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Abstract—In the human cognitive system, the emotional feel-
ing is a complicated process. Visual sentiment classification aims
to predict the human emotions evoked by different images. In
this article, we proposed a novel visual sentiment classification
algorithm by modeling this task as a low-rank subspace learn-
ing problem. To reduce the discrepancy between global and local
features, image features of relevant regions are selected from the
whole image by sparse encoding. The label relaxation item is
employed for alleviating the label ambiguity caused by subjec-
tive evaluation. We develop an alternative iterative method to
optimize the proposed objective function. This model can be nat-
urally extended for online learning, which improves efficiency.
We conduct extensive experiments on three publicly available
data sets. Compared with several state-of-the-art methods, we
achieve better performance.

Index Terms—Dictionary learning, low-rank regularization,
subspace learning, visual sentiment classification.

I. INTRODUCTION

RECENT advances in social media platforms have led
to massive visual contents on the Internet. People use

pictures and videos to share their emotions of daily lives.
Visual sentiment analysis aims to associate image contents
with emotions that they arouse in humans [1]–[4]. Previous
research on visual sentiment analysis can be summarized into
categorical and dimensional approaches [5]. The categorical
approaches classify emotions evoked by visual contents into
several types. The dimensional methods map sentiments into a
multidimensional space, e.g., valance–arousal. In this article,
we mainly focus on categorical approaches.

A. Motivations

Although many strategies have been designed for this task,
there still exist several challenges.
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1) Affective and Semantic Gap: As we all know, there is
an obvious gap between low-level image features and high-
level emotions it caused. In the process of human cognition,
the emotion corresponding to a certain image is very sub-
jective and abstract. The inconsistency between the image
features and the expected sentiment tags is the main challenge
in visual emotion analysis. Thus, low-rank subspace learning
is employed to model this problem, since an enormous number
of images belong to a few sentimental categories.

2) Global and Local Feature Discrepancy: When some-
one looks at an image, his emotion is not only influenced
by the whole image but also evoked by some specific regions.
Different areas have various effects on the viewer’s affective
states. The semantic information of some objects has strong
correlations with image sentiments, while some global fea-
tures are redundant and noisy for this task. Therefore, how to
extract the most effective features becomes a critical issue in
this problem. Motivated by this phenomenon, we seek a set of
sparse representations that incorporates the most relevant and
the most discriminative features [6].

3) Label Ambiguity Caused by Subjective Evaluation:
Emotional feeling is a complicated process in the human
recognition system. The same image leads to various emo-
tions of different viewers, which is caused by the cultural
background, personality, and social context [7]. Besides, the
same person may have inconsistent emotions at different time
points [8]. Therefore, the sentiment labels are vague, and out-
liers may exist in the training data set. Thus, it is important
to investigate this problem from the label space and build a
robust classifier against the outliers. To address this issue, we
further consider the label relaxation strategy when exploring
the label space information.

4) Strong Dependence on Large-Scale Labeled Data: The
current performance of deep learning algorithms is highly
dependent on the amount of training data. Small-scale data sets
may cause overfitting and performance degradation. However,
most data sets in this research topic contain less than thousands
of pictures [9]. Though some data sets include more data, col-
lection and annotation are labor-intensive and time-consuming.
Therefore, it is difficult to obtain sufficient training data to
build robust classifiers. Furthermore, it is difficult to contain
all the emotional tags in a data set because of the subjectivity
of human judgments. In practice, pictures are continuously
uploaded to social media platforms, and new samples with
new categories probably appear. It is crucial to handle this case
while maintaining the efficiency of the algorithm. To solve this
problem, we extend the proposed method to an online version.

2379-8920 c© 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:04:50 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-5130-9505
https://orcid.org/0000-0003-2648-7358
https://orcid.org/0000-0001-8532-2241
https://orcid.org/0000-0001-5165-204X


JIN et al.: VISUAL SENTIMENT CLASSIFICATION VIA LOW-RANK REGULARIZATION AND LABEL RELAXATION 1679

The scattered samples with labels are utilized to incrementally
learn a more robust model while reducing the running time
without any retraining.

B. Contributions

To deal with the current challenges in visual sentiment clas-
sification, we introduce a novel method based on joint sparse
and low-rank feature representation. The proposed model
projects the feature space into a high-level semantic space by
low-rank subspace learning and encodes the image features
with sparse dictionary learning. We employ the label relax-
ation strategy to explicitly embed label information into our
framework. Moreover, we also extend our method to an online
version. The contributions of this article are listed as follows.

1) The visual sentiment classification is modeled as a
low-rank subspace learning problem to bridge the gap
between low-level image features and high-level senti-
ments they evoked. A set of sparse features is obtained
by dictionary learning, which selects the most discrimi-
native region representations from the whole images and
reduces the discrepancy of global and local features. To
enlarge the distance between different classes and alle-
viate the label ambiguity, the label relaxation is adopted
in our framework.

2) Considering the practical settings for visual emotion
classification, we also extend the proposed model to
an online version to incorporate more data for better
performance. This attempt builds a more robust classi-
fier, while the computational complexity is much less
than the supervised setting.

3) We develop an alternative iterative method to optimize
the proposed objective function. The results of exper-
iments conducted on three image sentiment data sets
demonstrate that the classification performance of our
approach is competitive to state-of-the-art methods.

The remainder of this article is organized as follows. In
Section II, we review the related works. The proposed algo-
rithm is detailed in Section III. We describe the experiment
settings in Section IV. Finally, Section V concludes this article.

