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a b s t r a c t 

In this paper, an accurate and efficient image quality assessment (IQA) model using the contrast informa- 

tion, called multi-scale contrast-based model (MCM), is proposed for conducting objective quality evalua- 

tion of multi-exposure image fusion (MEF). It is inspired by the fact that the human visual system (HVS) 

is highly sensitive to contrast that is naturally inherited in the MEF application. The key novelty of the 

proposed MCM lies in the usage of two salient contrast features, i.e., contrast structure and contrast sat- 

uration. For each reference and MEF images, the degree of similarity measured for each above-mentioned 

contrast attribute is then computed independently, followed by combining them together with the weight 

of each reference image computed based on its relevance to MEF image for obtaining contrast similarity 

map s (CSMs). Subsequently, all the obtained CSMs are fused using a standard deviation pooling strategy 

to generate the quality score. Finally, a multi-scale scheme is utilized to explore the image details from 

finer to coarser scales for producing the final MCM score. Simulation results have clearly shown that 

the proposed MCM model is more consistent with the perception of the HVS on the evaluation of MEF 

images than multiple state-of-the-art IQA methods. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Nowadays, Multi-Exposure image Fusion (MEF) has received

ore and more attention from both academic and industry com-

unities [1] . The MEF aims to offering a single higher quality im-

ge with more informative and clearer image details by fusing a

eries of images with multiple exposure levels. It is expected to

e widely applied in various multimedia services and applications,

uch as remote sensing, medical imaging, smart phone, HDTV, to

ame a few [2] . 

Since the human eyes are the final receiver of the images, im-

ge quality assessment (IQA) becomes very essential with the goal

f objectively evaluating the image quality in accordance with the

uman visual system (HVS) [3–5] . Due to the high demand and spe-

ial characteristic of MEF techniques, this brings a new challenge

or developing objective performance evaluation measures for MEF.

owever, there are few prior studies in the literature about the

erceptual quality evaluation of the MEF image. Note that an ef-
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ective MEF IQA metric cannot only evaluate the quality of fused

mages, but also serve as a guidance role in the design of image

usion algorithms [6] . In this paper, our focus is on the develop-

ent of an IQA model to objectively evaluate the fused image of

ulti-exposure images. 

A comprehensive overview of the current IQA models for image

usion applications can be found in [7] , and some related works

ill be highlighted as follows. On the evaluation of fused images,

he straightforward and commonly-used strategy is to measure

he information preservation/similarity between the source images

nd fused image. From the viewpoint of information theory, Qu

t al. [8] developed a metric to measure the quality of fused image

ased on the mutual information between the source images and

used image. Based on the framework of [8] , Hossny et al. [9] fur-

her improved the performance by keeping the measurement of

utual information between the source images and fused image

t the same scale. Cvejic et al. [10] proposed a metric based on

he Tsallis entropy. From the viewpoint of edge information, which

he HVS is very sensitive to, some edge-information-based metrics

re presented to evaluate the quality of fused image by measur-

ng the edge similarity between the source images and fused im-

ge. Xydeas et al. [11] explored the edge strength and edge orien-

ation preservation on the perceptual quality assessment of fused
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Fig. 1. Samples of multi-exposure images of sequence “Balloons” selected from MEF database [23] : (a) under exposure, (b) normal exposure, and (c) over exposure. 
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t  
image. Wang et al. [12] decomposed the source and fused images

into two scales using wavelet transform and evaluated the edge

preservation amount scale-by-scale in three orientations. Zheng

et al. [13] proposed a concept of spatial frequency error based on

the gradient information along four directions. Besides, multiple

IQA models for fused images (e.g., [14–17] ) were motivated by the

classical SSIM index [18] . For example, Piella et al. [14] presented a

metric by considering the structural information. Li et al. [17] pro-

posed a so-called CSSIM in terms of contour and structural similar-

ity. Additionally, various perceptual features, e.g., contrast sensitiv-

ity filter [19,20] , transform-domain features [21,22] , are employed

in the design of the IQA models. 

