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Abstract

ment videos (with flickering artifacts), and do not know
or cannot have access to the enhancement algorithms. For
example, 1) the enhancement algorithms of industrial softwares are not known to the public, like Pr and Instagram.
2) For embedded/hard-ware enhancement algorithms, the
device may not provide interfaces to revise the algorithms for temporal consistency. 3) In practical development of
a software or an application for video editing, several enhancement algorithms may be required which are all different. So designing a temporally consistent method for each
separate algorithm will be time-consuming. In such cases,
it is desirable to do temporally consistent enhancement as
post-processing, by simply analyzing the input videos and
original enhancement videos.

We study the problem of temporally consistent video
post-processing. Previous post-processing algorithms usually either fail to keep high fidelity or fail to keep temporal consistency of output videos. In this paper, we observe
experimentally that many image/video enhancement algorithms enforce a spatially consistent prior on the enhancement. More precisely, within a local region, the enhancement is consistent, i.e., pixels with the same RGB values
will get the same enhancement values. Using this prior, we
segment each frame into several regions and temporallyspatially adjust the enhancement of regions of different frames, taking into account fidelity, temporal consistency
and spatial consistency. User study, objective measurement
and visual quality comparisons are conducted. The experimental results demonstrate that our output videos can keep
high fidelity and temporal consistency at the same time.

In this paper, we study the problem of temporally consistent video post-processing when the original input and
enhancement videos are available. The goal is to keep both
temporal consistency and fidelity of the output videos. 1)
Temporal consistency means that for the same objects in different frames, the enhancement should be consistent. 2)
Fidelity means that the final results should have similar effects as the original enhancement videos. In the other words, the output frames should be similar with the original enhancement results at non-flickering frames, and the objects
in flickering frames should be adjusted referred to the corresponding objects in non-flickering frames. The challenges
of the problem include: 1) the original enhancement methods are unknown and cannot be revised at all, 2) motions
of videos are complicated, 3) the method should be able to
remove flickering artifacts caused by different enhancement
methods.

1. Introduction
The consumption of videos is increasing dramatically in
video streaming and surveillance systems. This results in
mass demands for video enhancement of exposure , color,
contrast, etc. In computer vision, there exist many image
enhancement algorithms such as exposure correction [22],
color grading [4], etc. Their enhancement effects are very
impressive, and they are used in many video applications and systems such as video editing softwares like Adobe
Premiere (Pr), mobile phone apps like Instagram, etc.
However, there are usually significant flickering artifacts
when performing video enhancement, or image enhancement methods frame by frame for videos, due to lack of
built-in temporal consistency. To remove these artifacts is
non-trival because they have a profound effect on the visual
quality. In addition, in practical systems, we usually only
have access to the input videos and the original enhance-

