
Evaluation of Global Descriptors for Large Scale

Image Retrieval

Hai Wang and Shuwu Zhang

Institute of Automation Chinese Academy of Sciences
haiwang@hitic.ia.ac.cn, swzhang@hitic.ia.ac.cn

Abstract. In this paper, we evaluate the effectiveness and efficiency of
the global image descriptors and their distance metric functions in the
domain of object recognition and near duplicate detection. Recently, the
global descriptor GIST has been compared with the bag-of-words local
image representation, and has achieved satisfying results. We compare
different global descriptors in two famous datasets against mean aver-
age precision (MAP) measure. The results show that Fuzzy Color and
Texture Histogram (FCTH) is outperforming GIST and several MPEG-
7 descriptors by a large margin. We apply different distance metrics to
global features so as to see how the similarity measures can affect the
retrieval performance. In order to achieve the goal of lower memory cost
and shorter retrieval time, we use the Spectral Hashing algorithm to
embed the FCTH in the hamming space. Querying an image, from 1.26
million images database, takes 0.16 second on a common notebook com-
puter without losing much searching accuracy.

1 Introduction

There are more and more images in our daily life. It is of great significance to
find the one needed among a large number of images. The content based image
retrieval (CBIR) may be just a solution to this problem, which is a prosperous
researching field. See a recent survey [3] for a deep understanding.

The CBIR retrieval process usually follows a similar pattern. Firstly, an image
is represented by features, either a vector of global features like several MPEG-7
image descriptors or a set of local image features like SIFT [7]. After an image is
represented by features, a similarity measure is proposed to calculate the similar-
ity between images. Usually, the image representation and the distance measure
should be considered simultaneously; Secondly, to tradeoff between effectiveness
and efficiency, an indexing scheme has to be proposed to tackle the dilemma of
the large scale image database and the requirement of a real-time response time.

Currently, in the field of the near duplicate detection and object recognition,
the bag-of-words features based on local image descriptors have gained most of
the attention, and have achieved some success, like [11,12,6]. However, the local
image features take a long time to extract. When performing the visual key
words generation process like the k-means clustering, it will consume a lot of
time to deal with large database. At the same time, when the number of visual
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words is very large, for example, millions or even larger, the new comer image
to be retrieved will take lots of time to compare with each visual word in order
to get the bag-of-words representation. Although some ingenious methods like
hierarchy quantization method Vocabulary Tree [9] have been proposed to reduce
the bag-of-words quantization time, the quantization error has also increased.
Besides, because each image has a set of local descriptors, ranging from hundreds
to thousands of dimensions, the storage space for these features is very huge.

Considering the near duplicate images often share most of the same appear-
ances, only some small parts change significantly. One vector of a global repre-
sentation may suffice to depict the specific image, which indeed has the merit of
easy computing and storage efficient. The global descriptors also have the merits
of no need to take a long time and use a large dataset to train the bag-of-words
model. In spite of these merits, the global features seem to be forgotten in the
domain of object recognition and near duplicate detection.

Recently,the authors [5] evaluate the GIST descriptor [10] in the web-scale
image search, which has achieved fairly exciting results. This encourages us to
evaluate different global features against two famous datasets with ground truth.
The results show that The GIST descriptor is indeed a better choice than several
global MPEG-7 descriptors, see [1] for an overview, like Color Layout Descriptor,
Edge Histogram Descriptor and Scalable Color Descriptor, but it seems that the
FCTH [2] a fuzzy color and texture histogram outperforms GIST by a large
margin with fewer dimensions of feature. FCTH feature only needs 72 bytes,
while the GIST descriptor needs 960 floating numbers. The FCTH descriptor is
also much efficient by using a simple similarity measure compared to the GIST
descriptor, which using L2 similarity measure. Considering this in a context of
millions of images to be compared, this little promotion of performance will
save a lot of computation resources as well as lots of time, which may make the
retrieval to be processed in real time.

In this paper, we compare different global image features using the MAP
protocol against two famous datasets with ground truth. We evaluate different
similarity measures for two effective global features GIST and FCTH. The results
show that the FCTH is outperforming GIST and several MPEG-7 descriptors.
We propose to use the L1 similarity measure for both the GIST and FCTH,
considering the better performance and lower computational complexity. At the
end, we use the state-of-art Spectral Hashing to represent the FCTH feature in
the hamming space. We present the results of the scalability of using Spectral
Hashing algorithm in large scale image retrieval context.

The rest of the paper is organized as follows. It starts with the image descrip-
tors and similarity measures in Section 2, and then in Section 3 we give a short
introduction to the Spectral Hashing algorithm and use it to derive the hamming
features for retrieval. In Section 4 we show the datasets and measure to evaluate
the performance of the retrieval results. In Section 5 we list the experiments
we are performing and give the evaluation results. Conclusions are presented in
Section 6.
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2 Descriptors and Similarity Measure

2.1 Image Descriptors

In this section, we give a brief description on the image features and distance
functions we are going to evaluate.

