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Abstract 

Tone mapping operations reduce the high dynamic range of 

an image to a range suitable for the display capabilities. This 

mapping can accentuate some details in the original scene 

while some others can be lost. Objective full-reference 

quality metrics have recently been proposed to assess the 

quality of tone-mapped images. Since the original scene 

content cannot be visualized on a low dynamic range 

display, the quality of the output image can be mainly 

evaluated based on the mapped output without referring to 

the original high dynamic range image. This paper proposes 

a new no-reference metric for quality assessment of tone-

mapped images. Results show that the new proposed metric 

outperforms recently developed metrics with reference to 

the Mean Opinion Score using the same image database, 

while at the same time significantly reducing the required 

computational time. 

Keywords: High dynamic range; image quality assessment; 

no-reference metric; tone mapping; visual perception. 

 

INTRODUCTION 

High Dynamic Range (HDR) imaging was initially 

developed to allow for a more faithful representation of real 

world scenes, compared to traditional imaging techniques, 

since there is no human-made device that can capture a 

scene with as high fidelity as the Human Visual System 

(HVS) can perceive it. As its name implies, the dynamic 

range of an HDR image aims at covering the entire range of 

light in order to fully represent scene information. With the 

recent advances in imaging technologies, HDR images are 

becoming widely popular. However, in order for an HDR 

image to be suitably displayed, an HDR-compatible display 

is required. HDR display is still an expensive technology, 

and it is of common use to apply a Tone Mapping Operator 

(TMO) [1-9] on an HDR image to compress its dynamic 

range into a range suitable for a traditional, low dynamic 

range (LDR) display. 

 The challenge in TMO design is maintaining, to the largest 

possible extent, the visual appearance of the original scene 

and thus, the need for TMO evaluation arises. While 

comparing HDR-to-HDR or LDR-to-LDR images, both 

images have the same dynamic range, which allows for the 

use of any traditional image assessment technique, such as 

the Mean Absolute Difference (MAD), Peak Signal-to-

Noise Ratio (PSNR), Structural Similarity (SSIM) [10], 

etc…  However, when the dynamic range of a HDR image  

is compressed by a TMO resulting in a LDR output, these 

quality evaluation methods become inappropriate for 

representing differences and similarities between the two 

images. Hence, several tone-mapping evaluation methods 

[11-16] have been proposed. These methods use the initial 

HDR input as a reference for quality assessment, thus they 

are referred as full-reference (FR) metrics. 

No-reference (NR) metrics assume the absence of the 

original image before assessing the quality of the output. 

While some NR metrics exist for LDR images [16-17], 

applying these metrics on the output of a TMO fails to 

faithfully describe the image quality. On the other hand, the 

Statistical Naturalness is a NR metric that has been 

developed by Yeganeh and Wang [14] as a part of a full-

reference metric to evaluate the quality of a tone-mapped 

image. Used alone, Statistical Naturalness is not an efficient 

measure for assessing the LDR output of a TMO, as will be 

shown later.   

This paper presents a new no-reference metric that can 

better evaluate the quality of a tone-mapped image 

compared to the most recent full-reference metrics, with 

significantly reduced computational complexity.  

The remainder of this paper is organized as follows. 

Existing quality assessment measures for tone-mapped 

images are first reviewed. Our proposed no-reference metric 

for tone-mapped image quality assessment is presented next, 

followed by experimental results and discussions. Finally, 

conclusions are drawn with a brief discussion of future 

perspectives. 

 

TONE-MAPPED IMAGE QUALITY ASSESSMENT 

Several attempts have been made to objectively evaluate the 

quality of tone-mapped images. A visual difference 

predictor (HDR-VDP) [11] was first proposed  as a fidelity 

metric that compares two HDR images and distinguishes 

between visible and invisible distortions. A range-

independent approach [12] was then proposed, which 

produces quality maps based on three different factors: the 
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loss of visible features, the amplification of invisible 

features, and the reversal of visible contrast. An improved 

version of HDR-VDP was later developed, referred as HDR-

VDP2 [13], also producing quality maps for the tested 

image. These metrics can be used in applications where 

point-by-point quality information is desired, such as in the 

work of Yaacoub, Yaghi, and Bou-Rizk [17] where different 

tone-mapped images were merged resulting in an improved 

LDR output. However, as these methods do not give a single 

quality score, they cannot be used as objective measures for 

the assessment of the overall quality of an image. A new 

metric, the Tone Mapped Quality Index (TMQI), that was 

developed by Yeganeh and Wang [14], compares a tone-

mapped LDR image to its original HDR version and returns 

a single score representing image quality. TMQI is a full-

reference metric based on two independent components: 

structural fidelity (S) and naturalness (N). HDR-VDP2 [13] 

also returns a quality score (along with quality maps), but it 

belongs to the family of full-reference metrics, too. 

