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ABSTRACT

In this paper, we address the problem of automatically rec-
ognizing emotions in still images. While most of current
work focus on improving whole-image representations using
CNNs, we argue that discovering affective regions and sup-
plementing local features will boost the performance, which
is inspired by the observation that both global distributions
and salient objects carry massive sentiments. We propose
an algorithm to discover affective regions via deep frame-
work, in which we use an off-the-shelf tool to generate N
object proposals from a query image and rank these propos-
als with their objectness scores. Then, each proposal’s sen-
timent score is computed using a pre-trained and fine-tuned
CNN model. We combine both scores and select top K re-
gions from the N candidates. These K regions are regarded
as the most affective ones of the input image. Finally, we
extract deep features from the whole-image and the selected
regions, respectively, and sentiment label is predicted. The
experiments show that our method is able to detect the affec-
tive local regions and achieve state-of-the-art performances
on several popular datasets.

Index Terms— Visual sentiment prediction, objectness
estimation, affective region, CNNs

1. INTRODUCTION

Understanding the emotions of online visual content is of im-
portance with the growing of users who prefer to use the im-
ages and videos to express their opinions. The precise predic-
tion of visual sentiment is beneficial to a variety of applica-
tions, e.g. topic discovering, advertisement, social networks
and online marketing.

Most existing work predict visual sentiment using the
features extracted from the whole image [2], which are
more or less inspired by psychology theory and principles of
arts [3] [4]. While the emotion evoked by an image is not
only from its global appearance but also interplays among
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Fig. 1. Images from two popular datasets: a) Flickr [1], and
b) Twitter [2]. People are affected by the local regions as well
as the whole image apperance.

local regions, to the best of our knowledge, few work have
paid close attention to the usage of local features in sentiment
analysis. Li et al. [5] proposed a context-aware classification
model based on bilayer sparse representation. The main limits
of [5] included that it depended heavily on the initial segmen-
tation and took all local regions into account, among which
most regions were neutral.

The recent trend in this area is to leverage deep neural
networks to extract features and recognize emotions. You
et al. [2] employed two convolutional layers and several
fully connected layers for the prediction. They addressed
the weakly labeled nature of the training image data by us-
ing a progressive training strategy. Chen et al. introduced
DeepSentiBank [6], a visual sentiment concepts classification
model which was trained under Caffe [7]. They found that
initializing the model with the weights trained from ImageNet
provided much better performance than training from visual
sentiment dataset alone.

Aligned with the aforementioned trend, our approach also
exploits deep neural networks for visual sentiment analy-
sis. However, we introduce a notion named Affective Re-
gions(ARs) into this area and extract the local features from
ARs. An AR usually has two distinguishing characteristics:
i) it’s a salient region likely containing one or more objects,
which could attract user’s attention mostly; and ii) it car-
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Fig. 2. Pipeline of the proposed approach. 1 & 2) First, we generate some object proposals and rank these candidates with
objectness score. 3, 4 & 5) Then, sentiment score of each proposal is roughly computed using a pre-trained and fine-tuned deep
convolutional neural network. We combine both objectness score and sentiment score to discover affective regions in low-level
and high-level perspective, respectively. 6) Finally, the sentiment label is predicted with the local affective regions as well as
the whole image. Details of f1 and f2 are described in Section 3.

ries massive emotions. Figure 1 shows some ARs in popular
datasets [1] [2].

Our contributions are summarized as follows:
1) We develop an algorithm automatically discovering af-

fective local regions which are likely containing objects and
carrying massive emotions. Furthermore, the proposed algo-
rithm is more general than literature because of its indepen-
dence to object categories.

2) We build a novel visual sentiment prediction model in
deep CNNs, which extracts features from both of the whole
image and affective regions. Compared to previous work con-
cerning contextual informations, it need no complicated pre-
processing such as binarization and accurate object localiza-
tion.

