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Abstract: Video prediction is the problem of generating future frames by exploiting the spatiotemporal correlation from the past frame sequence. It is one of the crucial issues in computer vision and has many real-world applications, mainly focused on predicting future scenarios to avoid undesirable outcomes. However, modeling future image content and object is challenging due to the dynamic evolution and complexity of the scene, such as occlusions, camera movements, delay and illumination. Direct frame synthesis or optical-flow estimation are common approaches used by researchers. However, researchers mainly focused on video prediction using one of the approaches. Both methods have limitations, such as direct frame synthesis, usually face blurry prediction due to complex pixel distributions in the scene, and optical-flow estimation, usually produce artifacts due to large object displacements or obstructions in the clip. In this paper, we constructed a deep neural network Frame Prediction Network (FPNet-OF) with multiple-branch inputs (optical flow and original frame) to predict the future video frame by adaptively fusing the future object-motion with the future frame generator. The key idea is to jointly optimize direct RGB frame synthesis and dense optical flow estimation to generate a superior video prediction network. Using various real-world datasets, we experimentally verify that our proposed framework can produce high-level video frame compared to other state-of-the-art framework.

Keywords: Video frame prediction; multi-step prediction; optical-flow prediction; delay; deep learning



1  Introduction

Next-frame prediction is the problem of generating future frames by adopting the spatiotemporal correlation between a given set of current and past successive frames. Such predictive cognitive neural networks are often considered the essence of computer vision. They play a critical role in a variety of applications, such as abnormal event detection [1], autonomous driving [2–4], intention prediction in robotics [5,6], video coding [7,8], collision avoidance systems [9,10], activity and event prediction [11,12], and pedestrian and traffic prediction [13–15]. However, modeling future image content and object motion is challenging due to dynamic evolution and image complexity, such as occlusions, camera movements, and illumination. In the past, statistical algorithms such as Hidden Markov Model [16,17], Dynamic Random Forests [18], Gaussian Mixture Model [19], and Boltzmann Machine [20] have been used for simple periodic motion. On the other hand, data-driven approaches with Deep Learning were considered, for more complex scene evolutions.

Recently, the Deep Neural Network model has become popular in various fields because of its ability to handle multidimensional data without feature engineering, nonlinear learning capabilities, and availability of cheap and high computational power [21–24]. Numerous attempts have been made for frame prediction with Deep Learning in the past. The top-performing algorithm exploits spatiotemporal feature learning in an unsupervised manner without the need for labeled data. They are designed to take advantage of supervised learning by generating infinite training samples for input-output, where the predicting frame (output label) is taken from the database. In general, these models either learn to compute optical flow (motion) on a pixel-by-pixel basis or learn to synthesize RGB pixels by finding correspondences between given frames. These predictive models are generally based on autoencoder [25,26], (where the models first learn spatiotemporal features by encoding multiple input images into a small latent state and later reconstruct them to predict the future image with small reconstruction error), recurrent neural networks [27,28], (where the model directly learns the temporal correlations between input frames, to predict the future frame) or generative adversarial networks [29–31] (where two neural networks compete with each other, among them generative network predicts future frame based on the past observed frames, while the discriminative network classifies the output image as real or fake). These models have significant drawbacks. In the pixel-based motion approach, the model is prone to errors in extrapolating the future frame due to lighting conditions, object occlusion, and camera movements. With RGB synthesis, it is difficult to estimate all content and object motion in the scene, often resulting in blurry prediction.

Inspired by the successful application of Convolutional Autoencoder [32,33] and Long Short-Term Memory (LSTM) [34]. In this work, we propose a deep Frame Prediction Network (FPNet-OF) with a multi-prediction branch (Optical flow and Frame) for predicting future images, as shown in Fig. 1. We developed the ‘Frame Prediction Branch’ based on a recurrent convolutional autoencoder architecture [14] to learn the spatiotemporal correlation for a given past frame to predict the future frames. However, the frame-based architecture alone doesn’t generate a coherent image (as shown in the ablation study in Section 4.4.1), as the relationship between objects motion in subsequent frames are not unique. Moreover, the predicted image becomes blurred or fuzzy when the prediction range is several time-steps in the future. Therefore, we design a second convolutional autoencoder (optical-flow prediction branch) in parallel with the frame prediction branch, which is identical to the frame prediction branch and learns to incorporate future object motion, as shown in Fig. 1. The optical-flow prediction branch is connected through element-wise multiplication operations at the decoder module of the frame prediction branch. The input to optical-flow architecture is the sequence of past optical-flow images (optical-flow image is generated from the corresponding original frames, explained in Section 4.2). A detailed explanation of the architecture design is presented in Section 3.2 and the training process in Section 3.3. The main contribution of the paper is summarized as follows:

•   We proposed a deep neural prediction network, FPNet-OF, made of two identical branches named frame prediction branch and optical-flow prediction branch to predict the future video frame. The branches are made up of the recurrent convolutional autoencoder architecture. These branches exploit the spatio-temporal relation of the past image sequences to learn future representations. The frame prediction branch takes past frames to generate the future frame. The optical-flow prediction branch takes past optical-flow images to synthesize the future optical flow images.

•   We adaptively fuse future optical-flow estimation (from optical-flow prediction network) to reconstruction layer of frame prediction network, using an element-wise multiplication layers. This enables frame prediction network to adjust the magnitude range of moving object, benefiting high-quality future prediction.

•   Exhaustive experiments validate that the FPNet-OF demonstrate a state-of-the-art performance in terms of Structural Similarity Index (SSIM), peak signal-to-noise ratio (PSNR), and mean square error (MSE) on Caltech, UCF101, CUHK Avenue, and ShanghaiTech Campus datasets.
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Figure 1: FPNet-OF model architecture, made up of frame prediction branch and optical-flow prediction branch. Each branch further made up of three modules, section A and D are encoder module, Section B and E are recurrent network, and section C and F are decoder module. The color code represents the type of operations

In this section, we describe the background and motivation of the study. The rest of the paper is structured as follows: Section 2 discusses related works. Section 3 presents the methodology, including problem statements, key components of FPNet-OF architecture design, the loss functions, and the training process. Section 4 presents the data source, optical-flow generation from frame image, model implementation details, model performance, and comparison with other state-of-the-art models. Finally, Section 5 concludes our work and provides the future direction of this study.