II. RELATED WORK

A. Visual Sentiment Classification

Visual information plays a significant role in the human cog-
nitive system [10]–[15]. According to [5], previous research
on visual sentiment analysis can be classified into categorical
and dimensional approaches. The categorical methods aim at
classifying emotions evoked by visual contents into sentiment
categories. The dimensional approaches map sentiments into
a multidimensional space, e.g., valance–arousal. This article
mainly discusses the categorical approaches.

Many researchers have made great efforts concerning the
classification of visual sentiments. Some previous studies have
focused on handcrafted features. Sartori et al. [16] investigated
art theory concepts and color combinations to identify the
emotions aroused by images. Zhao et al. [17], [18] exploited
multitask hypergraph learning to predict personalized emotions
by different factors.

In recent years, CNN-based methods have been promis-
ingly applied to analyze visual sentiments. Wu et al. [19] first
discovered multiple relative local regions via visual attributes
learned by multitask learning and then built the classifier upon
these regions, obtaining a significant performance improve-
ment. You et al. [20] built a large-scale data set and evaluated
the performance of CNNs on image sentiment classification.
Zhu et al. [21] fused the outputs from different layers in the
CNN model by a bidirectional recurrent neural network to
recognize the visual emotions. You et al. [22] adopted the
progressive and training domain transfer strategy to deal with
the weakly supervised nature of image emotion classifica-
tion. Rao et al. [23] designed a multilevel region-based CNN
framework to extract the features from both global and local
views. To fully use the information of multiple source domain,
Lin et al. [24] developed a domain adaptation method based on
the generative adversarial network. She et al. [5] presented a
weakly supervised coupled network that can accomplish detec-
tion and classification tasks simultaneously. In the work [9], a
multiple kernel network (MKN) learning representation from
strongly and weakly supervised CNNs is presented for visual
sentiment analysis.

B. Dictionary Learning

For decades, one of the most popular ideas in representa-
tion learning research is dictionary learning, also called sparse
representation or sparse coding [25]–[27]. The key benefit of
these algorithms is that complex signals can be represented
sparsely and concisely. Besides, these methods are powerful
for representing images, since images admit naturally sparse
representations. According to the way of dictionary training,
it can be roughly classified into two categories: 1) offline
learning and 2) online learning.

Offline dictionary learning utilizes the category labels at
hand to build a dictionary in the training stage, without any
incoming unlabeled samples. Existing literature has explored
the effectiveness of dictionary learning in research commu-
nity [28], such as image fusion [29], image denoising [30],
object recognition [31], visual tracking [32], and image clas-
sification [33], [34].

This field has gradually broadened as online dictionary
learning in large-scale settings. Mairal et al. [35] designed
an online optimization method for large-scale matrix fac-
torization problem. They introduced stochastic approxima-
tions for handling millions of training samples, which can
extend to matrix factorization and guarantee the conver-
gence. Lu et al. [36] modeled the online updating process as
minimizing several quadric functions iteratively, which takes
time linear to the size of data and robust against outliers.
Naderahmadian et al. [37] presented an adaptive update strat-
egy by only considering the atoms in sparse learning of the
new training data. Zhao et al. [38] incorporated both user–item
relationship and item content features into a unified online
social recommendation system. Adeli et al. [6] noticed that
collaboratively learning both labeled and unlabeled samples
can build better intrinsic geometry of the sample space and
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proposed a semisupervised classifier to alleviate the problem
of sample-outliers and feature-noise.

III. PROPOSED METHOD

In this section, we first present the notations and prelimi-
naries. Then, we formulate our visual sentiment classification
framework and propose an alternative iterative algorithm for
minimizing the objective function. Finally, we extend this
method to an online version to incrementally strengthen the
proposed model. The pipeline of our method is illustrated in
Fig. 1.

A. Notations and Preliminaries

To formulate our method, we first summarize the involved
notations, dimensions, and operations. Except for specific def-
initions, we present a scalar with a Greek letter, e.g., α; a
column vector with a lowercase bold letter, e.g., x; and a
matrix with an uppercase bold letter, e.g., X. For convenience,
we use xi and xi to denote the ith row and the ith column
of the matrix X, respectively. The ith row and jth compo-
nents of matrix X are denoted as Xij. The lp,q-norm of matrix
X ∈ R

D×N is defined as

‖X‖p,q =
⎡
⎢⎣

D∑
i=1

⎛
⎝

N∑
j=1

∣∣Xij
∣∣p

⎞
⎠

q/p
⎤
⎥⎦

1/q

(1)

where Xij is the (i, j)th element of matrix X. By changing the
values of p and q, there are several types of norms defined as
follows. When p = q = 1, the l1-norm is defined as

‖X‖1 =
D∑

i=1

∥∥xi
∥∥

1. (2)

When p = q = 2, the Frobenius norm is defined as

‖X‖F =
√√√√

D∑
i=1

N∑
j=1

∥∥Xij
∥∥2

. (3)

When p = 2, q = 1, the l2,1-norm is defined as

‖X‖2,1 =
D∑

i=1

∥∥xi
∥∥

2. (4)

The nuclear norm of matrix X is defined as

‖X‖∗ =
∑

i

δi(X) (5)

where
∑

i δi(X) is the sum of singular values of matrix X. The
basic notations and descriptions are listed in Table I.

B. Problem Formulation

Without loss of generality, suppose that we have a col-
lection of n samples in c classes. Each sample can be
represented by a vector of dfea dimension. A feature matrix
X = [x1, x2, . . . , xn] ∈ R

dfea×n and a label matrix L ∈ R
c×n

with sentiment labels are obtained after feature extraction. The
main goal of our work is to learn a sparse matrix A that reveals
the connection between the learned image features and the
emotions they evokes.