2. RELATED WORK

The general literature on visual sentiment classification is
vast, in which the discussed work range from still im-
ages [1] [8] to videos [9]. Here, we focus on reviewing related
work on affective image prediction, the use of Deep Convo-
lutional Neural Networks, and objectness estimation.

Affective Image Prediction With a growing number of
images being used to express opinions in social networks,
image sentiment analysis has attracted more and more atten-
tions. From the aspect of features used in this area, we can
roughly divide prior work into low-level based [4] [10] and
mid-level based methods [11] [12] [8]. Machajdik and Han-

bury [4] developed methods to extract low-level features, such
as colors and textures to represent the emotional content of
an image. To bridge the affective gap between low-level fea-
tures and high-level sentiment, Borth et al. [1] modeled a mid-
level concept, Adjective Noun Pairs(ANPs). Yuan et al. [11]
proposed Sentribute, an image-sentiment analysis algorithm
based on 102 mid-level attributes, of which results were eas-
ier to interpret and ready-to-use for high-level understanding.

[8] is closest to our work. They built object detection
models to recognize six frequent objects including car, dog,
dress, face, flower and food, and proposed a unique classifi-
cation model to handle attributive and proportional similarity
between visual sentiment concepts. In contrast, our algorithm
concentrates only on whether a selected region contains ob-
jects or not. It’s generic over categories and we don’t recog-
nize concrete objects, which shows robustness in real appli-
cations.

Convolutional Neural Networks Several recent work
have exploited deep convolutional neural networks for im-
age sentiment prediction. Based on previous work [1], Chen
et al. trained a deep CNN model on Caffe [7] and named
it DeepSentiBank [6]. In [13] [14], two types of activa-
tions were used as image-level features, namely the 4096-
dimension output from fc7 and the 1000-dimension output
from fc8. You et al. [2] proposed PCNN, in which they ob-
tained half million training samples by using a baseline sen-
timent algorithm [1] to label Flickr images. To make use of
such noisy machine labeled data, they employed a progressive
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strategy to fine-tune the deep network. Furthermore, [15] [16]
combined visual and textual features in CNNs for multimodal
affective analysis and retrieval.

Different from pioneer work [6] [2] using deep model in
this area, which concentrated on constructing discriminative
whole-image representations, we propose a novel framework
which combines global and local visual features together. In
this framework, the pre-trained CNN model is used to extract
global features, as well as to select affective local regions.
Then, most irrelevant and noisy regions carrying few emo-
tions are dropped.

Objectness Estimation Objectness is usually represented
as a value reflecting how likely an image window covers an
object of any category. Based on the human reaction time that
is observed and the biological signal transmission time that is
estimated, human attention theories hypothesize that the hu-
man vision system processes only parts of an image in detail,
while leaving others nearly unprocessed. This further sug-
gests that before identifying objects, there are simple mech-
anisms in the human vision system to select possible object
locations [17].

In this paper, we employ an off-the-shelf tool [18] to gen-
erate N proposals as candidate affective regions. Compared
to the work requiring accurate segmentation [5] or concrete
category information [8], it’s much easier to acquire object
proposals in the pre-processing stage, which has shown its
generalization ability in a variety of datasets.

3. METHODOLOGY

In this section, we aim to discover affective regions. Given
an image, we find object proposals at first. Inspired by R-
CNN [19], we examine whether each proposal carries senti-
ment and select the most valuable regions. Finally, we predict
image sentiment labels using both the affective regions and
global image. Figure 2 shows the pipeline of our proposed
approach.

Generating object proposals Previous work has proved
that associating adjectives with concrete physical objects
could make the combined visual concepts more detectable
and tractable for image sentiment analysis [8]. Inspired by
that, we argue that object proposals can be used as the po-
tential affective regions. In fact, local regions covering ob-
jects are inclined to attract more attentions and evoke peo-
ple’s feelings. As studied in visual attention and objectness
estimation [17], the potential object position could be gener-
ated based on some hypotheses, such as a different appear-
ance from their surroundings.

