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1. Introduction  

The Video Prediction (VP) theories rely on deep learning (DL) 

architectures to forecast changes between consecutive frames 

[1]. Many VP applications rely on the visual appearance of 

videos, objects, and scenes to anticipate the future, such as 

autonomous driving [2], surveillance [3], and saliency 

prediction [4]. All prediction models operate under the 

fundamental theories of vision prediction [5]. 

However, the relationship between vision and video prediction 

must be understood. Vision prediction is arranged into six 

groups, namely VP or Frame Prediction (FP) [6], Action 

Prediction (AP) [7], Trajectory Prediction (TP) [8], Pose 

Prediction (PP) [9], Motion Prediction [10], and other 

applications that involve various fields like map flow [11], 

visual weather prediction [12] and segmentation prediction 

[13]. VP is considered the most generic branch of vision 

applications. Other branches depend on predicting activities, 

poses, specific actions, and trajectories in the video. These 

applications do not apply prediction theories to the entire frame, 

as in the VP algorithms. Most of these applications combine 

two forms of prediction, such as combining pose and action 

prediction [14] or motion and trajectory prediction [15] within 

a single model.  

VP models face challenges due to the processing required to 

compute each pixel across the current and past frames to 

produce the next frame(s). Moreover, a model must extract the 

relationship between the spatial and temporal domains in each 

pixel location. This relationship makes any VP model more 

challenging to implement than static image models. Many 

researchers have suggested processing spatial and temporal 

features separately [16], but these models must maintain 

consistency between the two results. Another researcher 

suggested designing a VP that simultaneously extracts spatial 

and temporal features to maintain consistency between features 

and reduce the number of parameters [17]. 

Before building any VP model, it is important to understand the 

concepts related to the type of DL-VP model, the dataset used, 

and an appropriate metric function. This review study provides 

an open horizon for understanding the classical models used to 

design VP models, the standard VP dataset, and the appropriate 
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qualitative analysis. The dataset's type plays an important role 

in determining the number of layers, the form of the VP, and 

the metric used to measure model performance. 

Previous review studies on video prediction have often 

concentrated on a single class of deep learning architectures—

for instance, CNN-based or RNN-based frameworks—without 

providing a unified understanding of how different model 

families address spatial and temporal dependencies. In addition, 

earlier works lacked a quantitative comparison of datasets, 

metrics, and performance results across various architectures. 

Many reviews also excluded recent probabilistic and 

transformer-based approaches that have emerged after 2020, 

which are critical for improving prediction stability and real-

time applicability. 

This paper overcomes these limitations by integrating and 

comparing the major deep learning families—CNN, RNN, 

Autoencoder (AE), Variational Autoencoder (VAE), and 

Generative Adversarial Network (GAN)—within a single 

analytical framework. It further synthesizes quantitative 

evaluation results and provides an updated review of 51 studies 

published between 2014 and 2023, establishing a unified 

taxonomy of architectures, datasets, and performance metrics. 

The main objectives of this study are: to present a 

comprehensive review of existing deep learning architectures 

for video prediction, to classify and analyze VP models 

according to their structural type (CNN, RNN, AE, VAE, GAN, 

and hybrid), to compare benchmark datasets and evaluation 

metrics (SSIM, PSNR, MSE, IOU, etc.) across different model 

families, and o identify performance trends, challenges, and 

future research directions for developing more efficient and 

stable VP frameworks. 

The remainder of this paper is organized as follows: Section 2 

explains the spatial and temporal properties of videos; Section 

3 defines the theoretical basis of video prediction; Section 4 

presents common VP architectures; Section 5 and Section 6 

summarize datasets and evaluation metrics, respectively; 

Section 7 and Section 8 analyze reviewed models and 

comparative results; Section 9 discusses key challenges and 

trade-offs; and finally, Section 10 concludes the study with 

insights and future recommendations. 

 

2. Spatial and Time Dimension of Videos  

There are many differences between image and video 

processing. Video processing requires complex transformations 

with motion or flow patterns in the time domain. If we study a 

small part of spatial location across subsequent time steps, as 

described in Fig. 1, a wide range of similarities in the local 

visual are observed. However, when viewed as a whole, the 

sequential frames would appear visually different. As a result, 

the VP produces spatial-temporal (ST) interconnections to 

describe the dynamic relationship in consecutive frames [1].  

 

3. Research Methodology 

This review study used a structured, systematic approach to 

identify, evaluate, and synthesize the most relevant literature on 

deep learning-based video prediction (VP) architectures. 

To ensure comprehensive coverage, the literature was collected 

from multiple major scientific databases, including IEEE 

Xplore Digital Library, Elsevier ScienceDirect, SpringerLink, 

and other open-access journals. 

