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ABSTRACT

Saliency Maps, frequently used to highlight significant information, can be combined with other

paradigms, such as Bag of Visual Words (BoVW), to improve image description when the saliency re-

gions correspond closely with the objects of interest. In this paper, we present three attention filtering

strategies based on their saliency map that improve image classification using the BoVW framework,

Spatial Pyramid Matching (SPM) and Convolutional Neural Networks (CNN) features. Firstly, we

demonstrate how the blurring factor used in the Hou’s image signature algorithm determines what

information remains and impacts to the obtained accuracy in image classification. Next, we propose

AutoBlur, a simple but effective approach to automatically select this factor. Then, based on AutoBlur,

we introduce two variants of our approach SARF (Semantic Attention Region Filtering), to semanti-

cally remove non-relevant regions through a Mean Shift segmentation. The first one is based on the

intersection of the Hou’s image attention areas with its Mean Shift segmentation, while the second

one discards regions using a key point voting system that relies on the Euclidean distance. The ex-

periments carried out showed that the methods of Semantic Attention Filtering that we are proposing

could be successfully used with both BoVW, SPM and CNN’s in most of the evaluated situations. In

the five datasets assessed, all the three proposed methods outperform the baseline when using BoVWs

in almost every case. For Spatial Pyramid Matching, the behaviour is similar, finding that the baseline

is superior to our proposals in only one of the datasets used. In the case of CNN’s, our filtering pro-

posal outperforms the baseline in two datasets, being very similar to it in the other cases.
c© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

The importance of assigning a category automatically to an

image from a set of categories, i.e., image classification, has

grown enormously in the last few years.

Convolutional Neural Networks (CNN) are the current state-

of-the-art in image classification (song Tang et al., 2017) and

are known to outperform tradicional machine learning meth-

ods fed with hand-crafted features (Krizhevsky et al., 2012).

However, CNN are large and complex models that require a

huge number of training data to avoid over-fitting. Even though

there are techniques to carry out data augmentation (Krizhevsky
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et al., 2012), there are some cases where there is not enough

data because it is challenging to obtain, e.g. medical imaging

applications, or due to other reasons (Wesam et al., 2017).

Regardless this drawback, it has been demonstrated how the

use of CNN features extracted from a pre-trained network on a

big dataset, like ImageNet (Russakovsky et al., 2015) can still

obtain state of the art results (Paulin et al., 2015) on even small

datasets. However, even in these situations, if the CNN fea-

tures do not contain relevant information for the intended image

classification tasks, CNN results can be improved with a proper

selection of areas of interest in the image.

In both previous scenarios, i.e. small number of training im-

ages or challenging image classification tasks, it could be nec-

essary to extract “hand-crafted” features from the image to de-
scribe it and thereafter feed traditional machine learning tech-

niques –, e.g., Support Vector Machines (SVM) or Random

Forests – with these feature vectors, i.e., descriptors.
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Several works present methods for learning local descrip-

tors as an alternative to supervised CNN, such as convolutional

kernel networks (Paulin et al., 2015). Among all, the Scale-

Invariant Feature Transform (SIFT) (Lowe, 2004) used within

the Bag of Visual Words (BoVW) framework has been suc-

cessfully applied for extracting features in image classification

problems, either standalone or combined with other descriptors

(Fidalgo et al., 2016, 2017).

The Bag of Visual Words (BoVW) model (Csurka et al.,

2004) represents an image based on the frequency of the appear-

ance of patches within it. Each patch is described by means of

a feature vector, which is frequently obtained by means of SIFT

algorithm. There is an important drawback in this framework: it

discards the spatial order of local descriptors, which decreases

the quality of the image description. To overcome this problem,

Lazebnik et al. (Lazebnik et al., 2005) proposed an extension

of BoVW, the Spatial Pyramid Matching (SPM), which divides

the image into smaller subregions and computes the histograms

of their local features.

BoVW or SPM descriptors computed on patches from the en-

tire image contain information from both the object of interest,

henceforth the foreground, and from the background. However,

only the foreground is meaningful for a good description of the

object of interest. Therefore, using features from the whole

image may result in suboptimal classifications (Borji and Itti,

2013).

Visual Saliency, i.e., the subjective perceptual quality which

makes some items to grab our attention immediately, is an ef-

fective way to deal with this drawback. Describing only the

objects of interest within the image would boost the description

methods and, therefore, improve recognition performance (Vig

et al., 2012). For this reason, automatically selecting salient

regions across the images can be very useful.

