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Abstract: Large-scale datasets are driving the rapid developments of deep convolutional neural networks for visual
sentiment analysis. However, the annotation of large-scale datasets is expensive and time consuming. Instead, it is
easy to obtain weakly labeled web images from the Internet. However, noisy labels still lead to seriously degraded
performance when we use images directly from the web for training networks. To address this drawback, we
propose an end-to-end weakly supervised learning network, which is robust to mislabeled web images. Specifically,
the proposed attention module automatically eliminates the distraction of those samples with incorrect labels by
reducing their attention scores in the training process. On the other hand, the special-class activation map module
is designed to stimulate the network by focusing on the significant regions from the samples with correct labels in a
weakly supervised learning approach. Besides the process of feature learning, applying regularization to the classifier
is considered to minimize the distance of those samples within the same class and maximize the distance between
different class centroids. Quantitative and qualitative evaluations on well- and mislabeled web image datasets
demonstrate that the proposed algorithm outperforms the related methods.
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1 Introduction

Recent developments in deep convolutional neu-
ral networks (CNNs) have led to great success in a
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variety of visual sentiment analysis (VSA) tasks, in-
cluding sentiment classification (Yang et al., 2017b;
Zhao et al., 2017; Zhang FF et al., 2018b), sentiment
dimension prediction (Zhao et al., 2016), sentiment
region detection (Yang et al., 2018a, 2018b), and
others (Jia et al., 2018; Zhang QS and Zhu, 2018).
The success is generally driven by the availabil-
ity of large-scale well-annotated sentiment datasets
(Chen SX et al., 2018a; Zeng et al., 2018) like Flickr
and Instagram (FI) (You et al., 2016) and Flickr
(Borth et al., 2013). However, annotating a mas-
sive number of sentiment images is extremely labor-
intensive and costly due to the high level of subjec-
tivity in the human recognition process (Fang et al.,
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2018). Table 1 shows the available manually anno-
tated affective datasets used for sentiment analysis.
It is observed that most of the available datasets con-
tain less than 2000 samples. To reduce the heavy lift
in annotation, an alternative approach obtains sen-
timent annotations of images using an image search
engine, e.g., Google or Flickr Image Search.

Table 1 Available affective datasets

Dataset Category Num

IAPSa (Mikels et al., 2005) 8 395
Abstract (Machajdik and Hanbury, 2010) 8 228
ArtPhoto (Machajdik and Hanbury, 2010) 8 806
Twitter I (Borth et al., 2013) 2 603
Twitter II (You et al., 2015) 2 1269
EmotionROI (Peng KC et al., 2016) 6 1980
Flickr (Katsurai and Satoh, 2016) 2 60 745
Instagram (Katsurai and Satoh, 2016) 2 42 856

Most of the datasets contain less than 2000 samples. Num:
number of images

Specifically, for VSA, most image search en-
gines use keywords such as happy and anger as the
queries. The connection between keywords and im-
ages is established based on co-occurrences between
the web image and its surrounding text. However,
query keywords may not be consistent with the vi-
sual content of the target sentiment. Thus, annota-
tions of web images obtained using a search engine
inevitably contain noisy information (Fig. 1). These
noisy labels will provide negative information to a
classifier if we use them directly to train the clas-
sifier for VSA. However, much research (You et al.,
2017; Yang et al., 2018b) focused only on weakly su-
pervised learning for local sentiment region discov-
ery on datasets with correct image-level labels, but
did not directly use mislabeled sentiment datasets as
training samples.

Happy Anger Disgust

Fig. 1 Results retrieved from the image engine by
keywords
Some of the results could not correctly represent the corre-
sponding sentiment

To address the above-mentioned problem, we
propose a weakly supervised network (NLWSNet),

which is robust to label noise and thus can directly
use web images for the training process. The NLWS-
Net process has three stages, i.e., reducing negative
effect of mislabeled samples, discovering class-special
and local significant regions, and obtaining good per-
formance of the sentiment classifier.

Specifically, to suppress the negative influence
caused by samples with incorrect labels during the
training process, we propose a non-extreme channel-
attention (NECA) module, which is significantly dif-
ferent from traditional attention modules. Impor-
tantly, the NECA module retains the effectiveness of
traditional attention mechanisms while avoiding the
influence of extreme distribution in attention values.
This strategy can guarantee that the feature maps
obtained are generally effective and that the atten-
tion values do not lead to information loss.

In the second stage, we consider the sentiment
in one sample to be intricate. Therefore, we design a
spatial-class activation map (SCAM) module to ac-
quire special-class sentiment features. In particular,
the framework is shared before the SCAM module.
However, in the SCAM module, we allocate an inde-
pendent two-class classifier for each sentiment cat-
egory. Thus, the approach of sentiment analysis is
translated into multiple and simple sentiment detec-
tion problems (Chen SX et al., 2017, 2018b). Mean-
while, we apply the class activation map (CAM)
(Zhou et al., 2016) in each sentiment detection pro-
cess. After the SCAM module, the special-class and
discriminative regions are employed for final senti-
ment classification.