The search queries combined multiple keywords related to 

video prediction and deep learning, such as: “Video 

prediction,” “future frame forecasting,” “deep learning,” 

“convolutional neural network (CNN),” “recurrent neural 

network (RNN),” “autoencoder (AE),” “variational 

autoencoder (VAE),” “generative adversarial network (GAN),” 

and “transformer models.” Boolean operators (AND/OR) were 

used to combine these keywords according to the database's 

syntax. Each selected paper was analyzed based on 

standardized parameters to enable comparison across models:  

• Model Type: CNN, RNN, AE, VAE, GAN, or hybrid. 

• Dataset Used: KTH, UCF101, KITTI, Cityscapes, Caltech, 

etc. 

• Performance Metrics: Mean Squared Error (MSE), Peak 

Signal-to-Noise Ratio (PSNR), Structural Similarity Index 

(SSIM), Intersection over Union (IOU), Frechet Video 

Distance (FVD), and others. 

• Year of Publication and Application Domain: To identify 

temporal evolution and real-world applicability. 

This methodology ensured a quantitative and reproducible 

review process covering 51 significant VP studies across 

various dataset categories and model architectures. 

 

4. Video Prediction Definition 

To define the VP theories, suppose Ft € RC * W * H, which 

represents the tth-frame of the m-sequence of frames (F), where 

F = (Ft-m, ……., Ft-1, Ft). C, W, and H denote the number of 

channels and the width and height of frames, respectively. The 

output predicts the subsequent frames Y= [Y ̂(t+1), Y ̂ (t+2), 

……., Y ̂(t+n)] depending on the input frames F. Therefore, the 

sp
atial co

h
eren

t 

 

temporal coherent 

Sequence of frames at 

t=t1, ……, n-t1 

Figure 1. Spatial-temporal coherence in the sequence of 

frames. 
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VP can be defined as arranging a sequence of video frames as 

context and temporal information to predict the next frame [18]. 

 

5. Architectures of VP  

This section generally introduces the most common DL 

architectures used as basic building blocks in the VP models, as 

shown in Fig. 2.  

 

 

5.1. Convolutional Neural Network Models (CNN) 

The 2D CNN layers are the basic component of VP 

architectures used to extract the spatial framework of visual 

data. Unfortunately, the implementation of classical 2D CNNs 

on video suffers from intra- and inter-frame relationships, 

which are represented as spatial–temporal dependencies. Many 

works enhance the classical structure of CNNs by adding more 

layers to the basic models [2],[3], increasing the kernel size 

[4],[5], combining multiple levels linearly [6], and enhancing 

pooling operations to maintain feature resolution [6]. Other 

works proposed a dual 2D CNN model to improve prediction 

performance. The first model is applied to the sequence of 

frames to extract spatial features, and the second is applied to 

other types of data, such as optical flow [7] or segmented data 

[8], to extract temporal features. However, these updates of 

classical 2D CNN models cannot overcome the issues of ST 

feature extraction. As a result, many researchers have proposed 

new CNN models to improve prediction performance. 

5.2. Recurrent Neural Networks (RNN)  

RNNs are widely used in VP techniques [9], [10], [11]. 

Classical RNNs have several substantial constraints. These 

constraints appear in long-term statements due to exploding and 

vanishing gradients, which make backpropagation through time 

(BPTT) very slow. Classical RNNs were enhanced by the gated 

recurrent unit (GRU) [12], long short-term Memory (LSTM), 

and convolutional long-term short memory (CONVLSTM) 

models. 

The GRU consists of two gates, while the LSTM and 

CONVLSTM consist of three gates, as shown in Fig.3 (a-c). 

These gates regulate the flow of gradients and information to 

capture or update the contents of memory cells, depending on 

the input and output state. Thus, these gates prevent the 

accumulation of irrelevant data or the fading of important data 

in the cells. They can control how much the gradients are 

affected by current and prior inputs and outputs. This helps 

prevent exploding or vanishing gradients. [13], [14].  

 

The structure of CONVLSTM layers is similar to the LSTM, 

but internal matrix multiplications are exchanged with 

convolution operations. However, the 2D-CONVLSTM layers 

were designed solely to represent temporal relationships in 

sequential information. The information in the memory cell is 

horizontally distributed along the time dimension to capture 

temporal features, as shown in Fig. 3(b). Only hidden states (Ht) 

are transferred [15] in the vertical dimension.  

Many studies applied CONVLSTM layers in VP models to 

enhance prediction performance. Wang et al. [2] combined the 

classical LSTM with 3DCNN models that presented an eidetic 

3D LSTM (E3D-LSTM). Fan et al. [13] proposed a cubic long 

short-term memory (cubic-LSTM) unit to build the VP model. 

This model comprises three components: a spatial unit, a 

temporal unit, and an output unit.  

5.3. Auto-Encoder Model  

The autoencoder (AE) network is applied to the training data in 

a self-supervised task that consists of an encoder, a bottleneck, 

and a decoder, as shown in Fig. 4. The goal of using the AE 

Video Prediction architectures 
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   Figure. 2. Backbone video Prediction architectures. 
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architecture is to learn low-dimensional representations from 

high-dimensional input data. The key to the AE structure is to 

reduce data dimensionality and train the model to extract the 

most important features. 

