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ABSTRACT 
Rainfall prediction is one of the major concerns in developing countries like Ethiopia. 

Ethiopian economy dependent on agriculture, so rainfall prediction is needed. Prediction 

in meteorology can assist in decision-making processes carried out by organizations re-

sponsible for the prevention of disasters, drought, flood, risk management, water resource 

managements, hydropower etc. Several techniques have been done to predict rainfall 

based on statistical analysis and machine learning, but the papers that was done before 

has limitation on the model performance. This work implement LSTM based Recurrent 

Neural Network (RNN) to monthly rainfall prediction for Bahir Dar city. In this study we 

have used 34 years meteorological dataset that taken from Bahir Dar city Meteorology 

Branch. We have Pre-processed our data first missing value handling using mean/median 

technique then we have normalized our dataset using scaling techniques range between 

[0, 1]. The dataset split into training, validating and testing dataset. Mean squared error 

taken as a metrics and calculate the error based on actual and predicted data. Stochastic 

Gradient Descent (SGD) algorithm implemented on this study for error optimization. The 

parameters considered for the evaluation of the performance of rainfall prediction model 

are number of epochs, batch size, and learning rate of the network. The monthly rainfall 

predictions obtained after training and testing are compared with actual data to ensure the 

performance of the neural model. As results of this study the model performance is 

94.15% and mean squared error is 5.85%. Recurrent neural network model is most suita-

ble among the artificial networks for the rainfall prediction.  

 

    Keywords: LSTM, Prediction, Rainfall, RNN, SGD. 
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Climate change and the rapid process of urbanization in world, meteorological conditions 

have become more complex, diversified, and variable. Therefore, there is a great deal of 

uncertainty and ambiguity in the precipitation prediction process. So, accurate precipita-

tion forecasting has been a difficult problem in current research. Precipitation is any 

product of the condensation of atmospheric water vapor that falls under gravity and af-

fected by many meteorological factors. So, how to analyze climatic factors to predict the 

precipitation and improve the prediction accuracy is one of the key problems in the study 

of related disaster prevention(Province, 2020).  

 

Rainfall prediction is one of the most complex and in demand operational responsibilities 

carried out by meteorological services all over the world. Rainfall forecasting is challeng-

ing procedure to perform accurately. Prediction requires huge amount of data from past 

time- series records. Rainfall prediction is useful for water management and risk man-

agement. There are many factors which affects rainfall prediction such as temperature, 

humidity, wind speed, pressure, dew point etc.(Shaikh & Sawlani, 2017). Rainfall is con-

trols our water supplies, which are the basis for crops production and other needs for sur-

vival of life on the earth and prediction is important for engineering, mainly for the de-

sign of hydrological power projects, because the system requires prior information about 

average rainfall, maximum/minimum rainfall, maximum intensity, duration etc.(Bisht, 

Joshi, & Mehta, 2015). 

 

To be able to predict the future has been a dream of mankind since it became aware of its 

environment and its ability to handle it. Weather is a time-series based continuous, data-

intensive, and dynamic process. Neural networks are suitable for solving non-linear prob-

lems that are difficult to be solved by the traditional techniques(Parmar, Mistree, & 

Sompura, 2017). Most climatic processes often exhibit temporal and spatial variability, 

and are further plagued by issues of nonlinearity of physical processes, conflicting spatial 

and temporal scale and uncertainty in parameter estimates. Prediction is very complex as 

it requires numbers of specialized and also all calls are made without any 

certainty(Parmar et al., 2017). All living beings need water to live. Rainfall is a major 

component of climate events and is responsible for depositing most of the fresh water on 
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the Earth. It provides suitable conditions for many types of ecosystem as well as water for 

hydroelectric power plants and crop irrigation(Systems, 2013). Different studies have 

shown changes in the occurrence and severity of climate extreme events, along with the 

variability of climate patterns, causing substantial impacts on human and natural systems. 

Climate change impacts, however, are differently experienced in different parts of the 

world owing to various geographic settings and socioeconomic factors(Esayas, Simane, 

Teferi, Ongoma, & Tefera, 2018). 