Additionally, we apply regularization to the final
classification to achieve good performance. Specifi-
cally, we apply center loss and triple loss as the reg-
ularization, which is an approach widely used in the
face recognition field. Through the proposed reg-
ularization, the final classifier minimizes intra-class
distances while maximizing the distances between
samples in different categories.

As mentioned above, our contributions in this
study are summarized as follows:

1. Annotation cost for training samples is re-
duced in our system because mislabeled web images
can be used directly for the training process by the
proposed NECA module, which will reduce the neg-
ative influence of mislabeled samples in sentiment
recognition.

2. We propose the SCAM module to stimulate
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the network to discover the special-class and signifi-
cant regions, which may assist complicated sentiment
analysis.

3. We introduce the regularization for visual
sentiment classification to effectively learn the dis-
criminative representation, which could be favorable
in sentiment classification.

2 Related works

2.1 Visual sentiment analysis

Most existing approaches for VSA can be di-
vided roughly into shallow modeling methods and
deep modeling methods.

1. Shallow modeling methods
Machajdik and Hanbury (2010) defined a com-

bination of rich hand-crafted features based on art
and psychology theory. Borth et al. (2013) pro-
posed a mid-level concept, i.e., adjective noun pairs
(ANPs), to detect image concepts instead of express-
ing the sentiments directly. Li et al. (2018) com-
puted the weighted sum of the textual sentiment val-
ues of ANPs to describe an image. Yuan et al. (2013)
proposed Sentribute, an image-sentiment analysis al-
gorithm, which can easily interpret high-level under-
standing. Chen T et al. (2014b) built object detec-
tion models to detect six kinds of objects and pro-
posed classification models to handle the similarity
between visual sentiment concepts.

These shallow modeling methods have been
proven to be effective on several small datasets,
whose images are selected from a few special do-
mains, e.g., abstract paintings and art photos
(Machajdik and Hanbury, 2010).

2. Deep modeling methods
In recent years, many deep neural networks have

been widely used in visual recognition systems in
many fields (Girshick et al., 2014; Krizhevsky et al.,
2017; Ou et al., 2018; Zhang FF et al., 2018a). The
advantage of these models is that they use the back-
propagation algorithm (LeCun et al., 1989) to learn
high-level features from the original data input. At
the same time, they use the manual features calcu-
lated by traditional recognition methods as prepro-
cessing steps (Zhang N et al., 2014). Chen T et al.
(2014a) constructed a visual sentiment classification
model named DeepSentiBank, which demonstrated
significantly improved classification accuracy and re-

trieval performance. In addition, some methods in-
corporate the model weights learned from large-scale
universal datasets (Deng et al., 2009) and fine-tune
the CNN for VSA (Campos et al., 2015, 2017).

As mentioned above, due to the expense of man-
ual annotation of sentiment labels, the number of
samples in most existing affective datasets is smaller
than 2000. The scale of most datasets is thus far
from the required scale for training robust deep mod-
els. Note that in this study we focus on using those
samples with noisy labels to directly train the deep
models. The scale of the datasets can be partially
enlarged, and can be employed to improve the ro-
bustness of deep models.

2.2 Weakly supervised learning

Weakly supervised learning aims to learn a
model using samples with a limited number of la-
bels. It is widely used in different computer vision
tasks, such as object detection and semantic seg-
mentation. He and Peng (2017) proposed a weakly
supervised part selection method with two spatial
constraints to promote part selection and achieve
the best results. Oquab et al. (2015) learned the in-
teraction between humans and objects purely from
action labeling. He et al. (2019) applied a multi-
level attention mechanism to guide discriminative
localization learning and an end-to-end discrimina-
tive localization network to localize discriminative
regions, which not only achieved a notable clas-
sification performance but also improved the clas-
sification speed. For the phrase grounding task,
Rohrbach et al. (2016) adopted an attention mech-
anism optimized by reconstruction of query infor-
mation and avoided bounding-level labels for each
query. Based on this, Xiao et al. (2017) used a
continuous attention map and explored the de-
tailed structural reconstruction of language modal-
ities. Zhu Y et al. (2017) proposed a soft proposal
network (SPN) to generate soft proposals and aggre-
gated image-specific patterns by coupling the pro-
posal and feature maps. There are few works focus-
ing on sentiment analysis handled in a weakly super-
vised way. For VSA, Yang et al. (2018b) presented a
weakly supervised coupled network (WSCNet) to in-
tegrate the detection and classification branches into
a unified deep framework.