Modelling this visual saliency recently attracted the interest

of the computer vision community (Mathe and Sminchisescu,

2015; Wang et al., 2016). Cheng et al. (2015) proposed a re-

gional contrast-based salient object detection algorithm, con-

sisting of assigning saliency values both to individual pixels

and to local regions in the image based on colour separation.

Coniglio et al. (2017) used saliency regions to estimate if a pixel

belongs to the foreground or background with the final objec-

tive of people detection. Alexe et al. (2012) introduced the ob-

jectness measure, which is an object detector for generic classes

that evaluates the likeliness of a window in the image to contain

an object in contrast to the background. Selective search (Ui-

jlings et al., 2013) tries to build object regions, instead of elim-

inating many windows from the set of candidate regions and it

has become very popular since the supervised R-CNN detec-

tor (Girshick et al., 2014) uses it. Objectness belongs to the

category of window scoring methods whereas selective search

is considered as a grouping method. Tang et al. (2017) uses

both approaches to generate saliency maps for object detection.

Hou et al. (2012) introduced a method that has been reported

as one of the best algorithms for detecting the most significant

saliency regions in images. It obtains the saliency maps of im-

ages that predict human fixation points with low computational

cost. In their work they recommend σ, i.e., the standard devia-

tion of the Gaussian kernel, which is called blurring factor, to

be proportional to the size of the object of interest. They con-

cluded that it was possible to choose a fixed value that worked

well for most of the saliency maps algorithms they evaluated.

However, the use of a fixed blurring factor does not always

guarantee that the resulting saliency map contains only fore-

ground information, which is not desirable when this saliency

map is utilised in the BoVW framework. No matter which blur-

ring factor we used, it was not possible to remove all back-

ground information.

In this paper, we presented three strategies based on the Hou

et al. saliency map (Hou et al., 2012) to remove this background

information at the region level. We initially proposed an effi-

cient method to select automatically the blurring factor used in

the Hue et al. saliency map. We named it Automatic Level of
Attention or AutoBlur and is based on the concept of human

fixation process.

Then, we proposed two variants of SARF method (Seman-

tical Attention Region Filtering), which consists of labelling

regions of the image as foreground or background regions by

means of the segments obtained using Mean Shift (Comaniciu

and Meer, 2002). The first method, called SARF based on the

Intersection of Saliency Maps (henceforth named SARF-ISM),

starts by the generation of a binary saliency map, which we

called “attention seeds”, from the image. Then, it labels the re-

gions resulting of the Mean Shift segmentation as foreground if

their intersection with the attention seeds is not empty. The sec-

ond one, called SARF based on Keypoint Voting (henceforth

named SARF-KV), makes the decision based on the proportion

of keypoints of the region with lower distance on a foreground

or a background dictionary. These dictionaries are built using

attention regions obtained by means of the previously described

AutoBlur method.

The rest of the paper is organised as follows. In Section 2

image signature algorithm, the influence of its blurring factor

σ and the automatic level of attention method that we propose

are explained. Next, Section 3 describes the two approaches

of our filter method, together with the segmentation algorithm

used. The experimentation settings, datasets and the results of

the experiments carried out to assess the proposed method are

discussed in Section 4. Finally, the conclusions and future per-

spectives are presented in Section 5.

2. Semantic Attention Filtering at region level

In this section, we initially explain the saliency map algo-

rithm (Hou et al., 2012) used for the experimentation. Next, we

evaluate how the blurring factor of the image signature saliency

map, σ, affects the feature extraction stage of the BoVW model,

in terms of the accuracy obtained in the image classification

task. Once the influence of the factor is confirmed, we propose

the AutoBlur rule to calculate the level of attention for each im-

age efficiently automatically. We call “level of attention” the

binary output obtained after thresholding the saliency map cal-

culated with a fixed blurring factor. This rule guarantees in most

of the cases that the objects of interest are highlighted.
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2.1. Image signature Saliency Map

Hou et al. (2012) proposed an algorithm which is based on

the image signature, considering an image as the sum of a fore-

ground and a background signals.

The authors defined the image signature, Isig, as follows:

Isig = sign(DCT (I)), (1)

where DCT is the Discrete Cosine Transform and sign the sign

function.

