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*Pictures in this figure are images, “HoneyBee” [21]

1 DnCNN DXy hU—7 g



2.2.2 @FEEHTOKRELE

Enhancing VVC Through Cnn-Based Post-Processing Ti%, CNN ZHW\T VVC IZ &
LIS ZBRET 2 FEEZRE L TV D, B biEE 03 b - 72U O S % br
ETHIET,MEERET LI LE2HME LTS, Xy Y —2 ORiEIT SRGAN
DR AR OREEZ H & IR S 315 . SRGAN TG %2179 €T /L CTh 1, residual
block [17]1% FHV T A DB O R % #4774 . Enhancing VVC Through Cnn-Based Post-
Processing MR T 51 v T —27 E7 /L ¢ residual block ZF|H L Tk v, ZOkEiE
#[¥ 2 1Z77F. DnCNN & [FERIZ, OB ORTCADEGRZMEST 52 LI12kv,
e lbiEs OB 2 P8+ 5. fFebRiOBEg 4 EfEEE & L, EffmE & ) EGo
MoxtiREZ LKL L T=a—F Xy NV =T OFEEITH .

&

Coded frame - - Output frame

*Pictures in this figure are images, “HoneyBee” [21]

2 Enhancing VVC Through Cnn-Based Post-Processing Dt /L 1E

2.3 YEkH

2.3.1 YPEBRHEROBE

PR & 13X, b D EEEETR Y A7 O THRICAL R Z A7 THY, MBS
B EOF =20, HOKEOHIEDIE, Kx S, BELBETLIZ AT ThHD.
BETH=2—T Xy NT—7 AV TEEIND Z ENREL, RENRET
I%, R-CNN[18], YOLO, SSD[19]72 &23dr 5. —MBICITMt L7eika "o o7 ¢
YUKy 7 ATH S Z & T, W CHIERONE LGRS 5 Z LIRS, AiwstTH
WD BT S A W = AR E T H 5.

2.3.2 YOLO

YOLO IFALFIH SN TV DMRBRIHET LV DO—D>TH D, VT F A LTEWER
REZLMRHIFFRI O & &, M OS S 2RI A TR Y, N—Ya 7T ETAMS



8
LTV 5. YOLO i 2015 A2 You Only Look Once: Unified, Real-Time Object Detection

EVIRMXTIREINIZET AL TH Y, LRI TIRONLE, KX, fEE %
ICHERRTTREIC L7 BT LV ThH D, TN E TOMRBMEET LV TIE, T HWEONES
HER L, WICKE S ORI &, FEEOHENAIT S, BEQEEZMEEE Lz, Z Ol
FHEOEFICELY, MEELZEELLL, VT LEA LA TOMKRBREZTFEC L
YOLO [T/ Hi/3— 3 D YOLO-VI ICESH £ T, MHELZWELEIT TV,
YOLO-v7 IS OMERHET AL TH Y, BMHFE, BHEE S bICER T
HEZ FFD. ©7 LY, Backbone & Head 7> HAERY 41 CU5. Backbone (A 771
B LR AT T 2R E 2 F D, Head 137 DR S WK DN E & FEE A HEHI
HH%E|ZF>,. YOLO-vI DET WG 2 IR DK 3 12777,

Input image

a 320%320%64 ||
. | 160*160%256 | : ettt -
j a 1 | :
i [_so*so*s12 | ! [ 80*80*128 | [ sovsomass
é | : Detection result 3 ,
40%40%1024 | | - [sora0mss ] [ a0ra0'2s6 [ 4005 ] |
¥ . : | Detection result 2 7
*7 (% i ' *9
:':HO 2071024 g ; = 2? 22 [ 207207512 | 207207255 |
. i Detection result |
Backbone . R Head

X3 YOLO-v DEFNHEE

2.4 EGFRERAOESEHETFIE

R OB ERME 21T 5 BT VOB, RINTIZZED X AT 21T 9 ET )V
D H 155G RO R & 2 iV 5. End-to-end Compression Towards Machine Vision; Network
Architecture Design and Optimization |X, GRAO (generalized rate-accuracy optimization) & -
[T, HUHA & Faster-RCNN D72 O EGFF 5L FEZIEE LTV 5. CNN Z v
-5 5T T /L%, Faster-RCNN (2 X 2R HERIC LV FE I 2 LT, &
IR B DEAESR & MR E T VVC & ka5, 70, FEREE & EARE oY)
TRAEGETLFREITO T LT, MREIROMHNE TTHEL L, B E0RTHIZ



