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Abstract—SIFT descriptors are broadly used in various emerg-
ing applications. In recent years, these descriptors were deployed
in compressed and binarized forms due to the computational
complexity, storage, security and privacy cost incurred by work-
ing on real data. At the same time, the theoretical analysis of
SIFT feature performance in different applications remains an
open issue due to the lack of accurate statistics of binarized
SIFT descriptors. We address this problem and statistically
analyse projected binarized SIFT descriptors in this paper. The
methodology is based on dimensionality reduction using random
projections with binarization. Furthermore, we investigate the
statistical models of intra- and inter-descriptor dependencies for
various distortions. Finally, we demonstrate a simple heuristic
to distinguish between descriptors from identical but distorted
images and descriptors from non identical images.

I. INTRODUCTION

With the rise of massive centralized multi-media repositories
such as Flickr and Youtube comes an equally large demand
for services such as copyright verification, automatic tagging,
image-content identification and authentication. At the same
time, the available computational storage and cost impose
significant limits on the rendered services, given the shear size
of the repositories. Additionally, search issues require efficient
means for accurate comparisons of large scale multi-media
repositories even when the data is degraded via various signal
processing operations or geometrical transforms.

To address these challenging problems, the computer vision
community developed a number of global and local descriptors
which allow for matching distorted but identical images. In
recent years, many researches have sought efficient matching
strategies based on binarized SIFT descriptors, leveraging
recent advances in fast hardware computation of Hamming
distances [1]–[3]. Work from [4], [5] proposes to use coarsely
quantized random projections to build a descriptor hash. An
information-theoretic analysis of content identification based
on similarly constructed hashes is performed in [6]. At the
same time, the current state-of-the-art does not include a
statistical analysis of the robustness, invariance, and informa-
tion content of binary fingerprints extracted from randomly
projected SIFT descriptors that define their discriminative
power. The modelling of possible attacks is also an open issue.

Therefore, the main goal of this work is to provide an
analysis of the statistical properties, and thus the discrimi-
native power, of binarized SIFT descriptors. This work will
primarily investigate the SIFT fingerprint statistics on real
image datasets, and the statistics of the fingerprints under

various distortions. Contrary to the state-of-the-art, we con-
sider the relationship between fingerprints extracted from inter-
and intra-image SIFT descriptors. We demonstrate that the
binarized SIFT descriptors are characterized by a certain level
of similarity, even for perceptually dissimilar images due to
particularities, inherent to the SIFT design and the impact this
phenomenon has on their discriminative power.

This work is organized as follows. Section 2 introduces the
problems and issues that will be examined. It also presents
the modelling framework that is deployed for our experiments,
most notably the random projections and binarization proce-
dure. Section 3 describes all statistical tests, the experimental
results and analysis. Finally, the conclusions are presented in
Section 4.

Notation Scalar random variables are denoted by capital
letters X , and bold capitals X denote vector random variables.
Corresponding small letters x and x denote their respective
realizations, where x = {x[1], x[2], . . . , x[N ]}. The binarized
version of x is denoted by bx. The projected SIFT descriptor
k from image m is described by x̃k(m), its individual ele-
ments are x̃k(m)[i]. The binarized projected SIFT descriptor
k from image m then becomes bk

x(m). Individual elements of a
binarized projected SIFT descriptor are expressed by bkx(m)[i].
X ∼ p(x) denotes that random variable follows pX(x). N ,
B indicate the Gaussian and Binomial distributions. Finally,
the dimensionality reducing transform matrix is designated by
WL×N where L and N are numbers of its rows and columns.

II. PROBLEM FORMULATION AND METHODOLOGY

This work will perform a statistical analysis of SIFT based
image descriptors as a fundamental unit for image identifica-
tion and retrieval systems [2], [6]. First, we model the statistics
of the SIFT descriptors in order to justify their discriminative
power. Secondly, we analyze SIFT descriptor resilience to
various geometrical and signal processing distortions that are
commonly found in image identification and retrieval. We
then compare the performance of a commonly used matching
heuristic in the original domain to the binarized projected
domain. Finally, we analyze the matching of descriptors ex-
tracted from identical but distorted images versus the matching
between descriptors originating from different images.