Most existing weakly supervised learning meth-
ods need correct image-level labels, and their tasks
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are object detection or semantic segmentation. How-
ever, in this study, the image-level labels of the sam-
ples are noisy, and our task is to train an effective
classification model without correct image-level la-
bels, which could lead to labor savings.

2.3 Attention mechanism

Humans selectively use an important part of
a sample to make a decision (Itti et al., 1998;
Corbetta and Shulman, 2002). This strategy is
called an attention mechanism and has been
widely used in various fields (Zhu YK et al., 2016;
Zagoruyko and Komodakis, 2017; Liu et al., 2018;
Yu et al., 2018).

In many methods, researchers use the attention
mechanism to increase the accuracy of the CNN clas-
sification model. Methods are divided mainly into
spatial-attention ones and channel-attention ones.
Specifically, in residual attention networks (RANs),
Wang et al. (2017) used a three-dimensional (3D)
spatial-attention map to enhance recognition accu-
racy. In the squeeze-and-excitation (SE) method,
Hu et al. (2018) applied only a one-dimensional (1D)
channel-attention map to accomplish the same pur-
pose. The bottleneck attention module (BAM)
(Park et al., 2018) and convolutional block atten-
tion module (CBAM) (Woo et al., 2018) increase the
accuracy of the classifier using both 1D channel-
attention maps and two-dimensional (2D) spatial
self-attention maps. These methods all require
additional trainable parameters to obtain an at-
tention map. Peng YX et al. (2019a) proposed a
visual-textual bi-attention mechanism to distinguish
the fine-grained information with different levels of
saliency detection from both the local and relation
levels. Zhuang et al. (2017) calculated the ratio of
each value within the whole feature map to obtain
the spatial attention map. Peng YX et al. (2019b)
proposed the spatial-temporal attention model to
emphasize the salient regions of the frame for video
classification. The advantage of these methods is
that additional parameters are not required in the
training process.

The attention mechanisms mentioned above
obtain good performance in classification because
they discover the significant differences. However,
by training sentiment classification with mislabeled
samples, these attention mechanisms could result in
over-fitting due to the extreme distribution of the

attention values. At the same time, the extreme
distribution of the attention values introduces infor-
mation loss in the correctly labeled samples, which
adds negative influence to the sentiment classifica-
tion. Inspired by Hu et al. (2018), our method pro-
vides non-extreme distribution of attention values,
which is suitable for classification with mislabeled
samples.

3 Method

NLWSNet is composed mainly of three stages
(Fig. 2). In the first stage, the negative effect of mis-
labeled samples is suppressed using the NECA mod-
ule. In the second stage, the SCAM module is pro-
posed to automatically discover sentiment-specific
regions. In the last stage, regularization is applied
with the coupled center loss and triple loss for clas-
sification to learn the discriminative representation.

3.1 Non-extreme channel attention mecha-
nisms

In Fig. 2, we consider that each sample is rep-
resented as an array of features. Let XXXn

i,j,m ∈ R
c

denote the last convolutional layer activations from
the nth sample with the mth convolution kernel at
the spatial location, where (i, j) are the coordinates
of the feature maps (i = 1, 2, . . . , d, j = 1, 2, . . . , d,
and d is the height or width of the feature maps)
and c is the number of sentiment categories. Af-
ter acquiring the feature maps, we use the sigmoid
function fsigmoid(x) = 1/(1 + e−x) as the nonlinear
activation function to obtain the 1D attention values:

Sm = fsigmoid(WWW
TXXXi,j,m + bbb), (1)

whereWWW and bbb ∈ R
c denote the weight set and biases

of the attention detector, respectively. To suppress
the attention values in the feature map caused by
the incorrectly labeled samples, we normalize the
attention scores to [0, 1] to aggregate the feature
map:

am =
exp(Sm)

∑
m exp(Sm)

, (2)

where am is the 1D attention score and
∑

m am =

1. Afterwards, we can obtain the attention map
representation An

i,j,m as follows:

An
i,j,m =XXXn

i,j,m ◦ anm, (3)
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Fig. 2 Architecture of the weakly supervised learning network (NLWSNet)
NLWSNet incorporates a non-extreme channel-attention module, a spatial-class activation map module, and classification
regularization. It can reduce the annotation cost tremendously and enhance the robustness of sentiment analysis on
mislabeled web images. FC: fully connected layer; Conv: convolutional layer. Feature maps of correctly and incorrectly
labeled samples are in green and orange, respectively. References to color refer to the online version of this figure

where “◦” denotes the element-wise multiplica-
tion. For comparison with traditional attention
mechanisms, we list their methods as follows:

am = fsoftmax(WWW
TXXXn

i,j,m + bbb), (4)

ai,j,m = fsoftmax(WWW
TXXXn

i,j,m + bbb), (5)

ai,j,m =
exp(XXXn

i,j,m)
∑

i

∑
j exp(XXX

n
i,j,m)

, (6)

where fsoftmax(x) = ex/
∑

ex. Eqs. (4), (5), and
(6) (Chen L et al., 2017; Zhuang et al., 2017) show
the channel-wise attention, spatial attention, and the
usual way to normalize attention values, respectively.
As mentioned in Inception-V2 (Szegedy et al., 2016)
and RAN, fsoftmax(x) may result in overfitting be-
cause the model becomes too confident about its
predictions.

