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Abstract. The optimum use of existing water resources as well as the efforts to achieve 
new water resources have been considered as two major solutions to the relative 
resolution of water scarcity. Through utilization of the information and meteorologi-
cal data, it is possible to identify areas with potentials for water harvesting from air 
humidity. It also allows for collecting and converting them into fresh water using sim-
ple physical laws. Due to lack of atmospheric precipitations or inappropriate distri-
bution of precipitations in Chabahar, located in the south of Sistan and Baluchistan 
province, Iran, water is a limiting factor for agricultural activities and even for the 
entire life. In this study, water was harvested from air humidity using a screen collec-
tor with dimensions of 1×1 m. The magnitude of water harvesting was monitored dai-
ly for a period of 365 days. The results revealed that approximately 20% of the water 
available in the air could be extracted in this area. Then, monthly meteorological data 
from Chabahar synoptic station between 1990 and 2011 was used to predict the har-
vestable water for the upcoming year using an artificial neural network. After deter-
mining the effective input variables in predicting the amount of harvestable water, the 
modeling was performed using Multi-Layer Perceptron Network (MLP) and General 
Feed Forward Network. The results indicated that the MLP network had a higher abil-
ity to predict the amount of harvestable water when compared to the GFF network (at 
the R2 test stage it was 0.86 versus 0.44). The most suitable structure to predict har-
vestable water from the fog in Chabahar was the MLP Artificial Neural Network with 
the array of 12-1-25 and the Hyperbolic Tangent Stimulus Function with the Lewen-
burg Marquette Training Law. Also, the values   of the RMSE and MAE error rates were 
2.19 and 1.81, respectively. Therefore, it is possible to predict the amount of harvest-
able water in the next 12 months which can be used in water resources management 
and productivity.

Keywords. Chabahar, air humidity, water extraction, prediction, neural network.
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Abstract. L’uso ottimale delle risorse idriche esistenti e gli sforzi per ottenerne nuove, sono stati considerate due delle più impor-
tanti soluzioni al problema della scarsità di acqua. Attraverso l’uso delle informazioni e dati meteorologici è possibile identificare 
aree che abbiano potenzialità per la raccolta di acqua dall’umidità dell’aria. Oltretutto, ciò permette di raccogliere e convertire que-
ste (riserve) in acqua potabile usando semplici leggi fisiche. A causa della mancanza di precipitazioni atmosferiche o di una loro 
distribuzione temporale non corrispondente alle necessità delle colture, nel Chabahar, posizionato nel sud della provincia di Sistan 
e Baluchistan, Iran, l’acqua risulta un fattore limitante per le attività agricole. In questo studio, l’acqua è stata raccolta dall’umidità 
dell’aria usando uno schermo raccoglitore con dimensioni di 1 X 1 metro. La capacità di raccoglimento dell’acqua è stata controllata 
giornalmente per un periodo di 365 giorni. I risultati hanno rilevato che in quest’area potrebbe essere estratto approssimativamente 
il 20% dell’acqua libera nell’aria.  Successivamente, i dati meteorologici mensili dalla stazione sinoptica Chabahar tra il 1990 e il 2011 
sono stati usati per predire l’acqua raccoglibile per l’anno successivo usando una Rete Neurale Artificiale. Dopo aver determinato le 
effettive variabili in entrata nel predire la quantità di acqua raccoglibile, il modello è stato applicato usando la Rete Multi-Layer Per-
ceptron (MLP) e la Rete General Feed Forward. I risultati hanno evidenziato che la rete MLP aveva una maggiore abilità nel predire 
la quantità di acqua raccoglibile quando confrontata con la rete GFF (in fase di test nella prima l’R2 era 0.86 contro 0.44 dell’altra). 
La migliore rete adatta a predire l’acqua raccoglibile dalla nebbia in Chabahar era Rete Neurale Artificiale MLP con il Sistema di 
12-1-25 e la Funzione di impulso tangente iperbolica con la Legge di Formazione Lewenburg Marquette. Inoltre, i valori di RMSE e 
i tassi di errore MAE erano rispettivamente 2.19 e 1.81. Infine, è possibile prevedere la quantità di acqua raccoglibile nei successivi 
12 mesi, così che possa essere usata nella gestione delle risorse idriche e ai fini produttivi. 