 

Prediction is one of the key concerns used in several fields. Time series analysis is one of 

the common statistical methods used to predict and which are used widely in many appli-

cations of statistical and economic terms in which the behavior of the dependent variable 

prediction based on its behaviour in the past. On the other hand, there is a modern method 

more accurate and effective in forecasting which can use logic in their operations rather 

than the idea of the fixed relationship between variables known as artificial neural net-

works. Supervised learning need a teacher during the training phase to monitor and show 

the desired output for each input and hence there is no need for the external supervision 

teacher. This operation is carried out using several methods and algorithms. The most 

important method is the backpropagation method(Ashour, Elzahaby, & Abdalla, 2016). 

This process starts by computing the error between the desired output and the calculated 

output. Determining the appropriate size of the network is considered to be the toughest 

challenges in the artificial neural network design. In addition to the many available 

choices of the activation function for each neuron, in each layer, there is the problem of 

the choice of the appropriate number of neurons in the layer and the choice of the number 

of the hidden layer itself in the network. The use of neural networks to predict the various 

parameters of weather has proved as a successful technique in forecasting. Weather is a 

continuous, data intensive, multi dimensions, dynamic and chaotic process. These proper-

ties make weather forecasting is a major challenge. Due to the nonlinear nature and very 

irregular trend of weather data, artificial neural network has evolved out to be a better 

technique to bring out the structural relationship among the different entities(Ashour et 

al., 2016).  
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good for tourism and keep this nature mange our resources. Monthly rainfall prediction 

play a big role on the agricultural fields, water management and tourism. Additionally it 

minimize disastrous impacts of rainfall like famine, drought and flood. 

 

1.6. Organization of the thesis 

This section presents an overview of the contents of the remaining chapters. The rest of 

this thesis is ordered as follows. 

In chapter two, the literature reviewed on the rainfall prediction using different neural 

networks is presented and a brief description of their works. Besides, the common gaps of 

the reviewed works and the way how we fill in the gaps are described. 

In chapter three, a detailed description of the RNN model is discussed. And a description 

of the system, which is composed of three parts (training, validation, and testing) are pre-

sented. The components that compose the system (data collection, preprocessing, normal-

ization, setup the data set), and methods are described in detail. 

In chapter four, showing the result of the model in the graph and the discussion of the re-

sult briefly described in each testing dataset.  

In chapter five, we will summarize the major findings in this research work. Also rec-

ommendations at some points will be outlined for future works. 
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neural network also gains experience over time as it conducts analyses on data related to 

the problem. 

ANN can be defined as a pool of simple processing units (neurons) which communicate 

among themselves through sending analog signals. These signals travel through weighted 

connections between neurons. Each of these neurons accumulates the inputs it receives, 

generating an output according to an internal activation function. This output can serve as 

an input for other neurons or can be a part of the neural network output.  

 

A major advantage of neural networks depend on their ability to represent both linear and 

non-linear relationships and their ability to learn these relationships directly from the data 

being modeled. ANN could learn and generalize from examples to produce a meaningful 

solution even when the input data contain errors or is incomplete(Naik & Pathan, 2012).  

In recent years, there have been many studies that focus on ANN. Different approaches 

can be used when time series are forecasted with ANN. In these approaches, one or more 

than one-time series can be used as input values. The Multilayer perceptron uses McCul-

loch and Pitts neuron model which is based on an additive aggregation function. Thus, 

the output of the multilayer perceptron can be considered as a non-linear transformation 

of some of the inputs. The activation function provides non-linearity here. In a multilayer 

perceptron which includes more than one neuron in the hidden layer, and one or more in 

the output layer. The output is a non-linear function of multiplication of the weighted 

sum of the inputs. Especially, the number of neurons in the hidden layer directly affects 

the performance of multilayer perceptron neural networks(Egrioglu, Yolcu, Hakan, & 

Bas, 2014).  