2  Related Works

In many computer vision applications, it is important to correctly predict future scenarios to avoid undesirable outcomes. In this study, we aim to predict the future frames by incorporating the future optical-flow motion into the direct RGB synthesis. This is in contrast to most recent work, where researchers mainly focused on developing a neural network architecture by using either direct frame synthesis or optical-flow motion. Here, we jointly optimize direct RGB frame prediction and future dense optical motion estimation to develop a superior prediction network. In the following subsections, we will discuss in detail the most relevant work for our study.

2.1 Direct Frame Synthesis

The direct frame synthesis approach exploits spatiotemporal information in numerous ways that depend on the design of the network architecture. Some of the common approaches [35–43] are based on 3D convolutional neural networks (3D-CNN), convolutional autoencoder, recurrent networks, and generative adversarial training methods. The 3D-CNN-based model learns spatiotemporal features as it performs convolution operations across temporal and spatial dimensions. In [44] researchers used 3D-CNN with the input of a short clip to predict the temporal motion in the video. The limitation of 3D-CNN is that it only considers short-term dependencies and cannot model the learning of long-term features. To overcome this limitation, most of the existing work uses the hybrid architecture of convolutional networks and recurrent networks, which allows to simultaneously exploit the convolutional model’s ability to learn spatial relationships and the recurrent model’s ability to capture temporal relationships. In [39], the researcher proposes an action-dependent video prediction model using two spatiotemporal prediction architectures based on convolutional networks and recurrent neural networks to directly control one or more objects in Atari games by action and indirectly influence many other objects. Finn et al. [45] proposed an action-based video prediction model based on Convolutional LSTMs to explicitly make a long-range prediction in real videos by predicting a distribution over pixel motion from previous frames. Yu et al. [35] use a hybrid network based on a 3D convolution and recurrent network to build a two-way autoencoder for predicting future frames by spatiotemporal learning. Ranzato et al. [40] propose a recurrent convolutional neural network to handle spatial correlations between nearby image patches. The model leverages both temporal dependencies and spatial correlations to predict the central patch of missing frames or extrapolate future frames from an input video sequence. Lotter et al. [46] introduced a predictive neural network based on the CNN-LSTM-deCNN frame to predict future images and learn the latent structural representations of the three-dimensional objects in a synthetic video sequence. Lotter et al. [8] proposed a predictive neural network (PredNet) based on ConvLSTM inspired by the concept of “predictive coding” to predict future frames in a video sequence by making a local prediction in each layer and passing only the deviation of the prediction to the subsequent layers.

Although the aforementioned works make a significant contribution to video prediction, these works often lead to blurry predictions. In [38], the author proposes a multi-scale architecture with an adversarial training process and a new loss function based on the image gradient to cope with the inherently blurry predictions obtained with the standard loss function mean squared error. Byeon et al. [47] identified blind spots (lack of access to all relevant past information) as an important factor for blurry prediction and propose a fully context-aware video prediction (ContextVP) that captures all available context for each pixel using parallel multidimensional LSTM units and aggregates them using blending units. Kwon et al. [31] propose a unified generative adversarial network with a single generator and two discriminators (to identify fake frame and fake contained image sequences from the real sequence) that can predict both future and past frames enforcing bi-directional prediction consistency using retrospective cycle constraints.

2.2 Optical Flow Estimation

Optical flow is the most commonly investigated method for predicting future motion fields or video frames [25,48,49] and the quality of the prediction depends on the accuracy of the flow generation for a given image or video sequence. In general, large displacements or the fast motions in the video clips poses problems. Mahajan et al. [50] describe an image interpolation technique for generating a sequence of intermediate frames by simply copying and moving pixel gradients from the input images along the path. Luo et al. [51] present an unsupervised learning approach that compactly encodes the motion dependencies in video clips to predict the long-term 3D motions based on the LSTM Encoder-Decoder framework. Since the work by Horn et al. [52], optical flow estimation has been dominated by variational methods [25,49]. Revaud et al. [49] propose EpicFlow, a novel approach for estimating optical flow in presence of large displacements and significant occlusions through a sparse-to-dense interpolation scheme of correspondences based on edge-aware distance. Dosovitskiy et al. [53] propose FlowNet, which is based on CNN’s and capable of solving optical flow estimation problems by correlating the feature vectors at different image positions. Liu et al. [26] propose Deep Voxel Flow (DVF), a deep network that learns to synthesize video frames by flowing pixel values from previous frames.

2.3 Joint Frame Prediction and Optical Estimation

More recently, researchers have focused on developing a hybrid deep neural network that takes advantage of both optical-flow estimation and direct RGB frame synthesis for the task of video prediction [1,54–56]. Sedaghat et al. [56] propose NextFlow trained in a semi-supervised hybrid multitasking environment to use real-world videos without ground truth and synthetic images with ground truth to learn optical flow estimation and next frame prediction. Lui et al. [1] propose a video prediction framework for anomaly detection, to predict a high-quality future frame for normal events, a motion (temporal) constraint-based on optical flow is introduced in addition to appearance (spatial) constraints on intensity and gradient. The spatial and temporal constraints predict future frames for normal events and consider events as abnormal if the event does not confirm the expectation. Liang et al. [54] proposed Dual Motion GAN, which learns to explicitly enforce the prediction of the future frame to be consistent with the pixel-wise flows in the video sequence through a dual learning mechanism. Li et al. [55] proposed a deep multi-branch mask network (DMMNet) that adaptively combines the advantages of optical-flow wrapping and RGB pixel synthesis to predict video frames.

Although direct frame synthesis and optical flow estimation provide compelling results, they often reach their limits. In particular, direct frame synthesis often leads to fuzz prediction because these models cannot explicitly model complex pixel distributions, and the image becomes blurrier or fuzzier when the prediction range is several time steps in the future. On the other hand, optical-flow estimation is poor in situations with large displacements, distortions, motions, and obstructions and produces significant artifacts due to inaccurate flow estimation. In the case of research focused on joint frame prediction and optical-flow estimation, these methods are comparatively better than individual system but with further room for improvement, they are tough to train due to their sizeable network architecture. Initially, our model has longer training time per epoch, as it trains both the Frame Prediction Branch and the Optical-flow Prediction Branch simultaneously. As the optical-flow images have lower pixel distribution complexity than the original frames, the Optical-flow Prediction Branch requires fewer epochs to train than the Frame Prediction Branch. When the Optical-flow Prediction Branch starts to predict the accurate future optical-flow, we halt the training of the Optical-flow Prediction Branch, resulting in the decrease of the overall training time of the model per epochs. Hence, the FPNet-OF is a lightweight architecture and easier to train. Moreover, in contrast to the work in [55], where the researcher fuses the future motion and future appearance synthesis only at the last layer. Here in this work, the future motion of the optical flow from the Optical-flow Prediction Branch merges with the Frame Prediction Branch at different depths, supplementing the advantage of both architecture to achieve more realistic results.

