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Random Projections and Their Applications in
Computer Vision

Guilherme Schu, John Soldera, Rafael Sachett and Jacob Scharcanski

Abstract— Computer vision problems often require extracting
and handling large volumes of high dimensional data. Commonly,
a dimensionality reduction is initially applied to project the fea-
tures representing the input data into lower dimensionality spaces
before its analysis and/or classification. Techniques like Principal
Component Analysis (PCA) have been used for dimensionality
reduction, but data structure distortions may result from these
projections, often leading to analysis and/or classification errors.
On the other hand, random projections can provide dimen-
sionality reduction while preserving the data local properties,
and sample relative inter-distances in the lower dimensionality
space. We review some of the theoretical foundations of random
projection methods, and discuss their application in dimensional
reduction and in computer vision problems. Also, some recent
trends in the field of random projections are discussed.
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I. INTRODUCTION

Computer vision problems often involve handling large
amounts of high dimensionality data obtained by sensors like
cameras or other devices. However, handling high dimensional
data is computationally costly and can downgrade the perfor-
mance of computer vision algorithms. Specially because as the
data dimensionality increases, the data samples become more
sparsely distributed in the feature space since the number of
samples available remains the same. Therefore, dimensionality
reduction techniques play an important role, since they can
project the input high dimensionality data features to a lower
dimensional space, while preserving important data structural
characteristics.

Among several dimensionality reduction techniques avail-
able, Principal Component Analysis (PCA) is a method that
is popular within the computer vision community. It allows
to project high dimensionality data features into lower dimen-
sional spaces relying on the possibility that most variability of
the input data is restricted to a few directions in the original
feature space. Nevertheless, if the initial space dimensionality
is high (e.g, on the order of c*1000, with c ≥ 1), and the final
space dimensionality is much smaller (e.g. on the order of
c′*1000, with c′ ≪ 1), PCA can be computationally expensive
and may change substantially the local data structure [1].
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The random projection (RP) approach is a different dimen-
sionality reduction technique, which is becoming increasingly
popular within the computer vision and pattern recognition
community. RPs can obtain compact representations for high
dimensionality data, preserving well the data sample inter-
distances in the lower dimensionality space (i.e. are locality
preserving transforms) at an accessible computational cost. In
this paper, we outline the theoretical foundations of the RP
approach in Section II. Also, some relevant applications of RPs
in areas such as texture representation, biometrics and video
processing are discussed in Section III. Finally, Section IV
discusses some future research directions and presents our
conclusions.

II. THEORECTICAL BASICS OF RANDOM PROJECTIONS

Random projection (RP) is a projection technique where
random projection matrices and linear matrix operations are
used to project the data from a high dimensional space to
a lower dimensional space [2], [3], [4]. Usually, RPs obtain
compact representations for high dimensionality data, preserv-
ing the data sample inter-distances in the lower dimensionality
space.

There are different ways to construct RP matrices. Different
schemes could be used to construct a RP matrix R ∈ Rd×p [4],
and the values of its elements R(i, j) = rij can be obtained
as follows:

rij =

{
+1 with probability 1/2,
−1 with probability 1/2.

Recently, Medeiros et al. [5] proposed an alternative way
to construct RP matrices, where each RP matrix element rij
is obtained randomly as follows:

rij =

{
+1 with probability 1/2,
0 with probability 1/2.

Given the d × p RP matrix R, the original p × 1 data
vector x ∈ Rp is projected into the lower dimensionality
space, obtaining y ∈ Rd with d < p, by the following linear
operation:

y = Rx. (1)

Therefore, RPs can be interpreted as a linear weighting of
the original data vector components x, where the weights
rij are defined randomly [6]. More specifically, considering
the original data vector x ∈ Rp in the projection given in
Equation 1, the random projection operation in Equation 1
can be expressed equivalently as :
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yi =
∑
j

rijxj , (2)

where the elements of the j-th column of R are denoted rij,
the j-th component of x is denoted by xj , and the random
projection corresponding to the i-th row of R is denoted by
yi (i = 1, . . . , d, and j = 1, . . . , p). By increasing the number
of rows in R, the dimensionality of the projected space is
increased, and vice-versa. In Equation 1, each one of the d
rows of R corresponds to the weights of a random projection,
and the rows of R provide projections of the vector x in non-
orthogonal projection directions (see also Equation 2).

