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besides identifying the optimum input parameters, the user has an additional task of ob-

taining the suitable number of neurons and hidden layers that a network should have, to

best approximate the underlying function. On the other hand, the regularization method

modi�es the performance index by adding a term that aims at penalizing the complex-

ity of the network, i.e., uses only the effective, as opposed to all the available, network

parameters.

For a given training set, BP learning may proceed in one of two basic ways: sequential

method and of�ine (also called batch) method. The sequential mode of BP learning is

also referred to as online, or stochastic learning. In the sequential training, the gradient is

computed and the weights are updated after each input is applied to the network, while

in the of�ine training weight changes are accumulated over an entire presentation of the

training data. Both procedures have advantages and disadvantages. Online learning can

be bene�cial in terms of computation time for large systems (when the training set is re-

dundant), tracking nonstationary environments and helping to escape from local minima.

However, many powerful optimization techniques, such as, conjugate and second-order

gradient methods, support vector machines, Bayesian methods, etc. - are batch methods

that cannot be used online (Chow and Cho, 2007).

3.3 Modeling solar irradiance using neural networks

We employed a feed-forward neural network to model the temporal variation of the solar

irradiance using magnetic features of the Sun. The feed-forward architectures are usually

organized in a sequence of layers, an input layer, an intermediate layer, and an output

layer (see, Figure 3.4). The input layer neurons send the input signal to hidden layer

neurons, grouped in one or more hidden layers. These hidden neurons process the in-

formation they receive and pass their results to the last group of neurons of the output
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layer. Neurons in the output layer produce the end results of a network’s processing.

The neurons are joined through data channels, whose qualities have to be determined

in place appropriately relating the inputs to the desired outputs. This process is known

as network training, and the algorithm which performs the weights adjustments is the

so-called back-propagation rule (Rumelhart et al., 1986). It essentially consists of a gra-

dient descent algorithm to reduce the error between actual and desired outputs, which

modi�es the weights going backward from outputs to the input layer connections.

Figure 3.4. A schematic diagram of a single hidden layer feed-forward neural network composed
of three layers. After Tebabal et al., 2015 .

The inputs of the model, as indicated in Figure 3.4, were PSI, Mg IIlt and Mg IIst. The

mathematical representation of this one hidden layer is

TSIrecon =
k

å
j= 1

�wnj j (
m

å
i= 1

wji + wjo) + �wno (3.38)

where TSIrecon is the reconstructed/modeled TSI of the output neuron, xi is the input

value, wji are the weights connecting the input layer to the hidden layer neurons and wjo

the bias associated with the hidden neuron, j is the transfer function of the hidden neu-
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ron (here, the function is chosen to be hyperbolic tangent function), �wnj are the weight

connect the hidden neurons to the output neurons, which contains a neuron n, and �wno

represent the bias associated with the output neuron. In Figure 3.4, k and m indicate the

total number of input variables and hidden neurons of the designed model, respectively.

In this architecture, we modeled the past TSI from the total solar irradiance monitor mea-

surements. The Levenberg-Marquardt back-propagation algorithm is used for training

NN to minimize the mis�t between the model and the measurement. Comparison of

model estimation and observation during the training, validation, and testing phases are

given in Figure 3.5. The results of this model indicate that the trend of the measured TSI is

well reproduced by the model for the year 2003 through 2013. The temporal trend of the

model prediction and SORCE TSI during the testing phase is illustrated using Figure 3.6.

This �gure clearly shows how the trend of SORCE TSI is captured by the model. As we

can see from the correlation and temporal variation plots, the model has reproduced well

the measured TSI for the testing data. The implication of the close correlation is that the

surface magnetic features are the causes for the TSI variations on the timescales of days

up to solar cycles.
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Figure 3.5. Comparison of the NN modeling and targets for training validation and testing data
sets. After Tebabal et al., 2016 .

Figure 3.6. Temporal variations of NN modeled TSI and SORCE TSI. After Tebabal et al., 2016 .
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Chapter 4
Conclusions and Future Work

4.1 Thesis conclusions

The knowledge of solar irradiance variations as a function of wavelength and time is

crucial to understand the in�uence of solar variability on the Earth’s climate and weather.

However, the short time span coverage of direct measurements of the solar irradiance,

and the gaps in time and wavelengths coverage make any meaningful conclusions more

dif�cult. Models have been developed to �ll gaps in the observations and reconstruct the

past solar irradiance from the available long-term proxies of solar magnetic activity. Solar

surface magnetic features such as sunspots, faculae/plages, and chromospheric network

are the primary sources of solar irradiance variability.

Statistical regression is a widely used method to parameterize the effects of dark and

bright features on solar irradiance. In the case of linear regression, second-order statistical

moments (covariances) are used to compute a linear �t that minimizes the sum-squared

error between the �t and the data. A linear representation is seldom suf�cient to fully

characterize the complex statistical relationships between solar irradiance and solar prox-

ies. Because of this reason, attempts to understand TSI variations in terms of sunspots
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and faculae using linear regression have met with limited success and nonlinear regres-

sion techniques must be used. In this thesis, we present a method, known as the arti�cial

neural network method, to investigate the relationship between the solar surface mag-

netic features and changes in the total and spectral irradiances. An arti�cial neural net-

work is a special class of nonlinear regression operators. The mathematical structure of a

neural network is chosen to afford several desirable properties, including scalability and

differentiability. An arti�cial neural network (simply a neural network) consists of inter-

connected neurons, or nodes, that implement a simple, nonlinear function of the inputs.