3  The Proposed Method

In this section, at first, we define the problem statement for the next frame prediction. Secondly, we elaborate on all the modules of the proposed FPNet-OF model in detail. Finally, we present the objective function and model training process.

3.1 Problem Statement

Let F∈{f0,f1,f2,…,fn−1} be the chronological order of n original-frame images and O∈{o1,o2,…,oi,…,on−1} be the chronological order of n−1 optical flow image, such that ith optical flow ‘oi’ is generated from frames  { fi−1,fi}∈F. We proposed a deep neural network (ℱ) which takes input (X) list of past p consecutive frames and optical flow to predict output  (Y)  which is   kth future frame  fp+k. We denote our prediction frame as  f^p+k. To make f^p+k close to  fp+k, we minimize their distance regrading intensity, gradient and structure similarity. Table 1 shows the input sequence and its corresponding prediction frame for 1st  and  ith  samples.

Ypi=ℱ(Xpi,θ)(1)
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Here, θ  is the model parameter.

Here, X⋅ represent the sample number and X⋅ represent the number of past consecutive images. The model M can be defined as

3.2 Model Architecture

As mentioned earlier, FPNet-OF contains two branches: Frame Prediction Branch and Optical-flow Prediction Branch. Each branch is composed of three modules: (i) Encoder Module (feature extraction network), which extracts features from the input by gradually reducing the spatial resolution; (ii) Recurrent Module (recurrent network), which learns the spatial and temporal features; and (iii) Decoder Module (reconstruction network), which gradually recovers the frame by expanding the spatial resolution. Both branches consist of multiple skip connections from their respective encoder module to the decoder module. The architecture of both branches is identical, except that the decoder module in the frame prediction branch has an additional connection (optical-flow connection) from the decoder module of the optical-flow prediction branch. A schematic of our framework is shown in Fig. 1.

3.2.1 Feature Extraction Network

The encoder module consists of an input layer followed by series of four encoder blocks stacked on top of each other. Each encoder block consists of one Pooling Block (PB) to achieve shift-invariance by gradually reducing the spatial resolution of the feature map while learning important information, followed by a Convolutional Residual Block for spatial receptive learning. Residual learning is used in the Convolutional Residual Block to overcome a degradation problem (a condition in which the accuracy of a deep neural network enters saturates at one point and then rapidly degrades). The degradation problem often occurs in networks with high depth, as reported in [57]. Deep residual learning was first introduced in [57] to overcome the degradation problem, and the application of residual learning can be seen in [58]. Unlike traditional neural networks where the layer feeds to the next layer, in residual learning, the current layer feeds into the next layer and also feeds to the layers about few hops away. The residual block makes use of shallow features to get more key features.

In our proposed architecture, Convolutional Residual Block is made by stacking two CNN blocks. Each CNN block consists of a 2D Convolutional layer with the strides of 1×1 and filter kernel size of 3×3, followed by a Batch Normalization layer, and a ReLU activation layer. We adopt the Convolutional Residual block as seen in Fig. 2a. The output of CNN block 1 is directly fed to CNN block 2. The result from the batch normalization layer of the CNN block 2 is first element-wise added with the input of Convolutional Residual block (performed by shortcut connection) and then passed through ReLU nonlinearity layer to generate the output of Convolutional Residual block. The spatial resolution and the number of the filter remain constant throughout the CNN residual block.
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Figure 2: Architecture design for (a) convolutional residual block, and (b) frame optical-flow fusion block

Let x and y be the input and output vector of the CNN Residual block. The output of the 2D convolutional layer is given by

yLj=(∑c=1cLWLj∗xLc+bLj ), j∈[1,cL](2)

Here xLj,yLj, (WLj, bLj), j, and  cL  are the input, output, and model parameters (weight, bias), filter index, number of convolutional filters, respectively of the Lth  layer (depth of CNN layer). For simplicity, we omitted the biases and represent the weight of the convolutional layer as W1, then the output of the convolution layer from Eq. (2) is represented by W1x. The output of CNN block 1 is given, as in (3)

y1=σ(BN(W1x))(3)

Here, BN(⋅), σ(⋅), and y1 are batch normalization operation, non-linear activation layer (ReLU), and output of CNN block 1, respectively. Batch normalization operation is omitted from the equations here onwards for simplifying notations. The output of Convolutional Residual Block is given, as in (4)

y=σ(W2(σ(W1x))+x)(4)

Here, W2 is the weight of the convolutional layer in CNN block 2. The Pooling Block is made of one 2D Convolutional layer with the strides of 2×2 and filter size of 2×2, followed by a Batch Normalization layer, and a ReLU activation layer.

Both prediction branch takes the input of size [b,h,w,c×p], where ‘b’ is the batch size, ‘h’, ‘w’, ‘c’ are height, width, and channel of input image, and ‘p’ is the number of past input sequence. Here, ‘c×p’ represents the input images are stacked before feeding to the network. Let f1:p represents the input sequence of frame encoder module, fP,1:pe represents the output of  eth frame Pooling Block, and f1:pe  represent the output of eth  encoder block (Convolutional Residual Block). Then, the output of frame encoder module (i.e., output of 4th frame encoder block) is given by (6)

fP,1:p4=pool(fR,1:p3)(5)

f1:p4=σ(W4,2f(σ(W4,1ffP,1:p4))+fP,1:p4)(6)

Here f1:p3,(W4,1fW4,2f), and ‘pool’ are the output of 3rd frame encoder block, convolutional weights of Convolutional Residual Block in 4th frame encoder block and pooling operation. Similarly, the output of optical flow encoder module (i.e., output of 4th optical flow encoder block) is given, as in (7)

o1:p4=pool(σ(W4,2o(σ(W4,1ooP,1:p4))+oP,1:p4))(7)

Here (W4,1o,W4,2o) and ‘pool’ are convolutional weights of Convolutional Residual Block in 4th optical-flow encoder block and pooling operation.