We discover experimentally the spatially consistent enhancement (SCE) prior which is valid for many leading
image enhancement methods, including Pr auto color, auto level, auto contrast, exposure correction [22], and color grading [2] [4]. The prior is based on the observation
that in a local region, image enhancement methods tend to
1
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Figure 1. Pipeline of our region-based temporally consistent video
post-processing.
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2. Related Works
For energy function based image enhancement methods, in [16] [12], a temporal term is added into the original
energy function for temporal consistency. In [15], properly
designed filters are used to substitute for the energy minimization process, so as to accelerate optimization driven
methods. [5] extends the 2-D image filter to a 3-D temporalspatial filter. The limitation of these methods is that they
have to revise the original enhancement algorithm, so they
cannot be directly used for this paper’s problem.
[4] [18] [14] [13] [10] [9] [3] first enhance videos frame
by frame. Then, based on the characteristics of the known
enhancement algorithms, they propose different methods to
detect and remove the flickering frames. The limitation
of them is that they assume the enhancement is a global
transformation. So, they cannot keep fidelity of the output videos for local enhancement algorithms. [21] do not
use the global enhancement assumption. They first estimate correspondence between frames, and then temporal-
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keep the enhancement values consistent for pixels with the
same rgb values. Based on this prior, we propose a regionbased temporally spatially consistent adjustment method.
The pipeline is shown in Fig. 1. The inputs include the
original input frames and the original enhancement frames.
1) Based on the prior, each frame is segmented into several
regions. 2) Corresponding regions between different frames
are estimated. 3) a Markov Random Field (MRF) optimization model is used to adjust the enhancement of regions of
all frames.
The advantage of the proposed algorithm includes that:
1) it can post-process flickering results of any enhancement
method as long as it enforces the SCE prior, 2) our results can keep high fidelity and 3) temporal consistency. The
contributions in this paper are as follows: 1) The SCE prior
is discovered and experimentally proved. 2) A region-based
temporally spatially enhancement algorithm is proposed to
post-process videos with flickering artifacts.
Experimental results show that our proposed algorithm performs better than the frame-wise enhancement algorithms including Pr auto color, auto level, auto contrast, exposure correction [22], color grading [2] [4] and the temporally consistent video adjustment algorithms including [4]
[6] [8] [11] in user study, objective and visual quality comparisons.
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Figure 2. Average square root of the area and the reconstruction
quality of segmented regions with different threshold 𝑇 . The enhancement algorithms include Pr auto level, auto color, auto contrast, exposure correction [22], color grading [2] [4].

ly filtering matched pixels. For unmatched pixels, a reflectance completion algorithm is proposed to blend those
pixels with neighboring matched pixels. The limitation is
that the reflectance completion algorithm is specifically designed for the problem of separating images into shading
and reflectance layers, and cannot be directly used for other
enhancement algorithms.
There are some temporally consistent post-processing
methods for unknown original enhancement algorithms, including [8],[19],[6],[11]. All of them only use the original
enhancement videos with flickering artifacts for temporally consistent enhancement. But we propose to make use
of both original input and enhancement videos. They first
propose different algorithms to find sparse correspondence
between frames. For matched pixels, the pixel values are
temporally filtered. For unmatched pixels, global transformation is used according to matched pixels. Because they
are designed for global enhancement methods, their results
will have low fidelity and cannot keep temporal consistency
perfectly if the enhancement methods are local. In addition, in [6], the errors of enhancement are accumulated over
time, and the key frames selection is not adaptive. In [11],
the enhancement curve is estimated by a smooth piecewisequadratic spline with 7 knots at (0,0.2,0.4,0.6,0.8,1). When
the estimation of the 7 knots has some errors, the spline will
enlarge the errors to the whole dynamic range.
The comparisons of [8],[4],[6],[11] with our proposed
algorithm are shown in Sec. 5.

3. Spatially Consistent Enhancement Prior
In this section, first, we mathematically describe the SCE
prior, i.e., within a local region, the enhancement of pixels
is consistent. Second, since the regions that enforce prior
vary a lot in size, shape, and location for different images
and different enhancement algorithms, we propose a region
segmentation method to get the regions with the SCE property. Third, the prior is experimentally verified by the segmentation results.

Figure 3. Example of region based reconstruction. Left to right: input map 𝐼, original enhancement result 𝐸 using exposure correction [22],
super pixels segmentation result [1], regions merging result, reconstruction result 𝑅, and absolute difference between 𝐸 and 𝑅 (enlarged
in 5 times).

3.1. Description of the SCE prior
For an original enhancement method 𝐹 to enhance an
input image 𝐼, if a segmented region 𝑖 is given, the original enhancement result can be written as 𝐸𝑖 (𝑥) =
𝐹 (𝑥, 𝐼(𝑥)), 𝑥 ∈ 𝑖, where 𝐸𝑖 is the original enhancement
result of region 𝑖. 𝑥 is the pixel belonging to region 𝑖. The
SCE prior is based on the observation that at local regions within the same object/scene, many image enhancement
methods tend to keep the enhancement values the same or
very similar for pixels with the same rgb values. In other
words, within a local region 𝑖, there will exist an enhancement curve 𝛼𝑖 to reconstruct the region 𝑖. 𝛼𝑖 ’s independent
variable is only the intensity of the pixels and the reconstruction results should be very similar with the original enhancement results, i.e., 𝐸𝑖 ≈ 𝛼𝑖 (𝐼(𝑥)), 𝑥 ∈ 𝑖. We define
𝑅𝑖 (𝑥) = 𝛼𝑖 (𝐼(𝑥)), 𝑥 ∈ 𝑖,