In TMQI, structural fidelity is evaluated based on a multi-

scale derivation of the Structural Similarity Index Measure 

(SSIM) [10] which was modified to allow for the 

comparison between HDR and LDR images, since the 

original SSIM was designed to compare images of the same 

dynamic range. The local structural similarity is defined as: 
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where σxy is the cross correlation between the patches x and 

y, σx and σy their respective standard deviations, C1 and C2 

are stabilizing constants, and 
' is a mapped version of   

such that only the cases where the signal strength is 

significant in one of the patches and insignificant in the 

other are penalized [14]. Both versions (HDR and LDR) of a 

given image are iteratively low-pass filtered and down-

sampled, and the local quality index is computed at each 

scale as: 
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where Nk is the number of patches at scale k, and xi and yi 

represent the i-th HDR and LDR image patches at scale k, 

respectively. Finally, the overall structural fidelity score is 

determined as: 
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where K is the number of scales and βk is the weight 

assigned to the k-th scale. 

On the other hand, the statistical naturalness component of 

the TMQI is a no-reference metric computed as: 
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where m represents the image mean intensity value, d its 

standard deviation, and Pm and Pd are given by Eq.5 and 

Eq.6 respectively: 
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with B being the beta function and the set of parameters [σm, 

μm, αd, βd] is [27.99, 115.94, 4.4, 10.1] as determined by 

Yeganeh and Wang [14]. Finally, the TMQI score is 

obtained by: 

 0.3046 0.7088  1Q a S a N   , (7) 

with a = 0.8012. 

The TMQI was remarkably successful in describing the 

quality of a tone-mapped image. Some limitations of TMQI 

were discussed by Kede Ma [15-16] and improvements were 

proposed for each of its individual components S and N, 

resulting in a new metric (TMQI-II). While the S and N 

components were independently improved to better describe 

structural fidelity and scene naturalness, respectively, the 

overall TMQI-II was not as successful as TMQI in 

representing image quality. On the other hand, the N 

component in TMQI-II is a full-reference measure as it 

includes information extracted from the original HDR 

image. 

Several no-reference metrics [18-19] can be found in the 

literature to evaluate the quality of digital images. However, 

when tested on tone-mapped images obtained from an HDR 

version, these metrics fail to represent image quality as 

accurately as the TMQI and the TMQI-II. In the next 

section, we present a new no-reference metric that better 

describes image quality compared to TMQI-II, with the 

possibility to outperform TMQI if its parameters are suitably 

tuned, as will be discussed afterwards.  

 

PROPOSED NO-REFERENCE METRIC 

The success of TMQI [14] and TMQI-II [15-16] is mainly 

due to balancing between structural fidelity that represents 

structural information of the scene, on one hand, and 

naturalness information obtained from the image mean 

(representing brightness) and standard deviation 

(representing contrast), on the other hand. Together, these 

two descriptions constitute a good predictor of perceptual 

quality. 

In this work, our aim is developing a no-reference metric 

that is able to successfully predict perceptual quality of tone-

mapped images. This is useful in applications where only a 

LDR version of an image is available and the original HDR 

version cannot be accessed. 
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As mentioned earlier, TMQI-II is a full-reference metric, as 

well as both its S and N components. This is not the case 

with TMQI where only its S component (Eq. 3) requires the 

HDR image, whereas its N component (Eq. 4) does not. 

Therefore, we rely on the naturalness component of TMQI 

to design a completely no-reference metric. The idea behind 

our metric is a statement by Čadík [21] saying “since we can 

identify the contrast on different spatial resolutions, the 

perception of contrast is obviously affected by the 

reproduction of details”. Therefore, measuring the contrast 

could be an indirect measure of the reproduction of details, 

and consequently, the structural information in the image.  

Panetta et al. [19] proposed a measure that correctly ranks 

image contrast, based on the Michelson-Law measure of 

enhancement [22]. This contrast measure is evaluated by 

first dividing the image into M patches, then evaluating the 

following expression: 
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where Im represents image intensities within the m-th image 

patch. 

Our metric suggests linearly combining contrast measure 

and naturalness, thus resulting in Weighted Contrast and 

Naturalness (WCN) measure given by: 

   1WCN q N q C   , (9) 

where N is given by Eq. 4, C is given by Eq. 8, and q is a 

weighting factor allowing to adjust the relative importance 

of contrast with respect to naturalness, such that 0 ≤ q ≤ 1. 