 

There are many categories of neural networks like FFNN, BPNN, RNN, etc., where each 

model has its unique way of prediction approach. BPNN is made of MLFF neural net-

work which contains one input layer, hidden layers and one output layer. The final goal 

of BPNN is to reduce the calculated error obtained from the difference between the calcu-

lated output and desired output of the neural network by adjusting the weights after each 

iteration. Therefore in BPNN, each information is propagated in backward direction until 

the calculated error is very small or zero. There are three phases of BPNN training using 







13 

all the layers processes its input by a mathematical function known as the neuron activa-

tion function (transfer function). The neurons in the input layer have a connection with 

the neuron in the hidden layer while neuron in the output layer is only connected to the 

neuron in the hidden layer. There is no direct connection between the neuron in the input 

layer and the neurons in the output layer and my model is shown below. In feed-forward 

networks, the signal flow is from input units to output units, directly in a feed-forward 

direction. The data processing can extend over multiple units, but no feedback connec-

tions(Parida, 2012). 

The ANN approach has been successfully used for different modeling problems in vari-

ous branches of science and engineering. One of the applications of ANN is a prediction 

based on a certain input. The prediction process is used to detect values or events that 

have a high probability to occur in the future. For many decades, ANNs have been suc-

cessfully used in prediction applications with remarkable levels of performance(Hussain, 

Liatsis, & Khalaf, 2018). ANNs have also been successfully used for water level model-

ing. In hydrological modeling, neural networks are found to be a suitable tool, accuracy 

in prediction is more important for understanding the physical processes. Recurrent net-

works are networks that are capable of influencing themselves through recurrences, 

known as multilayer perceptron(Ghose, Das, & Roy, 2018).  

 

Many kinds of research show that ANN is a good approach and has a high potential to 

forecast rainfall. The ANN is capable to model without prescribing hydrological process-

es, holding the difficult nonlinear relation of input and output, and solving without the 

use of differential equations(Al-maqaleh, Al-mansoub, & Al-badani, 2016; Naik & 

Pathan, 2012). ANNs have been investigated for rainfall prediction in many parts of the 

world(Abbot & Marohasy, 2014; Mekanik et al., 2013). 

 

2.3.2 Artificial Neural Network for Rainfall Prediction 
 

Forecasting is to predict the future as well as understand the fundamental feature and ef-

fects on human life. It is seen that MLPNN is able to predict rainfall time series quite 
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well in comparison with other networks. NeuroSolutions is an object oriented environ-

ment for designing, prototyping, simulating, and deploying ANN solutions. This atmos-

phere is inherently sectional, as a neural network breaks down into a fundamental set of 

neural components. On the precipitation time series number of experiments is carried out 

for the multi-step ahead prediction. Here we are varying number of processing elements 

and finding out the number of processing elements for which the network gives minimum 

MSE It is seen that MSE  of the dynamic model for testing data set as well as training 

data set are significant than other neural models(Deshpande, 2012). 

 

The precipitation predict information is an essential requirement to support water re-

sources management especially when it is related to climate change in tropical regions 

such as in Indonesia. Nowadays, climate change affects the pattern of rainfall. The impact 

of these effects includes extreme occurrence of flooding and droughts. Furthermore, the 

prediction of rainfall with good and accurate method is indispensable in order to antici-

pate the impact. Consequently, in order to produce efficient accurate results of forecast-

ing rainfall and weather, a few methods have been developed. Between them, a statistical 

model has been commonly used to make forecasts of rainfall. Several studies have di-

rected that they are still incorrect methods to forecast rainfall and weather because 

weather data are non-linear. However, in some cases, precipitation forecast statistical 

method is also able to produce good and accurate predictions. Beside the development of 

computing technology, many researchers are trying to make predictions using the ANN 

in the field of hydrology. The ANN is an engineering perception of knowledge in the 

field of artificial intelligence designed by implementing the human nervous system. 