Since the foreground of an image is visually conspicuous

with respect to its background, its saliency map, S Mσ, is calcu-

lated by smoothing the squared reconstructed image (see Equa-

tion 2), Irec, with a Gaussian Kernel, g, with standard deviation

(i.e., blurring factor) σ. A Gaussian smoothing is necessary due

to the spatially sparse result obtained for Irec.

Irec = IDCT (sign(DCT (I))) (2)

S Mσ = g(σ) ∗ (Irec ◦ Irec) (3)

The symbol ◦ stands for the Hadamard product, having the re-

sulting image the same dimensions as Irec.

2.2. Evaluation of the effect of the blurring factor

Hou et al. (2012) recommended the standard deviation, σ, of

the Gaussian Kernel, also called blurring factor, to be propor-

tional to the size of the object of interest. They demonstrated

that it is possible to choose a fixed value that achieves excel-

lent results for most of the methods, regarding saliency maps

evaluation.

Fig. 1. AutoBlur overview. Resulting images after masking the original one
with the binarized saliency maps obtained with different blurring factors.
The maps show an increase in the level of details retained from the fore-
ground information when increasing the blurring factor.

However, given the results of our experiments, we concluded

that this is not valid in the context of image classification, in-

stead of on saliency map evaluation. If the saliency map is

used before image description, e.g. the BoVW model, to select

where to extract the descriptors from, the classification perfor-

mance does depend on the selected blurring factor.

Our objective was to evaluate how the blurring factor of

the image signature algorithm affects the BoVW feature image

classification when using different blurring factors. To do that,

we assessed the following values of σ: 0.02, 0.04, 0.08, 0.16,

0.32 and 1.28. We selected these values following a sampling

process that allows seeing the influence of different blurring

factors in the image classification. Then, we binarized the re-

sulting saliency map, Eq. (3), employing an Otsu thresholding

(Otsu, 1979), so we obtained a binary image where the atten-

tion zone corresponds to white pixels. Later, this binary image

is used to mask the original one.

S Mbin = Otsu(S Mσ) (4)

As it is depicted in Figure 1, for the first chosen factor, σ =
0.02, the resulting saliency map selects the smallest and most

salient regions whereas the last one displayed, σ = 0.16, causes

the attention regions to contain most of the object of interest,

and also part of the background.

If a descriptor is calculated from a pixel contained in the area

of S Mbin (Eq. (4)), we labelled it as a foreground descriptor or

a descriptor from an attention zone; otherwise, we considered

it as a background descriptor. As further discussed in Section

4.3.1, the use of these foreground descriptors extracted from

each resulting region affects the image classification accuracy.

2.3. Automatic selection of Blurring factor

Based on the previous demonstration about the influence of

the blurring factor on the image classification results, and due

to the different underlying foreground information, we tried to

remove this dependency from the image signature algorithm

while we keep a higher accuracy than the baseline.

We continued the analysis started in Figure 1 and we ob-

served that the attention area of the image is less detached and

more defined on the entire object of interest as the blurring fac-

tor increases. We can make an analogy between this observa-

tion and how the human brain and eyes work when they first

glance at any fixed scene: first of all there are lot of small ar-

eas that draw the brain’s attention, but the longer the eyes stare

at the scene, the better the brain understands what exactly the

scene represents. This is represented in Figure 1 when σ in-

creases from 0.02 to 0.16.

Based on previous explanation, we propose a simple but ef-

fective rule to estimate the blurring factor for each image on a

dataset. From now on we will refer to it as the automatic level
of attention method or AutoBlur. First of all we compute, for

each original image, the resulting saliency map (Eq. 3) with

the blurring factor σ = 0.02 and binarize it. Then, if there are

more than one binary attention region (Eq. 4) – i.e., more than

one connected component in the image resulting of binarizing

the saliency map – we repeat the process with a blurring fac-

tor of 2σ. When we find a binary saliency map with only one

attention region, we select as the optimal one the double of it.

We experimented with both the blurring factor for one attention

region and the next factor, and we obtained better accuracy in

image classification using the later because it keeps some in-

formation that is relevant for classifying each object. In the

example of the Figure 1, with σ = 0.08 there is only a binary

attention region, so we select σ = 0.16 as the recommended

one for this particular image. In other words, we consider that
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with σ = 0.16, brain and eyes attention are focused in a region

that mainly contains the objects of interest.