(1)

where 𝑅𝑖 is the reconstruction result of region 𝑖 using 𝛼𝑖 .
Borrowing the concept of reconstruction quality from video
coding, we use Peak Signal-to-Noise Ratio (PSNR) to measure the similarity between 𝑅𝑖 and 𝐸𝑖 , i.e.,
𝑅𝑄𝑖 = 𝑃 𝑆𝑁 𝑅(𝑅𝑖 , 𝐸𝑖 ),

(2)

where 𝑅𝑄𝑖 is the reconstruction quality of region 𝑖. According to the prior, the reconstruction quality 𝑅𝑄𝑖 should
be very high for good enhancement.

3.2. Region segmentation
Since the regions that enforce the SCE prior vary a lot in
size, shape, and location for different images and different
enhancement algorithms, we propose a region segmentation
method to find these regions.
First, for a given region 𝑖, we verify whether the region
enforces the SCE prior. To do so, we use standard histogram
matching [20] to estimate the curve 𝛼𝑖 for region 𝑖. In histogram matching, the histograms 𝐻𝐼 and 𝐻𝐸 of 𝐼 and 𝐸𝑖
within region 𝑖 are computed. Then, using 𝐻𝐼 and 𝐻𝐸 the
cumulative, distribution functions 𝐶𝐼 and 𝐶𝐸 are computed. Next, for each gray level 𝐺1 ∈ [0, 255], we find the gray
level 𝐺2 , for which 𝐶𝐼 (𝐺1 ) = 𝐶𝐸 (𝐺2 ), and this is the result of histogram matching function: 𝑀 (𝐺1 ) = 𝐺2 . RGB
channels are computed respectively to form the reconstruction function 𝛼𝑖 . If the enhancement is consistent within the

region 𝑖, histogram matching can get the correct estimation
of the truth enhancement curve. Thus, using Eq. (1) and
Eq. (2), we can get high 𝑅𝑄𝑖 . Here, we set a threshold 𝑇 .
If 𝑅𝑄𝑖 > 𝑇 , the region is seen as enforcing the SCE prior.
Second, we propose to merge neighboring regions to see
how large the region can be with 𝑅𝑄𝑖 > 𝑇 . To begin with,
we segment the input images into a set of super pixels using
the SLIC algorithm [1] because of its simplicity and speed.
Then, we try to merge each pair of neighboring super pixels. For neighboring super pixels 𝑖 and 𝑗, we estimate the
enhancement curve of their merged region 𝑖 ∪ 𝑗 using histogram matching, reconstruct the enhancement result using
Eq.(1), and compute the reconstruction quality using Eq.
(2). If 𝑅𝑄𝑖∪𝑗 > 𝑇 , these two super pixels will be merged
together. Otherwise, they will not be merged. The merging
is done iteratively until none of the neighboring regions can
be merged together.
An example is shown in Fig. 3. The super pixels segmentation result is obtained by segmenting the original input image using SLIC [1]. The segmentation figure shows
that most of the regions cover a large area and the reconstruction result looks very similar to the original enhancement result. Even if we enlarge the difference between the
original enhancement result and the reconstruction result in
5 times, the difference is still small.