9
EAEVVCIZE LRV BLET VERET D, FolbET LOFENE %K 4 (TR

ER

X : image X : coded image

- = .

bitstream

v
loss_R

Faster-RCNN Faster-RCNN
i sRssLEERLLaTe » loss D2 = MSE(y,y) <--------------- y

*Pictures in this figure are images, “HoneyBee” [21]
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Abstract—In this paper, we propose an image denoising and a
super resolution method for converting unreadable low resolution
QR code images into readable high resolution ones. We propose
an image denoising and a super resolution method using a
simple CNN-based model. Image denoising using CNN-based
image generation models can be applied to various noises by
training model with different levels of noise. On the other hand,
denoising using the conventional image processing method can
only be applied to the specific type of noise. Therefore, image
denoising using CNN is considered to be superior to image
processing methods in terms of generalization performance. We
further implement super resolution method to convert into high
resolution images. We propose QRCNN and QRGAN, simple
image denoising and super resolution models for QR code images.
QRCNN and QRGAN are based on SRResNet and SRGAN,
respectively. However, they both have simpler structure like
SRCNN. Given QR code images for the dataset, we can reduce
the computational complexity and memory usage by modifying
model structure.

Keywords—QRCNN, QRGAN, SRResNet, SRGAN, SRCNN

I. INTRODUCTION

Nowadays, there are a lot of opportunities for people to
scan QR codes due to the rise of QR code payments and
site guidance. However, we sometimes encounter scanned QR
codes images that are printed blurry or taken from a distance.
Our proposed methods, QRCNN and QRGAN can convert
unreadable low resolution QR code images into readable high
resolution ones. QRGAN is a GAN-based [1] model based
on QRCNN. In order to reduce computational complexity,
these models have simple model structures and only allow
grayscale images for the dataset. QRCNN and QRGAN are
simpler model of SRResNet and SRGAN [2], respectively.
In contrast to SRResNet and SRGAN, our proposed methods
can reduce memory usage by not using pretrained VGG [3] for
loss calculation. Super resolution model, SRCNN [4] is widely
known to have very simple model structure whose number of
layers and parameters are similar to our proposed methods.
We compare the performance of our methods with SRCNN
and show superiority to SRCNN.
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II. RELATED WORKS
A. SRCNN

The most common super resolution method based on CNN
is SRCNN. This model consists of only three convolution
layers and two activation functions (ReLU [5]). In SRCNN,
low resolution input images are upscaled to the desired
image size using bicubic interpolation [6] before input to the
network. Therefore, the size of the image does not change
in the neural network. The loss function of SRCNN is given by

SR =15 (1)
Only mean squared error (MSE) of the ground truth and the
generated image is used for loss function.

B. SRGAN

The most common super resolution method based on
GANs with generators and discriminators is SRGAN. The
generator attempts to produce an image that is close to
the ground truth. The discriminator attempts to distinguish
between the ground truth and the image produced by the
generator. SRGAN utilizes this principle to improve super
resolution tasks. Contrary to SRCNN, SRGAN enables super
resolution by upscaling the size of the image in the middle
of the neural network. Therefore, the input image is smaller
than the output image. The generator consists of deep layers
with 16 residual blocks and skip connections. Each residual
block contains two convolutional networks. The discriminator
consists of 8 convolutional networks. The loss function of
SRGAN is given by

G U 2)

content loss  adversarial loss

where the function consists of a content loss and an adversarial
loss. Content loss is calculated by MSE or obtained from
feature maps derived from VGG. Adversarial loss, on the
other hand, results from the generator and the discriminator
competing each other.
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C. SRResNet

This model has similar deep structure to SRGAN, but does
not have the discriminator. It is a model which we deprive
the adversarial components of SRGAN. Similar to SRGAN,
the generator attempts to produce an image that is close to
the ground truth. Due to the lack of a discriminator, the loss
function of SRResNet is given by

lSR _ liR

~—

content loss

) 3)

where the adversarial loss is not included. Same as SRGAN,
content loss is calculated by MSE or obtained from feature
maps derived from VGG.