Beibei 

Jin et al. [16] presented a transformation AE that predicts 

variations between adjacent frames. The current frame is fused 

with the prediction results to generate the future frame. 

Shayanfar et al. [17] presented a VP architecture based on the 

multiscale transformation pre-trained VGG. 

5.4. Generative Models 

The generative VP models are divided into two basic techniques 

according to how they learn: the first group is trained on the 

joint probability Pj(x; y) and defines the Pmodel(x) explicitly, 

as in variational autoencoder (VAE) models [18]. The second 

group depends on the conditional probability Pc (y|x) and 

defines Pmodel(x) implicitly, like generative adversarial 

network (GAN) models [19]. 

5.4.1. Variational Autoencoders  

Variational autoencoders (VAEs) are considered an extension 

of AE models. The low-dimensional resolutions of X data are 

formulated as Z sampling, which determines the most 

significant variation features, as shown in Fig.5. The VAE 

model extracts the probability values based on its input data. It 

uses distributional values (mean and variance) to compare the 

latent variables with the normal distribution, thereby providing 

a better regularization effect [18]. 

  

Optimizing the probability function in the direct form is very 

difficult. Therefore, many works improved the lower bound of 

the probability function [9], [20], [21]. The predicted outcomes 

are of high quality and exhibit less blurring than those from 

classical AE models. The VAE is described as two models that 

interact to improve the final result. 

5.4.2 Generative Adversarial Network   

Generative adversarial network (GAN) architectures were 

inspired by game theory [19],[22]. They consist of two models 

that are trained in a combination pattern as a minimax game. 

The generator model creates newly generated samples that are 

similar to the real samples. On the other hand, the discriminator 

model classifies these samples to distinguish between real and 

generated data, as shown in Fig. 6.  

 

The generator always creates new samples that fool the 

discriminator. The basic formulation of GANs is considered an 

unconditioned model that can generate new fabricated data 

using random input samples, yet many researchers still use 

GANs as conditional models. Mirza and Osindero [23] 

proposed a conditional GAN (cGAN) that leverages additional 

information, such as class labels, previous predictions, and 

multimodal samples. 

Many researchers suggested using additional types of input 

data. Frames are applied to the basic generator while the optical 

flow maps [7], or motion labels [24], are applied to the second 

generator [19]-[22]. The discriminator model assesses the 

predicted results [25]. More efficient models were proposed by 

applying multiple discriminators to improve decision-making. 

Bhattacharjee and Das.[3] applied two discriminators: the first 

one is used to enhance the intermediate information, while the 

second one is implemented to make a true decision about the 

final results. Fan [26] presented a GAN model with a single 

generator and dual discriminator. This model predicts the next 

frame and then performs anomaly detection based on the 

prediction frame. 

 

6. Datasets  

Most VP models are generative, self-supervised, and require 

only a sequence of video frames as input. This section 

introduces the most widely used datasets for VP models and 

provides details, as shown in Table 1. These datasets can be 

organized by application, as shown in Fig. 7, which lists the 

most critical datasets for each application, ranked on a scale of 

[0-10]. Many datasets used in VP training are collected for a 

specific application. The KTH dataset is used for action 

recognition, but also for action and video prediction. 

 

 

Figure 4. General architecture of the autoencoder 

model. 
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Table 1. The most popular video prediction datasets. Information in datasets  
Year # videos # frames Resolution Information in 

datasets 

Type Applications 

F

P 

A

P 

T

P 

M

P 

O 

KTH [27]  2004 2391 250000 160 × 120 RGB frames R * *    

Weizmann [28]   2007 90 9000 180 × 144 RGB frames, SS 

(701l) 

R  *    

Camvid [29] 2008 5 18202 960 × 720 RGB frames R  * *   

Bouncing 

balls[30] 

2008 4000 20000 150x150 RGB frames S *     

Caltech[31] 2009 137 1000000 ----------- RGB frames, Bb R *  *   

ViSOR [32] 2010 1529 1360000 ----------- RGB frames R     * 

PROST [33]  2010 4 (10) 4936 

(9296) 

----------- RGB frames R     * 

HMDB-51 [34] 2011 6766  639300 var × 240 RGB frames R  * *   

Van Hateren [35] 2012 56 3584 128 × 128 RGB frames R *     

UCF101 [36] 2012 13320 2000000 320 × 240 RGB frames R * *  * * 

NORBvideo [37] 2013 110560 552800 640 × 480 RGB frames R *     

Penn Action [38] 2013 2326 163841 480 × 270 RGB frames R * *   * 

KITTI [39] 2013 151 48791 1392 × 512 RGB 

frames/L/SS(200)/

Bb 

R *  * *  

Arcade [40] 2013 ----- -------- 210 × 160 RGB frames S     * 

Sports1M  [41] 2014 1133 

158 

-------- 640 × 360 RGB frames R  *  * * 

Human3.6M [42] 2014 4000 3600000 1000x1000 RGB frames R * *    

Moving MNIST 

[43] 