 

EXPERIMENTAL RESULTS 

Experimental evaluation is performed on the dataset of 

Yeganeh and Wang [14], where 15 image sets are provided, 

each containing one HDR image and 8 different tone-

mapped LDR versions of it (resulting in a total of 120 tone-

mapped images), along with their Mean-Opinion-Score 

(MOS). Scores obtained with different metrics are used to 

rank (order) the images from best to worst, and then the rank 

is compared to the one obtained with the MOS provided 

with the dataset.  

The validation process is performed using two different non-

parametric rank-order correlation metrics: the Spearman 

Rank-order Correlation Coefficient (SRCC) and the Kendall 

Rank-order Correlation Coefficient (KRCC) defined in Eq. 

10 and Eq. 11, respectively.  

SRCC is defined as: 
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where rMOS is the image rank obtained from the subjective 

MOS, r is the image rank obtained from the objective 

metric, j is the image index within the image set and Ni is 

the number of images within the set. 

KRCC is defined as: 
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where Nc and Nd are respectively the numbers of concordant 

(i.e. having the same rank in both subjective and objective 

measures) and discordant pairs in an image set. 

Several objective quality metrics are used in our 

experiments: the contrast measure C (Eq. 8), the Color 

Quality Enhancement (CQE) that linearly combines 

colorfulness, sharpness and contrast [19], TMQI [14] and its 

individual S and N components, and TMQI-II [16] with its S 

and N components as well. Among these measures, only C 

(Eq. 8), CQE [19], and N (Eq. 4) are no-reference metrics, 

whereas all the others are full-reference. Furthermore, since 

CQE was not initially developed for HDR images, we derive 

a full-reference quality indicator based on CQE as: 

1 ,HDR LDRCQE CQE CQE     (12) 

where CQEHDR and CQELDR respectively represent the CQE 

values computed for the HDR and tone-mapped versions of 

the image. When ΔCQE is 1, then CQEHDR = CQELDR, which 

indicates that the TMO has preserved the quality of the 

HDR image in the LDR output. On the other hand, as ΔCQE 

decreases, the difference between no-reference scores 

(CQE) computed for both the HDR and LDR images 

increases, indicating that the tone-mapped output has a 

degraded quality compared to the initial (HDR) image. 

A patch size of 3x3 was used for the computation of the 

contrast measure (Eq. 8) as recommended by Panetta, Gao, 

and Agaian [19]. In order to evaluate the WCN (Eq. 9) for 

tone-mapped images, two approaches were used for 

selecting a suitable value of the parameter q. In the first 

approach, we tune q to best fit the subjective evaluation data 

provided in the dataset for each image set independently. In 

the second approach, q is tuned to best fit the subjective 

evaluation data in the first 8 image sets of the database, and 

the obtained value (q = 0.68) is then applied to the 

remaining sets. 

 

Table 1: Performance evaluation of C, CQE, and ΔCQE 

Image 

Set 

Contrast C in (8) CQE [19] ΔCQE in (12) 

SRCC KRCC SRCC KRCC SRCC KRCC 

1 0.1905 0.1429 0.1660 0.7500 0.1667 0.0714 

2 0.7857 0.6429 0.7857 0.5000 0.7857 0.6429 

3 0.0952 0.0714 0.1429 1.2143 0.1667 0.2140 

4 0.6429 0.4286 0.8810 0.4286 0.8810 0.7143 

5 0.1190 0.0714 0.0476 1.3214 0.5714 0.4286 

6 0.2857 0.2143 0.6190 0.5000 0.6190 0.5000 

7 0.3095 0.2143 0.1190 1.1786 0.6248 0.5000 
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8 0.4524 0.3571 0.3571 0.2143 0.3571 0.2857 

9 0.6190 0.4286 0.6131 0.4643 0.6131 0.4643 

10 0.7619 0.6429 0.4524 0.4286 0.4524 0.4286 

11 0.7143 0.5000 0.1190 0.1429 0.1190 0.1429 

12 0.5714 0.4286 0.6905 0.5000 0.6905 0.5000 

13 0.9702 0.8929 0.2560 0.1786 0.2560 0.1786 

14 0.9286 0.8571 0.6667 0.5000 0.6667 0.5000 

15 0.6190 0.5000 0.9048 0.7857 0.9048 0.7857 

Average: 0.5377 0.4262 0.4547 0.6071 0.5250 0.4238 

 

Table 2: Performance evaluation of TMQI, with its S and N 

components 

Image 

Set 

TMQI S (TMQI) N (TMQI) 

