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Abstract. Nowadays, multimedia developed so quickly that we are over-

whelmed by all sorts of images in our daily life, including the images on the 

billboard, internet websites, magazines as well as TV shows. However, some 

images are easily forgotten while others remain stable memory in people’s 

mind. As has been proved, images have inner characteristics that decide how 

memorable they are. So far, many different methods have been proposed to 

predict the memorability of an image. In this paper, we introduce some combi-

national strategies to improve the performance for image memorability predic-

tion. It aims to answer whether combinational strategies can obtain better per-

formance for image memorability. Experimental results show that the combina-

tional methods indeed outperform unitary methods with traditional features, but 

have lower performance than that of CNN-based methods. 
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1 INTRODUCTION 

Whether voluntarily or forcedly, people tend to see a variety of images every day. 

However, we could not remember all of them although we human have a strong 

memorability. Actually, we can have a stable memorability of some images but easily 

forget others. Then what makes some images more memorable than others? Khosla 

reveals that there is a strong correlation between the images inner characteristic and 

their memorability. As the result shows, images with people, salient actions, events 

and central objects are generally more memorable to all of us than images with natu-

ral landscapes [1]. Figure 1 gives an example of images with different memorability. 

Hence, based on the correlation we find, it is possible that we can efficiently predict 

image memorability. 

 

Fig. 1. Photos with different memorability in the dataset are shown, from left to right, the im-

age memorability increase relatively. We can see from it that, in general, photos with salient 

objects are more memorable than photos with nature landscapes. 



1.1 Related Work 

By now, various methods to predict image memorability have been proposed. Some 

of them focus on effective feature extraction; while some of them focus on prediction 

model construction. We briefly review the existing work from the two categories as 

following. 

For the feature selection, there are five kinds of features that have been used for 

image memorability prediction, including: simple image features [1], computer vision 

global features [1] [7], object statistics [1], object and scene semantics [1][2] and deep 

network features. Simple image features include mean value of three channel of color, 

hue, saturation, value and intensity in basic pixel statistics, which has been proved 

having week correlation with the memorability. The Computer vision global features 

consist of features that are related to the images gradient, texture, shapes and so on, 

such as Generalized Search Trees (GIST) [19], Histogram of Oriented Gradients 

(HOG22) [17] and Scale-Invariant Feature Transform(SIFT) [21], that have strong-

er correlation with memorability scores. The object statistics represents non-sematic 

object counts, ranging from number of objects emerging in an image, mean pixel 

coverage over salient objects to max pixel coverage over salient objects, which does 

not perform well in the prediction [1]. Object and scene semantic captures many se-

mantic attributes, for example, the spatial layout, aesthetic scores, emotion classes, 

locations and actions of the images, thus have a strong correlation with the image 

memorability scores. The last one is features from Convolutional Neural Networks 

(CNN), they are extracted from each layer of convolutional network, the higher the 

layer, the more effective the features. 

For prediction models, there are three ways to achieve it – Support Vector Regres-

sion (SVR) [1][2], Linear Regression [3] and CNN [2]. As for the SVR (Support Vec-

tor Regression), it uses linear or RBF (Radial Basis Function) kernel to map selected 

feature values to a memorability score, with the selected attributes providing com-

plementary information with each other. Linear Regression predicts by constructing a 

suitable loss function as well as searching for optimal parameters, aiming to get a 

minimum deviation with the ground truth scores. CNN is the newest and the most 

efficient way to predict, it uses a pre-trained Hybrid-CNN to train images from vari-

ous splits and take the output layer of CNN, which are single real numbers, as the 

memorability scores. 

Although fore-mentioned work attain relatively good performance, they belong to 

unitary methods (i.e. traditional, non-combinational, single-strategy methods) that try 

to predict the image memorability scores using a single model with a single kind of 

features. The memorability of images, serving as a complex inner characteristic, is 

difficult to be predicted by one typical attribute, either a complex feature or a simple 

images feature. Using one feature or simply putting several features into one attribute 

could lose important information, thus weaken the efficiency of estimation. 



1.2  Our Work 

To avoid the limitations, we introduce some combinational strategies for fusing these 

results from different unitary methods to obtain a better result for each image.  

