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Abstract

This paper presents an image quality assessment (IQA) model exploring the multi-order derivative feature, called
Multi-order Derivative Feature-based Model (MDFM), for evaluating the perceptual quality of light field image (LFI).
In our approach, for the input reference and distorted LFIs, the multi-order derivative features are extracted by using
the discrete derivative filter to represent the image details in different degrees. Then, the similarities of the extracted
derivative features are measured independently. Finally, the weight map is established through the maximum value
of the second-order derivative feature of reference and distorted LFIs, which is further utilized to pool the similarity
map for generating the final score. Extensive simulation results have demonstrated that the proposed MDFM is more
consistent with the perception of the HVS on the evaluation of LFI than the classical and state-of-the-art IQA methods.

Keywords: Light field image, image quality assessment, multi-order derivative feature.

1. Introduction

As a new type of visual media information source, light field has been received extensive attentions in recent
years [1, 2, 3, 4]. Rather than simply recording the projection of light rays on two-dimensional plane, light field
describes the distribution of light rays in a free space, including their positions, angles and radiances. Comparing
to the traditional imaging technology, light field imaging [5] can reflect more directional and angular information in
real scene. Thus, the resulted light field images (LFIs) can be widely used in synthetic aperture imaging, multi-view
segmentation, three-dimensional reconstruction, and so on [6, 7, 8, 9].

Since the human are the ultimate observers of the images, the goal of image quality assessment (IQA) is to reflect
the image quality and provide the guidelines for the performance optimization and measurement during each stage of
image processing and communication systems from the viewpoint of the human visual system (HVS) [10]. Hence,
the IQA has been a necessary research topic in the image processing field. Similar to the natural images, in the stages
of acquisition, compression, storage, transmission and display, LFIs are also inevitably suffered from a wide kinds of
distortions [11], affecting the light field perceived quality and the related system performance. Therefore, it is quite
essential to design an objective IQA model to automatically and accurately measure the quality of LFIs.

Many IQA models can be found in the literature. The conventional peak signal-to-noise ratio (PSNR) and mean
square error (MSE) only consider the difference between pixels and ignore the correlation between pixels and the
HVS characteristics, resulting in an inferior correlation between the HVS perception and image quality. Therefore,
the researchers are more inclined to consider the HVS in the development of IQA model. Considering that the human
eye is more sensitive to the structural information when the human view an image, Wang et al. [12] presented a
structural similarity (SSIM) model. By following SSIM, Wang et al. [13] introduced the concept of image content
weight and then developed information weighted SSIM (IWSSIM). Since the HVS conducts image understanding
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Figure 1: A set of example LFIs “Barcelona” captured in the same scene: (a) Image “001”; (b) Image “021”; (c) Image “041”; (d) Image “061”;
(e) Image “081”; and (f) Image “100”.

mainly according to its low-level features, Zhang et al. [14] proposed a novel feature similarity (FSIM) by combing
the phase congruency and gradient magnitude. Based on the fact that gradient information can effectively reflect
the changes of structure and contrast, Liu et al. used the gradient similarity (GSIM) [15] to perform image quality
assessment. Xue et al. [16] further proposed gradient magnitude similarity deviation (GMSD) with the motivation
that the global variation of gradient is able to effectively describe the image quality. Sheikh et al. [17] exploited
information fidelity to quantify the image information loss caused by the distortion. Zhang et al. [18] proposed a
simple and effective IQA method by using visual saliency (VS) model, in which the degree of “saliency” of a local
region to the HVS is explored.

Although the academic community has developed various IQA models in the past decades, they are proposed for
evaluating the natural images (e.g., [12]-[18]), the screen content images (e.g., [10, 19, 20]), multi-exposure fused
image [21], etc. Since different images have different characteristics, they are not suitable for directly evaluating the
perceptual quality of LFIs. To study the IQA for LFIs, an IQA database for LFIs is firstly established, called dense
light fields database [22], which provides the reference LFIs, the distorted LFIs, and corresponding just-objectionable-
differences (JODs) values. It also has verified that some existing IQA models that work well for natural images can
not predict the quality of LFIs in high consistency to the HVS perception [22]. Hence, this stimulates the need of new
IQA model specifically for LFIs.