SRCC KRCC SRCC KRCC SRCC KRCC 

1 0.9048 0.7857 0.6667 0.5000 0.9047 0.8757 

2 0.7857 0.6428 0.8095 0.7143 0.7619 0.5714 

3 0.8095 0.6428 0.2619 0.1429 0.7381 0.5714 

4 0.8690 0.7500 0.8571 0.7143 0.8571 0.6429 

5 0.7381 0.6429 0.1429 0.1429 0.7381 0.6429 

6 0.9762 0.9286 0.7381 0.6429 0.9524 0.8571 

7 0.6905 0.5714 0.8810 0.7857 0.6429 0.5000 

8 0.7142 0.5714 0.3333 0.2857 0.7142 0.5714 

9 0.6905 0.5714 0.8571 0.7143 0.3571 0.3571 

10 0.9286 0.8571 0.6667 0.5000 0.9048 0.7857 

11 0.8810 0.7143 0.6429 0.4286 0.5476 0.4286 

12 0.7143 0.5714 0.7143 0.5714 0.5714 0.4286 

13 0.6845 0.5357 0.9464 0.8214 0.4345 0.3214 

14 0.7381 0.6429 0.9524 0.8571 0.7381 0.6429 

15 0.9524 0.8571 0.9286 0.8571 0.9048 0.7857 

Average: 0.8051 0.6857 0.6933 0.5786 0.7179 0.5989 

 

Table 3: Performance evaluation of TMQI-II with its S and 

N components 

Image 

Set 

TMQI-II S (TMQI-II) N (TMQI-II) 

SRCC KRCC SRCC KRCC SRCC KRCC 

1 0.9048 0.7857 0.7381 0.6429 0.9048 0.7857 

2 0.5000 0.2857 0.5714 0.3571 0.5952 0.4286 

3 0.6905 0.5714 0.5714 0.3571 0.7143 0.5714 

4 0.6905 0.5000 0.7619 0.5714 0.7857 0.5714 

5 0.6667 0.5000 0.8810 0.7143 0.5714 0.4286 

6 0.9762 0.9286 0.7143 0.5714 0.9524 0.8571 

7 0.8333 0.7143 0.9286 0.8571 0.7381 0.6429 

8 0.6667 0.5000 0.7619 0.5714 0.7381 0.6429 

9 0.8095 0.7143 0.3095 0.3571 0.7381 0.6429 

10 0.9048 0.7857 0.8095 0.7143 0.8810 0.7143 

11 0.8333 0.7143 0.8095 0.6429 0.7857 0.6429 

12 0.5952 0.4286 0.9524 0.8571 0.5476 0.3571 

13 0.7904 0.6183 0.5629 0.4001 0.7066 0.5455 

14 0.7619 0.5714 0.8333 0.6429 0.7619 0.5714 

15 0.9048 0.7857 0.8810 0.7143 0.7857 0.6429 

Average: 0.7686 0.6269 0.7391 0.5981 0.7471 0.6030 

 

Table 4: Performance evaluation of the proposed WCN 

metrics 

Image 

Set 

WCN WCN (q=0.68) 

SRCC KRCC SRCC KRCC 

1 0.9048 0.7857 0.8571 0.6429 

2 0.7857 0.6429 0.7619 0.5714 

3 0.8095 0.6428 0.8095 0.6429 

4 0.8600 0.6429 0.8571 0.6429 

5 0.7381 0.6429 0.7381 0.6429 

6 1.0000 1.0000 1.0000 1.0000 

7 0.7619 0.7143 0.6905 0.5714 

8 0.7619 0.7143 0.7619 0.7143 

9 0.7381 0.5741 0.4524 0.3571 

10 0.9286 0.8571 0.9048 0.7857 

11 0.7143 0.5000 0.7143 0.5714 

12 0.6667 0.5000 0.6667 0.5000 

13 0.9702 0.8929 0.6488 0.4643 

14 0.9286 0.8571 0.7381 0.6429 

15 0.9524 0.8571 0.9524 0.8571 

Average: 0.8347 0.7216 0.7702 0.6405 

 

Tables 1, 2, and 3 show SRCC and KRCC values obtained 

using existing full-reference and no-reference metrics, while 

Table 4 shows the results obtained with both approaches of 

evaluating WCN. Average SRCC and KRCC values in 

Tables 1-4 are graphically represented in Fig. 1. 

 

Figure 1. Average SRCC and KRCC values obtained using 

different FR and NR metrics. 

 

Table 1 shows significantly smaller values compared to the 

other tables, which indicates that the contrast measure (NR), 

CQE (NR) and ΔCQE (FR) do not correlate with subjective 
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MOS scores as well as the other metrics do. It is also 

noticeable that for several image sets, same SRCC or KRCC 

values are obtained using different metrics. This does not 

imply that these metrics yield the same quality scores, but 

rather result in the same ranking of images. 