III. PROPOSED METHOD
A. Model Structure

The model structure of both QRCNN and QRGAN are
simple and the number of parameters of the generator used
in these models is 176,449. Fig. 1 shows the model structure
of QRCNN and QRGAN. Similar to SRResNet and SRGAN,
our proposed methods enable super resolution by upscaling
the input image in the middle of the network. The generator
has three convolutional layers, two pixel shuffle layers and two
activations (LeakyReLU). The discriminator of QRGAN has
two convolutional layers, a batch normalization layer and an
activation function (LeakyReLU). Contrary to SRResNet and
SRGAN, proposed models are applied to grayscale images and
does not use residual blocks or skip connections.

B. Loss Function

Like SRResNet, loss function of QRCNN has only content
loss. Similar to SRGAN, loss function of QRGAN consists

(128 * 128 % 256)

(256 <256 % 64) (256256 1)

Generated image
(236 X 256)

Model structure of QRCNN and QRGAN

of content loss and adversarial loss. SRResNet and SRGAN
use feature maps of VGG for content loss. However, our
proposed methods use mean squared difference of pixels
between the generated image and the ground truth image for
the content loss. The loss function of QRCNN is given by

ZSR _ lSR

= IMSE - “4)
——"
content loss

The loss function of QRGAN is given by

lSR _ lSR

= BEL + 107358 (5)

content loss  adversarial loss

IV. EXPERIMENT
A. Dataset

We use 1100 images from QR code image dataset [?], which
is available on Kaggle. These QR code images contain linked
numbers. When we scan these QR codes correctly, we can
obtain these numbers. We use 1000 images for training and
100 images for evaluation. Since the size of the original image
varies, we normalized them to a single size 256 x256 [pixels]
using bicubic method.

B. Training Details

As for training, we use 1000 QR code images. To simulate
small QR code images, we convert training images to 64 x64
[pixels] using bicubic method and apply Gaussian blur or add
Gaussian noise. We use these resized images for the input
of the generator of QRCNN and QRGAN. As for the input
of the discriminator of QRGAN, the output image (256x256
[pixels]) generated by the generator of QRGAN and the
ground truth image (256256 [pixels]) are used. The number



of epochs is just 3 and 10 for Gaussian blur and Gaussian
noise, respectively, so the learning process is very short.

C. Evaluation Method

We use 100 images for evaluation. Similar to the training
process, we convert testing images to 64x64 [pixels] using
bicubic and apply Gaussian blur or add Gaussian noise. We
use these as the input images for the pretrained generator of
QRCNN and QRGAN and simulate whether the output images
are readable. In other words, we simulate whether the linked
number is obtained by scanning the output image. For this
simulation, we use python module, pyzbar. Pyzbar can scan
QR code images and determine what is linked with these QR
codes.

D. Comparison

We compare the performance of our proposed methods and
SRCNN. To ensure the fairness of this comparison, the number
of input channels of SRCNN is fixed to one. SRCNN has
three convolutional layers. The number of channels and the
kernel size of these convolutional layers inherit the values
recommended in the paper of SRCNN. The number of output
channels of these convolutional layers are 128, 64 and 1, while
the number of the kernel size of these layers correspond to 9, 5
and 5. The number of parameters of SRCNN is 216,961, which
is larger than our proposed method. We train SRCNN similar
to QRCNN and QRGAN. In SRCNN, low resolution input
images are upscaled to the desired image size using bicubic
interpolation before input to the network.

E. Evaluation

1) Gaussian blur: To evaluate the performance of QRCNN
and QRGAN, we first prepare blurred low resolution QR code
images. We use Gaussian blur for this purpose. To control
blurriness of the input images, we change the parameters of
Gaussian blur used in training and evaluation. The parameters
are standard deviation and kernel size. We use these prepared
QR codes images for the input of SRCNN, QRCNN and
QRGAN. The result of the training process is shown in Fig.
2. (a) refers to the input image that Gaussian blur is applied,
(b) is the output image of SRCNN, (c) is the output image
of QRCNN, (d) is the output image of QRGAN and (e) is
the ground truth. All output images are readable. Table I-
V shows the result of the readability (%) corresponding to
different parameter sets. The blur values refer to the number
of QR code images which are already readable even before
applying QRCNN or QRGAN. Other values refer to the
number of readable QR code images which are generated
by SRCNN, QRCNN and QRGAN. For example, when the
standard deviation is 1.10 and the kernel size is 3, blurred
images will be completely readable by applying QRCNN or
QRGAN. From this simulation, some unreadable QR code
images with Gaussian blur can be converted into readable ones
by SRCNN, QRCNN and QRGAN. Moreover, our proposed
methods show better performance than SRCNN even though
the number of parameters is less.

