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Abstract: 
The short-term power nodal price projection is commonly referred to as the estimate of the nodal price for the day ahead that is 24 hours in the future. It makes projections on the costs of nodal electricity for the next twenty-four hours. It is necessary for a producer to get day-ahead pricing predictions in order for him to adequately plan and design his bidding strategy in the pool. This is because the producer has minimal ability to alter nodal prices. For the purpose of this investigation, data on the availability and cost characteristics of generating, actual and reactive demand at various bus stops, and the availability of transmission capacity under several situations, such as during rush hour and off-peak, were all collected. The computation of the best power flow incorporates each and every one of these data elements. A method known as AC-DC OPF is utilized in the computation of power nodal costs for IEEE 30 bus systems. These inputs were fed into a number of ANNs, which then utilized them to make predictions about day-ahead nodal pricing for the power system that had recently undergone reorganization, employing idealized versions of actual energy nodal prices.
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1. Introduction
The newly reformed market's primary goal is to drive down the price of power through increasing competition. Adopting an appropriate price structure and forecasting method can promote power market competition. In order to avoid underestimating or overestimating the money gained by producers for power providers, accurate energy price forecasts are essential.
Nodal price forecasting for energy relies on a variety of factors, including past prices and demand, weather and economic growth to make predictions about future power costs. There are several factors that might affect the cost of power. Consequently, good forecasting of power market pricing should be able to account for the inherent volatility of electricity costs. There are several techniques for predicting future prices. Methods of forecasting may be divided into two broad categories. The first statistical technique is characterized as "hard computational processes Time series models, regression models, and econometrics are all used in this model.In order to forecast prices, the second technique makes use of artificial neural networks and fuzzy systems, two types of soft computing based on artificial intelligence. Wavelet transformations, ARIMA, and GARCH techniques [65, 66], as well as time series models and ARIMA models[58,62], have all been used to anticipate electricity prices. They have been shown to be accurate, but the amount of historical data and computational costs limit them. Artificial neural networks, according to current studies, are the best solutions for resolving problems with power systems since they are adaptable and simple to apply.
Use of Artificial Neural Networks for Day-Ahead Electricity Nodal Price Prediction.
Nodal price projection for the 24-hour day ahead refers to the prognosis for short-term electricity prices. A power nodal price projection for the next 24 hours is offered. Predicting day-ahead pricing is necessary for a price-taker producer to arrange his own bidding strategy in the pool. For the same reason, merchants and large volume consumers demand the anticipated day-ahead power nodal price. On the day-to-day market, futures contracts can be traded.
Multiple investigations of energy price prediction published in literature research used historical pricing data under various circumstances and at various times in order to train ANNs to estimate the day-ahead price of power. A lack of research supports the approach used to estimate these expenses. When setting pricing, economic principles have traditionally prevailed over scientific concerns, although this has been a point of contention for some time. The capacity to precisely predict the price of an item is significantly lacking in such a circumstance.
A new method is employed in this piece. After a thorough investigation of physical and technical data was completed, it was determined that there was sufficient capacity in the transmission grid to meet the demands of the various bus stops, as well as during peak and off-peak periods. These data components are used to identify the most efficient power flow. The AC-DC OPF method may be used to estimate nodal expenses. This method,which is based on ideal real electricity. To anticipate nodal pricing, it has been used to look at nodal prices, bus voltages and angles, as well as real and reactive demand, among other things.

Because neural networks (NNs) are good at predicting prices because they have a lot of complicated, nonlinear connections, they are the best choice. Everything, from nodal pricing to real and reactive demand to bus voltages and angle, isn't connected in a straight line.









2. Artificial Neural Network Model
Many different price and demand forecasting scenarios have made substantial use of artificial neural networks.. It's because they're better at providing accurate answers and simulating complex nonlinear interactions than the other typical linear mode that they've been so successful. Information processing models based on connectionist principles are known as artificial neural networks (ANNs). Groups of artificial neurons are joined together in ANNs. These artificial neural networks (ANNs) were inspired by the human brain's ability to learn and remember. The values that flow via interconnections are amplified by the weights associated to them. A unit's fixed input is referred to as bias. The weighted total of each unit's inputs is applied to the bias. The revised sum is then subjected to  transfer function.
The two stages of neural network prediction are training and learning, which is why neural networks are so powerful. The majority of the time, neural network training is carried out with the assistance of a trained human being. The quality of training is strongly influenced by the input used. Networks learn by constructing an input–output mapping and changing weight and bias values to eliminate or maximize some error between the output generated and expected output at each iteration. This method is done until convergence reaches a satisfactory level. using computerized neural networks (ANNs), this study hopes to be able to predict actual day-ahead AC-DC nodal pricing. The proposed model may be shown in Figure 1.
[image: ]