We consider that AutoBlur works well for fine-grained image

classification, where commonly there is only an object of inter-

est per image and the object does not present slim parts that can

lead to be considered as several objects. If the images contain

several objects of interest, the proposed method can be applied

on regions of the images comprising single objects. The differ-

ent regions in each image could be located using any method of

proposal regions that is effective for the images at hand, what is

out of the scope of this paper.

In Section 4 we will discuss the results after the application

of this rule to the different datasets used in the experimentation.

3. SARF: Semantic Attention Region Filtering

AutoBlur serves as a reference to our two region filtering pro-

posals: we name them SARF (Semantic Attention Region Fil-

tering). We first introduce the Mean Shift segmentation, which

will be used together with AutoBlur method in both approaches,

and then we will go into details for each of the proposed SARF

methods.

3.1. Mean Shift segmentation

One of the steps of our region filtering methods is the im-

age segmentation by means of the algorithm proposed by Co-

maniciu and Meer (2002) based on Mean Shift (Fukunaga and

Hostetler, 1975). Mean Shift is a non-parametric feature-space

analysis technique for locating the maxima of a density func-

tion. Its application in the clustering domain makes possible to

segment an image into regions.

3.2. SARF based on Intersection of Saliency Maps (SARF-ISM)

As we have already discussed, one of the features of the

saliency map proposed by Hou et al. (2012) is the capability to

predict the human fixation points on a scene. In initial tests, we

have observed that the binary saliency maps (Eq. 4) obtained

with σ = 0.02 can be used as “attention seeds”.

For each original image, we compute (i) the Mean Shift seg-

mentation output, (ii) the attention seeds (i.e., the mentioned

saliency map with σ = 0.02) and (iii) the binary saliency map

Fig. 2. SARF-ISM overview. Features are initially extracted from all the
image and then labelled according to their correspondence to the overlap-
ping areas between the attention seeds and the Mean Shift regions.

obtained using the AutoBlur method (Eq. 4). These three im-

ages are the inputs to the SARF-ISM method. Thereafter, we

first mask the image segmented by Mean Shift with the binary

saliency map obtained using the AutoBlur method. Then, we

perform an additional masking process in which we discard the

regions that do not overlap with the attention seeds in at least

one pixel. The features belonging to the remaining regions, i.e.

attention regions, are coded into the BoVW (see Eq. 5).

∀Reg ∈ S MAB

⎧
⎪⎪⎨
⎪⎪⎩

Reg ∩ S M0.02 � ∅ → (d f , kp f )Reg ∈ BoVW
Reg ∩ S M0.02 = ∅ → (d f , kp f )Reg � BoVW

,

(5)

where Reg stands for each of the segmented regions within the

binary saliency map S MAB obtained from AutoBlur, and S M0.02

is the “attention seeds”, i.e., the image signature obtained with a

blurring factor σ = 0.02. (d f , kp f )Reg indicates the initial fore-

ground descriptors, and their corresponding keypoints, which

belong to the analysed region.

3.3. SARF based on Keypoint Voting (SARF-KV)

The inputs to this method are the results of the Mean Shift

segmentation and the binary saliency map resulting of the Au-

toBlur method.

Fig. 3. SARF-KV overview. Regions are filtered after a voting system with
the foreground and background labelled regions.

The binary saliency map (Eq. 4) obtained with the σ calcu-

lated with AutoBlur yields an estimation of the foreground and

background of the image. It is possible to compute a dictionary

for the foreground and another one for the background, which

are used in a later stage of the method.

For each region in the image where the Mean Shift segmenta-

tion and AutoBlur outputs are combined, the distances between

the descriptors, i.e. dense SIFT, of its points and (a) the fore-

ground and (b) background dictionaries are computed. If the

majority of the descriptors are closer to the foreground, the re-

gion is considered as a foreground region , i.e., an attention
region. Otherwise, it is discarded.

Finally a BoVW is computed from the remaining foreground

regions and the experiments are carried out in the same way as

the one explained for SARF-ISM.
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4. Results discussion

4.1. Datasets used in the experiments

In Figure 4, some samples of each of the datasets described

in Table 1 are shown.

Fig. 4. In columns, Birds (1st); Flowers (2nd); Soccer (3rd); ImageNet-
7Arthropods (4th) and ImageNet-6Weapons (5th).