3.2.2 Recurrent Network

As seen in Fig. 1, the Recurrent Module consists of two ConvLSTM layers. ConvLSTM is a recurrent layer, just like LSTM, but the internal matrix multiplications are replaced by convolution operations. The ConvLSTM absorbs the properties of Convolution and LSTM and learns both spatial dependencies and temporal relationships between frames. It contains a cell state, a memory, and three gates (input, forget, and output) to protect and control the cell state. The output of the recurrent network is computed by the following operations. At the input gate, the information is added to the cell state in two steps. First, the sigmoid layer decides which input value  (it)  should be updated given, as in (8), then the tanh layer creates a vector of new candidate values (c¯t) given, as in (9). At forget gate, ConvLSTM decides which information  (ft)  should be forgotten from the cell states, as in (10). Based on the update at the input and forget gate, the old cell state ct−1 updates cell state  (ct)  given, as in (11). At the output gate, the ConvLSTM decides which part of the cell state to send to the output  (ot), as in (12). Finally, the output of the recurrent layer is given, as in (13).

it=σ(wxi∗E1:p+whi∗ht−1+wci⊙ct−1+bi)(8)

c¯t=tanh⁡(wxc∗E1:p+whc∗ht−1+bc)(9)

ft=σ(wxf∗E1:p+whf∗ht−1+wcf⊙ct−1+bf)(10)

ct=ft⊙ct−1+it⊙c¯t(11)

ot=σ(wxo∗E1:p+who∗ht−1+wco⊙ct−1+bo)(12)

R1:t=ot⊙tanh⁡(ct)(13)

Here σ(⋅),∗ and ⊙ represent the sigmoid layer, convolution operation and the element-wise multiplication, respectively.

3.2.3 Reconstruction Network

The decoder module in both branches (frame and optical) consists of a series of four decoder blocks followed by an output layer. Each decoder block consists of a 2D transposed convolutional layer, a decoder-convolutional block, and a skip connection from the corresponding encoder block. Except for the decoder-convolutional block, the architecture of the two prediction branches is identical. There is an additional connection layer called the optical-flow connection in the frame-decoder module. On the other hand, the Optical-flow decoder module is similar to the optical-flow convolutional residual block without residual connection. The Transpose Convolutional layer increases the latent representation of the learned spatiotemporal feature map into the original resolution. The Convolution operation grasps the spatial dependencies between pixels before the next upsampling layer. Due to the depth of the neural network, the network suffers not only from the degradation problem but also from the vanishing gradient problem (when the gradient shrinks towards zero during backpropagation, resulting in the weight never updating its value). A skip connection from the feature extraction network to the reconstruction network solves the problem by allowing the gradient to flow directly back from the end layers to the initial layers.

The architecture of the frame decoder-convolutional block (Frame Optical-flow Fusion Block) is shown in Fig. 2b. The output of the transposed convolutional layer is fed into CNN block 1 along with a skip connection (of the appropriate dimension) from the frame encoder module. A mask layer (a 2D convolutional layer with the same number of filters as the previous layer) is generated from the result of CNN block 1. The mask layer is bitwise multiplied with the optical-flow connection of the corresponding dimension from the optical-flow decoder block, then added to the output of CNN block 1 and fed into CNN block 2.

Consider the decoder block are numbered in decreasing order (i.e., the inner-most decoder block number being the highest and the outer-most decoder block numbered as 1). Let o¯1:p e represents the output of  eth optical-flow decoder block. Then, the output of the transpose layer from 1st optical-flow decoder block (o¯T,1:p1) is given, as in (14)

o¯T, 1:p1=transpose(o¯ 1:p2)(14)

Here transpose(⋅) represent 2D transpose convolution with strides of 2×2 and filter kernel size of 2×2. After adding skip connection o1:p1 from frame optical-flow Convolutional Residual Block to the transpose layer of 1th  decoder block, we get the output of transposed layer (o¯TO,1:p1) as in (15), and based on (4), we can compute the output of optical-flow decoder block 1, as in (16)

o¯TO,1:p1=o¯T,1:p1+o1:p1(15)

o¯1:p1=σ(W1,2d(σ(W1,1do¯TO,1:p1)))(16)

Here, σ(⋅) and (W1,1d,W1,2d) represents ReLU activation function and convolutional weights of 1st optical-flow decoder block. For frame decoder, let f¯1:p e represents the output of  eth frame decoder block. Then, the output of transpose layer from 1st frame decoder block (dT,1:p1) is given, as in (17)

f¯T,1:p1=transpose(f¯1:p2)(17)

A skip connection f1:p1 (from frame Convolutional Residual Block) as in (6) along with the output of Transposed Convolutional layer (from 1st frame decoder block) is fed to CNN block 1, the output CNN Block 1 is given as in (19)

f¯T,1:p1=f¯T,1:p1+fR,1:p1(18)

f¯C1,1:p1=σ(W1,1f¯f¯T,1:p1)(19)

Here, σ(⋅) and W1,1f¯ represents ReLU activation function and convolutional weights of CNN block 1 of 1st frame-decoder. At this stage, a mask layer is created to incorporate the future optical motion of the objects. Optical-flow connection from corresponding optical-flow decoder block is multiplied with mask layer and added with the output of CNN block 1 and passed to CNN block 2. The optical flow incorporated with mask layer (f¯M,O,1:p1) is given as in (20) and the output of CNN block 1 (or output of 1st frame-decoder block) as in (21)

f¯M,O,1:p1=σ(WMf¯C1,1:p1)⊙ o¯1:p1(20)

f¯1:p1=σ(W1,2f¯(f¯M,O,1:p1+f¯C1,1:p1))(21)

Here, WM, and W1,2f¯ are the weight of mask convolutional layer and CNN block 2 of 1st frame-decoder block module, and ⊙ represents the bitwise multiplication operation.

Finally, the output of both frame (f^1:p)  and optical-flow (O^1:p) branch is computed by performing convolution operation to output of 1st decoder block from their respective branch with the strides of 1×1, filter kernel size of 3×3 and channel output of 3, followed by batch normalization layer and sigmoid activation function (σ1(⋅)), given as in (22) and (23)

Y^f,1:p=σ1(Woutf¯f¯1:p1)(22)

Y^O,1:p=σ1(WoutO¯o¯1:p1)(23)

Here, Woutf¯ and WoutO¯ are is the convolutional weight of output layer of frame and optical-flow branch, respectively. From Table 1, we have ground truth frame and optical-flow. Hence, we train our model to learn to predict future frame and future optical flow by minimizing the error between the predicted frames and optical-flow from the proposed architecture and ground truth frames and optical-flow from the database.

