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ABSTRACT
Images can convey rich emotions to viewers. Recent research on
image emotion analysis mainly focused on affective image clas-
sification, trying to find features that can classify emotions bet-
ter. We concentrate on affective image retrieval and investigate the
performance of different features on different kinds of images in
a multi-graph learning framework. Firstly, we extract commonly
used features of different levels for each image. Generic features
and features derived from elements-of-art are extracted as low-level
features. Attributes and interpretable principles-of-art based fea-
tures are viewed as mid-level features, while semantic concepts de-
scribed by adjective noun pairs and facial expressions are extracted
as high-level features. Secondly, we construct single graph for each
kind of feature to test the retrieval performance. Finally, we com-
bine the multiple graphs together in a regularization framework to
learn the optimized weights of each graph to efficiently explore the
complementation of different features. Extensive experiments are
conducted on five datasets and the results demonstrate the effec-
tiveness of the proposed method.

Categories and Subject Descriptors
H.3.3 [Information storage and retrieval]: Information Search
and Retrieval; I.4.7 [Image processing and computer vision]: Fea-
ture Measurement

General Terms
Algorithms, Experimentation, Performance

Keywords
Affective Image Retrieval; Image Emotion; Multi-Graph Learning

1. INTRODUCTION
With the rapid development of social networks, such as Twit-

ter and Weibo, people tend to express and share their opinions and
emotions online using text and images. Understanding the emo-
tions implied in the increasing repository of data is of vital impor-
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Figure 1: The emotions of different kinds of images are domi-
nated by different features: (a) Aesthetic features (low satura-
tion, cool color, low contrast of hue); (b) Attributes (snow, ski-
ing); (c) Semantic concepts described by adjective noun pairs
(broken car); (d) Facial expressions (happiness).

tance to behavior sciences [12] and enables wide applications, such
as human decision making and brand monitoring [1].

While sentiment analysis in text is relative mature [12], emotion
analysis in images is still in its infancy, due to the subjective evalua-
tion and the “affective gap” [4]. Recent research mainly focused on
affective image classification, trying to find features that can clas-
sify emotions better. Lu et al. [8] investigated the computability of
emotion through shape features. Inspired from psychology and art
theory, Machajdik et al. [10] extracted features of different levels,
including color and texture as low-level features, composition as
mid-level features, and human faces and skin as high-level features.
Zhao et al. [21] proposed to extract principles-of-art based emotion
features, which are more interpretable by humans and have stronger
link to emotions than the elements-of-art based ones. Mid-level
scene attributes are used for binary sentiment classification [19]. A
large scale visual sentiment ontology and detectors are proposed
to detect 1,200 high-level adjective noun pairs [1]. Besides, social
correlation features are extracted for social network images [6].

Meanwhile, low-level visual features, such as SIFT, are widely
used for content based image retrieval. However, they cannot per-
form well for image retrieval on the affective level [16].

In this paper, we concentrate on affective image retrieval and
investigate the performance of different features on different kinds
of images, as emotions can be conveyed by various features, as
shown in Figure 1. For example, principles-of-art features, such
as balance and contrast, mainly contribute to emotions of artistic
and abstract images [21]. Facial expressions may determine the
emotion of the images containing faces, while semantic concepts
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Table 1: Summary of the extracted features of different levels. ‘#’ indicates the dimension of each feature.
Levels Generality Short Description #
Low Generic GIST, HOG2x2, self-similarity and geometric context color histogram features [17] [13] 512+6300+6300+3920

Special Color: Mean saturation, brightness and hue, PAD, colorfulness and color names [10] 1+1+4+3+1+11
Texture: Tamura, Wavelet and GLCM [10] 3+12+12

Mid Generic Attributes [13] [19] 102
Special Principles-of-art: balance, emphasis, harmony, variety, gradation, movement [21] 60+18+2+60+9+16

High Generic Semantic concepts based on adjective noun pairs [1] 1200
Special Facial expressions [18] 8
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Figure 2: The framework of proposed affective image retrieval.

described by adjective noun pairs, such as beautiful flower, play
an important role in expressing emotions of many natural images.
Features of three different levels and two different generalities are
extracted for each image based on related research on multimedia
and computer vision. We then combine these features in a multi-
graph learning framework [15] for affective image retrieval task.
The framework of the proposed method is illustrated in Figure 2.

