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Abstract

:

Human action recognition has been actively explored over the past two decades to further advancements in video analytics domain. Numerous research studies have been conducted to investigate the complex sequential patterns of human actions in video streams. In this paper, we propose a knowledge distillation framework, which distills spatio-temporal knowledge from a large teacher model to a lightweight student model using an offline knowledge distillation technique. The proposed offline knowledge distillation framework takes two models: a large pre-trained 3DCNN (three-dimensional convolutional neural network) teacher model and a lightweight 3DCNN student model (i.e., the teacher model is pre-trained on the same dataset on which the student model is to be trained on). During offline knowledge distillation training, the distillation algorithm trains only the student model to help enable the student model to achieve the same level of prediction accuracy as the teacher model. To evaluate the performance of the proposed method, we conduct extensive experiments on four benchmark human action datasets. The obtained quantitative results verify the efficiency and robustness of the proposed method over the state-of-the-art human action recognition methods by obtaining up to 35% improvement in accuracy over existing methods. Furthermore, we evaluate the inference time of the proposed method and compare the obtained results with the inference time of the state-of-the-art methods. Experimental results reveal that the proposed method attains an improvement of up to 50× in terms of frames per seconds (FPS) over the state-of-the-art methods. The short inference time and high accuracy make our proposed framework suitable for human activity recognition in real-time applications.
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1. Introduction


Deep neural networks (DNNs) have immensely improved over the years and have shown remarkable success in various fields such as computer vision [1], natural language processing [2], speech recognition [3], and other scientific research domains. The efficiency of DNNs generally depends on the design of network architecture (depth and formation of network layers) for the task under consideration. For the tasks such as object recognition [4] and video analytics [5], mostly the DNNs are over-parameterized to ensure generalization and capturing of the complex hidden patterns in the data. Such over-parameterized and cumbersome models are very deep and computationally complex, which require substantial amount of computational resources for training and are not applicable for real-time environments. To achieve computationally efficient yet robust models with reasonable inference speed, computer vision researchers have been actively working to exploit the effectiveness of large trained models to acquire computationally efficient light-weight models, which can be used for real-time applications. Besides the model complexity, the other key factor which plays an important role in the performance of DNNs is data. For problems such as video analytics (human action recognition, person identification, and object tracking), the DNNs models highly require large amount of labeled data for training. However, in many cases it is difficult to have enough amount of highly accurate labeled training data for the task under the consideration.



To alleviate the challenge of a large labeled dataset requirement, computer vision researchers have introduced several solutions including semi-supervised learning [6], self-supervised-learning [7], and knowledge-distillation [8] that reduce the burden of labeling large datasets by training DNNs models on partially labeled datasets. In semi-supervised learning paradigm, a DNN model is trained on a data having a small portion of labeled and a large portion of unlabeled data. First, the DNNs model is trained on a small portion of labeled data, then later the trained model generates the pseduo-labels with a certain confidence level (prediction of the trained model). The generated pseduo-labels are then added to the labeled pool of data based on the corresponding confidence scores. After labeling the entire dataset, the pre-trained model is trained again on the new labeled dataset to improve performance. On the other hand, in self-supervised learning paradigm, a DNN model is trained on an artificially constructed labeled data (constructed using transformations such as rotation, flipping, and color change, etc.) where the model learns and supervises itself from the knowledge of predefined transformations. The knowledge distillation approach is a special variant of self-supervised learning which offers both model compression and knowledge transfer. The paradigm knowledge distillation consists of two network architectures namely teacher and student, where the student learns from the teacher during training by minimizing the mutual loss known as the distillation loss.



For the first time, the concept of knowledge distillation was introduced by Hinton et al. [8], where they investigated the characteristics of knowledge distillation in terms of model compression and knowledge transfer from the source model to the target model. In knowledge distillation, the source model refers to the teacher model and the target model refers to the student model, the pair of teacher-student model learns together during training and improves the task-specific performance by minimizing the mutual loss (distillation loss). For model compression, the student model is the smaller version of the teacher model, where the smaller student model tries to improve itself during training by capturing the same level of patterns from the data and the same level of prediction accuracy as the teacher model. After the training phase, the distilled student model performs same level of predictions as the teacher model despite having comparatively less parameters. Generally, knowledge from the teacher model can be transferred to the student model at different levels, that include response-based, features-based, and relational-based knowledge distillation. In response-based knowledge distillation, the student model learns the class distribution predicted by the teacher model (soft labels or probabilities) by minimizing the loss between the logits (i.e., vector of raw and unnormalized predictions generated by the last linear layer of a neural network before it is passed to a softmax or other such normalization) of the student and the teacher model. The features-based knowledge distillation transfers the features representation level knowledge from the teacher to the student model by minimizing the features-level difference between the teacher and the student model. Generally, the teacher model has a deeper architecture and has better representation of features than the student model. Therefore, the feature-based knowledge distillation technique uses the intermediate layers of the teacher model to train the student model to extract the same level of features representation as the teacher model. Lastly, the relation-based knowledge distillation uses the relationship between the feature maps of teacher model to enhance the relationship between the feature maps of student model by minimizing the mutual distillation loss.



This paper mainly focuses on the concept of knowledge distillation for the task of human action recognition in videos. Considering the time-series nature of video data and the complexity of recognizing human actions in time series, where the position and movement of human and other objects vary across the video frames, we propose a 3D convolutional neural network (3DCNN)-driven knowledge distillation framework that consists of two 3DCNN networks namely 3DCNN teacher and 3DCNN student. For efficient knowledge transfer, we propose an offline knowledge distillation strategy, where the 3DCNN teacher model is pre-trained and the 3DCNN student model is untrained. It is worth mentioning here that, for knowledge distillation both models must share the same dataset, therefore, we first train the 3DCNN teacher model on a dataset and then use the knowledge distillation to transfer the knowledge from the trained 3DCNN teacher model to 3DCNN student model over the same dataset. To summarize, the main contributions of this work are as follows:




	
We propose two 3DCNN models (i.e., a teacher and a student model) to extract spatial and temporal features from video sequences. The network architecture of the proposed teacher model is based on the C3D [9] model having a large parameter space whereas the proposed student model is a shallow version of the teacher model having 10× less parameters then the teacher model.



	
We propose a response-based offline knowledge distillation framework for human action recognition, utilizing the knowledge of a large pre-trained teacher model to efficiently train a student model. During training, the offline knowledge distillation algorithm helps the lightweight student model to attain the same level of prediction accuracy as the large pre-trained teacher model by minimizing the distillation loss.



	
By conducting extensive experiments, we obtain a computationally efficient knowledge distillation-driven 3DCNN student model, which has 10× less parameters than the teacher model. Further, the developed 3DCNN student model has a storage requirement of 28 MB, which is 11× less than the size of the 3DCNN teacher model having the model size of 321 MB, yet providing the same level of prediction accuracy as the teacher model.



	
We evaluate and compare the run time efficiency of the proposed method with the state-of-the-art human action recognition methods. Experimental results demonstrate that the proposed method attains an improvement of up to 37× in terms of seconds per frame (SPF) metric and up to 50× in terms of frames per second (FPS) metric over the state-of-the-art methods.








The rest of this paper is organized as follows. Section 2 presents a brief overview of the related works. The proposed framework along with its components is discussed in detail in Section 3. Section 4 presents an extensive experimental evaluation of the proposed framework and detailed comparisons with the state-of-the-art human action recognition methods. Finally, Section 5 concludes this paper with possible future research directions in human action recognition domain.