To this end, this paper should answer two questions: 

 How to combine the results from unitary methods? To answer this question, 

many different combinational strategies, including both unsupervised and su-

pervised models, are used in this paper. 

 Is combinational strategy useful for performance improvement for image 

memorability? To validate the effectiveness of the proposed combinational 

strategies, we test then on a large scale of images. More analysis about exper-

imental results is also given out. 

The remainder of this paper is organized as follows. Section 2 introduces the pro-

cess of feature selection and combining methods. Section 3 gives information about 

experimental setup and analysis of results. Section 4 discusses the overall experiment 

and give a conclusion. 

2 COMBINATIONAL STRATEGIES FOR IMAGE 

MEMORABILITY 

In this paper, we use ensemble learning to predict the image memorability, trying to 

attain a better performance by combining several unitary methods. 

2.1  Framework 

 

Fig. 2. The framework of the combinational strategy for image memorability 

Fig.2 illustrate the framework of the proposed combinational strategy for the im-

age memorability. It involves two key components: unitary method selection and 

combinational strategy design. For an image, each unitary method predicts its memo-

rability score independently. Then all the scores are fused as a final score by a pro-



posed combinational strategy. Consequently, the two steps determine the final per-

formance of the proposed combinational method. 

2.2 Unitary Method Selection 

Based on previous work [1][2][3], we can find that different characteristics of images 

have relatively different correlation with the memorability. In this paper, we select 6 

characteristics that have best performances in the previous researches [1][2][3]. Three 

of them use traditional features (i.e. shallow features). The other three ones use deep 

features that generated by CNN [2]. The details of each unitary method with different 

features are discussed as follows: 

 SIFT+SVR(RBF):  The SIFT is one of the most frequently used in the region 

detector field [22]. It was first put forward by Lowe and it is now currently im-

plied in various application fields. It is a region descriptor which extracts image 

features that are invariant to image scaling and rotation and partially invariant to 

changes in illumination and the 3D camera viewpoint. We use it as a training 

feature with 2100 dimensions for each image and train it with a RBF epsilon-

SVR, for the reason that RBF kernel can provide a better result for the training 

process. 

 HOG2 2+SVR(RBF): The HOG is extracted by computing and counting histo-

gram of oriented gradients in local region of an image. Its combination with 

SVM have been widely used in pattern recognition, especially in pedestrian de-

tection. Hence, we train this 2100 dimensional feature using a RBF epsilon-SVR 

to gain the results. 

 HOG3 3+SVR(RBF): The HOG3X3 is similar to HOG22 in the extracting 

method, whereas the number of cells in each block is transformed from 2 2 to 3

3. We still used a RBF epsilon-SVR to train this feature to get the result. 

  FC6,FC7, FC8+SVR(Linear): The FC6, FC7, FC8 features are all extracted 

from a hybrid fine-tuned CNN LaMem [2]. CNN is a multi-layer structure with 

several two-dimensional panel each layer and several independent neuron each 

panel. Each layer can be obtained by dealing with features of the previous layer. 

The FC6 is extracted from the 6th layer of the CNN and FC7 is extracted from 

the 8th layer, as for the FC8, it is the output of the CNN. We separately train 

these three features using Linear epsilon-SVR for the reason that it can attain a 

similar performance compared with RBF but with much less time cost. 

Table 1.Selected features and their corresponding performance in memorability estimation. 

Feature SIFT HOG2 2 HOG3 3 FC6 FC7 FC8 

Training 

Method  

RBF 

Kernel 

RBF 

Kernel 

RBF 

Kernel 

Linear 

Kernel 

Linear 

Kernel 

Linear 

Kernel 

ρ 0.48 0.46 0.45 0.60 0.64 0.64 

 



2.3 Combinational Strategy 

There are 6 kinds of classic combinational strategies considering ensemble learning, 

as [6] shows, these combining methods are based on the Euclidean distance selection 

among different results. The prior 5 methods are unsupervised methods while the last 

one is supervised. 