In Birds (Lazebnik et al., 2005) and Flowers (Nilsback and

Zisserman, 2006), it can be observed how they are surrounded

by different types of environment, which can confuse the atten-

tion areas because sometimes the object of interest shares some

colours with the background.

Table 1. Features of the dataset used in the experimentation. Soccer train-
ing and test sets are chosen as in (van de Weijer and Schmid, 2006).

DATASETS Images Classes Training/Test proportion

Birds 600 6 75/25

Flowers 1360 17 75/25

Soccer 280 7 62.5/37.5

ImageNet-7Arthropods 1400 7 75/25

ImageNet-6Weapons 4500 6 75/25

In the case of the Soccer dataset (van de Weijer and Schmid,

2006), despite being the smallest one, it is quite challenging

because the teams of the soccer players are sometimes mixed

between them and with the public or the referee.

We also wanted to assess these methods with bigger fine-

grained datasets, so we generated ImageNet-7Arthropods and

ImageNet-6Weapons from different synsets from the ImageNet

collection. The first set reproduces a similar but wider envi-

ronment than Birds and Flowers. In the second, ImageNet-

6Weapons, we generated a noisy and unbalanced dataset whose

categories are considered a challenging and exciting topic on

Tor Darknet (Wesam et al., 2017). The groups represent the

most frequent types of weapons sold in Tor, and they were se-

lected after a visual inspection of the TOr Image Categories

(TOIC) dataset content proposed by Fidalgo et al. (2017)

4.2. Experimental Setup

We have made publicly available the source code made of

our proposed method and the experiments using BoVW, Sc-

SPM frameworks1 and CNN features2.

1https://es.mathworks.com/matlabcentral/fileexchange/67369-autoblur-

and-sarf-filtering-techniques-applied-to-bag-of-visual-words-and-spatial-

pyramid-frameworks
2https://github.com/efidalgo/AutoBlur CNN Features

For all our experiments we have used MATLAB and Python

3, and as a reference for comparison, i.e. baseline implemen-

tation, the BoVW model (Csurka et al., 2004) with dense SIFT

descriptors (Lowe, 2004) extracted from the whole image.

Dense SIFT descriptors have been computed using the

VLFeat library (Vedaldi and Fulkerson, 2010), with step and

size set to 7. They have been clustered in a dictionary of 2048

words using K-means with the approximate nearest neighbour

algorithm (Lloyd, 1982) . A hard assignment approach (Csurka

et al., 2004) has been used to build the BoVW feature vectors

that represent each image.

To carry out the Mean Shift segmentation on MATLAB, we

have used the EDISON code3 implementation of Comaniciu’s

method (Comaniciu and Meer, 2002) with a MEX wrapper

from Shai Bagon4. We fixed for our experiments the spatial

bandwidth hs = 30, the ranging bandwidth hr = 5 and the min-

imum size of the final output regions in pixels M = 40. We set

these parameters to get small segmented regions in the object

of interest that allow us to test the effectiveness of our strategy.

Fig. 5. Original images (1st row), SARF-ISM (2nd row) and SARF-KV
(3rd row) results in Birds, Flowers, Soccer, ImageNet-7Arthropods and
ImageNet-6Weapons

To apply our filtering techniques on Spatial Pyramid Match-

ing (SPM) and with Convolutional Neural Networks (CNN)

features, we have used the following settings. In SPM we used

the code released by Yang et al. (2009), and we included our

filtering strategies, i.e. AutoBlur, SARF-ISM and SARF-KV, at

the feature extraction step. We adapted the descriptor step, size

and dictionary size to 7, 7 and 2048 to have a baseline in SPM

similar to the one obtained in BoVW (Fidalgo et al., 2016), and

we did not modify the rest of parameters. In our experimenta-

tion with CNN features, we used the VGG16 model pre-trained

on the ImageNet challenge Russakovsky et al. (2015), which is

publicly available in Keras5.