Among the above-mentioned existing literatures on the topic of

the IQA models, they were designed for the general-purpose image

fusion. Obviously, these IQA models are not suitable for conducting

the quality evaluation of the MEF images, as the MEF is normally

quite different from that of traditional image fusion scheme. Re-

fer to Fig. 1 for an example of multi-exposure reference images

for MEF. One can see that compared with the traditional single-

exposure image processing, the MEF usually has multiple refer-

ence images with various exposure levels. The luminance of each

pixel in different reference images changes dramatically and signif-

icant information loss is incurred in the dark and/or bright regions,

corresponding to under-exposure level and over-exposure level, re-

spectively. Hence, it is essential to consider the contribution of dif-

ferent image regions from different reference images with different

exposure levels to the overall perceptual quality assessment of MEF

images. To conduct image quality assessment for the MEF images,

Ma et al. [23] established a MEF IQA database and further pre-

sented a metric by considering the structure of multiple patches

from different exposures. However, there is still ample room to be

improved. 

In this paper, an effective IQA model for conducting objec-

tive evaluations of the MEF images is proposed, called Multi-scale

Contrast-based Model (MCM). The proposed MCM is mainly moti-

vated by the following observations: (1) the HVS is highly sensi-

tive to the contrast that can well indicate the exposure change of

the reference images for MEF; (2) each reference image with dif-

ferent exposure levels has different contribution to the evaluation

of MEF image quality; and (3) a multi-scale scheme can better ex-

plore the image details for evaluating the perceptual quality of im-

ages. For that, two salient contrast attributes, i.e., contrast struc-

ture and contrast saturation, will be extracted from each reference

image and the MEF image, respectively. The degree of similarity

of each above-mentioned contrast attribute is then measured in-

dependently, and the obtained two similarity maps are then com-

bined together with the weight of each reference image, which is

adaptively computed according to its relevance to MEF image, to

form the corresponding contrast similarity maps (CSMs) between

each reference image and MEF image. Finally, all the obtained

CSMs are combined using a standard deviation pooling strategy

to generate the quality score. Furthermore, a multi-scale scheme

is used to explore the image detail preservation from the finer to
 m  
oarser levels for producing the final MCM score for the MEF im-

ges. Experimental results have demonstrated that the proposed

CM produces higher consistency with that of the HVS on the

uality evaluation of the MEF image than the state-of-the-art IQA

etric. 

The remaining of this paper is organized as follows. In

ection 2 , the proposed IQA model for the MEF, MCM, will be in-

estigated in detail. The performance comparison between the pro-

osed IQA model for the MEF and the state-of-the-art ones will

e discussed in Section 3 . Finally, the conclusion will be drawn in

ection 4 . 

. Proposed IQA model for the MEF 

.1. Overview 

The proposed IQA model, multi-scale contrast-based model

MCM), is used for conducting an objective image quality evalu-

tion of a given MEF image, with respect to its multiple reference

mages with various exposure levels. For simplicity, the flowchart

f the proposed MCM algorithm at a certain scale is shown in

ig. 2 , and same operations are applied to the images in other

cales. The proposed MCM mainly consists of the following stages. 

1. Contrast Similarity Measurement : Two salient contrast attributes,

contrast structure and contrast saturation, are extracted for

each reference image and MEF image, independently and indi-

vidually. Note that this contrast attribute extraction process will

be conducted at each pixel location. Then, they will be com-

pared to arrive at the Contrast STructure similarity Map (CSTM)

and Contrast SAturation similarity Map (CSAM) between each

reference image and MEF image. 

2. Adaptive Weight for Each Reference Image : The weight of each

reference image is computed by fully considering the correla-

tion between each reference image and MEF image in terms of

covariance and contrast structure similarity. Then, the above-

mentioned CSTM and CSAM are combined together with the

obtained weight to form the contrast similarity map (CSM) be-

tween each reference image and MEF image. 

3. Pooling : All generated CSMs will be fused by a standard devia-

tion pooling strategy to yield the IQA evaluation score. 

4. Multi-scale Scheme : Note that the above-mentioned three stages

are to obtain the IQA evaluation score at a certain scale. A

multi-scale scheme is further adopted to compute the final

MCM score from different scales. 

The proposed MCM as outlined above will be successively de-

cribed in detail in the following subsections. 

.2. Contrast similarity measurement 

Since the HVS presents high sensitive to the contrast informa-

ion during the image perception, the contrast information, as the

ost important component in multi-exposure images, needs to be
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Fig. 2. The framework of the proposed MCM for objectively evaluating the MEF images at a certain scale. 
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eeply investigated for MEF image quality assessment. In this pa-

er, two important attributes of contrast, i.e., contrast structure

nd contrast saturation, are extracted and utilized to measure the

imilarity between each reference image and MEF image. 

