were checked against the response variable (precipitable 

water). The regression relationships were developed for 

each of the case study. The eq 10 and 11 represents the 

regression relationship between the continuous and 

response variable for Multan and Fukuoka cities 

respectively. 
 
 

𝑃𝑤⁡(𝑀𝑢𝑙𝑡𝑎𝑛) = 5200 − 17.82𝐷𝐵𝑇 − 10.302𝑅𝐻 −
0.095𝐴𝑇𝑀 + 0.193𝐷𝐵𝑇 × 𝐷𝐵𝑇 + 0.007977𝑅𝐻 ×
𝑅𝐻 + 0.134𝐷𝐵𝑇 × 𝑅𝐻   (10) 

 

𝑃𝑤(𝐹𝑢𝑘𝑢𝑜𝑘𝑎) = −2838 − 3.40𝐷𝐵𝑇 − 0.923𝑅𝐻 +
0.0557𝐴𝑇𝑀 + 0.129𝐷𝐵𝑇 × 𝐷𝐵𝑇 + 0.0027𝑅𝐻 ×
𝑅𝐻 + 0.067𝐷𝐵𝑇 × 𝑅𝐻   (11) 

 

These equations are modified by analyzing the p-value. 

P-value is the probability of finding results at least as 

extreme as the actual results observed. The continuous 

variables that has the p-values <0.05 considered to be a 

meaningful addition to the model, because any change in 

the continuous variable is related to the change in the 

response variable. Conversely, larger p-values suggested 

that changes in continuous variables are not associated 

with the changes in the response variable.  
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Fig.  3. Normal probability plot for Multan (PK) and 

Fukuoka (JPN) 

Fig. 3. shows the residual plotting to examine the 

goodness of response surface model in regression and as 

well as in analysis of variance (ANOVA). This plotting 

helps us to understand and to determine whether the 

ordinary least squares assumptions are being satisfied. If 

these ordinary least squares assumptions are met, then it 

will produce unbiased coefficients with the least variance. 

It represents the normal probability plot between the 

residuals and percent. Generally, the points in this plot 

makes a straight line because of the residuals are 

normally distributed. If the points are not generating a 

straight line then model is invalid. The model can also be 

validated using the relationship between the residuals and 

fitted values. This plotting generally shows a random 

pattern of residuals on both sides of 0. All the points 

should be in a same manner and if any point lies far from 

the majority of points, then it may be called an outlier. 

But the residual points should not be recognized with any 

pattern. For instance, if the majority of residual values 

increases as the fitted values of the model increases, then 

we can say that it violates the constant variance 

assumption. The histogram variation of the residuals is 

also indicating the model fitness. This explains the 

general characteristics of the residuals that includes the 

shape, spread and values for each of the residual. A 

skewed distribution can be analyzed through the 

histogram plotting and also if one or two bars are not in  

line with each other and far from the others, then those 

points may be called as outliers. Other than normal 

probability plotting the variation between the residuals 

and the observation order is also significant for model. 

validation. Basically, this plotting shows all residuals in 

an order for which the data was collected and can be 

analyzed and used to determine the non-random errors. 

The time-related effects can also be finding out with this 

kind of plot variation. This plotting also helps to check 

and optimize the assumption whether the residuals are 

uncorrelated with each other or not. The assumptions are 

also analyzed with this plotting. The residuals can also be 

drawn versus predictors to analyze the random pattern on 

both sides of 0. The contour plots are also developed for 

establishing the desirable values and conditions for 

process completion. Contour plot is actually a projection 

of 3D graph on a 2D plot, it represents the maximum and 

minimum areas and as well as the effect of continuous 

variables on the certain response variables. It helps to 

understand a relationship between the two factors on the 

response. Fig. 4. shows the contour plotting for Multan 

(Pakistan) and Fukuoka (Japan) between the two 

continuous variables (dry bulb temperature and relative 

humidity) to check and optimize the effect of these 

variables against the response variable (precipitable 

water). It can be observed that a high amount of 

precipitable water is obtained at high temperature and 

relative humidity. Most of the contour region lies in 

between from 0-100 mm precipitable water for Multan 

and 0-50 for Fukuoka. The darker regions (green) 