Let us assume that we have n basis learning machine, dis represents the Euclidean 

distance between two numbers. ip  represents the predicted labels of each learning 

machine, we are dealing with the regression issue. Hence, the predicted labels are real 

numbers from 0 to 1, representing the memorability score of each image. These 6 

combining strategies are as follows: 

 Mean：mean value of all the basis learning machines result. 
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 Nearest2：mean value of the two closest Euclidean distance results. 
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 Nearest-N: mean value of the results with relative distances below 

(100+N) % of the minimum Euclidean distance. 
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 No-N-Max：calculate Euclidean distance from each estimate to all the 

others, then subtract N estimates with the highest distance. Mean value 

of the left estimates. pi is the estimates with relatively lowest distance 

from all the others. 
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 Median: extraction of the N results with the lowest distance from all the 

others. pi is the estimates with relatively lowest distance from all the 

others. 
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 Support Vector Regression Based Combination(SVRC): Support vector 

regression is a general method that estimate a continuous-valued func-

tion. It can also be used as a combinational strategy, which will be refer 

to as SVRC. The input of the SVRC is the results from several unitary 

methods. The input will be served as a new feature and we use SVR to 

train this new feature again. The output of this SVR is the combination-

al results. Through this method, we can obtain a better result for the 

reason that the combination process is supervised and can reduce the er-

ror tactfully. 

3 RESULTS 

3.1 Data Set and Experimental Setup 

We use the LaMem dataset collected by Kholsa [6] in the following experiments. The 

dataset contains 58741 images with their memorability scores, including 45000 imag-

es for training, 10000 images for testing and 3741 images used for adjusting the pa-

rameter. The images are randomly divided for 5 times [3] and here we just randomly 

choose one split result to do our research. The dataset contains images of all kinds, 

ranging from landscape, human, object to geometrical photos, imitating various imag-

es people may see every day. 

We use the newest toolbox libsvm-3.21 from Lin Chih-Jen [23] to train the SVRC 

method. We all use ρ, the spearman correlation between prediction and ground truth, 

as the estimation of the memorability prediction. Whenρis higher, the prediction is 

more precise. 

3.2 Results of Combinational Methods 

Table 2.Comparison among different combining strategies and human performance. 

 Top20 Top100 Bottom20 Bottom100 ρ 

Mean 90% 88% 53% 56% 0.62 

Median 91% 90% 51% 55% 0.60 

N2 92% 90% 50% 54% 0.54 

N-100% 92% 90% 51% 54% 0.54 

N-300% 91% 89% 51% 55% 0.56 

No-1-Max 92% 89% 52% 55% 0.59 

No-3-Max 91% 90% 52% 55% 0.58 

SVRC 89% 88% 50% 53% 0.64 

Human 86% 84% 47% 40% 0.75 

 

In the column Top 20, we represent the mean value of memorability prediction for 

20 highest memorable images. The column Top100 represents the mean value of 

memorability prediction for 100 highest memorable images. Similarly, Bottom 20 

column represents the mean value of memorability prediction for 20 lowest memora-



ble images and Bottom 100 column represents the mean value of memorability pre-

diction for 20 lowest memorable images. The first column illustrates 8 different strat-

egies and human performance, which serves as ground truth. 

The results of the proposed combinational methods on the LaMem set are listed in 

Table 2. As we can see from the table above, these eight combining methods have a 

performance ranging from 0.53 to 0.64, which indicates that the different combina-

tional strategies results in different performance. Furthermore, among those eight 

combining methods, supervised combinational method out-performsthe others. As for 

the other six unsupervised methods, mean method gets the best performance with 

ρ=0.62.  

3.3 Unitary Methods V.S. Combinational Methods 

Table 3.Performance of unitary methods compared with combinational strategies. 