We have used the five different image datasets indicated in

Table 1 and a Support Vector Machine (SVM) (Cherkassky,

1997; Suykens and Vandewalle, 1999) with a linear kernel. Fig-

ure 5 visually presents the output from both SARF methods for

3http://coewww.rutgers.edu/riul/research/code/EDISON/
4http://www.wisdom.weizmann.ac.il/ bagon/matlab.html
5https://keras.io/applications/
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the same image. In all three frameworks, i.e. BoVW, SPM

and CNN features, we have splitted each dataset randomly into

disjoint training and test sets with the proportions indicated in

Table 1. This process has been repeated five times to avoid the

possible effects of random sub-sampling, and the presented re-

sults are the average results of the previous experiments.

4.3. Results discussion
In the next subsections, we discuss the results obtained with

different values of the blurring factor on the image signature and

the BoVW framework for image classification. Then we ex-

plain in detail the performance of the three filtering techniques

applied to BoVW, and finally, we extend our discussion to the

SPM and the initial experimentation made on CNN.

4.3.1. Results obtained with different blurring factors
As it is depicted in Table 2, the accuracy strongly depends on

the σ value used to obtain the binary saliency map — Eq. (4).

Table 2 shows that the best accuracy is achieved with the

following blurring parameters, σ, on each dataset: Soccer:

σ = 0.04, Birds: σ = 0.04, Flowers: σ = 0.16, ImageNet-

6Weapons: σ = 0.16 and ImageNet-7Arthropods: σ = 0.08.

Hou et al. (2012) indicated that the optimal blurring factor σ
is quite stable across different saliency maps algorithms. That

assertion was only true because they were focused on a saliency

map evaluation, but not on an image classification task, as we

demonstrated in our experiments with the different blurring fac-

tors. Therefore, the affirmation made by Hou et al. (2012) does

not apply in the context of this work.

4.3.2. AutoBlur and SARF performance on BoVW framework
In Table 3 it is shown how the accuracy obtained with

the AutoBlur method for these datasets boosts the baseline

one, i.e. from 48.00±3.66% to 51.81±4.79%, 67.47±2.96%

to 82.40±0.89%, 62.24±3.53% to 67.82±1.05%, 38.29±1.63%

to 46.80±2.16% and 55.06±2.21% to 56.52±1.37% in Soc-

cer, Birds, Flowers, ImageNet-7Arthropods and ImageNet-

6Weapons respectively. Baseline results were computed in Fi-

dalgo et al. (2016) with the configuration described in 4.2.

The selection of an adequate blurring factor allows to discard

mainly background descriptors, resulting in a richer dictionary

that retains more foreground information about the classes.

Fig. 6. Samples of Autoblur on Birds (up) and Soccer (down). Attention
zones are not mainly focused on a bird, neither in a single team on an
image.

Regarding both SARF approaches, they also boost the Base-

line results in the five datasets, except the SARF-KV strategy on

ImageNet-6Weapons. SARF-ISM method obtains the highest

growth over the baseline in Soccer and ImageNet-6Weapons,

with 6.10 and 0.30 points of improvement, while SARF-KV

gets 14.40 and 6.05 points on Birds and Flowers datasets. In

Soccer and ImageNet-6Weapons datasets, even with a small

value of the blurring factor, the attention seeds points the rel-

evant features of the main objects, that is why SARF-ISM ob-

tains slightly better results than SARF-KV.

In Table 3 it can be checked how SARF-KV does not outper-

form the baseline results in ImageNet-6Weapons.

Fig. 7. AutoBlur output in ImageNet-6Weapons (1st Row) and ImageNet-
7Arthropods (2nd row), five samples per Dataset

In the first example of Figure 7, i.e. red squared, the object of

interest is entirely highlighted due to the absence of distracting

background. But in the rest, the objects of interest contained

in the images do not represent a significant part of the image it-

self and the introduction of other potential saliency regions, e.g.

persons and environment, causing SARF-KV fails in boosting

the Baseline results on ImageNet-6Weapons.

AutoBlur selects a blurring factor for each individual image

and does not need a training set to compute it. Despite it does

not achieve the best results in all the experiments on the datasets

analysed, it guarantees a higher accuracy than when the BoVW

descriptors are calculated upon the whole image, getting rid of

the need of using several blurring factors.

Nevertheless, we have observed that for some images, the

AutoBlur rule does not always manage to focus the soccer

player, bird or flower into the main attention area, as it can be

noticed in Figure 6.