Thus, especially when the labels of web images
are noisy, the extreme distribution of the attention
scores affects the learned recognition model. Com-
pared with traditional attention mechanisms, our
method avoids the above-mentioned problem by us-
ing fsigmoid(x) in advance.

On the other hand, the channel attention scores
in green are generally larger than those in orange in
Fig. 2. Attention scores in green from the correctly
labeled samples can obtain the larger attention val-
ues from the self-attention NECA module, and can
help learn how to distinguish feature representations.

3.2 Special-class activation map

Because the sentiment in one sample can be
complicated, it is difficult for the classifier to di-
rectly analyze the difference between various emo-
tions. Therefore, in the SCAM module, sentiment
analysis is turned into multiple sentiment detection
problems. In each sentiment detection problem, we
apply the class activation map approach to obtain
local sentiment regions, and this has significant con-
tributions to VSA.

Specifically, after the process of NECA, global
average pooling (GAP) outputs the spatial average
V ck
m of the attention map of each kernel at one 1× 1

convolutional layer, where m is the number of chan-
nels and ck the corresponding sentiment detection
classifier. In Fig. 3, the sentiment activation map



1326 Xue et al. / Front Inform Technol Electron Eng 2020 21(9):1321-1333

M ck
i,j,m is generated using V ck

m as the weight of the
response attention map:

M ck
i,j,m =

∑

m

V ck
m Ai,j,m. (7)

Then, given the number of classes C, we allocate
two-class classifiers to C by the sigmoid function,
where the input to each special-class classifier ck is
the corresponding sentiment activation map M ck

i,j,m.
In this process, each two-class classifier in the SCAM
module captures the salient regions evoking the cor-
responding sentiment. Then, we couple all the local
sentiment maps

∑
M ck

i,j,m with the holistic feature
map Ai,j,m as follows:

Ci,j,m = [Ai,j,m : M c1
i,j,m : M c2

i,j,m : . . . : M ck
i,j,m], (8)

where “:” denotes the concatenation operation. In
contrast to traditional object detection methods, a
weakly supervised learning approach obtains local
sentiment regions in the SCAM module. In this pro-
cess, the object-level label (ground truth of the senti-
ment regions) is not needed, and we obtain the result
from the image-level label (ground truth of the sen-
timent category).

3.3 Regularization for classification

In the stage showing feature extraction and sen-
timent classification using the softmax function in
Fig. 2, DenseNet pre-trained by ImageNet is fine-
tuned to adjust parameters for sentiment classifica-
tion. The fine-tuned DenseNet can fit the emotional
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Fig. 3 Special-class activation map for allocating the
individual two-class classifier for each sentiment class
and obtaining special-class sentiment regions
This module transforms the correlative and complicated visual
sentiment analysis into multiple independent and easy senti-
ment detection problems. FC: fully connected layer; Conv:
convolutional layer; GAP: global average pooling

distribution from a collection of affective training
samples {Ii, Yi}Ni=1 in a supervised way, where N is
the size of the training set, and Ii and Yi are the ith

input image and its sentiment label, respectively.
Let ccci = GAP(CCCccck

i,j,m) be the output of the last
FC layer. Then sentiment classification is carried out
by minimizing the softmax loss function as follows:

Lclass = −
N∑

i=1

Yilog
exp(WWWTccci)

∑
CCC exp(WWWTccci)

, (9)

where WWW is the set of model parameters and Yi is
in the form of one-hot. Then, for all the two-class
classifiers in the SCAM module, the individual loss
function is defined as

LSCAM=−
∑

CCC

N∑

i=1

[yilogŷi+(1−yi)(1−logŷi)], (10)

ŷi =
1

1 + exp(−fff i)
, (11)

where yi denotes the label of sample N for the sen-
timent category, being 0 or 1, and fff i is the feature
vector obtained by the last fully connected layer.

