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ABSTRACT
Deinterlacing is a classical issue in video processing area,
which aims to generate the progressive video from the in-
terlaced instance. Although numerous algorithms have been
proposed in the past decades, their performances are still not
satisfactory from both quality of experience and processing
efficiency. This paper focuses on the spatial-temporal corre-
lation in the given frame, and design a network for recovering
the missing field. Intra-frame motion compensation is con-
sidered between the given fields for detail refinement. Fur-
thermore, we address the inherent correlations among image
features with channel attention for better exploration. Exten-
sive experimental results on different video sequences show
that our method outperforms state-of-the-art methods accord-
ing to both objective and subjective evaluations satisfying the
real-time requirement.

Index Terms— Deinterlacing, deep learning, spatial-
temporal correlation, channel attention

1. INTRODUCTION

As a traditional technology in broadcasting area, video dein-
terlacing aims to convert the interlaced video into the corre-
sponding progressive one. An interlaced frame is composed
of the upper and lower fields captured from two adjacent
times. According to the content continuity and the persis-
tence of human vision, the interlaced videos look well when
there are not fast motions. However, the quality of experience
(QoE) may degenerate obviously due to the jaggies and jitters
caused by the rapid movements. Although progressive scan-
ning has become the major format in the broadcasting area,
video deinterlacing is still highly demanded in many applica-
tions, such as video enhancement [1], bandwidth saving [2, 3]
and HDR reconstruction [4, 5].

This work was supported in part by the National Natural Science Foun-
dation of China (62072008), PKU-Baidu Fund (2019BD003) and High-
performance Computing Platform of Peking University, which are gratefully
acknowledged.

Fig. 1. An example illustration of the spatial-temporal corre-
lation.

Existing deinterlacing methods can be generally divided
into two categories according to the information source, i. e.,
intra-frame and inter-frame algorithms [6]. For intra-frame
techniques, the deinterlacing issue is usually addressed by
adaptive interpolation or learning-based strategies for recov-
ering the missing information, and these methods only utilize
one field without the motion consideration. ELA [7] is a tradi-
tional intra-field deinterlacing method and utilizes the edge-
based line average to interpolate the missing pixels. Based
on ELA, MELA [8], FELA [9] and other content-adaptive in-
terpolation works are investigated to preserve the sharpness
and continuous of edges, which improve the perceptual qual-
ity. There are also methods with good performance based on
gradient, such as FDD[10], FSID[11] and GGI[12], to well
preserve spatial structures in videos. However, these works
only focus on the spatial information of fields, and seldom
utilize the temporal correlation.

Inter-frame deinterlacing with motion compensation has
also been investigated with temporal correlation considera-
tion. AEPD [13] and other works [14, 15] apply motion com-
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Fig. 2. Network structure.

Fig. 3. Structure of CA-ResBlock.

pensation to video deinterlacing and achieve a finer-grained
video interpolation, which further improve the video quality.
However, these inter-frame methods usually need more than
one frame to restore a field, which is time consuming and
challenging for real-time applications. Furthermore, these
works usually consider the deinterlacing as a two-step solu-
tion and utilize the adaptive interpolation to finally restore the
missing field, which is difficult to balance the effectiveness of
different modules.

Considering the great success of deep learning technique
in many areas, the convolutional neural network (CNN) based
video deinterlacing algorithm is proposed by Zhu et al. [16].
As far as we know, it is the only existing deep learning based
method for video deinterlacing. Zhu et al. utilize a 5-layer
network for field restoration, and achieves real-time speed
with better performance than traditional methods. However,
this network takes an entire frame as input incurring more
computational costs and cannot efficiently utilize the infor-
mation from different fields.