FCTH feature, which includes color and texture information in one his-
togram, is very compact and only needs 72 bytes to characterize it. This feature
is derived from the combination of 3 fuzzy systems. To compute this feature, the
image is initially segmented into blocks. For each block, a 10-bin histogram is
generated from the first fuzzy system. The 10-bin histogram is derived from 10
preselected colors in the HSV color space. This histogram is then expanded to
24-bins using the second fuzzy system by including hue-related information for
each color. For each image block, a Haar Wavelet transform is applied to the Y
component. After a one-level wavelet transform, each block is decomposed into
four frequency bands, and the coefficients of the three high frequency bands HL,
LH, and HH are used to compute the texture features. The intuition for using
these three high frequency bands is that each of them reflects the texture chang-
ing directions. After using the third fuzzy system, the histogram is expanded to
192-bins by integrating the extracted texture information and the 24-bins color
information. A quantization is applied to limit the final length of the feature
descriptor to 72 bytes per image.

GIST feature is based on a low dimensional representation of the scene, by-
passing the segmentation and the processing of individual objects or regions. The
authors propose a set of perceptual dimensions (naturalness, openness, rough-
ness, expansion, ruggedness) that represent the dominant spatial structure of
a scene. The descriptor is gained as follows: the image is segmented by a 4×4
grids, and the orientation histograms are extracted.

MPEG-7 Color Layout Descriptor(CLD) is designed to represent the
spatial color distribution of an image in YCbCr color space. This feature is
obtained by applying the discrete cosine transform (DCT) in a 2-D image space.
It includes five steps to compute this descriptor: (1) partition image into 8×8
blocks; (2) calculate the dominant color for each of the partitioned blocks; (3)
compute the DCT transform; (4) nonlinear quantizate the DCT coefficients; (5)
zigzag scan of the DCT coefficients.

MPEG-7 Edge Histogram Descriptor (EHD) is describing spatial dis-
tribution of four directional edges and one non-directional edge in the image.
An image is divided into non-overlapping 4×4 sub-images. Then, from each sub-
image an edge histogram is extracted, each sub-image histogram consists of 5
bins with vertical, horizontal, 45-degree diagonal, 135-degree diagonal, and non-
directional edge types. Each image is represented by an edge histogram with a
total of 80 (4×4×5) bins.

MPEG-7 Scalable Color Descriptor(SCD) is a color histogram in HSV
color space encoded by Haar Transform. SCD aims at improving storage effi-
ciency and computation complexity. Usually the number of bins can span from
16 to 256.
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2.2 Similarity Measure

In terms of the CLD, EHD, SCD and FCTH, we use the excellent image retrieval
LIRe [8] framework to extract these features, and for CLD, EHD and SCD, we
use the default similarity measure to measure the similarity between images.
For the FCTH and GIST features, from the later experiment results, we can
clearly see their better performance, so we compare different similarity function
including L1, L2, Histogram Intersection(HI), Tanimoto (T) [2] and evaluate the
retrieval results.

L1(x, y) =
d∑

i=1

‖xi − yi‖ (1)

L2(x, y) =

√√√√
d∑

i=1

(xi − yi)2 (2)

HI(x, y) = 1 −
∑d

i=1 min(x, y)

min(
∑d

i=1 xi,
∑d

i=1 yi)
(3)

T (x, y) =
xT y

xT x + yT y − xT y
(4)

3 Image Indexing Scheme

In this section, we present the image indexing scheme used in this paper to solve
the problem of retrieval from a large scale image dataset. We use the state-of-
art technique Spectral Hashing [13] to map features into hamming space, and
apply the hamming distance to compare image similarities. The computing of
hamming distance runs fairly fast in that it only needs bits processing. Further-
more features embedded into the hamming space are very distance preserving,
which means that the similar data points in the original feature space will also
be mapped nearly in the hamming space. The result will be shown later. Next
we give a brief introduction to Spectral Hashing.

3.1 Spectral Hashing

In [13] the authors aim at designing a code which has three properties: (1) is to
compute easily for a novel input; (2) is that the code should be compact which
only take a small number of bits to represent the feature; (3) maps similar items
to similar binary code-words. Considering these properties the authors seek to
minimize the average Hamming distance between similar points as follows:

Minimize :
∑

ij

Wij ‖yi − yj‖2 (5)
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Subject to :
yi ∈ {−1, 1}k

∑
i yi = 0

1
n

∑
i yiy

T
i = 1

Where {yi}n
i=1 is the n data-points embedded into hamming space with the

length of k, and Wn×n is the distance matrix from the original space. There are
three constraints, each of which requires the code should be binary. Every bit
has probability 0.5 to equal 1, and the bits should be uncorrelated.