3.3. Verification of the SCE prior
We collect a set including 3000 input and original enhancement result pairs from image and video results. The
images are from published paper’s experimental results and
search engines. The videos are from the most popular
movies. The enhancement methods we test include Pr autocolor, auto-level, auto-contrast, exposure correction [22],
color grading [2] and [4]. The images/videos are resized
to 640 × 480.
To verify how good the prior is, we use the proposed segmentation method with different 𝑇 to segment the images.
Then, we compute the average area and reconstruction quality for all regions of the images. Figure 2 shows the result.
We can see that with the increase of 𝑇 , the average area
for each region will decrease and the average reconstruction
quality will increase due to the increase of the reconstruction quality requirement. The average area and PSNR of Pr
enhancement algorithms is larger than the other three algo-

rithms when 𝑇 is small. The reason is that Pr algorithms are
more like global adjustment method while the other three
algorithms are relatively more local. Although the average
area varies, all the algorithms have high average area (more
than 60 × 60) for most 𝑇 . This gives very strong evidence
for the SCE prior. At the same time, all of the algorithms
can get reconstruction quality higher than 37 db. This is a
relatively high reconstruction quality and the visible loss is
not big.

Figure 4. Optical flow estimation among all frames.

4. Region-based Temporally Spatially Consistent Adjustment
We segment each frame into several regions and estimate the original enhancement curves of the regions using the SCE prior, estimate correspondence relationships
between regions in different frames, optimize the original
enhancement curves of regions to get temporally consistent
enhancement curves of regions, and reconstruct temporally
consistent frames using the optimized curves. The motivation of our algorithm are that 1) according to the SCE
prior, each segmented region can be reconstructed with an
enhancement curve, and the reconstruction can keep high
fidelity. In addition, 2) correspondence relationships of regions in different frames are easier to be found because they
only need correspondence of sparse pixels instead of dense
correspondence. This can reduce the requirement of motion
estimation accuracy.

4.1. Region segmentation
For each frame, we propose to segment each frame into
different regions with the principle that 1) there should exist an enhancement curve for each region to reconstruct the
region with high reconstruction quality, 2) the regions area
should be as large as possible so as to reduce the requirement of motion estimation requirement.
We use the segmentation method in Sec. 3 because it
has been verified to be good for different enhancement algorithms. The set of segmented regions for all frames are
denoted as Ω𝑅 , and Ω𝑅 = {𝑖𝑡 : 𝑡 = 1..𝑀, 𝑖 = 1..𝑁 (𝑡)},
where 𝑖𝑡 is the region 𝑖 of frame 𝑡, 𝑀 is the total frame
number, 𝑁 (𝑡) is the total region number in frame 𝑡. After
getting Ω𝑅 , the enhancement curve of each region is estimated using histogram matching.

4.2. Estimating correspondence between regions
We first compute dense correspondence of pixels between neighboring frames using SIFT Flow [17] because of
its accuracy. Then, we link the corresponding pixels over different frames to get the motion of a scene point over time,
and call it a motion path. Any two pixels along the same
motion path are seen as corresponding pixels. Although
SIFT Flow is designed for dense correspondence estima-

Figure 5. Temporal-spatial belief propagation. The proposed objective function takes into account the temporal term, spatial term,
and data term .

tion, due to incorrect estimations and occlusions, the motion estimation results of some pixels are outliers. To keep
the accuracy of estimated motion paths, we propose to measure the confidence of the pixels along the motion paths. It
is measured by the distance in SIFT field. If a pixel has the
confidence value larger than a threshold 𝑇𝑆𝐼𝐹 𝑇 , it is detected as outliers and the motion path will stop at this pixel.
As a result, the correspondence pixels between two frames
become sparse. To avoid cumulative errors during linking
motion vectors frame by frame, for each frame, as shown
in Fig. 4, we estimate its correspondence with not only the
neighboring frames, but also the frames whose intervals are
𝑘. When two frames have large time intervals, the linking
can skip 𝑘 − 1 frames.
After the estimation of sparse pixels correspondence between frames, we estimate corresponding regions in different frames. If two regions in different frames have corresponding pixels, they are marked as corresponding regions.
Otherwise, they are marked as un-corresponding regions.
{
1, if 𝑖𝑡1 , 𝑗 𝑡2 have corresponding pixels
(3)
𝜒(𝑖𝑡1 , 𝑗 𝑡2 ) =
0, otherwise
𝜒 defines whether the region 𝑖 of frame 𝑡1 and the region 𝑗
of frame 𝑡2 are corresponding regions. In addition, for each
region, we could find the set of its corresponding regions in
all frames, i.e., 𝐶(𝑖1 𝑡1 ) = {𝑖𝑡 : 𝜒(𝑖1 𝑡1 , 𝑖𝑡 ) = 1, 𝑖𝑡 ∈ Ω𝑅 },
where 𝑖1 𝑡1 is the region 𝑖1 of frame 𝑡1 , 𝐶(𝑖1 𝑡1 ) defines the
set of its corresponding regions in different frames. Ω𝑅 is
the set of all of the regions in all frames.

