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ABSTRACT

This paper proposes a novel approach for visual query com-
pression with a bank of transforms selected on Grassmann
manifold. Instead of using single transform and quantization
pipeline for all the features extracted from an image, we group
the key point features according to their local embedding sub-
space geometry and organize them into different leaf nodes of
a KD-Tree which was built from a large dataset. We introduce
a new method to find the optimal local transforms on Grass-
mann manifold such that each feature can achieve the best en-
ergy compaction possible given the rate-distortion constraint.
Experiments results demonstrated that the proposed method
outperforms global transform in both reconstruction error and
visual query accuracy, especially in high compression ratio
circumstances.

Index Terms— Mobile visual query, Grassmann mani-
fold, compression, key point features, CDVS

1. INTRODUCTION

Visual search and recommendations is a growing research
area driven by the explosive growth of online photos and
videos. People are relying more and more on mobile de-
vices to help them navigate their lives. Mobile visual search
can help us dig out more information about something we
find interesting, such as finding street services, a name of a
store, where to buy a pair of popular shoes, etc. Whether
it’s finding a place to eat, researching a product, or connect-
ing via social channels for business and pleasure, mobile vi-
sual search becoming an indispensable part of people’s life.
Companies have been focusing on developing visual query
search engines for a variety of reasons. Google has Goggles
for visual similarity search, Amazon developed ”Flow” and
”Fabulous” for online shopping service, Qualcomm also was
acquiring ”kooaba” for image recognition and launched. One
of the most attractive work is done by MPEG (Moving Pic-
ture Expert Group) which recently released their visual query
dataset and Compact Descriptor for Visual Search (CDVS)
[1].

A typical visual query client-server architecture is shown
in Fig. 1. First, feature extraction and encoding is usually per-

Fig. 1. Mobile Server Visual Query Model.

formed on client side and followed by data transmission via
wireless network. Identification and retrieval is implemented
in remote server side then query results will be sent back to
client for augmentation. There are two main challenges in
visual query applications. The first one is how to design an
effective algorithm to minimize transmission bitrate on a Wifi
channel as mobile wireless are now under stress due to the
enormous amount data generated by mobile multimedia ap-
plications [2]. The second one is how to keep robustness
identification performance which is very important especially
faced with a huge amount of Internet image repository [3].

To solve aforementioned problems, lots of pioneering
work has been done to explore effective image feature de-
scriptors which have a high compression ratio as well as
robust identification performance. The Scale-Invariant Fea-
ture Transform (SIFT) [4] uses Difference of Gaussian to
approximate Laplacian of Gaussian and find extrema in
scale space on which dominant gradient will be calculated
to achieve scale invariant feature descriptors. Gradient
Location-Orientation Histogram (GLOH) which was reported
in [5] improved SIFT performance. To improve retrieval
speed, Speed-Up Robust Feature (SURF) was published in
[6]. However, these image feature descriptors are high di-
mensional, e.g., 128 dimensions are used in SIFT features.
Transmitting such a high dimensional features will surely
pose a challenge to the limited bandwidth of the mobile wire-
less network. MPEG CVDS was developed to enable just
that by specifying a standard image description tool designed
to enable efficient and interoperable visual search applica-
tions, allowing visual content matching in images [1]. SIFT is
adopted in CVDS as well as in this paper due to its robustness
to translation, rotation and rescale.
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A SIFT keypoint is a circular image region with an ori-
entation. It is described by a geometric frame of four param-
eters: the keypoint center coordinates x and y, its scale (the
radius of the region) and orientation (an angle expressed in
radians). A SIFT descriptor is a 3D spatial histogram of the
image gradients in characterizing the appearance of a key-
point. The gradient at each pixel is regarded as a sample
of a three-dimensional elementary feature vector, formed by
the pixel location and the gradient orientation. Samples are
weighted by the gradient norm and accumulated in a 3D his-
togram h, which (up to normalization and clamping) forms
the SIFT descriptor of the region. An additional Gaussian
weighting function is applied to give less importance to gra-
dients farther away from the keypoint center. Orientations are
quantized into eight bins and the spatial coordinates into four
each [7].

In this paper, we aim at improving visual query perfor-
mance given the same bitrate constraint by investigating fea-
ture descriptor’s geometric information. The proposed algo-
rithm mainly has three key contributions. First, a hierarchical
indexing tree was build to partition a large-scale dataset into
small samples which will be used for query feature grouping.
Second, the CauchyBinet Grassmann distance is introduced
to find the optimum projection for each feature. Finally, a
coding scheme is applied to compress transformed features.
The rest of the paper is organized as follows: Section 2
presents the proposed visual query compression method with
embedded transforms on Grassmann manifold. In section 3,
extensive experiments are conducted to compare against tra-
ditional compression method. Section 4 gives the conclusion
and the future direction of this work.