The direct solution to the above optimization is non-trivial since even a single
bit binary code is a balanced graph partition problem, which is NP hard. The
authors relax the constraints, and the relaxed problem can be efficiently solved by
using spectral graph analysis. Further, the authors assume that the data-points
are sampled from a multidimensional uniform distribution, which means that the
probability distribution p(x) is a separable distribution. After this assumption
the out of samples problem can be efficiently solved by a closed form solution not
using the Nystrom method which computes linearly by the size of the database
for a new point.

The final Spectral Hashing algorithm has two input parameters. One is a list
containing n data points,and each one is represented by a d-dimensional vector;
the other is the number k, using k binary bits to represent the final embedded
hamming feature. The algorithm has three main steps: (1) finding the principal
components of the data using PCA; (2) for each coordinate of the final k bits,
assume the data distribution are uniform and learn analytical eigenfunction by
a sinusoidal function; (3) threshold the analytical eigenfunction to obtain binary
codes.

4 Datasets and Evaluation Protocol

4.1 Datasets

We have used two famous evaluation datasets with ground truth, the Univer-
sity of Kentucky dataset and the INRIA Holidays dataset. Apart from the two
datasets with ground-truth manual annotations, we also use the large scale IM-
AGENET dataset as distracting images to evaluate the performance of different
image descriptors and the indexing scheme in a large scale dataset.

The University of Kentucky Recognition Benchmark Images [11].
This dataset contains 10200 images altogether, with 4 images in a group to
depict either the same object or the same scene from different viewpoints. When
searching an image, the first four images should be the images in that group.

INRIA Holidays dataset [6], this dataset mainly contains personal holiday
photos. The remaining ones are taken on purpose to test the robustness against
various transformations: rotations, viewpoint and illumination changes, blurring,
etc. The dataset includes a very large variety of scene types ( natural, man-
made, water and fire effects, etc.) and images are of high resolution. The dataset
contains 500 image groups, each of which represents a distinct scene. The first
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image of each group is the query image and the correct retrieval results are the
other images in the group.

IMAGENET Large Scale Visual Recognition Challenge 2010 [4].
We use a subset of 1256612 images from the datasets training set of the JPEG
format. The number of images for each category ranges from 668 to 3047.

4.2 Evaluation Protocol

To evaluate performance we use Average Precision, computed as the area under
the precision-recall curve. Precision is the number of retrieved positive images
relative to the total number of images retrieved. Recall is the number of re-
trieved positive images relative to the total number of positives in the database.
We compute an Average Precision score for each of the query image, and then
average these scores to obtain a Mean Average Precision (MAP) as a single value
to evaluate the results. The bigger the number is, the better the performance is.

5 Experiments

5.1 Evaluate Global Features

At first, we evaluate the different global features listed in the Section 2. For
the GIST we scale the image to 128×128 pixels, then use the implementation
in [10] to extract the 960 dimensions feature vector. For other features, like
FCTH, SCD, EHD, and CLD, we use the wonderful package LIRe [8] to extract
these features and use the default similarity measures to calculate the similarity
between images. The result is shown in the Figure 1. From the figure we can
see that in both the Kentucky and the Holidays datasets, the FCTH is much
better than the GIST descriptor by a large margin, which is much surprising
since the FCTH only use 72 bytes while GIST has to use 960 floating numbers.
The GIST descriptor performs almost the same as the Color Layout Descriptor,
while both the Edge Histogram Descriptor and Scalable Color Descriptor show
unsatisfactory results.

From this graph we can see that all the features from the Kentucky dataset
perform better than the Holidays dataset. This is because the images in the
former group share most of their appearances, while the latter change a lot in
the same group. From the results of Holidays dataset, the best performance
is still lower than 0.5, we admit that this is an intrinsic defect of the global
features compared to local descriptors. In the Kentucky dataset the result is
much encouraging, with the FCTH feature has achieved a MAP score almost
close to 0.7. We attribute this to the merit of that FCTH consider both the
color and texture feature simultaneously.

5.2 Evaluate Similarity Measures

In this subsection we will evaluate how the different similarity measures can
affect the retrieval performance. We choose the FCTH and GIST descriptors to
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Fig. 1. Evaluate different global descriptors

compare in this round for their better performance in the above experiments.
Firstly, we evaluate how the different similarity measures affect the performance
of the FCTH feature, and the result is shown in Figure 2, which shows that
the Tanimoto, L1 and L2 all perform well, achieving almost the same result.
In the Kentucky dataset the Tanimoto measure is the best and in the Holidays
the L1 is the best, while in both datasets the Histogram Intersection gives the
most unsatisfying results. Then we evaluate how the different similarity measures
influence the GIST descriptor, the result of which is also shown in Figure 2.
Clearly, the L1 is the best performer in both datasets, and the L2 and Tanimoto
almost achieve the same score. The Histogram Intersection again performs worst.