Figure 1: Neural network model for electricity nodal price prediction

It is possible to use many types of neural networks in order to predict day-ahead electrical nodal prices. Back-propagation algorithms, cascade feed-forward neural networks (CFNN), generalized regression neural networks (GRNN), and precise radial basis neural networks are all examples of these types of neural networks (RBENN). For the purpose of predicting day-ahead power nodal pricing, neural networks such as this one are commonly used In the following sections, we'll go into further depth regarding how neural networks are constructed and simulated.
2.1.  Feed-Forward neural network with Back-Propagation algorithm

Mixed datasets may be classified and accurately predicted using a Triple -layer feed forward neural network with Back Propagation training. Networks may be taught to generalise by feeding random data into the network. Hidden processing elements may be found to have differing numbers of processing elements. After processing the input, the output is calculated and the disparity detected between what was calculated vs what was really produced. There are adjustments made to each layer based on the propagation of the error back to the input.
To decrease the overall sum of square errors, the conventional BP technique uses a steepest descent algorithm. The learning rate and momentum are two BP algorithm parameters that may be tweaked to speed up the learning process. Error gradient used to alter weights is referred to as learning rate. Convergence times can be sped up by using larger values. The momentum specifies that while calculating new weights, existing weights are taken into account to some extent.

Figure 2 depicts the input, hidden, and output layers of a FFNN. Figure 2 depicts the relationship between synaptic weight and bias and the synapses and weights of the layer above it. If the variables (x1, x2,.., xi,..., xN) are the inputs of neuron j, then neuron j's output uj is produced as     						(1)

Neuron j's bias and transfer (activation) function are determined by the strength of  a  link between that neuron  & the i-th input neuron.
Figure No. 2: Three layered Feed-Forward neural network 




Figure No. 3: Information processing in a neural network
The input, hidden layer, and output layers of a feed-forward neural network are represented by N, M, and Q neurons, respectively. [(x1,x2, xi,... xN)] is a formula that may be used to transfer data from a neural network's input layer to its hidden layer. .. The output vector (U=U1,U2,...,uM) for the hidden layer is calculated using the weighted link and bias. The neuron's jth output, uj, is obtained as

					(2)



as is a weight of connection between the  neuron  j in the hidden layer and the i-th neuron of  input layer, showing the bias of neuron j and is the activation function of  the hidden layer.
The vector u of the hidden layer sends its values to the output layer. With a weighted connection between the hidden and output layers and a bias on the output layer, the output vector of the output layer is calculated as   y = (y1-yk, yk-yQ).

Using neuron k in the output layer, we may get the following as the value of	(3)


where    weight of connection between neuron k in  output layer &  the j-th neuron of  hidden layer, is a bias of neuron k and  is the activation function of  output layer.





Desired output (target value) is compared with Output  , Error E in output layer between   &   () is optimized by using the mean square error at output layer (which is composed of Q output neurons), defined by

						(4)
In order to learn, it is necessary to alter the weights and biases of connections. As soon as the weights and biases of each node are defined, we can immediately measure the network's output accuracy (arbitrary values). In order to stop the mistake propagation, all connections and neurons had their weights and biases modified (BP algorithm). It is possible to obtain an acceptable result by calculating the network outputs & error with the new weights & biases in place. This approach is employed throughout the ages. In order to lower the total mean square error, the BP algorithm has bias and weight changes done.:

	And

						(5)
how fast is the learning process. The BP algorithm's general rule is shown in Equation (5). The weights and biases may be adjusted as shown in Equations (6) and (7). Layers for the output, 


and

						(6)

when does momentum come into play (a constant between 0 and 1) & 
For hidden layer, 

	and

					(7)



where and  
According to Appendix C-5, a 3-layer feed forward neural network is trained using the Levenberg–Marquardt technique. In the hidden layers, nonlinearities may be achieved by utilizing sigmoid functions, whereas in the output layer, linear functions can be used. List of parameters utilized for this study's parameter selection may be found in Table 5.4.
3.2	Cascade Feed-Forward neural network 

An input node, an inner node, and an output node make up a cascading neural network's three types of nodes. These are signified by the notations "ui," "ei," and "y," and are represented by the notations I "n," and "yi," respectively. Inner nodes can be described as a function.         (8) 







where, (•) is activation function, ,  are adjustable weightings, ,  are outputs from input and inner nodes respectively,  is the bias term. 
Linear functions are used to characterize the output nodes.