3.3 Model Training

In this sub-section, we first explain the objective function used for training and then present the pseudo-algorithm for overall model training process.

3.3.1 Loss Function

Since the final output of the model is the images future frames, for learning the parameters in FPNet-OF, we combined the image gradient different loss (GDL), the mean squared difference loss or MSE, and the SSIM loss to measure the quality of the frames between the ground truth images (Yf,1:p) and the predicted image (Y^f,1:p). Similarly, we used the least absolute deviation (L1 loss) to measure the quality of the optical-flow between the ground truth images (YO,1:p) and the predicted image (Y^O,1:p).

Image gradient different loss directly penalizes the differences between neighbor pixels in predicted and ground truth images. The GDL function between the ground truth images (Y) and predicted image (Y^) is given by (24)

ℒGDL(Y,Y^)=∑i,j(||Yi,j−Yi+1,j|−|Y^i,j−Y^i+1,j||+||Yi,j+1−Yi, j|−|Y^i,j+1−Y^i, j||)(24)

where (i,j)  denotes the spatial index of a frame. Similarly, for ground truth image (Y1:p) and predicted image (Y^1:p) which contains the sequence of p frames, the mean gradient difference loss is given by (25)

ℒ¯GDL(Y1:p,Y^1:p)=1h×w∑s=1pℒgdl(Ys,Y^s)(25)

Here, h  and  w represents the height and width of each frame, respectively.

The SSIM evaluates the visual quality differences and similarities between the ground truth image (Y) and the predicted image (Y^) based on luminance, contrast and texture. The SSIM ranges from 0 and 1. SSIM closer to 1 means that the images are nearly identical. Our goal is to minimize the error between the images. Therefore, we subtract the SSIM from one in objective function, i.e., SSIM value closer to 0 is better. The SSIM loss function is calculated as in (26)

ℒSSIM(Y,Y^)1−(2μYμY^+C1)(2σYY^+C2)(μY2+μY^2+C1)(σY2+σY^2+C2)(26)

where μY  and μY^ are the average of Y  and Y^, respectively; σY  and σY^ are the variance of Y  and Y^, respectively; σYY^ is the covariance of Y  and Y^. C1 and C2 are constant and correspond to 0.01 and 0.03, respectively. For the ground truth image (Y1:p) and the predicted image (Y^1:p) which contains the sequence of past p  frames, the SSIM is given as in (27)

ℒSSIM(Y1:p,Y^1:p)=1p∑s=1pℒSSIM(Ys,Y^s)(27)

The mean squared distance loss measure the quality of predicted image by computing a Euclidean distance between the ground truth and predicted image, as in (28)

ℒMSE(Y1:p,Y^1:p)=1w×h∑s=1p(Ys−Y^s)2(28)

The mean least absolute deviation measure the quality of predicted image and is calculated as in (29)

ℒLAD(Y1:p,Y^1:p)=1w×h∑s=1p|Ys−Y^s|(29)

The overall loss function to train frame branch FPNet-OF is given in (30)

ℒ=λ1ℒ¯GDL+λ2(ℒSSIM)+λ3ℒMSE(30)

where λ1, λ2 and λ3 are the weights and are empirically set to 1, 1 and 1 for loss functions mean gradient difference loss, structure similarity measurement loss, and mean square loss, respectively.

The PSNR metric represents the signal-to-noise-ratio based on the mean square error. The PSNR between the ground truth image (Y) and the predicted image (Y^) is given, as in (31). The PSNR value is high if there is less noise between the images.

PSNR(Y,Y^)=10log10⁡maxY^2∑ij(Yi,j−Y^i,j)(31)

where maxY^ is the maximum possible value of the image intensities and (i,j)  denote the spatial index of a frame.

3.3.2 Training Process

Algorithm 1 summarizes the training process of the proposed architecture. The frame and optical-flow dataset (generated using frame dataset, as explained in Section 4.2), the number of the past image sequences p, and the next frame prediction horizon k are the input constraints for training the model, as in Line 1. The weighting factor λ  to balance the objective function and the learning rate  α  is hyper-parameters, as described in line 2. The generation of the input-output sequence of frame and optical-flow datasets for training the model ℱ using the gradient-descent backpropagation and Adam optimization algorithm is shown in lines 4 to 9. We initialized the parameters of the optical-flow prediction branch and the joint optical-flow and frame prediction model as θflow  and  θFPNet−OF, respectively, based on a ‘he uniform’ distribution, as shown in line 10. The training process for the model is shown in lines 11 to 16. The FPNet-OF simultaneously trains the optical-flow prediction model (as shown in lines 12 to 14) and the joint optical-flow and frame prediction model (as shown in lines 12 to 16). Training the optical-flow prediction branch falls under the training process of the FPNet-OF. Therefore, the training of the optical-flow branch is terminated when the termination criteria for the joint model are satisfied. Generally, the termination criteria of the optical-flow prediction model are satisfied earlier compared to the joint model. After the training process is completed, an optimal set of parameters θFPNet−OF  representing the prediction model ℱ is generated as shown line 17.
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4  Experiments

In this section, we evaluate the proposed method with multiple real-world data and compare our results with the state-of-the-art frame prediction methods.

4.1 Dataset

In this work, we train and verify the predictive ability of our model on several publicly available datasets, such as Caltech Pedestrian [59], UCF101 [60], CUHK Avenue [61], and ShanghaiTech Campus [62]. To make a fair performance comparison with the existing method, we chose the training and testing dataset the same as mentioned in the original papers.

The Caltech pedestrian data was recorded while driving through regular traffic with the cameras mounted on the vehicle. The dataset consists of about 10 h of video recording with an image resolution of 640 × 480. Since it was recorded in a moving car, the dataset has frequent occlusions and relatively large movements of pixels of vehicles and pedestrians compared to other data sources. The dataset consists of 11 video sets, of which the first six sets are used for training with 71 video sequences, and the last five sets are used for testing with 66 video sequences. The UCF101 dataset comes from YouTube. It contains 101 action categories with 13320 videos at 25 frames per second and of 240 × 320 resolution. UCF101 is commonly used for action prediction and classification. Some of the frequent actions include driving, dancing, push-ups, climbing, crawling, etc. The CUHK Avenue dataset is for abnormal event detection recorded on the CUHK campus. It has 37 video clips (30652 frames), of which 16 video clips (15328 frames) for training and 21 video clips (15324 frames) for testing. The ShanghaiTech campus dataset is for anomaly detection. It contains 13 scenes with complex lighting conditions and camera angles, which include 130 abnormal events. It has 317398 frames for training and 274515 frames for testing.