Wherein, the main processing of the human nervous system is composed of the brain 

nerve cells as the basic unit of information processing. One of the ANN systems called 

BPNN is a supervised learning method. In overall, the BPNN works by forwarding the 

output layer to the input layer in changing the weights. To get accurate forecasting results 

in the coming year using the BPNN, rainfall data have been divided into two parts, name-

ly the training and testing data. The results of the study have presented that BPNN mod-

els can be used as a predictive algorithm that provides a good predictive 

accuracy(Hardwinarto & Aipassa, 2015). 
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Aichouri et al. (2015) analyzed the flow and rainfall series perceived in Seybouse basin at 

Mirbeck station (flow) and Pont Bouchet (rainfall) using the ANN model. The Seybouse 

River Basin extends over an area of 6.471 km2, is located in the northern part of Algeria 

and has a permanent population of approximately 1.300.000 inhabitants. The meteorolo-

gy of the basin varies from typical Mediterranean along the coast to semi-arid. The da-

taset compiled represents eighteen years daily sets of rainfall-runoff values for the Sey-

bouse River basin. They used the data for the two last years (2002 and 2003) for model 

testing, while the other remaining data (1986 to 2001) was used for model training and 

tuning. The training phase of ANN model was finished when the average squared error 

(ASE) on the testing databases was minimal. The artificial neural network models show 

good ability to model hydrological process(Aichouri, Hani, Bougherira, & Djabri, 2015). 

 

Bisht et el. (2015) have implemented the prediction of rainfall of the Nainital region us-

ing ANN and SVM. The implemented design model predicts monthly rainfall of the 

Nainital region to maintain the water level of the Naini Lake and water supply, used the 

daily rainfall and other parameters viz, dry bulb, wet bulb, maximum temperature, mini-

mum temperature, and wind speed data. The researchers take the data from the weather 

center at Government Inter College Nainital. Finally, according to the result, so ANN 

gives better prediction than SVM models. Monthly average rainfall predicted by ANN is 

quite closer to the actual average rainfall for all months from 2004 to 2016 compared to 

the SVM models(Bisht et al., 2015). 

Bagirov et el. (2018) presented Clusterwise linear regression approaches for prediction of 

monthly rainfall in Victoria and Australia. They used CLR, CL-EM, MLR, SVMreg, and 

ANN techniques for prediction. The implemented system used monthly rainfall, maxi-

mum temperature, minimum temperature, evaporation, vapor pressure, and solar radia-

tion data collected from eight stations around Victoria for the period January 1889 to De-

cember 2014. Those data have been taken from SILO available at DSITIA. The result in 

location Dimboola and Wangaratta Aero prediction of the CLR methods are significantly 

better than those by the ANNs, their performance in all location is very poor. In the pro-

posed system the prediction performance of all five models varies from the west to the 

east, the prediction performance of the models is best in the west (Dimboola, Edenhope, 
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and Dunkld) with lower RMSE, MAE and higher CE values as compared to the location 

in central Victoria (Ballarat and Cape Otway) and in the east (Dookie, Wangaratta, and 

Orbost). For the CLR model, the RMSE values vary from 19.66 to 23.33 in the west re-

gion and 26.97 to 39.29 in the East region, the MAE values vary from 12.86 to 17.23 to 

the west region and 19.08 to 28.63 in the East region. Similarly, CE values range from 

0.41 to 0.48 in the west region and from 0.35 to 0.40 in the East region(Bagirov, 

Mahmood, & Barton, 2017). Remain gap can use feedback neural networks to improve 

the best performance. 

In 2016 Yohannes Biyadglgn and Haile Melkamu have proposed rainfall prediction and 

cropping pattern recommendation. They used an artificial neural network for rainfall pre-

diction and K-nearest neighbor for cropping pattern recommendation. They had taken 

three parameters. Those are minimum temperature, maximum temperature, mean rainfall, 

the data source of the parameters from ENMA. As a result, they predict rainfall for direct 

(summer) season, conducted experiments for the four selected meteorological stations 

(Debre Birhan, Debre Markos, Gojam, and Gondar), but they presented for the two sta-

tions (Gojam and Gondar) and compute average actual water needs and drought sensitivi-

ty of four crop types (Maize, Wheat, Sorghum and Barely)(Biyadglgn & Melkamu, 

2016). But they had not predicted for all Ethiopian seasons and needs performance im-

provement. 