Let r k (k = 1 , 2 , . . . , M) denotes the k -th reference image, and

 denotes the MEF image, where M means the number of multi-

xposure reference images. As shown in Fig. 2 , we take the compu-

ational process of contrast similarity map (CSM) between any ref-

rence image r k and MEF image f as an example. Note that the

ubscript of r k (i.e., k ) is omitted for easier presentation in this

ork. To extract these two contrast attributes–contrast structure

nd contrast saturation, the local image statistics, i.e., mean μr , μf ,

ariance σ 2 
r , σ

2 
f 

and covariance σ rf , are computed by 

r (x, y ) = 

n ∑ 

i =1 

w i p 
i 
r , σ

2 
r (x, y ) = 

n ∑ 

i =1 

w i 

[
p i r − μr (x, y ) 

]2 
(1) 

f (x, y ) = 

n ∑ 

i =1 

w i p 
i 
f , σ 2 

f (x, y ) = 

n ∑ 

i =1 

w i 

[
p i f − μ f (x, y ) 

]2 
(2) 

r f (x, y ) = 

n ∑ 

i =1 

w i 

[
p i r − μr (x, y ) 

][
p i f − μ f (x, y ) 

]
, (3) 

here w i (i = 1 , 2 , · · · , n } is a 3 × 3 circular-symmetric Gaussian

eighting function with standard deviation of 1.5 met the con-

ition 

∑ n 
i =1 w i = 1 through normalization; p i r and p i 

f 
individually

resent the pixel values of a 3 × 3 region that centers on the lo-

ation of ( x , y ) in reference image r and MEF image f , and ( x , y )

eans the pixel location in the input images. 

Firstly, the Contrast STructure similarity map (CSTM) between

ach reference image r and MEF image f can be calculated as fol-

ows: 

ST M(x, y ) = 

2 σr f (x, y ) + c 1 

σ 2 
r ( x, y ) + σ 2 

f 
(x, y ) + c 1 

, (4) 

here c 1 is a small positive constant to avoid the numerical insta-

ility. It can be seen that the larger value of the CSTM ( x , y ) indi-

ates higher contrast structure preservation between the reference

mage r and MEF image f . 

Secondly, from the viewpoint of HVS, too large contrast may

ead to the consequence of the structure detail loss, while too

mall contrast will also deteriorate the image scenario depths. And
roper contrast, to a certain extent, will be comfortable for the hu-

an perception on the image. In other words, the HVS is very sen-

itive to the contrast saturation. Moreover, the contrast saturation

hange is also a key property of MEF due to its multi-exposure

eference images. Hence, the contrast saturation is exploited as a

ey factor on the perceptual quality assessment of MEF image. The

ontrast saturation (cs) of each reference image and MEF image can

e estimated as 

s r (x, y ) = 

2 

π
arctan 

(∣∣∣∣σr f (x, y ) + t 

σ 2 
r ( x, y ) + t 

∣∣∣∣
)

(5) 

s f (x, y ) = 

2 

π
arctan 

(∣∣∣∣σr f (x, y ) + t 

σ 2 
f 
( x, y ) + t 

∣∣∣∣
)

. (6) 

he Contrast SAturation similarity map (CSAM) between each refer-

nce image and MEF image is defined as follows: 

SAM(x, y ) = 

2 cs r (x, y ) cs f (x, y ) + c 2 

cs 2 r ( x, y ) + cs 2 
f 
(x, y ) + c 2 

, (7) 

here t and c 2 are positive constants to ensure numerical stability.

To demonstrate the effectiveness of the proposed contrast simi-

arity measurement for MEF quality assessment, Fig. 3 shows the

STMs and CSAMs of a typical MEF image resulted from differ-

nt image fusion methods and its corresponding reference images

ith multiple exposures selected from the database [23] . Note that

hree MEF images are generated by Gu et al. [24] , Li et al. [25] , and

 simple local energy weighted linear combination (LEW), respec-

ively, while the CSTMs and CSAMs are taken the ones between the

ver-exposure reference image and MEF image as examples. One

an see that the MEF image produced by Gu et al. [24] presents

 dim color, the one by Li et al. [25] has sharper contrast with a

omfortable perception, and the one by LEW has bright colors but

eavy blocking artifacts. In other words, the feature extracted in

his paper plays a significant role in the human perception on MEF

mage. It can be further observed that the CSTM and CSAM of the

EF image produced by Li et al. [25] present more comprehensive

ontrast structure and saturation information than that of LEW and

u et al. [24] . This means that the CSTM and CSAM can effectively

apture the contrast degradations. Therefore, the developed con-

rast similarity measurement is exploited as an effective descriptor

n the proposed MCM on the quality evaluation of MEF images. 
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Fig. 3. Samples of multi-exposure images of sequence “Venice” selected from MEF database [23] : (a) under exposure; (b) normal exposure; (c) over exposure. Their MEF 