Parole chiave. Chabahar, umidità dell’aria, estrazione di acqua, previsione, rete neurale.

INTRODUCTION

Today, with the growth of population especially in 
developing countries, which are mostly located in arid 
and semi-arid regions, the need for water increased con-
siderably. Iran is a country which is located in the arid 
belt zone of the world. Chabahar is the southernmost 
part of Sistan and Baluchistan province, where weather 
warming is its most significant climatic phenomenon 
due to its climatic characteristics and location in the 
ultra-tropical region. This region is one of the hottest 
and most humid regions of Iran, and its atmospheric 
precipitation is extremely little or it does not have good 
dispersal. There are no significant precipitations in this 
area for more than two thirds of the year, where most 
precipitations occur once or twice which is often as flood 
spring rains causing a considerable damage. However, 
given that this city is located near the Oman Sea, its 
relative humidity is largely high and even exceeds 85% 
(IRIMO).

Therefore, due to the scarcity and inconsistency of 
the spatial and temporal distributions of precipitation, 
harvesting water from air humidity can be considered 
as a modern technology in the field of water resources. 
Large amounts of water can be collected via collec-
tors for local and domestic uses, agriculture, or forestry 
(Davtalab et al., 2013). The lower cost of water harvest-
ing from the fog compared to other water supply meth-
ods, as well as its simple and accessible technology and 
the high quality of harvested water and sustainability of 
water resources for many years are main advantages of 
this new technology.

Given the general understanding of meteorological 
conditions across the globe along with recognition of site 
topograhy, many parts of the world such as North Amer-
ica, the Middle East, North Africa, China and India can 
have the potential to utilize water harvesting program 
from the fog (Sekar and Randhir, 2007). To the best of 
our knowledge, only few studies have been conducted to 
evaluate water harvesting from the fog in Iran. Mousavi-
Baigi and Shabanzadeh (2008) reported that up to 40 L 
of water per day was harvested from four different collec-
tors in highlands of Khorasan-Razavi province of Iran.

The prediction of water demand for urban, agricul-
tural, and industrial uses is the main factor in planning 
and managing water resources. Today, the use of com-
puter models and software has become commonplace 
for prediction, and managers can easily make decisions 
by entering available data and analyzing outputs. One of 
the software commonly used is artificial neural networks 
(ANNs). The rapid expansion of the use of these net-
works as an empirical and effective model in various sci-
ences including meteorology and climatology, sugegsts 
the need to these valuable models. ANNs are an effective 
tool for modeling nonlinear systems. since these net-
works do not require a mathematical equation for com-
plex phenomena of interest (Kumar et al., 2002).

Accordingly, due to water scarcity in Chabahar 
on the one hand and the presence of heat and humid-
ity on the other hand, and for optimal use of new water 
resources, the purpose of this study was to assess the 
potential use of harvesting water from the air humidity 
and also predict the amount of harvestable water using 
an ANN in the Chabahar region for 12 months.
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MATERIALS AND METHODS

Area of  study

Sistan and Baluchestan province is the largest 
province of Iran. The Oman Sea in south of Sistan and 
Baluchestan covers all southern borders of the prov-
ince. This huge moisture source can affect most part of 
the province’s southern regions, especially Chabahar 
coastal area. Chabahar is located at 60°37’ E longitude 
and 25° 17’N latitude, with a height of 8 meters from 
the free water level of the southernmost city of Sistan 
and Baluchestan province. The location of the Chaba-
har station is shown in (Fig. 1). The long-term study 
(2010-1991) of Chabahar climate parameters showed 
average annual temperature of 26 °C, average mini-
mum temperature of 23.1°C, average maximum tem-
perature of 29.4°C, average annual precipitation of 
125.4 mm, average annual evaporation of 6.9 mm and 
average annual humidity of 74%.