2. Related Works


The topic of human activity recognition has been actively studied over the last ten years, where numerous advanced methods have been presented to efficiently address the human action recognition problem. The existing literature of vision-based human action recognition reports several spatial-temporal approaches. Broadly, the existing approaches can be categorized into two-stream 2DCNN-based methods [10,11,12,13,14], recurrent neural network (RNN)-based methods [15,16,17,18,19], and 3DCNN-based methods [9,20,21,22,23,24]. The two-stream 2DCNN-based methods contain two distinct 2DCNN architectures that take same input (series of RGB (red, green, and blue) frames) and extract different level of features (such as discriminative spatial and optical flow features, etc.), and then the extracted features are combined using specific fusion techniques. For instance, Karpathy et al. [10] proposed a two-stream 2DCNN approach, where they fed different resolution inputs (low-resolution and high-resolution RGB video frames) to two different CNN networks to expedite the computation process. Later, they fused the extracted features from the two different networks using various fusion strategies to model the spatio-temporal dynamics of videos. Cheron et al. [11] utilized the joints of human body for cropping the RGB and optical flow frames based on human positions, the cropped RGB and optical flow frames are then fed to two different CNN networks for feature extraction. The extracted features from the two distinct CNN networks were then forwarded to a support vector machine classifier for final human action recognition. Wang et al. [12] proposed a two-stream 2DCNN network together with video frames segmentation strategy. They first segmented a given video in three different segments and then fed each to two-stream 2DCNN network for segment classification. Later, they combined the classification scores of the three segments using average pooling to obtain video-level classification.



In the work presented in [13], Girdhar et al. used two different levels of representation of input video frames that included sampled visual appearance frames and motion-specific frames. They fed visual appearance and motion frames to a two-stream 2DCNN network. The extracted features from the two different networks were then aggregated using a vocabulary (called action words) for video-level representation and classification task. In another work, Zhang et al. [14] proposed a multi-task framework for human action recognition in low-resolution videos. For super-resolution task, they proposed two video super-resolution methods which enhanced the visual quality of the low-resolution videos. The reconstructed high-resolution videos were then fed to two-stream spatio-temporal networks for video-level human action classification. In short, the two-stream 2DCNN methods extract different types of features (i.e., spatial and temporal) using two distinct network architectures from the same input video data. Generally, the extracted features of different types are then fused as a combined feature representation for efficient recognition of human actions in videos. However, these types of methods are still lacking the efficiency to cope with long-term sequential modeling and action recognition tasks.



On the other hand, RNN-based methods reported in the literature typically use single 2DCNN for spatial features extraction followed by the RNN network for temporal patterns learning. The literature reports that RNNs perform comparatively better than CNNs used for temporal features extraction due to their recurrent nature which can efficiently learn hidden temporal patterns. However, RNNs are shown vulnerable to vanishing gradient problem while dealing with long-term temporal patterns. To cope with this challenge, computer vision researchers have introduced gated RNN such as long short-term memory (LSTM) [25] and gated recurrent unit (GRU) [26] that are able to capture long-term temporal patterns or relation between the temporal patterns. Several existing human action recognition methods have adopted LSTM for efficient temporal modeling of human actions in video sequences. For example, Donahue et al. [15] proposed a long-term recurrent convolutional network called LRCN, which consisted of CNN and LSTM networks. The CNN network is used for frame-level spatial features extraction, where the LSTM network was used to capture temporal patterns in the extracted CNN features for video level action recognition task. Srivastava et al. [16] presented an unsupervised LSTM encoder and decoder networks for human action recognition task. The LSTM encoder network transformed the input video to a fixed length of spatio-temporal representation. The decoder network was then used for reconstruction of videos from latent spatio-temporal representation and prediction of human actions in reconstructed videos.



In the work proposed in [17], Sharma et al. used multi-layer LSTM network for recursive computation of attention maps and prediction of subsequent frames. They fed the RGB features of video frames to a multi-layer LSTM, which computed weighted attention maps by performing recursive operations. They claimed that the weighted attention maps helped the network to focus on salient features and perform better predictions. Li et al. [18] presented a method called Video-LSTM. Their proposed method incorporated spatial CNN features and motion-specific attention maps. They utilized the soft-attention of their proposed LSTM network to efficiently capture spatio-temporal patterns for human action recognition task. In another work, Sudhakaran et al. [19] presented an LSTM-based approach for action recognition task. They introduced a special variant of recurrent unit with built-in spatial attention mechanism to localize the salient information in video sequences. The salient spatial information was then fed to the LSTM network for the recognition of human actions in videos.



Generally, the RNN-based methods are coupled with 2DCNN architectures, where 2DCNN transforms the input videos to latent represention and the RNNs operate on the extracted CNN features. Although, these methods have shown reasonable performance for human action recognition task, they can be replaced with unified network architectures that offers the same level of recognition performance.



Beside the two-stream 2DCNN-based and RNN-based architectures, several studies have extended the 2DCNNs to 3DCNNs that have the ability to capture both spatial and temporal features from the input RGB video frames. For instance, Tran et al. [9] proposed a 3DCNN model known as C3D to capture the spatio-temporal features from input raw videos in end-to-end fashion. They trained and evaluated their C3D network on small video clips (each clip has 16 frames) instead of full videos. Using small video clips instead of full videos, however, can miss the long-term spatio-temporal dependencies in the video sequences. Therefore, numerous methods are proposed to cope with the long-term spatio-temporal dependencies in videos. To address the issue of long-term dependency in videos, Diba et al. [20] presented an extended version of DensNet [27] known as temporal 3DCNN (T3D) by replacing the 2D spatial kernels and 2D pooling kernels with 3D spatial kernels and 3D pooling kernels. They claimed that their developed T3D model could effectively capture both spatial appearance and temporal flow both in short-term and long-term temporal video sequences. Varol et al. [21] introduced a long-term temporal convolution (LTC) network. They increased the temporal depth of their 3DCNN layers and reduced the spatial resolution of feature maps to efficiently capture the long-term temporal patterns in video sequences. In another study, Diba et al. [22] introduced a special variant of ResNet architecture by replacing the 2DCNN blocks with 3DCNN blocks. They claimed that their developed architecture could model the channel-wise correlations of a 3DCNN with respect to the spatio-temporal features. Hussein et al. [23] introduced a multi-scale temporal-specific 3DCNN network called Timeception. Their proposed method was developed to deal with the extreme variations in temporal dimension by tolerating various temporal extents for recognizing long and complex actions. To capture long-term dependencies in video sequences, Li et al. [24] introduced a 3DCNN network called channel independent directional convolution (CIDC). Authors claimed that their proposed CIDC model could be used together with I3D model [28] to efficiently capture long-term temporal dependencies of full-length videos.