TABLE I
NOTATIONS USED IN THIS ARTICLE AND THEIR DESCRIPTIONS

1) Low-Rank Representation: In some other image classi-
fication tasks, samples belonging to the same class are usually
correlated and reside in the same low-dimensional subspace.
The representation for samples from one class should be rea-
sonable of low rank [39]. Since a large number of pictures
correspond to a small number of emotional tags, visual sen-
timent classification can be naturally modeled as a low-rank
subspace learning problem [40]–[44].

The low-rank representation can be expressed as follows:

min
Z

rank(Z), s.t. X = �Z (6)

where rank(·) is the rank of a matrix, X is the input matrix,
� is used to represent the inputs, and Z is the reconstruction
matrix. In practical application, noise is inevitable. The above
model can be rewritten as

min
Z,E

rank(Z)+ ‖E‖l, s.t. X = �Z+ E (7)

where ‖ · ‖l is the regularization item of noise and E is
the error matrix. Following a common practice in rank
minimization, we substitute the rank function with the nuclear
norm, resulting in this optimization problem:

min
Z,E
‖Z‖∗ + ‖E‖l, s.t. X = �Z+ E. (8)

By choosing the data matrix X itself to replace � [44], we have

min
Z,E
‖Z‖∗ + ‖E‖l, s.t. X = XZ+ E. (9)

Based on the above analysis, in this article, we utilize the
low-rank subspace learning to bridge the semantic gap between
low-level image features and high-level sentiment categories.
Each feature vector corresponding to each image is modeled
as a sample, while each sentiment category is modeled as
a subspace. Assuming P, Z, and E are the project matrix,
the subspace reconstruction matrix, and the error matrix,
respectively, this problem can be formulated as follows:

min
Z,E,P

‖E‖2,1 + ‖Z‖∗
s.t. PX = PXZ+ E (10)
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Fig. 1. Pipeline of the proposed method.

where the l2,1-norm is employed to model the sample-specific
corruptions and outliers in the error matrix E. Compared
with the common low-rank subspace learning formulation,
the transformation matrix P is introduced for bridging the
semantic gap.

Low-rank representation mainly captures the global struc-
ture of the data by imposing a low-rank constraint on the data
representation matrix [44]. To construct a robust model, we
also need the local structure of the data. Thus, we analyze
this aspect by sparse dictionary learning in the following.

2) Sparse Dictionary Learning: To build a model that
can capture global and local information simultaneously, a
common way is to apply low-rank and sparse constraints
on the representation features [41], [45]. As mentioned in
Section I-A, visual sentiment classification still suffers from
global and local feature discrepancy, outliers caused by label
ambiguity, and strong dependence on large-scale labeled data.
Inspired by recent work [6], we alleviate these problems by
encoding image features with sparse dictionary learning

min
D,A,P

‖PX− DA‖F + ‖A‖1 (11)

where D is the dictionary matrix and A is the sparse repre-
sentation matrix. The advantages of such formulation are as
follows.

1) As mentioned in recent work [6], the l1-norm can
effectively select the most discriminative regions associ-
ated with the specific task from the whole image. This
is important for the visual sentiment analysis, where
the features from different regions of the image are
extracted, but not all the regions are associated with
emotions [23].

2) The l1-norm is also robust to outliers, which alleviates
the performance degradation caused by sentiment label
ambiguity.

3) In addition, this format can easily extend to an online
dictionary learning version. It can make full use of the
available data while reducing the computational com-
plexity. Assuming n is the number of offline training
samples, ñ is the number of online incoming sam-
ples, the online learning reduces the complexity from
O((n + ñ)3) to O(n3 + ñ). The detailed analysis of
complexity is illustrated in Section IV-A.

Since sentiment classification is a subjective issue, it is hard to
cover all the categories. In practical applications, there are few
emotional categories in the existing data set. New categories
and new samples that are not in the training set often appear.
In this case, how to avoid the waste of computing resources
caused by repeated training is critical.

3) Label Relaxation: Although label ambiguity in training
data is a widely acknowledged challenge in visual sentiment
classification, there is litter work to solve this problem from
label space. To deal with the label ambiguity, we introduced
a label relaxation item into the objective function.

The traditional binary label matrix lacks discriminative
information between classes [46]. Both dictionaries and sparse
representations are too rigid when input data is mapped into
strict binary labels. For instance, there are three samples x1, x2,
and x3 belong to classes c2, c1, and c3, respectively. Then, the
label matrix is calculated as

L =
⎡
⎣

0 1 0
1 0 0
0 0 1

⎤
⎦ (12)

where columns represent samples and rows stand for labels.
The distance between two samples from different classes is√

2 in the label space. In this setting, the distances are equal
for all the samples, while the characteristics for different data
are ignored. Suppose we add a nonnegative label relaxation

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:04:50 UTC from IEEE Xplore.  Restrictions apply. 



1682 IEEE TRANSACTIONS ON COGNITIVE AND DEVELOPMENTAL SYSTEMS, VOL. 14, NO. 4, DECEMBER 2022

matrix M to L, obtaining a relaxed label matrix L̂

L̂ =
⎡
⎣
−M11 1+M12 −M13

1+M21 −M22 −M23

−M31 −M32 1+M33

⎤
⎦

Mij ≥ 0, i ∈ {1, 2, 3}, j ∈ {1, 2, 3} (13)

where Mij denotes the (i, j)th component in the matrix M. The
distance between sample x1 and x2 is enlarged to
√(

M11 + 1+M21

)2 +
(

1+M12 +M22

)2 +
(

M23 −M13

)2

≥ √2 (14)

in the new label space.
Based on the above analysis, we use the nonnegative

label relaxation matrix M ∈ R
c×n to relax the strict binary

label matrix into a relaxed label matrix. The mathematical
formulation is expressed as

min
M,P
‖L+H�M− PX‖2F

s.t. M ≥ 0 (15)

where � represents the Hadamard product operation, M is the
label relaxation matrix, elements in the luxury matrix H are
defined as Hij = +1 if Lij = 1, −1 otherwise. This attempt
can expand the distance between different classes as much as
possible in the label space. Moreover, such settings encourage
the dictionary D and the sparse representation A to become
more flexible and more discriminative [47].