Considering that data x ∈ Rp lies in a p − dimensional
space, we should expect the number of non-orthogonal data
projection directions no ≫ p, where p is the number of
orthogonal data projections directions. Nevertheless, the data
representation based on a set of non-orthogonal random
projections y ∈ Rd, where d < p, can approximate the
representation of the original data x in a d − dimensional
space that has a lower dimensionality than the original space
spanned by the set of orthogonal bases [6]. Besides, random
projections lead to bounded errors in terms of the projected
data positioning in the lower dimensionality space [3], since
the data samples pairwise distances are preserved up to a factor
(1± ϵ):

(1− ϵ)∥u− v∥2 ≤ ∥f(u)− f(v)∥2 ≤ (1 + ϵ)∥u− v∥2, (3)

where f(u) is a function that maps the original data sample u
to the lower dimensionality space and f(v) is a function that
maps the original data sample v to the lower dimensionality
space. Therefore, given this positioning error guarantee in
terms of data pairwise distances in the lower dimensional-
ity space, the low dimensional space approximates the data
structure in the original high dimensional space [7],[5].

An illustration of the RP mechanism applied to an image
block is presented in Figure 1. A patch of size 3 × 3 is
extracted from a grayscale image in Figure 1 a). The pixel
values in the patch are sorted in ascending order obtaining the
column vector x ∈ Rp indicated by Figure 1 c). Figures 1
b) and d) show the process of generating a random matrix
using the criterion in [5], and Figure 1 d) shows the (d × p)
binary random projection matrix R. The random projection
is obtained by multiplying R by the vector x, according to
Equation 1. The projected vector y ∈ Rd is presented in
Figure 1 e).

III. APPLICATIONS OF RANDOM PROJECTIONS IN
COMPUTER VISION

The property of the RPs that data samples inter-distances are
approximately preserved in a lower dimensionality subspace
has been extensively explored [8]. Some RP applications in
the field of computer vision, specially in biometrics, video
processing and texture representation and segmentation, are
briefly discussed next.

Fig. 1. Illustration of the random projection mechanism for an image block:
a) sample image patch extracted from a grayscale image; b) random numbers
generated using the criterion defined in [5], obtaining the random projection
matrix R in d); c) 3×3 sampled patch is sorted in ascending order obtaining
the column vector x; e) projected data vector y computed by multiplying R
by x.

Fig. 2. Illustration of the segmentation of a natural scene using the method
in [5], which is based on random projections of image patches: a) original
image; and b) segmented image (region boundaries in red).

A. Biometrics

Biometrics-based verification systems confirm an individual
identity based on the physiological and/or behavioral char-
acteristics of the user [9]. Among various characteristics,
biometric based methods need to account for two major issues:
changeability and privacy. The changeability characteristic
concerns the facility of users to use biometric representations
for different applications, allowing biometric templates to
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be reissued. Privacy, relates to the personal physiological
characteristics of users. If one violates the storage device
containing the data, the biometric templates should still pre-
serve the personal information. Random projections have been
used extensively for the generation of changeable and privacy
preserving biometric templates.

In [10], the authors present an effective systematic anal-
ysis of RP as an intentional, repeatable, and non-invertible
transformation for a changeable and privacy-preserving bio-
metric template generation. The main idea is to reduce the
dimensionality of biometric features while preserving privacy
by sorting the random projected features. Recently, it has been
proposed that iris recognition is performed based on an unified
framework relying on RPs and sparse representations [11]. In
order to guarantee the privacy of users physiological identity,
the authors have followed the trend of incorporating RPs, and
also random permutations, into their method to prevent the
compromise of sensitive biometric information of the users.