2. METHOD
In this section, we introduce the proposed method, including the

extracted emotion features and the multi-graph learning model.

2.1 Emotion Features

2.1.1 Low-level Features
Low-level features suffer from the difficulty of easy interpreta-

tion by humans. For generic features, we choose HOG2x2, self-
similarity, GIST and geometric context color histogram features as
in [17] [13], because they are each individually powerful and can
describe distinct visual phenomena in a scene perspective.

We also extract special features derived from elements of art,
including color and texture [10]. Low-level color features include
mean saturation and brightness, vector based mean hue, emotional
coordinates (pleasure, arousal and dominance) based on brightness
and saturation, colorfulness and color names. Low-level texture
features include Tamura texture, Wavelet textures and gray-level
co-occurrence matrix (GLCM) based texture [10].

2.1.2 Mid-level Features
Mid-level features are more semantic, more interpretable by hu-

mans and have stronger link to emotions than low-level features [21].
For generic features, we choose five types of attributes people tend

to describe scenes: (1) materials (mental), (2) surface properties
(dirty), (3) functions or affordances (reading), (4) spatial envelop
attributes (cluttered) and (5) object presence (flowers). Based on
the criteria of descent detection accuracy, potentially correlation to
one emotion and easy understanding, we choose 102 attributes as
in [13]. All the four generic low-level features are used to train
attribute classifiers based on 14,340 images in SUN database [17].
The consensus labels (2 or 3 votes) are selected as positive and oth-
erwise negative. SVM implemented in Liblinear toolbox1 is used
as classifiers for time saving. Finally, we can get a 102 dimensional
binary vector of attribute features.

Features inspired from principles of art, including balance, con-
trast, harmony, variety, gradation, and movement are extracted as
special features [21]. Please refer to [21] for details.

2.1.3 High-level Features
High-level features are the semantic contents contained in im-

ages. People can easily understand the emotions conveyed in im-
ages by recognizing the semantics. We choose concepts described
by 1,200 adjective noun pairs (ANPs) [1] as generic features. The
ANPs are detected by a large detector library SentiBank [1], which
is trained using GIST, a 3 × 256 dimension color histogram, a 53
dimensional LBP descriptor, a Bag-of-Words quantized descriptor
using a 1,000 word dictionary with a 2-layer spatial pyramid and
max pooling, and a 2,000 dimensional attribute on about 500k im-
ages downloaded from Flickr. Liblinear SVM is used as classifiers
and early fusion is adopted. The advantages of ANP are that it
turns a neutral noun into an ANP with strong emotions and makes
the concepts more detectable, as compared to nouns and adjectives,
respectively. A 1,200 dimensional binary vector is obtained.

Meanwhile, we extract 8 kinds of facial expressions (anger, con-
tempt, disgust, fear, happiness, sadness, surprise, neutral) [9] as
special high-level features. Compositional features of local Haar
appearance features are built by a minimum error based optimiza-
tion strategy, which are embedded into an improved AdaBoost al-
gorithm [18] [20]. Trained on CK+ database [9], the method per-
forms well even on low intensity expressions [18]. As some im-
ages do not contain faces, we conduct face detection first using the
Viola-Jones algorithm [14] implemented in OpenCV. The expres-
sions of images detected without faces are set as neutral. Finally,
we can get a 8 dimensional vector, each element of which indicates
the number of related facial expressions in the image.

2.2 Multi-Graph Learning
Multi-graph learning [15] is the extension of single-graph learn-

ing and is widely used for reranking in various domains. In each
graph, the vertices represent images and the edges reflect the simi-
larities between image pairs.