4) Final Objective Function: Based on the above descrip-
tions, our objective function has three parts: 1) low-rank sub-
space learning; 2) dictionary learning; and 3) label relaxation

min
D,A,M,P,E,Z

‖PX− DA‖2F + ‖A‖1
+ α‖L+H�M− PX‖2F + β‖E‖2,1 + γ ‖Z‖∗

s.t. PX = PXZ+ E, M ≥ 0. (16)

It is also worth noting that all the elements in M should be
nonnegative. Without this restriction, there is no guarantee that
the distance of samples from different categories in the relaxed
label space becomes larger than that in the original label space.
Furthermore, negative elements in M may cause some trivial
solutions of the final objective function. For example, when
M = −L, we obtain P = D = A = Z = X = 0, which derives
a zero loss and becomes an optimal solution. Additionally, we
assume that the dimensionality of the common subspace dcom
is the same as the number of categories c in this article.

C. Optimization Algorithm

The proposed objective function is multivariate. It is difficult
to solve them at one step. Therefore, we design an alternative
iterative algorithm to minimize this function, which divides a
complex problem into a couple of separable subproblems. In
each step, we optimize the objective function with respect to
one unknown variable, while fixing the other variables. This
procedure repeats until meeting the convergence condition or
reaching the maximum number of iterations.

As a common approach for low-rank optimization, we
rewrite (16) into (17) by introducing a relaxed variable Z1
to substitute Z

min
D,A,M,P,E,Z,Z1

‖PX− DA‖2F + ‖A‖1
+α‖L+H�M− PX‖2F + β‖E‖2,1 + γ ‖Z1‖∗

s.t. PX = PXZ+ E, Z = Z1, M ≥ 0. (17)

We use the inexact augmented Lagrangian method [48] to
optimize this problem. The augmented Lagrangian function
of (17) can be written as L
L(D, A, M, P, E, Z, Z1, Y1, Y2, μ)

= ‖PX− DA‖2F + ‖A‖1
+α‖L+H�M− PX‖2F + β‖E‖2,1 + γ ‖Z1‖∗
+〈Y1, PX− PXZ− E〉 + 〈Y2, Z− Z1〉
+μ

2
‖PX− PXZ− E‖2F +

μ

2
‖Z− Z1‖2F

= ‖PX− DA‖2F + ‖A‖1
+α‖L+H�M− PX‖2F + β‖E‖2,1 + γ ‖Z1‖∗
+μ

2

∥∥∥∥PX− PXZ− E+ Y1

μ

∥∥∥∥
2

F
+ μ

2

∥∥∥∥Z− Z1 + Y2

μ

∥∥∥∥
2

F
(18)

where 〈·, ·〉 denotes the inner product, Y1 and Y2 are
Lagrangian multipliers, and μ is a positive penalty parameter.

For better explanation, we use t to indicate the tth iteration
step. Dt, At, Mt, Pt, Et, Zt, and Z1,t are defined as the variables
updated in the tth iteration. Hence, each variable in the (t+1)th
iteration can be calculated as follows. All the subproblems
have closed-form solutions.

1) For D: Without regard to other unrelated variables, the
dictionary D can be updated by

Dt+1 = arg min
D

L

= arg min
D
‖PX− DA‖2F. (19)

To solve this subproblem, we compute the derivative of (18)
with respect to D and obtain

∂L
∂D
= −2PXAT + 2DAAT . (20)

By setting this partial derivative of (18) to be zero, Dt+1 can
be updated as

Dt+1 =
(
PXAT)(

AAT)−1
. (21)

2) For A: When other variables are fixed, solving At+1 is
equivalent to the following problem:

At+1 = arg min
A

L

= arg min
A
‖PX− DA‖2F + ‖A‖1. (22)

This is an l1-norm minimization problem and can be solved
by the Feature-Sign-Search Strategy [49]. By gradient descent,
the Feature-Sign-Search Strategy aims to linearly search for
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Algorithm 1 Feature-Sign-Search Strategy
Input:

P, X, D, The iteration number Titer1;
Output:

the learned A;
1: for iiter1 ≤ Titer1 do
2: Line search for the optimal A using gradient descent as

∂�
/
∂A;

3: if the sign of any element of A changes then
4: Set the corresponding element to zero;
5: else
6: Go back to line search Step 2;
7: end if
8: Update the iteration variable using iiter1 = iiter1 + 1;
9: end for

10: return A.

the optimal A along the direction of ∂�/∂A, where � is
defined as

� = ‖PX− DA‖2F. (23)

This process is repeated until any element of A does not
change. Algorithm 1 describes the framework for optimiz-
ing A.

3) For M: With other variables fixed, M is updated by
solving the following problem:

M = arg min
M

L

= arg min
M
‖L+H�M− PX‖2F

s.t. M ≥ 0. (24)

Since the squared Frobenius norm of a matrix can be
decomposed element by element, the above optimization
problem (24) for M ∈ R

c×n can be splitted into solv-
ing c × n subproblems [46]. Let 	 = L − PX, Mij

denotes the (i, j)th entry of M, we have the following
formulation:

min
Mij

(
	ij −HijMij

)2
, s.t. Mij ≥ 0 (25)

where 	ij and Hij are the (i, j)th elements of 	 and H,
respectively.