Dash et el. (2018) have proposed rainfall prediction for the Kerala state of India using 

artificial intelligence approaches. K-nearest neighbor, artificial neural network, and ex-

treme learning machine those techniques applied to the proposed system. The presented 

design model of rainfall prediction for the Kerala state is important to resolve water scar-

city and prevent drought. They used the time series meteorological data taken from IITM. 

The results show that ANN and ELM models were proving better accuracy than KNN 

models(Dash, Mishra, & Panigrahi, 2018).  

Soni et el. (2018) proposed the development and analysis of artificial neural network 

models for rainfall prediction by using time series data. The implemented system used 

recorded time-series data from the Indian Meteorology Department, Pune, and develop 

two models (one month ahead prediction and two months ahead prediction) using a feed-







19 

Generally, past studies have indicated that ANN is a good approach and has a high poten-

tial to forecast rainfall. The ANN is capable of modeling without prescribing hydrologi-

cal processes, catching the complex nonlinear relation of input and output. Most of the 

previous studies of ANN on rainfall forecast applied in feedforward, however, in this 

study recurrent neural network is applied for predicting rainfall.  
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CHAPTER THREE 
 

3. METHODOLOGY 
3.3. Introduction 

The overall methodology used in the research is presented using a flowchart as shown in 

Figure 3.1.  

. 

 

Figure 3.1: System flowchart 
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3.4. Study Area and Data Collection 

3.2.1 Study Area 
 

This research is conducted in Ethiopia Amhara regional state for Bahir Dar city. Bahir 

Dar is the former capital of west gojjam province and the current capital of the amhara 

regional state. Administratively, Bahir Dar is a special zone. It is one of the leading tour-

ist destinations in Ethiopia, with a variety of attractions in the nearby Lake Tana and river 

Abay. The city is recognized for its wide avenues lined with palm trees and a variety of 

colorful flowers. Based on that there is fast demand growth in industrial, agriculture and 

commercial sectors. Also Lake Tana and river Abay are source of hydropower and other 

water usage for the people. Figure 3.2 shows study area location. 

 

Figure 3.2: Study area location 

https://en.wikipedia.org/w/index.php?title=West_Gojjam&action=edit&redlink=1
https://en.wikipedia.org/wiki/Amhara_Region
https://en.wikipedia.org/wiki/Amhara_Region
https://en.wikipedia.org/wiki/Zones_of_Ethiopia
https://en.wikipedia.org/wiki/Lake_Tana
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Figure 3.3: Humidity (1985-2018) 

 

Figure 3.4: Humidity in chart (1985-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1985 45 44 41 45 62 67 77 76 73 61 57 *
1986 49 44 38 42 40 65 75 76 75 64 54 53
1987 50 42 43 41 61 67 74 76 70 66 55 56
1988 52 51 39 36 51 68 80 78 72 65 57 51
1989 52 46 45 42 55 64 74 74 73 60 52 60
1990 55 54 49 42 47 56 75 78 74 60 54 52
1991 52 42 * * * 71 77 79 73 63 56 57

              .       .       .       .       .       .       .       .       .       .       .       .       .
              .       .       .       .       .       .       .       .       .       .       .       .       .
              .       .       .       .       .       .       .       .       .       .       .       .       .

2012 43 33 37 30 46 61 76 78 75 62 63 55
2013 46 37 36 34 53 65 77 82 74 70 58 47
2014 45 41 47 51 66 67 76 77 74 67 55 51
2015 49 39 38 35 59 68 73 75 74 65 61 65
2016 54 44 41 39 63 69 80 77 75 66 49 45
2017 37 53 42 47 64 67 76 78 73 69 58 76
2018 41 33 28 32 45 64 66 65 58 52 46 45
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Figure 3.5: SunShine (1985-2018) 

 

