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Abstract A number of edge-aware filters can efficiently boost the appearance of an image by detail decomposition and enhancement.
However, they often fail to produce photographic enhanced appearance due to some visible artifacts, especially noise, halos and unnatural
contrast. The essential reason is that the guidance and constraint of high-quality appearance aren’t enough sufficient in the process of
enhancement. Thus our idea is to train a detail dictionary from a lot of high-quality patches in order to constrain and control the entire
appearance enhancement. In this paper, we propose a novel learning-based enhancement method for photographic appearance, which
includes two main stages: dictionary training and sparse reconstruction. In the training stage, we construct a training set of detail patches
by extracting from some high-quality photos, and then train an overcomplete detail dictionary by iteratively minimizing an £1-norm energy
function. In the reconstruction stage, we employ the trained dictionary to reconstruct the boosted detail layer, and further formalize a
gradient-guided optimization function to improve the local coherence between patches. Moreover, we propose two evaluation metrics to
measure the performance of appearance enhancement. The final experimental results have demonstrated the effectiveness of our learning-

based enhancement method.

Keywords image enhancement, dictionary learning, edge-aware filter

1 Introduction decade, a number of edge-aware filters have been proposed
to decompose an image into base layer and detail layer. A

Detail enhancement is a fundamental image processing high-quality enhanced appearance not only depends on the
technique which can enhance the appearance of an image by quality of detail decomposition but also often needs to man-

extracting and boosting its hidden detail layer. In the past
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Fig. 1. Photographic appearance enhancement. (a) Source image. (b) The enhanced result by bilateral filter [1] (w = 5,0 = [16,0.1]). (¢)

The enhanced result by guided filter [2] (r = 16,¢ = 0.01). (d) Our reconstructed result on the detail layer of (c). (e) Histogram of (a).

(f) Histogram of (b). (g) Histogram of (c). (h) Histogram of (d). Note: The edge-aware filters employ a fixed scale factor (n = 5) to boost

their detail layers and perform a unified detail enhancement.

ually find out the optimal enhancement parameters. How-
ever, the manual adjustment is hard to yield a photographic
appearance because of some visible appearance artifacts, in-
cluding noise, halos and unnatural contrast. As shown in
Fig.1(b), we employ a state-of-the-art bilateral filter [1] to
extract the detail layers and boost it using a scale factor, but
their scale-based enhanced results easily suffer from the se-
vere issues about noise, edge and contrast. In fact, these
issues are derived from a lack of reasonable detail constraint
in the process of enhancement.

The recent guided filter [2] introduces a guidance im-
age to constrain and control the detail decomposition, espe-
cially the gradient reversal of bilateral filter [1]. As shown
in Fig.1(c), its filtering output is locally a linear transfor-
m of the guidance image, which can effectively reduce the

noise, edge and contrast issues. But the guidance image is

often the filter input itself and its guided info does not derive
from some real photos with high-quality appearance. Thus
its guidance constraint is not completely appropriate to pho-
tographic enhancement and its scale-based enhanced results
cannot still get rid of unnatural appearance. Unfortunately,
similar with the above state-of-the-art filters, we observe that
most of other popular filters [3—6] also fail to fully guarantee

the appearance quality in detail enhancement.

As a powerful learning technique, dictionary learning
(sparse representation) [7, 8] has been widely applied to im-
age restoration, super-resolution, denoising, and so on. The
learning-based method assumes that each small patch can be
represented sparsely in an overcomplete dictionary learned
from a lot of training patches. Therefore, the appearance
constraint of training patches can be effectively introduced

into the reconstruction of new patches by dictionary learn-



Xie Z F et al.: Photographic Appearance Enhancement

ing. To improve the appearance fidelity, our idea is to per-
form the learning-based detail reconstruction instead of the
traditional scale-based enhancement. More specifically, giv-
en a low-quality input image, we employ an overcomplete
detail dictionary learned from a lot of high-quality image
patches to reconstruct the detail layer of its unknown en-
hanced image. Obviously, with the guidance of high-quality
appearance, the new detail reconstruction will be more ben-

eficial to generating a high-fidelity enhanced result.