Data

In order to predict the amount of harvestable water 
from air humidity in Chabahar, the required mete-
orological data and statistics including monthly data 
of absolute maximum temperature, absolute minimum 
temperature, average maximum temperature, average 
minimum temperature, average air temperature, abso-
lute maximum relative humidity, absolute minimum 
relative humidity, average maximum relative humidity, 
average minimum relative humidity,  average relative 
humidity, total precipitation, total evaporation, average 
evaporation, average sunshine, and average QFF pressure 
were obtained from the Chabahar synoptic  station dur-
ing the years 1990 to 2011.

Nonparametric tests were performed on the weather 
data of Chabahar synoptic station using HYFRAN-PLUS 
software (2008) and the results showed that the data 
were 95% homogeneous, random and independent and 
do not have trend.

Fig. 1. Geographical situation of Chabahar station.
Fig. 1. Collocazione geografica della stazione di Chabahar. 
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The feasibility of water harvesting from air humidity in the 
area using statistical data

The results of theoretical calculations in the Chaba-
har area (Fig. 2) showed that because of average relative 
humidity of above 70%, except for the 3 cold months of 
the year (December, January, and February) and the rel-
atively low temperature range, prone to any water har-
vesting design from humidity. 

Calculation of the amount of harvestable water using sta-
tistical data 

In order to investigate the existent water potential of 
the Chabahar station air, the absolute humidity param-
eter with unit of g / m3 should be used. This parameter 
is calculated according to equation 1:

m=
216.98

T
×e  (1)

Where T is the temperature in degrees Kelvin and e 
is the vapor pressure in hPa. The results of this equation 
represent the amount of water vapor contained in one 
cubic meter of air.

As the meteorological data was read and recorded 
for periods of 3 hours, then the calculation unit of har-
vestable water must be calculated for 3 hours and with 
specific wind speed. The maximum amount of harvest-
able water was calculated by using equation 2: 

(Humidity index) × (wind speed) × (one hour) × 
(time index) × (harvesting index) = amount of 
harvestable water

 (2)

Water harvesting 

For the practical calculations of the amount of water 
harvesting from air humidity, a screen collector with 
dimensions of 1×1 m was designed and implemented 
(Fig. 3) (Mahmoudi et al., 2016). The amount of water 
harvesting from this collector was daily monitored for a 
period of 365 days (from September 2011 to September 
2012).

Prediction of the amount of harvestable water using artifi-
cial neural network

The traditional statistical methods for modeling 
complex and nonlinear systems are often unmanageable, 
especially if the relationship between output and meas-

Fig. 2. Diagram of long-term monthly average of relative humidity 
and temperature in Chabahar station (statistical period of 20 years). 
Fig. 2. Diagramma della media mensile di lungo periodo di umidità 
relativa e temperatura nella stazione di Chabahar (periodo statistico 
di 20 anni).

Fig. 3. Picture from designed screen collector.
Fig. 3. Foto dello schermo collettore progettato.
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ured characteristics of the model is not clear (Namdar 
Khojasteh et al., 2011). But today, with the advent of sci-
ence and the invention of smart methods, the necessity 
of its substitution (traditional methods) is posed. One 
of these smart methods is artificial neural networks 
(ANN). The use of ANN technique in dissolving engi-
neering issues began in the late 1980s (Flood and Kar-
tam, 1994 a,b). The basic concepts of ANN and its appli-
cation in hydrology are described in the report by the 
American Society of Civil Engineers (ASCE, 2003). High 
ability of ANN to predict and simulate water resource 
issues has been shown previously.

Artificial neural networks like the natural neu-
ral networks are composed of components called nerve 
cells. As in the natural neural network, a number of cells 
are responsible for receiving the stimulus effect, some 
for information processing, and a number for transmit-
ting the response to the stimulus to the desired mem-
ber. In ANN a number of cells also are responsible for 
receiving problem data, some for information process-
ing, and some also for providing the answer to the prob-
lem. In all ANN, there is an input layer, an output layer, 
and some hidden layers. In the mathematical modeling 
of the neuron, a set of data is used as the input of the 
neuron (which may be the outputs of the other neurons) 
(Noori et al., 2013). 