4.2 Optical Flow Estimation

The optical flow estimation of video frames is calculating the angle and magnitude shift for each pixel. In the statistical approach, the optical-flow is the estimation in two steps: First, the selection of “descriptive” points or visual features (such as corners, edges, ridges, and textures), and then the track “descriptive” in subsequent frames, and calculate the optical change. There are various statistical approaches for estimating optical flow, such as differential techniques [52], region-based matching [63], energy-based methods [64], and phase-based methods [65]. Recent work in this area has addressed approaches based on deep neural network techniques [25,48–53,56] (see Section 2.2 for more details).

In this paper, we have estimated the optical flow based on the work of G. Farneback [66]. Farneback presents a novel algorithm for motion estimation based on two frames, wherein a first step each neighborhood of both frames is approximated by quadratic polynomials, and then the displacement fields are estimated from the polynomial expansions. For simplicity, we used the built-in function ‘calcOpticalFlowFarneback’ by OpenCV in this work. OpenCV also provides other built-in functions for optical flow estimation, such as ‘SparseOpticalFlow’, ‘SparsePyrLKOpticalFlow’, ‘calcOpticalFLowPyrLK’, etc. Algorithm 2 represents the process of optical flow estimation. Two consecutive video frames are the input, as in line 1. The built-in function ‘calcOpticalFlowFarneback’ is algorithm requirement, as in line 2. The input frames should first be converted to a grayscale image, as in line 4. The output of the Farneback algorithm provides two matrices in the Cartesian coordinate system, one for the magnitude shift and the other for the angle, as shown in line 5. The result is converted to a polar coordinate system, as shown in line 6. Finally, we store the magnitude matrix as an image, as in line 7, and discard the angle shift, since we do not use it in the FPNet-OF algorithm.
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4.3 Model Parameters and Training Details

The details of the FPNet-OF are explained in this subsection. As shown in Fig. 1, the FPNet-OF consists of 2 identical recurrent convolutional autoencoders branch. Each branch consists of four encoder modules, four decoder modules, a recurrent block, and an input and output layer. Each module contains three hidden layers with a constant number of convolutional filters that perform either down-sampling or up-sampling operations, followed by two convolutional operations. The number of filters is doubled, and the spatial resolution is halved in each subsequent encoder module and vice-versa in the decoder module.

The number of convolutional filters and the spatial resolution are constant in the recurrent block. [32, 64, 128, 256, 512], [512] and [256, 128, 64, 32, 3] are the number of convolutional filters for the hidden layers in the encoder module (input layer and four encoder modules), recurrent block, and decoder module (four decoder modules and output layer), respectively. All convolutional layers, down-sampling, and up-sampling layers have a dropout of 0.1 and batch normalization.

We trained the FPNet-OF for 50 epochs. For the first 10 epochs, we trained both branches of FPNet-OF, and for the remaining 40 epochs, we only trained the frame prediction branch and stopped the training process of the optical-flow prediction branch. On a single GPU, to train the model on the Caltech Pedestrian dataset, the model took 26.5 h for the first 10 epochs, an average of 2.65 h per epoch, and 58.56 h for the remaining 40 epochs, an average of 1.46 h per epoch. The model training time per epoch is decreased by 1.19 h after optical flow learns to predict the accurate future optical flow. To train, we used the Adaptive Moment Estimation (Adam) optimizer for the mini-batch stochastic gradient descent method with momentum parameters, a batch size of 8, and a learning rate of 1e-4. We implemented the FPNet-OF using the Tensorflow deep learning library on an Ubuntu 18.04.4 machine with 1 NVIDIA TITAN Xp Graphics Card with a GPU memory of 11 GB.

4.4 Result and Analysis

For quantitative evaluation, we use three metrics video prediction: structural similarity, mean square error, and PSNR as given in Eqs. (26), (28), and (31), respectively. A metric value close to zero is better for MSE, close to one is better for SSIM, and a higher positive value is better for PSNR. In this work, we set the length of the past input sequence to two images (i.e., two frames and two optical-flow) for predicting the next frame and take a long input history to forecast multiple time steps in the future. Some of the works, such as PredNet [8], Retro-Cycle GAN [31], BeyondMSE [38], Dual Motion GAN [54], and DMMNet [55] uses more than two input images to predict the next frame. We evaluate FPNet-OF as follows: First, we analyze an ablation study on various components to design our proposed architecture. Then, we compare next-frame prediction predictions with other state-of-the-art approaches for various datasets. Finally, we compare the multiple time-step forecasting ability of FPNet-OF with other state-of-the-art approaches.

4.4.1 Ablation Study

We carried out an ablation study under various settings by excluding different parts from our proposed architecture one by one to see the impact of each designed module. Table 2 compares the quantitative result with various architectural designs. The red ‘cross’ in the table indicates that the proposed architecture is designed without that corresponding part(s) whereas, the green ‘tick’ represents that the architecture contains that particular part(s). The simple convolutional autoencoder architecture with skip connections performs adequately for the next frame prediction. It is evident from Ablation studies 2 and 3. The network performance is boosted with the addition of a recurrent block, as seen in Ablation 4. From ablation studies 4 & 6, we can say the addition of recurrent components has a higher impact on the model performance than that of the optical-flow connections. But, with the addition of optical flow connections, recurrent blocks, and skip connections, the performance of the model is improved significantly, as seen in Ablation 8. Therefore, the use of all the components for predicting the future frame is crucial. Fig. 3 shows some typical qualitative comparisons of the ablation studies 3, 6, and 8 with the ground truth. Since all three ablation studies have high performance, the difference in the prediction is very subtle.
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Figure 3: Qualitative comparisons of the ablation studies with the ground truth for one-frame prediction result on some calTech pedestrian dataset