In this paper, we propose a novel appearance en-
hancement method based on the above dictionary learn-
ing pipeline, which includes two main stages: dictionary
training and sparse reconstruction. In the training stage,
we first employ some advanced cameras with HDR mod-
e (e.g., Canon 5D mark III and Nikon D800) to collect e-
nough high-quality photos. Their HDR mode can take the
multi-exposure photos in a scene to compose a high dynam-
ic range image. Then we randomly extract a lot of smal-
I patches from these images with photographic appearance
and simply compute their local intensity differences as detail
patches. Finally, we construct a training set of detail patch-
es and train an overcomplete detail dictionary by iteratively
minimizing an ¢;-norm energy function. In brief, we hope
that the trained dictionary can simulate the high-quality en-

hanced appearance of advanced cameras.

In the reconstruction stage, we first decompose a low-
quality input image into base layer and detail layer by some
edge-aware filters. Then we employ a scale factor to boost
its detail layer and construct a lot of overlapped detail patch-
es. Next, we compute the sparse coefficients of each de-
tail patch by minimizing an ¢;-norm reconstruction function
with the trained dictionary and the initially boosted patch.
To improve the local coherence between patches, we fur-
ther formalize a gradient-guided function to optimize the
reconstructed detail patches. Finally, we integrate all new

detail patches into a complete detail layer and add it to the

input image for a final enhanced result. Compared with
their histograms in Figs.1(e)~1(h), the detail constraint of
high-quality photo is reasonably involved into appearance
enhancement. The original artifacts of noise, edge and con-
trast are effectively eliminated in Fig.1(d).

Furthermore, we propose two evaluation metrics with
no-reference and reference quantitative assessments to ver-
ify the performance of our method. The metrics can com-
pute the EME (The Measure of Enhancement) and PSNR
(Peak Signal to Noise Ratio) values to measure the qual-
ity of appearance enhancement. The experimental results
demonstrate that our new method can successfully solve the
original appearance issues in detail enhancement. In sum-

mary, the key contributions of this paper include:

e We introduce dictionary learning into detail enhance-
ment, which employs dictionary training and sparse
reconstruction to improve the appearance quality in

the process of enhancement.

e We propose two objective evaluation metrics based
on EME and PSNR, which measures the quality of
appearance enhancement with no-reference and refer-

ence quantitative assessments.

The outline of the paper is as follows. Section 2
briefly reviews existing relevant work. Section 3 presents
our new enhancement model. Section 4 and Section 5 in-
troduce dictionary training and sparse reconstruction in our
method. Section 6 and Section 7 evaluate the proposed
method through two evaluation metrics and a number of ex-

periments. Finally, Section 8 briefly concludes the work and

discusses possible future works.

2 Related Work

In this paper, some popular techniques, including edge-

aware filter, photo enhancement and dictionary learning, are
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closely related to our learning-based appearance enhance-

ment.

Edge-aware Filter Unlike traditional filters, edge-aware
filters are a group of special image manipulation techniques
due to their faithfulness to image structures. These filter-
s can effectively preserve image edges when they decom-
pose an image into base layer and detail layer. Perona and
Malik [9] first proposed a new definition of scal-space and
realized edge-preserving smoothing using a diffusion pro-
cess. Tomasi and Manduchi [10] proposed a typical bilater-
al filter to smooth images while preserving edges, by means
of a nonlinear combination of nearby image values. Later
the useful bilateral filter has many improved and accelerated
versions [1,11-16].

Farbman et al. [3] proposed an alternative edge-
preserving smoothing operator, based on the weighted least
squares optimization framework, which is particularly well
suited for progressive coarsening of images and for multi-
scale detail extraction. Fattal [17] proposed an edge-
avoiding wavelets to achieve nonlinear data-dependent mul-
tiscale edge-preserving image filtering and processing at lin-
ear computation times. Subr et al. [18] defined detail as
oscillations between local minima and maxima, and then
proposed a new model for edge-preserving multi-scale im-
age decomposition. Paris et al. [4] constructed Laplacian
pyramid to achieve edge-preserving smoothing by manipu-
lating gradients at each scale of the pyramid. Gastal and
Oliveira [19] proposed an efficient domain-transform-based
method to perform high-quality edge-preserving filtering of
images and videos in real time. Xu et al. [5] proposed a new
smoothing operator based on fy-norm gradient minimiza-
tion by controlling the number of non-zero gradients in an
image.

