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Advanced Distribution System Planning (AdvDSP)
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Data Processing and Grid Formation
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* Land data and historical PV installation data are
collected by matching address coordinates.

PV Data Analysis and Forecast Model Design

Categorizes Data in Grid

Forecast Model
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1. Data Acquisition and Preprocessing 2. Feature Selection
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Methods Regulation
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Time-Seris Installation Rule

* QIS programs form grids with centroid coordinates.
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Model Evaluation

PV Installation Trends In Each Grid Is Analyzed.
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Peak Load Data
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3. Machine Learning Performance Validation 4. Ensemble Model Optimization

Machine Learning Algorithms
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*  Performance
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« Deep Convolutional GAN
« Convolutional LSTM

Time-Series Satellite Images
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; ;:E;;sgz:ﬂmple shows how to train a generative adversarial network to generate Generated Images EpOCh: 50, Iteration: 191 50’ Elapsed: 04:09:27
4 % | b
5 % A generative adversarial network (GAN) is a type of deep learning network Generator
6 % that can generate data with similar characteristics as the input real data.

7 %

8 % A GAN consists of two networks that train together: |

9 %%
1e % # Generator — Given a vector of random values (latent inputs) as input, this I ‘
11 % nerwork generates data with the same structure as the training data. {
12 % # Discriminator — Given batches of data containing observations from both ‘
13 % the training data, and generated data from the generator, this network attempts
1 % to classify the observations as |"real’| or |"generated”|.
15 %% | “‘ 1l I H
16 % [ ‘ I I M !
17 % o | I “ b
18 % To train a GAN, train both networks simultaneously to maximize the performance 8 | I;‘
19 % of both: %) I
28 %%
21 % * Train the generator to generate data that "fools” the discriminator. |
22 % * Train the discriminator to distinguish between real and generated data.
23 |
24 % To optimize the performance of the generator, maximize the loss of the discriminator
25 % when given generated data. That is, the objective of the generator is to generate I
26 % data that the discriminator classifies as |"real’|.
27 %

28 % To optimize the performance of the discriminator, minimize the loss of the

29 % discriminator when given batches of both real and generated data. That is, the

L) % objective of the discriminator is to not be "fooled" by the generator.

31 %

32 % Ideally, these strategies result in a generator that generates convincingly

33 % realistic data and a discriminator that has learned strong feature representations

34 % that are characteristic of the training data.

35 %% Load Training Data 4

36 % Create an image datastore. Iteration «10%
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«  Windows 10 Pro for Workstations 64 bit

* Intel® Xeon® W-2133 CPU @3.60GHz (12 CPUs)
« 64GB RAM ' '

« Nvidia Quadro RTX 5000 Ground Truth Predicted Image
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