4.3.3. AutoBlur and SARF performance on SPM and CNN
framework

Once we validated our filtering techniques in the BoVW

framework, we evaluated their effectiveness in the Spatial Pyra-

mid Matching framework, a BoVW extension that uses the spa-

tial order of local descriptors. After confirming the good per-

formance in SPM, we also included in this paper initial experi-

mentation in the field of CNN. We selected the resulting bound-

ing box over the region depicted by AutoBlur, Eq.(4), and we

fed the CNN with the resulting image after cropping the origi-

nal image with this bounding box. CNN features are extracted

from the last layer of the VGG16 pre-trained network and used

together with the SVM classifier with a lineal kernel. Both SPM

and CNN results are presented in Tables 4 and 5.

From Table 4 we can observe how the SPM framework out-

performs the Baseline results obtained with the BoVW (see Ta-

ble 3) in all the datasets, except the Soccer one. Regardless

its small size, Soccer dataset represents a challenging situation
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Table 2. Summary of the results obtained in the five datasets using image signature saliency map with different blurring factors. Baseline results (�) from
Fidalgo et al. (2016). In bold, the best accuracy per dataset

DATASETS Baseline σ = 0.02 σ = 0.04 σ = 0.08 σ = 0.16 σ = 0.32 σ = 1.28

Soccer (�)48.00±3.66% 55.23±6.56% 58.48±3.60% 53.90±1.59% 52.19±2.64% 51.62±5.96% 49.52±4.52%

Birds (�)67.47±2.96% 81.47±0.87% 81.87±1.66% 79.07±4.21% 80.4±1.46% 75.87±0.73% 72.93±2.52%

Flowers (�)62.24±3.53% 58.29±4.52% 60.94±3.65% 64.65±2.8% 68.00±2.06% 68.35±2.09% 67.65±2.08%

ImageNet-6Weapons 55.06±2.21% 52.42±1.31% 55.29±1.61% 56.86±1.76% 58.60±1.63% 56.64±2.44% 56.38±2.05%

ImageNet-7Arthropods 38.29±1.63% 43.94±1.15% 46.34±1.28% 49.20±2.90% 48.17±2.07% 47.31±1.95% 44.91±2.91%

Table 3. Summary of the results obtained in Bag of Visual Words frame-
work with AutoBlur and both SARF approaches . Baseline results (�) from
Fidalgo et al. (2016)

DATASETS Baseline AutoBlur SARF-ISM SARF-KV

Soccer (�)48.00±3.66% 51.81±4.79% 54.10±4.92% 51.81±4.29%
Birds (�)67.47±2.96% 82.40±0.89% 81.73±3.42% 81.87±1.79%

Flowers (�)62.24±3.53% 67.82±1.05% 67.06±3.74% 68.29±3.03%
ImageNet-7Arthropods 38.29±1.63% 46.80±2.16% 46.29±1.95% 47.71±1.46%
ImageNet-6Weapons 55.06±2.21% 56.52±1.37% 55.36±1.84% 54.07±1.90%

Table 4. Results obtained in Spatial Pyramid Matching framework. Base-
line represents the use of the descriptors from all the image.

DATASETS Baseline AutoBlur SARF-ISM SARF-KV

Soccer 45.91±% 54.28±3.08% 56.00±4.38% 54.85±4.12%
Birds 91.20±% 93.60±2.43% 94.13±3.10% 93.60±3.41%

Flowers 74.88±% 75.53±2.19% 75.88±2.18% 75.88±2.42%
ImageNet-6Weapons 68.68±% 67.00±2.35% 67.61±2.31% 67.88±2.20%

ImageNet-7Arthropods 66.11±% 66.74±3.02% 66.05±1.33% 66.45±2.70%

for SIFT descriptors, since most of the information to identify

the team is present into the colour of the clothes rather than the

shape or spatial distribution of the vectors. AutoBlur and SARF

filtering strategies outperform the baseline results, i.e. all de-

scriptors used, in four out of five of the datasets analysed. On

the one hand, SARF-ISM obtains the best performance in Soc-

cer, Birds and Flowers datasets, boosting the baseline results in

10.09, 2.93 and 1.00 points respectively. On the other hand, Au-

toBlur obtains the best performance in ImageNet-7Arthropods

with 0.73 points higher than the baseline results. Sadly, our fil-

tering strategies fail to improve the ImageNet-6Weapons base-

line, maybe due to the behaviour of the automatic blurring fac-

tor selection which retained information not belonging to the

object of interest, as Figure 7 depicts.