2015 ------- -------- 64 × 64 RGB frames R/S *  *   

Robotic [44] 2016 57  1500000 640 × 512 RGB frames R *     

Cityscapes[45]  2016 50 7000000 2048 × 1024 RGB 

frames/S/SS2.5K 

R *  *  * 

Comma.ai [10] 2016 11 522000 160 × 320 RGB frames R   *  * 

YouTube8M [46] 2016 8200000 --------- --------- RGB frames R/S *   *  

YFCC100M [47] 2016 8000 ------- --------- RGB frames R/S    *  

Inria-3DMovie 

[48] 

2016 27 2476 960 × 540 RGBframes/IS 

(235) 

R  *   * 

THUMOS-15 

[49] 

2017 18404 3000000 320 × 240 RGB frames R  *   * 

BAIR Robot [50] 2017 45000 ------ ---------- RGB frames R * *    

Apolloscape [51] 2018 4 200000 3384 ×2710 RGB 

frames/L/SS(147

K) 

R  *   * 

Robotrix [52] 2018 67 3039252 1920× 1080 RGB 

frames/D/SS/ IS 

S  *   * 

Kinetics 600 [53] 2018 500 6000000 64x64 RGB frames X * *    

RoboNet [54] 2019 161000 1500000

0  

------ RGB frames R *     

UASOL [55] 2019 33 165365 2280 × 1282 RGB frames/D R     * 

SynPick [56] 2021 21 503232   1920×1080 RGB frames S * *  *  
(SS/IS/PS: Semantic Segmentation/Instant Segmentation Panoptic Segmentation, Bb: Bounding box. (R/SY: Real/ Synthetic, S: Stero, L: LIDAR, 

D: depth Application: F: Frame prediction, AP: Action Prediction, TP: Trajectory prediction, MP: Motion prediction, O: Other applications) 
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7. Metrics and Evaluation Protocol 

Most researchers evaluate VP models using criteria that assess 

the similarity or diversity between the results and the GT data, 

as described in Table 2.  

 

 

8. VP Techniques  

VP techniques are described in Table 3 based on 51 reviewed 

VP articles. In 2014, the most popular models depended on 

classical 2D CNN layers. Many VP models are built on 

multiscale AE models to extract spatial and temporal features. 

However, it isn't easy to extract these features simultaneously. 

Therefore, many researchers began developing their models by 

combining recurrent models with AE techniques. Ling et al. 

[57] introduced a multiscale predictive VP model that 

combined LSTM layers with an AE model.

 

Table 2. The formulas of the most important quantitative criteria 

The Metric Equation Symbols 

Cross Entropy  

(CE) [58] 𝐻(𝑃, 𝑄) = −  ∑ 𝑃(𝑎) ∗ ln (𝑄(𝑎))

𝑋

𝑥

 

P(a): the probability of the event a in P 

Q(a): the probability of event a in Q 

Mean Squared 

Error  

(MSE) [59] 

𝑀𝑆𝐸 =
1

𝑀𝑁
∑ ∑( 𝐹(𝑥, 𝑦) − 𝐹̂(𝑥, 𝑦) )2

𝑁

𝑦=1

𝑀

𝑥=1

 

F(x,y) is the GT frame 

𝐹̂(𝑥, 𝑦) is the predicted frame 

Peak Signal to 

Noise Ratio 

(PSNR) [60] 

𝑃𝑆𝑁𝑅 = 20 log(
𝑀𝐴𝑋

√𝑀𝑆𝐸
) 

Max: is the maximum value of pixels 

Similarity 

Structured 

Index  

(SSIM)[61] 

𝑆𝑆𝐼𝑀 (𝑥, 𝑦)

= [
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇𝑥
2 + 𝜇𝑦

2 + 𝐶1
]

𝛼

  [
2𝜎𝑥𝜎𝑦 + 𝐶2

𝜎𝑥
2 + 𝜎𝑦

2 + 𝐶2
]

𝛽

[
2𝜎𝑥𝑦 + 𝐶3

𝜎𝑥 𝜎𝑦 + 𝐶3
]

𝛾

 

𝜇𝑥 =
1

𝑁
∑ 𝐹(𝑥)𝑁

𝑥=1   ,𝜎𝑥 =
1

𝑁−1
 ∑ (𝐹(𝑥) − 𝜇𝑥)2𝑁

𝑥=1  

L: is the dynamic range of each pixel 

K1, K2 and K3 <<1 

𝐶1 = (𝐾1𝐿)2 

𝐶2 = (𝐾2𝐿)2 

𝐶3 = (𝐾3𝐿)2 

Learned 

Perceptual 

Image Patch 

Similarity 

(LPIPS) [62] 

𝑑(𝑝, 𝑝0) = ∑
1

𝐻𝑊
𝑙

∑‖𝑤𝑙 ∗ (𝑦̂ℎ𝑤
𝑙  , 𝑦̂0ℎ𝑤

𝑙  )‖
2

2

𝑤,𝑙

 

The features are extracted from each 

layer L. 