The data originates from the Airplane subset of the Caltech
101 dataset [7] from which about 36000 SIFT points were
generated using the VLFeat toolbox [8]. In order to satisfy
complexity and storage requirements, the original raw SIFT
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Figure 1: Binarized SIFT generating framework.

descriptors are converted to the binary domain. This trans-
formation is done with random projections and sign based
binarization.

Random Projection and Binarization

The binary fingerprints are obtained via a two staged
process: a dimensionality reduction WL×N and binarization
Q(.) [9] shown in Figure 1.

The dimensionality reduction of the k-th SIFT descriptor
from image m, xk(m), is done as follows:

x̃k(m) = WL×Nxk(m). (1)

where WL×N ∈ RL×N . L is the number of dimensions
WL×N will map to, N is the length of the input column vector,
which for SIFT vectors is 128. Random matrix WL×N =
(W1,W2, . . . ,WN )T consists of a set of approximately or-
thonormal basis vectors, where all elements are generated
as Wi[j] ∼ N (0, 1

N ), 1 ≤ i ≤ N, 1 ≤ j ≤ L, and as
such behaves as an approximate orthoprojector. It guarantees
that the projected vectors x̃k(m) could be considered as
realisations of a Gaussian source with a covariance matrix that
converges to diagonal in probability [10]. Also, as stated in the
introduction, one can reasonably expect raw SIFT descriptors
to be correlated amongst each other. It is proven that random
projections decorrelate data vectors amongst each other under
certain assumptions [6]. Furthermore, such a dimensionality
reduction is extremely fast and can be applied over time to an
ever changing dataset. Finally, binarization is simply done by
extracting and storing the sign of all individual elements of
all projected SIFT vectors:

bxk(m) ={sign(x̃k(m)[1]), sign(x̃k(m)[2]),

. . . , sign(x̃k(m)[L])}, (2)

where for i ∈ {1 . . . L}, bkx(m)[i] ∈ {0, 1} and ∀a, sign(a) = 1
if a ≥ 0 and 0 otherwise. The goal of using such a threshold
is justified by maximizing the entropy of the extracted binary
data which should converge to 1 bit per sample. The binarized
projected descriptors are then stored in the database in the bin
corresponding to image index m.

Since our dimensionality reduction and binarization are
inherently information lossy, a three-fold analysis of the bi-
narized projected descriptors and the original raw descriptors
will be performed in order to establish the trade-off between
complexity and storage versus the performance limits.

To accurately model channel distortions for real and pro-
jected descriptors, one needs to annotate the ground truth, i.e.,
one must assure that the matching of descriptors between two
identical but distorted images is correct. We distinguish the
following situation: if a match between point correspondences
{xk(m) ↔ yk(m)} is correct, the distance between the
matching descriptors xk(m) and yk(m) is kept in set. As no
matching metric is flawless, and a manual annotation is not
feasible, the following procedure is followed. For all points, we
check, using a weak geometry based rule, if the matching point
yk(m) is in the expected region. If not, this distance between
{xk(m) ↔ yk(m)} is removed from the set. The same rule
is also used to reassign matches. This method of assessment
is possible as we know the channel distortions that will be
applied in the tests. Note that this is a different procedure
then the matching rule, as proposed by [11].

III. PERFORMANCE ANALYSIS

Descriptor statistics

In order to justify the discriminative power of both the
original and binarized projected descriptors, we used the joint
empirical entropy [1]. Estimating such a function of a joint
distribution is extremely complex in a high dimensional space
and was thus performed on the assumption that descriptor
elements from a single originating vector are independent. This
approach, while lacking a certain accuracy, provides an upper
bound on the sought discriminative power according to the
chain rule for entropy [1].

In order to evaluate the discriminative power, the 36000
raw SIFT descriptors were processed following the above
advocated approach.

