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Neural Network

Application

Learn neural network technique in plain language, mathematical 
language, and programming language 

Apply neural network for wind energy forecasting

Learning objectives

Throughout this lecture, you will learn:
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INDUSTRY INVITED TALK TODAY

Intelligent Energy Management System (iEMS)

Kongsberg Maritime empowers all maritime sectors—from offshore 
energy to fishing to cargo and naval—with cutting-edge technology and 
solutions to accelerate the energy transition. They have been at the 
forefront of innovation for over 200 years and support more than 30,000 
vessels worldwide, ensuring safer, more secure, and sustainable 
operations.

Eirik Mathiesen

DIRECTOR, POWER SYSTEMS - ENERGY CONTROLS E&C DIVISION  
KONGSBERG MARITIME AS
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Concept 
Principles

House Price 
Neural Network: 
applications in Boston 
House Price Forecasting

Neural Networks Wind Energy
Neural Network: 
applications in Wind 
Energy Forecasting

Outline
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Deep learning? Machine learning? Artificial intelligence?

Figure source: https://www.edureka.co/blog/ai-vs-machine-learning-vs-deep-learning/

Data

More data + neural networks
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NEURAL NETWORK AND ITS APPLICATION

01
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Artificial Neural Network

• Computers are great at solving problems, but many problems can't be mathematically defined 
easily. Facial recognition is a typical example. 

Q: The same person in two pictures?

• Artificial neural network’s main idea: Enables computers to process information in a similar way 
as our own biological brains and our own nervous system.
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Biological model for a single neuron

• Incoming signals received by dendrites. Signals are weighted according to its relative importance.

Signal 2

Signal Out

Signal 1 

Signal 3

• Signals accumulate and a threshold is reached. Then the cell produces the output signal, 
transmitted down to the axon. 

• At the axon terminals, the output signal is passed to neighboring neurons for further processing.
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From biological model to a single artificial neuron

• Map from input signals (x variables) received by the dendrites to output signal (y variable).
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• Each input signal weighted (w values) according to their importance. 

• Input signals summed, then activated by an activation function (f).

• Output signal produced and passed to the next processing loop



From biological model to a single artificial neuron
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Activation function f(.): can be threshold activation function, rectified linear unit (ReLU), 
sigmoid function, hyperbolic tangent, or others.



Activation function – threshold activation

Threshold Activation Function: It results in an output signal of “1” 
only when the weighted-sum of the input signals is no less than 
zero.

 
1

Sum of Input Signals
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This activation function is rarely used, since this function is not 
derivable that can be a problem in updating neural network 
parameters.



Activation function – Rectified Linear Unit (ReLU)
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ReLU: It returns 0 if the input x is no larger than 0, otherwise it 
returns x

ReLU is computationally efficient, continuous, and differentiable 
(except when x=0), and is widely used in neural networks. ReLU is 
also a non-linear activation function that can capture non-linear 
relationships between input and output.



Activation function – sigmoid 
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Sigmoid activation function: continuous and differentiable across 
the entire range of the input

Simplifies the neural 
network parameter update



Example: Calculate NN output with given input
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From a single neuron to neural networks

……
Output of the 2nd neuron is the input for the 3rd neuron

1st 
2nd 

3rd 

15

Artificial neural networks: Using multiple artificial neurons to 
construct complex models

Network topology: number of neurons in the network, number of 
layers, how layers are connected 



Network topology: A single layer neural network
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Input layer: A set of neurons that receives the input data

Output layer: The layer with neuron(s) that generates the output



Network topology: a neural network with one hidden layer

Q: Why we need hidden layer(s)?

Hidden 
layer

x1

y

Input layer Output layer

x2
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De facto standard topology

This is the de facto standard neural network 
topology. This topology is also called Feedforward 
Neural Network since the information flows 
unidirectionally from the input layer to the hidden 
layer and then to the output layer. 

Input layer Hidden 
layer

Output layer

OutputsInputs
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Q: How this neural network (NN) can work for us?

Make predictions using NN!
For a given input, we want to predict the 
output that, the predicted output is close to 
its ground truth.



De facto standard topology
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Q: How this neural network (NN) can work for us?

Make predictions using NN!
For a given input, we want to predict the 
output that, the predicted output is close to 
its ground truth.

To make good predictions, we need to train 
the neural network, or to update the NN 
parameters (weights) using training data

How to train? Using what method to train?

Output: Energy consumption and 
generation for house 1, 2,…, 999, 1000

1001# house 
consumption and 
generation?

…
Input: Number of residents, PV panels, 
electricity appliances

Input layer Hidden 
layer

Output layer

Residents

PV panels

Appliances

Consumption

Generation

Input layer Hidden 
layer

Output layer

OutputsInputs



Train a neural network: An example

How to train: There are many algorithms. They train the network by iteratively modifying the weights until the error 
between the output predicted by NN and its ground truth is minimized. 

Update 
weights

Calculate prediction error

Forward propagation

back propagation of error
20

Steps:

• Forward propagation: neurons are activated in sequence from input layer to output layer, applying each neuron’s 
weights and activation function along the way. Upon reaching the final layer, an predicted output is produced. 

• Backpropagation (BP) algorithm: uses gradient descent to update weights. Starting from random weights, BP 
algorithm adjusts the weights according to the error between the output produced by the neural network and its 
ground truth. BP algorithm applies error propagation from output layer to input layer, and gradually fine tunes the 
network weights to minimize the error. 

Input

Predicted 
output

Actual output



Forward propagation

•    
 

 
 

 
 

 
 

 

 

 

 

• Forward propagation from the input layer to the hidden layer. We calculate the weighted summation of the nodes in 
the hidden layer, and then calculate the output of the hidden nodes.