In general, the existing two-stream 2DCNN, RNN-based, and 3DCNN-based methods are very efficient in terms of modeling discriminative salient features from both spatial and temporal dimensions features. However, these methods are mostly based on computationally complex architectures (having tens of millions of parameters) which require gigantic amount of training data, large storage, and high computational power. To alleviate the computational burden of the aforementioned deep learning methods for human activity recognition task, numerous knowledge distillation-based methods are presented that compress the model size by transferring the knowledge from a large model (teacher) to a small model (student). For instance, Hao and Zhang [29] proposed spatio-temporal distilled dense-connectivity network (STDDCN) for human action recognition in video streams. Their proposed method explored reciprocity between motion streams and appearance with different hierarchies. Authors claimed that the knowledge distillation and fusion between the two streams allow both streams to learn resilient features at high level layers. Liu et al. [30] proposed an attention distillation-based method for learning video representation. They explored different attention choices and distilled motion-aware knowledge from the source pre-trained optical flow model to their proposed RGB model. To learn video representation in extremely low-resolution videos, Purwanto et al. [31] presented a spatio-temporal two-stream network with a self-attention mechanism. They first used super-resolution to enhance the visual quality of the low-resolution videos for training their proposed network. Further, they utilized knowledge distillation mechanism to transfer the spatio-temporal knowledge from a teacher (trained on high-resolution data) to a student model (to be trained on low-resolution data). In the work presented in [32], Stroud et al. first investigated motion representations in spatial stream and demonstrated significant room for further improvements in the performance. Second, they demonstrated that motion representations could be improved using knowledge distillation, that is, by distilling the knowledge from the temporal stream to the spatial stream. They then effectively fused both the streams into a single stream.



Continuing research efforts in the same directions, Vu et al. [33] proposed a self-knowledge distillation method based on siamese representation learning. We note that a siamese representation learning leverages a siamese neural network, which is sometimes also referred to as a twin neural network. A siamese neural network is an artificial neural network that comprises of two or more identical subnetworks, that is, the subnetworks have the same configuration with the same parameters and weights. Vu et al. [33] method minimized the difference between the two representation vectors (generated from a siamese neural network) of video frames captured from different views. Their proposed method utilized both similarity of representation vectors and soft label distillation for learning efficient video representation and human action prediction. In another work, Vu et al. [34] proposed a self-knowledge distillation approach known as Teaching Yourself for action recognition in video stream. They leveraged self-knowledge distillation mechanism to train a student model progressively by transferring its own knowledge without using a pre-trained teacher model. In their proposed training strategy, the network under training updated itself using the best past model called the preceding model, which was developed to guide the training process and update the present model. Zhou et al. [35] presented a novel transfer learning method which combined self-distillation in fine-tuning to preserve the knowledge of a pre-trained teacher model learned from a large-scale video dataset. Further, they fixed the encoder as a teacher model in the last epoch to guide the training of the encoder from the current epoch in transfer learning phase. In the work presented in [36], Vu et al. proposed an unsupervised distillation learning framework called (2 + 1)D Distilled ShuffleNet to train a lightweight model for human action recognition task. By leveraging the distillation technique, they developed (2+1)D Distilled ShuffleNet as an unsupervised approach, which did not require labeled data for training. Further, they evaluated the performance of their method by distilling the knowledge from two different teachers that included a 2DCNN teacher and a 3DCNN teacher. Tran et al. [37] presented a novel framework that incorporated progressive knowledge distillation for early human action recognition. They used two RNN networks, i.e., a teacher and a student, where they distilled the knowledge from the teacher model to the student model using self-distillation approach. Shalmani et al. [38] proposed a knowledge distillation approach called confidence distillation framework, which guided a student model regarding how to choose an appropriate video for the teacher to predict.



To overcome the limitations of training a cumbersome 3DCNN model on large video data, in this work, we propose a knowledge distillation-driven lightweight 3DCNN architecture having a total of eight convolution layers. The proposed offline knowledge distillation algorithm facilitates both knowledge transfer and model compression in a single unified framework, which allows us to transfer response-based knowledge from a large pre-trained 3DCNN teacher model to a lightweight 3DCNN student model. Thus, the proposed 3DCNN architecture (i.e., the student model) provides the same recognition performance (i.e., prediction accuracy) as the 3DCNN teacher model, while having a far less network complexity than the 3DCNN teacher model.




3. The Proposed Spatio-Temporal Knowledge Distillation Framework


This section provides the detailed architecture and working of the proposed spatio-temporal knowledge distillation 3DCNN framework ant its major components. The proposed spatio-temporal knowledge distillation framework is based on three major components that include teacher-student 3DCNN architectures, offline knowledge distillation paradigm, and workflow of spatio-temporal knowledge distillation process. The first core component of the proposed framework is the pair of teacher-student 3DCNN networks, which are developed to capture spatio-temporal features from the input videos frames. The second major component of the proposed framework is the offline knowledge distillation paradigm, which uses a pre-trained model as a teacher or a source model and transfer the knowledge to a student or a target model. In this work, we have used offline knowledge distillation, where we use a pre-trained 3DCNN as a teacher model and an untrained 3DCNN with reduced computational complexity as a student model. The third and last component of the proposed framework is the spatio-temporal knowledge distillation process, which transfers both spatial and temporal knowledge from the 3DCNN teacher to the 3DCNN student model. Each major component is discussed in detail in subsequent subsections.



3.1. Proposed Teacher-Student 3DCNN Architectures


In this section, we present the architectural details of the proposed teacher-student 3DCNNs. The architectural design of the proposed teacher-student models is inspired by the C3D model presented in [9]. Originally, the C3D model [9] is trained on the Sports-1M dataset, which has around 79.9 million trainable parameters. Considering the depth of the original network and its feature extraction efficiency, we have used the same architecture for our teacher network and have used the smaller version (having lesser number of training parameters) of C3D as a student model by reducing the number of 3D kernels per layer. The architectural details of the developed teacher and student 3DCNNs are depicted in Figure 1. As it can be noticed from the given figure that, the teacher network has a large number of 3D convolution filters per layer as compared to the student model, and therefore such a layer-wise depth of the teacher model leads to a significantly high computational complexity in terms of trainable parameters of the network. The convolution layers of 3DCNN model have the ability to learn both spatial and temporal features using a series of 3D kernels. Typically, the convolution filters of 3DCNN have three dimensions   ( H , W , D )  , where the first two dimensions H and W operate on spatial resolution of the input frames and the third dimension D performs temporal feature extraction from a series of frames as shown in Figure 2a,b. More precisely, the 3D convolution operation can be consider as   ( 2 D + 1 D )   convolution, where the 2D convolution operates on the spatial dimensions of the image by applying   ( 3 × 3 × 1 )   kernels for capturing spatial features and the 1D convolution operates on the temporal dimensions of input frames by applying   ( 1 × 1 × 3 )   kernels for learning temporal features as depicted in Figure 2b. Similarly, 3D pooling layer down-samples the spatial dimension of the input feature maps across each channel and dimension by shifting pooling kernels with specified stride. For padding, we use zero-padding of 1, which adds pixels with value zero at boundaries of the feature maps at each convolution layer with thickness of padding equal to one pixel. Further, the design of our developed teacher and student 3DCNN models are based on the motivation of model compression, where the small student model (having 7 millions trainable parameters) learns from the large teacher model (having 78 million trainable parameters) to perform at the same level of action prediction accuracy while having approximately 11× less trainable parameters than that of teacher model. Therefore, the scope of this work includes both model compression and spatio-temporal knowledge distillation. The outcome of the proposed method will be a computationally efficient yet robust 3DCNN student model, which inherits the prediction performance from the teacher model while having significantly lower computational complexity. Having such a computationally efficient yet robust model, will enable us to use it for resource-constrained edge devices as well as for real-time applications [39]. More precisely, the detailed insights of the proposed teacher and student 3DCNN network architectures are presented in Table 1 and Table 2, respectively. As it can be seen in Table 1 and Table 2 that the number of layers in both the teacher and the student network are the same, however the number of kernels per layer in the student model is less than that of the teacher model. Further, the padding and the stride per convolution and the pooling layers are same in both the networks (i.e., the teacher and the student 3DCNNs). Furthermore, the size of the fully connected layers (having latent representation of frames) of the 3DCNN student model is smaller than that of the 3DCNN teacher model.




