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Abstract

Weather forecasting is the application of science and technology to predict the state of the
atmosphere for a future time and a given location. Now days, forecasting of accurate
atmospheric conditions is the major challenge for the meteorologist and poor forecasting has
significant impact on our daily lives. This brings the necessity to make research works on

forecasting of the weather events with respect to Ethiopia.

A number of algorithms have been proposed for forecasting of atmospheric condition such as
support vector machine, neural network, numerical, and statistical models. However, in this
research the design and implementation of weather prediction for the Ethiopian context based
on the forecasting ranges using deep neural network, support vector machine for regression,
and numerical based regression is presented. Four and half years’ time series daily and hourly,
temperature, precipitation, humidity, visibility, dew point, air pressure, and wind historical
recorded data is used from National Oceanic and Atmospheric Administrator (NOAA) to
implement the system. Since making discussion on all-weather variables makes the report to
long, forecasting of temperature and precipitation weather variables for Addis Ababa are only
considered to be discussed and evaluated as a sample. And their results are examine based on
percentage of Root Mean Square Error and time consumption. The same data records are
applying for all algorithms; and the experimental result shows that, in forecasting of a big data,
DBN provides a better performance relative to SVM and numerical regressions. In short range
experiment we have achieved a forecasting accuracy of temperature 88.6%, 79.6%, and 52.5%
using DBN, SVM, and Numerical algorithms respectively. However, if we apply a small
dimension dataset as input values SVM and numerical regressions completely outperforms the

DBN due to shallow training.

Keywords: Weather, Deep Belief Network, Support Vector Machine, Restricted Boltzman

Machine, Meteorology
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Chapter One

1. Introduction

1.1. Introduction

Weather is the condition of the air on earth at a given time [1]. That is, a specific event or
condition that happens over a period of time. Weather forecasting is the application of science
and technology to predict the condition of the atmosphere from short-range to long-range and
it is essential to help us to know about the future climate. Weather forecasting is the most
significant attributes in the world. Because, an agricultural sector as well as numerous sectors

such as, Industries, air aviation’s, and S0 on depends on the atmospheric condition.

Before 1890, i.e. the Establishment of National Meteorological Services Agency (NMSE) [2],
weather forecasting was an individual matter; that is predicting the atmospheric condition
largely was dependent on individual’s observation. Therefore, they were tried to observe the
weather condition to predict the short-range condition of the atmosphere by try and error.
However, because of different factors such as, temperature, wind, humidity, air pressure, cloud
distribution and others that affects the atmosphere, their predictions were may be or may not
be correct. Even now a day, those who are far apart from the meteorology technology
information specifically in Ethiopia, they predict the atmospheric condition through their
observations. For example, most of the time they predict related with rain fall based on
temperature and wind; that is, if they observe high temperature and low wind speed, they guess

there is a rain [3].

According to Commission for Aeronautical Meteorology (CAeM) Working Group on
Advanced Techniques Applied to Aeronautical Meteorology researchers, modern weather
forecasting starts in 1888 after the hydrodynamics H. Von Helmholtz was formulated the

modern fundamental laws of atmospheric motion necessary to describe atmospheric motion
[31

In Ethiopia, Meteorological weather prediction was started at the end of 19" century in Addis
Ababa by missionaries [4]. Therefore, Meteorological technology station was established in
1890 in Adamtilu and 1986[1896] in Gambela. Then, after the end of World War 11, from 1946-
1949 meteorology technology were carried out by the government for agriculture sector only

to control locust. After that, due to the growing demands of meteorological information for



safe operations of the air transport and as the other economic and social sectors began to realize
the importance of meteorological services Ethiopian government officially established the
National Meteorological Services Agency in December 31, 1980 under proclamation No 201
of 1980.

Now a days, especially in developing countries like Ethiopia, forecasting of weather and
climate events are the major challenges for the meteorologist. Even so, a lot of researches had
been done in this area using different mechanisms such as numerical method, statistical

method, and neural network, but the final outcome was not up to the standard.

Therefore, the focus of this thesis is mainly on forecasting the weather with respect to Ethiopian
context; which includes, how to forecast weather in Ethiopia based on short-range, medium-
range, and long-range using deep learning algorithm, support vector machine, and numerical
methods based on the four Ethiopian seasons such as, summer, winter, spring, and fall and

rainfall regimes.

1.2. Background of Weather and Climate in Ethiopia

Ethiopia is located between approximately 4°-15° latitude and 32°-48° longitude [5] [6] [7] and
her land area occupies around 1.12 million square kilometers in the horn of Africa, [6] with a
total population of more than 90 million.

Due to high and rugged mountains; flat topped plateau, deep gorges, river valleys and plains
geographical topography; Ethiopia has great geographical diversity from the horn of Africa
[6][7]. Therefore, due to the aforementioned reasons, Ethiopia is unique from African
countries. The country is broadly divided into highlands and lowlands with altitude range above
4620 meter above sea level and 120 meter below sea level [7]. However, according to Ethiopian
National Meteorology service Agency (NMA), Ethiopia classified with altitude range 1500
meter above sea level as highlands which covers 45% of the country and with altitude range
1500 meter below sea level as low lands. Furthermore, in terms of climate, lifestyle, socio-

economic activities, and so on; there is an essential difference in Ethiopia.
As described in Ethiopian NMA, Ethiopia has three major physio-graphical regions. Such as,

v The North, Central, and Southwestern Highlands and the associated Lowlands;
v The Southeastern Highlands and the associated Lowlands; and
v The Ethiopian Rift Valley.



1.2.1. Ethiopian Climate

Ethiopia is located in a tropical region lying between the equator and tropical cancer of the
earth [8]. Therefore, Ethiopia generally has a tropical climate and one of the influences of
Ethiopia's climate and weather is the seasonal migration of the Inter-tropical Convergence Zone
(ITCZ); that is the position of the earth relative to the sun and by the complex geographical
topography of the country [5].

Traditionally, based on altitude and temperature Ethiopia has five climatic zones [9]:

v" Wurch which is a cold climate with altitude range 3000 meters above sea level.

v" Dega (Cool Zone) which is a temperate atmospheric condition with altitude ranges
approximately between 2500-3000 meters above sea level

v" Woina dega (Sub-Tropical Zone) which is a warm climate with altitude ranges
approximately between 1500-2500 meters above sea level

v Kola (Tropical Zone)which is a hot and arid type atmospheric condition with below
1500 meters altitude range; and

v" Bereha which concludes hot and hyper-arid climates.

Generally, Ethiopia has four climatic Zones [7], which are classified by rainfall distribution.
These are, with a distinct wet and a distinct dry season, with two wet and two dry seasons, with

two wet seasons and one dry season in between, and with an undefined rainy season.

1.2.2. Ethiopian Seasons and Rainfall Regimes

The economy of Ethiopia depends on the agriculture [4]. Besides, the agriculture of Ethiopia
is highly dependent on the atmospheric variable which is rainfall. Therefore, the Ethiopian

climate is characterized by the variation of rainfall.
Based on rainfall distribution, there are four major seasons in Ethiopia:

v" Kiremt or Meher (summer, June — September): is the main rainy season for the most
country locution, except in the south and south-eastern part of the country.

v Belg (Autumn, September - November): Sometimes known as the harvest season

v' Bega (winter, February — March): are the dry season with frost in morning especially
in January.

v’ Tseday (spring, March - May): are the autumn season with occasional showers. May is

the hottest month in Ethiopia.



As we discussed in the above, Ethiopian climate is highly influenced by Inter Tropical
Convergence Zone (ITCZ) [10] and complex geographical location. Due to this reason,
Ethiopia is classified into three climatic zones which have two, three, and four seasons in a
year [7]. The first one is two seasons zone, which includes the western half of Ethiopia and has
one rainy season (half of June — half of September) and one dry season (November - February).
The second one is three season zones, which contains the central (including Addis Ababa) and
most of the eastern part of the country with two rainy seasons known as Kiremt (main rainy
season) and Belg (small rainy season), and one dry season known as Bega (Octeber - January).
The last one is four seasons zone, which occupies south and south-eastern of Ethiopia with
with two rainy seasons (very rainy-March - June and small rains-September - November) and

two distinct dry seasons (July - August and December - February).

Generally, based on mean annual and mean monthly rainfall distribution, three rainfall regimes
are commonly identified in Ethiopia [8]. These are, Mono-Modal (Single maxima), Bi-modal

type-1 (Quasi-double maxima), and Bi-modal type-2 (Double maxima)
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Figl. 1 Topographic map of Ethiopia showing rainfall regimes [12]
The figure shows Ethiopia rainfall regime namely Mono-modal, Bi-modal type-1 and Bi-modal
type-2 are designated by letter B, A and C, respectively.



Regime A: it occupies the central and the eastern part of the country with a bi-modal rain. It
has three season zones with two rainy season which are Kiremt (long rainy season) and Belg

(short rainy season), and one dry season known as Bega.

Regime B: is dominated by single maxima rainfall pattern that is from June to September. It
concludes western part of the country that is from south-west to north-west. Besides, except
northwards rainy is occur from February to November in the western and south-western of the

country.

Regime C: is dominated by double maxima rainfall pattern in the south and south-eastern part
of the country. This rainfall regime has four season zones which are two rainy seasons these
are the main rainy season from February to May and short rainy season from October to

November, and two dry periods from June to August and from December to February.

1.3. Statement of the problem
According to the Ethiopian National Meteorological Services Agency (NMSA), Ethiopia

generally has a tropical climate and one of the influences of Ethiopia’s climate and weather is
the seasonal migration of the Inter-Tropical Convergence Zone (ITCZ) which affects the
rainfall patterns in Ethiopia. Besides, Ethiopian meteorology uses static and dynamic methods
to predict the atmospheric conditions and most of the time they try to predict short-range and
medium range rainfall distribution and other weather events based on the Ethiopian seasons

such as, summer, winter, spring, and fall.

The existing forecasting system does not consider what type of forecasting modeling is
appropriate for Ethiopia and how to implement the system with the Ethiopian context.
Therefore, the motivation behind this research is to implement more accurate weather
forecasting system for Ethiopian context in contrast to the existing forecasting system. Since
the existing forecasting method is not considering the Ethiopian context, it is difficult to predict

the atmospheric condition accurately.

In order to solve the aforementioned problems it is better to design more appropriate
forecasting method and implement which fits to the Ethiopian context and provides better
accuracy in forecasting. Besides, to predict the drought that happens in our country, we can

implement long-range forecast using the proposed algorithm.



1.4 Research Questions

v Does forecasting of the weather events using DBN network much better than SVM for
regression (i.e. for forecasting) and numerical based regression?

v" Does DBN network based forecasting of the atmospheric condition suitable for the
Ethiopian Context?

v' Is the variation of atmospheric condition solved using DBN and SVM for regression
better than the existing forecasting method called numerical method regression? Which

one is more appropriate for the Ethiopian context?

1.5. Objective

1.5.1. General Objective

The general objective of this thesis is to implement weather forecasting system using deep
learning algorithm for the Ethiopian context which can forecast Ethiopian weather conditions

with better accuracy than the existing system.

1.5.2. Specific objectives

v To select the appropriate types of weather forecasting models and methods for the
Ethiopian context.

v" To enhance short range, medium range, and long range weather prediction for
Ethiopia.

v To enhance the overall prediction capability of weather forecasting in Ethiopia by

introducing new weather forecasting methods.

1.6 Methodology

The methodologies used in this thesis are given below.

v Literature survey- Reviewing of supportive theoretical concepts and different
literatures which are related to my work.

v Select algorithm- Selecting of appropriate algorithms from deep learning neural
networks which has high efficient during forecasting the atmospheric conditions.

v" Propose the system- By studying the existing system; propose the new system with
new forecasting model which is suitable for Ethiopian context.

v Design and Implement- Designing and implementing of the proposed system using

simulation software.



v' Test and Validate- Testing and validating of the developed system and the result

achieved from the proposed system respectively.

1.6. Scope

The scope of this thesis is to propose appropriate and suitable forecasting model and algorithm
for the Ethiopian context by considering the four season and three rainfall regimes. The
proposed system is evaluated using MATLAB program with the selected weather input
variables namely temperature and precipitation. Besides, the result of the proposed system in
this thesis is compared with the result of numerical based and support vector machine for

regression methods.

1.7. Contribution

Weather and climate is a resource and considered as basic factors that affect directly or
indirectly individuals, industries, and others of daily activities. Based on this reason, this thesis
has a lot of contribution for our country regarding to individuals, agriculture, aviation,

industries, and other socio-economic sectors as listed below.

v Its main contribution is, to enhance the forecasting mechanisms in Ethiopia by
considering an appropriate model and optimization.
v 1t helps for selecting and implementing of appropriate forecasting algorithms for the

Ethiopian context.