To further improve the accuracy of the senti-
ment recognition model, we apply both the center
loss and triple loss as the regularization of the final
classifier. As shown in Fig. 2, sentiment analysis
is briefly thought as a linear problem. Specifically,
straight lines in different colors are represented as
different sentiment categories. To enhance the dis-
criminative ability of the model, we use the center
loss to reduce the distance between samples within
the same sentiment:

Lcenter =
1

2

N∑

i=1

∥
∥ccci −CCCYi

∥
∥2
2
, (12)

whereCCCYi denotes the ith class center of feature vec-
tor ccci. In the center loss, CCCYi is updated as the
feature vector ccci is updated, which is updated only
under the

∑CCC
j=1 Yij = 1 condition. In contrast to

traditional approaches for dealing with the center
loss, we build the relationship between ccci and CCCYi as

CCCYi =
Yiexp(WWW

Tccci)

CCC
∑

CCC exp(WWWTccci)
. (13)

Additionally, we apply the triple loss to increase the
distances between samples in different sentiments:

Ltriple =

N∑

i=1

[∥
∥g(cccai )−g(cccpi )

∥
∥2

2
−∥
∥g(cccai )−g(cccni )

∥
∥2

2
+θ

]
,

(14)
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where g(·) =

∥
∥
∥
∥

exp(ccci)∑
CCC exp(ccci)

∥
∥
∥
∥

2

2

and θ is a hyper-

parameter. cccai and cccpi are in the same class, while
cccai and cccni are in different categories. Finally, we de-
fine the final loss function as follows:

L =Lclass(III,YYY ) + LSCAM(III, y) + λLcenter(ccc)

+ βLtriple(ccc), (15)

where λ and β are parameters to balance the contri-
butions of Lcenter and Ltriple functions. Since all the
parameters can be derived, we can conduct an end-
to-end framework using adaptive moment estimation
(Adam) to minimize the final loss function.

4 Experiments

4.1 Datasets

We evaluate our method on four benchmark af-
fective datasets, i.e., Twitter II (You et al., 2015),
EmotionROI (Peng KC et al., 2016), Flickr (Kat-
surai and Satoh, 2016), and Instagram (Katsurai
and Satoh, 2016). Additionally, we apply the pub-
lic dataset Cifar10 (Krizhevsky, 2009) to obtain the
mislabeled datasets.

1. Twitter II
The Twitter II dataset was collected from the

social website Twitter and labeled with sentiment
polarity categories by Amazon Mechanical Turk
(AMT) participants. It consists of 1269 images. In
this dataset, 80% of the samples are split for the
training set and 20% for the testing set. Based on
this dataset, the experiment is conducted 10 times.

2. EmotionROI
The EmotionROI dataset was created for a sen-

timent prediction benchmark. It is assembled from
Flickr, resulting in 1980 images with six sentiment
categories (i.e., anger, disgust, fear, joy, sadness, and
surprise). In addition, each image is manually anno-
tated into 15 regions that evoke sentiments. The
original EmotionROI training set is split into two
parts, i.e., 80% for the training process and 20% for
validation, and its original testing set is used for tests
in our experiments.

3. Flickr and Instagram
The Flickr and Instagram datasets were col-

lected by querying positive and negative keywords
from the social websites Flickr and Instagram, re-
spectively. A group of 225 AMT participants was

asked to label the images, producing 60 745 and
42 856 images and receiving at least three agree-
ments. These two datasets are split randomly into
80%, 5%, and 15% of the samples for the training
set, validation, and testing set in our experiments,
respectively.

To evaluate the effectiveness of the NECA mod-
ule in mislabeled sentiment datasets, we structure
the noisy training set using the original training set
from Flickr/Instagram and the general dataset Ci-
far10 in proportion (it does not have sentiment sam-
ples, and we resize it to the same size as the other
samples). The reason for choosing Flickr and In-
stagram datasets is that the numbers of samples are
much larger than those of other two datasets. We set
the proportion of samples selected randomly from
Cifar10 to samples from the clean training set as
δ = NC/NF/I, where NC and NF/I are the num-
bers of images in the Cifar10 and Flickr/Instagram
datasets, respectively.

4.2 Model ablation

For our end-to-end framework, we use a weight
decay of 0.0001 with a momentum of 0.9 and batch
size 32, and fine-tune all the layers with Adam. We
set the learning rate as 0.0001 and drop the learn-
ing rate by 10 at every 10 epochs. Our experiments
are conducted using Keras and TensorFlow, and per-
formed on an NVIDIA GTX Titan GPU with 32 GB
on-board memory.

We perform model ablation on the four affec-
tive datasets. To demonstrate the effectiveness of
our framework for VSA, we quantitatively evaluate
NECA, SCAM, Lcenter (C), Ltriple (T), and the cou-
ple of C and T (i.e., regularization (R)). Parameters
λ and β are selected according to grid search, which
is performed in the range of [0, 1] for two parameters
and the stride equals 0.1. As shown in Table 2, when
the method is BASED+C+T, the pair of parameters
(λ = 0.3 and β = 0.2) that achieves the best results
is chosen in our experiments.