3.2. Offline Knowledge Distillation Paradigm


Generally, in terms of knowledge transfer, the knowledge distillation paradigm can be divided into two categories: online knowledge distillation and offline knowledge distillation. In the online knowledge distillation, the teacher and the student model train and update simultaneously in the end-to-end training process. Here, both the teacher and the student model(s) learn collaboratively from each other on the same input data in a peer learning fashion. In this knowledge distillation paradigm, the teacher and the student(s) learn from the predictions of each other to improve their prediction accuracy. However, the predictions of the teacher and the student(s) can vary at any point during the training phase, where the output of the teacher and the student models can conflict with each other and even with the ground truth. In cases where the predictions of the teacher and the student vary over the training phase, the online knowledge distillation can greatly harm the performance of the distilled student model. On the other hand, in the offline knowledge distillation paradigm, the student model learns from a single pre-trained teacher model as shown in Figure 3.



The motivation behind using the offline knowledge distillation is that the knowledge from the cumbersome pre-trained teacher model can greatly help the student model to perform the predictions with a similar accuracy. During the training phase, the teacher model normally starts converging in the very early epochs due its deep architecture, whereas the student model takes time to land on the global minima which ensures the convergence of the model. As a result, the performance of the teacher model (in terms of predictions) enforce the student model to get better in predictions over the training period. Typically, at the end of each epoch in the forward pass, the distillation loss (cross-entropy loss) computes the difference between the teacher’s and the student’s predictions, which helps the student to adjust its weights in the backward pass and improve its predictions accuracy performance. Thus, using the offline knowledge distillation approach enables us to obtain a computationally efficient yet a robust model which offers the same level of performance as the teacher model.




3.3. Spatio-Temporal Knowledge Distillation from Teacher to Student Model


This section presents the working procedure of the proposed spatio-temporal knowledge distillation framework. As we discussed in the previous section that the proposed framework is developed to transfer the knowledge from the cumbersome pre-trained teacher model to the lightweight student model using the offline knowledge distillation approach. To use a pre-trained model for the offline knowledge distillation, we first train the 3DCNN teacher model and then use the trained 3DCNN teacher model in an offline knowledge distillation training module, which supervises the student model in training based on its predictions and the student’s predictions. In the offline knowledge training, the teacher model only performs predictions, whereas the student model trains and updates its weights based on the difference between the predictions of the teacher and the student model, which helps the student model to improve its prediction accuracy based on the teacher’s predictions. The workflow diagram of the proposed sptio-temporal knowledge distillation method is depicted in Figure 4. From Figure 4, it can be perceived that the proposed method transfers the response-based (i.e., predictions) knowledge from the pre-trained 3DCNN teacher model to the 3DCNN student model by computing the distillation loss between the teacher’s predictions (p) and the student’s predictions (q). The computed distillation loss enforces the student model to adjust its weight to minimize the distillation loss. It is worth mentioning here that for the distillation loss as given in Equation (1), both the teacher and student models produce the probabilities (soft labels) using normalized or soften softmax function as given in Equation (2).


  D i s t i l l a t i o n _ L o s s = C r o s s E n t r o p y ( p , q ) ,  



(1)






  N o r m a l i z e d _ S o f t m a x =   e x p (  k i  / T )    ∑  j = 1  n  e x p  (  k j  / T )    ,  



(2)







Here the terms p and q in Equation (1) represent the probability vectors produced by the teacher and the student model, respectively. The distillation loss in Equation (1) computes the difference between the predicted probabilities p and q and provide a scalar loss value. The term   k i   in Equation (2) represents a single instance of the logits (the values of the last fully connected layer) and the variable T denotes a constant temperature value. Here, the role of temperature T value in the normalized softmax function is to produce normalized or smooth probability vectors. Normally, the probability vector produced by the standard softmax function has non-uniform distribution of probability values. Furthermore, the probability vectors of two different models for the same class can vary to a high extent, which makes it infeasible to compute the generalized loss value. Therefore, each value of logits vector in the softmax function is divided by T to provide the uniformly distributed probability vectors for both teacher and student model as shown in Figure 4. A normalized softmax function with different temperature T values will result in different probability vectors (soft labels). Therefore, we have considered different temperature T values in our experiments to observe its impact on the knowledge distillation performance. Thus, in our proposed framework, T is a hyperparameter which can be tuned to provide the best prediction accuracy. The student loss as given in Equation (3) computes the difference between the student’s prediction and the ground truth based on which the student model then generates the output class probabilities using standard softmax function as given in Equation (4). The reason for using standard softmax function instead of the normalized softmax function is that the student loss computes the difference between the predictions made by the student and the ground truth.


  S t u d e n t _ L o s s = C r o s s E n t r o p y ( h , y ) ,  



(3)






  S o f t m a x =   e x p (  k i  )    ∑  j = 1  n  e x p  (  k j  )    ,  



(4)







Here in Equation (3), the variable h represents the final predictions for a specific class (derived from the student probability vector) and the variable y denotes the ground truth. The final loss function is the weighted sum of the distillation loss and the student loss as given in Equation (5)


  F i n a l _ L o s s = α × S t u d e n t _ L o s s + ( 1 − α ) × D i s t i l l a t i o n _ L o s s ,  



(5)




where   S t u d e n t _ L o s s   and   D i s t i l l a t i o n _ L o s s   denote the student loss and the mutual distillation loss of the teacher and the student model, respectively, and the variable  α  is the weight factor of the final loss that defines contribution of the student and the distillation loss in the final loss.





4. Experimental Results and Discussion


In this section, we present the comprehensive experimental evaluation of our proposed framework on different datasets for human action recognition task. First, we briefly describe the implementation details and tools we have used to conduct our experiments. Next, the datasets used in this research are briefly discussed, followed by the comparative analysis of the results we have obtained with different settings of our proposed framework. Finally, we present the comparative analysis of our proposed framework with the state-of-the-art human action recognition methods.



4.1. Implementation Details and Tools


To implement our proposed framework, we have used Python language 3 and TensorFlow 2.0 Framework on a computing system with Intel(R) Xeon(R) CPU E5-2640 having processor frequency of 2.50 GHz and 32 GB of dedicated main memory (i.e., RAM). The utilized computing system is equipped with two Tesla T4 GPUs having compute capabilities of 7.5 with Nvidia CUDA library version 11.0. For training and validation, we have divided the datasets into subsets of 70% and 20% data, where the 70% data is used for training and 20% is used for validation. The remaining 10% data is used for testing the performance of the trained models. We set the epoch value 100 to train the models for 100 epochs with different different settings (i.e., different teacher and temperature values). To adjust the model weights, we have used Adam optimizer with a static learning rate of 0.0001 and categorical cross entropy loss. To learn spatio-temporal features, we set the input sequence length to 16 frames for the proposed 3DCNN framework. The 3DCNN learns the spatio-temporal features by sliding 3D kernels on the input sequence of 16 frames. Moreover, to analyze the performance of the proposed framework in a more generalized way, we have used two different performance evaluation metrics that include accuracy and run time analysis assessment. The accuracy metric is used to evaluate video-level prediction performance of the proposed frameworks, where the run time analysis assessment metric is used to analyze the run time of the proposed framework.