              					(9)






as is a output of  output node, ,  as adjustable weightings and ,  represents outputs from input and inner nodes respectively, and is the bias term. 

A feedforward network is a cascade neural network in the broadest meaning. As with other feed-forward networks, layers have no bearing on a cascading neural network. As seen, the outputs of each input and inner node are linked to each other as follows: illustrated in Figure 3, and all inner nodes are linked together.
Figure No. 3: Cascaded Feed-Forward neural network with three inputs and one output
CFNNs may be trained via back propagation. The connections between neurons are fully used by NNs like this one. For the same modelling and control difficulties, this network uses a less number of neurons than previous networks.

2.2. Generalized Regression neural network 
There have been RBF networks with a hidden unit in the centre of each training sample built. The Gaussian kernels of the GRNN architecture specify the radial basis function units in great detail. An average of target values from training cases that are close to the input case is used in the output layer. Each input/target vector contains exactly as many neurons as the RBF network's first layer. Using spread/smoothing parameters, a simple function reacts to a larger region of input space. Figure 4 depicts a full regression neural network..


Figure No. 4: Generalized Regression neural network 

What is the conditional expectation of y given an observed value of X, given the joint continuous probability density function (f(x, y)) of the vector random variable (x) and its scalar (y) counterpart?		            				     [image: ]                                               (10)
       
It is common for probability density functions to remain a mystery in the real world. As a result, it is derived from a sample of Xi and Yi values.

The most common design for an estimator is

						  (11)

Here, the kernel function estimator is used


	(12)






where  is the dimension of the vector variable x,  is the number of observations,  is the width (spread) of the estimating kernel or smoothing factor,  is the desired scalar output given the observed input . Now defining the scalar function 

					         (13)

From equation (5.4.3.3) and (5.4.3.4), resulting kernel regression estimator can be presented by

					        (14)

The estimate It's possible to think of Yi as a weighted average of all the observed values, with each observed value being weighted exponentially proportional to its Euclidean distance from X. This is how the neural network is put into action:.
Let wij be the target output corresponding to input training vector Xi and jth output, equation can be expressed as follows

						         (15)

where 



The GRNN topology is composed of the following four levels: input/hidden/summation/output Just like the hidden layer, the input layer's only purpose is to communicate X to the hidden layer's units. There is a secret layer that stores all of the training information. Kernel function is used to determine the squared distance between an unknown pattern X and a known pattern known as K. training sample. The summation layer has two units A and B. Unit A computes the summation of  multiplied by Yi associated with Xi.  B unit simply computes the summation. The prediction is computed by dividing A by B in the output unit. If you have adequate data, you can quickly train GRNN, model non-linear functions, and perform well in noisy situations.










2.3. A Radial Basis neural network
These steps are used to gradually construct the radial basis function. Every new hidden unit is centred around an input vector from the training set. Up to a certain point, additional hidden units are added till the player achieves their goal. It's important to note that each output unit is given a certain amount of weight.

2.3.1. An Exact Radial Basis neural network
[bookmark: 2404]This neural network is built with the same number of hidden units that appear in the practise set.
It is possible to build up an entire layer of radial basis transfer function neurons that can detect a wide range of input vectors by using this function. P' is used to establish the first-layer weights for the radial basis transfer function neurons created by this function. It follows that it is possible to build up an entire layer of radial basis transfer function neurons that can detect a wide range of input vectors.
According to the first findings, the day-ahead market's AC-DC OPF nodal price was estimated using data collected over many months during peak demand (summer season). For the neural networks, data such as current electricity prices, voltages and angles at the bus bar, and real and reactive demand may all be input. This tool may also be used to choose and train multiple neural networks using the ANN parameters mentioned in Table 1 as an alternative method.