He et al. [2] proposed a fast and non-approximate
linear-time filter to generate the high-quality filtering out-

put by considering the content of a guidance image. Li et
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al. [20] proposed an explicit mixed-domain edge-aware fil-
ter for image manipulation in real space and DCT transform
space. Zhang et al. [6] proposed a new framework to filter
images with the complete control of detail smoothing under
a scale measure, which is based on a rolling guidance im-
plemented in an iterative manner. Wang et al. [21] proposed
least-squares images as a basis for edge-preserving image
smoothing, and Shao et al. [22] also proposed a new edge-
preserving image decomposition method by joint weighted
least squares. Xu et al. [23] recently introduced deep convo-
lutional neural network to train and approximate various fil-
ters without knowing the original models, which can achieve
up to 200x acceleration.

As a fundamental technique, the edge-aware filters
have been widely applied to image processing and computer
vision, such as image smoothing, detail enhancement, edge
extraction, non-photorealistic rendering, and so on. In this
paper, we employ several state-of-the-art filters [1-6] to ex-
tract and boost the detail layer of an image for appearance
enhancement. However, although the original edge struc-
ture can well be preserved, their enhanced results are still
hard to yield a high-quality photographic appearance due to
noise, unnatural contrast, color distortion, halos, and so on.
Therefore, we will introduce reasonable detail constraints
to better guide and control their enhancement process, and
then eliminate visible artifacts to improve the final appear-

ance quality.

Photo Enhancement Besides edge-aware filters, there are
many other techniques and tools for enhancing photograph-
s. Several popular commercial softwares (Adobe’s Photo-
shop, Google’s Picasa and Microsoft’s Office Picture Man-
ager) can be used to well achieve a variety of photo enhance-
ment effects. As a typical technique, histogram equalization
[24-28] uses the cumulative distribution function of image
histogram to achieve image contrast enhancement. Content-

aware enhancement methods [29-34] exploit the context of
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images to correct and improve the quality of enhancement.
Some other methods employ the intelligent editing and pro-
cessing techniques [35-39] of visual media to enhance the
low-quality images and videos. Also worth mentioning are
techniques that reproduce artworks [40-44] by simulating
artistic or photographic effects from images.

In summary, these tools and techniques can yield var-
ious enhancement effects by manipulating image features,
such as color, detail, histogram, context, exposure and so
on. However, they often need to manually adjust their
optimal parameters for high-quality enhancement, and are
still difficult to completely eliminate the aforementioned
enhancement issues. Thus similar to data-driven content-
aware methods [30, 33], we should develop a new idea for
detail enhancement to reduce complex human intervention

and meanwhile improve enhancement quality.

Dictionary Learning Dictionary learning [7, 8] has been
proven to be a very powerful learning technique in com-
puter vision and image processing, and it has been success-
fully applied to image restoration [45, 46], super-resolution
[47,48], denoising [49, 50], and so on. It uses a dictionary
of primitive elements learned from the signal and decom-
poses the signal into these primitive elements. The process
basically involves two steps: training dictionary and com-
puting sparse coefficients for representing the signal using
the dictionary elements.

In this paper, we first introduce dictionary learning in-
to the detail enhancement based on edge-aware filters. It
assumes that each small detail patch can be sparsely rep-
resented in an overcomplete detail dictionary learned from a
lot of training detail patches. Thus the appearance constrain-
t of training detail patches can be mapped into the boosted
detail patches by dictionary learning, which can effectively
solve many appearance issues in the process of detail en-
hancement. When there are a training set of high-quality

photos, we will employ the trained dictionary to reconstruc-

t a new boosted detail layer and produce a final enhanced

result with photographic appearance.

3  Our Enhancement Model

Generally, most of state-of-the-art methods extract im-
age detail and then boost it to yield an enhanced appearance.
A photographic appearance effect depends on how appropri-
ate to obtain and enhance the detail layer, like the production
of an advanced camera. Here, a typical enhancement model

can be simply defined as a following function:
L=I1+d"=1+nxd, (1)

where L is an enhanced result; [ is a source image; d* is a
boosted detail layer; d is an initial detail layer; n is a scale
factor, which is fixed to 5 in this paper. In (1), the initial de-
tail layer can be produced by many edge-aware filters, which
can decompose an image into base and detail components.
The traditional model employs the scale factor to boost the
detail layer, but it is easy to bring some visible appearance
artifacts, especially strong noise, uncomforting edges and
unnatural contrast.