Usually, the inputs are linearly weighted (the weights modulate each input and the biases

provide an offset) and passed through an activation function. In this study, solar obser-

vations from 1978 to 2013 were used to study the connection between solar irradiance

and Sun’s magnetic features. Both proxy data and the measured solar irradiance have

been used in the model developments and to measure the performance of the model. The

reason for using proxy data in the solar irradiance model is that magnetic parameters of

active regions are published for most periods of interest when measurements of satel-

lite data are available that permit a thorough comparison to be made. Furthermore, it is

possible to reconstruct solar irradiance for periods before the availability of space-based

observations.

In the present thesis, we have successfully shown how solar irradiance variability can

be modeled using NN. Our model is not only capable of producing optimal estimates

during gaps in the observations, but it can also be used to estimate the solar irradiance

values before satellite measurements became available. The performance of our model

has been investigated and the results are published.

In paper I, an NN model was developed using the magnetic features as the main driver

for the variation of the observed solar irradiance since 1978. The data have been parti-

tioned into three parts: training, validation, and testing. Data from November 17, 1978,
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to September 25, 2003, with 8151 observations are used for model building, and the next

1746 observations from September 26, 2003, to July 25, 2008, are used for the validation

purpose. The out-of-sample period is from July 26, 2008, to October 31, 2013, and consists

of the last 1746 data points which are used for testing. The training datasets were used to

estimate model parameters and validation sets were used to control over learning. The

test datasets have been used to measure the performance of the model. The magnetic

features such as PSI and Mg II index have been used as the network model input and the

solar irradiance as the model output. Here the LM learning method was used to train the

model. The NN model recreates the change in TSI between the solar cycle minima of 1996

and 2008, in agreement with the change estimated by the PMOD composite. This three-

component NN model showed a better prediction than the goodness-of-�t achieved by

other empirical models of TSI which is done by Fr¤ohlich and Lean (2004) using multiple

linear regression analysis. The three component model((Fr¤ohlich and Lean, 2004)) was

able to explain 78.6% of the variance of TSI. The prediction con�rms the assumption that

a great part of the solar irradiance variation is due to the surface magnetism (sunspot,

faculae, and networks) on the solar cycle timescales.

In paper II, a Bayesian regularized NN method is proposed to reconstruct the total

solar irradiance and Mg II index temporal dynamics, extending from 1947 to 2013. In this

study, the daily time series of the F10.7 �ux is utilized as inputs to predict the daily time

series values of the measured Mg II index in the time frame of 1978 to 2013. The accurate

prediction of Mg II index could play an important role as a proxy for TSI and SSI variabil-

ity from the UV to EUV. The Bayesian regularized network assigns a probabilistic nature

to the network weights, allowing the network to automatically and optimally penalize ex-

cessively complex models. The proposed technique reduces the potential for over-�tting,

improving the prediction quality and generalization of the network. The Mg II index from

the reconstruction exhibited excellent agreement with the composite Mg II index. As a re-
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sult, the model was able to explain 94% of the variability in the composite Mg II index,

including the secular decline between the 1996 and 2008 solar cycle minima. To further

study the dynamics of the composite Mg II index before the satellite era, we extrapolated

the Mg II index from F10.7 cm back to 1947.

In this study, using the Bayesian regularization technique and magnetic features of

the Sun, we also modeled the TSI time series. It is well understood that Bayesian learn-

ing paradigm to NN results in a �exible and powerful nonlinear modeling framework

that can be used for regression, prediction, and classi�cation. Within this framework, in

Bayesian learning, we have two datasets: training and testing. The parameters (weights

and biases) of the model were adjusted iteratively from the training datasets and the

generalization �skill� of the model was examined using the unseen datasets. In the non-

Bayesian approach, the validation set may be used to set parameters of weight decay

rates. In the Bayesian approach, the training set alone can be used both to infer param-

eters. Even though the Bayesian models do not need validation data to set the model

complexity, validation/test of the �nal model is essential, as with any other modeling ap-

proach. Therefore, TSI variability study over the time span of the satellite era using data

from the PMOD composite as a target, and solar activity indices as model inputs were

used for the design of the network model. The model was able to reproduce the daily

irradiance variations with a correlation coef�cient of 0.937 from sunspot and facular mea-

surements in the time span of 1978 � 2013. Finally, the temporal variation of the TSI was

analyzed using the designed NN model back to 1947 from the PSI and the extrapolated

Mg II index. The extrapolated TSI result indicates that the amplitudes of Solar Cycles 19

and 21 are closely comparable to each other, and Solar Cycle 20 appears to be of lower

irradiance during its maximum.
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4.2 Future Work

The future rapid advance in digital and space technology will allow us to have several

ground-based and in-situ continuous observations of solar variability. This means that

there will be a large volume of data available for investigation. Arti�cial intelligence

that utilizes an optimal algorithm to characterize the main attributes of such large data

and predict future possible scenarios will be needed in an increasing manner. We plan to

exploit this advancement to improve the performance of WaSIM. Our future plan includes

short term and long term scenarios. It is part of the continuous efforts of the Washera

Geospace and Radar Science Laboratory to develop suitable regional and global empirical

and physics-based models for space exploration. Our short term plan includes increasing

the number of input parameters (drivers) to get a more realistic representation of the

physical mechanism and also decrease the error associated with WaSIM model. Moreover,

we plan to expand our research on the potential of the neural network model in specifying

the equatorial African sector of the ionosphere based on the promising results we have

obtained. In the long term, by using data from future satellite mission and ground-based

observation, WaSIM will be upgraded and developed to be an online global modeling

tool to predict solar irradiance temporal variations.
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