4.3. Region-based temporally spatially optimization
We propose a region-based temporal spatial optimization
method to adjust the enhancement curves of regions. Our
goal is that 1) for regions in non-flickering frames, the adjusted enhancement curves should be the original enhancement curves 𝛼. And 2) for regions in flickering frames, the

adjusted enhancement curves should be one of the curves
of the regions in non-flickering frames. To achieve the goal,
for each region, we let it pick one enhancement curve from
its corresponding regions and itself, i.e., the solution space
for each region is the curves of its corresponding regions and itself, i.e., 𝑢(𝑖𝑡 ) ∈ 𝐶(𝑖𝑡 ). No matter whether the
region belongs to flickering or non-flickering frames, the
desired curve is within the solution space. The number of
corresponding regions for each region depends on the video
contents. In our experiments, the corresponding regions for
each region is about several hundred on average. The solution space is not big and it could help avoid unnatural enhancement curves. We define the solution space for all regions of all frames as 𝑈 , and 𝑈 = {𝑢(𝑖𝑡 ) : 𝑖𝑡 ∈ Ω𝑅 , 𝑢(𝑖𝑡 ) ∈
𝐶(𝑖𝑡 )}, where 𝑢(𝑖𝑡 ) is the picked corresponding region of
𝑖𝑡 . The adjustment of enhancement curves of regions is
modeled as a MRF problem, as shown in Fig. 5. The nodes of the MRF are the regions of different frames. The
optimization problem is to select one of the corresponding
regions for each region so that the enhancement curve of
the selected region can help get the minimum energy costs under the MRF constraints. After getting the optimized
corresponding regions relationships 𝑢∗ (𝑖𝑡 ) for all regions in
all frames, we get the optimized enhancement curve 𝛼𝑖∗𝑡
of any region 𝑖𝑡 as 𝛼𝑢(𝑖𝑡 ) , and use them to reconstruct each
frame using Eq. (1). The optimal solution 𝑈 ∗ of the MRF is obtained by 𝑈 ∗ = arg min 𝐸(𝑈 ), and the objective
function 𝐸 is defined as:
𝐸(𝑈 ) =

∑
𝑖𝑡 ∈Ω

𝑈

[𝐸𝑑𝑎𝑡𝑎 (𝑢(𝑖𝑡 )) + 𝜆1 𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 (𝑢(𝑖𝑡 ))
(4)

𝑅

𝑡

+𝜆2 𝐸𝑠𝑝𝑎𝑡𝑖𝑎𝑙 (𝑢(𝑖 ))],
where the variable 𝑢(𝑖𝑡 ) is the picked corresponding region
of 𝑖𝑡 , the data term 𝐸𝑑𝑎𝑡𝑎 aims at keeping fidelity of regions
in non-flickering frames, the temporal term 𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 aims at keeping temporal consistency of regions in flickering
regions. Although the neighboring regions have different
enhancement curves, we propose the spatial term 𝐸𝑠𝑝𝑎𝑡𝑖𝑎𝑙
to keep the difference of their enhancement consistent, so
as to avoid spatial inconsistent enhancement. 𝜆1 and 𝜆2 are
the weights of the temporal and spatial terms, respectively.
In detail,
𝐸𝑑𝑎𝑡𝑎 (𝑢(𝑖𝑡 )) = ∣∣𝛼𝑢(𝑖𝑡 ) − 𝛼𝑖𝑡 ∣∣22 ,

(5)

where 𝛼𝑖𝑡 is the original enhancement curve for region 𝑖𝑡 .
By making the optimized curves as similar as the original
enhancement curves, the data term can keep the optimal enhancement as similar as the original enhancement for nonflickering frames so as to keep high fidelity.