In Table 3, we compare the sentiment recog-
nition accuracies of the methods mentioned above.
Clearly, BASED+NECA+SCAM+R achieves the
highest accuracy. Additionally, the methods with
NECA, SCAM, C, T, or R generally outperform the
baseline one (BASED). Comparative results indicate
the following: (1) Non-extreme attention can effec-
tively suppress the influence of noise, because the
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attention scores of the noisy samples are much lower
than those of the correct samples. The attention
model allows only the correct samples to train the
followed network for sentiment recognition. (2) The
special-class activation map module further captures
the affective regions for each sentiment category.
These affective regions make significant contribution
to VSA. (3) The loss regularizer applied to the classi-
fier makes the feature representations of the samples
from the same class as close as possible and those
from different classes as far away as possible.

4.3 Performance comparison

1. Classification accuracy comparison on misla-
beled datasets

Table 4 presents the performance of our model
influenced by δ and the comparison with attention
mechanisms mentioned in Section 3.1. We apply
the channel-wise attention (CWA) mechanism in
Chen L et al. (2017) after acquiring the feature vec-
tor ccci. The spatial attention (SA) mechanisms in

Chen L et al. (2017) and Zhuang et al. (2017) are ap-
plied after acquiring the feature map XXXn

i,j,m.

We can see from Table 4 that when the noise
level is less than or equal to 0.25, our model achieves
stable results. Additionally, it indicates that our
model can still obtain a promising performance
even when 50% samples are not correctly labeled.
Meanwhile, compared with other attention mech-
anisms, the NECA module achieves better perfor-
mance. The results demonstrate that our method
can significantly reduce the number of expensive,
time-consuming annotations while maintaining good
performance.

2. Ranking of mislabeled samples by classifica-
tion scores

To intuitively show the effectiveness of our
proposed method in cleaning mislabeled samples,
we randomly select images in the positive cate-
gory with δ = 0.25 in the Flickr dataset (Fig. 4).
The noisy samples are ranked in descending order
based on their classification scores obtained using

Table 2 Classification accuracy comparison for parameter selection on the Flickr dataset when the method is
BASED+C+T

λ
Classification accuracy (%)

β=0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0 73.46 75.98 75.00 75.98 72.55 74.02 75.00 76.47 74.02 74.51 75.49
0.1 75.98 76.47 72.06 76.47 75.49 76.47 75.98 72.55 74.02 73.04 75.49
0.2 77.94 74.51 72.06 74.02 75.98 75.49 76.96 75.00 75.98 75.49 76.47
0.3 75.49 75.49 79.41 77.45 74.51 75.49 74.51 72.06 74.51 76.47 74.02
0.4 72.06 76.96 76.47 75.00 75.00 76.47 72.06 73.39 71.57 76.96 73.53
0.5 75.98 75.49 73.53 72.06 74.51 77.45 72.06 74.51 74.02 73.04 74.02
0.6 75.49 73.53 76.47 75.00 76.96 73.04 76.96 74.51 74.51 74.51 69.61
0.7 77.94 75.00 78.92 74.02 76.47 75.98 73.04 73.04 75.98 75.49 75.49
0.8 75.98 75.98 77.94 76.96 74.51 75.98 74.51 75.00 77.45 75.49 73.04
0.9 77.94 75.00 74.51 74.51 73.04 73.53 74.51 76.96 75.00 75.49 72.06
1.0 77.45 75.49 74.02 77.45 75.00 73.53 74.02 73.53 71.57 72.06 74.02

Best result is in bold

Table 3 Classification accuracy comparison for model ablation on Twitter II, EmotionROI, Flickr, and
Instagram datasets

Method
Classification accuracy (%)

Twitter II EmotionROI Flickr Instagram

BASED 73.34 41.02 73.46 68.35
BASED+NECA 80.22 54.63 82.45 81.10
BASED+SCAM 80.34 55.75 81.54 79.97
BASED+NECA+SCAM 82.46 57.84 81.94 82.48
BASED+NECA+C 84.35 60.06 82.98 82.97
BASED+NECA+T 82.96 57.94 83.17 83.12
BASED+NECA+SCAM+R 85.43 61.25 84.62 83.55

The pre-trained DenseNet121 using ImageNet is used as the BASED method. Best results are in bold
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Table 4 Classification accuracy comparison on the mislabeled datasets

Dataset Method
Classification accuracy (%)