identify higher precipitable water (mm). A significant 

difference in potential of atmospheric water harvesting is 

noted in both cities. Fig. 5. shows the contour plotting for 

a Multan (Pakistan) and Fukuoka (Japan) city between 

the dry bulb temperature and atmospheric pressure 

against the precipitable water. This plotting represents 

how both continuous variables are responsible for a 

change in response variable. This kind of variation 

represents that most of the precipitable water which can 

harvested is in between < 50 mm for Multan and <20 mm 

for Fukuoka. From this it can be seen that there is no 

significant impact of combination of these two 

continuous variables on a response variable. At 45°C dry 

bulb temperature and 101000 (Pa) atmospheric pressure, 

the maximum precipitable water is available for 

harvesting in Multan. While, at above 35°C dry bulb 

temperature and 100000 (Pa) atmospheric pressure, the 

maximum precipitable water can be harvested. Fig. 6 

represents the response surface optimization analysis 

 

 
Fig.  4. Contour plots variation between dry bulb temperature and relative humidity against the precipitable water  
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Fig.  5. Contour plots variation between dry bulb temperature and atmospheric pressure against the precipitable water 

 

for Fukuoka (Japan). The multi-response optimization 

analysis helps to find out the operating conditions and 

desirable functions on the input or continuous variables 

that finds the optimal or near optimal response values 

for a response function. It shows the maximum output 

of precipitable water of 216.1859 mm at 36.50°C dry 

bulb temperature, 100% relative humidity and 

102470.091 Pa atmospheric pressure. While, for Multan 

(Pakistan), the maximum output of precipitable water 

which can be collected is 427.4873 mm at 46 °C dry 

bulb temperature, 100% relative humidity and 

99620.3057 atmospheric pressure. Table 1. describes 

the optimized values of precipitable water for selected 

cities. Fig. 7. represents the maximum and average 

precipitable water for some of the cities of Pakistan and 

Japan. It can be seen that from the illustration that the 

maximum amount of water which can harvested from 

Multan, Lahore, Faisalabad, and Karachi is 160, 169 and 

172 mm respectively. While for Fukuoka, Osaka, Tokyo, 

Yokohama is 136, 118, 128 and 128 respectively. And 

the average amount of water for Fukuoka, Osaka, Tokyo 

and Yokohama lies in between 0-45mm. This represents 

the moderate potential of atmospheric water harvesting 

for these cities. The average amount of precipitable 

water which can be collected form Multan, Lahore, 

Faisalabad and Karachi lies in between 45-90mm which 

represents a high potential for atmospheric water 

harvesting. Form the above perspective, it can be 

concluded that, the selected citied of Japan and Pakistan 

represents a moderate and high potential for 

atmospheric water harvesting respectively. The 

response surface methodology can be applied to other 

areas of world to identify the potential for AWH. 

 

Table 1. Optimized precipitable water values for some 

of the cities of Pakistan and Japan  

Sr # Cities 
Optimized values 

(mm) 

1 Multan (PK) 427.4873 

2 Lahore (PK) 380.4906 

3 
Fukuoka 

(JPN) 
216.1859 

4 Osaka (JPN) 209.7182 

 

 

 

 
Fig.  6. Response surface optimization to achieve maximum output of precipitable water for Fukuoka (Japan) 
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.

 
Fig. 7. Illustration of maximum and average precipitable water per year for some of the cities of Pakistan and Japan 

 

4. CONCLUSIONS 

Response surface methodology is used to develop 

relationships between predictor and response variables. 

This study includes the development of regression 

relationships between the dry bulb temperature, relative 

humidity and atmospheric pressure as the continuous 

variables and precipitable water as the response variable 

for the potential of atmospheric water harvesting. Cities 

of Pakistan and Japan were taken into consideration for 

the response surface modeling. Contour, residual and 

optimize plotting were developed for analysis. 

Optimization of response surface methodology was 

analyzed to check the goodness fit of model to the case 

studies (Multan, Fukuoka). From the analysis, it is 

concluded that Multan shows the average precipitable 

water amount in the range of 45-90 mm. While, the 

Fukuoka city has the potential of 0-45 mm. From that 

perspective, response surface modeling must be applied 

to identify the potential areas for atmospheric water 

harvesting 
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