images resulted from different image fusion methods: (d) Gu et al. [24] ; (g) Li et al. [25] ; (j) local energy weighted linear combination (LEW). (e), (h), and (k) are the 

corresponding contrast structure similarity map s (CSTMs) of (d), (g), and (j), respectively. Likewise, (f), (i), and (l) are the corresponding contrast saturation similarity map s 

(CASMs) of (d), (g), and (j), respectively. 
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2.3. Adaptive weight for each reference image 

Obviously, various reference images with various exposure lev-

els have different contributions to the MEF image. For example, as

shown in Fig. 3 , the under-exposure reference image has fruitful

texture information about clouds and sky, while the over-exposure

reference image provides the more details regarding the objects

in the scene, e.g., boat, houses. Hence, to conduct the MEF image

quality assessment, various reference images with different expo-

sure levels should have different weights. Intuitively, the more rel-

evant the reference image to the MEF image, the larger the weight

should be assigned. The relevance between the reference image

and the MEF image can be well reflected by two factors, that is,

contrast structure similarity and covariance. The former one indi-

cates the contrast structure preservation amount and the latter one

describes the correlation. The larger value of the contrast structure

similarity and the covariance means the higher relevance between

the reference image r and the MEF image f . Hence, the weight W

for each reference image r is determined by simply multiplying the

C  
ean value of the CSTM as shown in Eq. (4) and that of covariance

etween each reference image R and MEF image F . 

W = 

1 

L 
· W CST M 

· W COV 

 CST M 

= 

1 

N 

∑ 

(x,y ) ∈ �
CST M(x, y ) (8)

W COV = 

1 

N 

∑ 

(x,y ) ∈ �
σr f (x, y ) , 

here L = 255 is a normalization factor, � denotes all the pixels

n the input image, and N is the total number of pixels. 

After performing the contrast similarity measurement and

eight computation, the proposed MCM combines the contrast

tructure similarity map, CSTM ( x , y ), the contrast saturation sim-

larity map, CSAM ( x , y ), and the weight of each reference image,

 , to obtain the contrast similarity map , CSM ( x , y ), between each

eference image r and MEF image f : 

SM(x, y ) = W · [ CST M(x, y )] α · [ CSAM(x, y )] β, (9)
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Fig. 4. The multi-scale scheme used in the proposed MCM, where the LPF denotes a low-pass filter and 2 ↓ means the downsample operation by a factor of 2. 
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here α and β are two positive constants that can be used to ad-

ust the relative importance of CSTM ( x , y ), and CSAM ( x , y ). By sim-

ly treating these two measurements equally important, α = β = 1

s set in this work. 

.4. Multi-scale contrast-based model (MCM) score 

The contrast similarity map CSM indicates the local quality map

etween a reference image r and MEF image f by considering the

ontrast information. Considering that MEF image has multiple ref-

rence image r k (k = 1 , 2 , . . . , M) , there will be multiple contrast

imilarity maps CSM k (k = 1 , 2 , . . . , M) . In order to generate the

uality score of the MEF image, a pooling process on these CSM s

s needed. As different regions may contribute differently to the

verall perception of an images quality, a standard deviation pool-

ng strategy is employed to produce the MCM score: 

 CM = 

√ √ √ √ 

1 

M N − 1 

M ∑ 

k =1 

∑ 

(x,y ) ∈ �
( CSM k (x, y ) − μ) 

2 
, (10) 

here M is the number of reference images, � denotes all the pix-

ls in the input image, N is the total number of pixels, and μ rep-

esents the mean value of all the contrast similarity maps CSM s. 

