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ABSTRACT

Several recent works interpret convolutional features pro-

duced by deep convolutional neural networks as local descrip-

tors. Existing high-dimensional aggregation based methods,

e.g., Fisher Vector (FV) obtain inferior performance to pool-

ing based methods in most situations, and we observe that

it is mainly caused by the ignorance of spatial weights. In

this paper, we propose a novel method named spatial weight-

ed Fisher Vector (SWFV) to enhance the representation of

FV by injecting the spatial weight map to FV. In addition,

we further analyze the distribution of spatial weights and pro-

pose truncated spatial weighted FV (TSWFV). Experimental

results on two benchmark datasets demonstrate that the two

proposed methods achieve competitive results compared with

other global representation based methods.

Index Terms— Fisher Vector, Spatial Weight, Convolu-

tional Feature

1. INTRODUCTION

Image retrieval has been an active research topic for decades

due to its significant applications, such as visual search [1],

and person identification [2]. Traditional solutions represen-

t an image using a bag-of-visual-words (BOVW) based on

SIFT [3]. The subsequent works focus on strengthening the

discriminability of global representation. Specially, Fisher

Vector (FV) [4] plays an important role in image retrieval

community, which generates codebooks using Gaussian Mix-

ture Model (GMM), and obtain the image representation by

taking the derivative with respect to GMM parameters. Per-

ronnin et.al. [5] improve FV by power normalization and s-

patial pyramid. Husain and Bober [6] also modify FV by

ranked-based multi-assignment so as to increase the overall

robustness to noise and outliers.

Recently, some researchers pay more attention to the ag-

gregation of local descriptors from convolutional neural net-

work (CNN) instead of SIFT. The local convolutional descrip-
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Fig. 1: Visualization of spatial weight map. (a) source

images from Paris6K dataset. (b) spatial weight map. (c)

truncated spatial weight map.

tors are aggregated by sum pooling combining with centering

prior [7]. Kalantidis et.al. [8] enhance the sum pooling with

cross-dimensional weighting strategy. Meanwhile, the max

pooling is conducted on convolutional descriptors [9]. Tolias

et.al. [10] perform the max pooling on the multi-scale slid-

ing regions captured from the convolutional feature maps, and

then combine the collection of regional feature vectors into a

powerful global signature by sum pooling, i.e., R-MAC. The

R-MAC is then combined with the networks fine-tuned on

clean data [11, 12]. The sliding region strategy can further be

replaced by a more powerful object detection tool, i.e., Faster

R-CNN [13] to generate region-level representation [14]. The

point-level and scene-level features can be fused with the

region-level feature to boost the retrieval performance [15].

Traditional high-dimensional aggregation methods, e.g., vec-

tor of locally aggregated descriptors (VLAD) and FV can also

be applied on the local convolutional descriptors. VLAD is

conducted on the convolutional features of different layers in

CNN [16, 17, 18]. The FV combined with local convolutional

descriptors also achieves promising results [7, 19]. However,

existing FV and VLAD based methods equally treat each con-

volutional descriptors which results in involving background

978-1-5090-6067-2/17/$31.00 c©2017 IEEE

Proceedings of the IEEE International Conference on Multimedia and Expo (ICME) 2017 10-14 July 2017

978-1-5090-6067-2/17/$31.00 ©2017 IEEE ICME 2017

463



noises in the global feature representation.

In this paper, we propose a novel encoding method named

spatial weighted FV (SWFV) in the framework of FV com-

bined with convolutional descriptors to overcome the above-

mentioned drawback. The SWFV utilize a soft selection to as-

sign adaptive weights for local descriptors. We employ spatial

weight map [8] to reflect the importance of local regions, and

therefore highlight the foreground area which is beneficial for

the global representation, as it is visualized in Fig. 1. More-

over, we propose an adaptive thresholding method to truncate

the overall spatial weights. The truncated spatial weighted

FV (TSWFV) conduct a hard selection on local descriptors by

directly eliminating the local descriptors captured from back-

ground area. It finally generates a more powerful global rep-

resentation with less number of local convolutional descrip-

tors. Experimental results on two benchmark datasets show

that the proposed SWFV and TSWFV methods both outper-

form the pooling based and FV based methods.

The rest of this paper is organized as follows. Sec-

tion 2 details the proposed methods, i.e., SWFV and TSWFV

while Section 3 presents experimental results on benchmark

datasets. The paper concludes with Section 4.

2. METHODS

In this section, we first introduce the original Fisher Vector,

and then give a formal description of the proposed SWFV

and TSWFV. In what follows, we introduce each component

in detail respectively.

