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Key questions

• How to transform a high-dimensional data set into a small set?

• Which methods can be used to combine and reduce the high-

dimensional data?

• Are these methods among the learning-based schemes?

• Do I need some pre-processing techniques before data fusion 

exploitation?
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Data fusion

• Humans, who rely on their senses as the vision, smell, taste, voice and 

physical movement, are a principal example of data-fusion system.

• A major tool is to remove the dependencies among the collected data.

• In computer science, it is also required to combine various data sets into 

a unified (fused) data set which includes all data points.
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Data fusion (cont.)
• To store, analyze and summarize the vast amounts of generated data, 

one may reduce the dimension of data by dimensionality-reduction 

data fusion. 

• This transformation finds a subspace whose vectors are a combination

of the old subspace and projects a t-dimensional space onto an k-

dimensional subspace of the original features, where k<<t.

• The raw data sets collected from our implementations are not

available before running the algorithm.
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• PCA is mathematically defined as an orthogonal linear 

transformation that transforms the data to a new coordinate system,

• PCA
o helps to find relevant structure in data,

o helps to throw away things that won’t matter

• The projection of the data comes to lie on the new coordinate 

system,
o the greatest variance on the first coordinate (called the first principal component), 

o the second greatest variance on the second coordinate, 

o and so on

Principal component analysis
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Transforming the data set to the 

new space

Data in the old space
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Data in new space after 

PCA Transformation



Projection on the line 

with lower variance

Projection of the data

Data in the old space
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Projection on the line 

with higher variance



PCA Calculation
• Vectors of data X:

o Dimension of every vector of data X:

• Matrix dimension: I×J → I is the number of samples,

J shows the attribute for every sample.

• First step is to calculate the average of samples and normalizing them:

→

8



PCA Calculation (cont.)
• Second step is to calculate the principal components of the new 

subspace:
1) Calculating the co-variance matrix:

• C = 
1

I
(XT X)

• Vi C = λi C

2) Calculating by the singular value decomposition:   SVD (X) = [U,Σ,V] = U Σ VT

o Σ is the diagonal matrix

o U and V are unitary matrices

• Third step is choosing a few number of eigenvectors of V and 

projecting X on this new subspace.
o XK = X.Vk
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• For reducing the size of information and combining features with different qualities,

Truncated-SVD is exploited; Truncated-SVD has the ability to extract only the most

important information from the data matrix by using just the first several components

estimated from the original matrix of data set.

• Randomized-SVD implements a type of Truncated Singular Value Decomposition
(Truncated-SVD) that only computes the k-largest singular values with a randomized

algorithm, where k is a user-specified parameter.

• Randomized-SVD is similar to PCA, but differs in that it works on sample matrix X

directly instead of their covariance matrices. When the column-wise (per-feature)
means of X is subtracted from the feature values, Randomized-SVD on the resulting

matrix is equivalent to PCA.
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Randomized-SVD algorithm



Randomized-SVD algorithm (cont.)

• Given an m×n matrix X, a target number k of singular vectors, this procedure

computes an approximate factorization UV, where U and V are orthonormal matrices

whose columns are eigenvectors of X.X* and X*.X respectively, and is nonnegative

and diagonal matrix containing the eigenvalues of X. X* in the diagonal being sorted

in descending order.

• By considering the problem of finding the k principal components of the SVD of an

m×n input matrix, randomized algorithms involve O(mnlog(k)) floating-point

operations (flops) in distinction to O(mnk) for classical algorithms.

• Randomized-SVD can generate a structure from an unstructured input data matrix
by using a subsampled random Fourier Transform (SRFT) and QR decomposition:
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Randomized-SVD algorithm (cont.)

✓ N. Mehran and N. Movahhedinia “Randomized SVD Based Probabilistic 

Caching Strategy in Named Data Networks,” (2018).



Reaching the fused data in a nutshell

• Using the Randomized SVD algorithm as a data fusion model as follows:
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A Data Fusion Diagram

✓ Raol, Jitendra R. “Multi-Sensor Data Fusion with MATLAB,” (2009).

✓ N. Mehran and N. Movahhedinia “Randomized SVD Based Probabilistic Caching 

Strategy in Named Data Networks,” (2018).
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• https://scikit-learn.org/stable/

• Scikit-learn, an open source library in Python, can be exploited for:
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PCA



17

Randomized SVD



A sample code of Python
from sklearn.decomposition import PCA

from sklearn.decomposition import TruncatedSVD

X_std = StandardScaler().fit_transform(X)

sklearn_X = TruncatedSVD(n_components=1)

sklearn_transf = sklearn_X.fit(X_std)
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