In addition, it is known that the image details can be better

epicted in a multi-scale space, since it can have multiple inter-

retations of the image content from the coarse level to the fine

evel [26] . Considering that the multi-exposure reference images

sually present large contrast variation in the MEF application as

hown in Fig. 1 , it would be desirable to exploit the multi-scale

cheme for exploring the large-range contrast change on the design

f IQA model for MEF image. Hence, by following the same prac-

ice as proposed in [27] , a multi-scale scheme is further adopted

o evaluate the image quality of MEF from finer to coarser scales.

s illustrated in Fig. 4 , the original reference and MEF images are

et as the images at the initial scale (i.e., scale 1). By applying a

ow-pass filter and then a down-sampling operation with a factor

f 2 on the images at scale s , the output images at scale s − 1 will

e generated. By pooling the contrast similarity maps at each scale

ccording to Eq. (10) , we can establish a set of quality scores at

ifferent scales, MCM s , s = 1 , · · · , S . After that, the ov erall MEF im-

ge quality assessment score, MCM , is obtained by combining the

uality score at each scale as follows. 

 CM = 

S ∏ 

s =1 

[ M CM s ] 
βs (11) 

here S is the number of total scales, and βs is used to ad-

ust the importance of quality score at scale s . Note that S = 4 ,

1 = 0 . 0517 , β2 = 0 . 3295 , β3 = 0 . 3462 , and β4 = 0 . 2726 are set as

uggested in [27] . 
. Experimental results and discussions 

.1. Database and evaluation criteria 

In this section, the performances resulted from the proposed

CM and other state-of-the-art models are compared based on the

EF IQA database [23] . Note that the MEF database is the only

ublic available database specifically designed for MEF quality as-

essment. It consists of 17 source sequences and each source se-

uence contains different number of multi-exposure reference im-

ges with various resolutions and scenarios (i.e., from 3 to 30 with

bundant exposure levels). Moreover, total 136 fused images are

roduced by performing 8 existing image fusion methods on each

ource sequences. More details can be referred to Table 1 . 

By following the standard procedures of conducting perfor-

ance evaluation as suggested in the video quality experts group

VQEG) HDTV test [28,29] , a nonlinear regression formula involv-

ng five parameters is employed in this work to map the objective

uality predictions to the subjective scores: 

 i = β1 

(
1 

2 

− 1 

1 + e β2 (x i −β3 ) 

)
+ β4 x i + β5 , (12) 

here x i is the perceptual quality score of the i -th MEF image com-

uted from an IQA model, and Q i is the corresponding mapped

core. The fitting parameters β1 , β2 , β3 , β4 , and β5 are to be de-

ermined by minimizing the sum of squared errors between the

apped objective score Q i and the subjective MOS or DMOS val-

es. 

After the above-mentioned mapping, four performance indexes

s commonly-used in the IQA field are exploited to evaluate the

roposed MCM model and other IQA models—i.e., Pearson linear

orrelation coefficient (PLCC), Spearman rank-order correlation coef-

cient (SROCC), Kendall rank-order correlation coefficient (KROCC),

nd Root mean-squared error (RMSE). The PLCC evaluates the pre-

iction accuracy and is defined as 

LCC = 

∑ n 
i =1 (Q i − Q )(m i − m ) √ ∑ n 
i =1 (Q i − Q ) 2 (m i − m ) 2 

, (13) 

here m i represents the subjective score (i.e., MOS or DMOS) of

he i -th MEF image, while m and Q are the mean values of m i and

 i , respectively. 

The SROCC and KROCC evaluate the prediction monotonicity as

ROCC = 1 − 6 

∑ N 
i =1 d 

2 
i 

N (N 

2 − 1) 
, (14) 

here d i is the difference between the i -th image’s ranks in the

ubjective and objective evaluations, respectively, and N denotes

he total number of samples. 

ROCC = 

2(N c − N d ) 

N(N − 1) 
, (15) 

here N c and N d denote the number of concordant and discordant

airs found in the database, respectively. 
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Table 1 

Source sequences with multiple-exposure reference images in MEF database. 

Source sequences Resolution Number Source sequences Size Number 

Balloons 339 × 512 9 Lamp 342 × 512 6 

Belgium house 384 × 512 9 Landscape 341 × 512 3 

Cadik Lamp 384 × 512 15 Lighthouse 340 × 512 3 

Candle 364 × 512 10 Madison capitol 384 × 512 30 

Cave 384 × 512 4 Memorial 512 × 381 16 

Chinese garden 340 × 512 3 Office 340 × 512 6 

Farmhouse 341 × 512 3 Tower 512 × 341 3 

House 340 × 512 4 Venice 341 × 512 3 

Kluki 341 × 512 3 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Statistical significance tests of different IQA models. A symbol “1” with red 

color means that the IQA model in the row significantly outperforms the one in 

the column, a symbol “0” with blue color represents the opposite, and a symbol 

“-” with green color indicates that the performances of the models in the row and 

column are statistically similar. (For interpretation of the references to color in this 

figure legend, the reader is referred to the web version of this article.) 
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The RMSE evaluates the prediction consistency as 

RMSE = 

√ 

1 

n 

n ∑ 

i =1 

(Q i − m i ) 2 . (16)

It should be pointed out that the higher the values of the PLCC,

SROCC, and KROCC, the better the performance of the IQA model,

since this indicates that the correlation between the objective and

the subjective scores is higher. On the contrary, a lower RMSE

value indicates a better performance. 