	Particular
	Value/Method
	Particular
	Value/Method

	For FFNN & CFNN
	
	
	

	Neural Network Architecture
	BP Learning and Training

	Neural Network
	‘ Multilayer Perceptron algorithm (MLP)
	Training method
	‘Trainlm’ (Levenberg-Marquardt Back Propogation algorithm)

	Number of inputs neurons
	5
	Learning Method
	‘Learngdm’ (Gradient Function)

	No. of Outputs neurons
	1
	Learning rate
	0.5

	No. of Hidden Layer
	1
	Momentum constant
	0.3-.0.8

	No of Hidden Neurons
	16
	No. of iteration
	100

	Transfer Function
	Tangent sigmoid, linear transfer function
	Data dividation method
	Dividernand

	Maximum Epoch
	1000
	Data used for training
	60%

	
	
	Data used for validation
	10%

	
	
	Data used for testing
	30%

	For GRNN

	Spread
	0.01
	
	

	For RB and RBE

	Spread
	0.5
	Goal
	0.001



Table No.1: ANN parameters for electricity nodal price prediction
3. Measurement and Performance Evaluation of Electricity Nodal Price Prediction
In the usage of neural network (ANN) technology, the selection of a performance evaluation function is crucial. In order to evaluate and measure the created model's out-of-of-sample prediction capabilities, we employ RMSE, MAPE, error variance, projected mean square error (FMSE) and standard deviation (SD). how to find the root mean square deviation

		(16)

For the purposes of evaluating and comparing the performance of various neural network models, MAPE has been used as the accuracy criterion. It comes from	


		(17)


A statistical indicator, such as the variance of error, may be used to assess the robustness of a strategy. Price prediction accuracy rises as the variance in the nodal prices decreases.. The error variance () is calculated by


	(18)

The FMSE (square root of the average of the number of sample peak electricity nodal prices) is used to measure the square differences between projected and actual electricity prices (daily). The less mistakes you make, the better your outcomes will be.
 Calculated with the aid of

		(19)
sample peak nodal prices, where N is the number of nodal price samples (daily).

For the analysis of data diversity, the standard deviation (SD) is commonly employed in statistics and probability theory. The deviation from the mean is calculated. The degree of divergence will be larger if the data are dispersed more widely. The square root of the variance is used to determine the standard deviation. It's a gift from a friend.(20)

Using neural network models to estimate electricity nodal prices, this article calculates and compares the inaccuracies. .

4. Nodal Pricing Methodology
With physical margins, the optimal power flow is the term used to characterize an optimization challenge. Heat flow, ramp rate generator, and generator output limit are all imbalanced limitations in the OPF model. The goal function and equal conditions, such as power balance equations, are also included in this model. a bogus OPF The ACOPF model's findings can be used as a benchmark since they are deemed to be accurate. Although ACOPF's response is correct, the issue is not with linear programming. When handling this group of problems, the solver will need a solid foundation from which to work. The findings of this investigation are addressed. We arrive at an ideal solution by working our way down from the OPF problem to nodal pricing for both real and reactive power.
Electricity Spot Price Equations 

Calculated using the Lagrange multiplier function of the Lagrangian equal and inequality constraints, partial derivatives of the Lagrangian with respect to each variable, and a first order Lagrangian condition. Lagrange functions are defined as a cost function in equations, hence the Lagrange function is		(21)


where, ‘’ and ‘’ are lower and upper limits; λ= (λ1,…,λn) is the vector of Lagrange multipliers concerning equality constraints; ρ = (ρ1,…,ρn) are the Lagrange multipliers concerning inequality constraints. 




Then at an optimal solution  for a set of given, Spot price of real and reactive power for bus is expressed for  are,



= 			              (22)



= 			              (23) 


The difference ( - ) reflects the actual costs of transferring data between bus-j and bus-i. The system marginal cost resulting from an increase in the real and reactive power demand at the bus is represented by equations (22) and (23)..

5. NUMERICAL RESULTS
It is now possible to anticipate the day-ahead AC-DC OPF power node cost for IEEE 30 Bus test systems using artificial neural networks (ANNs). FFNNs and BPs are utilized in this simulation and study to predict day-ahead power prices. The IEEE-30 Bus system is used to test the suggested methodology. In an energy market that plans a day in advance, it is feasible to obtain the average real and reactive demand during the duration of various peak and off-peak situations. At these demand levels, AC-DC OPF-based power nodes are computed and depicted in Figure No.5.