1.8. Thesis organization
The organization of this thesis has six chapters as it arranges in the following manner:

Chapter One- Introduction: Describes a general introduction about the thesis and the

background with brief explanation of weather in Ethiopia.

Chapter Two- Literature Review: Reviews of different literatures which are related to the

selected area.

Chapter Three- Design: Discusses all about the basic designing and modeling steps and
methods of the proposed system in detail. Additionally, it concludes brief explanation of

different bench marks as well as input variables.



Chapter Four- Implementation: It discusses the implementation of different algorithms using
simulating software. Besides, the overall flow chart of the proposed system is discussed in

detail here.

Chapter Five- Result and Discussion: In this chapter discussed the empirical result which has
got from the chapter four. Additionally, it describes the explanation and comparison of the
results of the different algorithm implemented in this thesis.

Chapter Six- Conclusion and Recommendation: In this chapter it describes the overall

conclusion of the thesis followed by the feature works.

All in all, this thesis ends up with an appendix which has the source codes of the three

implemented algorithms and references.



Chapter Two

2. Literature Review
2.1. Introduction

In modern world forecasting of atmospheric condition is the most challenging task for the
meteorology departments of environment; and due to its highly non-linearity, dynamically, and
complexity, it requires accurate computer modeling and simulation for reliable prediction.
Besides, accurate weather prediction is very necessary in multiple areas such as, agriculture,

airport, and other socio-economic industries.

Now a days, due to the aforementioned reasons there are various researchers made on weather
forecasting using different techniques such as, ANN, Numerical based, and Statistical, etc. In
addition to that, the researchers tried to improve existing weather forecasting with a specific
parameter and some researchers worked to figure out the basic problems happen due to weather
forecasting defect. However, it is difficult to cover all the researches which are worked by
different researchers. Therefore, we compiled the most important researches by categorizing
into three such as ANN, Numerical method, and Statistical method based which are related to

my work here.

2.2 Artificial Neural Network Based Weather Forecasting

ANN models can be categorized into associating networks which are employed for data
classification and prediction, feature extraction networks which are used for data dimension
reduction, and non-adaptive networks which needs input values to learn the pattern of the inputs

and reconstruct them when presented with incomplete data sets, based on their function.

In 2002, W. Taylor James et al. [11]: the researchers proposed ‘“Neural Network Load
Forecasting with Weather Ensemble Predictions” in order to investigate the use of weather
ensemble predictions in the application of neural networks to load forecasting for lead times
from 1 to 10 days ahead in contrast to the traditional weather forecasting using three weather
parameters such as effective temperature, wind, and effective illumination. Finally, they
conclude there is strong potential for the use of weather ensemble predictions in neural network

load forecasting.

In May 2014, Malik Pooja [12]: The researcher proposed “An Effective Weather Forecasting

Using Neural Network™ to predict the atmospheric condition using the real data such as



temperature, pressure, humidity, wind, direction which record in Rice Research center (Kaul)
Haryana and these data are trained by Levenberg-Marquardt (LM) algorithm. Besides, he
argues back propagation is the most important algorithm to train a neural network for weather
forecasting and he concludes from the many back propagation (BP) algorithms, Levenberg BP

has better learning rate.

In 2012, Abhishek Kumar et al. [13]: In order to develop an ANN model to forecast average
monthly rainfall in the Udupi district of Karnataka, they proposed “A Rainfall Prediction
Model using Artificial Neural Network™ by considering the input data (Average humidity and
wind speed) and output data (average rainfall). They have used Nntool and Nftool of the
MATLAB to implement the proposed algorithm. Besides, the algorithms used were feed
forward with BP, layer recurrent, and cascaded feed forward BP. From these tested algorithms,
the researchers have achieved good performance using BP algorithms with its mean square
error 3.6456. Finally, they observe from the three tested algorithms, as the number of neurons

increases, the mean square error (MSE) decreases.

In Jan 2013, Kumar Neeraj et al. [14]: The researcher proposed “A Time Series ANN Approach
for Weather Forecasting” to predict the atmospheric condition by considering only average
maximum and minimum temperature. They uses 60 years of historical real data and they train
these data’s using multilayer perceptron; and their result confirms based on Mean Square Error
(MSE) functions. Finally, the researchers conclude that Multilayered Neural Network can be
an effective tool in weather prediction. Even so, they were not comparing the new proposed
model result with other weather forecasting methods.

July 2015, Narvekar Meera et al.[15]: The researchers proposed “Daily Weather Forecasting
using Artificial Neural Network” to investigate a better approach for forecasting the
atmospheric condition which compares with different ANN techniques like Ensemble Neural
Network (ENN), BP network, Radial Basis Function Network (RBFN), General Regression
Neural Network (GRNN), Genetic Algorithm (GA), Multilayer Perceptron (MLP), Fuzzy
clustering (FC), etc. which are used for different types of forecasting by using real time data
such as temperature, relative humidity, air pressure, wind speed and direction, cloud amount
and height, and rainfall. Finally, the researchers checked their result using Mean Square Error
(MSE) functions and they achieve good performance in the new proposed system relatively to
the other weather forecasting techniques; and they highly recommended us it is better to use
BP networks to predict the daily atmospheric condition.
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In 2009, Hung N. Q. et al.[16]: The researchers proposed “an Artificial Neural Network Model
for Rainfall Forecasting in Bangkok, Thailand” in order to improve real time rainfall
forecasting performance and flood management in Bangkok, Thailand. At the beginning they
implement a generalization feed-forward ANN model using a hyperbolic tangent transfer
function with the combination of meteorological parameters such as relative humidity, air
pressure, wet bulb temperature, and cloudiness and they achieved satisfactory result.
Additionally, to reduce the complexity of the network and training time, they implement
sensitivity analysis. Relatively to the model of simple persistent method, the ANN forecasts

have superiority in predicting short range atmospheric condition.

In 20 May 2004, Magsood Imran et al.[17]: Based on a real data of temperature, wind speed,
and relative humidity of the weather parameters, the researchers proposed “An ensemble of
neural networks for weather forecasting” to forecast and analysis the atmospheric condition of
the Southern Saskatchewn, Canada. The new proposed system is developed based on the
predictive models such as Multi-layer Perceptron Network (MLPN), EInman Recurrent Neural
Network (ERNN), Radial Basis Function Network (RBFN), Hopfield Model (HFM) predictive
models, and regression techniques, examination of the applicability of the ANN approach for
weather forecasting, comparison of the proposed predictive models with regression models,
and performance quantification of the developed models using statistical measures. After that,
the researchers observe from their empirical results, MLPN and ERNN networks did equally
well in forecasting the given weather parameters, HFM is relatively less accurate, and RBFN
is relatively more accurate and reliable. In comparison, the empirical result shows that the
ensemble networks can be trained effectively without excessively compromising the
performance. Due to this reason, the researchers conclude that the ensemble of neural network
model produced the most accurate weather forecast in contrast to the predictive models which

are mentioned in the above.

In June 2013, Ranjan Nayak Deepak [18]: The researchers proposed “A Survey on Rainfall
Prediction using Artificial Neural Network” in order to decide and select the forecasting
methods during we design a new system of rainfall prediction and to make the prediction of
rainfall more accurate for the future. Therefore, the researcher provides a survey of various
literatures of some methodology uses by different researchers to make use of ANN for rainfall
prediction for the last 25 years; and they discusses the concept of basic ANNSs. Besides, they
describe some common neural network models used by different researchers such as Back
Propagation Network (BPN), Radial Basis Function Network (RBFN), Support Vector

11



Machine (SVM), and Self Organizing Map (SOM). In contrast to the ANN weather prediction
techniques, the researchers who are uses the traditional weather predicting methods which are
statistical and numerical methods got a result below the satisfactory level. And also, from the
survey they make sure, most of the researchers used BPN for rainfall prediction and got
satisfactory results. Finally, they conclude that the forecasting techniques that use MLP, BPN,
SOM, and SVM are suitable to predict rainfall than other forecasting techniques such as

statistical and numerical methods.

In 12-19 July 2016, Chen Kai et al. [19]: The researcher proposed “Short-Term Precipitation
Occurrence Prediction for Strong Convective Weather Using Fy2-G Satellite Data: A Case
Study of Shenzhen, South China” in order to address the short term precipitation occurrence
prediction challenges happen in Shenzhen. They use a real data of Top Brightness Temperature
(TB), Cloud Top Temperature (CTT), Gradient of the pixel TB (GT), Difference of TB (DT),
Cloud Total Amount (CTA), Cloud Type (CT), Middle and Upper Tropospheric Water Vapor
Content (WVC), and from ground automatic station, i.e., Wind Speed, Humidity, Temperature,
Air Pressure. They use support vector machine to predict short-term precipitation and they
achieve better performance relatively to numerical simulation modeling. Besides, they argued
numerical simulation model still remains low reliability in contrast to machine learning

modeling.

In August 10-13, 2015, Grover Aditya, et al. [20]: the researchers proposed “A Deep Hybrid
Model for Weather Forecasting” to explore a new directions with forecasting weather as a data
intensive challenge that involves inferences across space and time and to model a weather
forecasting to predict the atmosphere condition by considering the joint influence of key
weather elements such as wind speed, atmospheric pressure, temperature, and dew point. Their
approach to building the weather model was governed by temporal mining, spatial
interpolation, and Inter-variable interactions guidelines. Finally, by applying deep belief
algorithm they achieve satisfactory performance in contrast to the NOAA benchmarks.

N.K. Liu James et al.[21]: The researchers proposed “Deep Neural Network Based Feature
Representation for Weather Forecasting” in order to investigate how to apply DNN to solve
time series problems using real data’s of the meteorology and to explore the use of DNN to
deal with the large volume of weather data. The researchers use 30 years of real data which are

temperature, dew point, Mean Sea Level Pressure (MSLP), and wind speeds observed by the
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Hong Kong Observatory (HKO). Their experiments performance checked using Normalized

Mean Square Error (NMSE). And they achieve good performance relatively to the SVR.

In May 12, 2016, Gao Bing et al.[22]: the researcher proposed “Using Data Mining Technique
to Predict Seasonal Climate Change” to analyze atmospheric condition data in Vancouver
Island based on the temperature data only. They use ARIMA (i.e. time series model) to build
the model and they test its performance using Dickey-Fuller method. According to the
researchers result, ARIMA allow for the inclusion of information from the past observations
of a series. Although, they are not sure weather it is sufficient or not when they use different

atmospheric parameters at the same time.

In Nov, 1999, Palmer T.N. [23]: The researcher proposed “Predicting uncertainty in forecasts
of weather and climate” in order to deal the problem of forecasting uncertainty in weather and
climate prediction. He tries to solve using perfect deterministic forecast model using
probability density function (pdf) with Liouville equation. But, due to a knowledge gap
problem, he does not solve this equation. Finally, he addressed the problem by developing
ensemble prediction and he concludes ensemble prediction is a perfect application for parallel

computing!

In Apr, 2016, Yadav Rohit Kumar, et al. [24]: The researchers are proposed “A Weather
Forecasting Model uses the Data Mining Technique” to design efficient weather prediction
system in contrast to the traditional algorithm ID3. In order to identify different patterns of the
atmosphere they use hidden Markov model and to predict and extract the weather condition
observation they use K-means clustering. Finally, they apply data mining technique to analyze
the data and extract the valuable patterns from the data and they achieve high performance in

contrast with the traditional algorithm (i.e. ID3) based weather forecasting system.

In 25 August 2016, Wang H.Z., et al.[25]: researchers proposed to design and implement a
novel deep learning approach which is “Deep belief network based deterministic and
probabilistic wind speed forecasting approach” originally to enhance the performance and
prediction efficiency of the wind speed forecasting (WSF) using wind speed parameter. The
new forecasting system proposed approach is a hybrid of Wavelet transform (WT), deep belief
network (DBN) and spine quantile regression (QR). The performance and efficiency of their
empirical result calculated by using Errors for probabilistic performance techniques such as
Average Coverage Error (ACE), Interval Sharpness (IS), and Continuous Rank Probability
Score (CRPS). In addition to that, to fully validate the effectiveness of the proposed algorithm,
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the results are compared with the Auto-Regressive and Moving Average Model (ARMA), the
well-tuned Back-propagation Neural Network (BPNN), and the Morlet Wavelet Neural
Network (MWNN) and they tested and benchmarked at two wind farms, the Shang chuan
Island wind farm (SIWF) in Guangdong Province, China, and the Cathedral Rocks wind farm
(CRWF) in Australia. Quantitatively, considering SIWF, the average of average coverage error
using the proposed approach is 0.6742%, which has been improved by 23.96%, 26.79%, and
26.12% compared to ARMA, BPNN and MWNN. After all, they conclude non-linear features
of the wind and applying uncertainty principles are used to improve forecast accuracy and
reliability.