3.2. Performance comparison 

To evaluate the performance accurately, the proposed MCM will

be compared with multiple state-of-the-art image fusion quality

assessment models (i.e., [9–14,19,20,23] ), where the last one [23] is

specifically designed for MEF quality assessment. Note that the pa-

rameters c 1 , t , c 2 of the proposed MCM as shown in (4) –(7) needs

to be set. In addition, it is important to determine the number of

total scales S of the proposed MCM as shown in (11) , since the

proposed MCM estimates the MEF image quality in a multi-scale

scheme. For that, a subset of MEFs chosen from MEF database,

which contains 6 source sequences and their 48 fused images,

are used for the determination of these parameters. Following the

same practices as suggested in [30,31] , those parameter values that

lead to higher SROCC will be selected. Through extensive experi-

ments, the values of c 1 , t , c 2 , and S are empirically determined as

2, 0.1, 0.01 and 4, respectively. This setting is applied to all the

MEFs in the subsequent experiments. 

Table 2 documents the PLCC and SROCC computed by the

above-mentioned IQA models for the MEFs from the MEF database,

where the best two performance are marked in bold. In this table,

the row “Average” means the average results of all the source se-

quences from MEF database. One can see that the proposed MCM

achieves the higher PLCC and SROCC values, compared with mul-

tiple state-of-the-art IQA models. This means that the proposed

MCM model is able to obtain the highest consistency with the sub-

jective quality ratings judged by the HVS and outperforms other

state-of-the-art models under comparison. 

For better illustration, the statistical significance tests are

further performed as suggested in [23,29] . After comparing the

above-mentioned IQA models with each other, the results are

shown in Fig. 5 , where a symbol “1” with red color means that

the IQA model in the row significantly outperforms the one in

the column, a symbol “0” with blue color represents the opposite,

and a symbol “-” with green color indicates that the performances

of the models in the row and column are statistically similar. It

can be seen that the proposed MCM is significantly better than

other state-of-the-art models under comparison, which is in line

with the observation from Table 2 . This is because the proposed

MCM is developed by fully considering the special characteristics

of MEF while other state-of-the-art models fail to do that. On one

hand, the proposed MCM that exploits the contrast information in
 multi-scale scheme is much more effective for conducting MEF

erceptual quality assessment, since the HVS is highly sensitive

o the contrast that can well indicate the exposure change of the

eference images for MEF. In addition, the proposed MCM fully

onsider the contribution of different image regions from different

eference images with different exposure levels to the overall

erceptual quality assessment of MEF images. Another interesting

bservation is that all the models specifically designed for the

EF image quality assessment (i.e., [23] , and our proposed MCM)

re significantly superior to those other IQA models. This is mainly

ue to the fact that they consider the special characteristics of the

EF on the design of MEF quality assessment models. 

To further demonstrate the superiority, a more comprehensive

omparison among the proposed MCM and the most state-of-the-

rt IQA model specifically for MEF [23] are conducted in terms of

he accuracy and efficiency (or computational complexity), where

he efficiency is also another figure of merit that needs to be as-

essed, especially for practical applications. For that, the average

unning time per image incurred for both IQA models by exper-

menting on the MEF database is measured to evaluate its com-

utational complexity. The computer used is equipped with an In-

el I5-4590 CPU@3.30 GHz with 8GBs of RAM, and the software

latform is Matlab R2016b. The average results of SROCC, KROCC,

LCC, RMSE and the running time are illustrated in Table 3 . One

an see that the proposed MCM consistently outperforms the most

tate-of-the-art method [23] specifically for MEF in terms of all the

erformance indexes. It means that the proposed MCM is able to

ield the higher correlation with the subjective quality ratings, and

uch faster than the most state-of-the-art method [23] specifically

or MEF. 
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Table 2 

Performance comparisons of different IQA models on the MEF database in terms of PLCC and SROCC. 