Figure No.5 : Real demand variation in day-ahead electricity market


Figure No. 6: The day-ahead energy market's nodal price behaviour

	
BUS NO
	
RMSE
	
MAPE
	
VARIENCE
	
FMSE
	
SD

	1
	0.1834
	0.4337
	0.1844
	0.1657
	0.4294

	2
	0.0659
	0.1598
	0.0250
	0.0782
	0.1582

	3
	0.1997
	0.2474
	0.0600
	0.0983
	0.2450

	4
	0.1754
	0.2708
	0.0719
	0.1307
	0.2682

	5
	0.1081
	0.2366
	0.0549
	0.0879
	0.2342

	6
	0.2202
	0.3073
	0.0926
	0.1491
	0.3043

	7
	0.2114
	0.3185
	0.0994
	0.1221
	0.3153

	8
	0.1641
	0.2784
	0.0760
	0.0906
	0.2756

	9
	0.1227
	0.3123
	0.0956
	0.1230
	0.3092

	10
	0.1825
	0.2632
	0.0679
	0.1187
	0.2606

	11
	0.1539
	0.1306
	0.0167
	0.0580
	0.1293

	12
	0.0313
	0.2693
	0.0711
	0.0873
	0.2667

	13
	0.0683
	0.2374
	0.0553
	0.0981
	0.2351

	14
	0.2113
	0.3819
	0.1430
	0.1567
	0.3782

	15
	0.2067
	0.3010
	0.0888
	0.1344
	0.2980

	16
	0.1816
	0.2410
	0.0569
	0.1132
	0.2386

	17
	0.2178
	0.2425
	0.0577
	0.1068
	0.2401

	18
	0.1497
	0.2526
	0.0626
	0.1196
	0.2501

	19
	0.1683
	0.2723
	0.0727
	0.1079
	0.2696

	20
	0.1510
	0.2805
	0.0772
	0.1247
	0.2778

	21
	0.1184
	0.2179
	0.0466
	0.0893
	0.2158

	22
	0.0855
	0.1441
	0.0204
	0.0618
	0.1427

	23
	0.1283
	0.2545
	0.0635
	0.0988
	0.2520

	24
	0.2303
	0.2782
	0.0759
	0.1512
	0.2755

	25
	0.0982
	0.2250
	0.0496
	0.0883
	0.2228

	26
	0.0887
	0.1717
	0.0289
	0.0661
	0.1701

	27
	0.1632
	0.1581
	0.0245
	0.0750
	0.1566

	28
	0.2317
	0.2754
	0.0744
	0.1428
	0.2728

	29
	0.0620
	0.2762
	0.0748
	0.0687
	0.2734

	30
	0.1682
	0.2815
	0.0777
	0.1112
	0.2787



Table No. 2: FFNN Electricity Node Price Prediction Error Computation

In this study, the researchers took a close look at IEEE 30 bus systems. As the world's population expands, so does the demand for energy. Buses of various types employ the AC-DC OPF approach to replicate the daily hourly average peak real and reactive power requirements of the actual system. There are multiple NNs that employ input variables from Table I to build parameter values based on the simulated outcomes and comparison of typical nodal prices at various buses with anticipated nodal pricing. Table I: All NNs joined together to improve the accuracy of nodal price forecasts.

The RMSE and MAPE measurements are used to gauge network performance and efficiency. Data is given in Table 2 for various bus models and manufacturers. When all positive values are taken into account, the RMSE of the FFN is more accurate than that of other neural networks. Several NNs are displayed in Table 2 with their error variances and FMSEs compared. More precise nodal price forecasts may be made using FFN neural networks. FFN-equipped buses were shown to have lower FMSE values, indicating a more accurate prediction outcome.
6. Conclusion
Day-ahead pricing for power nodes are estimated using Artificial Neural Networks and an AC-DC OPF method. This study reveals that neural networks are an excellent method for recognising and forecasting agricultural obligations since it can mimic nonlinear processes and generate predictions. The Feed Forward Neural Network performs better when trained using the BP approach. This study compares FFN to CFN. A simulation shows that CFN has the fastest iteration number convergence and the lowest RMSE and MAPE error values. It is also necessary to employ FFN because of the lower MSE of this system. As a rule of thumb, this benefit is particularly noticeable when a high degree of quality is required. Using nodal price forecasting, a market participant may predict the risk of spot market price volatility, ensure investments work better, and anticipate how effectively promotional power will operate. Nodal price forecasting For countries like China and India, the method utilized is a typical one that is more likely to succeed in creating and sustaining a full market.
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Abstract