This paper analyzes the mechanism of interlaced video,
and considers the spatial-temporal correlation among differ-
ent fields jointly for deinterlacing. According to the mech-
anism of interlaced video, we hold the notion that one field
is spatial correlative to the missing instance while the other
field is temporal correlative, as shown in Fig. 1. Based on
the observation, we devise a network to recover the missing
field with multi-dimension correlations. Intra-frame motion
compensation is considered to address the correlation for de-
tail refinement. Furthermore, we also consider the inherent

correlation among image features, and utilize channel atten-
tion mechanism to explore the fields more effectively. To
our best knowledge, this is the first CNN-based deinterlacing
method considering the spatial-temporal correlation in one
frame. Extensive experimental results demonstrate that our
network outperforms the state-of-the-art methods from both
objective and subjective comparisons and satisfies the real-
time requirement. Our contributions can be concluded as:

• We investigate the mechanism of interlaced video, and
devise a neural network for real-time deinterlacing,
which jointly considers the spatial and temporal cor-
relations for the first time.

• We consider the inherent correlation of image features
from the network, and introduce the channel attention
mechanism for better exploration.

• Experimental results show our method achieves better
performance from both subjective and objective com-
parisons and satisfies the real-time requirement.

2. METHODOLOGY

2.1. Problem Definition

We denote two successive progressive frames to be Ik−1 and
Ik, which can compose an interlaced frame Dk as,

Dk(x, y) =

{
Ik−1(x, y) (y + k) mod 2 = 1
Ik(x, y) (y + k) mod 2 = 0

, (1)

where (x, y) is the pixel coordinate. The odd lines of Dk

compose the upper field Dupper
k , and the even lines compose

the lower field Dlower
k . Video deinterlacing aims to recover

two successive frames from Dk corresponding to upper and
lower fields. We define Î lower

k and Îupperk as the estimated
missing fields corresponding to Dupper

k and Dlower
k .

Traditional signal processing based methods can be for-
mulated as:

[Îupperk , Î lower
k ] = SP({Di}), (2)

2
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where SP(·) represents signal processing methods, {Di} is
the processed interlaced frame set. In general, methods uti-
lizing information in temporal domain need more than one
interlaced frames. Actually, Dupper and Dlower are usually
highly correlated in temporal domain. Based on this fact, one
field could provide guidance on recovery of the other one.
Thus, we formulate our reconstruction model as:

[Îupperk , Î lower
k ] = Net(Dupper

k , Dlower
k ), (3)

where Net(·) is the proposed CNN model.

2.2. Network Structure

Fig. 2 shows the proposed network structure. There are three
modules progressively processing the coupling fields. Firstly,
Dupper

k and Dlower
k are deformed and exploited jointly by

Alignment module, as,

Ha = Alignment(Dupper
k , Dlower

k ), (4)

where Ha denotes the aligned features.
After alignment, the feature will be explored in a non-

linear mapping manner by Mapping module, as,

He = Mapping(Ha) +Ha, (5)

where He denotes the explored features.
Finally, the Restoration module recovers the Îupperk and

Î lower
k from the features, as,

[Îupperk , Î lower
k ] = Restoration(He). (6)

Alignment module contains a deformable convolu-
tion [17] to learn the motion compensation, and one convolu-
tional layer to extract the features from two fields. According
to the spatial and temporal correlations, the deformable con-
volution adaptively interpolates the two input fields into a spe-
cific situation, which provides more information for restora-
tion. After deformation, the convolutional layer extracts the
features for restoration.

Mapping module is composed of three channel attention
residual blocks (CA-ResBlocks) and one convolutional layer.
Fig. 3 shows the architecture of the proposed CA-ResBlock.
Channel attention [18] is specially considered for better fea-
ture exploration capacity, which embeds the information by
global average pooling (GAP), and utilizes two linear layer
with a ReLU and a Sigmoid activation to find the attentions.
Finally, the residual learning is utilized for efficient gradient
transmission and information preserving.

Restoration module holds two convolutional layers with
a ReLU activation for non-linearly restoring the Îupperk and
Î lower
k from the features. After restoration, the output frames

are composed of the given and recovered fields respectively.

3. DISCUSSION

3.1. Difference to Intra-Frame Deinterlacing

Existing intra-frame deinterlacing methods learn adaptive fil-
ters for missing field interpolation with gradient or other
hand-crafted priors. Our method adaptively learns the rela-
tion between given and missing fields via neural network with
more flexibility. Instead of designing a specific interpolation
kernel, the network aims to find the direct mapping from the
frame and the missing field. Besides the spatial correlation
considered by interpolations, the network also considers the
temporal correlation between the fields in one frame. As such,
the proposed network can achieve better performance than
other intra-frame deinterlacing works with the single frame
input.