Transformation of the original SIFT descriptors into the
binary domain according to (1) and (2) converges to i.i.d.
binary strings, which, with high probability, exhibit p(1) =
p(0) = 0.5. To demonstrate this, the auto-correlation function
from the binarized projected fingerprints was calculated (Fig-
ure 2), which shows that there is asymptotically no correlation
between bits of individual binarized projected SIFT descriptors
contrarily to the binarization applied in the original domain.
Under this assumption, one would be able to distinguish
2128 different images, if all fingerprints were independent.
However, our experiments show that there is a certain amount
of correlation between binarized projected descriptors (Figure
2b). The measured Hamming distance between all binarized
projected descriptors from our dataset can be modelled with
the Bernoulli distribution B(L, 0.36). Had they been indepen-
dent, this would have been B(L, 0.5).

Additionally, in realistic image identification and content
based image retrieval (CBIR) scenarios various types of distor-
tions are present that reduce the discriminative power of such
descriptors. The next Section is dedicated to analysis of the
impact various channel distortions have on the discriminative
performance of the binarized projected SIFT descriptors.



0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
 

Position 

A
C

F

(a)

0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
 

Position 

A
C

F

(b)

Figure 2: The average correlation per image between descrip-
tors before and after projection and binarization. The average
correlation between original SIFT descriptors per image is
shown via the normalized Auto Correlation Function in 2a.
After projection and binarization this can be seen in 2b.

Channel Distortion Statistics

In order to examine how binarized projected descriptors
behave under various image distortions and how their discrimi-
native power is influenced, a digital communications approach
has been deployed. Assuming that the influence of various
distortions in the original raw SIFT domain will be reflected
in bit flips in the binarized projected domain, the probability of
bit error Pb [1] will be used to measure performance (Figure
3b). Then, the resulting discriminative power of the binarized
projected SIFT descriptors for a particular channel distortion
will be evaluated as 2N(1−H2(Pb)) = 2128(1−H2(Pb)), where
H2(Pb) = −Pb log2 Pb − (1 − Pb) log2(1 − Pb) denotes the
binary entropy [1]. Evidently, if Pb = 0.5, H2(Pb) = 1
and 2128(1−H2(Pb)) = 1. Therefore, the discriminative power
is determined by the distortions present in the identification
or CBIR protocol. In the case the number of images M >
2N(1−H2(Pb), one needs to enlarge N , i.e. increase the number
of used SIFT descriptors.

Images in our dataset were exposed to the following distor-
tions (Figure 3b, Table I). They were rotated with parameter
θ in degrees and scaled with parameters s = sx = sy . The
Similarity transformation was deployed with parameters s, θ
and tx, ty = 1. Additive White Gaussian Noise was added to
images with variance σ2. And finally, images where subjected
to JPEG compression with quality factor q.

The channel distortion is estimated by taking each indi-
vidual image and its SIFT descriptors, making a distorted
image copy and comparing the descriptors from both using
the annotated ground truth as detailed in Section II. Two
class distances are measured, the distance between matching
descriptors, or intra-class distances, and the distance between
non matching descriptors, or inter-class distances (Figure 3b,
3c).

Our experimental results (Figure 4) demonstrate that both
original and binarized projected SIFT descriptors have a
reasonable resilience against these distortions. The maximal
Pb = 0.08 was induced by the similarity transform with
s = 0.2, θ = 10. Therefore, discriminative power in this
identification protocol is bounded by 2128·0.60 images. Note
that this bound is obtained under the independence assumption,

and can therefore not be considered tight due to the signifi-
cant correlation between binarized projected SIFT descriptors
(Figure 3a).

The second and third column in Figure 4 show the attained
intra- en inter-class distances for these channel distortions and
parameter that resulted in the largest probability of Pb. As
the class distances overlap, it shows that perfect identification
is not possible, neither in the original domain, nor in the
binarized projected domain for these distortions.