As we defined in (15), the square of the component Hij

is always equal to one, no matter whether the corresponding
label is positive or negative. Therefore, we have

(
	ij −HijMij

)2 = (
Hij	ij −Mij

)2
. (26)

Considering the nonnegative constraint about Mij, The optimal
solution of Mij is

Mij = max
(
	ijHij, 0

)
. (27)

Thus, the optimal solution of M can be written as

M = max(	�H, 0). (28)

4) For P: By ignoring the terms independent of P in (18),
the optimization of P is equivalent to minimizing

Pt+1 = arg min
P

L

= arg min
P
‖PX− DA‖2F + α‖L+H�M− PX‖2F

+ μ

2

∥∥∥∥PX− PXZ− E+ Y1

μ

∥∥∥∥
2

F
. (29)

The partial derivative of (18) with respect to P is calculated as

∂L
∂P
= (2+ 2α)PXXT − 2DAXT − 2αG1XT

+ μPG2GT
2 − μG3GT

2 . (30)

By setting this to zero, we can obtain the optimal P by

Pt+1 =
(
2DAXT + 2αG1XT + μG3GT

2

)

· ((2+ 2α)XXT + μG2GT
2

)−1
(31)

where G1 = L+H�M, G2 = X− XZ, G3 = E− Y1/μ.
5) For E: Then, the variable E can be updated by

Et+1 = arg min
E

L

= arg min
E

β‖E‖2,1 + μ

2

∥∥∥∥PX− PXZ− E+ Y1

μ

∥∥∥∥
2

F
. (32)

This is a typical l2,1-norm optimization problem. We can
derive E by shrink operation [50]

Et+1 = shrink

(
PX− PXZ+ Y1

μ
,
β

μ

)
(33)

where shrink(ε, λ) = signmax(|ε| − λ, 0).
6) For Z: After dropping other irrelevant variables, solv-

ing Z can be transformed to minimize the following object
function:

Zt+1 = arg min
Z

L

= arg min
Z

μ

2

∥∥∥∥PX− PXZ− E+ Y1

μ

∥∥∥∥
2

F

+ μ

2

∥∥∥∥Z− Z1 + Y2

μ

∥∥∥∥
2

F
. (34)

The derivative of (18) with respect to Z is computed as

∂L
∂Z
= XTPTPXZ+ XTPTG4 + Z+G5. (35)

By setting this partial derivative to zero, we can obtain

Zt+1 = −
(
XTPTPX+ I

)−1 · (G5 + XTPTG4
)

(36)

where G4 = E− PX− Y1/μ, G5 = Y2/μ− Z1.
7) For Z1: The optimal Z1 can be derived by minimizing

the following function:
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Algorithm 2 Proposed Optimization Method
Input:

the input data X, the label L;
Output:

the learned dictionary D, the sparse representation A;
Initialize: ρ = 1.1, μ0 = 10−6, μmax = 106.

1: while not converged do
2: Fix others and update Dt+1 by Eqn.(21);
3: Fix others and update At+1 by Eqn.(22);
4: Fix others and update Mt+1 by Eqn.(28);
5: Fix others and update Pt+1 by Eqn.(31);
6: Fix others and update Et+1 by Eqn.(33);
7: Fix others and update Zt+1 by Eqn.(36)
8: Fix others and update Z1,t+1 by Eqn.(38);
9: Fix others and update the multipliers Y1,t+1, Y2,t+1 and

penalty parameter μ by Eqn.(39);
10: Check the convergence conditions;
11: Update the iteration variable using t = t + 1;
12: end while
13: return the learned dictionary D,

the sparse representation A.

Z1,t+1 = arg min
Z

L

= arg min
Z

γ

μ
‖Z1‖∗ + +1

2

∥∥∥∥Z1 −
(

Z+ Y2

μ

)∥∥∥∥
2

F
. (37)

It is also a standard form of the singular value thresholding
(SVT) algorithm [51] with a closed-form solution. Under the
framework in [51], we first define τ = γ /μ,� = Z+Y2,t/μt

and perform the singular value decomposition (SVD) as � =
U�VT , � = diag({σi}ri=1). The matrices U and V are left-
singular and right-singular matrices, respectively, and r is the
rank of �. Accordingly, the optimal Z1,t+1 can be updated as

Z1,t+1 = Dτ (�) (38)

where the singular value shrinkage operator is utilized by
Dτ (�) = UDτ (�)VT , Dτ (�) = diag({σi − τ }+) and the
subscript “+” denotes the positive part of {σi − τ }.

8) For Y1, Y2, μ: Finally, the Lagrange multipliers Y1, Y2
and penalty parameter μ are updated by

Y1,t+1 = Y1,t + μt(Pt+1X− Pt+1XZt+1 − Et+1)

Y2,t+1 = Y2,t + μt
(
Zt+1 − Z1,t+1

)
μt+1 = min(ρμt, μmax) (39)

where μmax is the upper bound of μ, and ρ is a positive
constant.

Algorithm 2 gives the main steps of the above optimization
procedures.

D. Incremental Learning

In the previous sections, we designed a novel objective func-
tion for image emotion classification with a fixed quantity
of samples. However, the pictures in the database increase
dynamically in practical applications. The changes in data
amount (training samples) cause repeated dictionary learn-
ing, which should be avoided in the case of massive data.

Algorithm 3 Incremental Dictionary Learning
Input:

A new batch of samples X̂t̄ = [̂x1, . . . , x̂i, . . . , x̂ñ] ∈
R

dcom×ñ; Initial dictionary D0;
Output:

The updated dictionary Dt̄.
1: for t̄ ≤ Titer3 do
2: Sparse coding with Eqn.(40);
3: Update �t̄ by:

�t̄ ← �t̄−1 + ηt̄η
T
t̄ ;

4: Update �t̄ by:
�t̄ ← �t̄−1 + x̂t̄η

T
t̄ ;

5: for j = 1 to ddict do
6: Update the j-th column to optimize Dt̄ by Eqn.(45)

and Eqn.(46):
7: end for
8: Update Dt̄ by each column dj;
9: end for

10: return Dt̄.