To this end, this paper proposes an effective IQA model for the LFIs, called multi-order derivative feature-based
model (MDFM). The proposed MDFM is mainly motivated by the characteristics of the LFIs that a set of LFIs
captured in the same scene only have a slight difference in the viewing point, but have quite similar contents to each
other. This can be easily seen from some examples of LFIs selected from dense light fields database [22], as shown
in Figure 1. Thus, it could be logical to consider more image details for distinguishing the difference when extracting
image feature information in the design of IQA model for LFIs. For that, the proposed MDFM uses the discrete
derivative filter to extract the multi-order derivative feature maps of the reference and distorted LFIs, respectively.
The similarity measurement between the reference and distorted LFIs is then conducted on these obtained feature
maps. The second-order derivative feature of the LFI in the horizontal and vertical directions is exploited as the
weighting factor to pool the similarity maps for generating the final quality score for the LFIs. Experimental results
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Figure 2: The framework of the proposed multi-order derivative feature-based model for the LFIs, MDFM.

have shown that the proposed MDFM is able to better describe the quality of LFIs in terms of HVS perception than
the state-of-the-art IQA methods.

The remaining of this paper is organized as follows. In Section 2, the proposed multi-order derivative feature-
based IQA model for LFIs is proposed. In Section 3, the performance comparison between the proposed IQA model
and the state-of-the-art ones is discussed. Lastly, the conclusion is made in Section 4.

2. Proposed Multi-Order Derivative Feature-Based Quality Assessment Model for Light Field Image

2.1. Overview
The proposed MDFM for evaluating the quality of a distorted LFI with respective to its reference LFI is shown

in Figure 2. It is mainly composed of the following steps. In the first step, the discrete derivative filter [23] with
the finite-size linear-phase separable kernels is exploited to filter the reference LFI (denoted as Ref ) and the distorted
LFI (denoted as Dist) respectively to obtain the multi-order feature maps, including first-order feature maps (i.e.,
Ref 1st, Dist1st) and the second-order feature maps (i.e., Ref 2nd, Dist2nd). In the second step, the first-order feature
similarity map Sim1st and the second-order feature similarity map Sim2nd are generated by measuring the similarity
between the reference and distorted LFIs. In the third step, the second-order derivative feature of LFI in horizontal
and vertical directions is utilized as the weighting factor to pool the first-order and second-order feature similarity
maps (i.e., Sim1st, Sim2nd) for generating the quality score for the distorted LFI. The details of the proposed MDFM
will be successively described in the following subsections.

2.2. Multi-Order Derivative Feature Extraction
Considering that a set of LFIs captured in the same scene only have a slight difference in the viewing point, but

have quite similar contents to each other, they can be treated as a multidimensional signal. For a multidimensional
signal, the discrete derivative filter [23] is able to optimally respect the details in different degrees. Thus, the discrete
derivative filter is exploited on each input LFI to obtain its multi-order derivative features in order to effectively
explore the image details of LFIs on the quality assessment of the LFIs. Specifically, let I(x, y) denote an original
digital image, and the first-order derivatives of I(x, y) in the horizontal (x axes) and vertical (y axes) directions (i.e.,
Ix(x, y), Iy(x, y)) can be generated as follow:

Ix(x, y) =
∑
k,l

I(k, l) · d1(x − k) · p(y − l), (1)

Iy(x, y) =
∑
k,l

I(k, l) · p(x − k) · d1(y − l), (2)
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Figure 3: (a) A LFI selected from the dense light fields database [22] and (g) is its distorted image; with respect to (a) and (g), (b) and (h) are the
corresponding first-order derivative feature maps in x direction; (c) and (i) are the corresponding first-order derivative feature maps in y direction;
(d) and (j) are the corresponding second-order derivative feature maps in xx direction; (e) and (k) are the corresponding second-order derivative
feature maps in xy direction;(f) and (l) are the corresponding second-order derivative feature maps in yy direction.

where p(·), and d1(·) are derivative kernels. More specifically, the derivatives of I(x, y) in x axes can be described
as a separable convolution with the differentiation filter d1(·) along the x-dimension with interpolator p(·) in the y-
dimension. On the contrary, the derivatives of I(x, y) in y axes can be depicted as separable convolution with the
differentiation filter p(·) along the x-dimension with interpolator d1(·) in the y-dimension.