2.3. Statistical Based Weather Forecasting

In 17 February 2016, Taillardat Maxime et al. [26]: The researchers proposed “Calibrated
Ensemble Forecasts Using Quantile Regression Forests and Ensemble Model Output Statistics”
for post processing ensembles by using surface temperature and wind speed variables. The
researchers achieve satisfactory result on both surface temperature and wind speed in contrast
to ensemble model output statistics (EMOS).

2.4. Numerical Based Weather Forecasting

In 2015, B. lversen Emil et al. [27]: The researchers proposed “Short-term probabilistic
forecasting of wind speed using stochastic differential equations” modeling framework in order
to provide reliable wind power forecasts in continuous time. They use a real wind speed dataset
to test and validate the new proposed model (i.e. stochastic differential equations (SDE) based
model). Finally, they apply an autocorrelation for the standardized Residuals resulting from
their model and they achieve satisfactory result. However, they did not compare their result

with different predicting models.

2.5. Summary

In this chapter mainly focuses on assessing of several research papers which are related to the
proposed works. Since it is difficult to cover all the papers which are worked by different
researchers, we compiled the most important researches by categorizing into three such as

ANN, Numerical method, and Statistical method based weather forecasting models.
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Chapter Three

3. Design of the System

3.1. Introduction

The new proposed system generally categorizes into three phases specifically preprocessing
phase, design and train phase, and predicting phase. The preprocessing phase mainly focuses
on selecting and gathering weather parameters, handling missing values, segmentation, and
normalizes the dataset. The design and train phase provides designing of the new proposed
network and train the network using the normalized dataset that we have got from the
preprocessing phase. It also provides calculating the performances of the proposed networks,
comparing the result of deep belief network and support vector machine, and testing and
validating. The predicting phase uses the trained neural network in order to determine the

prediction of weather condition.

Design and train the network
Pre-Processing t = . Predicted data
v DNN
v SWM
Phase | Phase Il Phase I11

Fig 3. 1 Block Diagram of the proposed system

3.2. Preprocessing

Generally real world data are often incomplete, noisy, and inconsistent. Therefore, to resolve
such issues we should use data preprocessing technique. Data preprocessing is a data mining

technique which refers to cleaning, integration, transformation, and reduction of training
dataset [28].
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Pre-Processing

Addis Ababa Missing Data Handling
Arba Minch

Awassa

Jimma i Segmentation and

Normalization
Data soe

Kombolicha Collected

Mekelle

Harar

Dre Dawa

Fig 3. 2 Block Diagram of preprocessing phase

3.2.1. Selection of weather variables

Weather variable selection is the most important method in designing a new model or network
to predict the atmospheric condition. Therefore, in order to design and implementing weather
forecasting with the Ethiopian context we selected different atmospheric variables such as
maximum and minimum of temperature, humidity, air pressure, wind direction, dew point,

precipitation, and visibility weather variables.

3.2.2. Data collection

Based on seasonal weather condition and geographical topology of Ethiopia, we uses four and
half year’s daily and hourly (i.e. Sep 2012 — Feb 2017) real time series datasets of eight towns
such as Addis Ababa, Jimma, Mekelle, Kombolicha, Harar, Arbaminch, Awasa, and Dredawa
from [29].

3.2.3. Handling missing data

The data collected from different stations are not complete, reliable, and consistent. Due to this
reason, it is difficult to forecast the weather condition using these incomplete datasets
[30].Besides, some variables air pressure are not fully recorded. In such cases, we provided
statistical and numerical methods to fix these missing datasets. In [31] missing data mechanism
is classified into three categories such as missing completely at random (MCAR), missing at
random (MAR), and missing not at random (MNAR). And these mechanisms represent the

statistical relationship between observations (variables) and the probability of missing data.
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Based on the aforementioned mechanisms various researchers made on handling a missing
datasets using different methods such as data deletion, imputation, and augmentation. Even
so, it is difficult to handle a missing data using all methods that we have read on the literature.
Therefore, we tested and handled the missing data set using cubic spline interpolation and linear
interpolation methods based on small and large missing data sets. But, the effect of numerical

interpolation is not considerd.

3.2.3.1. Handling Small Missing Datasets

In [32] depicted, in contrast to the other polynomial interpolation techniques, Cubic Spline
interpolation is the most effective on handling a small amount of missing datasets i.e. not more
than four contiguous values. Furthermore, they point out Cubic Spline interpolation fails when
large contiguous values are missing. Besides, the researcher discussed when large amount of
data is missing in the time series data, it is better to use linear interpolation. Therefore, we use

Addis Ababa’s temperature daily datasets as sample to ensure their argument.
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Fig 3. 3 (a) and (b) Actual maximum, minimum, and average temperature of Addis Ababa with

random missing large and small contiguous values respectively

The Figure 3.3 (a) and (b) indicates the graph of temperature datasets with small and large
contiguous missing values respectively. The missing datasets on both graphs are taken

randomly.
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Cubc nterpolation wth small contigous vake

T T
Not traced the original data

(a) (b)
Fig 3. 4 (a) and (b) Actual maximum, minimum, and average temperature of Addis Ababa

using cubic spline interpolation and linear interpolation with small missing values respectively

The figure 3.4 (a) and (b) shows Cubic Spline interpolated and Linear interpolated against the
original daily temperature datasets over a period of five years. As we have seen the interpolated
data from these figures, Cubic Spline interpolation traces the original data very closely except
in three places during interpolated the maximum temperature and four during interpolated the
minimum temperature as indicated in the plot. However, in contrast to Cubic Spline
interpolation, linear interpolation fails almost in more than ten places during interpolated both

maximum and minimum temperature as indicated in the plot.

3.2.3.2. Handling Large Missing Datasets

Figure 3.5 (a) and (b) indicates cubic spline and linear interpolations against the original
temperature data records of the graph of large amount of data missing that indicated in the

figure 3.3 (b).

Lineainterplation with Large contigous vakse
T T

| Not traced the origInal data
\

Fig 3. 5 (a) and (b) Actual maximum, minimum, and average temperature of Addis Ababa

using cubic spline interpolation and linear interpolation with large missing values respectively
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As we have seen the result from the two graphs (i.e. from fig 3.5 (a) and (b)), the cubic spline
interpolation fails when a large data is missing. In contrast, linear interpolation traces the
original data closely. Therefore, when large amount of data is missing, it is better to handle
using linear interpolation method. Handling of a small contiguous values using cubic spline
and linear interpolation is 89.75% and 76.2% of accuracy is respectively achieved. However,
during handling of large contiguous missing values 71.45% and 80.33% of accuracy using

cubic spline and linear interpolation respectively.

3.2.4. Data segmentation

In this section the time-series data is divided into a sequence of discrete segments based on
Ethiopian seasons such as Kiremt or Meher (Summer, June-August), Belg (Autumn,
September-November), Bega (Winter, December-February), Tsedey (Spring, March-May) and
rain fall regimes such as Regime A (Bi-Modal type 1 or quasi-double maxima), Regime B

(Mono-Modal or single maxima), and Regime C (Bi-Modal type 2 or double-maxima).

Kiremt
Belg
Bega

Tseday
Data Normalize

Time-series Seasonal
Data

Regime A

Regime B

Regime C

Rainfall Regime

Fig 3. 6 Block diagram of Time-Series data segmentation

As in [2] discussed, the economy of Ethiopia is highly dependent on agriculture and in [1]
mentioned, temperature and rainfall variables are the main factor that affect Ethiopian

agriculture. Therefore, the block diagram of time-series data segmentation shows the
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classification of Ethiopian weather based on temperature, rainfall distribution, and other

weather variables.

3.2.5. Data normalization

Normalization refers to normalizing the data dimensions so that they are of approximately the
same scale [33]. Input data normalization is fundamental in a training process, which is a
crucial to obtain a good result from the network. In [34] [35] [36] depicted, the tow originates
of data normalization such as the normalization which originate from linear algebra and
statistics. Additionally, in [36] discussed, for BPNN model, input data normalization depends
on the selected activation function. For example, if we use a standard sigmoid function, each
input should be normalized between 0 and 1. However, if we use hyperbolic tangent, the input
should be normalized between -1 to 1, otherwise many hidden neurons will have the fixed value
-1,10r0.

Therefore, after the input data are segmented seasonally and based on regimes, we normalize
them based on the following equation [37].

Where: a = [ai, a2, as,..., an], ||a| = horm a, a is the normalized vector of “a”

all = ValZ 4+ 22 4+ 4+ AN2 ... o (2)

3.3. Correlation among input and output variables

Basically, selecting input and output weather variables are the most crucial task during
predicting the atmospheric condition. Therefore, in order to select the input variables we
implement a correlation which is a bivariate analysis that measures the strengths of association

between two variables and the direction of the relationship here.

In statistics, we measure four types of correlations [38] [39] [40]: Pearson correlation, Kendall
rank correlation, Spearman correlation, and the Point-Biserial correlation. However, in this
thesis the correlation among the predictor and predicting variables are implemented by

comparing among Kendall, Pearson, and Spearman correlations.
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Fig 3. 7 (a) and (b) Matrix correlation all weather variables using their daily maximum and
minimum after normalized the actual values respectively (Kendall)
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Fig 3. 8 (a) and (b) Matrix correlation all weather variables using their daily maximum after

normalized actual values (Pearson and Spearman respectively)
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Fig 3. 9 (a) and (b) Matrix correlation all weather variables using their daily minimum after

normalized actual values (Pearson and Spearman respectively)

21



By taking four and half years weather variables data recorded of Addis Ababa as sample, we
performed correlation among each variable. For instance, as we have seen in the figures, both
figure 3.7 (a) and (b) shows the Kendall matrix correlation among the variables using their

maximum and minimum value respectively after normalized of the given data sets as a sample.

As we have seen in the above figures (figure 3.7, 3.8, and 3.9), Spearman correlation is more
powerful than Kendall’s and Pearson’s statistical correlation. Therefore, the input and output

variables are selected based on the Spearman’s correlation result as follow:

Table 1 Selection of Input and Output variables based on Spearman’s correlation

Output Variable Input Variables

Maximum v" Precipitation, Visibility, and wind.
Temperature

Minimum v Air pressure, Dew point, Humidity, and Precipitation,
Precipitation | Maximum v' Temperature and Wind.

Minimum v' Temperature, Wind, and Visibility.

Maximum v’ Air pressure, Precipitation, and Temperature.
Wind

Minimum v’ Precipitation and Visibility.

Maximum v" Visibility, Humidity, and Visibility.
Dew point

Minimum v Humidity, Temperature, and Air pressure.

Maximum v Air pressure, Dew point, and Visibility.
Humidity

Minimum v’ Air pressure, Dew point, and Temperature.

Maximum v Dew point, Humidity, and Temperature.
Visibility

Minimum v Precipitation and Wind.

Maximum v" Humidity and Wind.
Aiir pressure

Minimum v Temperature, and Dew point.

3.3.1. Cross Correlation among the selected input and output variables

The above matrix correlation among the variables was performed for feature extraction as well

as feature selection without lead/lag information. Due to this reason, the previous correlation
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does not capture the prediction capability of the predictor perfectly. Therefore, in this section,
to select appropriate input variables, we implement cross correlation among the input and
output variables by introducing lead/lag information. Besides, we use and implement 150
numbers of lags/leads (i.e. from -150 up to 150) and the default standard deviation (STD) (i.e.

STD = 2) which corresponds to approximate 95% of confidence bounds.

3.3.2. Cross correlation between Temperature and Input Variables

From figure 3.10 — 3.13 indicates the cross correlation among maximum and minimum

temperature and the previous (i.e. from matrix correlation) selected input variables.
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Fig 3. 10 (a) and (b) Cross-correlation between maximum temperature and precipitation and

between maximum temperature and wind respectively
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Fig 3. 11 Cross-correlation between maximum temperature and visibility
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Fig 3. 12 (a) and (b) Cross-correlation between minimum temperature and dew point and
between minimum temperature and precipitation respectively
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(a) (b)
Fig 3. 13 (a) and (b) Cross-correlation between minimum temperature and humidity and

between minimum temperature and air pressure respectively

As we have seen in the above figures, the cross-correlation graph among the minimum and
maximum temperature and selected input variables except minimum temperature and dew
point shows significant correlation at greater than zero lags. But, the figure 3.12 (a) indicates
minimum dew point traces the temperature very closely. Therefore, the dew point information

cannot predict the future values of the temperature.