4.4.2 Next Frame Prediction Performance

Caltech Pedestrian Dataset: At first, we generate frame and optical-flow triples for training and testing, where each triplet consists of three consecutive images, the first two as input and last as predicting ground truth. Next, we resized the frames and optical flow to 256 × 256 and finally normalized their pixels value in the range of 0 and 1. Table 3 shows the qualitative evaluation of our approach compared to several state-of-the-art methods such as PredNet [8], Retro-Cycle GAN [31], BeyondMSE [38], ContextVP [47], Dual Motion GAN [54], and DMMNet [55] for next-frame prediction on Caltech Pedestrian Dataset. The results for the other model are from original papers or cited papers. From Table 3, we can see that in terms of MSE and PSNR, our model achieves the highest performance compared to the other, and in terms of SSIM, our model achieves the highest performance compared to all except DMMNet. Our model achieves an SSIM value of 0.947, 0.3 percent lower than DMMNet, while the MSE and PSNR performance is significantly high. Our model achieves the MSE value of 0.00157, which is around half compared to the DMMNet MSE value of 0.00317 while maintaining nearly equal SSIM. Fig. 4 shows the qualitative comparisons of FPNet-OF with other state-of-art approaches on the next frame prediction. It shows the comparison between Ground Truth, Proposed (Ours), Retro-Cycle GAN [31], and ContextVP [47] from left to right, respectively.
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Figure 4: Qualitative comparisons of the next-frame prediction by ours, Retro-Cycle GAN [31], and Contextvp [47] on Caltech pedestrian dataset

From Fig. 4, we can see that the prediction result of the FPNet-OF is smoother compared to other methods because our model learns both the optical motion of the objects and spatial-temporal dependencies between the images to predict the future frame. Fig. 5 shows some typical comparisons of the next frame prediction results of the FPNet-OF with the ground truth, under various conditions, such as an object moving across, the scene with a large number of dynamic bodies, under different lighting, at an intersection, and image with occlusion, etc. In all the cases, our model shows superior performance.
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Figure 5: Some typical qualitative comparisons of our method with ground truth for next-frame prediction under various conditions, such as vehicle moving across, the scene with a large number of dynamic bodies, under different lighting, at an intersection, and image with occlusion on Caltech pedestrian dataset

UCF 101 Dataset: Similar to the Caltech dataset, we first generate frame and optical-flow triples for training and testing, resize them to the resolution of 256 × 256, and normalized their pixels value in the range of 0 and 1. Table 3 shows the qualitative evaluation of our approach compared to several state-of-the-art methods such as DVF [26], Retro-Cycle GAN [31], BeyondMSE [38], MCnet + RES [42], ContextVP [47], EpicFlow [49], Dual Motion GAN [54], and DMMNet [55] for next-frame prediction. The results for the other model are from original papers or cited papers. From Table 3, we can see that the prediction performance of our model is equal to other high-performing models like [26,31,54], and [55] in terms of SSIM. On the other hand, our model performance is slightly lower in MSE and PSNR to Retro-cycle GAN (the highest value). Fig. 4 shows the qualitative comparison of the FPNet-OF with other state-of-the-art approaches. It shows the comparison between ground truth, ours (proposed), Retro-Cycle GAN [31], ContextVP [47] from left to right, respectively. The figure shows that our model shows consistent performance compared to other top performing models.

For surveillance datasets, such as CUHK Avenue and ShanghaiTech: Similar to the Caltech pedestrian dataset and the UCF101 dataset, we first generate frame and optical-flow triples for training and testing, resize them to the resolution of 256 × 256, and normalized their pixels value in the range of 0 and 1. Table 4 shows the qualitative evaluation of our approach compared to two other state-of-the-art methods: Liu et al. [1] and Retro-Cycle GAN [31] for next-frame prediction. The results for the other model are from original papers or cited papers. From Table 4, we can say that FPNet-OF outperforms other models in MSE and PSNR for both surveillance datasets and have an equal SSIM value compared to high-performing state-of-the-art approaches.
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4.4.3 Multiple Frame Prediction Performance

The quantitative comparison of multi-frame prediction on the Caltech pedestrian dataset is evaluated in this subsection. We compared the prediction performance of FPNet-OF with other state-of-the-art frame prediction models, such as PredNet [8], Retro-Cycle GAN [31], BeyondMSE [38], Dual Motion GAN [54], and DMMNet [55]. We evaluate the prediction performance in terms of SSIM and PSNR up to six-frame in the future.

For multi-step prediction, we first generate frame and optical-flow input-output image batch. Each batch contains ten images, the first four for input and the last six for ground truth. Then each image is resized to the resolution of 256 × 256, and pixels are normalized in the range of 0 and 1. First, we predict the next frame and then concatenate the result to the input sequence to create a new input sequence to forecast the next frame. This procedure is repeated until the desired prediction horizon is not achieved. Table 5 shows the quantitative comparison of multi-frame prediction results. For a prediction horizon equal to 1, the SSIM value of DMMNet [55] has the highest value of 0.95, which is 0.03 higher than our proposed model (FPNet-OF), which achieves the second position, and the rest of the study have much lower values averaging around 0.9. In terms of the PSNR value, our model achieves 30.8, which is the highest among all the other studies. For the prediction horizon equal to 2, FPNet-OF attains the highest performance in terms of the SSIM and PSNR 0.929 and 29.9, respectively. The DMMNet [55] scheme comes second compared to our model. For k equals 3, in terms of SSIM, FPNet-OF attains 0.88, which is equal to DMMNet [55] and Dual Motion GAN [54], whereas, in terms of PSNR, our model outperforms other schemes. For k equals 4 & 5, our models perform better than DMMNet [55] in both SSIM & PSNR. But Dual Motion GAN [54] to achieve the values in terms of SSIM. For prediction horizons equal to 6, FPNet-OF attains 0.79 and 22.9 in terms of SSIM and PSNR, respectively, which are the highest value in contrast to PredNet [8], Retro-Cycle GAN [31], and DMMNet [55]. The SSIM and PSNR value decreases as we go further in time. The FPNet-OF predicts frames with the higher SSIM for second, third, and sixth future frames and higher PSNR for all six future frames. From Table 5, we can see the SSIM value of FPNet-OF and DMMNet [55] outperforms all other schemes by a large margin for the next frame prediction due to adaptive fusing of optical-flow estimation to frame prediction. But, for large prediction horizons, the SSIM performance of Dual Motion GAN [54] is better than FPNet-OF and DMMNet [55] because of adversarial learning. From Table 5, we can also see that the state-of-the-art frame prediction schemes are good at predicting multi-frame only up to a few prediction horizons. After a certain threshold, the performance of the networks decreases drastically and is not suitable for frame prediction. Therefore, in this experiment, we limit the prediction horizon to 6.
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5  Conclusions

In this work, we proposed an end-to-end deep neural network architecture, FPNet-OF (Frame Prediction Network with multiple-branch inputs (optical flow and original frame)), to predict the future video frame. The FPNet-OF consists of two branches named frame prediction branch and optical-flow prediction branch. Frame prediction branch exploits spatiotemporal information from past frame input sequence to predict the next frame. The optical-flow prediction branch learns the spatiotemporal relations of object motion from the input past optical-flow image to generate the future optical-flow image. Due to the adaptively fusing of future object-motion with the future frame generator, the hybrid model generates superior future frame prediction compared to other state-of-the-art.