The calculation method in the neural networks is 
that the inputs to the neurons (x1 to x2) are multiplied 
by weights (w1 to w2), and the sum of the results of each 
input after applying in a function  which is called the 
transfer function, is applied and the output of the neu-
ron is determined. Equation (3) represents its mathemat-
ical model:

netj = wijx j
i=1

n

∑  (3)

In some cases, the steady-state value in each neuron 
namely Biase weight is also added to the above-men-
tioned equation and the equation 3 is given by the equa-
tion 4 (Fattahi et al., 2008):

netj = wijx j
i=1

n

∑ +b  (4)

In this research, Hyperbolic Tangent Transfer Func-
tions was used in the hidden layer. This function is most 
commonly used in simulations. Neural networks include 
various types of structures that are divided into differ-
ent types based on direction of data entry and process 
(ASCE, 2003). For this reason, after review, two con-
ventional types of artificial neural networks were used. 

These models included the Multi-Layer Perceptron-MLP 
model and the Generalized Feed Forward-GFF, which 
have high ability in predicting different climatic param-
eters (Azadeh et al., 2009; Behrang et al., 2010; Hung et 
al., 2008; Senthil Kumar et al., 2005).

In this research, to predict the amount of harvest-
able water among different training methods, the method 
of back propagation error with the Leungberg-Marquard 
algorithm was used because of faster convergence in net-
work training. The basis of the method of back propaga-
tion error is based on the law of error-correction learning, 
which consists of two main paths of forward and back-
ward. In the forward path, the input vector is applied to 
the network and its effects propagate through the middle 
layers to the output layer, and the output vector produces 
the real network response. (Ghabaei Sough et al., 2010). 

NeuroSolution software, version 6, was used to 
investigate the possibility of predicting the amount of 
harvestable water using ANN. This software has the 
potential of designing, learning and evaluating ANN, 
and includes different networks with different learning 
rules due to using various stimulus functions among the 
existent stimulus functions in the software box. Also, in 
order to increase the accuracy and speed of the imple-
mentation of ANN, normalized data in the range of [0, 
1] should be used. Since NeuroSolution software has the 
ability to normalize the data, the implementation of this 
step was done automatically by software.

Neural network architecture and its performance evalua-
tion criteria

The choice of architecture in neural network calcu-
lations is a trial and error method in which the optimal 
network can be determined using different varieties of 
hidden layers and related neurons.

In order to evaluate the performance of the neu-
ral networks, the three factors namely the coefficient of 
explanation (R2), the root mean square error (RMSE) 
and the mean absolute magnitude error (MAE) were 
used. R2 is a dimensionless criterion and its best value 
is equal to one. It is calculated based on the following 
equation (5): 

R2 =
XkYk

k=1

k

∑

Xk
2

k=1

k

∑ Yk
2∑

 (5)

The root mean square error (RMSE) and mean abso-
lute magnitude error (MAE) also represent the error rate 
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of the model. The best values for RMSE and MAE are 
zero and are calculated according to equations 6 and 7, 
respectively

RMSE=
Xk−Yk( )

k=1

k

∑
2

k
 (6)

MAE=
Xk−Yk

k=1

k

∑

k
 (7)

Where Xk=the observed values, Yk=estimated values, 
and K= the number of data. Whatever RMSE and MAE 
are closer to zero and R2 is closer to one, indicates that 
the outputs are more accurate and the observed and pre-
dicted values are closer to each other (Fattahi et al., 2008).

Model inputs and training courses and verification 

Selection of model inputs is an important step in 
designing ANN. The most important factor in choos-
ing the inputs of the model is the physics dominating 
the process of the research. Therefore, various inputs 
included maximum absolute temperature Tmaxabs

(°C), 
absolute minimum temperature Tminabs

(°C), average max-
imum temperature Tmaxmean

(°C), average minimum tem-
perature Tminmean

(°C), average air temperature Tmean(°C), 
absolute maximum relative humidity Hmaxabs

(%), absolute 
minimum relative humidity Hminmean

(%), average rela-
tive humidity Hmean(%). Total precipitation R(mm), total 
evaporation E(mm), mean evaporation Emean(mm), mean 
sunlight hour Hsun(s), average pressure PQFF(Hpa) and 
the amount of harvestable water P(m3/day) were consid-
ered monthly. The data set given to the network is divid-
ed into two general categories: a training set and a test 
set. This monthly data was generated between 1990 and 
2011 and was introduced to the neural network model.