The authors in [2] use Tanimoto measure as the similarity measure. Judging
from the results it performs well, but it seems that the L1 measure is much
better, not only that they make a draw from the evaluation with the Tanimoto
measure, but also it is much computational efficient in the large scale retrieval
context, where it requires to compare millions or billions of image features, so a
lower complexity will indeed decrease the retrieval time, and promote the user
experience. For the GIST feature, no doubt, the L1 is the best choice, which also
contradicts with [10]. The authors use L2 as similarity measure. From this eval-
uation the L1 is indeed better than the L2 measure because of its performance
and its lower complexity.

Now let’s compare the best result from the FCTH and the GIST feature
similarity measure, the FCTH outperforms GIST in both datasets. So despite
of the success of the GIST descriptor in the domain of object recognition and
near duplicate detection, it seems much wiser if we can try the FCTH feature
to test if they can achieve a better result. Judged from the two famous datasets
the FCTH indeed gives a better result.
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Fig. 2. Evaluate different similarity measures for FCTH and GIST descriptors

5.3 Evaluate Spectral Hashing

From the above experiments we can clearly see that the FCTH descriptor per-
forms better than several MPEG-7 descriptors and even better than the GIST
feature. So in this subsection we select the FCTH feature as our final descrip-
tor to evaluate the Spectral Hashing [13] algorithm, to see how the length of
embedding bits can affect the results. We use our own implementation of the
Spectral Hashing algorithm. The result is shown in Figure 3. Clearly, we can see
the trend that the longer hamming bits used as feature, the better performance
will achieve in both datasets, which is conform to our intuition. For the differ-
ent length of the hamming feature from 32 bits to 192 bits, the searching time
difference is almost negligible, because this only takes a XOR bits processing,
so we use the 192 hamming bits to compare with best performance in the above
experiments. First we check the effect on the Kentucky dataset and use the best
performance similarity measure. The best MAP score from the four different
similarity measures is 0.68, while the 192 bits hamming MAP score is 0.59, de-
creased by 0.09, but we should also note that the feature is reduced to one third,
from the 72 bytes to 24 bytes. In the Holidays dataset the best performance of
the L1 similarity measure is 0.49, decreased to 0.39 with a 192 bits hamming
representation. From the above experiments we can conclude that when using
the hamming feature derived from the Spectral Hashing, the feature size and
retrieval time are reduced significantly, and also can preserve the most of correct
results. Later we will mix a large scale of distracting images with each of the
two datasets to see how the performance will be.

In this round we will evaluate how a mixture of distracting images will affect
the final retrieval performance. We evaluate both datasets. When each of the
two datasets is chosen, the IMAGENET dataset with a size of 1256612 images
is mixed with the benchmark dataset. We use the 192 bits hamming feature as
descriptor. In the Holidays dataset, when mixing with the IMAGENET 1256612
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Fig. 3. Evaluate how the length of hamming bits affect results

images, the MAP score is dropping to 0.14 compared to 0.39 without distract-
ing images and also uses the 192 hamming bits as descriptor. In the Kentucky
dataset when mixing with the IMAGENET dataset set, the MAP score is from
the 0.59 to the 0.39. Although there are some performance dropping, we should
also note that we only use the 72 bytes global descriptor to derive the hamming
bits features. When using more complicated features, the performance will in-
deed boost a lot. Also when using these bits features derived from the Spectral
Hashing algorithm, the retrieval process can be very efficient, we just exhaus-
tively compare the query image to all the images in the database, and sort the
results, without using other indexing methods, the average query response time
is 0.16 second from a database of more than 1.26 million images.

6 Conclusions

In this paper, we evaluate the different global features in the domain of ob-
ject recognition and near duplicate detection against two famous datasets with
ground truth. We show the result that FCTH global feature outperforms the
state-of-art GIST global feature and several other MPEG-7 global features. This
may give the resurgence of the global features when performing some specific
image understanding tasks, and may be a complement to the local features to
achieve a better result. We also evaluate the different similarity measures to
compute the similarity between images, the result of which shows that the L1 is
a better choice for its performance and its low computation complexity for GIST
descriptor. To tackle the dilemma of the large scale of image database and the
requirement of a real-time response time, we use the Spectral Hashing to embed
the feature points to the hamming space, and simply use the hamming distance
to efficiently compute similarities between images, which is very efficient because
the computation is only the bits processing. This technique is not only efficient
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but effective with an average query response time of 0.16 second from a database
of more than 1.26 million images with a little performance degradation.
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