In regard to face recognition, there are some challenging
issues to be handled, specially in uncontrolled scenarios (e.g.,
airports, public areas, etc.), such as changes in illumination,
pose and expression variations [12], [13],[14]. In order to
account for such issues, face patterns representation often
requires several dimensions, which raises a significant interest
on RPs for dimensionality reduction [15], [16]. For instance,
random transformations can be applied on the original fea-
tures and the randomized vector can be sorted in descending
order [17]. In this case, the authors argue that the sorting
procedure makes it impossible to retrieve the original fea-
tures, making the generated templates changeable and privacy-
preserving.

B. Video Processing

The remarkable work made by Bingham and Mannila [18]
yielded that projecting text and image data onto a random
lower-dimensional space had recognition results comparable to
conventional dimensionality reduction methods, such as PCA,
since the RPs preserve similarity of data vectors. Such results,
together with the mathematical framework given by [8], have
been attracting researchers that work with high dimensionality
spaces due to the easy computation of RPs as compared to
other dimensionality reduction methods. Real time tracking
problems also have been tackled using RPs [19], [20],[21].
For instance, it has been proposed in [22] that the restricted
isometry property used in compressive sensing theory should
be applied to obtain efficient projections of image features into
a lower dimensionality compressed space for object tracking
purposes. Samples are extracted from the frames and randomly
projected into a lower dimensionality space, where the data is
classified by a classifier that is learned online.

Random projections have also been explored in other video
applications as well, such as anomaly detection [23], human
action recognition [24], crowd density estimation [25], and
video classification [26]. Particularly, it has been shown that
RP methods can boost the efficiency of Orthogonal Matching
Pursuit (OMP) algorithm [26]. The authors reveal a novel
method that combines the work in [27] and the very sparse RP

approach described in [4]. In video categorization problems,
several interest points are extracted per frame, being each
point described by feature vectors with many dimensions.
The authors argue that, due the amount of data, efficient
sparse projections algorithms play an important role in video
classification [26].

C. Texture Representation and Segmentation

Texture features usually contain a composition of periodic
and stochastic properties at various scales [28],[29]. Within
this context, RPs can play an important role in texture feature
representation. Recently, Medeiros et al. proposed a global
image model texture descriptor based on a dictionary of
stochastic features obtained by RP methods [30],[5]. Using
this set of stochastic texture features along with a stochastic
region merging algorithm, the authors showed that impressive
image segmentation results can be obtained for unconstrained
scenarios and medical applications (see Figure 2) [31],[32].

Texture and material classification using robust features by
fusing multiple sorted RPs has been proposed in [33]. The
authors propose to combine the texture features obtained using
RPs as discussed in [34] and [35], and use support vector
machine classifier (SVM) [36] to perform texture discrimina-
tion and classification. Also, RPs were proposed to project
the image patches into a compressed space without loss of
salient information in a global and information-preserving
way [34]. Despite its simplicity, this method shows potential
to outperform LBP and various filter bank-based methods.
Liu et al. [35] proposed to reduce the rotation sensitivity of
RPs by sorting random projections (SRP), which originated
the concept of rotation-invariant stochastic feature textures.
Combining the methods in [34] and in [35], even better tex-
ture classification rates were obtained for various challenging
databases [33].

IV. CONCLUSIONS AND FUTURE WORK

The interest on RP approach for dimensionality reduction
problems has been increasing since its early development
steps [3],[1]. This can be explained by the interesting proper-
ties of the RP approach, such as: (a) its accessible computation
in comparison to other approaches; and (b) its capability of
preserving approximate inter-distances of data samples in the
lower dimensionality space obtained by RPs. Such properties
have been attracting researches in the area of computer vision,
from various fields, including biometrics and video processing,
and also texture representation and segmentation [37].

The RP approach has an untapped potential to complement,
or even replace, some of the methods currently used for feature
extraction and representation in computer vision. Future work
shall focus on new sparse image features obtained via RPs, that
are more robust to local noise and artifacts. Such stochastic
features are expected to help obtaining compact features
spaces where computer vision tasks (e.g. biometrics, texture
representation and classification, or even video processing) can
be performed accurately, using reduced computational effort.
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