3.2. Difference to Inter-Frame Deinterlacing

Inter-frame deinterlacing methods utilize the motion compen-
sation for recovering the missing information. With the in-
crease of frames, more information will be utilized and the
restoration performance becomes better. In fact, more frames
will make the method time consuming, which is challenging
for practical applications. Different from multi-frame mo-
tion compensation, our network utilizes the temporal informa-
tion within one frame which is captured from two successive
times. On one hand, the intra-frame processing can effec-
tively decrease the running time for numerous applications.
On the other hand, we hold the hypothesis that the frames far
from the present one contain less correlation and information
for restoration. From this point of view, our network regards
the deinterlacing as an intra-frame issue with temporal con-
sideration.

3.3. Difference to Image Super-Resolution

Image super-resolution (SR) aims to find a feasible interpola-
tion or mapping for enlarging the resolution [19, 20, 21]. In
fact, video deinterlacing can be regarded as a spacial case of
image SR where only half information of the frame is miss-
ing. It should be noticed that the input field holds convincing
information, which may be mixed by the interpolation. From
this point of view, existing SR methods are challenging to di-
rectly solve the video deinterlacing issue.

4. EXPERIMENT

We train our network on Vimeo90K dataset [24], which con-
tains numerous frame sequences from diverse videos. There
are seven frames in each training instance, and we randomly
choose two as the progressive frames to construct the inter-
laced instance. While training, we choose the patch size as
64×64 and batch size as 10. The frames are randomly flipped

3
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Football Frame Bicubic Yadif Bwdif RFDN IMDN Zhu et al. Ours

SnowInPKU Frame Bicubic Yadif Bwdif RFDN IMDN Zhu et al. Ours

Weiming Frame Bicubic Yadif Bwdif RFDN IMDN Zhu et al. Ours

Manga Frame Bicubic Yadif Bwdif RFDN IMDN Zhu et al. Ours

Fig. 4. Visualization comparisons on different sequences. Zoom up for better view.

Table 1. Running time (ms) on different resolutions of im-
ages.

Size Full w/o Deform Zhu et al. [16]
360× 270 10.8 7.8 24.7
480× 360 18.1 12.7 31.4
640× 480 32.7 22.7 43.2
960× 540 54.8 38.3 62.6
1280× 720 98.7 68.8 97.6
1920× 1080 225.1 156.3 203.1

Table 2. Investigation on the temporal information.
Model Football SnowInPKU Weiming Manga
Full 43.19 29.44 42.43 52.72

w/o Deform 43.15 29.39 42.69 52.35
w/o Attention 38.00 28.61 40.25 44.54

for data augmentation. We update our model by Adam [25]
optimizer with learning rate lr = 10−3.

4.1. Model Analysis

We investigate the speed of our proposed model by compar-
ing with the latest real-time deinterlacing work [16], which is
conducted on a Titan XP GPU. Tab. 1 shows the results on dif-
ferent sizes. From the comparison, we can find our method is

faster than the other work when the resolution is small. With
the increase of image size, the time cost on deformable con-
volution will be larger because of the interpolation. This is
why the model without deform is much faster than other sit-
uations. Although the deformable convolution will increase
the running time on higher resolution frames, our network
can satisfy the requirement of real-time processing.

Furthermore, we investigate the mechanism of de-
formable convolution, which addresses the motion compen-
sation for restoration. Tab. 2 shows the PSNR comparisons
on four selected video sequences from the Internet with dif-
ferent motions and textures. Football sequence with numer-
ous motions shows the effectiveness of deformable convolu-
tion. SnowInPKU and Weiming are highly textured where the
motion compensation performs competitively because of the
influence of tiny textures. In comparison, Manga holds more
flatten textures and structural information, where deformable
convolution effectively improves the performance. Tab. 2 also
shows that channel attention is a vital component for achieve-
ing better restoration performance. By utilizing the channel
attention, there are obvious improvements on different video
sequences with higher PSNR results.