2.1. Fisher Vector

The convolutional activations from CNN form a (W ∗ H ∗
C) tensor, where W , H and C separately denotes the width,

height and channel number of the feature tensor. The tensor

is commonly regarded as a map consisting of (W × H) C-

dimensional local descriptors. Let denote the map as F .

The original FV [4] models the distribution of convolu-

tional feature descriptors by learning GMM and represents an

image by considering the gradient with respect to GMM pa-

rameters.

The parameters ωk, μk, Σk of the kth GMM component

denotes the weight, mean vector, and covariance matrix re-

spectively. We assume that the covariance matrix Σk is diag-

onal, so it can be denoted as σ2
k. GMM assigns descriptor at

position (i, j), i.e., Fij to Gaussian component k with the soft

assignment weight ϕij(k) given by the posteriori probability.

The C-dimensional derivatives with respect to the mean μk

and the diagonal covariance matrix σ2
k of Gaussian compo-

nent k are respectively defined as:

fμk
=

1

T
√
ωk

W∑
i=1

H∑
j=1

ϕij(k)(
Fij − μk

σk
) (1)

fσk
=

1

T
√
ωk

W∑
i=1

H∑
j=1

ϕij(k)

[
(Fij − μk)

2

σ2
k

− 1

]
(2)

where T = W × H is the number of local descriptors in an

image.

The FV global representation fg of an image is obtained

by concatenating the gradients fμk
and fσk

(k = 1 . . . N ) for

all Gaussian components and therefore the dimensionality D
is equal to 2 × C × N . The improved FV [5] utilizes power

normalization upon fg as follows

f(z) = sign(z)|z|α (3)

The final vector is normalized by L2 norm for further step-

s, and we choose the improved FV as our baseline encoding

method. We set α as 0.5 for all the experiments.

2.2. Proposed Approaches

2.2.1. Spatial Weighted Fisher Vector

As we can see, the convolutional feature map is, in some way,

like the traditional dense descriptor which consists of large

area of background. The original FV aggregates the dense de-

scriptors with an equal weight, which means that foreground

shares the same importance with background in the final glob-

al representation. We modify the original FV by incorporating

spatial weights which are generated as follows

Sij =
C∑

c=1

F c
ij (4)

where F c
ij denotes the activation of cth channel of the feature

map F at position (i, j). Then, the spatial weight map is nor-

malized by L1 norm, and it is visualized in Fig. 1 (b), from

which we can see that the high-weight positions mainly lie in

the foreground areas. It verifies that Sij can effectively cap-

ture the importance of the local descriptor at position (i, j).
Then, we employ spatial weights on the original FV.

∧
fμk

=
1

T
√
ωk

W∑
i=1

H∑
j=1

Sijϕij(k)(
Fij − μk

σk
) (5)

∧
fσk

=
1

T
√
ωk

W∑
i=1

H∑
j=1

Sijϕij(k)

[
(Fij − μk)

2

σ2
k

− 1

]
(6)

where Sij denotes the weight of the C-dimensional descriptor

at position (i, j). The difference between Equation (5), (6)

and Equation (1), (2) is the bold part, i.e., Sij .

By injecting the spatial weight map into FV encoding, the

proposed SWFV can be interpreted as a soft selection of the

local convolutional descriptors. We conduct the soft selec-

tion by assigning higher weight for the local convolutional

descriptors of foreground object, leading to a more powerful

global signature.

464



2.2.2. Truncated Spatial Weighted Fisher Vector

The proposed SWFV suppresses the background part by as-

signing a smaller weight for the local descriptors. We further

enhance this method by ignoring the background part. By

conducting truncation on the spatial weight map, the spatial

weights less than pre-defined threshold are all assigned with a

weight of 0. The size of the spatial weight map varies with the

scale of the input image, and the maximum amplitude of each

spatial weight map fluctuates widely. Hence, the pre-defined

holistic threshold value is inappropriate, and we propose a

new method to calculate an adaptive threshold for each spa-

tial weight map. We first reshape the spatial weighting map

S, and thus getting a M , i.e., (W × H)-dimensional vector

Sv . Then the vector is sorted in descending order as follows

Sv = [x1, x2 . . . xn, xn+1, . . . xM ] (7)

The top N elements are chosen as follows.

N = argmin
n

(
n∑

k=1

xk > T

)
(8)

where T is a measure of the minimum portion of the elements

that should be kept. Then, the truncated vector is obtained.

S̃v = [x1, x2 . . . xN , 0, . . . 0] (9)

Finally, we reshape the obtained vector S̃v back to the same

size of S, and thus we can get our truncated spatial weight

map S̃, and, the Sij term in both Equation (5) and (6) are

replaced by S̃ij . We also visualize S̃ij in Fig. 1 (c), from

which we observe that our truncated strategy obtains a more

clean spatial weight map compared with Fig. 1 (b). S̃ further

eliminate the top-left and top-right background area of S for

the bottom image and top image respectively.