In this paper, we use [18] to generate object proposals. To
achieve the high recall, [18] employs a bottom-up strategy
which generates hundreds of redundant proposals. Therefore,
it’s necessary for us to filter out the noisy regions, which are
defined as containing little sentiment, at the initial stage of
the work. For each image I , we ultimately get N proposals.

Fig. 3. Discovering affective regions which have two distin-
guishing characteristics: high objectness score and high sen-
timent score.

We useObj scoreIj , provided by [18], to represent the object-
ness score, that is, the possibility of the j-th region contain-
ing an object of any category, where j = 1, 2, ..., N . Due to
the strong co-occurrence relationship between sentiment and
objects, the Obj scoreIj is viewed as cue indicating the j-th
region carrying sentiment in a low-level perspective.

Discovering affective regions Since we have got
Obj scoreIj in previous steps, in the following we focus on
computing Senti scoreIj , which indicates the probability of
the j-th region carrying sentiment in a high-level perspec-
tive. First, we build a rough global sentiment model by fine-
tuning the VGG network [20] with the help of transfer learn-
ing. In details, we adopt the pre-trained deep architecture for
object recognition [20], change the 1000-classes way into 2-
classes, and fine-tune the model with a large-scale sentiment
dataset [1]. The fine-tuned global model fills the semantic gap
better than low-level representations. Then, we take each ob-
ject proposal as the input of the deep model, and output the
features from the last layer. As is shown in Equation (1), fea-
tures from the last layer are represented as sentiment class
distribution, which can be regarded as the sentiment prob-
ability of each proposal. Since our aim is to describe how
much sentiment each proposal contains, we use the following
probabilistic sampling function(f1 in Figure 2) to evaluate the
sentiment score of the j-th region.

Senti scoreIj = 1 +
M∑
i=1

sij log sij (1)

where M is the sentiment classes number in current sys-
tem. Since we’re distinguishing positive and negative affects
in images, M is set to 2 in this paper. sij indicates the prob-
ability of the j-th proposal carrying the i-th emotion, where
i = 1, 2, ...,M . Different from PCNN [2] which removes
only a little portion of total images, 30% theoretically and ac-
tually less than 10%, we are selecting the most valuable one
or several local regions for prediction. The intuition is that
we want to keep proposals with distinct sentiment probabil-
ities between the two classes with a high Senti scoreIj . In
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Algorithm 1 Prediction using both affective regions and
global image
Input:

Image: I
Number of affective regions: K

Output:
Image sentiment label : label

1: Generate N object proposals using [18] and get object-
ness score Obj scoreIj for the j-th region.

2: Let ~YGlobal be the prediction response of the whole image
using a pre-trained and fine-tuned model.

3: Let sij be the prediction response of the j-th proposal on
the i-th emotion using the same model as Step 2.

4: for j ∈ N do
5: Achieve sentiment score Senti scoreIj for the j-th re-

gion. (Equation (1))
6: Using AR to evaluate the sentiment quality of each

proposal in both of low-level and affective-level per-
spectives. (Equation (2))

7: end for
8: Rank proposals with AR and select top K affective re-

gions.
9: Predict the label using ~Y . (Equation (3))

10: return label

contrast, s1j and s2j having similar prediction values usually
indicates that it’s difficult for people to summarize the emo-
tions evoked by the j-th proposal.

Figure 3 shows that an affective region should have both
high Obj scoreIj and Senti scoreIj , which is summarized as
the following equation(f2 in Figure 2).

AR =

√
Obj scoreIj

2
+ αSenti scoreIj

2 (2)

where AR is the sentiment quality of each region and α
is the tradeoff between low-level and affective-level perspec-
tives. For a proposal with high AR, we suppose it’s an affec-
tive region which is valuable for sentiment predication. Oth-
erwise, we remove proposals with small AR from our candi-
date list. In our experiment, we set α = 1.