The unit is normalized for layer l 

wl is the scaling vector 

H, W: are the spatial dimensions 

Frechet Video 

Distance 

(FVD) 

𝑑(𝑑𝑖𝑠𝑅 , 𝑑𝑖𝑠𝐺) =  |𝜇𝑅 − 𝜇𝐺|2
+ 𝑇𝑟( ∑ 𝑅

+ ∑ 𝐺 − 2(∑ 𝑅 ∑ 𝐺)1/2) 

μR, μG: The mean value of  ∑ R ∑ G 
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∑ R ∑ 𝐺 the co-variance of 𝑑𝑖𝑠𝑅 , 𝑑𝑖𝑠𝐺  

L1 Loss  

function [19] 𝐿1(𝐺𝑇 , 𝑃 ) = ∑|𝐺𝑇 − 𝑃 |

𝑁

𝑖=1

 
𝐺𝑇 : the ground truth data 

𝑃 :  the predicted data 

L2 Loss 

function [21] 𝐿2(𝐺𝑇, 𝑃) = ∑(𝐺𝑇 − 𝑃)2

𝑁

𝑖=1

 
𝐺𝑇 : the ground truth data 

𝑃 : the predicted data 

Adversarial loss   

(AL) [23] 
𝐴𝐿 = 𝛾𝑎𝑑𝑣 𝐿𝑎𝑑𝑣

𝐺 +    𝐿𝑝2𝑝 

𝐿𝑎𝑑𝑣
𝐺 = 𝐿𝐵𝐶𝐸  (𝑃̂, 𝑃) 

𝐿𝐵𝐶𝐸  (𝑃̂, 𝑃) = −𝑝 log(𝑃̂) − (1 − 𝑃) log(1 − 𝑃̂) 

𝛾𝑎𝑑𝑣   a constant value 0.1 

   𝑃̂ is the predicted value of the 

discriminator 

P is the GT values 

Instruction Over 

Union (IOU) 

[63] 

𝐼𝑂𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

TP: number of True positions 

FP: the number of false positions 

FN: the number of False Negatives 

Patraucean [29] suggested a 2D CONVLSTM AE to extract 

temporal features. Straka et al. [64] suggested predictive coding 

CONVLSTM AE with an estimator block as a bottleneck. 

These techniques suffer from blurry results and increase the 

number of parameters. In response, researchers began using 

additional data, such as motion or flow maps, segmentation 

labels, and so on, to improve performance and reduce blurry 

predictions.  

Table 3. The most important VP models AC: action-conditional extra input dataset. S: State of input data, Po: high-

level addition Pose information, SS Semantic Segmentation data, P: Percepts, M: Motion information, IS: Instance 

Segmentation, De: Depth information, OF: Optical Flow. 

Reference Year dataset Input data Output data Loss function 

CNN models 

[65] 2014 [36] RGB frame RGB frame  CE 

[29] 2015 [43], [29] RGB frame RGB frame Ac 

[4] 2016 [43] RGB frame RGB frame -------- 

[66]  2017 [45] P SS PSNR, SSIM, IOU 

[67] 2017 [43], [36] RGB frame RGB frame PSNR, SSIM 

[68] 2018 [31], [46] RGB frame RGB frame L2, SSIM, PSNR 

[69] 2018 [39], [31] RGB frame RGB frame MSE, SSIM 

[8] 2019 [45] RGB frame SS  IOU, AC 

[70]  2021   [29] RGB frame RGB frame Ac 

[71]  2023 [43], [29] RGB frame RGB frame Accuracy 

                                                                                      RNN models 

[72] 2014 [30], [37] RGB frame RGB frame Ac 

[43] 2015 [43], [34], [34], [29] RGB frame/ P  RGB frame CE, L2 

[73] 2018 [45] P SS IOU 

[74] 2018 [45] M M IOU 

[25] 2018 [43], [29] RGB frame RGB frame MSE 

[75] 2018 [43], [72], [36],  RGB frame RGB frame MSE, PSNR.SSIM 

[2] 2019 [43], [27] RGB frame RGB frame SSIM, MSE 

[76]  2019 [45] P P, IS L2 

[59] 2020 [43], [31], [39] RGB frame RGB frame MSE, SSIM 

[77] 2020 [27], [39] RGB frame RGB frame MSE, SSIM 

[78] 2021 [42] RGB frame RGB frame SSIM, MSE, MAE, 

FVD 

[79] 2022 -------- RGB frame RGB frame SSIM 

[80]  2022 [39],[45] RGB frame/ M RGB frame PSNR, SSIM, LPIPS 

[62] 2022 [43], [27], [56] RGB frame RGB frame PSNR, LPIPS, SSIM 

[81] 2017 [29], [38] RGB frame Po RGB frame CE, IS 

[20] 2018  [42], [50] RGB frame RGB frame PSNR, SSIM 

[9]  2019 [43], [45], [50] RGB frame RGB frame FVD, LPIPS, 

SSIM 

[82] 2020 [45], [50] RGB frame SS, De, Mo IOU 
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[83]  2021 [39], [42], [45], [54] RGB frame RGB frame PSNR, FVD, SSIM, 