Therefore, based on the cross-correlation results achieve, we selected the input variables for

maximum and minimum temperature as follow:

Table 2 Selected input variables to predict minimum and maximum temperature based on

cross-correlation

Output Variable Input Variables
Maximum v" Precipitation, Visibility, Wind, and Gaussian noise
Temperature — - — — - -
Minimum v' Air pressure, Humidity, Precipitation, and Gaussian noise

3.3.3. Cross correlation between Precipitation and Selected Input Variables

From figure 3.14 — 3.16 indicates the cross-correlation among maximum and minimum

precipitation and the previous selected input variables.
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Fig 3. 14 (a) and (b) Cross-correlation between maximum precipitation and temperature and

between maximum precipitation and humidity respectively
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Fig 3. 15 (a) and (b) Cross-correlation between minimum precipitation and temperature and

between minimum precipitation and visibility respectively
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Fig 3. 16 Cross-correlation between minimum precipitation and wind

The above figures (figure 14, 15, and 16) indicate cross-correlation result among the minimum
and maximum precipitation and the selected input variables. And they show significant
correlation at greater than zero lags. Therefore, based on the cross-correlation result, we
selected the input variables which are used to predict the future of maximum and minimum

precipitation in the table below.
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Table 3 Selected input variables to predict minimum and maximum Precipitation based on

cross-correlation
Output Variable Input Variables
Maximum v' Temperature, Wind, and Gaussian noise
Precipitation — - — - -
P Minimum v' Temperature, Wind, Visibility, and Gaussian noise

3.3.4. Cross-correlation between Wind and Selected Input Variables

From figure 3.17 — 3.19 indicates the cross correlation among maximum and minimum wind

and the selected input variables.
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Fig 3. 17 (a) and (b) Cross-correlation between maximum wind and temperature and between

maximum wind and air-pressure respectively
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Fig 3. 18 Cross-correlation between maximum wind and precipitation
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Wind Vs Precipitation Wind Vs Visibility
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Fig 3. 19 (a) and (b) Cross-correlation between minimum wind and precipitation and between

minimum wind and air-visibility respectively

As we have seen the result of cross-correlation between maximum and minimum wind and the
previous selected input variables graph, all have significant correlation at greater than zero lags.
However, figure 3.19 (b) indicates, minimum wind and visibility have a pure negative
correlation. Therefore, based on the cross-correlation result, we selected the input variables for
maximum and minimum wind as follow:

Table 4 Selected input variables to predict minimum and maximum wind based on cross-

correlation

Output Variable | Input Variables

Maximum v’ Air pressure, Precipitation, Temperature, and Gaussian noise
Wind

Minimum v" Precipitation, Visibility, and Gaussian noise

3.3.5. Cross-relation between Dew-point and Selected Input Variables

From figure 3.20 — 3.22 indicates the cross correlation among maximum and minimum Dew-

point and the previous selected input variables.
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Fig 3. 20 (a) and (b) Cross-correlation between maximum dew-point and humidity and between

maximum dew-point and visibility respectively
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Fig 3. 21 (a) and (b) Cross-correlation between minimum dew-point and air-pressure between

minimum dew-point and humidity respectively
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Fig 3. 22 Cross-correlation between minimum dew-point and air-pressure

As we have seen the cross-correlation result in figure 3.20 (a), 3.21 (b), and 3.22, maximum

dew-point and humidity, minimum dew-point and humidity, minimum dew-point and

temperature respectively traces the dew-point very closely. Thus, the maximum and minimum

humidity’s and minimum temperature are not good for predicting the future of the dew-point.

Therefore, based on the cross-correlation among dew-point and the selected input variables

result, we put the predictor variables in the table below.

Table 5: Selected input variables to predict minimum and maximum dew-point based on cross-

correlation

Output Variable Input Variables
Maximum v" Visibility, Visibility, and Gaussian noise
Dew-point — . . -
P Minimum v Air pressure, and Gaussian noise
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3.3.6. Cross-correlation between Humidity and the selected input variables

From figure 3.23 — 3.25 indicates the cross correlation among maximum and minimum
humidity and the previous selected input variables.
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Fig 3. 23 (a) and (b) Cross-correlation between maximum humidity and air-pressure and
between maximum humidity and dew-point respectively
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Fig 3. 24 (a) and (b) Cross-correlation between maximum humidity and visibility and between
maximum humidity and temperature respectively
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Fig 3. 25 (a) and (b) Cross-correlation between minimum humidity and air-pressure and
between minimum humidity and dew-point respectively
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The figure 3.23 (b) and 3.25 (b) indicates that the cross-correlation graph between the
maximum and minimum humidity and dew-point respectively. As we have seen from the
figures, humidity and dew-point shares very high correlation at zero lag. This indicates that,
dew-point information traces very closely to the humidity. Due to this reason, dew-point

information cannot predict the future value of humidity.

Therefore, based on the result of cross-correlation of selected input variables and the humidity,

| put the appropriate input variables which are used to predict humidity in the next table.

Table 6 Selected input variables to predict minimum and maximum humidity based on cross-

correlation
Output Variable Input Variables
Maximum v Air pressure, Visibility, and Gaussian noise
Humidity — . - -
Minimum v" Air pressure, Temperature, and Gaussian noise

3.3.7. Cross-correlation between Visibility and the Selected Input Variables

From figure 3.26 — 3.28 shows the cross-correlation among maximum and minimum Visibility

and the selected input variables.
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Fig 3. 26 (a) and (b) Cross-correlation between maximum visibility and humidity between

maximum visibility and dew-point respectively
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Fig 3. 27 Cross-correlation between maximum visibility and temperature
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Fig 3. 28 (a) and (b) Cross-correlation between minimum visibility and precipitation between

minimum visibility and wind respectively

The above figures (figure 26, 27, and 28) indicate the cross-correlation graph among the
visibility and the input variables. Since all input variables information does not trace very
closely the visibility information, we selected all previous selected input variables and we put
them in the table below. Besides, as we have seen in figure 3.28 (b), the visibility and wind
have pure negative correlation.

Table 7 Selected input variables to predict minimum and maximum visibility based on cross-
correlation

Output Variable Input Variables
Maximum v Dew point, Humidity, Temperature, and Gaussian noise
Visibilit — ——— . - .
Y Minimum v' Precipitation, Wind, and Gaussian noise

3.4. Summary

To conclude this chapter, the proposed system generally categorizes into preprocessing phase
which mainly focuses on selecting and gathering weather parameters, handling missing values,
segmentation, and normalizes the dataset, design and train phase which provides designing of
the proposed network and train the network, and predicting phase which focuses on
determining of the prediction of weather condition. For handling the missing data numerical
interpolation namely cubic spline and linear interpolations are provided. Besides, in order to
know the strength among the selected input and output variables statistical matrix correlations
such as Pearson, Kendall, and spearman are presented. However, the matrix correlations are
not capable for fully forecast purpose. Then, to figure out this problem, cross correlation with
lag/lead information among the predicting and predictor are presented.
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Chapter Four

4. Implementing
4.1. Introduction

In this chapter we explain a brief over view of all the mathematical background of the
algorithms including the overall flow chart of the proposed system. Furthermore, we also

presented here all about the pseudo code of the algorithms.

4.2. Overall Flow chart of DBN and SVM networks

The figure 4.1 shows the overall flowchart of the proposed system and we summarize it as

follows:
Stepl: collect the weather dataset

Step 2: handle the missing data’s. If the missing data has more than four contiguous values,
handle it using linear interpolation method, otherwise use cubic spline interpolation method.

However, if data is not missing, go to step three.

Step 3: if data is not missing, segment the datasets based on Ethiopian season and rainfall

regimes.

Step 4: select input and output variables by applying correlation among the variables.
Step 5: Normalize the data dimensions

Step 6: feed the normalized data to the designed network which are DBN and SVM.

Step 7: calculate the error. If the output error is much greater than the expected error, return to

step 6, otherwise, test and validate the system.

Step 8: finally, predict the atmospheric condition based on the forecasting ranges such as short

range, medium range, and long range.
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Fig 4. 1 over all flow chart of the proposed system
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4.3. Deep Neural Network Algorithm
4.3.1. Restricted Boltzmann Machine (RBM)

RBM is a two-layer stochastic network such as visible layer V and hidden layer h [41] [42].
And also, there are only connections between input and hidden layers and no connections

among units in the same layer; see figure 4.2.

h) [« Hidden Layer

Wij

/5) = V1) l&«—Visible Layer

Fig 4. 2 The structure of the restricted Boltzmann machine.

Besides, it is an undirected bipartite graphical model with its probability distribution governed
by an energy function E, parameterized by A ={W; b; ¢} [43]:
E (V, h; A) =- Zi ¢ visible CiVi - 2] ¢ hidden b_]h] - Zi,j Vlh]Wl_] ........................... (3)

Where vi and hj are the binary state of visible unit i and hidden unit j respectively; ci and bj are
their corresponding biases; wij is the weight between visible and hidden unit. The joint

probability for configuration v; h is formulated as follows:

P(V, B A) = ittt (4)

Where: Z is the partition function, which ensures the function a valid probability function. The

conditional probability in this RBM is thus,
PVI\D; A) = sigm (Cis Xoj WITRJ) coovoeeii s (5)

P(hj\ V; A) = SIZM (Di+ D0 WIJUL) ceveviiereeeieereisse sttt ss et s sttt sa s ens s nsanas (6)

Where sigm is the sigmoid function; Parameter learning of this model is usually done by the

ML learning. The log probability that the network assigns to the data is given by

34



LOg P(V; A) = 108X 1 D(V, s K) ettt et st e (7)

Taking the partial derivative of log p(v; A) with respect to the parameters {W; c; b} yields the

following update rule:

Wij= Wij+ <vihj>data - < vihj>model ... (8)
Ci=Cit<vi>data- <Vi>model ........ooiiiiiiiii 9)
bj=bj+ <hj>data - <hj>model ............ccooeiiiiii (10)

Where<> denotes the expectation. <>data means empirical expectation, and <>model denotes
expectation with respect to model distribution.

RBMs are usually trained by using the contrastive divergence (CD) learning procedure, which
is introduced in [44]. To avoid the difficulty in computing the log likelihood gradient, the CD
method approximately follows the gradient of a different function. CD has been applied
effectively to various problems, using Gibbs sampling or hybrid Monte Carlo as the transition
4.1.3.2. Deep Belief Network

DBN is a multilayer, stochastic generative model that is created by training a stack of RBMs,
each of which is trained by using the hidden activities of the previous RBM as its training data.
Each time anew RBM is added to the stack, the new DBN has a better lower bound on the log
probability of the data than the previous DBN [45].

RBM3

4

RBM2

RBM1

o

Fig 4. 3 Deep Belief Network (DBN)
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Pseudo code of DBN

Training Dataset (Xt,Yy), t={1, 2, 3, ..., n},
n = length of the input vector
% Initialization
Initialize M_Epoch, LR, E_Error, Visible and Hidden biases, Random Weight Matrix
% Start Positive Phase
%From Visible to Hidden one
E(V,H1) = Sum(Wij* Vi);
P(H1=1/V) = Sigm(HB + E(V,H1) );
%End V to H1
%From H1 to H2
E(H1,H2) = Sum(WTij* Vj);
P(H2=1/H1) = Sigm(HB + E(H1,H2) );
%End H1 to H2

While Error is not converged

% Start Negative Phase (From output returns to visible units by applying the same process
with positive phase)
H1 ~ P(H1/H2)
V1~ P(V/H1)

%Update Weights and Biases
UpdtWi; = Wjj + LR ( +veP(V/H) - -veP(H/V)) ;
UpdtBV =BV + LR ( V1-V2)
UpdtBH1 = BH1+ LR ( H1 - H2)

End while

In order to implement the DBN based weather forecasting, we uses two stacked restricted
boltzmann machine. The algorithm most often used to train RBMs, that is to optimize the
weight vector, is the CD algorithm as proposed by Hinton. The algorithm performs Gibbs

sampling and is used inside a gradient descent procedure to compute weight update.
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4.4 Support Vector Machine

SV Ms are typically used for learning classification, regression, or ranking functions, for which
they are called classifying SVM [46]. However, in this thesis concerned with regression. SVM
Regression (SVR) is a method to estimate a function that maps from an input object to a real
number based on training data. Similarly to the classifying SVM, SVR has the same properties
of the margin maximization and kernel trick for nonlinear mapping.