Suppose we have N graphs G1,G2, · · · ,GN , each Gn is an

1http://www.csie.ntu.edu.tw/~cjlin/liblinear/
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affinity matrix, where Gn,ij is the similarity between the ith and
jth images in the nth graph. Given the labels Y and similarity
matrix, we aim to get the relevance scores r. The N graphs can be
integrated into a regularization framework [15],

Q(r) =
N∑
n=1

αn

∑
i,j

Gn,ij

∣∣∣∣ ri√
Λn,ij

−
rj√
Λn,ij

∣∣∣∣2+
µn
∑
i

|ri − Yi|2
)
, r = argmin

r
Q(r),

(1)

where α = [α1, ..., αN ] is a weight vector, αn > 0,
∑N
n=1 αn =

1, and Λn is a diagonal matrix with Λn,ii =
∑
j Gn,ij . The

closed-form solution of Equ. (1) is

r =

(
I +

∑N
n=1 αnLn∑N
n=1 αnµn

)−1

Y, (2)

where Ln = Λ
−1/2
n (Λn − Gn)Λ

−1/2
n is the normalized graph

Laplacian. For computational efficiency, α is regarded as variables
and Equ. (1) should be optimized with respect to both r and α [15].
To avoid that only extreme points are selected, a relaxation is made
as follows [15],

Q(r, α) =
N∑
n=1

αλn

∑
i,j

Gn,ij

∣∣∣∣ ri√
Λn,ij

−
rj√
Λn,ij

∣∣∣∣2+
µn
∑
i

|ri − Yi|2
)
, [r, α] = argmin

r,α
Q(r, α).

(3)

Based on the fact that Q is convex with respect to both r and
α [15], we can iteratively update r and α to minimize Q(f, α).
The detailed iterative solution algorithm and its corresponding con-
vergence proof can be referred in [15]. The optimal choice of λ
(λ > 1) depends on the complementation of the features. In prac-
tice, λ is decided by corss-validation.

When dealing with single kind of features, the multi-graph learn-
ing becomes single-graph learning. It means that N = 1, α = 1,
thus there is no need to optimize α. We can directly use the closed-
form solution of f in Equ. (2) with α = 1.

As our goal in this paper is to retrieve emotionally similar images
to the query image, namely a retrieval task, we set Yi as

Yi =

{
1, if image i is the query image,
0, otherwise.

(4)

As described in Section 2.1, we adopt 6 kinds of features, so we
can construct 6 single graphs (see Figure 2). As each kind of fea-
ture (e.g. low-level special) is composed of different components
(e.g. color, texture), we use the average similarity as the overall
similarity. For the mth component (m = 1, . . . ,Mn) of the nth
kind of features (n = 1, . . . , 6), the sub-graph is generated by

Gmn,ij =

{
exp

(
− d(x

m
in,x

m
jn)

σm
n

)
, if i 6= j,

0, otherwise,
(5)

where d(., .) is a specified distance function, xmin is the related fea-
ture vector of the mth component of the nth kind of features for
image i, and σmn is set as the average distance of the distance ma-
trix of this component. Here the Euclidean distance is used for
d(., .) and the final nthe graph is Gn = 1

Mn

∑Mn
m=1G

m
n .

3. EXPERIMENTS
To evaluate the effectiveness of the proposed affective image re-

trieval method, we carry out experiments on several datasets.

3.1 Datasets
Subset A of IAPS dataset (IAPSa) includes 395 images [11],

selected from a standard emotion evoking image set in psychology,
named International Affective Picture System (IAPS) [7].

Artistic dataset (ArtPhoto) consists of 806 artistic photographs
from a photo sharing site searched by emotion categories [10].

Abstract dataset (Abstract) includes 228 peer rated abstract
paintings without contextual content [10].

The images in these three datasets (IAPSa, ArtPhoto, Abstract)
are categorized into eight discreet categories [11]: Anger, Disgust,
Fear, Sad, Amusement, Awe, Contentment, and Excitement.