LPIPS 

GAN models 

[84] 2017 [47] RGB frame RGB frame CE, AL 

[3] 2017 [29], [39], [41] RGB frame RGB frame PSNR, SSIM 

[85]  2019 [27] RGB frame RGB frame PSNR, SSIM, 

LPIPS 

[86] 2019 [27], [50] RGB frame 

motion 

RGB frame SSIM, PSNR 

[22]  2019 [29], [31], [39] RGB frame RGB frame MSE, PSNR, 

SSIM 

[87]   2020 [27], [31], [50] RGB frame RGB frame PSNR, SSIM, 

LPIPS 

[88]  2020 [31], [39] RGB frame RGB frame SSIM, LPIPS 

[89]  2020 [39],[45] RGB frame/OF/SS RGB frame SSIM, 

LPIPS 

[58] 2021 [53] RGB frame RGB frame PSNR, SSIM 

[90]  2022 [53] RGB frame RGB frame PSNR, FVD, LPIPS, 

SSIM  

[91] 2022 [29], [42] RGB frame RGB frame PSNR, LPIPS 

Combined Model 

[24] 2019 [43], [27] RGB frame RGB frame SSIM, PSNR 

[60]  2019  [29], [31] 

 

RGB frame RGB frame LPIPS, SSIM, PSNR 

[92] 2021 [29], [53] RGB frame RGB frame FVD 

[17] 2022 [43], [39] RGB frame RGB frame SSIM, MSE 

[93]  2022 [43], [27], [50] RGB frame RGB frame PSNR, MSE, SSIM, 

LPIPS 

[94] 2022 [31], [50], [53], [54] RGB frame  RGB frame PSNR, SSIM, LPIPS 

[95] 2022 ------ RGB frame RGB frame MSE 

[96] 2022 [29], [42] RGB frame RGB frame PSNR, LPIPS 

[97] 2023 [27], [39], [42] RGB frame RGB frame PSNR, LPIPS, SSIM 

[64] 2023 [31], [39] RGB frames  RGB frames PSNR, MES, SSIM 

[98] 2023 [27][29], [39], [50], 

[54] 

RGB frame RGB frame PSNR, FVD, LPIPS, 

SSIM 

However, the additional information cannot be found in any 

standard dataset. Thus, the researchers updated many standard 

datasets to serve their models. Sun et al. [98] proposed a 

Motion, Scene, and Object (MOSO) framework for VP based 

on three AE models. The MOSO encoders are introduced based 

on inputs that are extracted from a sequence of frames.  

In 2017, generative VP models like GANs and VAEs were 

introduced, based on probability density functions used to 

extract the most appropriate latent variable from the encoder. 

This procedure improves prediction performance while 

increasing model complexity.   

In 2018, VP models were built by combining the multi-

dimensional theories, which allowed the application of 3D 

LSTM [34] and 3D-CONV layers [46], as shown in Fig.8. After 

that, the researchers modified classical models like U-net, 

VGG, and GAN techniques by combining them with 3D CNN, 

RNN layers to enhance the prediction performance. Fig. 8 

shows the most important methods used over the last 10 years.
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9. Results  

A comparison of VP techniques must unify quantitative 

analysis and datasets across all research to enable scientific 

analysis of results. Many authors assessed their models using 

the Moving MNIST synthetic dataset, as shown in Table 4. 

Angel V. et al. [62] developed a Multiscale Hierarchical 

Prediction (MS-H Pred) model based on the M-MNIST dataset 

to extract spatial-temporal features at multiple scales. This 

model achieved first place with SSIM = 0.97 and second place 

with PSNR = 25.99. It is also applied to the KTH dataset.   Marc 

Oliu [75] created an AE model with a GRU state using the M-

MNIST, KTH, and UCF datasets. This model achieved the 

highest PSNR on the KTH dataset, as shown in Fig. 9.   

Most models were trained on the KITTI, Caltech, Cityscapes, 

KTH, and UCF101 datasets. Prateep B. [48] proposed a multi-

stage GAN to predict long-short information. It achieved the 

highest PSNR on the KITTI dataset. It ranked second in PSNR 

on the UCF101 dataset, as shown in Fig. 9. The main reason for 

using different datasets with the same model during training is 

to make VP models more accurate and better suited for 

practical, real-time applications. All models are implemented as 

pixel synthesis models that use a sequence of input frames. 

PSNR, MSE, and SSIM are useful metrics for measuring the 

difference between the GT and predicted frames.  

 

Table 4. The summary of VP criteria and their datasets.  

Papers Model Year MSE 

*10-3 

SSIM PSNR 

M-MNIST 

[67] ++1    2D-AE 2017 ----- 0.93 23. 