  
Top 

20 

Top 

100 

Bottom 

20 

Bottom 

100 
ρ Mean 

Unitary 

Method 

SIFT 94% 91% 50% 54% 0.48 

0.56 

HOG2 2 93% 90% 50% 54% 0.46 

HOG3 3 92% 90% 50% 54% 0.45 

FC6 83% 82% 59% 61% 0.60 

FC7 103% 101% 41% 45% 0.64 

FC8 94% 93% 48% 51% 0.64 

Combina-

tional 

Mehods 

Mean 90% 88% 53% 56% 0.62 

0.58 

Median 91% 90% 51% 55% 0.60 

N2 92% 90% 50% 54% 0.54 

N-100% 92% 90% 51% 54% 0.54 

N-300% 91% 89% 51% 55% 0.56 

No-1-Max 92% 89% 52% 55% 0.59 

No-3-Max 91% 90% 52% 55% 0.58 

SVRC 89% 88% 50% 53% 0.64 

Human 86% 84% 47% 40% 0.75 0.75 

 

To validate the performance improvement of combinational methods, we compare 

the performance between unitary methods and combinational methods, as shown Ta-

ble 3. We can see that the combinational methods do not obtain obvious performance 

improvements. Although the performance of combinational methods is higher than 

these unitary methods with traditional features (SIFT, HOG2 2, HOG3 3) whose 

performance ranges from 0.45 to 0.48, it is still lower than 0.64, which is the perfor-

mance of CNN-based methods.  

 Why these combinational strategies do not outperform the CNN-based method? One 

of the reasons we suppose the combinational strategy can improve the performance 

lies in that combinational method can balance various error of different unitary meth-

ods. Hence, an important premise is that the features should come from different 

models. However, fc6, fc7, fc8 are obtained from the same CNN model, thus after 

combination, the errors in these three features could not be balanced or reduced. In 



addition, the other three traditional features have lower performance than features 

obtained from CNN. Accordingly, these combinational methods still could not attain a 

better overall performance. 

3.4 Comparison of Combinational Method based on Different Unitary 

Methods 

Table 4. Performance of combinational method on different unitary methods 

 ρ Mean SVRC 

SIFT 0.48 

0.46 0.51 HOG2 2 0.46 

HOG3 3 0.45 

FC6 0.60 

0.63 0.64 FC7 0.64 

FC8 0.64 

 

To compare the SVRC method based on different unitary methods.  We compare 

the SVRC based on the unitary methodswith traditional features (SIFT, HOG2 2, 

HOG3 3) (denoted as SVRC_T)and the SVRC based on the unitray methods with 

deep features (CNN) (denoted as “SVRC_D”), as shown in Table 4. We can see that 

the combinational method SVRC_T attains a better performance as 0.51. Hence, 

when using the unitary methods, combination can improve the performance by 

balance the different kinds of errors. However, when we combine three CNN features 

(FC6, FC7, FC8) using SVRC-D, the performance improvement is very limited. 

3.5 Analysis and Discussion 

According to the above experimental results, we can conclude that the combina-

tional strategies could not attain a better performance for the image memorability 

prediction.The main reason is that the CNN features are obtained from same model, 

reducing the efficiency of combinational strategies. Moreover, relatively low perfor-

mance also weaken the efficiency of combinational strategies, leading the perfor-

mance not better. 

Next. Let us look at the images that were best predicted using different combining 

ways.  Figure 3 exactly demonstrates top 6 images with best estimation using those 

methods. We can easily realize different methods are suitable for predicting different 

kinds of images. For example, Mean-methodhave these top 6 best predicting images 

all with the salient objects in the center and also most of them have human face. As 

for Median, it could perform better when predicting pictures with nature or daily 

scenes without human. The next five methods are different, they perform well on a 

variety of themes, thus they are suitable for predicting a dataset containing all kinds of 

images.  



 

Fig. 3.This figure shows the top 6 photographs with the least estimation error of image memo-

rability compared to the ground truth, in this figure, we can see that what kind of images are 

different methods suitable. 

4 CONCLUSION 

Image memorability prediction is a newly and interesting topic, with a galaxy of ap-

plications in our day-to-day life. For example, advertising agency could regard this as 

a tool to estimate the memorability of images, striving to leave a higher memorable 

impression on watchers’ mind. Educational textbook could thus select more memora-



ble pictures to help students remember knowledge. Facebook fans can select a photo 

of themselves with higher memorability before publishing it. In this way, image 

memorability prediction is also a practical topic. 

In this paper, we argue a new way to predict memorability of pictures by seeking 

for a combinational method, we obtain performance of 0.64 while still discuss differ-

ence and similarity of those 8 various combining methods as well as their under-lying 

reasons.  
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