In a similar manner, the second-order derivatives of I(x, y) in the xx, yy, ang xy directions can be obtained as:

Ixx(x, y) =
∑
k,l

I(k, l) · d2(x − k) · p(y − l), (3)

Iyy(x, y) =
∑
k,l

I(k, l) · p(x − k) · d2(y − l), (4)

Ixy(x, y) =
∑
k,l

Ix(k, l) · d1(x − k) · p(y − l), (5)

where d2(·) is the derivative kernel. Note that the setting of the p(·), d1(·) and d2(·) were same as suggested in [23].

4



  

To demonstrate, the extracted first-order and second-order derivative features of a typical LFI and its distorted
version, involving different directions, are shown in Figure 3, respectively. Comparing Figure 3 (b) and (h) as example,
it can be easily found that the edge information was lost due to the distortion. Besides, comparing Figure 3 (b) and
(d) as example, one can see that the second-order derivative feature can extract more image details than the first-order
derivative feature. These show that by jointly the first-order and second-order derivative features, the multi-order
derivative feature can reflect the perceptual quality degradation of the LFIs.

2.3. Similarity Measurements
As mentioned, the multi-order derivative feature can effectively extract the image characteristics and details of

the LFIs in different degrees. By following the same practice in [12, 16, 10, 19], the multi-order (i.e., first-order and
second-order) derivative feature similarity maps between the the reference and distorted LFIs (i.e., Sim1st and Sim2nd)
can be measured as:

S im1st(x, y) =
2Re f1st(x, y)Dist1st(x, y) + C1

Re f 2
1st(x, y) + Dist2

1st(x, y) + C1
, (6)

S im2nd(x, y) =
2Re f2nd(x, y)Dist2nd(x, y) + C2

Re f 2
2nd(x, y) + Dist2

2nd(x, y) + C2
, (7)

where C1, C2 are positive constants to avoid the numerical instability. To determine a parameter, extensive experi-
ments are conducted based on a subset of the dense light fields database [22]. Following the same practices as sug-
gested in [10, 19, 20], those parameter values, leading to higher SROCC, will be selected. Consequently, both C1 and
C2 are empirically-determined as 1. Besides, Ref 1st, Ref 2nd, Dist1st, Dist2nd are the first-order and the second-order
derivative feature maps of the reference and distorted LFIs, respectively.

Re f1st(x, y) =

√
Re f 2

x + Re f 2
y , (8)

Dist1st(x, y) =

√
Dist2

x + Dist2
y , (9)

Re f2nd(x, y) =

√
Re f 2

xx + Re f 2
yy, (10)

Dist2nd(x, y) =

√
Dist2

xx + Dist2
yy, (11)

where Ref x, Ref y, Distx, Disty are the first-order partial derivative of reference and distorted LFIs in horizontal and
vertical directions, Ref xx, Ref yy, Distxx, Distyy are the second-order partial derivative of reference and distorted LFIs
in horizontal and vertical directions.

2.4. Second-order Derivative Feature-Based Pooling Strategy
The multi-order derivative feature can describe the image details in different degrees from the viewpoint of HVS.

Intuitively, if a pixel has yielded a larger value of multi-order derivative feature, this implies that the HVS will be more
interested in this pixel. Furthermore, as shown in Figures 3, the second-order derivative feature in the xy directions
could provide more contour information that the human are interested in. Therefore, a second-order derivative feature-
based pooling strategy is designed as follows.