Predicting image sentiment In general, there are two
kinds of strategies for the combination of global and local in-
formation. One is combining features together and the other
is combining the prediction responses. In Section 4, our ex-
periment shows that later fusion outperforms former fusion
on all datasets. Therefore, we use the following function to
predict image’s sentiment distribution ~Y .

~Y = ~YGlobal +
β

K

K∑
j=1

~YARj (3)

where ~YGlobal represents the prediction using the whole
image and ~YARj represents the prediction using the j-th af-

fective region. ~Y , ~YGlobal and ~YARj share the similar vector
structure of (PPos, PNeg), where PPos and PNeg indicate the
predicted probability of positive and negative emotions, re-
spectively. We select top K affective regions based on Equa-
tion (2). β is the tradeoff between global and local prediction.
In our experiment, we set β = 0.5.

4. EXPERIMENTAL RESULTS

4.1. Experiment setup

Datasets We evaluate our proposed method on three widely
used datasets. The datasets are from Twitter [2] [1] and
Flickr [1], respectively. Twitter I dataset contains 1,269 im-
ages in total. For each image, the sentiment label is generated
by five Amazon Mechanical Turk(AMT) workers. We test
our method on all of the three subsets of Twitter I, including
”Five agree”, ”At least four agree” and ”At least three agree”,
in a similar fashion to [2]. Twitter II dataset [1] contains 603
images. Ground truths of sentiment values are obtained by
AMT annotation too, resulting in 470 positive and 133 nega-
tive labels. Flickr dataset [1] contains 484,258 images, each
of which is weakly labeled and annotated with an ANP. We
randomly choose 90% images of this dataset to fine-tune our
deep model and use the rest 10% images for testing.

Training and fine-tuning CNNs Convolutional neural
networks have the capability to incorporate model weights
learned from more general dataset, which can be applied to
our case by transferring the model learned over ImageNet to
the specialized sentiment dataset. Following previous work
on visual sentiment analysis with deep networks from, e.g.
[6][13][14], we initialize our model with the weights trained
from ImageNet [20]. Then, we fine-tune the pre-trained
model using half million Flickr images [1] and run a total
of 100,000 iterations to extract more discriminative features.
VGGNet [20] is employed for sentiment prediction in this pa-
per. Due to lack of training images on both Twitter datasets,
we also use the deep model fine-tuned on Flickr dataset to
predict Twitter images with the help of transfer learning.

4.2. Baseline

In this section, we compare our experimental results with
other state-of-the-art algorithms for image sentiment predic-
tion, including hand-crafted features based and deep features
based methods. In addition, we also show the results of our
proposed method on different configurations, especially with
various components and different fusion strategies.

Sentibank Borth et al. [1] proposed a systematic, data-
driven methodology to construct a large-scale sentiment on-
tology built upon psychology and web crawled folksonomies.
SentiBank is a concept detection library based on the con-
structed ontology to establish a mid-level representation for
bridging the affective gap. In this paper, we exploit the pre-
trained 1,200 ANP detectors of SentiBank to extract 1,200
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Table 1. The prediction accuracy on Twitter I, Twitter II and Flickr dataset (%). ft represents fine-tuned model. obj and senti
indicate we select affective regions using objectness score and sentiment score, respectively. ff is former fusion and lf is later
fusion. Note that, for fair comparision, we implement PCNN based on VGGNet and show its results in the third line.

Twitter I
Method Five agree At least four agree At least three agree Twitter II Flickr
SentiBank [1] 71.02 67.68 65.93 67.56 65.89
PCNN + CaffeNet [2] 77.30 70.09 68.01 70.80 66.69
PCNN + VGGNet [2] 86.06 81.81 78.72 75.23 69.95
VGGNet 83.51 78.89 75.36 72.82 60.88
VGGNet + ft 86.56 80.42 76.93 72.30 69.48
VGGNet + ft + obj + lf (K = 1) 85.22 78.57 74.48 75.55 69.38
VGGNet + ft + senti + lf (K = 1) 85.52 81.98 76.06 77.74 69.47
VGGNet + ft + obj + senti + lf (K = 1) 86.72 82.22 76.80 78.59 69.58
VGGNet + ft + obj + senti + ff (K = 1) 85.14 81.25 76.03 73.85 63.83
VGGNet + ft + obj + senti + lf (K) 88.94 (11) 84.90 (13) 80.33 (11) 78.97 (7) 70.24 (12)

dimensional features. Previous work have proved these fea-
tures outperform other low-level and mid-level hand-crafted
features in visual sentiment analysis.