Figure 3.6: SunShine in chart (1985-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1985 9.9 9.5 9.3 8.9 7.6 7.0 4.5 5.1 6.4 8.8 9.7 *
1986 10.0 9.8 9.2 9.1 9.2 5.7 5.4 4.9 6.3 9.2 10.0 9.7
1987 9.6 9.5 9.3 8.6 5.8 8.9 5.7 4.6 7.6 7.8 9.7 9.8
1988 9.5 8.3 9.7 9.3 8.7 6.7 2.9 3.9 5.5 8.4 10.2 10.0
1989 10.1 9.4 7.5 8.9 7.7 6.6 4.6 5.0 6.9 8.8 9.7 8.0
1990 9.1 9.0 7.6 8.4 9.2 8.1 4.9 5.8 5.6 9.3 10.1 10.2
1991 9.4 10.3 * * * 7.2 4.4 4.5 6.8 8.0 9.0 8.8

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 10.1 10.1 9.2 9.4 8.2 5.6 4.5 4.0 5.9 9.5 8.6 9.9
2013 9.7 10.1 9.3 9.8 8.6 6.6 4.2 2.9 6.8 8.3 9.7 9.9
2014 9.8 9.8 9.1 7.9 7.7 6.9 4.9 4.7 6.0 8.6 9.7 9.7
2015 9.6 9.7 9.8 9.9 8.4 6.8 7.1 5.6 6.7 8.8 9.4 na
2016 9.7 10.0 9.5 9.1 7.1 7.4 4.5 4.6 6.4 8.7 9.8 10.0
2017 10.2 8.4 9.0 8.9 7.5 7.3 5.5 4.2 6.8 7.7 10.0 10.3
2018 9.8 9.7 10.0 9.2 8.3 6.6 5.7 5.2 6.7 8.0 8.4 9.8
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Figure 3.7: Minimum Temperature (1979-2018) 

 

Figure 3.8: Minimum temperature in chart (1979-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1979 4.6 * 10.0 12.8 * 15.3 14.0 13.8 13.1 12.9 9.3 7.8
1980 7.4 11.1 12.9 15.8 16.3 15.4 14.2 14.2 13.3 12.5 10.7 8.2
1981 9.4 9.4 12.8 13.7 14.9 14.6 14.0 13.9 13.4 12.2 10.4 7.6
1982 9.3 9.7 13.8 12.4 14.5 14.9 13.9 14.2 13.5 12.4 10.6 7.7
1983 7.8 9.5 12.4 13.7 16.0 15.1 14.6 14.6 14.0 13.0 10.8 8.5
1984 8.8 8.3 14.1 15.9 14.9 14.8 13.8 13.1 13.0 10.9 10.6 10.1
1985 8.5 9.6 15.0 13.5 14.7 14.4 13.9 13.7 13.2 12.3 11.3 9.7

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 8.0 8.9 12.5 12.1 15.5 15.4 14.4 13.9 13.6 12.8 12.8 9.2
2013 7.9 9.3 14.6 13.1 16.3 4.5 14.4 14.3 13.9 14.1 12.3 7.7
2014 8.7 8.0 12.8 14.4 14.4 13.3 13.2 13.1 14.3 15.0 12.6 9.4
2015 8.4 10.6 14.1 14.8 16.3 15.8 14.9 14.7 14.8 15.0 13.7 12.3
2016 8.5 10.3 13.2 14.1 16.0 14.9 14.0 14.4 14.1 14.2 8.8 7.6
2017 6.0 13.0 13.1 16.6 16.6 15.4 15.1 14.9 14.6 15.0 12.1 7.4
2018 8.1 11.1 10.6 12.4 14.7 15.1 15.0 15.0 14.4 14.6 12.8 11.7
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Figure 3.9: Maximum Temperature (1979-2018) 

 

Figure 3.10: Maximum temperature in chart (1979-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1979 25.5 27.2 29.3 29.8 27.8 26.4 24.3 24.1 24.9 26.3 25.6 24.5
1980 27.0 28.2 29.5 29.4 28.9 26.7 23.7 23.9 25.3 26.2 26.5 26.4
1981 27.0 28.5 28.2 29.2 28.1 27.4 23.7 23.9 24.3 26.3 26.4 26.5
1982 26.8 25.4 28.8 29.0 28.6 27.3 24.4 23.6 25.4 25.7 26.1 26.0
1983 25.2 27.2 29.2 30.3 29.4 27.7 25.1 23.9 25.1 25.9 26.3 26.1
1984 26.1 28.8 29.9 31.2 28.5 25.5 24.2 24.3 25.1 26.7 26.8 26.3
1985 27.5 26.8 29.8 28.1 26.7 26.2 23.9 24.1 24.8 26.3 26.4 26.4