At each pixel location (x, y), the second-order derivative feature from the reference LFI (i.e., Re fxy(x, y)) and the
distorted LFI (i.e., Distxy(x, y)) will be considered, and the larger value will be employed as the weighting factor to
reflect the phenomenon as above-mentioned. Thus, a weight map ω(x, y) will be produced as:

ω(x, y) = max{Re fxy(x, y),Distxy(x, y)}. (12)
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Table 1: Performance Comparisons of the Proposed and Different IQA Models on the Dense Light Fields Database

Distortions PSNR SSIM IWSSIM FSIM VIF VSI VSNR GSS GMSD SCQI MDFM
DQ 0.9017 0.3155 0.6460 0.5616 0.7217 0.4650 0.7403 0.6580 0.8487 -0.5819 0.7933
OPT 0.7635 0.3808 0.6679 0.5957 0.6265 0.5712 0.5541 0.5345 0.7746 -0.5985 0.8057

GAUSS 0.7998 0.8441 0.8224 0.8225 0.9122 0.8095 0.8378 0.8557 0.8668 0.7587 0.8300
PLCC HEVC 0.9229 0.9741 0.9453 0.9391 0.9672 0.9406 0.9559 0.8514 0.9790 0.9164 0.8790

LINEAR 0.8205 0.7415 0.8404 0.7454 0.9221 0.7460 0.8127 0.8293 0.9196 0.6892 0.8653
NN 0.9146 0.7437 0.8801 0.8229 0.9043 0.8236 0.7824 0.8663 0.9002 0.7583 0.8627

Overall 0.6250 0.6837 0.7319 0.6971 0.7860 0.6716 0.6835 0.7486 0.8093 0.6388 0.8123
DQ 0.8761 0.4286 0.7628 0.7598 0.7067 0.7756 0.8332 0.6569 0.8458 -0.7992 0.8454
OPT 0.7976 0.5428 0.7335 0.6859 0.6455 0.6734 0.6992 0.5574 0.8019 -0.6590 0.7844

GAUSS 0.8005 0.8615 0.9087 0.9045 0.9205 0.8954 0.8673 0.9092 0.8618 0.8802 0.8355
SROCC HEVC 0.9195 0.9733 0.9831 0.9853 0.9818 0.9524 0.9702 0.8745 0.9724 0.9533 0.9800

LINEAR 0.9490 0.8096 0.9144 0.8698 0.9181 0.9018 0.8706 0.8536 0.9241 0.8840 0.8822
NN 0.9262 0.7711 0.9256 0.8662 0.9050 0.8907 0.9049 0.9050 0.9086 0.8598 0.8733

Overall 0.7325 0.6972 0.8122 0.7735 0.7844 0.7666 0.7578 0.7851 0.8297 0.7573 0.8346
DQ 0.6883 0.3124 0.5584 0.5681 0.5024 0.5961 0.6394 0.4843 0.6534 -0.6045 0.6562
OPT 0.6028 0.3953 0.5488 0.5051 0.4631 0.4936 0.5005 0.3907 0.6023 -0.4695 0.5816

GAUSS 0.6366 0.7246 0.7616 0.7431 0.7709 0.7570 0.7246 0.7662 0.6921 0.7199 0.6458
KROCC HEVC 0.7609 0.8667 0.8943 0.9080 0.8989 0.8069 0.8483 0.6966 0.8575 0.8207 0.8851

LINEAR 0.7959 0.6268 0.7456 0.6925 0.7708 0.7372 0.6925 0.6632 0.7722 0.6953 0.7037
NN 0.7539 0.5697 0.7499 0.6781 0.7223 0.6982 0.7189 0.8379 0.7264 0.6592 0.6816

Overall 0.5706 0.5038 0.6073 0.5704 0.5841 0.5641 0.5596 0.5866 0.6297 0.5547 0.6308
DQ 0.7693 1.6883 1.3582 1.4721 1.2316 1.5752 1.1962 1.3397 0.9409 1.7797 1.0832
OPT 1.1664 1.6700 1.3441 1.4507 1.4076 1.4824 1.5034 1.5264 1.1423 1.8064 1.0697