Finally, all available data were randomly divided 
into two groups as training (70%) and calibration (30%) 
groups. This categorization is based on the usual prac-
tice and there is no specific rule in this regard. Howev-
er, various studies have shown that for training a better 
ANN, the number of training data should be more than 
the test stage (Diamantopoulou et al., 2005).  

RESULTS AND DISCUSSION

The results of the field experiment (collecting water 
using screen collector) indicated that the amount of 

water available was 0.0086 m3/day in June and 0.0011 
m3/day in February (Fig. 4). This indicated that the max-
imum amount of water was harvested in the warm sea-
son with highest relative humidity. On the other hand, 
the minimum amount of water was collected in the cold 
season with lowest relative humidity.

Since the whole water in the atmosphere cannot 
be harvested, harvesting indices of 10%, 20%, and 50% 
were used in Eq. 2. The comparison of the harvestable 
water from the screen collector with the values   obtained 
from the theoretical indicators indicated no significant 
difference between the theoretical data of 20% and the 
real collector values (Fig. 5). Therefore, it can be con-
cluded that only 20% of the existent atmospheric humid-
ity can be harvested in southeastern Iran, and conse-
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Fig. 4. Diagram of monthly harvested water from screen collector 
device (m3/ day).
Fig. 4. Diagramma dell’acqua raccolta mensilmente dall’apparecchio 
a schermo collettore (m3/ giorno).
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Fig. 5. Comparison diagram of monthly harvested water in the field 
method with theoretical indices (m3/day)
Fig. 5. Diagramma di confronto dell’acqua raccolta mensilmente tra 
il metodo di campo e gli indici teorici (m3/giorno)
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quently 20% of theoretical data was used to predict the 
harvestable water using ANN. 

The results of using the proposed neural structures 
in predicting the amount of harvestable water were cal-
culated based on Eqs. 5 to 7 and compared with each 

other. Table 1 presents some of the best results from the 
12-month forecast, at the testing stage using the MLP 
and GFF ANN model, with different inputs and in dif-
ferent states of the number of hidden layers and hidden 
layer neurons.

The investigation of performance of the models 
indicated that in the test phase, the MLP had R2 = 0.86 
while RMSE and MAE were 2.19 and 1.81, respectively 
which was ideally able to predict the amount of harvest-
able water for 12 months (Table 1, Figs. 6 and 7).

According to Table 1, the selected model with the 
lowest standard error and the highest coefficient of 
determination has been MLP ANN with 12 neurons in 
the input layer, 1 hidden layer, 25 neurons for the hidden 
layer (12-1-25 array), whose stimulus function has been 
the Hyperbolic Tangent by Lewenburg Marquette Train-
ing Law.

On the other hand, the best result obtained from 
the GFF network at the test stage was R2 = 0.64 whose 
RMSE and MAE values were 4.41 and 4.38, respectively.

Also, the best data for the 12-month prediction of 
the amount of harvestable water were as follows:

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
, Hminabs

, Hmaxmean
, Hminmean

,

Hmean ,R,PQFF )

The performance of this network in the 12-month 
prediction of absolute humidity in Chabahar is rep-
resented in Fig. 6 indicating the predicted data and 
observed data relative to the line. Fig. 6 displays the rela-
tionship between the output of the neural network and 
the actual values   of the harvestable water in the form of 
first-order equation and the standard deviation of the 
first-order bisector line. Note that the closer the data 
are to the one to one graph, the greater the model’s abil-
ity to estimate the harvestable water will be. Fig. 6 also 
revealed that the results of ANN had a small dispersion.

The simulated and observed values   of the 12-month 
prediction of the best structure of the ANN are demon-
strated in Fig. 7. The graphical results of this figure indi-
cated no significant difference between the observed and 
simulated values   during the study period. This result was 
already confirmed based on the error scaling criteria 
(Table 1).