TABLE I
RESULTS OF THE READABILITY OF GAUSSIAN BLUR (KERNEL SIZE 3)

standard deviation
Method 4 15 13 14 15 16
Blur 26 18 22 19 15 18
SRCNN 100 100 100 100 98 97
QRCNN 100 100 100 100 100 100
QRGAN 100 100 100 100 100 100

TABLE IT
RESULTS OF THE READABILITY OF GAUSSIAN BLUR (KERNEL SIZE 5)

standard deviation
1.1 1.2 13 14 15 16
Blur 4 0 0 0 0 0
SRCNN 100 86 66 35 24 6
QRCNN 100 100 75 56 53 55
QRGAN 100 100 74 59 50 55

Method

TABLE III
RESULTS OF THE READABILITY OF GAUSSIAN BLUR (KERNEL SIZE 7)

standard deviation
Method 1 15" 3 14 15 16
Blur 50 0 0 0 0
SRCNN 100 100 99 76 57 27
QRCNN 100 100 100 100 85 49
QRGAN 100 100 100 100 88 50

TABLE IV
RESULTS OF THE READABILITY OF GAUSSIAN BLUR (KERNEL SIZE 9)

standard deviation
Method 15" 13 14 15 16
Blur 4 0 0 0 0 0
SRCNN 100 100 96 75 65 52
QRCNN 100 100 100 100 82 74
QRGAN 100 100 100 100 82 74

TABLE V
RESULTS OF THE READABILITY OF GAUSSIAN BLUR (KERNEL SIZE 11)

standard deviation

Method —\\ 15" 13 14 15 16
Blur £ 0 0 0 0 0
SRCNN 100 100 95 75 65 51
QRCNN 100 100 100 100 76 74
QRGAN 100 100 100 100 77 74
TABLE VI

RESULTS OF THE READABILITY OF GAUSSIAN NOISE

standard deviation

Method 55 g8 00 10 11 12

Nose 355 39 12 0 0 0
SRCNN 100 100 94 80 65 48
QRCNN 100 100 100 95 81 66
QRGAN 100 100 100 100 80 73
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Fig. 3. Results of training for noise images : (a) Input with standard deviation 1.0 (height and width are expanded by 4 to align with others); (b) Output of

SRCNN; (c) Output of QRCNN; (d) Output of QRGAN; (e) Ground truth.

2) Gaussian noise: Next, we prepare low resolution QR
code images with noise. We use Gaussian noise for this
purpose. To control the levels of noise, we change the param-
eter of Gaussian noise used in training and evaluation. The
parameter we change is only standard deviation. We use these
prepared QR code images as an input of SRCNN, QRCNN and
QRGAN. The result of the training process is shown in Fig.
3. (a) refers to the input image with Gaussian noise, (b) is the
output image of SRCNN, (c) is the output image of QRCNN,
(d) is the output image of QRGAN and (e) is the ground truth.
All output images are readable. Table VI shows the result of
the readability (%) corresponding to different parameters. The
noise values refer to the number of QR code images which are
already readable even before applying QRCNN or QRGAN.
Other values refer to the number of readable QR code images
which are generated by SQCNN, QRCNN and QRGAN. For
example, when the standard deviation is 0.7, images with noise
will be completely readable by applying QRCNN or QRGAN.
Similar to the first simulation, the result of this simulation also
show the superiority of our proposed methods. QRCNN and
QRGAN can be applied to images not only with blur but with
noise.

V. CONCLUSION

In this paper, we propose QRCNN and QRGAN. QRCNN
and QRGAN can convert unreadable QR code images into
readable ones. From the experiments, our proposed methods
are effective for QR code images with blur or noise. Moreover,
our methods are superior to a typical CNN-based model,
SRCNN, in terms of QR code image super resolution. We
simplify the model structure by only allowing QR code images
for the target of image denoising and super resolution. As

a result, both QRCNN and QRGAN are able to reduce the
number of parameters and computational complexity. Our
model does not incorpolate pretrained model, so the memory
usage is also small. Therefore, QRCNN and QRGAN can be
implemented without relying on high performance GPUs.
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Abstract: Research and standardization activities for Video Coding for Machine (VCM) has been intensified.
In this paper, we propose a method to improve the accuracy of image recognition by processing the coding noise
in VVC encoded video. The proposed method is based on ESRGAN which is a Convolutional Neural Network
(CNN). The evaluation method is the accuracy of object detection by YOLOv7. Experimental results show that
the proposed coding noise processing improves object detection accuracy.
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ABSTRACT

