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Abstract- Despite the popularity and availability of a wide range of cloud service providers, cloud computing
faces challenges that need to be addressed. One of these challenges primarily includes the incredible energy
consumption due to reasons such as the use of proper cooling systems, which is considered the biggest threat to
the environment and its electricity consumption cost for cloud providers. Therefore, it is necessary to provide
solutions to improve or predict energy consumption in cloud computing. Therefore, the aim of this paper is to
present a hybrid approach based on optimized clustering and deep transfer learning for predicting energy load in
cloud computing. The proposed method is tested on three Google Cluster datasets, European PV Load and IESO
datasets and in total with five datasets, CPU usage from Google Cluster dataset; hourly load from the dataset and
PV load (solar energy forecast) from the London dataset; Hourly load and consumption load price in Canadian
dollars from the IESO dataset have been evaluated with MSE, RMSE, MAPE and MAE metrics. The results
show that among the datasets, the Google Cluster dataset in the training data has performed very well and the
errors have been at the lowest possible level (MSE = 0.0199, RMSE = 0.1411, MAPE = 0.4293 and MAE =
0.1195). In the test data, the error values also remain low and acceptable (MSE = 0.0356, RMSE = 0.1886, MAPE
= 0.6460 and MAE = 0.1647), which indicates the high generalization ability of the model and increased
prediction accuracy in complex and voluminous data.

Keywords- Clustering with Meta-Heuristic Algorithm, Deep Transfer Learning, Load Forecasting, Cloud
Computing.
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Main signal

Input:
Start
1. k=1:n(n=Finding all the eigenmode components)
2. Finding all signal extrema.
3. Calculate the Upper envelope curve.
4. Calculate the Lower envelope curve.
5. Averaging of upper and lower envelope curves.
6. Subtracting upper and lower envelope curves from input signal.
7. Calculating D, (t).
8. Checking stopping condition.
If Upper envelope curve & Lower envelope curve>= 0
x = r(Substituting the signal obtained from step 2 in place of

the original);

Else

Finding all the eigenmode components.

End
Stop.
Extracting all the intrinsic components of the Output:
signal( IMFS)
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Input: signal
Start
1) i = 1 size(IMFS) (Each IMFS is an intrinsic component of the
signal)

2) X = IMFS(i)
3) wname = 'haar'

4)N=5
5) [C, L] = wavedec(X, N, wname)
6)fori=1:N

A{i} = wrcoef(a', C, L, wname, i)
D{i} = wrcoef('d', C, L, wname, i)
end
Stop
Output: Decomposition of approximation and detail frequency
components
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Smellbest = Smellbest
X (i) = X (bestindex)
Y (i) = y (bestindex)
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Input: Data
Start
1. Defining parameters.
a.  Compute dataMin, dataMax for each feature;
b.  Randomly initialize flies of size (popSize, K, numFeatures)
within [dataMin, dataMax];
c.  bestCenters « flies(1);
bestFitness «— oo;
2. Main loop.
For iter = 1 to maxIter
For i =1 to popSize

a. tempCenters = flies(1);

b. labels =assign each sample in data to nearest center in
tempCenters;

C. fitness(i) = sum of squared distances of samples to their
assigned centers;
End
End

3.Update global best
If min(fitness) < bestFitness:
bestFitness= min(fitness);
bestCenters=corresponding fly ;
End
4. Update flies
meanFly=mean of all flies;
For i =1 to popSize:
flies(i) « flies(i) + 0.1%(bestCenters
0.05*(meanFly - flies(i));
Stop.

flies(i)) +

Output: Clustering
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Input: Data

Start

1-ata normalization and Split into training, validation and test data.
2-Prepare input format for LSTM (Convert data to cell (a column for
each sample)).

3-Define initial LSTM architecture.

Sequence input layer;

First LSTM layer with OutputMode="sequence’;
Dropout layer to prevent overfitting;

Second LSTM layer with OutputMode="‘last’;
Fully Connected layer;

Regression layer for numerical output;

-Set training options (trainingOptions)

Select the adam optimization algorithm ;

Set the maximum number of iterations (epoch) ;
Set the mini-batch size ;

Set the initial learning rate ;

Enable randomization (shuffle);

Gradient threshold (optional);

Show the training progress;

. Disable additional messages;

5-Initial network training(trainNetwork with training data and
defined layers).

6- .Extract weights from Trained network

SQ PO TP RO R0 O

a. Extract and Copy trained layers « transfer_layers;
b. Freeze LSTM layer weights;

7- .Re-training (fine-tuning)

a. Use transferred architecture;

b. Re-train with training data;

Stop.

Output: Prediction of training and test data with Deep Transfer
Learning
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