4.2. Comparisons with State-of-the-art Methods

Herein, we mainly compare our network with widely used fil-
ters in FFMpeg (yadif, bwdif ), recent deep learning methods

4
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Table 3. PSNR (dB) comparisons on different video sequences.
Sequence Bicubic Yadif Bwdif RFDN×4 [22] IMDN×2 [23] Zhu et al. [16] Ours
Football 32.82 39.70 34.43 29.49 29.89 37.55 43.19

SnowInPKU 25.02 26.48 24.26 20.61 20.84 27.83 29.44
Weiming 36.84 35.13 28.93 33.60 34.47 41.39 42.43
Manga 46.92 47.63 - 45.54 45.87 50.12 52.72

(a) Football (b) SnowInPKU (c) Weiming

Fig. 5. PSNR comparisons on different video sequences.

for image SR (RFDN [22], IMDN [23]), and the deinterlac-
ing network proposed by Zhu et al. [16]. Four testing video
sequences from the Internet are chosen as, Football, Snow-
InPKU, Weiming, and Manga with different motion levels and
texture complexities. There are 91 frames in Football, Snow-
InPKU, Weiming while Manga contains 81. For the compar-
isons with SR methods, we first extract the field for restora-
tion in every frame, then increase the resolution with specific
SR network. After SR, the image will be resized to the target
resolution by bicubic interpolation.

Table 3 shows the PSNR comparisons on the four video
sequences. The result of bwdif on Manga is omitted because
there is restored frame same with the origin scene, which
means the PSNR is infinite. From the results, our method
achieves the best performance with a large improvement than
other works. Football is a video sequence with numerous mo-
tions, where our method has near 3.5 dB improvement than
the second one. SnowInPKU and Weiming are two sequences
highly textured which loss more information when interlaced,
where our method can also recover the frame with higher
PSNR. Finally, Manga is a sequence from cartoon with clear
structural textures, where less information is lost. It should
be noticed that the performances of SR methods are not good
than bicubic. We believe it is because these SR methods mix
the information of the given field, and lead to a lower similar-
ity to the progressive frame.

Besides the objective comparison, we conduct the visu-
alization comparison among different methods, as shown in
Fig. 4. From the comparison, our methods can recover the
information more effectively. For the sequences with obvi-
ous movements, as shown in Football, our method can restore
the missing field avoiding jitters. For the sequence Weiming

and Manga, our method can also effectively recover the high
frequency information. The visualization comparison also
explains why the SR methods perform bad on deinterlacing
problem. Both IMDN and RFDN convert the image into a
sharper instance. Although the image may be restored with
more clear structural textures, the generated information is
different from the origin progressive frame.

To further investigate the superiority, we compare the
PSNR of each frame from different sequence, which are
shown in Fig. 5. We do not conduct the experiment on Manga
because there are generated frames same with the origin in-
stances, meaning the PSNR is infinite. From the comparisons
on three sequences, our method outperforms all other works
with higher PSNR results. There is a severe PSNR decrease in
Football due to the global movement from the camera, where
our method still outperforms other works. From this point of
view, our temporal correlation learning can robustly restore
the information from motion. When the motion is limited, as
shown in SnowInPKU and Weiming, our method has a stable
restoration performance superior to other works. Compared
with traditional filtering methods (Yadif and Bwdif ) satisfy-
ing the real-time demand, our network always holds higher
PSNR results on all test video sequences.

5. CONCLUSION

In this paper, we proposed a deep learning method for video
deinterlacing. Different from existing intra-frame works, our
network learned the joint spatial-temporal correlation for re-
covering the missing field in one frame, which improves the
restoration performance with restricted time cost. Besides
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the correlations between different fields, the channel attention
mechanism was also specially considered in our network for
inherent feature correlation, which proves to be an effective
component for feature exploration. Extensive experimental
results on different video sequences demonstrated the superi-
ority of our method from both subjective and objective com-
parisons, which also satisfies the real-time requirement for
practical applications.
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