Criteria Source sequences [9] [10] [11] [12] [13] [14] [19] [20] [23] MCM 

PLCC Balloons −0.5417 0.7605 0.7050 0.4389 0.6648 0.5038 −0.3417 0.2765 0.9297 0.9358 

Belgium house −0.3853 0.1744 0.8017 0.6261 0.5608 0.5020 −0.9610 −0.5719 0.9312 0.9653 

Cadik Lamp −0.1205 −0.4785 0.7294 0.7281 0.4017 0.4320 −0.9180 0.0095 0.8907 0.9836 

Candle 0.2654 −0.7290 0.9388 0.8917 0.1063 0.1789 −0.9563 −0.8006 0.9513 0.9464 

Cave −0.2143 0.0526 0.6946 0.8136 0.6206 0.6301 −0.8479 0.1562 0.7719 0.6430 

Chinese garden −0.2238 −0.2942 0.7684 0.8358 0.4812 0.4087 −0.5263 0.3800 0.9563 0.8416 

Farmhouse −0.6407 0.5039 0.6408 0.5997 0.6929 0.2163 −0.4077 −0.2729 0.8632 0.9186 

House −0.2885 −0.5237 0.6207 0.5956 0.4762 0.4805 −0.8928 0.4154 0.8414 0.9558 

Kluki −0.0912 0.0209 0.3914 0.3585 −0.1124 −0.0489 −0.7126 0.5952 0.8242 0.9098 

Lamp −0.3870 0.6205 0.8445 0.7518 0.6493 0.5955 −0.6828 0.6131 0.8291 0.9055 

Landscape −0.2107 0.5393 0.3204 0.4479 0.0806 0.0306 0.4677 0.9015 0.7457 0.6122 

Lighthouse −0.2955 −0.2613 0.8383 0.6553 0.2462 −0.0226 0.1694 0.6680 0.9420 0.8864 

Madison capitol −0.4061 0.0313 0.6278 0.4225 0.5414 0.6184 −0.7133 0.4900 0.9141 0.9152 

Memorial −0.4182 0.4454 0.8276 0.6780 0.5877 0.7332 −0.9493 −0.2164 0.8981 0.9805 

Office −0.2030 0.3022 0.4980 0.4725 0.3161 0.3238 −0.5301 0.5309 0.9628 0.9562 

Tower −0.4777 −0.1155 0.7719 0.8347 0.5718 0.5941 −0.1729 0.6806 0.9561 0.9472 

Venice −0.3584 −0.0222 0.7949 0.6543 0.4786 0.2796 −0.4498 0.6790 0.9699 0.9712 

Average −0.2939 0.0604 0.6949 0.6356 0.4332 0.3798 −0.5544 0.2667 0.8928 0.8985 

SROCC Balloons −0.4286 0.7143 0.6667 0.50 0 0 0.5952 0.4524 −0.3810 0.3333 0.8333 0.9524 

Belgium house −0.2994 0.0 0 0 0 0.7785 0.7545 0.5389 0.4671 −0.9102 −0.7066 0.9701 0.9581 

Cadik Lamp −0.0714 −0.3810 0.7857 0.6190 0.4762 0.4048 −0.9286 0.1905 0.9762 1.0 0 0 0 

Candle 0.3571 −0.6667 0.9762 0.7857 0.1667 0.5476 −0.9762 −0.4524 0.9286 0.9524 

Cave −0.1190 0.0238 0.7143 0.8095 0.6429 0.5714 −0.8571 0.3333 0.8333 0.6190 

Chinese garden −0.2143 −0.2857 0.6905 0.7857 0.5476 0.5238 −0.7143 0.4048 0.9286 0.7619 

Farmhouse −0.4524 0.50 0 0 0.7381 0.8095 0.50 0 0 0.2857 −0.6905 −0.1905 0.9286 0.8095 

House −0.0476 −0.6905 0.5952 0.4524 0.5238 0.4048 −0.9048 0.4524 0.8571 0.9048 

Kluki −0.2381 0.1667 0.2619 0.2857 0.0476 0.1190 −0.7381 0.7381 0.7857 0.9048 

Lamp −0.4286 0.8333 0.7619 0.6190 0.6905 0.5476 −0.6905 0.8810 0.7143 0.9048 

Landscape −0.7381 0.5476 0.0238 0.4048 0.1429 0.1429 0.7143 0.8333 0.5238 0.8810 

Lighthouse −0.8333 −0.4286 0.50 0 0 0.4286 0.3810 0.0714 0.2381 0.6905 0.8810 0.6905 