Video prediction is a task in computer vision that predicts future frames from the past few frames of video. In video
prediction, a simple CNN-based approach called SimVP has marked remarkable performance without using RNN or vison
transformer (ViT). In this paper, we propose a model structure to improve performance of video prediction based on FitVid.
FitVid is a regression-based method of predicting future videos using not only video but also motion. We focus on video
prediction only conditioned on videos. To this goal, we introduce network modules used in SimVP to FitVid. Experimental
results show that the proposed structure shows better prediction accuracy compared to SimVP.

Keywords: Video prediction, SimVP, FitVid, RNN, ViT

1. INTRODUCTION

Video prediction is a task in computer vision that predicts future frames from the past few frames of video. Video prediction
is applied to scene understanding and high efficiency video coding. Use of both convolutional and recurrent neural
networks is a recent trend of video prediction models. SimVP marks state-of-the-art accuracy on several video prediction
datasets, despite using only a simple structure of convolutional layers. FitVid is a regression-based method of predicting
future videos using not only video but also motion. The prediction model uses combinations of convolutional and recurrent
neural networks. It is the first model to show overfitting on several video prediction tasks. However, the training process
is inefficient because of its huge number of parameters. In this paper, we focus on video prediction only conditioned on
past videos. We propose to further improve video prediction accuracy of SimVP by introducing a similar model structure
as FitVid except for motion information. We compare our model with SimVP on two datasets. The model performed better
when applied to difficult video prediction datasets and obtained competitive results when applied to easier video prediction
datasets without much increase in computational complexity.

2. RELATED WORKS
2.1 SimVP

SimVP [1] is a video prediction model with simple architectures based on CNNSs. It does not incorporate any complex
strategies such as adversarial training, teacher-student distilling, and optical flow. SimVP consists of three parts, an encoder,
a translator, and a decoder. These modules are all built with CNNs. The encoder is used to obtain spatial features, the
translator learns time evolution, and decoder uses spatial and temporal information to predict future frames. With these
simple architectures, SImVP has marked the state-of-the-art performance on several prediction datasets. Since SimVP has
a very simple configuration, there is room to improve prediction efficiency by adding a more complex structure.

2.2 FitVid

FitVid [2] is a regression-based method of predicting future videos using not only video but also motion. It produces future
frames from past frames and actions with autoregressive manner. FitVid consists of an encoder, a dynamics model, and a
decoder. The encoder and decoder use similar residual encoding and decoding cells as presented in NVAE [3]. NVAE is
a deep hierarchical variational autoencoder which uses spectral regularization and residual parameterization for improving
KL optimization. It also uses depth wise convolution in the generator to acquire wide range of information in the image.
As for the dynamics model, two layers of LSTMs are incorporated to predict future latent variables from encoded frames.
However, FitVid may not be effective, when used for prediction tasks without using actions. Moreover, the training process
is inefficient due to its large number of parameters.



3. PROPOSED METHOD
3.1 Encoder and decoder

Our model consists of three parts, an encoder, a translator, and a decoder. The encoder and decoder are used to learn spatial
features of the input, and the translator is used to learn temporal information of the input.

As for the encoder and the decoder, we follow the structure to FitVid. The number of hidden channels does not change in
the encoder and decoder of SimVP. However, we expand the hidden channels by two when the image size is scaled to half.
Each cell consists of two convolutional layers with Group normalization and swish activation function. We also incorporate
skip connection [4] to achieve efficient learning. In the convolution layer, 10% of the output of the previous layer is added
to the current layer. This enables the model to learn information of previous features. Similar to FitVid, we add Squeeze-
and-Excitation blocks (SE blocks) [5] to further enhance the effectiveness of skip connection. By use of SE blocks,
channels are adaptively recalibrated by intensifying the correspondence between channels. SimVP uses transposed
convolution for up sampling in the decoder.

3.2 Translator

We use same architecture for a translator as SimVP. In the translator, inception modules are used to learn temporal
evolution.

We created four models, a baseline model, the baseline with skip connections, the baseline with skip connections and
Squeeze-and-Excitation blocks (SE blocks), the baseline with skip connections, SE blocks and nearest neighbor
interpolation. All these models are based on CNNs. Model structure of our final model is shown in Fig. 1. We only use
mean squared error (MSE) of the output and the ground truth for the loss function.