4.2. Datasets


To evaluate the effectiveness of the proposed methods, extensive experiments have been conducted on different human actions datasets that include UCF11 [40], HMDB51 [41], UCF50 [42], and UCF101 [43] datasets. Each dataset contains numerous videos having different actions, viewpoints, and motion variations. For instance, the UCF11 dataset [40] consists of 1640 video clips categorized into 11 distinct human actions, where each class contains multiple videos of the same action having different viewpoint, number of humans, and motion variation. HMDB51 dataset [41] is one of the challenging datasets, containing 6849 video clips of human actions and categorized into 51 distinct human action classes. The dataset is annotated with a text label for each video clip and meta-label to provide the properties of video clip such as viewpoint, frames per second, camera motion, and number of individuals involved in action. The UCF50 dataset [42] is a widely used human actions benchmark dataset, containing 6676 video clips of human actions categorized into 50 distinct human action classes. Finally, the UCF101 dataset [43] is the extended version of UCF50 dataset [42], containing 13320 video clips categorized into 101 different actions classes. Each class has approximately 100 to 200 video clips, where each video has a duration of 2 to 3 s with a frame rate of 25 FPS.




4.3. Assessment of the Baseline Results


In this research, we have explored the spatio-temporal knowledge distillation from a pre-trained 3DCNN teacher model to a 3DCNN student model with different settings. We have also evaluated the performance of a light-weight 3DCNN model (student) with and without knowledge distillation. To obtain a well-generalized yet an efficient model across each dataset, we have conducted extensive experiments with different settings in our knowledge distillation framework. As our proposed method is based on the offline knowledge distillation approach, which transfers spatio-temporal knowledge from a large 3DCNN teacher model to a lightweight 3DCNN student model. Therefore, first we have trained the 3DCNN teacher model and later we have used the pre-trained 3DCNN model in knowledge distillation training. It is worth mentioning here that we have trained the 3DCNN teacher model with two different settings that include training from the scratch, which we refer to as TFS, and the training using transfer learning from [9] (using its pre-trained weights), which we refer to as TUTL. In the first setting, we have trained the 3DCNN teacher model TFS from scratch on each dataset and then used it for knowledge distillation. In the second setting, we have trained the 3DCNN teacher model TUTL with pre-trained weights from [9] using transfer learning technique. We have assessed the performance of knowledge distillation with the two different pre-trained teacher models. Further, we also have investigated the effect the impact of temperature values (a hyperparameter in our knowledge distillation framework as shown in Figure 4) on knowledge distillation, where we have examined the spatio-temporal knowledge distillation with different temperature values (i.e., T = 1, 5, 10, 15, 20) for both the pre-trained teacher models. The training histories for a set of conducted trainings are depicted in Figure 5. For instance, in Figure 5, the left-most plots represent the average training losses for the 3DCNN teacher TFS, for the 3DCNN teacher TUTL, students without knowledge distillation, and students with knowledge distillation with the optimal temperature (T = 10) value over UCF11, HMDB51, UCF50, and UCF101 datasets, respectively. The middle plots in Figure 5 represent the average training losses of the student models trained under the pre-trained 3DCNN teacher model (TFS) using knowledge distillation with different temperature values including 1, 5, 10, 15, and 20. The right-most plots in Figure 5, represent the average training loss of the student model trained under the pre-trained 3DCNN teacher model TUTL using knowledge distillation with different temperature values including 1, 5, 10, 15, and 20. Moreover, the effectiveness of the proposed framework is evaluated with different settings using receiver operating characteristics (ROC) curve and the area under the curve (AUC) values as visualized in Figure 6. Generally, the ROC estimates the contrast between the true positive rate (TPR) and the false positive rate (FPR) for classifier predictions. In Figure 6, the first column represents the ROC curves for the student models trained with and without knowledge distillation under the TFS teacher model with different temperature values over UCF11, HMDB51, UCF50, and UCF101 datasets. The second column in Figure 6 represents the ROC curves for the student models trained with and without knowledge distillation under the TUTL teacher model with different temperature values over UCF11, HMDB51, UCF50, and UCF101 datasets. As it can be perceived from Figure 6, the proposed framework with different settings obtains the best AUC values and ROC curves across all datasets.



We have also compared the accuracy of the proposed framework with different knowledge distillation settings (such as knowledge distillation with two different teacher models including the TFS and TUTL, and different temperature values). The obtained quantitative results comparisons for UCF11, HMDB51, UCF50, and UCF101 are presented in Table 3, Table 4, Table 5 and Table 6, respectively. From the quantitative results given in Table 3, it can be noticed that the proposed framework attains different accuracies with different teachers (i.e., TFS and TUTL) and temperature values. For instance, the proposed 3DCNN student model achieves the best and the runner-up accuracies of 98.78% and 98.17%, respectively, when distilled by the TUTL teacher model having temperature values of T = 10 and T = 15, respectively. Furthermore, it is worth noticing that the proposed distilled 3DCNN model obtains approximately 10% improvement in accuracy in comparison with the proposed 3DCNN student model trained without knowledge distillation, which has an accuracy of 88.71%. Similarly, for the HMDB51 dataset in Table 4, the proposed 3DCNN student model achieves the best accuracy of 92.89% when distilled by TUTL with T = 10 and obtains the runner-up accuracy of 91.55% when distilled by TFS with T = 10. Furthermore, it can be perceived from Table 4 that the proposed TUTL-distilled 3DCNN student model obtains approximately 4.65% improvement in accuracy in comparison with the proposed 3DCNN student model trained without knowledge distillation. For the UCF50 dataset in Table 5, the proposed 3DCNN student model attains the best accuracy of 97.71% when distilled by TUTL with T = 10 and achieves the runner-up accuracy of 97.60% when distilled by TFS with T = 10. Moreover, the proposed 3DCNN student model when distilled by TUTL with T = 10 obtains around 2% improvement in accuracy in comparison with the proposed 3DCNN student model trained without knowledge distillation. Finally, for the UCF101 dataset in Table 6, the proposed 3DCNN student model achieves the best and runner-up accuracies of 97.36% and 96.80%, respectively, when distilled by TUTL with temperature values of T = 10 and T = 15, respectively. Furthermore, the proposed 3DCNN student model attains approximately 3.62% improvement in accuracy in comparison with the proposed 3DCNN student model trained without knowledge distillation. Furthermore, from the reported results in Table 3, Table 4, Table 5 and Table 6, it can be noticed that the proposed 3DCNN student model performs well when trained with the TUTL teacher model having temperature value T = 10 as compared to the proposed TFS-distilled 3DCNN student model with other temperature values. Thus, based on the obtained quantitative results, we determine that the proposed 3DCNN performs well when trained under TUTL with temperature value T = 10 as compared to other settings across all datasets we used in our experiments.




4.4. Comparison with the State-of-the-Art Methods


In this section, we compare our proposed framework with the state-of-the-art human action recognition methods with and without knowledge distillation. The detailed quantitative comparative assessment of the proposed framework with non-distillation state-of-the-art human action recognition methods on UCF11, HMDB51, UCF50, and UCF101 datasets are presented in Table 7, Table 8, Table 9 and Table 10, respectively. For instance, for the UCF11 dataset, the proposed Student    3 D C N N   -TUTL method surpasses the state-of-the-art methods by obtaining the best accuracy of 98.7%, whereas the STDAN method [44] attains the second-best accuracy of 98.2%. Amongst all the compared methods, the local-global features + QSVM method [45] has the lowest accuracy of 82.6% for UCF11 dataset whereas the rest of the methods including multi-task hierarchical clustering [46], BT-LSTM [47], deep autoencoder [48], two-stream attention-LSTM [49], weighted entropy-variances based feature selection [50], dilated CNN + BiLSTM-RB [51], and DS-GRU [52] achieve accuracies of 89.7%, 85.3%, 96.2%, 96.9%, 94.5%, 89.0%, and 97.1%, respectively, for the UCF11 dataset.