CONCLUSION

Since the study area suffers from a lack of adequate 
water, especially in rural areas, which sometimes even 
have difficulty with drinking water, some solutions 
should be developed to manage the existing resources 

Fig. 6. The relationship between the calculated values of the neural 
network (P_ cal) and the actual amounts of harvestable water (P_ 
obs)
Fig. 6. Rapporto tra i valori calcolati dalla rete neurale (P_ cal) e la 
quantità attuale di acqua raccoglibile (P_ obs)

Fig. 7. Comparison of observed (P_ obs) and calculated values of 
12-month prediction (P_ cal) of the amount of harvestable water 
using artificial neural network
Fig. 7. Confronto tra valori osservati (P_ obs) e calcolati (P_ cal) 
della quantità di acqua raccoglibile in 12 mesi usando la rete neu-
rale artificiale.  
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efficiently. Predicting and calculating available water 
(precipitation, air humidity, etc.) in the future, can help 
the agricultural sector as well as optimal water manage-
ment by regional managers by determining appropriate 
crop patterns.

In this study, the results of field experiment sug-
gested that approximately 20% of the water available 
in the air can be extracted in Chabahar region. After 
determining the effective input variables in predicting 
the amount of harvestable water using ANN, the mod-
eling was performed using MLP and GFF. Between the 
two MLP and GFF networks, the MLP network present-
ed greater ability than the GFF network to predict the 
amount of harvestable water.

The most suitable structure for predicting the har-
vestable water from fog in the Chabahar area was MLP 
ANN with 12 neurons in the input layer, 1 hidden layer, 
25 neurons for the hidden layer, (12-1-25 array) and the 

Hyperbolic Tangent Stimulus Function with the Lewen-
burg Marquette Training Law. In general, it can be stat-
ed that ANN is a powerful model with high capability 
which can be viewed positively in predicting hydraulic 
problems especially when this network is able to extract 
the rule dominating data.

Since the amount of harvestable water is a nonlin-
ear and complex phenomenon and many meteorological 
parameters are involved in its estimation, this research 
was conducted to predict it and to introduce an accu-
rate estimate of the amount of harvestable water with 
the highest accuracy and lowest error. Notably, the pre-
diction of harvestable water for 12 months, especially in 
warm and humid areas such as Chabahar, can be very 
valuable.

Tab. 1. Confronto in fase di prova di diverse reti per la previsione della quantità di acqua raccoglibile in 12 mesi. 
Tab. 1. Comparison of different networks for 12-month prediction of the amount of harvestable water at the testing stage.

Model Network 
types

number  of 
input

number 
of hidden 

layers

Hidden 
layers 

neurons
RMSE MAE R2

P= F(Tminabs
,Tminmean

, Hmaxabs
, Hmean ,R,E,Emean , Hsun ) FF 8 3 15 4.43 4.23 0.14

P= F(Tmaxabs
,Tmaxmean

,Tminmean
,Tmean , Hmaxabs

,

Hminabs
, Hmaxmean

, Hminmean
,R,PQFF ,E,Emean , Hsun )

FF 13 2 24 4.5 4.52 0.58

P= F(Tmaxabs
,Tmaxmean

,Tminmean
,Tmean , Hmaxabs

,

Hminabs
, Hmaxmean

, Hminmean
,R,PQFF ,E, Hsun )

FF 12 2 28 4.65 4.36 0.59

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
, Hmean ,R,PQFF ,E,Emean , Hsun ) FF 15 2 14 4.51 4.25 0.62

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
,R,PQFF ,E, Hsun )

FF 13 1 24 4.41 4.38 0.64

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
, Hmean ,R,PQFF ,E,Emean , Hsun ) MLP 15 1 16 4.02 4.01 0.67

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
, Hmean ,R,PQFF ,E,Emean , Hsun ) MLP 15 1 22 3.47 2.65 0.72

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
, Hmean ,R,PQFF ,E)

MLP 13 1 23 2.69 1.84 0.79

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
,R,PQFF )

MLP 11 1 30 2.73 1.95 0.81

P= F(Tmaxabs
,Tminabs

,Tmaxmean
,Tminmean

,Tmean , Hmaxabs
,

Hminabs
, Hmaxmean

, Hminmean
, Hmean ,R,PQFF )

MLP 12 1 25 2.19 1.81 0.86
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