To eliminate the artifacts, we tend to reconstruct a pho-
tographic appearance with a detail dictionary trained from a
lot of high-quality enhanced photos. Thus we assume that
the boosted detail patch can be sparsely represented in an
appropriately chosen overcomplete dictionary. Based on the
assumption, we further propose a new learning-based en-

hancement model as follows:
dl =nd, ~ Dag, 2)

where 7 is a small patch of image and d} € R, N is the

number of pixels in each small patch z; D € RVY*E is an
overcomplete dictionary trained from detail patches sampled
from high-quality photos, K is the number of atoms in the
dictionary D; « is a coefficient vector of sparse represen-

tation, for some a € R with ||a/¢ < K. (2) indicates
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that the boosted detail patch d is represented as a sparse
linear combination with respect to the detail dictionary D
with K atoms (K > N), and the unknown coefficients o,
is a vector with very few (< N) nonzero entries.
Obviously, the new model focuses on how to solve the
sparse coefficients. It is a NP-hard optimization problem be-
cause the desired coefficients should be sufficiently sparse.
With regard to its difficulty, given a trained dictionary D, we
define an ¢;-norm minimization function to constrain the ap-
proximation to the boosted detail layer nd, and balance the

sparsity of the solution:
o :argrginHDam — ndy |3 + N a1, 3)

where o, is the optimal sparse coefficients; A is a balance
parameter between sparsity and fidelity, which is fixed to
0.1 in this paper. After the optimal solution of coefficients
is performed, the new boosted detail layer can be efficiently
reconstructed as di = Da. In (3), the optimization and
reconstruction must have an overcomplete dictionary pre-
trained from a lot of sampled detail patches. Thus we will
explain the training process of the key dictionary in Section

4.

4 Dictionary Training

According to (2), the prerequisite of dictionary train-
ing is a lot of high-quality enhanced images. A conven-
tional method is to manually boost low-quality images and
then yield their enhanced results. However, the manual en-
hancement is very difficult to preserve a unified quality, and
thus their enhanced results are artificial and unsatisfacto-
ry to construct an ideal training set. Fortunately, there are
some advanced cameras (e.g., Canon 5D Mark III and Nikon
D800) with HDR mode, which can simultaneously take sev-
eral photos with different exposure levels and then integrate
them into a higher-quality HDR photo. In this way, we

can collect a lot of high-quality training images with photo-
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graphic appearance instead of the enhanced results of man-
ual adjustment. After that, a training set can be effectively

constructed by sampling from these high-quality photos.
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Fig. 2. Dictionary training. The dictionary with 1024 atoms can
be learned with 100,000 detail patches (5 x 5) sampled from high-
quality images with photographic appearance. Note: The detail

dictionary is normalized for the purpose of better illustration.

To simulate the photographic enhancement effect, we
first randomly extract a lot of small patches from the train-
ing set P = {L', L% ...,L™}, and then simply compute
their local intensity differences to obtain a training set of de-
tail patches Y = {y1,¥2, ..., Yn|yz = L, — mean(L%),t €
[1,m]}. Here, the dictionary learning must fully guaran-
tee the sparsity of coefficients recovered from ¢;-norm min-
imization in (3). Thus we define a new ¢;-norm minimiza-
tion function to solve the detail dictionary and meanwhile

enforce the sparsity of coefficients:
D = argmin [V — Dal3 + Alledh, @)
Ne

where each column of D should remove the scaling ambi-
guity by an o-norm constraint ||D;||3 < 1,i € [1, K]; the
£1-norm constraint of « is to enforce sparsity; A is a balance
parameter between them, which is fixed to 0.1. In (4), the

optimization usually performs in an alternative manner over
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(a) (b)
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Fig. 3. Detail reconstruction and optimization. (a) The boosted detail layer of bilateral filter [1]. (b) The boosted detail layer of guided

filter [2]. (c) Our reconstructed detail layer on (b). (d) The final optimized detail layer on (c). Note: All of detail layers are normalized for

the purpose of better illustration.

two unknowns D and cx.