Pseudo code of SVM for regression (SVR)

Training Dataset (X, Y1), t={1, 2, 3, ..., n},
n = length of the input vector
Mapping into a non-linear:
Y(X) = WT* F(X) + B;
% regularized Error function
Minimize the Euclidian norm
Min 1/2||W|[?
Apply e-Sensitive error function
Le(Y)=0if |f(x) -Y|<eor Le(Y)=If(X)-Y|-e
If Le(Y)<e
Break;
else
% adding slack Variables
Yn—e-sl<=Yi<=Yp+e+sl
% Error Function for SVR
minimize: C*Sum(a* + a’) + ¥ ||W||?
% Apply Lagrange multiplier and dual formulation
L: %|W|? + C * Sum (a* + &) - Suma(e + a* —Yi+ <W,Xi + B) - Suma’(e + a —Yi-
<W,Xi - B) — Sum(Ba* + " a)
% Prediction
Y(X) = Sum((B - B*) K(X,Xn) + B)
% Apply Karush-Kuhn-Tucker(KKT)
determine B:
B= Y:-e-WT *F(X)
While the Error is not converged
Update B and W
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Return to prediction step

End

End

In implementing of the SVM regression with e-insensitive loss function, Firstly, the input
dataset is mapped into future space. Then in order to evaluating the kernel function, dot
products are computed with the training dataset under the mapped values. Finally, the dot
products are added up using the weights. And we will use the MATLAB optimization package

for programming.

4.5 Overall flow chart of the existing forecasting system

Gather Observations

Data Assimilation

I

MNumerical Weather
Predictions

I

Post Processing of
Model Forecasts

I

Issue forecasts,
Evaluate

Fig 4. 4 Flow chart of numerical weather forecasting

The figure 4.4 shows the overall flowchart of the existing system and we summarize it as

follows:

Step 1: collecting of the weather variables.

Step 2: Automated algorithms and manual intervention to detect, correct, and remove errors in

observed data.
Step 3: interpolating the data numerically
Step 4: prediction of the weather events by applying numerical extrapolation

Step 5: Evaluating the forecasting events
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Chapter Five

5. Results and Discussion
5.1. Introduction

In this section we have provided several empirical results of the predicted weather with respect
to Ethiopian context based on the three experiment ranges namely short range, medium range,
and long range using DBN and SVM algorithms in contrast to the existing forecasting system
called numerical method. And also, in the experiments mainly concentrated on forecasting of
maximum and minimum values of the selected weather variables with handling and missing

the data that we have mentioned in chapter three. The three experiments are:

v Experiment one: It focuses on short range forecasting of the weather events using the
DBN, SVM, and NWP algorithms based on the collected hourly data and it compares
the performance of these algorithms based on time consumption and root mean square
error.

v Experiment two: It focuses on medium range forecasting of the selected weather events
based on the DBN, SVM, and NWP algorithms using a daily data-set and it evaluates
and compares their performance by applying RMSE and the time they have taken
during training the data.

v Experiment three: It focuses in the evaluating of the long range forecasting result of the
selected weather events based on the DBN, SVM, and NWP algorithms using the

average of one third of the daily data-set.

RMSE = sqrt((Xra(Yi — YD) 2) /1) cev v et et e e e e e et e e e e e e e e e w211
%RMSE = sqrt((Xi=,(Yi — yi)"2) /1) % 10090 .. cev ev cee ee e et e et e et e e e e 22 12
Where, Yi = desired value, yi = actual value, and n = size of the data.

As in [47] describes, numerical weather prediction refers to forecasts that are obtained by using
complex mathematical calculations carried out with high-speed computers; and its accuracy
primarily depends on two factors. First, the more data that is available to a computer, the more
accurate its result. Second, the faster the speed of the computer, the more calculations it can

perform, and the more accurate its report will be.

The paper in [48] concludes, without the invention and subsequent improvement of computers,

numerical weather prediction would still be in its infancy. Therefore, it is so difficult to achieve
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good performance of weather forecasting using numerical with the recent computers. In
addition to that, as we have seen in the literature review section, a lot of researches ensure
numerical weather prediction has low performance in contrast to machine learning based

forecasting methods. Moreover, the drawbacks of numerical weather prediction are:

v’ It is parameterized
v' Itis difficult with convective process

v' It has systematic errors.

The Statistical methods are usually associated with linear data [15]. However, the weather
events are nonlinear by their nature. Therefore, it is tedious to forecast accurate future
conditions using statistical methods. Besides, forecasting of an atmospheric condition using
statistical methods has a number of drawbacks. For example, it requires thousands of equation
to develop the forecasting, change in model requires developing a new equation, and others
[49].

Therefore, SVM regression is selected instead of numerical and statistical methods and makes
a comparison with the proposed algorithm called DBN. However, in order to ensure the
aforementioned problems, we implemented numerical method for regression called polynomial

regression and comparison of the result with the selected machine learning algorithms is done.

For implementing of the proposed and existing system, the four and half years of hourly and
daily recorded dataset of NOAA is used. Besides, we uses seventy percent of the collected data
for training purpose and thirty percent of the data-set for testing and validating purpose. Then,
after the testing is done a graph is plotted between the actual output and the predicted output.

Then, a comparison among the proposed and existing algorithms can be made.

All in all, eight towns and seven weather variables are selected as a sample to forecast
atmospheric condition with respect to Ethiopian context, and more than 1000 empirical results
are achieved from the experiment. However, as it is difficult to put and discuss the whole result
we have achieved, we have provided the temperature and precipitation weather variables only

to discuss and evaluate their result as a sample here.
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Fig 5. 1 Graph of the maximum value of the selected weather variables after normalization

All selected weather variables of Addis Ababa
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Fig 5. 2 Graph of the minimum value of the selected weather variables after being normalized

The figure 5.1 and figure 5.2 depicts a plot containing the maximum and minimum collected
data such as temperature, dew point, humidity, wind, visibility, precipitation, and air pressure

including the Gaussian noise over a normalized scale.

5.2. Result

In all the three forecasting algorithms namely DBN, SVM, and Numerical forecasting models,
we will use the same training dataset. And also, for all the following tests provided in this
section, we have utilized MATLAB 2016a on Intel(R) Core(TM) i5-3340M CPU @ 2.70GHz
(4 CPUs), ~2.7GHz and 4GB RAM.

During applying SVM for regression algorithm for all tests, the training parameters we used
are:

v" E-insensitive tube as loss function with the value of e = 0.005,
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v’ Additional capacity control C = 100,
v Kernel type = polynomial kernel function, and
v Quad optimization toolbox of MATLAB.

During forecasting using DBN also, for all experimental tests we use three consecutive RBM
networks with one input layer, one output layer which has one neuron, and two hidden layers
which has ten and six neurons respectively. As well, we used learning rate (Lr = 0.78), number
of epochs (Ep = 1000), randomly generated weight, and initially zeros of biases for all layers.

Experiment 1 — Short range

The figure 5.3 shows the short range temperature prediction graph using SVM; the dotted blue
graph indicates the upper and lower graph of the e-insensitive tube called lose function of the
SVM for regression. The red and green graph that we have depicted in the graph is the real data
and predicted data respectively. Besides, the y-axis is normalized hourly temperature values
and the x-axis is the number of days which are selected randomly as sample.
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Fig 5. 3 Short range forecasting of temperature using SVM

As in the paper [50] describes, the main goal of SVM for regression is to find the estimated
value with in the e-insensitive tube. However, it will not accept any deviation larger than the

tube. Therefore, all the results are done based on this principle.

In the result of the short range temperature forecasting, shown in figure 5.3, the number of
support vectors which are the predicted values out of the e-insensitive tube are 260 (i.e. 13.63%
of the number of the trained data). Besides, based on the percentage of RMSE, the short range
temperature forecasting is 79.6% accurate. Therefore, the result indicates the predicted values

are approximately closely traced the actual values.
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The figure 5.4 indicates the short range precipitation prediction using SVM. The dotted blue
graph shows the upper and lower e-insensitive tube, the red and green graph indicates target
data and predicted values respectively. Besides, the y-axis is normalized hourly precipitation
values and the x-axis is the number of days which are selected randomly as sample.
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Fig 5. 4 Short range forecasting of Precipitation using SVM

As the result graph (figure 5.4) indicates, we have 685 number of support vectors (i.e. 58.75%
of the number of the trained data); and also it is 87.3% accurate. The result has good accuracy;
however, above 50% of the predicted values are support vectors. Therefore, forecasting of

precipitation is not as good as forecasting temperature with SVM.

The figure 5.5 (a) and (b) shows the graph of short range forecasted temperature and
precipitation respectively using DBN. The red and green graph indicates the actual and
predicted value respectively. Besides, the y-axis is normalized hourly temperature and
precipitation values (5.5 a and b respectively) and the x-axis is the number of days which are

selected randomly as sample.
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Fig 5. 5 (a) Short range of temperature forecasting with DBN (b) Short range of precipitation
forecasting with DBN
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As the graph 5.5 (a) and (b) indicates the trained value closely traces to the actual value. In
addition to that, based on the percentage of root mean square error, they have 88.6% and
87.47% accuracy respectively. Therefore, forecasting of temperature and precipitation with

large dataset using DBN gives us good fit.

The figure 5.6 and 5.7 shows the graph of short range forecasted temperature and precipitation
of the forecasted precipitation respectively using numerical with polynomial regression.
Besides, the y-axis is normalized hourly temperature and precipitation values and the x-axis is

the number of days which are selected randomly as sample.

The result graph indicates that, using the proposed weather variables only, numerical
forecasting is not appropriate to predict the future atmospheric condition. For example,
forecasting of temperature and precipitation numerically has 52.5% and 78% accuracy

respectively.
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Fig 5. 6 (a) Short range temperature forecasting with numerical method
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Fig 5. 7 Short range precipitation forecasting with numerical method
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Experiment 2 — Medium range

The figure 5.8 (a) and (b) shows the medium range forecasting of maximum temperature before
and after handling the missing values respectively using SVM algorithm. And also, the red,
green, and blue indicates the target, predicted values, and upper and lower e-insensitive tube
respectively. Besides, the y-axis is normalized daily temperature values and the x-axis is the

number of days which are selected randomly as sample.

As we will see in the next figures (5.8, 5.9, and 5.10), before handling the missing values, more
than 87% of the trained values are become a support vector. However, in order to reduce the
number of support vectors, we enlarged the values of epsilon (e) from 0.001 to 0.015. Besides,
based on the percentage of the RMSE, we have achieved greater than 79.6% accuracy in
average. Furthermore, the performance and the train time consumption is summarized in table
9.
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Fig 5. 8 (a) Maximum temperature with missing data (b) Maximum temperature after
handling the missing data

The figure 5.9 (a) and (b) shows the medium range minimum temperature prediction graph
before and after handling the missing data using SVM; the dotted blue graph indicates the upper
and lower graph of the e-insensitive tube. The red and green graph that we have plotted in the

below graph are the actual and predicted value respectively.
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The figure 5.10 (a) and (b) shows the prediction of maximum precipitation before and after
handling the missing data using SVM. And also, the red, green, and blue indicates the actual,
predicted values, and upper and lower e-insensitive tube respectively. Besides, the y-axis is
normalized daily precipitation values and the x-axis is the number of days which are selected

randomly as sample.

Forcasting of Pracipitation in Addis Ababa
T T T

Forcasting of Pracipitation in Adds Ababa
T

uuuuu
LLLLLL

20
Numbor of Days

@ (b)
Fig 5. 10 (a) Maximum Precipitation with missing data (b) Maximum Precipitation after
handling the missing data

The figure 5.11 (a) and (b) shows the prediction of maximum precipitation before and after
handling the missing data using SVM. Besides, the red, green, and blue indicates the actual,
predicted values, and upper and lower e-insensitive tube respectively. Besides, the y-axis is
normalized daily precipitation values and the x-axis is the number of days which are selected

randomly as sample.
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Fig 5. 11 (a) Minimum Precipitation with missing data (b) Minimum Precipitation after
handling the missing data

The figure 5.12 (a) and (b) shows the forecasting of minimum temperature after and before
handling the missing values with DBN respectively. The actual data and predicted values are

plotted using red and blue color respectively.

As we will see in figure 5.12, 5.13, and 5.14, the predicted data closely traced to the actual
value. But, in contrast to before and after handling the missing values, forecasting after
handling the missing contiguous values are more accurate than forecasting without handling
the missing values. For example, the DBN forecasting method has greater than 83.76% and
87.82% in average accuracy before and after handling the missing values.
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Fig 5. 12 (a) Minimum temperature after handling the missing data (b) Minimum temperature
before handling the missing data

The figure 5.13 (a) and (b) shows, prediction of maximum temperature after and before

handling the missing data using DBN respectively. The red and green colors indicate the actual
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data and predicted values respectively. Additionally, figure 5.24 (a) and (b) shows the root

mean square error graph of figure 5.23 (a) and (b) respectively.
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Fig 5. 13 (a) Maximum temperature after handling the missing data (b) Maximum temperature
before handling the missing data
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Fig 5. 14 (a) Maximum precipitation before handling the missing data (b) Minimum
precipitation before handling the missing data
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Fig 5. 15 Forecasting of maximum temperature using numerical with polynomial regression
after handling the missing data
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Fig 5. 16 forecasting of minimum temperature using numerical with polynomial regression
after handling the missing data
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Fig 5. 17 Forecasting of precipitation using numerical with polynomial regression after
handling the missing data

In [47] paper describes, numerical based weather forecasting without powerful computer is not
give us good fit. Therefore, as we have seen from figure 5.27, 5.29, and 5.31, the estimated
values are not closely traced to the target value.