δ=0 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

Flickr

BASED 73.46 69.80 66.14 65.34 62.63 57.87 53.21 49.76 48.45 42.14 40.21
CWA (Chen L et al., 2017) 75.54 72.23 70.10 66.43 62.12 58.46 55.16 50.13 48.61 43.17 41.84
SA (Chen L et al., 2017) 79.34 75.01 72.14 70.12 63.26 58.93 56.33 51.11 48.95 43.44 41.92
SA (Zhuang et al., 2017) 79.89 77.75 73.41 69.96 63.67 59.05 56.60 50.98 48.79 45.53 43.03
Ours 84.62 84.33 80.60 82.14 79.93 80.73 75.73 73.87 72.12 70.33 67.42

Instagram

BASED 68.35 64.32 60.73 54.17 52.86 48.57 45.53 43.32 39.45 35.57 33.63
CWA (Chen L et al., 2017) 75.22 70.01 65.88 62.53 59.84 55.41 51.75 46.92 42.46 37.18 32.98
SA (Chen L et al., 2017) 77.13 73.26 70.85 67.69 63.24 59.60 56.06 52.70 48.28 44.07 39.24
SA (Zhuang et al., 2017) 79.57 76.14 72.33 67.44 64.26 60.50 56.99 53.67 48.53 44.67 40.05
Ours 83.55 79.72 78.10 78.85 81.19 77.50 74.36 71.61 67.48 69.34 66.62

Results become smaller as δ becomes larger, but our method still works when the value of δ is close to 0.50. δ is the proportion
of the mixed samples from Cifar10

BASED+NECA+SCAM+R. Images in the green
rectangle rank at the top of the ranking queue and
images in the red rectangle rank at the bottom. We
can see that images in the green rectangle come from
the Flickr dataset and can correctly express the cor-
responding sentiment. In contrast, samples in the
red rectangle from the Cifar10 dataset have no senti-
ment expression. Therefore, Fig. 4 clearly shows that
our method can collect well-labeled datasets and can
be used for sentiment learning.

Fig. 4 Examples of samples in mislabeled sentiment
datasets
Samples are sorted in descending order according to their
ranks in the classification scores. Images in the green rect-
angle have higher classification scores than images in the red
rectangle. The noise parameter δ = 0.25. References to color
refer to the online version of this figure

3. Classification accuracy comparison on well-
labeled datasets

To demonstrate the effectiveness of our method
in handing well-labeled sentiment datasets, we com-
pare it with several related methods for image senti-
ment classification: hand-crafted, CNN-based, and
CAM-related methods. Comparison results are
shown in Table 5, where the results of the compared

methods are obtained directly from the literature.
(1) Hand-crafted methods. Zhao et al. (2014)

extracted 27-dimensional principle-of-art features
from the affective images and used LIBSVM
(Chang and Lin, 2011) for classification. Sen-
tiBank (Chen T et al., 2014a) extracted 1200-
dimensional mid-level representations with the ad-
jective noun pair (ANP) detector, while DeepSen-
tiBank (Chen T et al., 2014a) applied the pre-
trained DeepSentiBank to extract 2089-dimensional
features.

(2) CNN-based methods. CNN-based methods
include VGG16 (Simonyan and Zisserman, 2014)
and DenseNet121 (Huang et al., 2017) pre-trained
by ImageNet, fine-tuned VGG16, and DenseNet121.
Sun et al. (2016) selected the top 1 affective region
to extract local features and combined holistic fea-
tures with local features to conduct sentiment classi-
fication. Yang et al. (2017a) used label distribution
learning and developed a multi-task deep framework
to generate local affective regions for each sentiment
category. Then, the local affective regions were in-
tegrated with the holistic features to recognize emo-
tions. In this method, the local region labels for
the training process need to be annotated manu-
ally. Since the methods of Sun et al. (2016) and
Yang et al. (2017a) are proposed for binary classi-
fication and multi-class classification, respectively,
these two methods with incompatible numbers of
classes in the datasets cannot be evaluated. There-
fore, we denote the results from Sun et al. (2016) on
EmotionROI and those from Yang et al. (2017a) on
Twitter II, Flickr, and Instagram as “–.”

(3) CAM-related methods. CAM aims to
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find the object regions with only image-level la-
bels in a weakly supervised way. We evaluate
our method with WILDCAT (Durand et al., 2017),
SPN (Zhu Y et al., 2017), and WSCNet (Yang et al.,
2018b). Specifically, by WILDCAT, Durand et al.
(2017) learned multiple localized features related
to different class modalities, and pooled these fea-
tures to predict the sentiment categories. By SPN,
Zhu Y et al. (2017) aggregated image-specific pat-
terns by coupling the candidate affective regions and
the holistic feature maps of the images to sentiment
classification. By WSCNet, which is based on CAM,
Yang et al. (2018b) unified the detection and clas-
sification tasks into one framework for sentiment
recognition.

