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Dear editor,
Saliency detection has recently attracted much attention owing to its applicability in several fields
of computer vision and machine learning. Convolutional neural network (CNN) is especially successful in generating saliency map end-to-end in
salient object detection. These methods can be
grouped into two categories: (1) improving the
structure of the networks, and (2) training the networks’ parameters better than before. However,
with the increasing in the number of the images,
the side information of images becomes more and
more numerous. In fact, the side information has
been widely used in other applications with neural networks. The side information are used to
improve the performance in graph matching algorithms and object tracking [1, 2]. Zhao et al. [3]
deeply exploited the semantic information of the
syntactic path based on RNN. Li et al. [4] took
advantage of rich semantic information to enhance
performance of exploring of indoor environments.
The performance of saliency detection is related to
many factors, not only visual features, but also semantic information of the images. In order to further improve the accuracy of salient object detection in images, we need to adopt the side information such as image-level tags in our convolutional
neural network. Recent work by Zhou et al. [5]
has shown that how CNN has remarkable localization ability. Wang et al. [6] proposed a saliency
detection method with image-level weak supervision. Nevertheless, the image-level category labels
predicted from network may not completely accurate. Therefore, we use image-level tags labeled

from the object based on the TBS dataset [7].
We make the following contributions. (1) We
use image-level tags labeled on the objects in images to improve the saliency detection results.
(2) We extend the global average pooling (GAP)
to predict the salient object in complex images and
use it as a layer in the deep convolutional network.
(3) We conduct extensive experiments and the
results show that the proposed method achieves
state-of-the-art performance on mean absolutely
error (MAE), area under the ROC curve (AUC),
and F -measure index on the TBS dataset.
Model and methodology. Our saliency detection
model is composed by three main parts: (1) a CNN
extracting low, medium and high level features for
a given image; (2) a class activation mapping section; and (3) a fully connected conditional random
field (CRF) to further improve the saliency map.
The structure of the network is shown in Figure 1.
Classification-trained CNN. We obtain the parameters of the network by training the classification task on CNN. The results of the classification
are the object tags of the TBS dataset. During
the process of training classification, the CNN will
extract the feature of the images from different categories in the dataset. This architecture includes
5 blocks from conv1 to conv5. We train the architecture on the popular VGG16, AlexNet [8]
and GoogLeNet, which are well known for elegance
and simplicity, and at the same time yield nearly
state-of-the-art results in image classification and
generalization properties. We delete the following
part based on the method of adjusting the structure of network in [1]: the layers behind conv5-3 in
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Figure 1

(Color online) The architecture of saliency detection with side information.

VGG16, the layers behind conv5 in AlexNet, and
the layers behind pool4 in GoogLeNet.
Training. We use image-level tags of different
categories in training stage. We randomly sample
a minibatch containing N training saliency maps,
and encourage the network to minimize a loss function inspired by three objects. The deviation between predicted values and ground-truth values yi
is weighted by a linear function α − yi . The overall
loss function is
N
1 X
L(w) =
N i=1

φ(xi )
max φ(xi )

− yi

α − yi

2

+λk1−U k2. (1)

Class activation mapping. The model generates
class activation maps (CAM) by using GAP. This
process will generate the heatmap of different categories, and the first heatmap is the most discriminative localization of this category. The categories
are object tags in the image dataset during training the CNN; therefore the class activation mapping will generate the most discriminative location
in the images according to the object tags. A CAM
for a particular category indicates the discriminative image regions used by the CNN to identify
that category. We use the network architecture
similar to Network in Network and GoogLeNet.
GAP outputs the spatial average of the feature
map of each unit at the last convolutional layer.
A weighted sum of these values is used to generate the final output. For a given image, let uk (x, y)
represent the activation of unit k in the last convolutional layer at spatial location (x, y). Therefore,

for a given class a, ωka is the weight corresponding
to class a for unit k. Pa is the CAM for class a,
where each spatial element is given by
X
Pa (x, y) =
ωka uk (x, y).
(2)
Feature extraction network. We train another
fully convolutional network for extracting the lowlevel and high-level visual features. The images
and the corresponding groundtruth with marked
salient regions are as the input of the CNN. This
end-to-end network performs a non-linear combination of features extracted from the last convolutional layer to predict saliency maps based on
visual feature. We regard the saliency map generated by this feature extraction network as visual
map.
Smoothing method. We use a simple thresholding technique to segment the heatmap generated
from the CNN. We merge the tag map and the
visual map and generate the final saliency map.
Some useful boundary information is lost in the
obtained saliency maps. The fully connected CRF
is incorporated to further improve the spatial coherence of the saliency maps from the deep network [9]. Therefore, we add a fully connected CRF
to post-process the final output map. The energy
function of CRF is given by
X
X
E(x) =
θi (xi ) +
θij (xi , xj ).
(3)
i

ij

Experiments. In our experiments, we try to answer the following two key questions on saliency
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detection. Q1: Are the associated tags beneficial for salient object detection in images with
complex backgrounds? Q2: Compared with other
state-of-the-art algorithms, how does the proposed
method perform on the TBS dataset with imagelevel tags on main evaluation measures? We evaluate the performance of the proposed method on
the TBS dataset. There are many semantic tags
of objects in the images of TBS dataset. As mentioned above, we choose VGG16, AlexNet, and
GoogLeNet as our pretrained model. We adopt
the three popular metrics in this study. The AUC
is one of the most widely used metrics for the
evaluation of maps predicted from saliency models. We also use the second measure which directly
computes the MAE between the estimated saliency
map S̄ and the binary ground truth Ḡ, both normalized in the range [0,1]. The MAE score is defined as
MAE =

W X
H
X
1
|S̄(x, y) − Ḡ(x, y)|. (4)
W × H x=1 y=1

Moreover, we also report the F -measure
(1+β 2 )·mean(precision)·mean(recall)
Fβ =
. (5)
β 2 ·mean(precision)+mean(recall)
Comparisons with other approaches. To answer
the question Q1, we compare our method under
two conditions: with side information and without side information. The method with side information performs better than that without side
information on AUC and F -measure index with
more clear edge in visual performance. To answer
the question Q2, we compare our method with the
other 6 approaches: hierarchical saliency detection
(HS), minimum barrier distance (MBD), minimum
barrier salient object detection (MB+), static
and space-time visual saliency detection (SeR),
saliency estimation using a non-parametric lowlevel vision model (SIM), and visual saliency detection by spatially weighted dissimilarity (SMD).
Our method performs better than other methods on AUC, MAE, F -measure index. Because
of space limitations, the detailed MAE, AUC, F measure index and visual comparisons are shown
in Appendix A.
Conclusion and future work. We proposed a
salient object detection method with side information based on the image-level tags on TBS dataset.
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In the proposed model, the deep network is introduced to obtain the discriminative location of
the salient region. The experimental results indicate that our method achieves better performance
than the existing methods on the TBS dataset. In
fact, the amount of images is an essential factor in
training deep network, however, the dataset with
semantic tags is rare. Therefore, how to train the
deep network more efficiently with limited images
will be an important challenge in future work. We
will further improve the performance of saliency
detection with semantic tags.
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