2. VISUAL QUERY COMPRESSION TRANSFORMS
ON GRASSMANN MANIFOLD

Conventional compression method uses a single transform
followed by the quantization and entropy coding for image
features. The CDVS standard uses single transform to enable
efficient and interoperable visual search applications, allow-
ing visual content matching in images. This includes match-
ing of views of objects, landmarks, and printed documents,
while being robust to partial occlusions as well as changes
in viewpoint, camera parameters, and lighting conditions [1].
However a single linear projection cannot capture the rich
non-linearity in geometry spanned by all possible visual fea-
tures. In order to preserve as much query information as
possible in feature space, we partition the global dataset into
smaller sample spaces. Thus each feature can be transformed
in a customized manner. To reduce bitrate, we introduce a
coding scheme that selects a subset of transforms from a large
bank of transforms with a hierarchical structure on Grass-
mann manifold, for which the optimal subset of transforms
are selected at compression time from key point features gen-
erated by a particular image. The objective function is given
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Fig. 2. Training procedure of proposed method.

as:
minMSE, s.t. R ≤ Rt (1)

where MSE is mean square error between the reconstructed
feature and the original feature, R is actual bitrate, Rt is the
target bitrate.

The flowchart of proposed method is shown in Fig. 2.
Specific training procedure of proposed algorithm can be
summarized as follows. 1) Apply subspace selection on the
global sample space. 2) Construct kD-Tree based indexing
on the obtained subspaces, and partition the global space into
a number of local spaces. 3) When given a query, assign
the features into different leaf nodes according to variance
of each dimension. 4) Apply Grassmann manifold distance
to transforms to which the query features belong. 5) Add a
penalty weight which is the number of features in each node
to the Grassmann manifold distance. 6) Merge two transforms
which are the shortest among all the Grassmann manifold dis-
tances of transforms into corresponding parent node. 7) Re-
peat step 4-6 until the number of transforms satisfies the set
value.

2.1. Data Partition Tree: KD-Tree based Indexing

To minimum the MSE as much as possible, we divide global
feature space into evenly small subspaces. KD-Tree is a good
choice as it assigns global features into non-overlapping sub-
spaces according to the variance of each dimension which can
preserve global space structure. It should be noted that any
image features global space can be divided similarly.

Given a n×d global image feature space and the height of
KD-Tree ht resulting in (2ht+1 − 1) nodes, the procedure of
constructing KD-Tree on global feature space can be summa-
rized as follows (Fig. 3): 1) Calculate variance of the first di-
mension v1, v2, ..., vn. 2) Find the median of the first dimen-
sion variance m1, and split the whole space into two parts. 3)



H I J K L M N O

D E F G

A

B C

Fig. 3. KD-Tree indexing model. Training samples are as-
signed to leaf nodes in blue color.

For i = 1 (level one), calculate the variance of each dimen-
sion, find the median of the dimension which has the largest
variance, and split at the median. 4) Repeat step 3 until finish
all the partition.

Constructing KD-Tree is the first main phase of proposed
work. KD-Tree is more effective compared to other partition-
ing schemes e.g., Octree, Quad-tree, as it divides data space
based on distribution, thus will minimize the quantization er-
ror.

However, the leaf nodes transforms might not the most
descriptive one for visual query as KD-Tree is based on space
structure and they do not incorporate intrinsic relationships
with respect to query information in feature space. Besides,
since the leaf nodes are with a large number of transforms, the
bits to transmit the transform index will be too much. There-
fore, it is necessary to develop a scheme to find the most rep-
resentative transforms for each keypoint feature.

2.2. Grassmann Manifold Distance

To reduce the bitrate of transmitting the transform index, we
introduce Grassmann manifold into our indexing model for
manipulating the leaf nodes derived from the data partition
tree. First, we briefly review the definition of Grassmann
manifold. Denote V and W as two vector spaces, thus the
vectors space of linear maps from V to W can be identi-
fied with the space Rk×n of k × n matrices. The set of
all k-dimensional subspaces is called the Grassmann man-
ifold in Rn. The group of transformation A1 = A2, if
span(A1) = span(A2), where A1, A2 ∈ Rk,n. Therefore,
the equivalence classes of Rk,n are in one-in-one correspon-
dence with the points on the Grassmann manifold G(k, d).
Grassmann manifold G(k, d) can be seen as a quotient space
G(k, n) = Rk,n/Rk,k where the dimension of the analytical
manifoldG(k, n) is kn−k2. When considerAL in the equiv-
alence class forms a surface of dimension k2 in Rk×n. As
each point on Grassmann manifold is a subspace, measuring
the distance between two points on Grassmann manifold is
the same as measuring the similarity between two subspaces.
Principal angle is a geometrical measure between two sub-