First of all, we employ a Gaussian random matrix to
initialize a detail dictionary D, each column of which is nor-
malized. Then we fix the detail dictionary D and update the
sparse coefficients a¢ by the following minimization func-

tion:

o =argmin [|Y — Dadlf + Ma], )

which can be solved efficiently through linear programming.
Third, we turn to fix the sparse coefficients c and update the

detail dictionary D by the ¢3-norm minimization function:
Dzargrr}:i)nHY—DaHg, (6)

which is regarded as a typical problem about quadratical-
ly constrained quadratic programming. Finally, we iterate
between (5) and (6) until the optimization problem (4) con-
verges. So far we have finished the entire training process
and obtained a satisfactory detail dictionary. As shown in
Fig.2, the dictionary with 1024 atoms is successfully trained
using a set of 100,000 detail patches (5 x 5). We will em-
ploy the dictionary to reconstruct a high-quality appearance

for defective enhanced image in Section 5.

(@ (b)

Fig. 4. Appearance comparison with and without detail optimiza-
tion. (a) The enhanced appearance without detail optimization. (b)
The enhanced appearance with detail optimization. Detail opti-
mization can effectively improve the local coherence of detail re-

construction and produce a higher-quality appearance.

5 Sparse Reconstruction

The sparse reconstruction aims to improve the appear-
ance of enhanced result by dictionary learning. Besides the

trained dictionary, (3) demonstrates that the initial boosted



detail layer is also necessary to reconstruction. Here, we
employ a fast and non-approximate linear-time filter [2] to
extract the detail layer, and then simply multiply a scale fac-
tor to boost it. Certainly, the other edge-aware filters can
also be chosen to produce the detail layers if you want to
optimize their enhanced effects. After that, all preparations
for the sparse reconstruction are complete, including the de-
tail dictionary and the initial boosted detail layer.

Formally, given a detail dictionary D and an initial
boosted detail nd, in a small patch =, we first optimize
(3) to yield its sparse coefficients a,. Secondly, we collec-
t all reconstructed detail patches d; = Da;, and integrate
them into a complete detail layer d*. Thirdly, we construct
a gradient-guided optimization function to further improve

the local coherence of enhancement:

— |2+ M\ ||V —

d* = arg min | d* Vel3 ()
d*

where d* is the optimized detail layer; Vg is the guided gra-
dient, which is often related to source image; \; is a regu-
larization parameter, which is fixed to 0.05 in this paper. We
hardly find an ideal guided gradient because local coherence
is not guaranteed after traditional detail enhancement. Com-
pared with nd, we observe that the source image has better
local coherence. Thus we choose its gradient as suboptimal
guided gradient and set a small value \; to balance local co-
herence and enhanced effect. Finally, the optimized detail
layer d* is merged into a final enhanced image L* = [ + dx.
The entire reconstruction process is summarized as Algo-
rithm 1. Fig.3(a) and Fig.3(b) are the boosted detail layers
of bilateral filter and guided filter in Fig.1. Their appearance
issues can be solved by detail reconstruction and optimiza-
tion in Fig.3(c) and Fig.3(d).

Although sparse reconstruction without (7) can also
get the enhanced appearance back on track by suppressing
noise, eliminating halos and correcting contrast, some inco-
herent enhanced effects may be existed between patches be-

cause the reconstruction for each patch is local and separate.
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As shown in Fig.4, the enhanced results suffer from some
visible artifacts that reduce the local coherence of enhance-
ment. In contrast, the optimized detail by (7) can effectively
improve the local coherence and produce a higher-quality

appearance.

