This is the Pre-Published Version.

This version of the proceeding paper has been accepted for publication, after peer review (when applicable) and is subject
to Springer Nature’s AM terms of use(https://www.springernature.com/gp/open-research/policies/accepted-manuscript-
terms), but is not the Version of Record and does not reflect post-acceptance improvements, or any corrections. The
Version of Record is available online at: http://dx.doi.org/10.1007/978-3-030-61864-3_34.

Preserving Temporal Consistency
in Videos Through Adaptive SLIC

Han Zhang', Riaz Ali2, Bin Sheng?, Ping Li%, Jinman Kim#, and
Jihong Wang?®

! Nanjing University of Aeronautics and Astronautics,
Nanjing, People’s Republic of China
2 Shanghai Jiao Tong University, Shanghai, People’s Republic of China
shengbin@sjtu.edu.cn
3 The Hong Kong Polytechnic University, Hong Kong, People’s Republic of China
4 The University of Sydney, Sydney, Australia
5 Shanghai University of Sport, Shanghai, People’s Republic of China
wjh@sus.edu.cn

Abstract. The application of image processing techniques to individ-
ual frames of video often results in temporal inconsistency. Conventional
approaches used for preserving the temporal consistency in videos have
shortcomings as they are used for only particular jobs. Our work presents
a multipurpose video temporal consistency preservation method that
utilizes an adaptive simple linear iterative clustering (SLIC) algorithm.
First, we locate the inter-frame correspondent pixels through the SIFT
Flow and use them to find the respective regions. Then, we apply a mul-
tiframe matching statistical method to get the spatially or temporally
correspondent frames. Besides, we devise a least-squares energy-based
flickering-removing objective function by taking into account the inter-
frame temporal consistency and inter-region spatial consistency jointly.
The obtained results demonstrate the potential of the proposed method.
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1 Introduction

Maintaining the temporal consistency is an essential task in video processing
because the temporal consistency is one of the essential video features and has
been used in different applications [15,16,18,22]. Temporal inconsistency results
in artifacts, like unnatural inter-frame tonal changes or brightness fluctuations,
which decrease the video quality significantly [11,23]. Although the flickers may
not be easily observed when adjacent video frames are seen individually, they
will be apparent when the video is played. Also, these artifacts adversely affect
video matching tasks such as motion estimation [8,9]. Thus, preserving the video
consistency is a crucial yet laborious problem in video processing.
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Some studies, like and [2], solve the temporal consistency problem in the form
of energy minimization. Nevertheless, their applications are limited to removing
flickers in intrinsic video decomposition. Lang et al. [10] eliminate the flickers
through edge-aware filter employed in the temporal domain, but their method
only deals with high-frequency perturbations. The technique of [7] removes flick-
ers from video halftoning by using an error diffusion of temporal and spatial
terms. The work of Dong et al. [5] uses non-flickering frames to rebuild the flick-
ering frames. However, it is suited to eliminating flickers generated due to directly
employing the image enhancement algorithm on a video. In [3], a frame is rebuilt
from a neighboring frame to retain the inter-frame temporal consistency. How-
ever, it is not feasible because a video may not contain the same object continu-
ously in adjacent frames [17]. Some authors have proposed compensation-based
techniques that aim to eliminate the artifacts by aligning the inter-frame bright-
ness or tonal level. In [19], the atmospheric light values are determined with the
aid of the adaptive temporal average to eliminate the flickering effects. Farbman
et al. [6] and Wang et al. [21] align the video frames by a specified number of des-
ignated key frames. After interpolating the transformation between the model
video and the input video, the authors of [1] enhance the color grade by hand by
choosing some key frames that can depict the transformation curve. However,
these methods are limited because of requiring to select the key frames first.