For the HMDB51 dataset, which is one of the most challenging video dataset, our proposed Student    3 D C N N   -TUTL method achieves the overwhelming results by obtaining an accuracy of 92.8%, whereas the evidential deep learning method [62] achieves runner-up results with an accuracy of 77.0%. The multi-task hierarchical clustering method [46] attains an accuracy of 51.4%, which is the lowest accuracy amongst all comparative methods over the HMDB51 dataset. The other comparative methods, that include STPP + LSTM [53], optical-flow + multi-layer LSTM [54], TSN [55], IP-LSTM [56], deep autoencoder [48], TS-LSTM + temporal-inception [57], HATNet [58], correlational CNN + LSTM [59], STDAN [44], DB-LSTM + SSPF [60], DS-GRU [52], TCLC [61], and semi-supervised temporal gradient learning [63] achieves 70.5%, 72.2%, 70.7%, 58.6%, 70.3%, 69.0%, 74.8%, 66.2%, 56.5%, 75.1%, 72.3%, 71.5%, and 75.9% accuracies, respectively, for the HMDB51 dataset.



For the UCF50 dataset, the proposed Student    3 D C N N   -TUTL method outperforms all the comparative methods by obtaining the best accuracy of 97.6% followed by the runner-up LD-BF + LD-DF method [65], which achieves an accuracy of 97.5%. The local-global features + QSVM [45] method attains the lowest accuracy of 69.4% amongst all comparative method on the UCF50 dataset. The rest of the comparative methods including multi-task hierarchical clustering [46], deep autoencoder [48], ensembled swarm-based optimization [64], and DS-GRU [52] achieve accuracies of 93.2%, 96.4%, 92.2%, and 96.4%, respectively, for the UCF50 dataset.



Finally, for the UCF101 dataset, the proposed Student    3 D C N N   -TUTL method surpasses all the comparative methods by obtaining the best accuracy of 97.3%, followed by the RTS method [74], which attains the second best accuracy of 96.4%. The multi-task hierarchical clustering [46] obtains the lowest accuracy of 76.3% amongst all the comparative methods for the UCF101 dataset. The rest of comparative methods that include saliency-aware 3DCNN with LSTM [66], spatio-temporal multilayer networks [67], long-term temporal convolutions [21], CNN + Bi-LSTM [68], OFF [69], TVNet [70], attention cluster [71], Videolstm [18], two stream convnets [72], mixed 3D-2D convolutional tube [73], TS-LSTM + temporal-inception [57], TSN + TSM [75], STM [76], and correlational CNN + LSTM [59] obtain accuracies of 84.0%, 87.0%, 82.4%, 92.8%, 96.0%, 95.4%, 94.6%, 89.2%, 84.9%, 88.9%, 91.1%, 94.3%, 96.2%, and 92.8%, respectively, for the UCF101 dataset.



To further validate the performance generalization of our method, we compute the confidence interval as in [77] of our proposed method for each dataset used in this paper and compare it with the average confidence interval of the state-of-the-art methods. It is worth mentioning here that we estimate the confidence interval for our method and the state-of-the-art methods using a confidence level of 95%. The obtained confidence interval values of the proposed method and the state-of-the-art methods are listed in Table 11. From the obtained confidence interval values, it can be perceived that the proposed method has the higher confidence with small interval on UCF11 dataset as compare to the state-of-the-art methods. For instance, the proposed method has the confidence interval between 97.59 and 99.96 with a small range of 2.37, where as the state-of-the-art methods have the average confidence interval between 87.81 and 96.52 with a comparatively large range of 8.72. Similarly, for the HMDB51 dataset, the proposed method has the confidence interval between 91.46 and 94.20 with a small range of 2.74, whereas the state-of-the-art methods have the average confidence interval between 64.62 and 72.98 with a comparatively large range of 8.36. For the UCF50 dataset, the proposed method has the confidence interval between 96.78 and 98.48 with a small range of 1.65, whereas the state-of-the-art methods have the average confidence interval between 79.53 and 97.48 with a comparatively large range of 18.98. Finally, for the UCF101 dataset, the proposed methods has the confidence interval between 96.72 and 97.94 with a small range of 1.22, whereas the state-of-the-art methods have the average confidence interval between 87.44 and 93.27 with comparatively large range of 6.27. It is worth noticing that the proposed method has a higher confidence across each dataset with a small interval as compare to the state-of-the-art methods, which verfies the effectiveness of the proposed method over the state-of-the-art methods.



Beside comparing the proposed framework with the mainstream human action recognition methods, we also compare our proposed framework with the knowledge distillation-based human action recognition methods. The comparative analysis of the proposed method with the state-of-the-art knowledge distillation-based human action recognition methods on HMDB51 and UCF101 datasets are presented in Table 12 and Table 13, respectively. The results listed in Table 12 demonstrates the overwhelming performance of the proposed method on HMDB51 dataset in comparison with other knowledge distillation-based methods. For instance, the proposed method achieves the best accuracy of 92.8% amongst all the comparative methods, followed by the runner-up D3D method D3D [32], which obtains an accuracy of 78.7%. The SKD-SRL [33] method attains the lowest accuracy of 29.8% amongst all the comparative knowledge distillation-based methods for the HMDB51 dataset. The rest of comparative methods that include STDDCN [29], Prob-Distill [30], MHSA-KD [31], TY [34], (2+1)D Distilled ShuffleNet [36], and Self-Distillation (PPTK) [35] achieve accuracies of 66.8%, 72.2%, 57.8%, 32.8%, 59.9%, and 76.5%, respectively, for the HMDB51 dataset. Similarly, for the UCF101 dataset in Table 13, our proposed framework outperforms other comparative knowledge distillation-based methods by obtaining the best accuracies of 97.3% followed by the D3D [32] method which attains the second-best accuracy of 97.0%. The TY [34] method achieves the lowest accuracy of 71.1% amongst all the comparative methods for the UCF101 dataset. The rest of comparative methods that include STDDCN [29], Prob-Distill [30], SKD-SRL [33], Progressive KD [37], (2+1)D Distilled ShuffleNet [36], Self-Distillation (PPTK) [35], and ConDi-SR [38] achieve accuracies of 93.7%, 95.7%, 71.9%, 88.8%, 86.4%, 94.6%, and 91.2%, respectively, for the UCF101 dataset.



We also evaluate the performance generalization of our proposed method in comparison with the state-of-the-art knowledge-distillation based methods using confidence interval (with a confidence level of 95%) on HMDB51 and UCF101 datasets. The obtained confidence interval values of the proposed method and the state-of-the-art methods are listed in Table 14. It is clear from the obtained confidence interval values that the proposed method achieves better confidence interval values as compare to the state-of-the-art methods across both HMDB51 and UCF101 datasets. For instance, the proposed method has the confidence interval on the HMDB51 dataset in between 91.46 and 94.20 with a small range of 2.74, whereas the state-of-the-art methods have the average confidence interval between 43.59 and 75.03 with a comparatively very large range of 31.44. Similarly, for the UCF101 dataset, the proposed method has the confidence interval between 96.72 and 97.94 with a small range of 1.22, whereas the state-of-the-art methods have the average confidence interval between 80.29 and 95.34 with a comparatively large range of 15.11. The obtained confidence interval values for both the datasets verify the generalization and effectiveness of the proposed method over the state-of-the-art knowledge distillation-based methods.