[75] +++2 CNN+GRU 2018 9.47 0.81 21.39 

[2] ++3 3D LSTM 2019 41.3 0.91 ----- 

[14] ++4 AE-LSTM 2019 50.5 0.87 ----- 

[24]++5 MultiscaleM

ultiscale AE-

LSTM 

2019 -- 0.87 27.08 

[59]  +6 two-way AE 2020 22.3 0.94 ----- 

[17] ++7 3D-AE 2022 9 0.91 ----- 

[93]++8 2D-AE with 

VPTR 

2022 107 0.84 ----- 

[61]+++9 3D-CNN 2022 23.8 0.95 ----- 

[62] ++10 Hierarchical 

2D AE-

LSTM  

2022 ----- 0.97 25.99 

UCF 101 

[67]  ++1 2D-AE 2017 ----- 0.91 31.79 

[3] ++11 GAN 2017 ----- 0.95 38.2 

[7]++12 GAN 2017 --- 0.94 30.5 

[11]+++12 Parallel 

 MD-LSTM 

2018 ----- 0.92 34.9 

[69] ++13 2D-AE 2018 ----- 0.96 34.26 

[75]+++2 CNN+GRU 2018 9.08 ----- 23.87 

[22] ++14 Cycle GAN 2019 1.37 0.94 35 

[60]++15 sparse 

motion 2D-

CNN 

2019 ----- 0.91 30.8 

[19] ++16 GAN 2021 2.39 0.91 30.9 

[57]+++++1

7 

AE-LSTM 2022 39.5 0.93 ------ 

[96] ++18 STIPAE-

STGRU 

2022 ---- ----- 30.75 

[99]+19 3D-GAN 2022 0.11 0.26 26.46 

KTH 

[75]+++2 CNN+GRU 2018 1.75 ------ 29.29 

[2]++3 3D LSTM 2019 ----- 0.88 29.31 

[24]++5 MultiscaleM

ultiscale AE-

LSTM 

2019 ----- 0.87 27.00 

[14]++4 AE-LSTM 2019 ---- 0.81 27.58 

[77]++20 Inception 

2D-LSTM 

2020 0.463 0.96 ---- 

[100] ++21 2D CNN-AE 2021 ----- 0.83 27.11 

[57]+++++1

7 

AE-LSTM 2022 ----- 0.88 31.87 

[93]++8 2D-AE with 

VPTR 

2022 ----- 0.85 26.13 

[61]+++9 3D-CNN 2022 ----- 0.90 33.72 
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Figure 8. VP techniques at last ten years.
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[62]++10 Hierarchical 

2D AE-

LSTM  

2022 ----- 0.93 28.93 

[97]++++22 Pyramidal 

CNN-LSTM 

2023 ---- 0.89 32.05 

[98]++23 Multi-stage-

VAE 

2023 ---- 0.82 29.8 

KITTI 

[3]++11 GAN 2017 ----- 0.94 40.2 

[87] +24 AE-DWT 2018 ---- 0.91 27.98 

[11]+++12 Parallel 

 MD-LSTM 

2018 1.94 0.92 28.7 

[77]++20 Inception 

2D-LSTM 

2020 7.191 0.87 ----- 

[89]++25 CNN-AE 2020 ----- 0.61  

[57]+++++1

7 

AE-LSTM 2022 ----- 0.45 15.69 

[17]++7 3D-AE 2022 25 0.53 ----- 

[80] ++26 2D-VAE 2022 ----- 0.38 14.32 

[97]++++22 Pyramidal 

CNN-LSTM 

2023 ------ 0.86 25.44 

[98] ++23 Multi-stage-

VAE 

2023 ------ 0.59 21.1 

Human 3.6M 

[11]+++12 Parallel 

 3D-LSTM 

2018 ----- 0.99 45.2 

[101]++27 Multi-stage 

AE-LSTM 

2018 ----- 0.97 39.7 

[100]++21 2D CNN-AE 2021 ----- 0.91 26.1 

[57] 
+++++17 

AE-LSTM 2022 ----- 0.96 31.9 

[96]++18 STIPAE-

STGRU 

2022 ----- ----- 30.9 

[97]++++22 Pyramidal 

CNN-LSTM 

2023 ---- 0.94 27.5 

[64]++28 Predictive 

AE-LSTM 

2023 2.05 0.92 28.4 

Caltech Pedestrian Dataset 

[7]++12 GAN 2017 2.41 0.89 ----- 

[69] ++13 2D-AE 2018 0.87 0.95 ----- 

[60]++15 sparse 

motion 2D-

CNN 

2019 2.65 0.87 ----- 

[22]++14 Cycle GAN 2019 1.61 0.92 29.9 

[19]++19 GAN 2021 1.88 0.91 28.7 

[57]+++++1

7 

AE-LSTM 2022 ----- 0.68 19.87 

[61] +++9 3D-CNN 2022 1.56 0.94 33.1 

[97] 

++++22 

Pyramidal 

LSTM 

2023 ------ 0.86 25.4 

[64]++28 Predictive 

AE-LSTM 

2023 2.02 0.93 28.5 

Cityscapes 

[101]++27 Multi-stage 

AE-LSTM 

2018 ----- 0.77 26.6 

[89] ++25 CNN-AE 2020 ----- 0.67 ---- 

[80]++26 2D-VAE 2022 ----- 0.64 21.4 
The ++++n indicates the number of datasets used in each paper, and (n) indicates 

the order of the paper. 