ﬂ CNN + SE Layer

(80,64,64,64 . (80,64,64,64)
Input 1 1T E CNN (Down sampling) Tl ouput
(80,1,64,64) [] NN + Nearest Neighbor (Up sampling) s
resize D
(10,8,1T,64,64) L Skip Connection (10% of previous layer is added) (108 ll 64.64)
070 90 30 q0 (80,128,32,32) (80,128,32,32)

7090 90 40 0 J
(80,256,16,16)
Inceptlon
Layer

Fig. 1. Model structure of our final model.

4. EXPERIMENTS
4.1 Datasets

To evaluate the performance of our proposed model, we use two video prediction datasets, Moving MNIST [7] and
TrafficBJ. Moving MNIST contains videos of two handwritten numbers moving around the scene. It contains 10000 videos
for training and 10000 videos for testing. Each video sequence has a resolution of 64x64 pixels. Our task is to predict
future 10 frames given 10 previous frames. TrafficBJ contains the trajectory data in Beijing collected from taxicab GPS
with two channels, inflow or outflow defined in [8]. Similar to SimVP, we normalized the data into [0,1]. It contains 19627
videos for training and 1334 videos for testing. Each video sequence has a resolution of 32x32 pixels. Our task is to predict
future 4 frames given 4 previous frames. The statistics are summarized in Table. 1.



Table. 1. The statistics of datasets. Ni,.qip is the number of training samples and N, is the number of testing samples.
Each sample contains T previous frames and T” future frames with the size of (C, H, W).

Dataset Ntrain Niest (C,H, W) T T
Moving MNIST 10000 10000 (1, 64, 64) 10 10
TrafficBJ 19627 1334 (2,32,32) 4 4

4.2 Metrics

We use mean squared error (MSE), mean absolute error (MAE), Structural Similarity Index Measure (SSIM) to evaluate

the performance of our models.

4.3 Results

We compare our models with SimVP on two datasets with three metrics. The result is shown in Table. 2. From the result,
our final model, baseline with skip connection, Squeeze-and-Excitation block, and nearest neighbor interpolation shows
better video prediction performance than SimVP. Especially, in difficult video prediction setting where Moving MNIST
is used for the dataset, our final model shows significant performance. Our models are trained only for 1200 epochs where
SimVP is trained for 2000 epochs. This indicates that our models can be trained more efficiently. Our models show
competitive performance with TrafficBJ dataset. Moreover, our model improves by applying several techniques such as
skip connection and nearest neighbor interpolation. The visualization results of SimVP and our final model are shown in

Fig. 2., and Fig. 3.

Table. 2. Comparison of our models and SimVP. The optimal results are marked by bold.
(SC : skip connection, SE : Squeeze-and-Excitation block, NN : nearest neighbor interpolation)

Method Moving MNIST TrafficBJ
MSE MAE SSIM MSE X100 MAE SSIM
SimVP 23.8 68.9 0.948 414 16.2 0.982
Baseline 23.7 71.0 0.948 414 16.2 0.982
Baseline + SC 23.3 73.6 0.949 39.1 16.3 0.981
Baseline + SC + SE 22.9 70.7 0.946 44.0 16.4 0.982
Baseline + SC + SE + NN 22.5 68.3 0.949 394 16.6 0.981

Final model

Input

SimVP

Output

A3 X3 X3 121 71

Fig. 2. Result of Moving MNIST.
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Fig. 3. Result of TrafficBJ.

4.4 Consideration

From Table. 2., our model shows better performance than SimVP when dealing with difficult video prediction tasks.
However, our model did not show superiority when it comes to simpler settings. When training TrafficBJ with our final
model, the performance did not change from 40 epochs to 80 epochs. This indicates that our final model is overfitting with
TrafficBJ like it is shown in FitVid. From Fig. 2., it is more difficult to predict distant future frames.

5. CONCLUSION

In this paper, we propose a model structure to improve performance of video prediction based on FitVid. From the
experiment, our model shows better performance than SimVP, the state-of-the-art model for video prediction tasks based
on CNNs. Our model is also based on CNN, but by applying additional features inspired by FitVid, it shows better
performance than SimVP. Our future work is to seek better model structure and apply to different settings such as human
activity estimation.
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