6 Evaluation Metric

To evaluate the performance of our new model, we de-
fine a EME value [26-28] (The Measure of Enhancement) as
no-reference quantitative assessment by dividing image into
nonoverlapping blocks, finding a measure based on mini-
mum and maximum intensity values in each block, and av-
eraging them. First, the enhanced result L* is divided into
k1k2 nonoverlapping subblocks L7 ; of size wy X wsz. Then

we employ these subblocks to compute the EME of L* by

the following function:

k1l ko
max(L; ;)
EME(L") = 20 - ln —— 8
k1k2 ;; min(L ) ®)

where max(L; ;) and min(L; ;) are the maximum and min-
imum intensity levels in block L;-‘y i (8) indicates that the
higher EME is, the stronger the enhancement degree is. Fi-
nally, it is worth to note that EME is highly sensitive to noise
and contrast. For example, we compute the EME values for
four images in Fig.1: (a) 10.39 (b) 54.87 (c) 56.55 (d) 26.46,
and observe that the EME value is increased by our enhance-
ment method but the higher EME value does not mean the
better appearance. In practice, both quantitative and sub-
jective assessments should combine together to evaluate the
enhancement quality.

Moreover, besides the above no-reference evaluation,
we collect or produce high-quality and low-quality image
pairs as source images and their corresponding ground truth
images for reference evaluation. Here, the ground truth im-
ages can be obtained by two ways: (1) we take some photo-
s with high-quality appearance as ground truth images by

advanced cameras; (2) we manually adjust photo appear-
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Algorithm 1 Sparse Reconstruction

Input: low-quality image I and trained detail dictionary D.

Output: high-quality enhanced image L*.

1: Extract the detail layer d from the low-quality image I by edge-aware filter.

2: Compute the boosted detail n x d, n is a default scale factor.

3: for each 3 x 3 or 5 x 5 patch z of the low-quality image I, taken starting from the upper-left corner with 1 pixel overlap

in each direction, do

4:  Obtain the boosted detail patch nd, of the patch x.

5. Compute the sparse coefficients o by minimizing the ¢1-norm optimization function || Doy, — ndy ||3 + A etz |1 with

the detail dictionary D and the boosted detail patch nd,, A is a default balance parameter.

6:  Generate the reconstructed detail patch d; = Doj,.

7. Integrate the new detail patch d, into the complete detail d*.

8: end for

9: Compute the average of d; in each pixel 7 because the patches are overlapped.

10: Optimize the reconstructed detail d* by the gradient-guided function ||d* — d*||2 4+ A1 ||Vd* — Vg||? with the guided

gradient Vg and the regularization parameter A;.

11: return a final enhanced result L* = I + (f*

ances to generate ground truth images by image editing tool-
s. Then the appearance effects of low-quality images are im-
proved by our new enhancement method. Finally, we mea-
sure the difference between the enhance images L* and the
corresponding high-quality ground truth images 7' by com-
puting the following PSNR value (Peak Signal to Noise Ra-

tio):

MAX

PONTULTT) =20 Yosnl =

) (9)

where MAX is the maximum level of intensity; m is the
number of pixels. (9) indicates that the larger PSNR is,
the better the enhancement fidelity is. The increment of
PSNR represents the improvement in appearance enhance-
ment. Generally, the enhanced result with photographic ap-

pearance should have a large PSNR value, but the visible

artifacts will severely reduce the PSNR value.

7 Experimental Results

The experimental environment involves a computer
with a 3GHz CPU of Intel Core i5-2400 and 4GB memo-
ry, 64-bit Windows operating system, and Matlab version
7.11. In this paper, we train a overcomplete dictionary by
sampling 100,000 patches and performing an iterative opti-
mization, so it has to take about 30 minutes for dictionary
training. On the other hand, sparse reconstruction for all s-
mall patches is also time-consuming, and it takes about 100
- 300s in the different resolutions (400 x 300, 600 x 480,
and 800 x 600). Here, all of traditional filters choose their

optimal or default parameters for visual comparison.

Generally, we employ guided filter [2] to produce the
initial boosted detail layers and then introduce them in-
to our sparse reconstruction. However, the various edge-
aware filters have their respective appearance issues, and is
our model still effective to other edge-aware filters? Thus

we first produce five enhanced results in Figs.5(d)~9(d) by
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(a) (b)

(c) (d)

Fig. 5. Appearance enhancement with bilateral filter [1]. (a) Source image (PSNR = 20.86dB). (b) The enhanced result of bilateral filter
(w = 5,0 = [16,0.1],n = 5,PSNR = 19.51dB). (c) Our reconstructed result on the detail layer of (b) (PSNR =30.87dB). (d) Ground

truth image with high-quality appearance.