Comparing TMQI (Table 2) with TMQI-II (Table 3), it can 

be clearly noticed that the individual S and N components of 

TMQI-II have better correlation with the subjective results 

than those of TMQI. However, TMQI represents perceptual 

quality better than TMQI-II as it achieves higher SRCC and 

KRCC scores, on average. On the other hand, it can be 

observed in Table 4 that the best (highest) average values of 

SRCC and KRCC are obtained with WCN when the q 

parameter has a different value in each image set. While it is 

difficult to determine an optimal value of q each time a tone-

mapped image quality is to be evaluated, this result shows, 

however, that the WCN has an important potential in best 

describing perceptual quality.  

After fitting the WCN model to the image sets 1-8, the value 

q = 0.68 yielded the best results. The remaining sets were 

used for testing. Fixing q to 0.68 shows that WCN has a 

better average correlation with subjective evaluation 

compared to TMQI-II, but it is not the case when compared 

to TMQI. Nonetheless, since WCN is a no-reference metric 

while TMQI is full-reference, this result is eventually 

expected. For a fair evaluation, WCN is to be compared 

with another no-reference metric. To the best of our 

knowledge, there is no such metric, to date, designed to 

evaluate tone-mapped images, except the naturalness 

component of TMQI, which is significantly outperformed 

by WCN as it can be noticed from Tables 2 and 4, and 

Fig. 1. 

It is important to mention that these results are only an 

indicator about how efficient WCN could be as a no-

reference quality measure for HDR images. However, 

statistical validation of the results requires a significantly 

larger dataset. Nevertheless, only the database of Yeganeh 

and Wang [14] was found with MOS values for different 

tone-mapped images, and this same database was later used 

with TMQI-II [15-16]. For these reasons, as well as for fair 

comparison, our tests were limited to the 120 LDR images 

of this dataset [14]. 

After evaluating WCN as a measure of perceptual quality, 

we will next discuss its complexity and compare it with 

other metrics, namely TMQI and TMQI-II (other metrics are 

not of interest since they do not efficiently measure the 

quality of HDR images, as earlier discussed). Naturalness is 

a common component in WCN, TMQI, and TMQI-II. The 

improvements of the structural fidelity and naturalness 

measures in TMQI-II make it more computationally 

expensive compared to TMQI. On the other hand, compared 

to TMQI, the WCN does not include the multi-scale 

structural fidelity term, but rather a single-scale contrast 

measure. Fig. 2 shows the average computational time 

required for the evaluation of TMQI and WCN for each 

image set in the database. To evaluate TMQI, the source 

code provided by Yeganeh and Wang [14] was used. While 

the duration itself may vary depending on the hardware 

specifications, it is the relative time consumption of one 

compared to the other that is rather more important. It can 

be noticed in Fig. 2 that WCN is remarkably more 

computationally efficient than TMQI. The relative time gain 

in each image set varies between 25.1% and 32.3%, and the 

average time reduction evaluated for all the images in the 

database is 27.7%. As a result, in addition to its no-reference 

property, WCN would be a good compromise between 

computational efficiency and image quality assessment 

accuracy, compared to TMQI. 

 

Figure 2. Average computational time in each image set for 

TMQI and WCN. 

 

CONCLUSION AND PERSPECTIVES 

This paper presented a new no-reference metric for the 

evaluation of tone-mapped images. The proposed metric 

consists of a linear combination of a contrast measure and a 

scene naturalness term. Results show that the proposed 

metric correlates with subjective evaluation better than any 

other existing metric (no- or full- reference) to date, despite 

its no-reference nature, if its parameter is suitably 

determined for each image. Setting a fixed value to the 

metric’s parameter results in slightly reduced performance, 

such that its correlation with subjective evaluation falls 

between the two best performing full-reference metrics to 

date, TMQI and TMQI-II, while offering at the same time, 

significant complexity reduction that can save between one 

forth and one third of the computational time required by 

TMQI.  

As a future work extension, the authors aim at studying the 

variation of the optimal parameter (q) and its dependence on 

the different image characteristics, so that it can be 

automatically determined whenever a tone-mapped image 

quality is to be evaluated. Extending the metric to a full-

reference version that better describes visual quality is also 

of our interest. Furthermore, since it is a no-reference metric 

and the original HDR version is not required for quality 

assessment, it would be interesting to evaluate the accuracy 

of the proposed metric if applied on LDR images not 

originating for an HDR version.  
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