Considering the overall comparative analysis across all datasets, the proposed framework outperforms all the comparative mainstream action recognition methods by obtaining an improvement in accuracy of 7%, 34.88%, 7.7%, and 8% on UCF11, HMDB51, UCF50, and UCF101 datasets, respectively. Furthermore, we compare our proposed framework with knowledge distillation-based human action recognition methods on HMDB51 and UCF101 datasets. Experimental results reveal that our proposed framework attains an improvement in accuracy of 56.46% and 6.39%, on average, on HMDB51 and UCF101 datasets, respectively, over the existing knowledge distillation-based human action recognition methods.




4.5. Run Time Analysis


To validate the effectiveness and suitability of the proposed methods for practical applications in real-time environment, we have computed the inference time of the proposed method for action recognition task in terms of seconds per frame (SPF) and frames per second (FPS) with and without GPU computational resources. The obtained run time results are then compared with the state-of-the-art human actions recognition methods and presented in Table 15. The run time results listed in Table 15 shows that, while using GPU resources OFF [69] has the best inference time results with the SPF of 0.0048 and FPS of 206, followed by STPP + LSTM [53] having the second-best run time results with the SPF of 0.0053 and FPS of 186.6. The proposed framework attains the third best run time results with the SPF of 0.0091 and FPS of 110. The Videolstm [18] method has the worst run time results with SPF of 0.0940 and FPS of 10.6 among all comparative methods while using GPU resources. When using CPU resources, the propose method obtains the best run time results with the SPF of 0.0106 and FPS of 93. The Optical-flow + multi-layer LSTM [54] has the second-best run time results with the SPF of 0.18 and FPS of 3.5.



To provide a fair comparison of the inference speed, we scaled [78] the run time results of the state-of-the-art methods in Table 15 to the hardware specifications (i.e., 2.5 GHz CPU and 585 MHz GPU) we used in our experiments. The scaled run time results of the proposed method and other comparative human action recognition methods are presented in Table 16. From the scaled results in Table 16, it can be noticed that the STPP + LSTM [53] method has the best SPF and FPS values of 0.0063 and 154.6, respectively, for the GPU inference. The OFF [69] method has the second-best SPF and FPS values of 0.0082 and 120.5, respectively, followed by the proposed method having the third best SPF and FPS values of 0.0091 and 110, respectively, for the GPU inference. On the other hand, for inference on the CPU, our proposed method attains the best SPF and FPS of 0.0106 and 93, respectively, followed by Optical-flow + multi-layer LSTM [54], which has the runner-up SPF and FPS values of 0.23 and 2.6, respectively. It is worth mentioning here that, the proposed method provides comparatively slower inference speed than STPP + LSTM [53] and OFF [69] on GPU resources, however, the proposed method is more efficient and robust in terms of accuracy as compare to STPP + LSTM [53] and OFF [69]. Moreover, for CPU inference, the proposed method outperforms the comparative methods by obtaining the best SPF and FPS values for both scaled and unscaled inference speed analysis by obtaining an improvement of up to 28× and 37× for SPF metric and an improvement of 37× and 50× for FPS metric, respectively. It is also worth mentioning here that the proposed framework not only obtains the best accuracy on the UCF11 dataset but also attains an improvement up to 2× in terms of FPS metric over the runner-up STDAN [44] method. Similarly, on the UCF50 dataset, the proposed method obtains an improvement of up to 13× in terms of FPS metric over the runner-up LD-BF + LD-DF [65] method. Thus, the obtained quantitative and run time assessment results validate the efficiency and robustness of our proposed framework for real-time human action recognition task.





5. Conclusions


In this work, we have proposed a knowledge distillation-driven 3DCNN framework for vision-based human action recognition task. The proposed framework uses offline knowledge distillation approach to transfer the spatio-temporal knowledge from a large 3DCNN teacher model to a lightweight 3DCNN model. During the offline knowledge distillation training, the 3DCNN student model learns from predictions of the pre-trained 3DCNN teacher model and gradually improves it predictions performance. Using the offline knowledge distillation approach, we not only transfer the knowledge but also perform model compression, thereby, transferring the knowledge from a large teacher model to a small student mode, which offers a similar level of prediction accuracy as the teacher model for the human action recognition task. To evaluate the performance of the proposed framework, we have conducted extensive experiments with different settings on four benchmark human action recognition datasets that include UCF11, HMDB51, UCF50, and UCF101. We have compared our proposed framework with the mainstream human activity recognition methods as well as knowledge distillation-based human action recognition methods. The obtained experimental and comparative analysis validate the effectiveness of our proposed framework over state-of-the-art human action recognition methods. Experimental results show that our proposed framework obtains an accuracy improvement of 7%, 34.88%, 7.7%, and 8%, on average, for UCF11, HMDB51, UCF50, and UCF101 datasets, respectively, as compared to the state-of-the-art human action recognition methods. To further validate the performance generalization of our method, we have computed the confidence interval of our proposed method for each dataset used in this paper and compared it with the average confidence interval of the state-of-the-art methods. Our obtained confidence interval results indicate that our proposed method attains a higher confidence with small intervals as compare to the state-of-the-art methods. Besides, we have analyzed the run time performance of the proposed framework with other comparative methods in terms of SPF and FPS metrics for both GPU and CPU execution environments. The comparative results demonstrate that the proposed framework achieves a comparable inference speed on GPU while obtaining better accuracy whereas the proposed framework obtains a run time improvement of up to 37× in terms of SPF and 50× in terms of FPS on CPU over existing methods while also attaining better accuracy than existing methods. These experimental results demonstrate the suitability of our proposed framework for human action recognition task in real-time environments.



The current version of our proposed framework uses plain 3DCNN teacher and student models with offline knowledge distillation mechanism. The obtained results validate the effectiveness of the current version of the proposed framework; however, in our future work, we plan to analyze residual 3DCNN and self-distillation instead of offline distillation.
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	DNNs
	Deep neural networks



	CNN
	Convolutional neural network



	3DCNN
	3D Convolutional neural network



	ROC
	Receiver operation characteristics



	AUC
	Area under the curve



	SPF
	Seconds per frame



	FPS
	Frames per seocnd



	TFS
	Train from scratch



	TUTL
	Train using transfer learning







References


	



Voulodimos, A.; Doulamis, N.; Doulamis, A.; Protopapadakis, E. Deep Learning for Computer Vision: A Brief Review. Comput. Intell. Neurosci. 2018, 2018, 7068349. [Google Scholar] [CrossRef] [PubMed]

	



Norouzi, S.S.; Akbari, A.; Nasersharif, B. Language Modeling Using Part-of-speech and Long Short-Term Memory Networks. In Proceedings of the 2019 9th International Conference on Computer and Knowledge Engineering (ICCKE), Mashhad, Iran, 24–25 October 2019; pp. 182–187. [Google Scholar]

	



Malik, M.; Malik, M.K.; Mehmood, K.; Makhdoom, I. Automatic Speech Recognition: A Survey. Multimed. Tools Appl. 2021, 80, 9411–9457. [Google Scholar] [CrossRef]

	