Therefore, we present an incremental learning approach in the
online setting in this section. In this article, we only discuss
the setting of supervised incremental learning, since it can be
employed in most scenarios [52]. We assume that the training
set is independent and identically distributed (i.i.d.) and every
incoming sample is labeled. For the unlabeled new samples,
we directly use the previous dictionary to predict the labels.

In this section, we denote the time step as t̄, to distinguish it
from the number of iterations t in previous sections. Inspired
by [53], we extend our method to an online version. With the
help of least-angle regression (LARS), the sparse representa-
tion ηt̄ of sample xt̄ at time t̄ is first calculated by dictionary
Dt̄−1 at time t̄ − 1

ηt̄ = arg min
η

1

2

∥∥xt̄ − Dt̄−1η
∥∥2

2 + ‖η‖1. (40)

The new dictionary is then computed by the sample xt̄ and
the sparse vector ηt̄ at time t̄. Assuming X̂ = PX =
[̂x1, . . . , x̂i, . . . , x̂ñ], we define a quadratic function ft̄(D) as

ft̄(D) = 1

t̄

t̄∑
i=1

‖̂xi − Dηi‖22 + ‖ηi‖1. (41)

The new dictionary can be updated by

Dt̄ = arg min
D

ft̄(D). (42)

Block-coordinate descent with warm restarts is taken for
updating each column of Dt̄ at time t̄ consecutively. The jth
column of D is defined as dj. For clearness, we introduce two
matrices �t̄ and �t̄, which carry all the information of the
past coefficients

�t̄ = [ω1, . . . , ωk] =
t̄∑

i=1

ηiη
T
i (43)

�t̄ = [ξ1, . . . , ξk] =
t̄∑

i=1

x̂iη
T
i . (44)
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By setting the partial derivative of (41) with respect to dj to
be zero, we obtain the following update rule:

ϕj ← 1

�jj

(
ξj − Dωj

)+ dj (45)

dj ← ϕj

max
(∥∥ϕj

∥∥
2, 1

) . (46)

The details are listed in Algorithm 3. After learning the
updated dictionary Dt̄, we use it to learn the sparse coefficients
for final classification. Since our model employs sparse rep-
resentation A as feature sets, we omit the update process
of other irrelevant variables in the proposed objective func-
tion in this section. The main purpose of this article is to
design a novel objective function for image sentiment clas-
sification and an optimization algorithm for solving it. The
comprehensive performance comparison of different types
of online learning schemes is beyond the scope of this
article.

IV. DISCUSSION

A. Complexity Analysis

Our algorithm consists of the offline part and the online
part. In the offline part, the computational complexity is
mainly caused by the matrix inversions and multiplication
operations for updating D, A, P, E, and Z, and SVD oper-
ation for updating Z1. For convenience, we denote dcom, dfea,
and ddict as d1, d2, and d3 in this section. The numbers of
iterations in Algorithms 1–3 are defined as Titer1, Titer2, and
Titer3, respectively. In step 1, the computational complexity is
O(d1d2d3n+d2

3n+d3
3). In step 2, the computational complex-

ity of the Feature-Sign-Search Strategy is O(Titer1(d1d2d3n+
d1d2

3n + d3n)). In step 4, optimizing P would cost about
O(d1d2d3n+cnd2+nd1d2+nd2

2+nd2
2+d3

2+d1d2
2). In step 5,

the complexity is O(n2) when updating E. In step 6, updating
Z takes O(d1d2

2n2 + n3 + d1d2n2) complexity. In step 7, the
complexity for performing SVD is O(n3). As for the online
part, the complexity is O(d1d2

3) for each sample. Assuming the
number of new training samples ñ is larger than the number
of offline training samples n, we have ñ > n 
 {d1, d2, d3}.
Since the number of samples is often larger than the fea-
ture dimensions, the speed bottleneck lies in the former. The
total complexity is simplified to O(Titer2 · n3 + Titer3 · ñ).
However, if we directly train the whole data set, the com-
plexity is O(Titer2 · (n+ ñ)3). Thus, this attempt can save the
computational time.

Most recent approaches for image sentiment classification
are implemented on GPU platforms, while our method is run
on CPU machines. It is difficult to compare the actual running
time of our method with other baselines. However, we com-
pared the running time difference between the online version
and the offline version of the proposed method. When a new
labeled image comes, it will take several hours to retrain a
new dictionary. The online version only needs less than 5 min
to update the dictionary. Detailed results for online learning is
illustrated in Section V-G.

TABLE II
DATA SETS WE USED IN THIS ARTICLE

B. Convergence

It is difficult to prove the convergence of the whole objec-
tive function. However, in each step of the optimization, the
subproblem is convex for each variable when the others are
fixed. All the subproblems have closed-form solutions. Since
the optimization of D, A, P, and Z are typical optimization
problems, we mainly focus on the convergence of M, E,
and Z1. Based on the fact that the squared Frobenius norm
of a matrix can be decoupled element by element, (24) can
be converted to several subproblems of vector multiplica-
tion [46]. Thus, the step of optimizing M is convex. For E, the
iterative shrinkage-thresholding algorithm (ISTA) is used to
learn the optimal solution and the convergence has been proven
in [50]. For Z1, the convergence of this step has been proven
in [51] and [54]. Additionally, we also provide the experimen-
tal study for convergence analysis in Section V-B. The results
also show the convergence characteristic of the proposed
method.