:

 

 

The short

-

term power nodal price projection is commonly referred to as the estimate of the nodal price for the day ahead that is 24 

hours in 

the future. It makes projections on the costs of nodal electricity for the next twenty

-

four hours. It is necessary for a 

producer to get day

-

ahead pricing predictions in order for him to adequately plan and design his bidding strategy in the pool. This is 

because the producer has minimal ability to alter nodal prices. For the purpose of this investigation, data on the availabili

ty and cost 

characteristics of generating, actual and reactive demand at various bus stops, and the availability of transmission ca

pacity under 

several situations, such as during rush hour and off

-

peak, were all collected. The computation of the best power flow incorporates 

each and every one of these data elements. A method known as AC

-

DC OPF is utilized in the computation of power n

odal costs for 

IEEE 30 bus systems. These inputs were fed into a number of ANNs, which then utilized them to make predictions about day

-

ahead 

nodal pricing for the power system that had recently undergone reorganization, employing idealized versions of act

ual energy nodal 

prices.

 

 

Keyword

-

 

Nodal price predication, Artificial Neural Network

 

 

1.

 

Introduction

 

The newly reformed market's primary goal is to drive down the price of power through increasing competition. Adopting an 

appropriate price structure and 

forecasting method can promote power market competition. In order to avoid underestimating 

or overestimating the money gained by producers for power providers, accurate energ

y price forecasts are essential

.

 

Nodal price forecasting for energy relies on a va

riety of factors, including past prices and demand, weather and economic 

growth to make predictions about future power costs. There are several factors that might affect the cost of power. 

Consequently, good forecasting of power market pricing should be ab

le to account for the inherent volatility of electricity 

costs. There are several techniques for predicting future prices. Methods of forecasting may be divided into two broad 

categories. The first statistical technique is 

characterized

 

as "hard computatio

nal processes

 

Time series models, regression 

models, and econometr

ics are all used in this model.

In order to forecast prices, the second technique makes use of artificial 

neural networks and fuzzy systems, two types of soft computing based on artificial

 

intelligence.

 

Wavelet transformations, 

ARIMA, and GARCH 

techniques [

65

, 66

], as well as time series models and ARIMA models[58,62], have all been used to 

anticipate electricity prices. They have been shown to be accurate, but the amount of historical data

 

and computational costs 

limit them. Artificial neural networks, according to current studies, are the best solutions for resolving problems with powe

r 

systems since they are adaptable and simple to apply

.

 

Use of

 

Artificial Neural Networks for 

Day

-

Ahead El

ectricity Nodal Price Prediction.

 

Nodal price projection for the 24

-

hour day ahead refers to the prognosis for short

-

term electricity prices. A power 

nodal price projection for the next 24 hours is offered. Predicting day

-

ahead pricing is necessary for a p

rice

-

taker producer to 

arrange his own bidding strategy in the pool. For the same reason, merchants and large volume consumers demand the 

anticipated day

-

ahead power nodal price. On the day

-

to

-

day market, futures contracts can be traded.

 

Multiple investiga

tions of energy price prediction published in literature research used historical pricing data under 

various circumstances and at various times in order to train ANNs to estimate the day

-

ahead price of power. A lack of research 

supports the approach used t

o estimate these expenses. When setting pricing, economic principles have traditionally prevailed 

over scientific concerns, although this has been a point of contention for some time. The capacity to precisely predict the p

rice 

of an item is significantly 

lacking in such a circumstance.

 

A new method is employed in this piece. After a thorough investigation of physical and technical data was 

completed, it was determined that there was sufficient capacity in the transmission grid to meet the demands of the va

rious bus 

stops, as well as during peak and off

-

peak periods. These data components are used to identify the most efficient power flow. 

The AC

-

DC OPF method may be used to estima

te nodal expenses. This method,

which is based on ideal real electricity

.

 

To 

anticipate nodal pricing, it has been used to look at nodal prices, bus voltages and angles, as well as real and reactive dem

and, 

among other things.

 

 

Because neural networks (NNs) are good at predicting prices because they have a lot of complicated, 

nonlinear 

connections, they are the best choice. Everything, from nodal pricing to real and reactive demand to bus voltages and angle, 

isn't connected in a straight line.

 

 

 

 

 

 

 