Finally, Table 5 presents the results with CNN features,

outperforming the BoVW and SPM frameworks, as expected.

However, the purpose of the filtering techniques presented in

this paper is the selection of relevant information for image

classification. Despite CNN usually produces the state-of-the-

art in feature extraction for image classification, the application

of AutoBlur has a positive impact, increasing the accuracy in

two of the datasets analysed, Soccer and Flowers with 1.76 and

2.45 points respectively.

5. Conclusions and future work

Saliency maps are still useful tools to highlight the relevant

parts of images. They are especially relevant in cases in which

the image collection is not big enough to ensure that Deep

Learning techniques can be properly trained.

Table 5. Results obtained with CNN features. Results obtained with CNN
features. Baseline: full image fed into the CNN. AutoBlurCNN: combina-
tion of CNN and AutoBlur.

DATASETS Baseline AutoBlurCNN

Soccer 58.29±% 60.05±4.24%
Birds 95.23±% 94.17±1.67%

Flowers 87.06±% 89.51±1.61%
ImageNet-7Arthropods 80.59±% 79.48±1.07%

ImageNet-6Weapons 84.39±% 83.74±1.34%

The output of the saliency map used in this work, i.e. saliency

signature, depends on a blurring factor which can be modified.

First, we demonstrated, on the five datasets analysed, that if we

use the features from the image signature in the BoVW frame-

work with different blurring parameters, the differences in ac-

curacy are remarkable. To overcome the dependence on this

factor, we proposed a basic but effective automatic selection

of attention level that we named AutoBlur. We compared its

results against the baseline results, i.e. standard BoVW frame-

work over five datasets, yielding higher accuracies in all cases.

The previous filtering strategy highlights the importance of

extracting suitable descriptors from the images for dictionary

construction. Later on, we pushed our proposal a step fur-

ther, and we introduced Semantic Attention Region Filtering

(SARF) with two variants. The first one, SARF based on the

Intersection of Saliency Maps (SARF-ISM), overlaps an im-

age segmented using Mean Shift with the binary saliency map

obtained with a blurring factor 0.02, what we called the atten-

tion seeds. Each region that shares a common area with the

attention seeds remains as foreground or attention regions. Oth-

erwise, it is discarded and labelled as a background region.

The second version of our method, SARF based on Keypoint

Voting (SARF-KV) analyses the distance between the descrip-

tors of the key points belonging to each segmented region and

both foreground-background dictionaries. These dictionaries

are previously constructed with the resulting attention regions

obtained with the automatic level of attention method. When

the distance of a descriptor to the foreground dictionary is lower

than the distance to the background one, a positive vote is

counted. The number of positive and negative votes determines

if the region belongs to the foreground or background, respec-

tively. Both methods have been tested using five datasets.

Once the effectiveness of SARF and AutoBlur has been val-

idated on the BoVW framework, we also applied them on the

Spatial Pyramid Matching (SPM), and we made an initial ap-

proach about how they could be applied together with Convo-

lutional Neural Network (CNN) features. In SPM, the filter-
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ing strategies outperformed the baseline results in four out of

the five datasets analysed, confirming that our strategies can be

applied successfully to this framework. Finally, after cropping

from the original image a bounding box equivalent to the result-

ing AutoBlur region, we demonstrated that our AutoBlur strat-

egy could be used to improve the results obtained with CNN

features extracted on the whole images in two datasets.

SARF and AutoBlur methods guarantee better accuracy than

the baseline in the BoVW framework, and in several scenarios

on SPM and CNN features, and they do not require optimisation

of the saliency map parameters. For this reason, these filtering

strategies are robust options to improve image classification re-

sults with BoVW, SPM and CNN features.

Further investigations will be focused on improving the blur-

ring factor selection method and deal with situations like the

one presented in ImageNet-6Weapons, i.e. objects of inter-

est that do not represent a significant part of the image. The

images from the ImageNet-6Weapons dataset will be used to

train a model in such specific content that will be able to detect

Weapon domains or Marketplaces in the Tor Network. The fact

that AutoBlur strategy combined with CNN features, AutoBlur-

CNN, outperformed the established Baseline in two datasets,

together with the close results between Baseline and AutoBlur-

CNN results (� 1.1 points), encourages us to explore in future

works how to improve the combination of AutoBlur with the

CNN feature extraction, together with both SARF approaches.
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