Experiment 3 — Long range

The figure 5.18 (a) and (b) shows the long range prediction of maximum temperature before
and after handling the missing data using SVM. The red, green, and blue indicates the actual

data, predicted values, and upper and lower e-insensitive tube respectively. Besides, the y-axis
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is normalized one third average of daily temperature values and the x-axis is the number of

days which are selected randomly as sample.

As we will see in the figures 5.18, 5.19, 5.20, and 5.21, almost 75% of the predicted values are
support vectors. However, they have greater than 79.34% accuracy. This result indicates us

even most of the predicted values are out of the e-tube, but they are well trained.
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Fig 5. 18 (a) Maximum temperature with missing data (b) Maximum temperature after handling
the missing data

The figure 5.19 (a) and (b) shows the long range prediction of minimum temperature before
and after handling the missing data using SVM. Besides, the red, green, and blue indicates the

actual data, predicted values, and upper and lower e-insensitive tube respectively.
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Fig 5. 19 (a) Minimum temperature with missing data (b) Minimum temperature after handling
the missing data

The figure 5.20 (a) and (b) shows the long range prediction of maximum precipitation before
and after handling the missing data using SVM. Besides, the red, green, and blue indicates the

actual data, predicted values, and upper and lower e-insensitive tube respectively. Besides, the
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y-axis is normalized one third average of daily precipitation values and the x-axis is the number

of days which are selected randomly as sample.
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Fig 5. 20 (a) Maximum Precipitation with missing data (b) Maximum Precipitation after
handling the missing data

The figure 5.21 (a) and (b) shows the long range prediction of minimum precipitation before
and after handling the missing data using SVM. Besides, the red, green, and blue indicates the

actual data, predicted values, and upper and lower e-insensitive tube respectively.
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Fig 5. 21 (a) Minimum precipitation with missing data (b) Minimum precipitation after
handling the missing data

The figure 5.22 shows the long range maximum temperature prediction and error graph of the
forecasting using DBN. The red, green, and light blue colors indicate the graph of actual,
predicted, and error respectively. Besides, the y-axis is normalized one third average of daily

temperature values and the x-axis is the number of days which are selected randomly as sample.
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Fig 5. 22 Long range forecasting of maximum temperature using DBN

From the result figure 5.22 observed, unfortunately the forecasting system seems not to learn
very well and we have achieved 34.8% accuracy. This is because due to the small

dimensionality input of the historical dataset.

The figures 5.23 and 5.24 shows the forecasting of the long range of the maximum and
minimum temperatures using numerical method respectively. Besides, the y-axis is normalized
one third average of daily temperature values and the x-axis is the number of days which are

selected randomly as sample.
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Fig 5. 23 forecasting of maximum temperature using numerical with polynomial regression
after handling the missing data
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T T T

Minimum Temperature
4

A

£\

/‘
\ |/ *
0.05 — X A VAR /%
g 4\ -.f”‘““ / \"tf"ﬂ a A \ 4N o |
o4 / A= AN / y 7 Ne By |
ooaf- / \od " T “'%;Ar‘ ey P e N F ‘:\w\,@ d/'?\&'e/) 9.9 HR/‘P
\ \ / ol \V

! \ / VA \-."/ Al \7

ooal- | #F ¥y \ | |/ |

\/ \

1 1 1 ‘I*I' {
20 a0 0

30
Number of Days

Fig 5. 24 forecasting of minimum temperature using numerical with polynomial regression
after handling the missing data

As we have clearly seen from the figure 5.42 and 5.44, the predicted data is not closely traced

to the actual data and we have achieved 58% accuracy.

5.3. Discussion

The correctness and accuracy of the proposed model is checked using Root Mean Square Error
(RMSE) and the time consumption. The RMSE is measured by square rooting the average of
the squares of errors and the time consumption measures the time taken to execute the result,
that is the difference between starting time and final time. Besides, the accuracy of forecasting
is calculated by the product of RMSE and 100%. Finally, we conclude, if the result has lesser

RMSE and time consumption values, as more accurate the result are.

As we have seen in the result section, in this research work, the proposed algorithms
comprehensively simulated using maximum and minimum values of temperature and
precipitation before and after handling the missing values with respect to Ethiopian context
based on the three forecasting ranges such as short range, medium range, and long range.
Moreover, the network is trained with four and half years hourly and daily historical data

recorded from the eight Ethiopian towns that listed in chapter three.

In experiment one (i.e. short range forecasting), we uses similar hourly historical data-set to
train SVM and DBN networks. Since the change of temperature and precipitation in short term
is very stable, the stations are not recorded their maximum and minimum values. Therefore, in
this experiment, we did not provide the result based on their maximum and minimum values.
The objective of this experiment is to forecast the short term (i.e. hourly) temperature and

precipitation using the proposed algorithms in contrast to the existing system. From figure 5.3
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and figure 5.5 (a), we observed that both SVM regression and DBN for regression
approximately similar. Furthermore, figure 5.4 and 5.5 (b) shows that DBN has better accuracy
than SVM regression. However, as we have observed the figure 5.6 and 5.7, numerical method
forecasting less accurate than both SVM and DBN.

Empirically, forecasting of temperature and precipitation using SVM regression are 79.6% and
87.3% accurate respectively. Whereas, when we implement them using DBN, they are 88.6%
and 88.3% accurate respectively. Therefore, as in [20] [21] [25] ensures the accuracy of DBN
in forecasting of a big data and as we clearly observed from the figures as well as the
experimental results, the DBN gives a better performance than SVM regression as well as

numerical based regression.

In experiment two (i.e. Medium range forecasting), we have use the same daily recorded data-
set to implement the weather prediction using DBN, SVM networks, and numerical regression
method; based on their maximum and minimum values. Moreover, we predict the atmospheric
condition based on before and after handling the missing values except during forecasting
numerically. As we observe the empirical results from figures 5.8, 5.9, 5.10, 5.11, 5.12, 5.13,
5.14,5.15, 5.16, and 5.17 as well as from table 9, DBN has better performance to forecast the
future value of maximum and minimum temperature and precipitation before and after

handling the missing values in contrast to SVM and numerical regressions.

For instance, the accuracy of predicting maximum temperature before and after handling the
missing data is 80.4% and 81.8% using SVM regression and 87.7% and 92.2% using DBN
respectively achieved. And also, the accuracy of forecasting minimum temperature before and
after handling the missing data is 80.8% and 83.3% using SVM regression and 90.13% and
90.72% using DBN respectively. Furthermore, DBN is better for forecasting of the
precipitation values.

In experiment three (i.e. Long range forecasting), we uses the average value of one third of
the daily recorded data-set; and implemented using the same dataset for all DBN, SVM, and
numerical regression algorithms. Then, the total average of one third of the four and half years
data recorded is around 546 dataset. According to [23], DBN requires high dimensional input
dataset for train the network and to get better performance. Due to this reason, from figure 5.18
(@), 5.22, and 5.23 clearly observed, the SVM and numerical regressions are completely
outperforms DBN based forecasting methods. For example, the accuracy of forecasting of

maximum temperature before handling the missing data is 86.02% and 32.88% using SVM
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regression and DBN respectively. Therefore, as we have seen from the empirical result, in low
dimension input dataset DBN has very low performance relatively to SVM as well as numerical

regressions.

The table 9 gives us the result of the three experiments of Maximum temperature before
handling the missing data (MaxTM), Maximum temperature after handling the missing data
(MaxTH), Minimum temperature before handling the missing data (MinTM), Minimum
temperature after handling the missing data (MinTH), Maximum precipitation before handling
the missing data (MaxPM), Maximum precipitation after handling the missing data (MaxPH),
Minimum precipitation before handling the missing data (MinPM), and Minimum precipitation
after handling the missing data (MinPH) based on RMSE and time consumption.

Table 8 Summary of the time required to train the system with the RMSE values in each of the
experiments

Forecasting Range SVM DBN
Temp RMSE 0.204 0.114
Short TimeCo 147.6 seconds 127.3 seconds
range Prec RMSE 0.127 0.117
TimeCo | 346.9 seconds 115.9 seconds
MaxTM | RMSE 0.196 0.123
TimeCo | 40.6 seconds 32.0 seconds
MaxTH | RMSE 0.167 0.078
TimeCo | 42.1 seconds 37.12 seconds
MinTM | RMSE 0.192 0.0987
TimeCo 146.3 seconds 72 seconds
) MinTH | RMSE 0.182 0.0928
Medium TimeCo | 171.3 seconds 49.7 seconds
Range  [MaxPM | RMSE | 0.1259 0.159
TimeCo 172.2 seconds 23.0 seconds
MaxPH | RMSE 0.1253 0.073
TimeCo 218.0 seconds 21.92 seconds
MinPM | RMSE 0.0267 0.0089
TimeCo 149.0 seconds 19.2 seconds
MinPH | RMSE 0.0266 0.0082
TimeCo 146.7 seconds 17.6 seconds
MaxTM | RMSE 0.139771 0.6712
TimeCo | 4.7 seconds 3.0 seconds
MaxTH | RMSE 0.183137 0.6515
TimeCo 4.5 seconds 2.75 seconds
MinTM | RMSE 0.159 0.6891
TimeCo 6.9 seconds 3.2 seconds
Long MinTH | RMSE | 0.119 0.6874
Range TimeCo 6.9 seconds 2.55 seconds
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MaxPM | RMSE 0.1444 0.7152
TimeCo | 7.0 seconds 2.37 seconds
MaxPH | RMSE 0.1433 0.4317
TimeCo | 7.3 seconds 2.50 seconds
MinPM | RMSE 0.2460 0.6815
TimeCo 5.0 seconds 3.15 seconds
MinPH | RMSE 0.2457 0.6358
TimeCo 4.2 seconds 1.77 seconds

All in all, if the input dataset has high dimension, DBN based forecasting provides high
performance in contrast to SVM and numerical regressions; and in small dimension input
dataset, forecasting with respect to SVM and numerical regression outperforms the DBN

forecasting methods.

5.3. Summary

In this chapter several empirical result is provided based on the forecasting ranges using DBN
in contrast to SVM and NWP. And also, as it is difficult to put and discuss the whole achieved
result and since the economy of Ethiopia is highly depends on agriculture which factor affects
by temperature and rainfall distribution, the temperature and precipitation weather events are
selected and delivered as a sample. Besides, the whole experimental result performance are

evaluated based on the percentage of RMSE and the time taken during training the network.

56



Chapter Six

6. Conclusion and Future Works
6.1. Conclusion

Forecasting of the accurate atmospheric condition is becoming an essential necessity for the
individuals, agriculturalist, and other socio-economics in the world. Therefore, this research
proposed to investigate a new forecasting model with respect to Ethiopian context based on the
three forecasting range such as short range, medium range, and long range. The proposed
system is implemented using DBN, SVM, and numerical regression algorithms by classifying
the daily and hourly collected historical data based on the Ethiopian seasons and rainfall

regimes.

The collected time series data from different station are incomplete and inconsistent. Therefore,
to resolve this issue, we apply linear and cubic spline interpolation technique. Cubic spline
interpolation is most effective on handling a small amount of missing data-sets (i.e. four
contiguous missing values) in contrast to linear interpolation. However, linear interpolation is
most effective on handling large amount of missing data. Additionally, we apply Spearman’s

correlation for future extraction of the selected weather variables.

This research work compares the performance of SVM for regression and DBN based
forecasting of the weather events with the existing forecasting method; that is numerical
regression based on RMSE and time consumption. As described in [46], SVM for regression
does not care about the forecasting of errors as long as they are less than g-tube (i.e. the upper
and lower bound of the target value). However, DBN focuses on how the target value traces
the actual value. In experiment one, which is short range forecasting, both SVM regression and
DBN networks have approximately similar and have higher performance than the numerical
based forecasting. For instance, the forecasting accuracy of temperature is 88.6%, 78.2%, and
52.5% using DBN, SVM, and Numerical algorithms respectively. But, forecasting using DBN
is closely traced the actual data. Similarly, in experiment two, which is medium range
forecasting, also have approximately similar results with experiment one was achieved. But, in
the last experiment, which is long range forecasting, SVM and numerical regressions are
completely outperforms DBN based prediction. As we have seen from the result, DBN based
forecasting of a big data is more efficient in contrast to the SVM as well as numerical
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regressions. However, for forecasting of small dimension input data, SVM and numerical

regressions has better performance than DBN.