(a) (b)

© (d

Fig. 6. Appearance enhancement with WLS filter [3]. (a) Source image (PSNR =25.82dB). (b) The enhanced result of WLS filter
(A =2, = 2,n = 5,PSNR =16.10dB). (c) Our reconstructed result on the detail layer of (b) (PSNR =32.69dB). (d) Ground truth

image with high-quality appearance.

(@) (b)

(c) ()

Fig. 7. Appearance enhancement with LO filter [5]. (a) Source image (PSNR =28.27dB). (b) The enhanced result of LO filter

(A=2e—2,k =2,n =5,PSNR = 14.00dB). (c) Our reconstructed result on the detail layer of (b) (PSNR = 35.36dB). (d) Ground truth

image with high-quality appearance.

our new method and indicate them as ground truth images
with high-quality appearance. Then we yield the boosted
detail layers of other five state-of-the-art filters [1, 3-6] in
Figs.5(b)~9(b), and reconstruct these detail layers to respec-
tively obtain their enhanced results in Figs.5(c)~9(c). At
last, we compute their PSNR values by (9) and observe their
appearance quality to verify the effectiveness of our new

method. In a word, our model can train a overcomplete de-

tail dictionary by sampling a lot of patches from high-quality
photos and employ it to effectively constrain and guide the
entire detail enhancement. Thus the learning-based recon-
struction is very robust to different appearance issues and

the quality of its production is also reliable and guaranteed.

To further verify the advantage of our new model, we
adjust their individual enhancement parameters to obtain a

same EME value, and then compare their enhanced appear-
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(a) (b)

(c) (d)

Fig. 8. Appearance enhancement with laplacian filter [4]. (a) Source image (PSNR = 22.73dB). (b) The enhanced result of laplacian filter
(or = 0.4, = 0.01,8 = 1,PSNR = 19.70dB). (c) Our reconstructed result on the detail layer of (b) (PSNR =31.94dB). (d) Ground

truth image with high-quality appearance.

(a) (b)

(© (d)

Fig. 9. Appearance enhancement with rolling filter [6]. (a) Source image (PSNR =26.37dB). (b) The enhanced result of rolling filter

(0s = 16,0, = 0.1,n = 5,PSNR = 17.39dB). (c) Our reconstructed result on the detail layer of (b) (PSNR =31.27dB). (d) Ground truth

image with high-quality appearance.

ances in Fig.10 and Fig.11. When the EME value is in-
creased to a high level, the quality of traditional detail en-
hancement is hardly preserved because of severe artifacts,
such as noise, color distortion, unnatural contrast, halos, and
so on. Certainly, users can manually adjust the parameter-
s of edge-aware filter to yield a better enhanced result, but
the manual adjustment may consume too much time and en-
ergy and not still completely guarantee the enhanced quali-
ty. Fortunately, for a high-level detail enhancement, our new
method can constrain the over-enhanced detail layer and im-
prove its enhanced appearance by dictionary learning. Com-
pared with the other six filters [1-6], a same EME value has
different enhanced appearances and our two enhanced re-
sults without visible artifacts are obviously superior to their

results.

We also want to quantitatively compare the influ-
ence of different dictionary sizes for appearance enhance-

ment. Therefore, we first train two detail dictionaries

with 512 atoms and 1024 atoms respectively. Then we
collect 200 source images with high-quality appearance
(http://pan.baidu.com/s/1qX9s5ha) and degrade their detail
layers to produce their corresponding low-quality images.
Next we employ two different dictionaries to reconstruc-
t these low-quality images and yield their enhanced re-
sults. Finally, we compute their PSNR values by (9) and
compare the enhancement performance of two dictionaries.
As shown in Fig.12, the PSNR mean value of dictionary
with 1024 atoms is 0.1578dB bigger than that of dictionary
with 512 atoms, but its reconstruction is also more time-

consuming.
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Fig. 10. Appearance comparison with same EME value. (a) Source image (EME = 12.06). (b) bilateral filter [1] (w = 1,0 = [16,0.1],n =
8,EME =43.79). (c) WLS filter [3] (A = 2, = 2,n = 2.1, EME=43.41). (d) laplacian filter [4] (¢, = 0.4, = 0.01,8 =
1,EME =43.52). (e) LO filter [5] (A = 2¢ — 2,k = 2,n = 3.7,EME =43.59). (f) rolling filter [6] (¢s = 16,0, = 0.1,n =
2,EME =43.41). (g) guided filter [2] (r = 16,e = 0.01,n = 4, EME =43.58). (h) Our method (EME =43.82). Note: A boosted detail

layer of guided filter (r = 16,e = 0.01,n = 15) is introduced into our sparse reconstruction for same EME value. The partial enlarged

details in (a)~(h) are shown in the third row.