Matching Heuristics

It is a common practice, to enhance the matching of
descriptors, to discard matches that do not fulfill some kind of
heuristic requirement. The commonly used method, proposed
by [11], stipulates that a match between descriptors is only
considered if the second best match is at least a certain per-
centage worse, usually 60 percent (Algorithm 1). To ascertain
how such a rule behaves in the binarized projected domain,
we executed the following experiment. For all images from
our dataset, and all distortions as outlined in Section III we
matched an image against its distorted counterpart using the
non ambiguous matching rule [11] and annotated all attained
matches between descriptors. We then ran the same test, based
on the binarized projected descriptors while stipulating that
a match is only valid if its Hamming distance is 60 percent
smaller than the second best match. On comparing the attained
point matches based on the original SIFT descriptors and
binarized projected descriptors we found that the latter attained
around 90 percent of the matches that were attained based on
the original descriptor. All results can be seen in Table I.

Algorithm 1: Heuristically match binarized projected
SIFT points [12].
Data: K Binarized SIFT descriptors

bk
x(m), k ∈ {1, 2, . . . ,K}

Data: L Binarized SIFT descriptors
bl

y(m), l ∈ {1, 2, . . . , L}
Result: Vector match with attained matches where

match(i) = j denotes a valid match between
bi

x(m) and bj
y(m).

for i ← 1 to K do
for j ← 1 to L do

distance(i) ←− Hamming(bi
x(m), bj

y(m))
end
index is an array with the original index of the data
prior to sorting
(distance(), index()) ←− sortAscend(distance())
if distance(1) ≥ 0.6 ∗ distance(2) then

match(i)←− index(1)
else

match(i)←− −1
end

end
end



Imagem
1 2

3

Intra descriptor 

inter descriptor

B(L, 0.5)

B(L, 0.36)

(a)

3

2

Imagem

1 2

3

1

0

1

1
2
3

1
2
3

0

1

Pb

Distorted image m

(b)

Imagem
1 2

3

1
2
3

x x

y z

Image

Image

Imagen

k

l

(c)

Figure 3: Schematic frameworks for inter and intra binarized projected descriptor Hamming distances (Figure 3a), determination
of the probability of bit error Pb for channel distortions (Figure 3b) and inter image matching (Figure 3c).

Similarity Transform, parameters s, θ (degrees).
Distortion parameters: (0.2, 10) (0.4, 20) (0.6, 30) (0.8, 40) (1, 10) (1.2, 10) (1.4, 20) (1.6, 30) (1.8, 40)
Relative heuristic matches between real
and binarized descriptors:

33 % 85% 86% 90% 100% 93% 92% 93% 93%

Scale transform, parameter s.
Distortion parameters: 0.25 0.5 0.75 1 1.25 1.5 2
Relative heuristic matches between real
and binarized descriptors:

87% 92% 90% 100% 93% 93% 96%

JPEG, parameter is quality factor q.
Distortion parameters: 10 20 30 30 50 60 70 80 90
Relative heuristic matches between real
and binarized descriptors:

95% 96% 97% 98% 99% 99% 99% 99% 100%

Rotation transform, parameter θ (degrees).
Distortion parameters: 80 70 60 50 40 30 20 10 0
Relative heuristic matches between real
and binarized descriptors:

89% 90% 92% 90% 92% 92% 93% 94% 100%

AWGN, parameter σ.
Distortion parameters: 0.1 0.08 0.06 0.04 0.02 0
Relative heuristic matches between real
and binarized descriptors:

90% 93% 92% 92% 92% 100%

Table I: Impact of signal processing and geometrical distortions on fingerprint bits matching. This Table shows the used channel
distortions and their parameters. Furthermore it presents the percentage of attained matches using the matching heuristic from
Section III between binarized projected descriptors that are identical to the matches attained by the original SIFT descriptors
for various distortions. The latter attained matches are treated as the baseline and set to a 100 percent.

Inter Image Statistics

Finally, to test how binary projected descriptors behave
between non identical images, descriptors from the 800 images
from the Airplane category of the Caltech 101 dataset were
again extracted, projected and binarized. The deployed match-
ing rule is the heuristic Hamming distance rule as mentioned
in Section III (Figure 3c). The result can be seen in Figure
5a. In this graph the Hamming distances between identical
but distorted images are shown. Again, all distortions from
Section III, Table I were tested. The inter-class distances are all
Hamming distances between matching descriptors originating
from different and undistorted images. It is beyond doubt that
it is not possible to fully distinguish the distorted, yet identical
images from a different image within the tested set based on
this heuristic and these descriptors. Finally, one should note
that the bounds in Figure 5a are optimistic as the Airplane set
does contain a number of identical airplanes.