 
 

 
 

 
 

 
 

• Calculate the predicted output at the output layer
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Update NN parameters (weights) – start from collecting errors

The error is defined as sum of squared error between the predicted and actual outputs
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In our example, the error is
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Update NN parameters (weights) – start from collecting errors
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Gradient descent: The gradient – calculated by the first-order 
derivative – of the error indicates in which direction the error 
increase fastest. To reduce the error, weight should be updated in 
the opposite direction of the gradient 

The error is an function of the weights: Etotal(w)

Now we use the error to update the weight via backpropagation



 
    

 

 

Gradient descent calculation: Taking example of W
5
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We calculate gradient descent for W
5
, calculated by 

partial derivative of the error with respect to W
5
, 

following the Chain Rule: 

 

  
 

 
 

 
 

 
 

 

 

 

 
 



Gradient descent calculation: Taking example of W
5
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Gradient descent calculation: Taking example of W
1
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Gradient descent calculation: Taking example of W
1
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Gradient descent calculation: Taking example of W
1
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NEURAL NETWORK FOR HOUSE PRICE 
FORECASTING

02
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An example of prediction using NN in R

• Install the software package in R by typing install.packages(“neuralnet”) and load it with the 
library(neuralnet) command.

• Build the model:
– m <- neuralnet(target~predictors, data = MyData, hidden = 1)
– target: outcome in the MyData data frame to be modeled
– predictors: features in the MyData data frame to use for prediction
– data: data set where the target and predictors variables can be found
– hidden: the number of neurons in the hidden layer

• Making predictions:
– p <- compute(m, test)
– m: trained model by the neuralnet() function
– test: test data with the same features as the training data

More info: https://cran.r-project.org/web/packages/neuralnet/index.html 
30

Software settings in R

https://cran.r-project.org/web/packages/neuralnet/index.html


Predict Boston house price using NN

• The Boston data frame has 506 rows and 13 columns. 

….
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• Inputs: CRIM: per capita crime rate by town; ZN: proportion of residential land zoned for lots over 25,000 sq.ft; 
INDUS: proportion of non-retail business acres per town; CHAS: Charles River dummy variable (= 1 if tract bounds 
river; 0 otherwise); NOX: Nitrogen oxides concentration (parts per 10 million); RM: average number of rooms per 
dwelling; AGE: proportion of owner-occupied units built prior to 1940; DIS: weighted mean of distances to five Boston 
employment centres; RAD: index of accessibility to radial highways; TAX: full-value property-tax rate per \$10,000; 
PTRATIO: pupil-teacher ratio by town; LSTAT: lower status of the population (percent); 

• Output: MEDV: median price of owner-occupied homes.



Data partition and NN model structure

• We divide the 506 records into two parts: the first 75% records  (1 - 380) as training data to train a neural 
network, the last 25% (381 - 506) as test data.

• We try two NN models. The first one is with one hidden layer that has 5 neurons/nodes

bostonModel <- neuralnet(MEDV ~ CRIM + ZN + INDUS + CHAS + NOX + RM + 
AGE + DIS + RAD + TAX + PTRATIO + LSTAT, data = trainingData, hidden = 5)

• The second neural network is with three hidden layers with 5 nodes  in the first hidden layer; 4 nodes in 
the second hidden layer; 3 nodes in the third hidden layer

bostonModel <- neuralnet(MEDV ~ CRIM + ZN + INDUS + CHAS + NOX + RM + 
AGE + DIS + RAD + TAX + PTRATIO + LSTAT, data = trainingData, hidden = c(5,4,3))
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Neural network with one or three hidden layer(s)

Error metric RMSE: 0.246 33Error metric RMSE: 0.137

Bias: constant that shifts the weighted-sum upward or 
downward. It can be updated in the same way as the weights

y(x) = f ( ∑wixi ) y(x) = f ( ∑wixi  + b )



NEURAL NETWORK FOR WIND ENERGY 
FORECASTING

03

34



Neural network for wind energy forecasting

• Hourly data recorded 2012.01.01-2013.10.01, with 15,336 records

Wind power Wind speed 
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• Real wind power data from a wind farm in Australia



Neural Network for Wind Energy Forecasting

Input: wind speed 
(WS10)

Output: Wind Power 
(POWER)

Hidden layerInput layer Output layer

• One node/neuron in the input layer
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• One hidden layer with 10 nodes

• One node in the output layer



R code for the wind energy forecasting

We take 3000 records (12,001 - 15,000) as training data, the last 336 records (15,001 - 
15,336) as test data.

#calling neuralnet function to build the model. 
#The function will return a neural network object that can make predictions

powerModel <- neuralnet(POWER ~ WS10, data = trainingData, hidden = 10)

#generate the prediction on the test data
modelResults <- compute(powerModel, testData$WS10)
powerPredictedNN = modelResults$net.result

# plot the neural networks
plot(powerModel)

# Calculate error
errorNN <- powerPredictedNN - testData$POWER
rmse(errorNN)

Train the NN
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Q: can we use all 15336 records as training data?



Actual & Predicted Wind Power

2013-09-17
01:00:00

2013-10-01
00:00:00

1 hour intervals

Actual wind power Predicted by NN

1.0

0.5

0.0
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RMSE=0.2277



MORE CONSIDERATIONS

04
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Interested to forecast something new?

What else you can forecast in energy sector? 
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– Solar power generation

– Energy prices 

– Electricity load 

– Battery health prediction
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Reference

• M. Nielsen, “Neural Network and Deep Learning” free online book. 
http://neuralnetworksanddeeplearning.com/ 
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