Similar to SWFV, TSWFV can be interpreted as a hard

selection of the local convolutional descriptors, which keeps

the local convolutional descriptors more strictly and obtains a

more compact and meaningful global representation.

3. EXPERIMENTS

3.1. Implementation Details

We extract convolutional features using pre-trained model

VGG16 [20], and all the input images are zero-centered by

RGB mean pixel subtraction before they are fed into the net-

work. Meanwhile, similar to [8], we keep the original size

of the images and select feature maps of the last pooling lay-

er, i.e., pool5 as our primitive convolutional features. Then,

we apply the proposed encoding methods on the local con-

volutional descriptors. Finally, PCA is performed on the

high-dimensional encoded features without whitening. Al-

l the experiments are conducted on the cropped versions of

the queries.

3.2. Datasets and protocols

The experiments are conducted on two benchmark datasets.

• The Oxford5K dataset [21] consists of 5,063 pho-

tographs of Oxford landmarks. 55 images correspond-

ing to 11 buildings/lanmarks are treated as queries.

• The Paris6K dataset [22] contains 6,412 images of Paris

landmarks. Similar to Oxford5K, 55 queries are fixed.

Following the corresponding standard evaluation protocols,

this paper uses the mean average precision (mAP) to evaluate

the accuracy of image search, which is the mean value of the

average precision (AP).

3.3. Retrieval results

Table 1 and 2 present the results of proposed SWFV com-

pared with original FV on the Oxford5K and Paris6K datasets

respectively. From Table 1 and 2, we can see that the proposed

SWFV remarkably outperforms the original FV on both Ox-

ford5K and Paris6K datasets, which verifies that the soft se-

lection of the spatial weighting strategy is effective, and there-

fore takes full advantage of the discriminability of FV. Table 1

shows that the performance gets better with the increase of the

dimension after PCA on Oxford5K. While interestingly, the

results for high dimensional SWFV on Paris6k achieves in-

ferior (around 1% less) results than low dimensional SWFV.

This phenomena may be explained by the different feature

distribution of the two separate datasets, and PCA eliminates

the influences of redundancies on Paris6K dataset. We also

observe that the performance of both SWFV and original FV

vary slightly with the change of GMM parameters. This may

be caused by the highly overlapped receptive fields of two n-

earby local convolutional descriptors, and GMM with a less

number of components is enough to capture the distribution

of the dense convolutional descriptors.

Fig. 2 shows the comparison between TSWFV and

SWFV. Several observations can be drawn from these results.

First, comparing with SWFV, TSWFV achieves better result-

s in most situations on both Oxford5K and Paris6K datasets.

This phenomenon demonstrates the effectiveness of the hard

selection strategy of TSWFV, and also verifies that TSWFV

can further suppresses the background noise while making the

global FV signature focusing on the foreground object. Sec-

ondly, consistently with Table 1 and 2, features at relatively

low dimensions may achieve better performance on Paris6K

while they perform the opposite way for Oxford5K. The op-

posite tendency of Fig. 2 for Pairs6K and Oxford5K may be

induced by the different distributions of the two datasets. Im-

ages in Paris6K possess relatively smaller foregrounds, which

can also be verified in Table 3 (the mean proportion of the

remaining positions for Paris6K is smaller). That is to say,

after truncation, the remaining number of foreground descrip-

tors in Paris6K is obviously smaller than Oxford5K. Hence,
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Fig. 2: Comparison of TSWFV and SWFV. (a) results on Paris6K. (b) results on Oxford5K.

Table 1: Comparison with original FV on the Oxford5K

dataset

GMM Dimension FV SWFV

64

128 0.455 0.641
256 0.522 0.667
512 0.568 0.672

1024 0.584 0.671

128

128 0.444 0.641
256 0.508 0.670
512 0.560 0.685

1024 0.580 0.687

256

128 0.443 0.625
256 0.498 0.654
512 0.541 0.670

1024 0.572 0.669

Table 2: Comparison with original FV on the Paris6K

dataset

GMM Dimension FV SWFV

64

128 0.716 0.834
256 0.717 0.828
512 0.716 0.824

1024 0.711 0.818

128

128 0.703 0.831
256 0.707 0.827
512 0.709 0.823

1024 0.707 0.817

256

128 0.712 0.835
256 0.716 0.831
512 0.717 0.828

1024 0.716 0.824

for Paris6K, lower dimensional global feature is enough to

represent the whole image while increasing the dimension

introduces redundant information which will injury the per-

formance. However, considering that Oxford5k owns larger

number of descriptors, higher dimensional global feature ob-

tains a better global signature.