V. EXPERIMENTS

In this section, we carry out extensive experiments to test
and verify the effectiveness of the proposed method. First, we
elaborate on the experimental setup, including data sets and
implementation details. Then, we analyze the method from
different aspects, e.g., convergence, parameter sensitivity, com-
ponents, feature dimensions, etc. Finally, we compared our
methods with several state-of-the-art methods and discuss the
effects of online learning.

A. Experimental Setup

1) Data Sets: We evaluate our method on three publicly
available data sets. The Flickr&Instagram (FI) data set [22]
contains 23 308 images, which are labeled by hundreds of par-
ticipants. Each person classifies pictures according to eight
emotion categories, e.g., anger, amusement, awe, content-
ment, disgust, excitement, fear, and sadness. The labels are
finally assigned if at least three individuals reach a consen-
sus. Besides this large-scale data set collected from websites,
we also conduct experiments on two small-scale data sets.
The ArtPhoto (Artistic Photograph) data set [55] includes 806
images from a photo sharing site, whose emotion labels rely on
the artists that uploaded the photograph. Abstract (Paintings)
data set [55] consists of 228 abstract paintings. Pictures in this
data set only contain color and texture, without any recogniz-
able objects. The images are peer rated in a Web survey. For
each image, the category with the most votes is selected as the
ground truth. The datasets we used in this paper are summa-
rized in Table I. Some examples are illustrated in Fig. 2.

2) Implementation Details: Due to the powerful repre-
sentation capability of deep learning in recent years, the
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Fig. 2. Some image examples in the data sets used in this article. Since there are only three images in the “anger” category in the Abstract data set, these
are not enough for cross-validation. Thus, we neglect this sentiment class in this data set.

performance of many visual tasks has gained improvements.
In this article, we extract two types of features as inputs. The
well-known “VGGNet-19” [56] and “AlexNet” [57] models
are employed to characterize images. The feature extraction
is implemented by MATLAB R2019a with the pretrained ver-
sion of these networks, which are trained on the ImageNet
database [58]. The object features are expressed by the outputs
of the last fully connected layer {fc7} in VGGNet19, while
the scene features are represented by the last fully connected
layer {fc8} in AlexNet. Each type of features contains a vec-
tor of 4096 dimensions. After concatenating them, we obtain
a feature vector of 8192 dimensions to describe an image. We
further reduce them to 300 dimensions using principal com-
ponent analysis (PCA). The Feature-Sign-Search Strategy in
the optimization process is implemented with the codes pro-
vided by [59].1 The variable A outputted from the proposed
method is used as a transformed feature matrix. The widely
used libSVM [60] is adopted for classification. As other pub-
lished work about sentiment analysis, the accuracy is taken
as a metric for performance comparison. Since there are only
three images in the “anger” category in the Abstract data set,
these are not enough for cross-validation. Thus, we neglect
this sentiment class in this data set. We randomly split each
data set 20 times and report the average performance as the
final results. In each trial, we randomly choose 80% for train-
ing, the remaining for tests. Our experiments were performed
on the machine which includes 16-GB of RAM and an Intel
Core i7-7770 CPU.

B. Convergence Analysis

In this section, we conduct experiments to evaluate the con-
vergence of the proposed objective function. The convergence
condition is defined as the difference of the objective function

1http://www.ifp.illinois.edu/ jyang29/codes/CVPR09-ScSPM.rar

Fig. 3. Convergence curve of the proposed method. The horizontal axis
denotes the index of iterations. The vertical axis represents the absolute value
of the difference between Objt and Objt−1 at the tth iteration.

from two consecutive iterations

Distt = |Objt − Objt−1|

where |·| denotes the absolute value, and Objt and Objt−1 rep-
resent the value of objective function at the tth and (t − 1)th
iterations, respectively. Fig. 3 presents a typical convergence
curve of our method. The horizontal axis denotes the index
of iterations. The vertical axis represents the absolute value
of the difference between Objt and Objt−1 at the tth iteration.
From Fig. 3, we can see that our algorithm can reach conver-
gence with a limited number of iterations. Based on previous
studies, the stopping criteria are critical to achieve the con-
vergence of the objective function. In this article, we used
the relative change between two consecutive iterations falling
below a threshold of 1.0e-6 and a maximum of 40 iterations
as the stopping criteria for our model.
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Fig. 4. Impact of the parameter α for the proposed method. The classification
accuracy is shown with different values of parameter α. We define a candidate
set {1.0E+ 01, 1.0E+ 02, 1.0E+ 03, 1.0E+ 04, 1.0E+ 05} for parameter α.

C. Parameter Sensitivity Analysis

In this part, we conduct experiments to investigate the
effects of different parameters. As shown in (16), there are
three parameters in our objective function. It is of great
importance to select appropriate parameters. Theoretically, the
changes of parameters are equivalent to relax the relationship
of input deep features and corresponding sentiment classes. It
is still an open problem to pick out the optimal parameters for
different data sets. Based on preliminary experimental results,
we find the selection of parameter α is sensitive to the num-
ber of pictures in each data set. Fig. 4 shows the classification
performance of different values of α. We define a candidate
set {1.0E+01, 1.0E+02, 1.0E+03, 1.0E+04, 1.0E+05} for
parameter α. As we can see in this figure, when the number of
samples in the data set becomes larger, increasing the param-
eter α appropriately can obtain better detection results. For
the FI data set, we set balance parameter α = 1.0E+ 05. For
the ArtPhoto data set, the parameter is set as α = 1.0E+ 01.
For the Abstract data set, the balance parameter is defined as
α = 1.0E+ 02. Since the number of samples in different data
sets varies a lot, the impact of α on FI and other two data sets
may be inconsistent. In addition, we empirically specified the
other parameters to be β = 1.0E+ 02, and γ = 1.0e− 03 by
default.