Table 5 clearly shows that our method obtains
the highest accuracies on four benchmark affective
datasets, since our method extracts features by fine-

Fig. 5 Region visualization of samples discov-
ered by our weakly supervised SCAM module on
EmotionROI
One sample corresponds to one activation map, which corre-
sponds to the label of the sample

tuned CNN and provides sentiment-specific local re-
gions. Importantly, in the process of discovering the
sentiment-specific regions, the problem of VSA is
transferred into easier sentiment detection problems.

4. Visualization of sentiment-specific regions
To intuitively show the sentiment-specific re-

gions discovered by the SCAM module, we randomly
visualize samples with their activation maps corre-
sponding to their labels (Fig. 5), and all sentiment
category regions come from one sample (Fig. 6).
Here, feature maps are visualized as grayscale images
according to their feature values. In these grayscale
images, areas with higher feature values are brighter,
and this is helpful in sentiment classification.

As shown in Fig. 5, sentiment activation maps
of samples corresponding to labels capture the local
and significant sentiment regions, where the senti-
ment could obviously be expressed. In Fig. 6, we
can see that on the EmotionROI dataset, part of the
sentiment activation maps (such as anger, disgust,

Anger Disgust Fear

Happy Sad Surprise

Fig. 6 Visualization of sentiment-specific category
activation maps for one sample from EmotionROI
Different activation maps capture different regions evoking
the corresponding sentiment

Table 5 Classification accuracy comparison with several baseline methods on Twitter, EmotionROI, Flickr,
and Instagram

Category Method
Classification accuracy (%)

Twitter II EmotionROI Flickr Instagram

Hand-crafted
Zhao et al. (2014)’s 67.92 34.84 66.61 64.17
SentiBank (Borth et al., 2013) 66.63 35.24 69.26 66.53
DeepSentiBank (Chen T et al., 2014a) 71.25 42.35 70.16 67.13

CNN-based

ImageNet VGG16 (Simonyan and Zisserman, 2014) 67.49 37.26 69.88 63.44
ImageNet DenseNet121 (Huang et al., 2017) 73.34 41.02 73.46 68.35
Fine-tuned VGG16 (Simonyan and Zisserman, 2014) 76.99 45.46 78.14 77.41
Fine-tuned DenseNet121 (Huang et al., 2017) 78.81 52.63 81.23 80.12
Sun et al. (2016)’s 81.06 – 79.85 78.67
Yang et al. (2017a)’s – 52.40 – –

CAM-related

WILDCAT (Durand et al., 2017) 79.53 55.05 80.67 80.31
SPN (Zhu Y et al., 2017) 81.67 52.70 79.71 79.53
WSCNet (Yang et al., 2018b) 84.25 58.25 81.36 81.81
Ours 85.43 61.25 84.62 83.55

Datasets with incompatible class numbers cannot be evaluated and the classification accuracies are denoted as “–.” Best results
are in bold
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fear, and happy) are focused on the person in sam-
ples, part of the sentiment activation maps (such as
sadness) are focused on the background in samples,
and the remaining sentiment activation maps are not
focused on one point. This represents that one sam-
ple may express different sentiments and that each
CAM module of a two-class classifier captures the
corresponding sentiment activation map.

5. Visualization of feature distributions
To gain intuitive understanding of the influence

of the regularization applied to the classifier, we visu-
alize the distributions of the features learned in our
model in different epochs. We can see from Figs. 7b–
7d that samples in the same category stay as close
as possible. Furthermore, from Figs. 7c and 7d, we
can see that distances between samples in different
categories become larger. From Fig. 7, we can see
that our method learns a discriminative (between
different sentiments) and compact (within one sen-
timent) feature representation, ultimately leading to
superior classification performance.
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Fig. 7 Feature distributions of our model at every 15
epochs, representing one interval starting from the
beginning on EmotionROI: (a) 15th epoch; (b) 30th

epoch; (c) 45th epoch; (d) 60th epoch
Features are extracted from the outputs of the last hidden
layer and mapped to a two-dimensional space using t-SNE
(Hinton, 2008). References to color refer to the online version
of this figure

5 Conclusions

In this study, we have proposed a weakly super-
vised network (NLWSNet) to learn visual sentiment

representation from a mislabeled dataset. The pro-
posed NLWSNet can effectively handle label noise
through a non-extreme attention mechanism and
a special-class activation map module. Through
the attention mechanism, the proposed method sup-
presses the negative influence of the noisy samples
and ensures that the information from the correct
samples is not lost. Furthermore, it captures the
affective regions for each sentiment category, and
this local information is helpful in sentiment clas-
sification. Finally, the regularization helps the sen-
timent classifier learn feature representation by ad-
justing the distance between samples. The efficacy
of our method has been demonstrated by extensive
experiments.
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