The Geneva affective picture database (GAPED) consists of
520 negative images, 121 positive images and 89 neutral images [2].

Tweet dataset (Tweet) includes 470 positive tweets and 133
negative tweets [1] crawled from PeopleBrowsr with 21 hashtags.

3.2 Evaluation Criteria
We employ several widely used measurements as in [3].
(1) Nearest neighbor rate (NN) is defined as the percentage that

the first returned image and the query image express the same emo-
tions, indicating the performance as a nearest neighbor classifier.

(2) First tier (FT) and second tier (ST) are defined as the recall
of the top N retrieval results. For the class with m relevant images
in the whole dataset, N = m for FT and N = 2m for ST. That is,
FT = nm/m, ST = n2m/m, where nm and n2m are the number
of relevant images in the top m and 2m retrieval results.

(3) Precision-recall curve. Precision and recall are defined as
Pre = n/q, Rec = n/m, where n is the number of relevant
images among the first q retrieval results.

(4) F1 score (F1). F1 is a measure of accuracy based Precision-
Recall value, defined as F1 = 2 · Pre · Rec/(Pre + Rec). Here
we consider the top 20 retrieval results.

(5) Discounted cumulative gain (DCG) [5] measures the im-
portance of different positions of relevant results, assuming that
users consider the frontal results more.

(6) Average normalized modified retrieval rank (ANMRR) [3]
is a rank based metric, which takes into account the ranking se-
quence of relevant images within the retrieved images.

All the six measurements range from 0 to 1. Higher value repre-
sents better performance for the first five measurements and lower
value indicates better performance for ANMRR.

3.3 Results and Discussion
Each image in the dataset is selected as query image and the av-

erage performance is computed. The precision-recall curves of dif-
ferent methods are shown in Figure 4, where ‘LowGen’, ‘LowArt’,
‘MidAtt’, ‘MidArt’, ‘HighANP’ and ‘HighExp’ represent single-
graph learning methods based on low generic, low special, mid
generic, mid special, high generic and high special features, respec-
tively, while ‘Fusion’ is the proposed multi-graph learning mehtod.
The performance comparison of other evaluation measurements are
illustrated in Figure 3. Some detailed retrieval results of the pro-
posed method are shown in Figure 5.

From these results, we can conclude that: (1) Different features
perform differently on different kinds of images. Though perform-
ing well for traditional CBIR, the low-level generic features are not
a good choice for affective image retrieval. (2) Generally, the fu-
sion of different kinds of features outperforms single feature based
method, because multi-graph learning can explore the complemen-
tation of different features. (3) For Abstract images, features in-
spired from art theory outperform others, as few attributes, concept-
s or faces are detected. (4) The emotions in IAPS, GAPED and
Tweet datasets are often evoked by the presence of a certain object
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Figure 3: Average performance comparison of different methods for several measurements on different datasets.
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Figure 4: Average precision-recall curve comparison of different methods on different datasets.

(a) Amusement (b) Sadness

(c) Contentment (d) Fear

Figure 5: Some retrieval results of the proposed method. The
first image of each group is the query image. Correct retrieval
results are surrounded by green and thick frames while incor-
rect ones by red and dashed frames.

or special semantics. Therefore, the high level features, especial-
ly semantic concepts described by ANPs, perform well. (5) The
overall performance of all methods is still not satisfying. To ac-
curately understand the image emotions and retrieve emotionally
similar images, there is still a long way to go.

4. CONCLUSION
In this paper, we proposed to use multi-graph learning for affec-

tive image retrieval based on features of different levels and differ-
ent generalities that may contribute to express image emotions. We
tested the performances of different features and combine them by
multi-graph learning. The experiments conducted on five datasets
demonstrated that the proposed method is effective to retrieve emo-
tionally similar images. It should be noted that this method can be
easily extended to more kinds of features and learning methods. We
will try to firstly classify the images into different types and then
select the best features for affective image retrieval. Comparison
with state-of-the-art will be added in an extended version.
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