Moreover, this thesis implements the forecasting of the weather events before and after
handling the missing values and their performance are quite similar in DBN and a little bit
difference in SVM regression. However, relatively, forecasting after handling the missing data

gives us better performance.

Generally, if we apply big data of weather events as input, the DBN has a better performance
than SVM regression and forecasting with respect to SVM regression outperforms the DBN
forecasting methods, if we use small dimension dataset as input values. Besides, the proposed
system is useful for forecasting of high dimension weather events input data with respect to

Ethiopian context.

6.2. Future Works

Since numerical weather forecasting method need high performance computer to predict
accurate weather events and difficult forecasting of accurate atmospheric condition with the

recent computers, for the next:

v" We should focus on applying different machine learning algorithms to forecast
accurate weather condition.

v With considering the effect of interpolation during missing data handling, to forecast
an accurate atmospheric condition, it is also better to add different types of weather

events namely radiation, cloud distribution, wind direction and speed.

Furthermore, in order to achieve accurate weather events, we recommended designing and
implementing of hybrid system called combination of DBN and SVM algorithms regression

for the Ethiopian context can give us much accurate results.
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Appendix A.

Experiment 1

Short_SVM_temp.m short

clear all;
close all;
clc
format short
% Initialization
Slack val = 0.0005;
sControl Val = 100;
Control Val = input('Control Val: ");
if Control Val == Inf

tol = 0.0005;
else

tol = Control Val * le-6;
end
bias = 0;
Addis Max Temp =
xlsread('F:/Thesis/All In One Codes/SVM Code/AddisAbaba/Temperature/MaxTemp
erature/Temp.xlsx');
Max Temp = Addis Max Temp ( 1); % Target Value in degree f
Max Visi = Addis Max Temp ( 2
Max Wind = Addis Max Temp( :,3
Max Prec = Addis Max Temp ( 4
Gaus Noi = Addis Max Temp (
% Replacing the NaN value into zero

; % Precipitation in 0.1 Inch

Max Temp (isnan (Max Temp))=0;
Max Visi (isnan (Max Visi))=0;
Max Wind(isnan (Max Wind))=0;
Max Prec (isnan (Max Prec))=0;

[

% Change the value of temperature into degreeC

Max Temp = 5/9 * (Max Temp - 32);

% Convert the precipitation value to milli meter

Max Prec = (Max Prec./2.54);

% Normalize the input variables a = a./sqgrt(sum(a.”2))

Max Temp = Max Temp./sqrt (sum(Max Temp."2))

Max Visi = Max Visi./sqrt(sum(Max Visi."2));

Max Wind Max Wind./sgrt (sum(Max Wind."2))
( )

(

Max Prec = Max Prec./sqrt (sum(Max Prec.”2)
Gaus Noi = Gaus Noi./sqrt (sum(Gaus Noi."2));

% Augmented matrix of the selected input variables

%$%Training input

Input Value =

[Max Visi(1:2000),Max Wind(1:2000),Max Prec(1:2000),Gaus Noi (1:2000)]; %
Training input variables

$Training target

Max Temp Train = Max Temp (1:2000);

%$%Test Inputvalues

Input Value Test =

[Max Visi (2001l:end),Max Wind(2001l:end),Max Prec(2001:end),Gaus Noi (2001:end
)1; % Test input variables

$Test target

Max Temp Test = Max Temp (2001:end);

fprintf ('Support vector regressing...\n')

e = 0.05;

%$tolorance for support vector detection

Epsilon = tol;
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%construct the kernel matrix
% Mapping of the input variables into higher dimension

n = size(Max Temp Train,1);
phi = zeros(n,n); % Initialize the Constracting of the kernel matrix
fprintf (' Constracting of the kernel matrix...\n')
%phi = Input Value * Input Value';
for i = 1:n

for 3 = 1:n

phi(i,j) = (Input Value(i,:) * (Input Value(j,:))");

end

end

% Ploting of the e-tube
Yl = Max Temp Train + Epsilon;
Y2 = Max Temp Train - Epsilon;
plot (Max Temp Train, 'r-')
hold on
plot (Y1, ':b")
plot (Y2, ':b")
% Randomize Weight then predict the new value
weight = rand(n,1);
Pre Value = weight' * phi + bias;
Pre Value = Pre Value';
% Calculate the e-insensitive error
Error = abs (Pre Value - Max_Temp_Train);
Sum Error = sum(Error);
if Sum Error <= Epsilon
fprintf ('Error is converged. \n')
plot (Pre Value, 'og')

else
% Adding Slack number to the epsilon tube
hold off
plot (Max Temp Train(1:50:2000), 'r-")
hold on

plot (Y1(1:50:2000) + Slack Val,':b'")
plot (Y2(1:50:2000) + Slack Val,':b")

end
% Solve the Optimizing Problem
phii = [phi -phi; -phi phil;

¢ = [(e*ones(n,1l) - Max Temp Train); (e*ones(n,1) +
Max Temp Train)];
vlb = zeros(2*n,1);

vub = Control Val*ones(2*n,1);

x0 = zeros(2*n,1);

bias = 0;
A = [ones(l,n) -ones(l,n)]; b = 0;

% Regularisation
phii = phii + le-10*eye(size(phii));

fprintf ('Optimizing... \n")

$tol = 0.5;

$iter = 1000;

Initial time = cputime;

options = optimset ('maxiter',1000);

[alpha lambda how] = quadprog(phii,c,A,b,[],[],vlb,vub, [],options);
% [alpha how] = quadprog(phii, f,A,b,RAeq,beqg,vlb,vub);

fprintf ('Execution time: %4.1f seconds\n', cputime - Initial time);
fprintf ('Status: %s\n', how);

beta = alpha(l:n) - alpha(n+l:2*n); % the difference of lagrangian
multiplier

fprintf ('Sum beta: $f\n',sum(beta));

[

% Compute the number of support vectors

svi = find(abs(beta) > Epsilon & abs(beta) < (Control Val - Epsilon));
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o)

nsv = length(svi); % Number of support vectors
fprintf ('Support Vectors: %d (%3.1f%%)\n',nsv,100*nsv/n);

%72 = (phi'*phi).”2; % polynomial/quadratic/ kernel function
Z = sum(beta'* Input Value);

[

% find bias from average of support vectors with interpolation error e
%$SVs with interpolation error e have alphas: 0 < alpha < C
svii = find(abs(beta) > Epsilon & abs(beta) < (Control Val - Epsilon)) ;
if length(svii) > 0
bias = (1/length(svii))* sum(Max Temp Train(svii))- Epsilon *
sign (beta(svii)) - (phi(svii,svi)* beta(svi));
else
fprintf ('No support vectors with interpolation error e cannot compute
bias.\n'");
bias = (max(Max Temp Train)+ min(Max Temp Train))/2;
end
$%constracting of tesfting of kernel matrix
k = size(Max Temp Train,l);
m = size(Max Temp Test,1);

(
Tes Ker = zeros(k,m);
for i = 1:k
for 3 = 1:m
Tes Ker(i,J) = (Input Value Test(j,:) * (Input Value(i,:))");
end
end

if length(bias)>= 240
Test Max Temp = beta'*Tes Ker + (bias(1:240))"';
else
Test Max Temp = beta'*Tes Ker + ([bias;zeros((240-length(bias)),1)])"';
end
$w = beta' * phi;
if length(svii) > 0

Pre Value = (beta' * (Input Value*Input Value' + 1).72 +
([bias;zeros ((2000-1length(svii)),1)1)");
else

Pre Value = (beta' * (Input Value*Input Value' + 1)."2 + bias);
end
$Pre Value = (beta' *(phi*phi').”2 + ([bias;zeros((2000-
length(svii)),1)1)");
Pre Value = abs (Pre Value');
Errorr = abs(Max Temp Train - Pre Value);
MSE = sum(Errorr.”2)/n;

plot (Pre Value ((1:50:2000)),"'ocg");

$plot (Error (1955:2000), 'k=*")

xlabel ('Number of Days'")

ylabel ('Maximum Temperature')

title('Forcasting of Maximum Temperature in Addis Ababa')

legend ('Target Value', 'Upper tube', 'Lower tube', 'Predicted Value')
figure;

plot (Pre Value(15:3:150), 'r-")

hold on

plot (Max Temp Test (15:3:150)- Epsilon, ':b'")

plot (Max Temp Test(15:3:150)+ Epsilon, ':b')

plot (Test Max Temp (15:3:150), 'og'")

xlabel ('Number of Days'")

ylabel ('Hourly Temperature Values')

title('Forcasting of Temperature in Addis Ababa')

legend ('Target Value', 'Upper tube', 'Lower tube', 'Predicted Value')
figure;

Errorrl = abs(Test Max Temp(15:3:150) - (Max Temp Test(15:3:150))");
plot (Exrrorrl, 'k'")
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xlabel ('Number of Days'")
ylabel ('Error Value')
title('Forcasting Error of Temperature in Addis Ababa')

Appendix B.

Experiment 2

Max_Prec_Num.m

clear all;

close all;

clc

Addis Min Temp =
xlsread('F:/Thesis/All In One Codes/SVM Code/AddisAbaba/Precipitation/MinPr
ecipitation/Min Pre Hand.xlsx');

Min Temp = Addis Min Temp( :,1)
Min Visi = Addis Min Temp( :,2);
Min Wind = Addis Min Temp( :,3);
Min Prec = Addis Min Temp( :,4); % Precipitation in 0.1 Inch
% Replacing the NaN value into zero

Min Temp (isnan (Min Temp))=0;

; % Target Value

Min Visi(isnan (Min Visi))=0;

Min Wind(isnan (Min Wind))=0;

Min Prec(isnan (Min Prec))=0;

% Convert the precipitation value to milli meter
Min Temp = (Min Temp./2.57);

% Normalize the input variables

% a = a./sqrt(sum(a.”2))

Min Temp = Min Temp./sqgrt (sum(Min Temp."2)
Min Visi = Min Visi./sqgrt(sum(Min Visi.”"2)
( ( )

Min Wind = Min Wind./sqgrt(sum(Min_Wind."2));

Min Prec = Min Prec./sqrt (sum(Min Prec.”2));

%$Gaus Noi = Gaus Noi./sqrt (sum(Gaus Noi."2));

$construct and solve the simultaneous equation using the vandermode matrix
vander mode = [ones(size(Min Temp)),Min Visi,Min Wind,Min Prec];

Const val = vander mode\Min Temp;

$polyl = polyfit(range data',Short Temp, 3);

Min Temp pred = Const val(l) + Const val(2)*Min Visi +
Const val(3)*Min Wind + Const wval(4)*Min Prec;

Error = abs (Min Temp pred-Min Temp) ;

% Mapping of the input variables into higher dimension
n = size(Error,1);

RMSE = sqgrt(sum(Error.”2)/n);

plot (Min Temp(1:50:1509), "'-r*")

hold on

splot (range data',polyval (polyl, range data'), 'bo-")
plot (Min Temp pred(1:50:1509),'-bo")

xlabel ('Number of Days'")

ylabel ('Minimum Precipitation')

title('Forcasting of medium range Precipitation with Numerical regression')
legend ('Actual Value', 'Predicted Value')
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Appendix C.

Experiment 3

Max_Temp_DBN.m

clear

clc

LWw = 0.1; LVB = 0.1; LHB = 0.1; WC = 0.1132;

IM = 0.5; FM = 0.9; LOB = 0.1;

Expected Error = 0.0001;

EP = 1000;

count = 1;

% Initializing symmetric weights and biases.