spaces. Given two orthonormal matrices A1, A2 ∈ Rk,n on
the Grassmann manifold, the principal angles 0 ≤ θ1 ≤ θ2 ≤
... ≤ θk ≤ π/2 between two subspaces span(A1) and span2
are defined by

cosθi = max
uk∈span(A1)

max
vk∈span(A2)

u′ivi

s.t. u′iui = 1, v′kvk = 1

u′iuj = 0, v′ivj = 0

for j = 1, ..., i− 1. (2)

The vectors (u1, u2, ..., uk) and (v1, v2, ..., vk) are called
principal vectors of the two subspaces. θi is the ith smallest
angle between two principal vectors ui and vk, e.g., θ1 is the
smallest principal angle and cosθ1 = u′1v1. Then we calcu-
late principal angles and principal vectors between subspaces.
One numerically stable way is to apply Singular Value De-
composition (SVD) on the product of the two matricesA′1A2,
i.e.,

A′1A2 = USV ′ (3)

where U = [u1, u2, ..., uk], V = [v1, v2, ..., vk] and S =
diag(cosθ1, ..., cosθk). The cosine of principal angles θ, i.e.
cosθ1, ..., cosθk are known as canonical correlations.

Finally, we define the distance on the Grassmann mani-
fold. A distance is referred to as Grassmann distance if it is
invariant under different basis representations. Grassmannian
distances between linear subspace span(A1) and span(A2)
can be represented by principal angles. The smaller the prin-
cipal angles are, the more similar two subspaces are. A couple
of distances were proposed in the previous work. In our work
we adopt the Binet-Cauchy distance which is defined as fol-
lows:

dbc(A1, A2) = (1−
∏
i

cos2θi)
1/2 (4)

2.3. Merging On Grassmann Manifold

As we discussed before, leaf nodes might not be the best
transforms that represent query image. To optimize approxi-
mate query accuracy and save the bitrate, similar transforms
will be merged to their parent nodes. Similar transforms are
those transforms which have a shorter distance on Grassmann
manifold. As we discussed in subsection 2.1, we will get a
KD-Tree based indexing and the query image features have
been assigned to the leaf nodes. Denote the set of existing k
nodes as

N = {n1, n2, ..., nk} (5)

and the number of samples fall into each nodes is

W = {w1, w2, wk} (6)

the merge algorithm can be summarized as follows: For each
two nodes ni and nj in N , find their lowest common ancestor
(LCA) nc which will be regarded as a potential future node
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Fig. 4. Node H and I are merged to D. Blue nodes represent
existing nodes which will be further merged until the final
constraint condition is satisfied.
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Fig. 5. DC coefficients histogram example. PCA based trans-
form will be truncated symmetrically and 95% information
will be preserved.

that will be merged to. Then Grassmann distance between
children node and ancestor node will be calculated, denote
as dic and djc. The distance between two nodes on Grass-
mann manifold actually indicate the similarity of between two
spaces before and after projection. To make it fair, we penalty
the distance with the number of training samples fall into each
nodes, i.e., wi and wj . Therefore, the distance between two
nodes is

Dij = wi × dic + wj × djc (7)

After distance matrixD is achieved, find the two nodes which
have the shortest distance then merge to their LCA nc. Fig. 4
is after the the first merge of Fig. 3. Repeat the above process
until the final number of existing nodes or depth of level is
satisfied.

After the final transforms are found, we quantize the query
feature based on histograms of corresponding transforms.
When quantizing the query features, we cut out the interval
of the corresponding histogram which preserves 95% energy
of the query. Fig.6 is a histogram overview of a certain trans-
form.

Fig. 6. Experimental image pairs from CDVS dataset.

Table 1. Preview of MPEG CDVS test model.
Dataset MP NMP
1. CDs, DVDs, books, 3000 29,903

business cards
(Mixed text + graphics)

2. Museum paintings 363 3639
3. Video frames 399 3999
4. Landmarks and buildings 1789 17,949
5. Common object or scenes 2549 21,307

3. EXPERIMENTS

3.1. Datasets

Our experiments are based on Compact Descriptors for Visual
Search (CDVS) dataset which was initiated by Moving Pic-
ture Experts Group (MPEG) to push forward the frontiers of
compact descriptors in mobile internet industry [1]. Several
categories matching pairs are shown in Fig. 7. A brief de-
scription of CDVS dataset is given in Table 1. CDVS dataset
incorporates multiple categories images including landmarks
and buildings, paintings, mixed text and graphics, video
frames.