GAUSS 1.3423 1.1990 1.2723 1.2721 0.9163 1.3131 1.2209 1.1573 1.1154 1.4568 1.2474
RMSE HEVC 0.9796 0.5756 0.8303 0.8742 0.6461 0.8635 0.7484 1.3344 0.5189 1.0185 1.2132

LINEAR 1.2334 1.4476 1.1694 1.4383 0.8347 1.4368 1.2573 1.2057 0.8478 1.5634 1.0816
NN 0.6782 1.1212 0.7961 0.9529 0.7160 0.9511 1.0445 0.8379 0.7305 1.0934 0.8482

Overall 1.5935 1.4898 1.3910 1.4636 1.2620 1.5125 1.4900 1.3534 1.1990 1.5637 1.1907

Then, the first-order and second-order derivative feature similarity maps will be pooled based on the obtained
weight map to obtain the first-order and second-order derivative feature scores (i.e, S core1st and S core2nd).

S core1st =

∑
(x,y)εΩ S im1st(x, y) · ω(x, y)∑

(x,y)εΩ ω(x, y)
, (13)

S core2nd =

∑
(x,y)εΩ S im2nd(x, y) · ω(x, y)∑

(x,y)εΩ ω(x, y)
. (14)

The total multi-order feature similarity measurement, denoted as MDFM, can be computed by simply multiplying
these two scores together as

MDFM = (S core1st)α · (S core2nd)β. (15)

By simply treating the first-order and second derivative feature measurements equally important, α = β = 1 is set in
our work.

3. Experimental Results and Discussions

3.1. Database and Evaluation Criteria
In this section, the performance of proposed MDFM and other state-of-the-art models are analyzed in terms of

their abilities to predict the perceptual quality of the LFIs based on the dense light fields database [22]. The dense
light fields database consists of nine synthetic and five real-world scenes, which are generated/captured under different
conditions, e.g., outdoor/indoor, daylight/night, etc. In each scene, there are 101 reference images and four different
distortion types with six levels are applied to each image. For each distortion level of each distortion type, there are
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Table 2: Performance Resulted from Each Attribute of the Proposed MDFM

Item PLCC SROCC KROCC RMSE
FDFM 0.8006 0.8338 0.6297 1.2223
S DFM 0.8010 0.8294 0.6255 1.2222
MDFM 0.8123 0.8346 0.6308 1.1907

Table 3: Computation Complexity Comparison of Different IQA Models, Measured in Seconds Per Frame(sp f )

Model Running time(sp f ) Model Running time(sp f )
PS NR 0.0915 VS I 0.4579
GMS D 0.1078 GS S 0.5509
MDFM 0.1344 IWS S IM 1.2172
S S IM 0.1373 VIF 2.7639
VS NR 0.2124
S CQI 0.3376
FS IM 0.3640

101 distorted LFIs. For the synthetic scenes, the distortions include linear (LINEAR) distortion, nearest neighbor
interpolation (NN) distortion, image warping using optical flow estimation (OPT) distortion and quantized depth
maps (DQ) distortion. For all the real-world scenes, the distortions include the NN, OPT, gaussian blur (GAUSS) and
HEVC compression distortion (HEVC). In our experiments, for each scene, the evaluation is individually conducted
on 101 LFIs in each distortion level of each distortion type and the corresponding scores are averaged as the final
score.

In order to meaningfully compare the scores computed by various models, a logistic transform is explored to
map the objective quality prediction scores computed by various models to the subjective scores on the same scale as
suggested in the video quality experts group (VQEG) HDTV test [24, 25].

Qi = β1

(
1
2
−

1
1 + eβ2(xi−β3)

)
+ β4xi + β5, (16)

where the parameters β1, β2, β3, β4, and β5 are to be determined by minimizing the sum of squared errors between the
predicted scores xi and the subjective scores. The most common performance evaluation criterion in the IQA field, the
Pearson linear correlation coefficient (PLCC), Spearman rank-order correlation coefficient (SROCC), Kendall rank-
order correlation coefficient (KROCC), and Root mean-squared error (RMSE), are exploited in our experiments. The
higher values of PLCC, SROCC and KROCC and the lower value of RMSE represent the better performance that the
model is more consistent with the HVS perception on the evaluation of LFIs.