∑

𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 (𝑢(𝑖𝑡 )) =
𝑖1

𝑡1 ∈𝐶(𝑖𝑡 )

𝑤𝑖𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙
∣∣𝛼𝑢(𝑖𝑡 ) − 𝛼𝑖1 𝑡1 ∣∣22 ,
𝑡 ,𝑖 𝑡1
1

(6)
where 𝑖1 𝑡1 is the corresponding regions of region 𝑖𝑡 .
is the temporal weight between region 𝑖𝑡 and
𝑤𝑖𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙
𝑡 ,𝑖 𝑡1
1
And 𝑤𝑖𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙
=
𝑡 ,𝑖 𝑡1
1

𝑖 1 𝑡1 .

𝑡

∑

𝑡1

𝐶𝑃 (𝑖𝑡 ,𝑖1 𝑡1 )
𝐶𝑃 (𝑖𝑡 ,𝑖′𝑡′ )
′
′𝑡
𝑖
∈𝐶(𝑖𝑡 )

, where

𝐶𝑃 (𝑖 , 𝑖1 ) is the number of corresponding pixels between
region 𝑖𝑡 and 𝑖1 𝑡1 . In the temporal term, we make each pair
of corresponding regions similar with each other to keep
temporally consistent enhancement. This can achieve temporally consistent adjustment of regions curves in flickering
frames.
𝐸𝑠𝑝𝑎𝑡𝑖𝑎𝑙 (𝑢(𝑖𝑡 )) =

∑
𝑗 𝑡 ∈Ω𝑁 (𝑖𝑡 )

𝑤𝑖𝑠𝑝𝑎𝑡𝑖𝑎𝑙
∣∣𝛽𝑢(𝑖𝑡 ) − 𝛽𝑢(𝑗 𝑡 ) ∣∣22 ,
𝑡 ,𝑗 𝑡

(7)
where region 𝑗 𝑡 is the neighboring region of region 𝑖𝑡 ,
Ω𝑁 (𝑖𝑡 ) is the set of neighboring regions of region 𝑖𝑡 , and
𝛽(𝑖𝑡 ) is the fitted global curve of frame 𝑡, and the spatial

=
weight 𝑤𝑖𝑠𝑝𝑎𝑡𝑖𝑎𝑙
𝑡 ,𝑗 𝑡

𝑡
∑𝑅𝐴(𝑗 )
𝑅𝐴(𝑗1 𝑡 ) ,

where 𝑅𝐴(𝑗 𝑡 ) is the

𝑗1 𝑡 ∈Ω𝑁 (𝑖𝑡 )

area of the region 𝑗 𝑡 . For each frame, we fit a global curve
𝛽 to measure the enhancement. For neighboring regions,
we keep the frames curves of selected regions as similar as
possible so as to keep the enhancement difference of neighboring regions consistent, even if the frame curve itself may
have a low reconstruction quality.
We use Loopy Belief Propagation [7] to estimate 𝑈 ∗ for
the MRF. After getting the optimized corresponding regions
relationships 𝑢∗ (𝑖𝑡 ) for all regions in all frames, we can get
the optimized enhancement curve 𝛼𝑖∗𝑡 of any region 𝑖𝑡 as
𝛼𝑢(𝑖𝑡 ) , and use them to reconstruct each frame using Eq.
(1).