We further analyze the distribution of spatial weights. We

visualize the sorted spatial weight vector, i.e., Sv in Equa-

tion (7) of one random selected image from Oxford5K and

Paris6K in Fig. 3. And we also tag the truncated position and

total number of local convolutional descriptors on Fig. 3. We

observe that positions with high weights only occupy a small

portion while nearly half positions own a small weight. By a

heuristic method, we select the truncation position at a rela-

tively flat area, and then set the truncation threshold, i.e., T
in Section 2.2.2 of Oxford5K and Paris6K as 0.9 and 0.8. We

also calculate the percentage of the remaining positions after

truncation and denote it as P , e.g., P = 299
704 for the left fig-

ure in Fig. 3, where P is equal to N
M in Section 2.2.2. Then

we present the mean and variance value of P for all the im-

ages from the two datasets in Table 3, from which we observe

that the variance is very small, which verifies that the sorted

spatial weights of all the images follow a consistent distribu-

tion which is similar with the shape in Fig. 3. The relatively

smaller mean values demonstrate that TSWFV finally keeps

only half number of the original convolutional descriptors.

Table 3: Mean and Variance of P (proportion of the

remaining positions)

Dataset Mean Variance

Paris6K 0.4822 0.0081

Oxford5K 0.6473 0.0055

Table 4 shows the comparison between our approach-

es and other methods. The proposed TSWFV achieves the

best results on Paris6K dataset for all the dimensions, i.e.,

512, 256 and 128. For Oxford5K dataset, our methods (both

TSWFV and SWFV) perform better than all other methods

with 512-dimensional features. For lower dimensions, con-
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Fig. 3: Sorted spatial weights curve. Left: the spatial weights

of paris defense 000075 from Paris6K. Right: the spatial

weights of ashmolean 000063 from Oxford5K. The text on

the figure denotes the order value of the truncated position

and the maximum order value.

sidering the fact that our methods only utilize one layer of

VGG16, we still get comparable results with CCS [15] which

fuses three-level features. The comparison of our methods

and uCroW [8], i.e., sum pooling shows that our approaches

which are based on Fisher Vector can better encode convolu-

tional features than simple pooling strategies. Our methods

also outperform CroW [8], which incorporates spatial weight

and channel sparsity sensitive channel weight while we only

use the spatial weight map.

Table 4: Comparison with other methods

Method Dimension Oxford5K Paris6K

uCroW [8] 128 0.580 0.729

CroW [8] 128 0.592 0.746

CCS [15] 128 0.648 0.768

SWFV 128 0.641 0.835

TSWFV 128 0.643 0.838

uCroW [8] 256 0.635 0.759

CroW [8] 256 0.654 0.779

R-MAC [10] 256 0.561 0.729

CCS [15] 256 0.676 0.744

SWFV 256 0.670 0.831

TSWFV 256 0.669 0.834

uCroW [8] 512 0.666 0.767

CroW [8] 512 0.682 0.796

R-MAC [10] 512 0.668 0.830

CCS [15] 512 0.673 0.722

SWFV 512 0.685 0.828

TSWFV 512 0.688 0.830

The computational complexity of our method is almost

equal to the original Fisher Vector based methods with the

negligible element-wise addition cost. Therefore, the pro-

posed SWFV and TSWFV do not increase the computation

complexity nor introduce additional parameters. As the com-

pared methods do not report their retrieval time, we analyze

the retrieval time of our method and the baseline method (i.e.,

Fisher Vector). The running time for computing our spatial

weighting map only takes 0.3ms per image, whereas the Fish-

er Vector encoding and succeeding PCA operations take about

0.08s per image. In other words, the proposed method is al-

most as fast as the original Fisher Vector while obtaining a

better performance. Besides, the proposed method is based

on global representation, which can be combined with oth-

er binary coding methods efficiently. All the experiments are

conducted with open source package (Caffe and VLFeat) on a

Windows server with 3.1GHz CPU, 112G RAM and one K40

GPU in Matlab 2014b.

4. CONCLUSIONS

This paper proposes two novel methods to improve existing

FV based convolutional feature encoding for image retrieval.

We first inject spatial weight map into Fisher Vector encod-

ing, and experimental results show that our proposed spatial

weighted FV (SWFV) provides a better encoding of convolu-

tional features than original FV. Then, we further analyze the

distribution of spatial weights and propose truncated spatial

weighted FV (TSWFV). Results on two benchmark dataset-

s demonstrate that TSWFV effectively suppresses the back-

ground noise and achieves better performance with only half

number of local convolutional descriptors. Meanwhile, there

are several future study directions, for example, combining

the convolutional features of different layers to generate a

more powerful global signature, and further filtering the back-

ground outliers of the spatial weighing map.
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