3.2. Performance Comparison and Analysis
To accurately demonstrate the proposed model’s ability in predicting the quality of LFIs, the proposed MDFM is

compared with other state-of-the-art IQA models (i.e., PSNR, SSIM [12], IWSSIM [13], FSIM [14], GMSD [16],
VSNR [26], VIF [17], VSI [18], SCQI [27], GSS [28]). It is worth noting that all the source codes of competing IQA
model are obtained from their author or websites and are performed under the same test procedure and environment
to have a meaning and fair comparison.

Table 1 shows the performance comparison of various IQA model on overall and individual distortion type of the
dense light fields database, where the best two performance are marked in bold. From the experimental results, one
can easily observe that the proposed MDFM achieves the higher PLCC, SROCC, KROCC values and the lower RMSE
value, compared with other state-of-the-art IQA models. Moreover, it is worthwhile of mentioning that compared with
some metrics developed based on fact that the HVS is highly sensitive to the structure information, such as FSIM,
GSS, SSIM, IWSSIM, GMSD, SCQI, the proposed MDFM also delivers high prediction accuracy. This is because the
proposed MDFM is developed by fully considering the special characteristics of LFIs and is able to effectively reflect
more detailed changes of the distorted LFIs. Moreover, it is interesting to observe that the IQA model performs quite
differently on different distortion types. For example, most IQA model can well handle the distortion type “HEVC”
while have relatively poor performance on the distortion type “OPT”.
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Moreover, to show how much of the contribution coming from the first-order and second-order derivative feature
scores in the proposed MDFM, we further conduct the experiments to obtain the performance resulted from only using
the first-order (denoted as FDFM) and the second-order (denoted as S DFM) on the evaluation of LFI perceptual
quality on the dense light fields database, respectively. This can be realized by assigning different values to α and
β in (15). Specifically, for considering the first-order derivative feature only (i.e., FDFM), α = 1 and β = 0; and for
considering the second-order derivative feature only (i.e., SDFM), α = 0 and β = 1. Table 2 shows the corresponding
results. One can find that only using first-order derivative feature and second-order derivative feature also achieve
relatively good performance. When they are combined together to consider the image details in different degrees,
the corresponding MDFM is thus more effective than only using the first-order derivative feature (i.e., FDFM) or the
second-order derivative feature model (i.e., SDFM).

3.3. Comparison in Computation Complexity

In practical applications, the computational complexity of IQA model is a important factor, besides the accuracy.
To evaluate the computational complexity, the average running time per time incurred for each IQA model based on
the dense light fields database is computed, and the results are shown in Table 3. The computer used is equipped
with an Intel I7-6700 CPU@3.40GHz and 16GB of RAM, and the software platform is Matlab R2016b. It can be
clearly observed from the results that the average running time of the proposed MDFM model is 0.1344 sp f , and is
much faster than most IQA models. Therefore, the proposed MDFM model achieves not only higher accuracy but
also lower computational time.

4. Conclusions

In this paper, a multi-order derivative feature-based model (MDFM) is proposed for assessing the perceptual
quality of light field image. The superior performance of our approach is due to the fact that the extraction of image
details from the LFI used in the proposed MDFM are highly consistent with the response or perception of the HVS
on the LFIs. Specifically, the multi-order derivative feature maps are firstly established by exploring the discrete
derivative filter on the reference and distorted LFIs respectively. Then, the similarity measurement is performed
together with second-order derivative feature-based pooling strategy to generate the final score of the distorted LFI.
Extensive experiments have demonstrated that the proposed MDFM consistently outperforms other state-of-the-art
IQA models on evaluating the perceptual quality of the LFIs.
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Highlights 

 

 Propose a multi-order derivative feature-based IQA model for light field image.   

 Exploit discrete derivative filter to explore LFI details on LFI quality assessment.   

 Experimental results justify the accuracy and effectiveness of the proposed 

method. 

*Highlights (for review)