Madison capitol −0.2143 0.3095 0.5238 0.3571 0.5238 0.4762 −0.7381 0.5476 0.8810 0.8810 

Memorial 0.0 0 0 0 0.8095 0.7619 0.5476 0.5238 0.6667 −0.8571 −0.2381 0.8571 0.8571 

Office −0.1928 0.0843 0.2771 0.3976 0.3856 0.4579 −0.6266 0.4940 0.7832 0.9880 

Tower −0.4762 −0.2143 0.5714 0.5238 0.5952 0.5714 −0.0238 0.5952 0.9524 0.9286 

Venice −0.3353 0.2994 0.9102 0.7306 0.5629 0.3114 −0.4551 0.6587 0.9341 0.9341 

Average −0.2784 0.0590 0.6198 0.5771 0.4614 0.4131 −0.5612 0.3274 0.8570 0.8781 

Table 3 

Performance comparison between proposed MCM and the most state-of-the-art 

method [23] averaged on MEF database. 

Item SROCC KROCC PLCC RMSE Speed (s/Image) 

[23] 0.8570 0.7470 0.8928 0.6829 0.4500 

MCM 0.8781 0.7686 0.8985 0.6037 0.0045 

Table 4 

Performance resulted from each contrast attribute of the proposed MCM aver- 

aged on the MEF database. 

Item SROCC KROCC PLCC RMSE 

CSTM 0.8409 0.7262 0.8877 0.6231 

CSAM 0.8473 0.7348 0.8889 0.6167 

MCM 0.8781 0.7686 0.8985 0.6037 
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Table 5 

Performance resulted from the proposed MCM under different scales averaged 

on the MEF database. 

Scale 1 2 3 4 5 

SROCC 0.7904 0.8373 0.8493 0.8781 0.8669 

KROCC 0.6373 0.6964 0.7135 0.7686 0.7601 

PLCC 0.7749 0.8435 0.8838 0.8985 0.8942 

RMSE 0.8944 0.7455 0.6405 0.6037 0.6239 
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.3. Analysis of proposed MCM 

To analyze how much of the contributions coming from each

ontrast attribute in the proposed MCM model, the performance

n the evaluation of the MEF images resulted from each of two

ontrast attributes (i.e., contrast structure and contrast saturation)

re investigated using the MEF database. This can be accomplished

y assigning different values to α, and β in Eq. (9) . Specifically,

or considering contrast structure only (i.e., CSTM ), α = 1 and β
 0; and for the contrast saturation only (i.e., CSAM ), β = 1 and

= 0. The corresponding experimental results averaged on all the

ource sequences from MEF database are documented in Table 4 .

ne can see that each contrast attribute achieves relatively good
erformances, and the proposed MCM that jointly explores both

ontrast attributes performs the best. This investigation suggests

hat the contrast structure, and contrast saturation effectively con-

eys different attributes of contrast, and they play a complemen-

ary role to jointly capture the contrast properties well for deliver-

ng accurate quality assessment for the MEF images. 

To analyze the influence of the total scale number S to the pro-

osed MCM, extensive experiments are conducted to investigate

he performance of the proposed MCM by using different values

f S on the MEF database. The corresponding experimental results

re shown in Table 5 . It can be observed that the overall perfor-

ance of the proposed MCM increases with the number of total

cales when S is smaller than or equal to 4 while decreases when

 is larger than 4. Specifically, the proposed MCM yields the worst

erformance at S = 1 while the best performance at S = 4. This

tudy reveals that the proposed MCM that exploits a multi-scale

cheme with a proper scale number is able to better explore the

mage details for evaluating the perceptual quality of MEF images. 
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4. Conclusion 

In this paper, a novel multi-exposure image fusion (MEF) qual-

ity assessment model, called the multi-scale contrast-based model

(MCM), is proposed. The superior performance of our approach is

due to the fact that (1) the contrast information extracted from

the MEFs as used in our MCM model are highly consistent with

the response or perception of the HVS on the MEFs; (2) the im-

portance of each reference image to the overall MEF image quality

is considered based on its relevance to the MEF image, and (3) a

multi-scale scheme is utilized to explore the finer and coarser im-

age details for MEF quality assessment. Extensive experiments have

demonstrated that the proposed MCM model not only consistently

outperforms other state-of-the-art IQA models on objectively eval-

uating the image quality of the MEF images, but also yields a rela-

tive low computational complexity. 
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