Addis Max Temp =
xlsread('F:/Thesis/All In One Codes/SVM Code/AddisAbaba/Temperature/MinTemp
erature/Temperature_Hand.xlsx');

W = rand (4, 3);

W2 = W';

VB zeros (400,4) ;
HB zeros (400, 3) ;
OB = zeros (400,1);
POBH1 = zeros (400,1);
POBH2 = zeros(400,1)
POBO = zeros(400,1);
WN = zeros(4,3);

VBN zeros (400,4) ;
HBN zeros (400, 3) ;
OBN = zeros(400,1);
Max Temp = Addis Max Temp( :,1);
Max Visi = Addis Max Temp( :,2);
Max Wind = Addis Max Temp( :,3);

[

% Convert the precipitation value to milli meter

’

% Target Value

Max Prec = (Max Prec./2.54);

% Reshape into quarter dimension
Max Temp = reshape (Max Temp, 3, []);
Max Visi = reshape (Max Visi, 3, []);

Max Wind = reshape (Max Wind, 3, []);

% Calculate the mean of the reshaped data

Max Temp = mean (Max Temp)';

Max Visi = mean(Max Visi)';

Max Wind = mean(Max Wind) ';

% Normalize the input variables

Max Temp = Max_ Temp./sqrt (sum(Max Temp."2));

Max Visi = Max Visi./sqrt (sum(Max Visi.”2));

Max Wind = Max Wind./sqgrt (sum(Max Wind."2));

% Augmented matrix of the selected input variables

Input Value = [Max Visi,Max Wind,Max Prec,Gaus Noi]; % Training input
variables

Max Temp Train = Max Temp (1:400);

Input Value Test =

[Max Visi(40l:end),Max Wind(40l:end),Max Prec(40l:end),Gaus Noi (40l:end)];
% Test input variables

%$Test target

Max Temp Test = Max Temp(40l:end);
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[

% Start positive phase

EH1 = W(l,1)*Max Visi + W(2,1)*Max Wind + W(3,1)*Max Prec +
W(4,1)*Gaus_Noi;

EH2 = W(1,2)*Max Visi + W(2,2)*Max Wind + W(3,2)*Max Prec +
W(4,2)*Gaus_Noi;

EH3 = W(1l,3)*Max Visi + W(2,3)*Max Wind + W(3,3)*Max Prec +
W(4,3) *Gaus_Noi;

POBH1 = 1./(1 + exp(-HB(:,1) - EH1));

POBH2 = 1./(1 + exp(-HB(:,2) - EH2));

% From H1 to Hidden two
EHO = W2 (1,1)*POBH1 + W2 (2
POBO = 1./(1 + exp(-0OB - E
%$%%% End Positive Phase %%%%%%%%%%
Error = (Max Temp - POBO
Sum Error = sum(Error.”2
RMSE = sqgrt (Sum Error);
% Start Negative Phase
EHON1 = W2 (1,1)*POBO ;
EHON3 = W2(3,1)*POBO ;

POBH2 + W(3,1)*POBH3 ;

>
[\)

/length(Error);

POBO1l = 1./(1 + exp(-HB(:,1) - EHON1));

POBO2 = 1./(1 + exp(-HB(:,2) - EHON2));

$%%%%% From hidden to visible

W =W'";

EHV1 = W(1l,1)*POBO1l + W(2,1)*POBO2 + W(3,1)* POBO3;
EHV2 = W(1l,2)*POBO1l + W(2,2)*POBO2 + W(3,2)* POBO3;
PH2V1 = 1./(1 + exp(-VB(:,1) - EHON1));

PH2V2 = 1./(1 + exp(-VB(:,2) - EHON1));

$%%%%%%%%%% End of Negatlve Phase
Max Visi = Max Visi - PH2VI;
Max Wind = Max Wind - PH2V2;
Max Prec = Max Prec - PH2V3;
Gaus Noi = Gaus Noi - PH2V4;
%$%%%% Update weight and biases
count = 0;
$while RMSE < 0.38
for i = 1:EP

if RMSE > Expected Error

count = count + 1;
WN = W + LW.* (sum(POBO) - sum(PH2V1 + PH2V2 + PH2V3 + PH2V4));
VBN = [(VB(:,1) + LVB * (PH2Vl1 - Max Visi)), (VB(:,2) + LVB * (PH2V2 -
Max Wind)), (VB(:,3) + LVB * (PH2V3 - Max Prec)), (VB(:,4) + LVB * (PH2V3 -
Max Prec))];
HBN = [(HB(:,1) + LHB .*(POBH1l - POBOl)), (HB(:,2) + LHB .*(POBH2 -
POBO2)), (HB(:,3) + LHB .* (POBH3 - POBO3))]:;
OBN = OB + LOB * POBO;
W = WN'; VB = VBN; HB = HBN; OB = OBN;
else
disp ('The error is converged.')
end
if count == 1000
plot (Max Temp(1:10:503), "'r-")
hold on

plot (POBO(1:10:503), 'g-")

plot (Error(1:10:503))

xlabel ('Number of Days'")

ylabel ('Maximum Precipitation')
title('Forcasting of Maximum Temperature')
legend ('Target Value', 'Predicted Value', 'Error')
end

end
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Appendix D.

Sample collected hourly data set

H - [} s Retrieve_From WMO _Daily_Data - Excel 7 BH - x
HOME  INSERT ~ PAGELAYOUT ~ FORMULAS ~ DATA  REVEEW  VIEW  NiroPro8  Team Signin
o cut Arial UnicodeMs -[10 | A" &7 = =2 #-  EWapTes General - m [ ’_? em X @ 2 Autasum - Ay
[ B Copy - Cond | Fe - Cell \EEI DEE\‘ Fs - SZ & Find &
Ev“e S Format Painter I U~ mi- D- A =3 EMergesiCenter - § - % » G848 F;:ﬁ';‘ﬁ:‘;v ?r’:;\a:-“ Smees_ ”sve’t Efte D':"“ & Clear~ Fﬁt";_ S;en-
Clipboard o Font [} Alignment ) Number [} Styles Cells Editing ~
AL h F v
A B C D E F G H 1 J K L M o Q R s T u V[«
1 [ STN— | WBAN YEARMODA TEMP | DEWP SLP STP vIsiB WDSP MXSPD | GUST  MAX MIN PRCP | SNDP | FRSH
2 | 634500 99999  2£+07 595 23 487 23 10102 3 772 3 10 23 7.6 23 158 9999  68.0% 48.2 0001 = 9999 [
3| 634500 99999  2£+07 579 16 478 16 10095 4 7717 4 El 16 7 16 12 9899 66.2° 477 0001 9999 [}
4 | 634500 99999 | 2E407 605 22 479 22 1009.6 7 772 7 113 21 7.3 20 158 9999 725 518* 0001 | 999.9 o
5 | 634500 99999  2£+07 609 21 46 21 10106 7 7722 7 108 21 5.6 20 136 9999  69.8* 473 0001 9999 [}
6 | 634500 99999  2E407 613 23 a38 23 10112 a 7716 4 El 23 7 18 14 9999 738 S00* 0001 | 9999 o
7| 634500 99999  2£+07 598 24 437 24 10109 8 7718 ) 102 24 76 24 136 9999 723 458 0001 9999 [}
2 | 634500 99999  2E407 589 21 431 21 10105 8 7721 8 112 20 3 20 136 9999 757 264 0001 9999 o
o | 634500 99999  2E+07 583 20 434 20 10116 7 7721 7 108 20 67 15 Ex:) EEEE] 75.2 46.4* 0001 9998 [}
10| 634500 99999 | 2E407 609 23 a12 22 1010.8 6 7722 5 104 23 58 20 14 EEEE] 754 482* 0001 | 9999 [
11| 634500 99999 | 2E+07 62.4 21 441 21 EEEEE] [} 9999.9 [} 8.4 21 67 16 Ex:) 9998  716°  500* 0001 9999 [}
12| 634500 99999 | 2E407 60.4 22 2656 22 1013 6 773.4 5 938 22 68 22 99 EEEE] 723 268 0001 9999 [
13| 634500 99999 | 2E+07 61 19 485 19 10105 7 7722 7 11 18 6.8 19 14 9999 745 47.1 0001 | 9999 [}
14| 634500 99999 2E+07 626 19 292 19 1008.9 6 7718 6 106 19 7.4 17 194 9993 743 282 0001 s999 [
15| 634500 99999 | 2E+07 63 22 449 22 1007.8 4 7711 4 a1 21 5.6 20 949 9999  73.4%  518* 0001 | 9999 o
16 | 634500 99999 2E+07 653 21 a8 21 1008.6 6 7724 6 103 21 5.7 17 12 EEEE] 76.1 296 0001 s999 [
17| 634500 99999 | 2E+07 3.1 23 483 23 1010.3 7 7728 7 105 23 3 23 117 9999 75.2 493 0001 | 9999 [}
18| 634500 99999 2E+07 623 21 493 21 1009.4 6 772 3 108 18 75 21 14 998 734* 518 0001 | 9999 [}
19 | 634500 99999 | 2E+07 64.4 18 497 18 9999.9 0 9999.9 [} 89 18 5.5 13 9.7 9998 7347 52.2 0001 | 9999 [}
20| 634500 99999 2E+07 637 22 473 22 1007.5 4 7715 4 92 21 EX] 18 99 EEEE] 738 s72* 000l 9999 [}
21| 634500 99999 | 2E+07 622 22 543 22 1008.1 5 7711 5 96 22 5.9 20 12 9999 689 554* 0001 | 999.9 o
22| 634500 99999 2E+07 62.1 23 511 23 1009 4 772 4 El 23 78 15 158 9988  71.6*  554° 000l 9999 [}
23| 634500 99999 | 2E+07 616 21 491 21 10104 3 7725 3 109 18 a9 21 155 9999  716* 54.3 0001 | 9939 o
24| 634500 99999 2E+07 617 19 522 19 10102 8 7725 ) 118 19 83 12 136 9999 75.2 473 0001 9999 [}
25| 634500 99999 | 2E407 61 20 524 20 1014 a 773 4 92 20 103 19 181 9999  69.8% 525 0001 9999 o
26 | 634500 99999  2E+07 62 20 508 20 10116 5 7724 3 103 20 X 14 155 9999 74.1 475 0001 8999 [}
27| 634500 99999 | 2E+07 62.9 24 50.4 24 1010 5 772.4 s 92 24 7.4 20 155 9999  73.8*  528* 000l | 9999 o~
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1 Temp. (°C) Dew Point (°C) Humidity % Sea level (hpa.) Visibility (KM) ‘Wind (KM/ Precipitation (mm.)
2| No. Max Avg Mn Max Avg Min Max Avg  Min Max  Avg Min Max Avg Min Max Avg Min Sum ETION = LAT.DE LONG.DE Events
3 2354 9033 3875
4 2 2 175 12 14 125 11 85 62 39 1014 10095 1005 31 185 6 18 13 8 [ 2354 9.033 38.75
5 3 20 16 12 12 11.5 11 84 72 60 1024 10205 1017 31 18 3 16 135 11 0 2354 9.033 3875 Rain
6 4 20 16 12 12 105 9 69 50 1016 1013 1010 31 205 10 18 13 0 2354 9.033 38.75 Rain
7 5 18 135 13 14 125 11 92 81 701017 1013 1009 31 205 10 18 12 ] [ 2354 9.033 3875
8 6 21 11 84 78 72 1016 1014 1012 31 195 18 1a 10 o 2354 9.033 3875 Rain
9 7 2 10 88 68.5 49 1017 10125 1008 31 105 14 11 8 o 2354 9.033 3875
10 H 23 8 70 545 30 1016 10105 1005 31 203 10 21 16 11 0 2354 9.033 3875
1 9 22 11 655 43 1015 1011 1007 31 25 19 26 18 10 o 2354 9.033 3875
12 18 9 79 70 61 1017 1013 1009 31 185 6 6 55 3 [ 2354 9.033 3875 Rain
13 23 8 7 56 41 1016 1010 1004 31 195 21 13 5 o 2354 9.033 3875
14 19 12 64 60 56 1012 1010 1008 31 205 10 6 55 5 o 2354 9.033 3875
15 22 10 78 38 38 1020 10175 1006 31 20 9 18 12 6 0 2354 9.033 3875 Rain
16 23 11 78 69.5 61 1017 1014 1011 31 205 10 14 10 6 o 2354 9.033 3875 Snow
17 21 12 77 63 49 1014 1012 1010 31 225 14 18 13 8 [ 2354 9.033 3875 Rain
18 17 12 81 745 68 1013 1012 1011 31 185 6 1 105 10 o 2354 9.033 3875 Rain
19 20 g 90 66.5 43 1017 1013 1009 31 205 10 11 85 6 o 2354 9.033 3875 Rain
20 23 9 71 57 43 1013 10085 1004 31 193 8 1 95 H 0 2354 9.033 3875
2 23 11 7% 625 46 1014 10085 1003 31 205 10 14 11 o 2354 9.033 3875
2 24 11 73 365 40 1013 1008 1003 31 185 6 21 135 ] [ 2354 9.033 3875
3 24 8 60 425 25 1013 10085 1004 31 31 31 29 185 8 0 2354 9.033 3875
24 3 75 53 31 1013 1010 1007 31 105 14 10 6 o 2354 9.033 3875 Rain
25 7 82 50 36 1016 1012 1008 31 195 8 14 11 H 0 2354 9.033 3875 Rain
26 12 7 66 1014 10125 1011 31 155 0 230 1305 31 o 2354 9.033 3875
27 g 77 575 38 1027 10175 1008 31 20 9 19 135 8 0 2354 9.033 3875 Rain |~
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