5. Experimental Results
There are 6 original enhancement algorithms including
Pr auto color, auto level, auto contrast, exposure correction
[22], color grading [2] [4]. In the original enhancement of
color grading [4], we only use the image enhancement part
in [4] to produce the original enhancement results. Besides
the original enhancement results of the 6 algorithms, we also compare with the results of the temporally consistent enhancement algorithms including the methods in [6], [4], [8],
and [11]. Here, we use both the image and video enhancement parts in [4] to produce the results of the method. For
the algorithm in [6], since the key frame selection method is
flexible, in our experiment, we have two choices: 1) single
key frame, where the first frame of the video is chosen as the
key frame, and 2) multiple key frames, where the first frame
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Figure 6. User study results. Pairwise comparison of ours against
original enhancement, i.e., Pr auto color, auto level, auto contrast,
exposure correction [22], color grading [2], color grading [4], and
video post-processing algorithms, i.e., [6],[4],[8],[11]. Each color
bar shows the average percentage of favored video.

(a) Two example frames from a video. Top to bottom: original input
frames, original enhancement results, enhancement results of the algorithm in [8], and our results. First column: a non-flickering frame of the
video. Second column: a flickering frame of the video. The region in
the red box shows unwanted enhancement. In the 3th and 4th rows, we
also show the enlarged difference between the reference frame and the
enhancement frame of the red box region(enlarged in 5 times).
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(b) Objective results of the same video.

Figure 8. Comparison with the algorithm in [11] in Pr auto level.

rithms and our algorithm in the supplementary material.
(a) Two example frames from a video. Top to bottom: original
input frames, original enhancement results, enhancement results
of the algorithm in [8], and our results. First column: a nonflickering frame of the video. Second column: a flickering frame
of the video. The region in the red box shows unwanted enhancement.
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(b) Objective results of the same video.

Figure 7. Comparison with the algorithm in [8] in exposure correction enhancement [22]. The video is in the supplementary material.

of every 30 frames is chosen as the key frame. There are
100 input videos for each original enhancement algorithm,
i.e., 600 videos in total. The input videos are from movie
clips and everyday life videos taken by our friends. Please
see the enhancement videos of different enhancement algo-

5.1. User study
We invited 12 volunteers (7 males and 5 females) to perform pairwise comparison between our result and the original enhancement result as well as the result of the temporally consistent enhancement algorithms. For each pairwise
comparison, the subject had three options: better, or worse,
or no preference. Subjects were allowed to view each video
clip pair back and forth for the comparison. To avoid the
subjective bias, the order of pairs, and the video order within each pair were randomized and unknown to each subject.
This user study was conducted in the same settings (room,
light, and monitor). The user study results are summarized
in Fig. 6. Each color bar is the averaged percentage of the
favored video over all 12 subjects. From the results, we
can see that they prefer our results to the results of the original enhancement and the temporally consistent enhancement algorithms in [6], [4], [8], and [11].

5.2. Visual quality and objective comparisons
In order to objectively measure the performance of different temporally consistent algorithms, we select a small

(a) Two example frames from a video. Top to bottom: original
input frames, original enhancement results, enhancement results
of the algorithm in [4], and our results. First column: a nonflickering frame of the video. Second column: a flickering frame
of the video. The region in the red box shows unwanted enhancement.

(a) Two example frames from a video. Top to bottom: original
input frames, original enhancement results, enhancement results
of the algorithm in [4], and our results. First column: a nonflickering frame of the video. Second column: a flickering frame
of the video. The region in the red box shows unwanted enhancement.
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(b) Objective results of the same video.

(b) Objective results of the same video.