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 27.5 29.7 30.6 30.2 30.6 28.1 24.6 24.3 25.2 26.6 26.7 27.2
2013 27.9 30.2 31.1 31.8 30.6 35.2 25.7 24.7 26.9 26.9 27.4 26.9
2014 27.8 28.6 29.6 29.6 28.9 28.5 27.1 26.3 26.1 26.6 27.3 27.1
2015 27.0 30.5 31.0 31.4 29.9 28.4 27.1 26.8 27.3 28.1 28.0 27.3
2016 27.7 29.5 31.8 30.9 28.9 27.9 25.8 25.8 26.8 27.9 28.1 28.3
2017 28.7 28.3 30.0 30.8 28.3 28.1 26.0 25.5 26.8 27.7 27.2 26.8
2018 26.7 28.8 28.9 29.4 30.2 26.8 26.2 25.5 26.3 27.3 26.7 27.4
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Figure 3.11: Rainfall (1978-2018) 

 

Figure 3.12: Rainfall in chart (1978-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1978 1.8 0.0 9.4 67.9 41.1 266.7 350.0 212.4 200.8 123.2 23.9 0.1
1979 9.9 0.0 0.1 1.3 97.1 180.2 463.4 284.2 163.2 110.3 0.1 0.2
1980 0.0 4.4 16.1 51.8 27.9 136.1 349.2 320.5 153.5 55.5 3.2 0.0
1981 0.0 0.0 0.0 68.5 45.3 66.0 636.4 382.7 132.3 57.7 8.0 0.0
1982 4.7 0.1 42.8 9.1 35.4 78.4 266.9 261.5 116.7 73.0 6.0 0.0
1983 0.0 0.3 0.0 0.5 27.5 124.2 336.0 457.6 170.3 126.8 14.1 0.0
1984 0.0 0.0 4.4 0.3 66.3 234.8 381.0 310.4 209.6 0.0 0.1 9.8

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 0.0 0.0 1.0 0.0 25.4 122.0 466.5 504.4 255.9 7.6 2.0 11.2
2013 0.0 0.0 1.4 1.4 88.0 148.6 594.0 350.3 137.9 169.1 16.6 0.0
2014 0.0 0.0 65.9 66.6 163.7 178.4 378.4 480.8 260.0 117.4 0.0 0.4
2015 0.0 0.8 0.4 0.0 136.8 89.3 302.2 248.9 223.9 116.7 12.2 31.8
2016 0.0 0.0 23.8 8.5 171.2 248.8 409.6 259.9 274.4 104.8 0.5 0.0
2017 0.0 25.9 2.6 41.9 136.8 50.0 528.7 485.7 189.2 128.9 9.6 0.0
2018 0.0 7.7 19.9 5.8 85.4 235.4 380.8 331.1 165.0 82.5 13.9 5.6
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Figure 3.13: Treated humidity (1985-2018) 

 

Figure 3.14: Treated humidity in chart (1985-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1985 45 44 41 45 62 67 77 76 73 61 57 53
1986 49 44 38 42 40 65 75 76 75 64 54 53
1987 50 42 43 41 61 67 74 76 70 66 55 56
1988 52 51 39 36 51 68 80 78 72 65 57 51
1989 52 46 45 42 55 64 74 74 73 60 52 60
1990 55 54 49 42 47 56 75 78 74 60 54 52
1991 52 42 41 41 55 71 77 79 73 63 56 57

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 43 33 37 30 46 61 76 78 75 62 63 55
2013 46 37 36 34 53 65 77 82 74 70 58 47
2014 45 41 47 51 66 67 76 77 74 67 55 51
2015 49 39 38 35 59 68 73 75 74 65 61 65
2016 54 44 41 39 63 69 80 77 75 66 49 45
2017 37 53 42 47 64 67 76 78 73 69 58 76
2018 41 33 28 32 45 64 66 65 58 52 46 45
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Figure 3.15: Treated sunshine (1985-2018) 