In this paper, we propose a multipurpose flickering-removal and spatiotem-
poral consistency preservation technique. We develop an adaptive SLIC algo-
rithm that creates superpixels from every frame. We also propose a multiframe
matching statistical model to capture the frame that is correspondent to other
frames temporally or spatially. First, our method matches the inter-frame corre-
sponding pixels through the SIFT Flow [12] algorithm, and then, calculates the
corresponding regions using those pixels. Lastly, we use the inter-frame corre-
sponding regions and frame interval to match the corresponding frames. Because
several studies have restored temporal coherence in videos with the help of least
squares energy [14], we develop the objective function of temporal consistency in
the form of least-squares energy comprising temporal and spatial consistencies
terms. The former term preserves the inter-frame tonal or illumination variations
consistency, and the latter term maintains the consistency in adjacent regions’
difference of changes.

2 Methodology

Figure 1 illustrates the overview of our proposed technique. The following sec-
tions explain each of the steps.

Adaptive SLIC: The conventional SLIC manually computes the number of
superpixels in a repetitive manner, which is a tedious task. We develop an adap-
tive SLIC algorithm that automatically produces the number of superpixels. We
convert the RGB color to HSV color space because, for small color ranges, HSV
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Fig. 1. Overview of the proposed method.

is perceptually uniform. In our experiments, we use the unequal interval to quan-
tize the H, S, V values, and the average occurrence number to decide the number
of superpixels.

Applying Temporal Consistency: We reproduce an output frame, denoted
as P, from its temporally matching frames f(P,) to preserve the inter-frame
coherence. Suppose P¥ denotes the k' iteration’s output frame, then the tem-
poral consistency Fy(PF) can be calculated as Eq. (1):

F(PH)=pu(k) - > (L, Ln)||PF — warp(Pr®)|®
Imefi(ly)

k) > ile, In)||PE — warp(PR)||?
Imefs(Is)

(1)

where I, f(I), respectively, denote the actual frame and the set of its cor-
responding frames, I,, is the matching frame of the actual frame, f9(I,) and
f*(I;) represent the sets of previous and subsequent matching frames of I,
respectively. ¥ (I, I,,) denotes the temporal consistency weight, and the warped
output frame from PF is represented as warp(PF), where warp() is a function
that uses the optical flow [13] to recreate a resultant frame from its matching
frame.

Applying Spatial Consistency: We calculate an output frame’s spatial con-
sistency in the k" iteration, as shown in Eq. (2):

Fy(PF) = Gs (T2, 70)|| PY — warp(Pf 5|2 (2)

where A, denotes the count of regions inside I,. T¢ and 2(Y%), respectively,
represent a region and a set of its all adjacent regions. To preserve the inter-region
spatial consistency, we decrease the change between the output frame and its
respective spatially correspondent frame. 7 is an adjacent region of 7%, and the
regions with the most matching pixels to 72 is denoted as f’f I represents the
frame containing the fé’ . We retrieve P, through warping its spatially matching
output frame P¢. Therefore, to preserve the spatial consistency, we maintain the
consistency in the adjacent regions’ variation difference.
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Combined Optimization: We optimize the output frame P, by merging the
temporal and spatial consistencies. Equation (3) shows the objective function
comprising both the consistency terms

arg win [ [Fy(P2) + mF(PE) + maF (PH]du 3)

where u denotes the spatial location in I, 71, and 7 are, respectively, the
weight functions of temporal consistency and spatial consistency.

3 Experimental Results

We have performed experiments on two datasets, SegTrack [20] and Chen and
Corso [4]. Figure2(a)—(c) shows the visual results of flickering removal by our
method. The girl’s neck and cheek region are darker in the processed video. It
is evident that our method satisfactorily removes these effects.
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Fig. 2. The flickering removal results on the two frames of the CC video. (a)—(c) actual
frame, processed frame, and the result of our approach, respectively.
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4 Conclusion

In this paper, we present our proposed method of preserving temporal consis-
tency in videos using adaptive SLIC. We employ the consistency to maintain the
tonal shifts or illumination fluctuations constant among the adjacent regions.
We find the regions through a new adaptive SLIC segmentation algorithm that
uses the color details to automatically calculate the count of superpixels. The
proposed temporal consistency solution outperforms previous techniques as our
warping procedure comprises both; the spatial and temporal consistencies. The
results obtained during the experiments demonstrate that our method provides
satisfactory performance in video flickering-removal.
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