PCNN You et al. [2] proposed PCNN, a progressive con-
volutional neural network architecture. While they fine-tuned
the deep network based on CaffeNet [7], we utilize a more
powerful framework, VGGNet [20], to train our deep model.
For a fair comparision, we also implement PCNN based on
VGGNet. Table 1 shows the results with both PCNNs, where
”PCNN + CaffeNet” is the former PCNN implemented in [2]
and ”PCNN + VGGNet” indicates the latter.

4.3. Results and analysis

Table 1 shows the sentiment prediction accuracy on three fa-
mous datasets. ”ft” means that the CNN models are fine-tuned
using half million Flickr images. Note that, both of the two
PCNNs are fine-tuned in the same fashion to [2], even there’s
no explicit ”ft” signs in their names. ”obj” means that we
only regard the proposals with high objectness score as affec-
tive regions, while ”senti” refers to the proposals having high
sentiment score. In a ”obj + senti” method, we use Equation
(2) to rank proposals and select affective regions, where both
objectness score and sentiment score are considered. ”ff” and
”lf” are two fusion strategies. ”ff” indicates the former fusion
which combines deep features, while ”lf” indicates the later
fusion combining the prediction responses.

We show our experimental results on different configura-
tions and compare to several state-of-the-art work. Our pro-
posed method employing affective regions outperforms both
hand-crafted features based [1] and deep features based ap-
proaches [2]. In details, compared to the SentiBank [1], our
method outperforms by a large margin. Furthermore, our
method also shows an advantage over other deep architec-
tures [2], especially on both Twitter datasets having high-
quality labels. PCNN was mainly designed to overcome the

noisy labels of large-scale images, even that, our affective
regions based method earns a better result on the weakly-
labeled Flickr dataset.

When selecting and combining affective regions into deep
model, we have different choices: we can use objectness
score, sentiment score or both of them. We roughly regard
the objectness score as a low-level cue and sentiment score
as a high-level cue. The experimental results show that sen-
timent score is more reliable than objectness score. When
both scores are combined into deep model, we can achieve
the most valuable affective regions and reach the best perfor-
mance.

We also compare different fusion methods over the whole
image and affective regions. When former fusion is applied,
we concatenate local features to global features. In contrast,
when later fusion is applied, each kind of features are used
to generate a prediction response separately. Then, we com-
bine the responses with Equation (3), which outperforms the
former fusion on all datasets.

Finally, we examine the impact of different ”K” on the
prediction. While [18] usually generates hundreds of propos-
als, we achieve the best performance using 10∼13 affective
regions. Figure 4 shows the results on three subsets of Twitter
I. In fact, an image usually has very finite affective regions.
When we increase the regions number, many of them have
little related to image emotions and even weaken the predic-
tion. This shows another advantage of our method, that is,
we only need a few local regions involved in the deep model,
indicating an acceptable increasing of overheads.

5. CONCLUSION

In this paper, we address the problem of automatically recog-
nizing emotions in images. Inspired by the observation that
both global appearance and salient objects carry massive sen-
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Fig. 4. Impact of different K on Twitter I, where Twitter I 5,
Twitter I 4 and Twitter I 3 indicate ”Five agree”, ”At least
four agree” and ”At least three agree”, respectively.

timents, we propose an algorithm to discover affective regions
and combine these local informations into a deep convolu-
tional neural network. We employ later fusion strategy and
implement the proposed model on VGGNet [20], the expre-
mental results show that our method outperforms state-of-the-
art on several popular datasets.
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