Figure 9. Comparison with the algorithm in [4] in color grading
enhancement [4].
𝜇

𝜇𝑜𝑢𝑟
𝜎2
𝜎 2 𝑜𝑢𝑟

[8]
1.14

[11]
1.23

[4]
1.53

[6] single
7.7

[6] multiple
3.5

3.8

7.43

38.8

800

400

𝜇
Table 1. The average ratios of the mean of MSE, i.e., 𝜇𝑜𝑢𝑟
, and
2

the variance of MSE, i.e., 𝜎2𝜎𝑜𝑢𝑟 , between the comparison methods
and our method of all videos. The comparison methods include
the temporally consistent enhancement algorithms in [8], [11], [4],
and [6] with single key frame and multiple key frames.

data set of 30 sequences. Within each selected sequence,
there are some objects which exist in most of the frames.
We select one non-flickering frame as the reference frame,
and in the reference frame we manually mark out those objects that exist in most frames. Then we align each frame
to the reference frame and compute the difference between
the reference frame and the aligned frame within the marked
region, quantified by mean squared error (MSE). The mean
of MSE can indicate the performance for fidelity and the
variance of MSE can indicate the performance for temporal consistency. For each video, the ratio of the mean and
variance of MSE between the comparison method and our
method is computed. The average ratios of the mean of

Figure 10. Comparison with the algorithm in [4] in Pr auto color
enhancement.
2

𝜇
MSE, i.e., 𝜇𝑜𝑢𝑟
, and the variance of MSE, i.e., 𝜎2𝜎𝑜𝑢𝑟 , of all
videos are shown in Table 1. As shown, the average ratios
of mean and variance of MSE between the comparison algorithm and our method are always higher than 1, which
indicate our results have better fidelity and temporal consistency. The videos and more comparisons are shown in the
supplementary material.
Fig. 7 shows the comparison of our algorithm and the
algorithm in [8]. The big discontinuities of the original
enhancement in the objective result indicate that there are
many flickering artifacts. The algorithm in [8] does not remove them perfectly, because they estimate a global adjustment for the original result, but the exposure correction [22]
is a local algorithm. Our method performs well because the
reconstruction is region-based and does not require the original enhancement algorithm to be global.
Fig. 8 shows the comparison of our algorithm and the
algorithm in [11]. The algorithm in [11] does not remove
flickering artifacts perfectly, since their adjustment curve is
a spline with 7 knots and when the 7 knots has some errors,
the errors will be enlarged to the whole dynamic range. Although the difference is not very large, for videos, the difference can be easily noticed due to temporal changes of the

(a) Two example frames from a video. Top to bottom: original
input frames, original enhancement results, enhancement results
of the algorithm in [6] with multiple key frames, and our results.
First column: a non-flickering frame of the video. Second column: a flickering frame of the video. The region in the red box
shows unwanted enhancement.

(a) Two example frames from a video. Top to bottom: original
input frames, original enhancement results, enhancement results of the algorithm in [6] with single key frame, and our results.
First column: a non-flickering frame of the video. Second column: a flickering frame of the video. The region in the red box
shows unwanted enhancement.
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(b) Objective results of the same video.

Figure 11. Comparison with the algorithm in [6] with multiple key
frames method in color grading enhancement [2].

same objects in very short time.
The comparison with the algorithm in [4] is shown in
Fig. 9 and 10. Their algorithm fails to remove the longterm flickering artifacts due to their assumption that in the
flickering periods the changes of the original enhancement
curves are always big. Our method can perform well in
these cases because the correspondence between different
frames is used for temporal consistency.
We compare with the algorithm in [6] with single key
frame and multiple key frames in Fig. 12 and 11. Results of
the algorithm in [6] with single key frame have big accumulated errors since each frame only consider the correspondence with its previous frame and errors of one frame will
affect all the following frames. The algorithm in [6] with
multiple key frames can reduce the accumulated errors. But
how to select good key frames adaptively is not well solved
and the simple method in our experiments will sometimes
choose a flickering frame as the key frame.

(b) Objective results of the same video.

Figure 12. Comparison with the algorithm in [6] with single key
frame method in Pr auto contrast enhancement.

post-processing algorithm for temporal consistency is proposed, by taking into account fidelity, temporal consistency
and spatial consistency. User study, objective and visual
quality comparisons demonstrate that we can keep both the
fidelity and temporal consistency of the output videos.
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