 
 

 
Figure 9. (a)  psnr comparison  

                  (b) ssim comparison.  

 

At the same time, many researchers began using high-level data 

semantics, instance segmentation, and panoptic segmentation to 

enhance VP models, as shown in Table 5. The Instruction over 

Union (IoU) is the most popular metric for measuring VP 

performance at the segmentation level. The datasets contain 

segmentation labels that must be used, as in the Cityscapes 

dataset.  

Table 5. A comparative study based on the 

Cityscapes dataset. Higher IOU values indicate a 

better outcome. 

papers Year #frames (Input-output) IOU ↑ 

[66] 2017 3-3 55.5 

[73] 2018 4-3 60.06 

[74] 2018 4-3 61.47 

[102] 2018 4-3 67.1 

[8]   2019 4-1 65.08 

[82] 2020 5-3 46.4 
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10. Discussion   

VP architectures range from straightforward, direct models to 

very complex probabilistic models. Many factors, such as 

dataset type, number of layers, and model structure, play an 

important role in improving prediction performance and 

reducing parameter count. VP design faces many challenges. 

The main challenges are the inherent pixel-level contrast and 

the curse of dimensionality, which significantly complicate the 

development of robust prediction models. This often leads to 

the application of data transformation strategies based on 

estimation theories. In this case, the prediction performance 

depends on the accuracy of the estimated block, such as vector-

based pertained models. 

The second challenge involves balancing the predicted 

performance and model complexity. This trade-off affects the 

ability to implement the VP model in a real-time system. This 

challenge depends on the VP model's structure. Therefore, it is 

important to choose a suitable CNN structure to build reliable 

VP models.  

Although significant progress has been achieved in video 

prediction (VP) through deep learning, several promising 

research paths remain open. 

• Integration with Diffusion and Transformer Models: Recent 

advances in diffusion-based generative models and vision 

transformer architectures (ViTs) have demonstrated 

remarkable capacity for capturing global spatial–temporal 

dependencies. Future VP frameworks could integrate these 

models with existing CNN or RNN blocks to enhance 

prediction fidelity and long-term temporal consistency 

while reducing blurriness in generated frames. 

• Benchmark and Dataset Unification: The current VP 

literature relies on diverse datasets (e.g., KTH, UCF101, 

KITTI, Cityscapes) with inconsistent resolutions and label 

formats. Establishing unified benchmarking protocols, 

shared preprocessing pipelines, and standardized evaluation 

metrics (e.g., SSIM, PSNR, FVD) would allow more 

reliable cross-model comparison and accelerate 

reproducibility in the field. 

• Real-Time and Resource-Efficient Deployment: Many 

high-performing architectures, particularly 3D-CNN and 

GAN-based models, remain computationally expensive for 

embedded or real-time applications such as autonomous 

driving or surveillance. Future research should focus on 

lightweight architectures, knowledge distillation, and 

hardware-aware optimization to achieve real-time inference 

with minimal energy consumption. 

• Hybrid Learning and Self-Supervision: Combining 

supervised, unsupervised, and self-supervised learning can 

reduce dependency on annotated video data. Integrating 

multimodal cues such as optical flow, depth, and motion 

segmentation will further enhance predictive robustness in 

complex dynamic environments. 

Overall, future efforts should emphasize efficient, explainable, 

and transferable VP architectures that balance prediction 

accuracy, computational cost, and generalization across diverse 

visual domains. 

 

11. Conclusion 

VP models are the most important part of vision prediction 

architectures. These models process the sequence of frames to 

forecast future frame(s), using various architectures and 

additional data. The VP structures depend on employing the 

third dimension (temporal component) of videos, which 

significantly complicates the prediction processing. 

This review provides a comprehensive overview of the basic 

steps for designing VP models based on dataset type, layer type, 

and overall model structure. The article helps readers 

understand the fundamental principles of state-of-the-art VP 

deep learning models and their datasets. These models are 

executed based on many types of datasets. The most widely 

used datasets are KTH, UCF101, KITTI, Caltech, and 

Cityscapes, which are also used to train VP models. 

The prediction performance demonstrates that the 2D GAN 

models outperformed others in terms of PSNR and SSIM using 

the UCF101 and KITTI datasets. Nevertheless, these models 

still suffer from instability in system prediction. The 3D CNN 

models are applied to solve this problem by extracting spatial 

and temporal features in real time and thereby increasing 

system stability. 

The 3D CNN models achieve satisfactory predictive 

performance, but they increase model complexity. Future work 

is required to reduce this complexity. 
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