Table 1. The correct choice number of our enhanced results in 10

selective images.

Tester Num  Tester Num  Tester Num
User #1 1 User #6 0 User #11 1
User #2 1 User #7 2 User #12 2
User #3 2 User #8 1 User #13 1
User #4 1 User #9 1 User #14 0
User #5 0 User #10 0 User #15 1

Furthermore, we construct a testing set of 90 real high-
quality photos and 10 enhanced images by our new mod-

el. Here, the boosted detail layers of guided filter [2]

(r = 16,e = 0.01,n = 5) are introduced into our sparse
reconstruction. Then we organize fifteen testers to compare
their appearances and find the 10 enhanced images from the
testing set. As shown in Table 1, most of users cannot eas-
ily pick out our results according to noise, contrast, color,
edge, and so on. The subjective evaluation demonstrates the
effectiveness of our learning-based enhancement, which can

produce high-quality photographic appearance.

8 Conclusion and Discussion

In this paper, we present a new learning-based method
for photographic appearance enhancement. The method as-

sumes that each small detail patch can be sparsely repre-
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Fig. 11. Appearance comparison with same EME value. (a) Source image (EME =13.03). (b) bilateral filter [1] (w = 1,0 =
[16,0.1],n = 6,EME =45.03). (c) WLS filter [3] (A = 2, = 2,n = 3,EME =45.62). (d) laplacian filter [4] (o, = 0.4,a =

0.01, 8 = 1,EME =45.43). (e) LO filter [S] (A = 2e — 2,k = 2,n = 5, EME = 45.18). (f) rolling filter [6] (75 = 16,0, = 0.1,n =
2.8, EME =45.52). (g) guided filter [2] (r = 16,e = 0.01,n = 5, EME = 45.98). (h) Our method (EME = 45.74). Note: A boosted detail

layer of guided filter (r = 16,¢ = 0.01,n = 13.5) is introduced into our sparse reconstruction for same EME value. The partial enlarged

details in (a)~(h) are shown in the third row.

sented in an overcomplete detail dictionary. On the one
hand, we sample a lot of detail patches from high-quality
photos and construct a training set to learn an overcomplete
detail dictionary by an iterative #;-norm minimization. On
the other hand, we use the detail dictionary to reconstruct
each boosted detail patch in source image and improve lo-
cal coherence between patches by a gradient-guided opti-
mization. Moreover, we propose a no-reference quantitative
assessment metric and a reference evaluation metric to eval-
uate the performance of appearance enhancement. The final
experimental results can verify our learning-based method’s

effectiveness for high-quality appearance enhancement.

Although our method can yield a high-quality appear-

ance enhancement result, it must take more computing re-

sources in time and memory for training an overcomplete
detail dictionary and reconstructing each small detail patch.
Therefore, compared with some edge-aware filters, a main
limitation is that our enhancement method is inefficient in
dictionary training and sparse reconstruction, which causes
that it is not well adapted to some fast enhancement cases.
We plan to refine the entire process of training and recon-
struction and introduce some acceleration techniques for the
proposed pipeline. Another limitation is that our model can-
not control the amount of detail enhancement, and thus the
initial scale factor might still have effects on final enhance-
ment result. In the future, we hope to exclude the initial
input of scaled-based enhancement and refine the entire s-

parse optimization to directly produce the final boosted re-
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Fig. 12. PSNR comparison of 200 photos using dictionaries of different sizes (512 atoms - blue circle and 1024 atoms - red triangle).

The PSNR value in vertical axis is from 22dB to 38dB; the photo number in horizontal axis is from 1 to 200. The PSNR mean value of

dictionary with 1024 atoms is 0.1578dB bigger than that of dictionary with 512 atoms.

sult. Moreover, based on space-time consistency, we would
also extend our appearance enhancement model to handle

the video streams.
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