This means that to identify the fact that two sets of de-
scriptors were extracted from non identical images, one needs
to add side information. A simple heuristic, as outlined in
Algoritm 2, uses the image coordinates around where the
descriptors were extracted. These coordinates are sampled, and
the samples are checked for weak geometric similarity. If the
similarity transform needed to project points to each other de-
viates considerably, the heuristic drams the originating images
as non identical and sets the Hamming distance between all de-
scriptors to L/2 where L is the dimensionality of the binarized
projected descriptor. The results of this algorithm on the tested
dataset are shown in Figure 5b. The figure contains a small
tail, which is caused by the earlier mentioned phenomena that
the Airplane dataset contains identical airplanes and it contains
airplanes that are just visually similar to the SIFT algorithm.
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(b) Euclidean distance between x
and y for θ = 50 degrees rotation.
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(c) Hamming distance between bx
and by for θ = 50 degrees rotation.
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(e) Euclidean distance between x
and y for scale distortion of s =
0.2.
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(f) Hamming distance between bx
and by for scale distortion of s =
0.2.
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(h) Euclidean distance between x
and y for the similarity transform
distortion with (s = 0.2, θ = 10).
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(i) Hamming distance between bx
and by for the similarity transform
distortion with (s = 0.2, θ = 10).
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(k) Euclidean distance between x
and y for AWGN with σ2 = 0.1.
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(l) Hamming distance between bx
and by for AWGN with σ2 = 0.1.
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(n) Euclidean distance between x
and y for JPEG compression dis-
tortion with q = 10.
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Figure 4: Channel statistics for various distortions for a set of original and projected SIFT descriptors. x and y denote the
codebook of original and the distorted sift descriptors. The projected counterparts are denoted by: bx and by. Descriptors from
identical indices are matching descriptors.
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Figure 5: 5a shows the Hamming distances between the matching binarized projected descriptors of unequal undistorted images,
5b shows the effect of deploying Algorithm 2.

Algorithm 2: Filtering out descriptors by checking weak
geometric consistency.

Data: K Binarized Projected SIFT descriptors
bk

x(m), k ∈ {1, 2, . . . ,K}
Data: Corresponding descriptor row column coordinates

(rkx(m), c
k
x(m)).

Data: L Binarized Projected SIFT descriptors
bl

y(m), l ∈ {1, 2, . . . , L}.
Data: Corresponding descriptor row column coordinates

(rlx(m), c
l
y(m)).

Result: Hamming distances distance()
for i ← 1 to K do

for j ← 1 to L do
Sample 6 point pairs (a,b) randomly from
(rkx(m), c

k
x(m)) and (rlx(m), c

l
y(m))

for all combinations
(
3
6

)
do

(scale, theta)←− similarityTransform(a,b)
end
if std(scale) > 0.1||std(theta) > 0.1 then

distance(i, j)←− L/2
end

end
end

IV. CONCLUSIONS

In this paper we examined the statistical properties of
original and random binarized projected SIFT descriptors.
Dimensionality reduction is achieved by deploying random
projections followed by sign based binarization. We
examine the basic statistical properties of such binarized
projected descriptors and show that although not perfect,
the random projections are a fast and sufficient method
for decorrelation. Furthermore, the compressed binarized
descriptors show similar resilience to a range of channel
distortions in comparison to the original SIFT descriptors.
We demonstrate that implementing a commonly used
matching metric for raw SIFT descriptors in the projected
binarized domain is possible without a significant loss in
performance. Finally, images from the used image repository
can not be identified errorless based on the binarized

projected descriptors alone. This is inherent to their design
which favors robustness. All Matlab code is available on:
http://sip.unige.ch/research/binarized-sift
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