As discussed in Sub-Section 4.1.1, we conclude the optimal architecture of the FPNet-OF should consist of skip connection in both branches, optical-flow connection at every decoder block to provide excellent performance. From the result analysis Sub-Sections 4.4.2–4.4.3, we can see that FPNet-OF achieves superior performance in frame prediction on multiple datasets. In future work, incorporating recent ideas like adversarial training or explicit background modeling with our model can improve prediction performance. Furthermore, we can investigate for large-step video prediction like a few seconds in the future rather than a few frames, which is more desirable for real-world applications.
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Table 1: Input sequence and its corresponding prediction output
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Table 3: Quantitative performance evaluation of Next Frame prediction using Caltech Pedestrian
Dataset and UCF101 dataset. Number are copied from original or citing paper. We put dash if the
result is not presented in the papers. The best performance is marked in bold

Methods Caltech pedestrian UCF101

SSIM MSE PSNR SSIM MSE PSNR
Last frame 0.779 0.00795 233 0.89 0.00409 30.2
copy
MCnet+RES - - - 0.91 - 31
[42]
BeyondMSE  0.881 0.00326 - 0.92 - 32
[38]
PredNet [8] 0.884 0.00313 27.6 - - -
EpicFlow [49] - - - 0.93 - 31.6
Dual motion  0.899 0.00241 - 0.94 - 30.5
GAN [54]
DVF [26] - - - 0.94 - 33.4
Retro-cycle 0.919 0.00161 29.2 0.94 0.00137 35.0
GAN [31]
ContextVP 0.921 0.00194 28.7 0.92 - 34.9
[47]
DMMNet [55] 0.950 0.00317 30.6 0.94 - 30.6
Ours 0.947 0.00157 30.8 0.94 0.00145 34.6
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Table 4: Quantitative performance evaluation of Next Frame prediction using CUHK Avenue and
ShanghaiTech Campus dataset. Number are copied from original or citing paper. The best perfor-
mance is marked in bold

Dataset Methods SSIM MSE PSNR
CUHK Liuetal.[I] 0.98 0.00051 34.8
avenue [61]  Retro-Cycle  0.98 0.00039 35.2
GAN [31]
Ours 0.98 0.00032 35.8
ShanghaiTech Liuetal.[1] 0.97 0.00093 31.4
[62] Retro-Cycle  0.97 0.00064 34.1
GAN [31]

Ours 0.97 0.00058 34.5
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Algorithm 2: Optical Flow Estimation

Input: Two consecutive video frames (f;, f>)

Required: ‘calcOpticalFlowFarneback’ built in function from OpenCV
Output: Optical Flow Estimation

Convert frames into Grayscale

magnitude, angle < calcOpticalFlowFarneback (f;, f,)

magnitude < convert magnitude from Cartesian to polar coordinate system
Save magnitude as image

NN AE BN =
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Table 2: An ablation study of the proposed method under various settings, i.e., by excluding different
parts one by one to see the impact of each designed module. v' and x indicate that weather the
corresponding part is used or not for training the network

Ablation Skip Without optical-flow Without Metrics
connections connection recurrent
block
FPB OPB O, 0, 0, 0, FPB OPB PSNR SSIM MSE

23.81 0.82 0.00713
25.09 0.89 0.00589
25.09 0.89 0.00589
27.62 0.91 0.00237
26.04 0.90 0.00311
26.74 0.92 0.00275
29.12 0.932 0.00182
30.80 0.947 0.00157
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Table 5: Quantitative comparison of multi-frame prediction results on Caltech pedestrian dataset.
Number are copied from original or citing paper. We put dash if the result is not presented in the
papers

Methods k=1 k=2 k=3 k=4 k=5k=6

BeyondMSE PSNR - - - - - -

[38] SSIM 0.88 0.87 0.86 0.85 0.84 -
(Input frames: 10)

PredNet [8] PSNR 27.6 - 21.7 - - 20.3
SSIM 0.90 - 0.72 - - 0.66
(Input frames: 10)

Dual PSNR - - - - - -

Motion SSIM 0.90 0.89 0.88 0.87 0.86 -

GAN [54] (Input frames: 10)

Retro-Cycle PSNR 29.2 - 25.9 - - 22.3

GAN [31] SSIM 0.91 - 0.83 - - 0.73
(Input frames: 4)

DMM Net PSNR 30.6 29.6 26.1 23.5 224 21.6

[55] SSIM 0.95 0.92 0.88 0.80 0.77 0.73
(Input frames)  (2) 2) 4) 4) 4 @

FPNet-OF PSNR 30.8 29.9 27.7 24.3 232 229

(Ours) SSIM 0.947 0.929 0.88 0.83 0.80 0.76
(Input frames)  (2) 4) 4) 4) 4 @

Note: ‘k’ denotes the prediction horizons. The best performance is marked in bold.
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Algorithm 1: Training process of FPNet-OF

1. Input: Frame and Optical-Flow input: {X,,,, ,} [i=1,2,..., n—1},
Output: { Y.\, }li=1,2,..., n—1},
Sequence of past image: p,
Next frame prediction horizon: k
2. Required: A, A, and A; weight factor for objective function,
learning rate: o
3. Output: FPNet-OF model F
4. S <~ o
5. for all available frame instance i, (1 <i<m—1)—p—k) do
6. Xi:H—p—l = {fn Sirtsenns fi+p—1} 5 {Oh Oitlseves 0i+p—1} =X, X,
7 Yi:H—p—l = ﬁi+p—1)+k$ OGitp-)+k = 17_/’» Y,
8.  puta training instance (X;, X,, Y;, Y,) into S
9. end
10. initialized a model parameter 6,,, and Oy, or
11. while the stopping criteria is not satisfied do
12. while the stopping criteria of optical-flow prediction branch is not satisfied do
13. randomly select mini-batch of training instance (X,, Y,) from S
14, find 6,,,, by minimizing the objective £,y (6,) with (X,, Y,)
15.  sample random mini-batch of training instance (X, X,, ;) from S
16.  find 6py.,or by minimizing the objective £ (Oppyei—or) With (X, X,, Y))
17. Output the learned FPNet-OF model F