 

Figure 3.16: Treated sunshine in chart (1985-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1985 9.9 9.5 9.3 8.9 7.6 7.0 4.5 5.1 6.4 8.8 9.7 9.9
1986 10.0 9.8 9.2 9.1 9.2 5.7 5.4 4.9 6.3 9.2 10.0 9.7
1987 9.6 9.5 9.3 8.6 5.8 8.9 5.7 4.6 7.6 7.8 9.7 9.8
1988 9.5 8.3 9.7 9.3 8.7 6.7 2.9 3.9 5.5 8.4 10.2 10.0
1989 10.1 9.4 7.5 8.9 7.7 6.6 4.6 5.0 6.9 8.8 9.7 8.0
1990 9.1 9.0 7.6 8.4 9.2 8.1 4.9 5.8 5.6 9.3 10.1 10.2
1991 9.4 10.3 9.4 9.1 8.0 7.2 4.4 4.5 6.8 8.0 9.0 8.8

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 10.1 10.1 9.2 9.4 8.2 5.6 4.5 4.0 5.9 9.5 8.6 9.9
2013 9.7 10.1 9.3 9.8 8.6 6.6 4.2 2.9 6.8 8.3 9.7 9.9
2014 9.8 9.8 9.1 7.9 7.7 6.9 4.9 4.7 6.0 8.6 9.7 9.7
2015 9.6 9.7 9.8 9.9 8.4 6.8 7.1 5.6 6.7 8.8 9.4 9.9
2016 9.7 10.0 9.5 9.1 7.1 7.4 4.5 4.6 6.4 8.7 9.8 10.0
2017 10.2 8.4 9.0 8.9 7.5 7.3 5.5 4.2 6.8 7.7 10.0 10.3
2018 9.8 9.7 10.0 9.2 8.3 6.6 5.7 5.2 6.7 8.0 8.4 9.8
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Figure 3.17: Treated minimum temperature (1985-2018) 

 

Figure 3.18: Treated minimum temperature in chart (1985-2018) 

YEAR/MONTH JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
1985 8.5 9.6 15.0 13.5 14.7 14.4 13.9 13.7 13.2 12.3 11.3 9.7
1986 7.1 9.5 13.3 13.5 14.7 14.8 13.7 13.7 13.6 12.8 10.5 8.3
1987 7.7 10.5 13.6 16.5 16.0 14.9 14.3 14.4 13.5 14.0 10.9 9.9
1988 9.7 11.4 13.5 13.1 16.0 15.0 14.8 13.9 13.7 12.7 9.5 6.7
1989 6.1 7.8 10.5 10.5 13.1 14.2 13.5 13.2 12.9 12.5 10.6 10.2
1990 10.3 10.6 13.8 14.1 15.4 15.7 14.5 14.0 13.6 12.0 9.9 6.4
1991 6.3 9.8 13.3 13.5 15.5 15.0 14.7 14.2 13.2 13.2 10.8 9.1

              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .
              .      .      .      .      .      .      .      .      .      .      .      .      .

2012 8.0 8.9 12.5 12.1 15.5 15.4 14.4 13.9 13.6 12.8 12.8 9.2
2013 7.9 9.3 14.6 13.1 16.3 4.5 14.4 14.3 13.9 14.1 12.3 7.7
2014 8.7 8.0 12.8 14.4 14.4 13.3 13.2 13.1 14.3 15.0 12.6 9.4
2015 8.4 10.6 14.1 14.8 16.3 15.8 14.9 14.7 14.8 15.0 13.7 12.3
2016 8.5 10.3 13.2 14.1 16.0 14.9 14.0 14.4 14.1 14.2 8.8 7.6
2017 6.0 13.0 13.1 16.6 16.6 15.4 15.1 14.9 14.6 15.0 12.1 7.4
2018 8.1 11.1 10.6 12.4 14.7 15.1 15.0 15.0 14.4 14.6 12.8 11.7




















































