D. Component Analysis

In this section, we conduct experiments to verify the neces-
sities of different components in our objective function. We
compare the performance by removing some components. The
other parameters are retained at their predetermined values,
when one of them is set to zero.

1) noM: To test the influence of label relaxation item, we
remove the label relaxation matrix M and the luxury
matrix H by setting M = 0.

2) noSP: We evaluate the usefulness of subspace learning
by setting β = 0.

3) noLR: We consider the effect of low-rank regularization
by setting γ = 0.

From Table III, we can draw the following conclusions.
1) The most influential component is label relaxation,

which explicitly embeds label information into our

TABLE III
CLASSIFICATION ACCURACY COMPARISON OF INVOLVED COMPONENTS

IN THE PROPOSED ALGORITHM

Fig. 5. Impact of feature dimensions for the proposed method. The
classification accuracy is shown with different feature dimensions.

Fig. 6. Classification accuracy on three sentiment classification data sets,
including FI, Abstract, and ArtPhoto data sets.

framework. Thus, the distances between different classes
can be enlarged. This observation verifies the effective-
ness of the label information.

2) The classification results of “noSP” and “noLR” are
worse than that of the complete algorithm, which shows
the necessity of modeling this problem by subspace
learning and low-rank regularization.

E. Feature Dimension

As a critical issue of inputs, the feature dimension has an
impact on the final classification results. In this section, we
analyze the influence of different feature dimensions on dif-
ferent data sets. The classification performance of our method
with different feature dimensions is shown in Fig. 5. From this
figure, we find that too large or too small feature dimensions
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(a) (b) (c)

Fig. 7. Impact of online learning for the proposed method. (a) Impact of offline training size. (b) Impact of online training sizes. (c) Running time of offline
training sizes.

results in performance degradation. In the following experi-
ments, we report the results of the input features with 300
dimensions.

F. Classification Performance

We evaluate the proposed method against seven baselines,
including methods using traditional features and CNN-based
methods. Borth et al. [61] extracted 1200-D features from the
ANP detector of SentiBank. Chen et al. [62] employed 2089-D
features by the pretrained DeepSentiBank. Yao et al. [63]
noticed that deep features may be insufficient to interpret the
emotions and derived a novel adaptive deep metric learning
(ADML) method for emotion classification. Besides, we also
add two recent methods to compare the performance of the
FI data set. Zhang et al. [64] presented an object semantics
sentiment correlation model (OSSCM) based on a Bayesian
network for image sentiment classification. She et al. [9]
proposed an MKN to learn the kernel coefficients of sentiment
features from the weakly and strongly supervised models. To
investigate the effectiveness of the matrix transformation in the
proposed method, we also provide the performance compari-
son with VGGNet-19 [56] and AlexNet [57]. The deep features
output from the last fully connected layer of each backbone
are fed into the SVM and softmax layer, respectively. For a
fair comparison, we directly compare with the performances
reported by other methods instead of reimplementing them.

Fig. 6 shows the classification accuracy of our method and
other state-of-the-art algorithms. From this figure, we have the
following observations.

1) The CNN-based deep features can obtain better
performance compared with handcrafted features. This
proves the powerful representation ability of deep learn-
ing on this visual task.

2) No matter whether we use SVM as a classifier or
directly use the softmax layer, the features extracted
by VGGNet are more effective than those learned by
AlexNet. Moreover, the softmax layer achieves better
results than the SVM classifier.

3) The proposed algorithm performs the best among the
mentioned methods. Although the data sets vary on
sample scales and image contents, our method still
outperforms other approaches used for comparison.

G. Online Learning Analysis

In this section, we demonstrate the advantages of online
learning on a large-scale data set. The FI data set is divided
into three parts: 1) 6800 offline training images; 2) 13 700
online training images; and 3) 2808 test images. To make a fair
comparison, we consider three different cases. First, to testify
the influence of the offline data, we conduct experiments by
gradually increasing the offline training samples from 1 to
6800, when the online learning setting remains unchanged.
Second, to analyze the impact of the online part, we test our
method by increasing the online training samples from 1 to
13 700, when the offline training data keeps invariable. Third,
we calculate the time consumption of different sizes of the
offline training data.

Fig. 7 shows the classification results over 2808 test images.
From this figure, we can draw the following conclusions.

1) The size of the offline training data affects the final
results of the proposed algorithm. However, with the
increasing online training images, our method can still
obtain competitive performance.

2) The more online training data we involved, the higher
classification accuracy it obtains. This observation is
consistent with recent work [6]. A large number of train-
ing data is helpful to build the intrinsic geometry of the
sample space.

Fig. 7 also illustrates the running time corresponding to
different sizes of the offline training data. As the number of
training samples grows, the amount of running time increases
monotonously. If we receive a new labeled image, it may take
several hours to retrain a new dictionary. Nevertheless, online
learning spends less computing time than traditional methods.
The proposed method only needs less than 5 min to update
the dictionary, when a new labeled picture is involved. Thus,
online learning improves the efficiency of the algorithm.

VI. CONCLUSION

In this article, we focus on image sentiment classification.
In order to solve the previous challenges in this field, we
proposed a method based on joint sparse and low-rank fea-
ture learning. The deep features extracted by pretrained model
are encoded by sparse dictionary learning to select relevant
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region features from the whole image. The low-rank subspace
learning is adopted to project these features into high-level
semantic space. To alleviate the problem caused by label ambi-
guity, label relaxation is involved in our objective function. We
also extend our algorithm to an online learning version, which
improves the efficiency for classification. Compared with other
state-of-the-art methods, the proposed method achieved better
performance on three public data sets. In the future, we will
try to train the deep learning model jointly with the proposed
method for potential performance improvements.
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