In the experimental section, we adopt SIFT feature to
evaluate our method performance. PCA has been marked as
one of the most valuable results from applied linear algebra
[7]. By applying singular value decomposition (SVD), PCA
computes the most meaningful part of a given data set. In
our experiments, performing PCA after the KD-Tree is built.
128 dimensional SIFT will be reduced to kd dimensions. A
ht = 6 height KD-Tree based indexing is constructed, the
reduced-dimensional SIFT features will be grouped to leaf
nodes. When pruning on Grassmann manifold, we merge to
final 8 transforms. This value should be set based on the KD-
Tree height, the higher, the larger. Each SIFT feature will be
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Fig. 7. MSE at kd = 4.

1 2 3 4 5 6 7 8

n=[4 6 8 12 16 32 64 128]

0

10

20

30

40

50

60

70

80

M
S

E

our

global

Fig. 8. MSE at kd = 6.

transformed using the transformation matrix it is assigned to,
while traditional method will use single PCA transform. Both
query accuracy and reconstruction error are evaluated at dif-
ferent dimensions. Finally, PAQ based compression scheme
will be applied to generate bitrate.

3.2. Reconstruction Error

In this subsection, reconstruction Mean Squared Error (MSE)
of proposed method is presented and compared with the
global method. The MSE value is for each dimensional of
each SIFT feature. Typical MSE plots of a matching pair
are shown in Fig. 8-Fig. 10 at kd = 4, kd = 6 and
kd = 8. The average MSE we tested over the whole CDVS
dataset achieved an average reduction of 47.12%, 35.89%,
and 34.31% at kd = 4, kd = 6, and kd = 8 respectively. The
MSE curve demonstrated the proposed method can preserve
more useful energy in the original feature space, resulting in
a lower error level.
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Fig. 9. MSE at kd = 8.
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Fig. 10. Repeatability at kd = 4.

3.3. Query Accuracy

Repeatability is given out by calculating the ratio of pre-
served number of matching pairs to ground truth. Similar to
vl ubcmatch(D1, D2) in vlfeat, if the distance d(D1, D2)
between two descriptors D1 and D2 multiplied by a thresh-
old value theta is not greater than the distance of D1 to all
other descriptors, they will be marked as pair-wise. In our ex-
periment, take 1.1 as theta’s value. Typical repeatability plots
of a matching pair are given out in Fig. 11-Fig. 13. Details of
the results are listed in Table 2. The average repeatability im-
provement of the whole CDVS dataset is 134.48%, 35.27%,
and 5.26% at kd = 4, kd = 6, and kd = 8 respectively. The
results demonstrated that the proposed method can preserve
more retrieval information in original feature space resulting
in a higher query repeatability.

4. CONCLUSION

In this paper, a Grassmann Embedded local feature compres-
sion approach is proposed. Comparing with previous com-
pression methods, Grassmann manifold allows searching op-
timum projection for each visual query feature, therefore pre-



Table 2. Repeatability at multiple choices of dimensions and number of bins. The upper values in a row are repeatability at
different quantization bins of global method, the bottom values are repeatability of proposed method.

Repeatability n = 4 n = 6 n = 8 n = 12 n = 16 n = 32 n = 64 n = 128
kd = 4 0.0025 0.0302 0.0353 0.0579 0.0856 0.1008 0.1108 0.1058

0.0403 0.0932 0.1360 0.1713 0.1940 0.1940 0.2065 0.2091
kd = 6 0.0453 0.1083 0.1562 0.2116 0.2469 0.2569 0.2645 0.2670

0.1436 0.1788 0.2670 0.2594 0.2947 0.3174 0.3199 0.3249
kd = 8 0.1259 0.2443 0.2746 0.3249 0.3375 0.3678 0.3854 0.3980

0.1839 0.1922 0.3300 0.3778 0.3678 0.3854 0.3728 0.3778
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Fig. 11. Repeatability at kd = 6.

serves more useful identification information in the projected
feature space. Comprehensive experiments on MPEG CDVS
dataset using a multiple number of dimensions demonstrated
that the proposed method can achieve better repeatability with
lower reconstruction than traditional compression scheme. In
the future, we will continue working on CDVS dataset to im-
prove query accuracy and develop more efficient compres-
sion/retrieval approaches for visual query task.
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