Athar, A.; Luiten, J.; Voigtlaender, P.; Khurana, T.; Dave, A.; Leibe, B.; Ramanan, D. BURST: A Benchmark for Unifying Object Recognition, Segmentation and Tracking in Video. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision, Waikoloa, HI, USA, 2–7 January 2023; pp. 1674–1683. [Google Scholar]

	



Ullah, H.; Munir, A. Human Activity Recognition Using Cascaded Dual Attention CNN and Bi-Directional GRU Framework. arXiv 2022, arXiv:2208.05034. [Google Scholar]

	



Vandeghen, R.; Cioppa, A.; Van Droogenbroeck, M. Semi-Supervised Training to Improve Player and Ball Detection in Soccer. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 3481–3490. [Google Scholar]

	



Li, C.L.; Sohn, K.; Yoon, J.; Pfister, T. CutPaste: Self-Supervised Learning for Anomaly Detection and Localization. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Nashville, TN, USA, 20–25 June 2021; pp. 9664–9674. [Google Scholar]

	



Hinton, G.; Vinyals, O.; Dean, J. Distilling the Knowledge in a Neural Network. arXiv 2015, arXiv:1503.02531. [Google Scholar]

	



Tran, D.; Bourdev, L.; Fergus, R.; Torresani, L.; Paluri, M. Learning Spatio-Temporal Features With 3D Convolutional Networks. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 4489–4497. [Google Scholar]

	



Karpathy, A.; Toderici, G.; Shetty, S.; Leung, T.; Sukthankar, R.; Fei-Fei, L. Large-Scale Video Classification with Convolutional Neural Networks. In Proceedings of the IEEE conference on Computer Vision and Pattern Recognition, Columbus, OH, USA, 23–28 June 2014; pp. 1725–1732. [Google Scholar]

	



Chéron, G.; Laptev, I.; Schmid, C. P-CNN: Pose-based CNN Features for Action Recognition. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 3218–3226. [Google Scholar]

	



Wang, L.; Xiong, Y.; Wang, Z.; Qiao, Y.; Lin, D.; Tang, X.; Van Gool, L. Temporal Segment Networks: Towards Good Practices for Deep Action Recognition. In Proceedings of the European Conference on Computer Vision, Amsterdam, The Netherlands, 8–16 October 2016; Springer: Cham, Switzerland, 2016; pp. 20–36. [Google Scholar]

	



Girdhar, R.; Ramanan, D.; Gupta, A.; Sivic, J.; Russell, B. Actionvlad: Learning Spatio-Temporal Aggregation for Action Classification. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 971–980. [Google Scholar]

	



Zhang, H.; Liu, D.; Xiong, Z. Two-Stream Action Recognition-Oriented Video Super-Resolution. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 8799–8808. [Google Scholar]

	



Donahue, J.; Anne Hendricks, L.; Guadarrama, S.; Rohrbach, M.; Venugopalan, S.; Saenko, K.; Darrell, T. Long-Term Recurrent Convolutional Networks for Visual Recognition and Description. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June 2015; pp. 2625–2634. [Google Scholar]

	



Srivastava, N.; Mansimov, E.; Salakhudinov, R. Unsupervised Learning of Video Representations Using LSTMs. In Proceedings of the International Conference on Machine Learning, Lille, France, 7–9 July 2015; pp. 843–852. [Google Scholar]

	



Sharma, S.; Kiros, R.; Salakhutdinov, R. Action Recognition Using Visual Attention. arXiv 2015, arXiv:1511.04119. [Google Scholar]

	



Li, Z.; Gavrilyuk, K.; Gavves, E.; Jain, M.; Snoek, C.G. VideoLSTM Convolves, Attends and Flows for Action Recognition. Comput. Vis. Image Underst. 2018, 166, 41–50. [Google Scholar] [CrossRef]

	



Sudhakaran, S.; Escalera, S.; Lanz, O. LSTA: Long Short-Term Attention for Egocentric Action Recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 9954–9963. [Google Scholar]

	



Diba, A.; Fayyaz, M.; Sharma, V.; Karami, A.H.; Arzani, M.M.; Yousefzadeh, R.; Van Gool, L. Temporal 3D Convnets: New Architecture and Transfer Learning for Video Classification. arXiv 2017, arXiv:1711.08200. [Google Scholar]

	



Varol, G.; Laptev, I.; Schmid, C. Long-Term Temporal Convolutions for Action Recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2017, 40, 1510–1517. [Google Scholar] [CrossRef]

	



Diba, A.; Fayyaz, M.; Sharma, V.; Arzani, M.M.; Yousefzadeh, R.; Gall, J.; Van Gool, L. Spatio-Temporal Channel Correlation Networks for Action Classification. In Proceedings of the European Conference on Computer Vision (ECCV), Munich, Germany, 8–14 September 2018; pp. 284–299. [Google Scholar]

	



Hussein, N.; Gavves, E.; Smeulders, A.W. Timeception for Complex Action Recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 254–263. [Google Scholar]

	



Li, X.; Shuai, B.; Tighe, J. Directional Temporal Modeling for Action Recognition. In Proceedings of the Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, 23–28 August 2020; Proceedings, Part VI 16. Springer: Cham, Switzerland, 2020; pp. 275–291. [Google Scholar]

	



Hochreiter, S.; Schmidhuber, J. Long Short-Term Memory. Neural Comput. 1997, 9, 1735–1780. [Google Scholar] [CrossRef]

	



Cho, K.; Van Merriënboer, B.; Gulcehre, C.; Bahdanau, D.; Bougares, F.; Schwenk, H.; Bengio, Y. Learning Phrase Representations Using RNN Encoder-Decoder for Statistical Machine Translation. arXiv 2014, arXiv:1406.1078. [Google Scholar]

	



Huang, G.; Liu, Z.; Van Der Maaten, L.; Weinberger, K.Q. Densely Connected Convolutional Networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 4700–4708. [Google Scholar]

	



Carreira, J.; Zisserman, A. Quo Vadis, Action Recognition? A New Model and the Kinetics Dataset. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 6299–6308. [Google Scholar]

	



Hao, W.; Zhang, Z. Spatio-Temporal Distilled Dense-Connectivity Network for Video Action Recognition. Pattern Recognit. 2019, 92, 13–24. [Google Scholar] [CrossRef]

	



Liu, M.; Chen, X.; Zhang, Y.; Li, Y.; Rehg, J.M. Attention Distillation for Learning Video Representations. arXiv 2019, arXiv:1904.03249. [Google Scholar]

	



Purwanto, D.; Renanda Adhi Pramono, R.; Chen, Y.T.; Fang, W.H. Extreme Low Resolution Action Recognition with Spatial-Temporal Multi-Head Self-Attention and Knowledge Distillation. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops, Seoul, Republic of Korea, 27–28 October 2019. [Google Scholar]

	



Stroud, J.; Ross, D.; Sun, C.; Deng, J.; Sukthankar, R. D3d: Distilled 3d Networks for Video Action Recognition. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision, Village, CO, USA, 1–5 March 2020; pp. 625–634. [Google Scholar]

	



Vu, D.Q.; Wang, J.C. A Novel Self-Knowledge Distillation Approach with Siamese Representation Learning for Action Recognition. In Proceedings of the 2021 International Conference on Visual Communications and Image Processing (VCIP), Munich, Germany, 5–8 December 2021; pp. 1–5. [Google Scholar]

	



Vu, D.Q.; Le, N.; Wang, J.C. Teaching Yourself: A Self-Knowledge Distillation Approach to Action Recognition. IEEE Access 2021, 9, 105711–105723. [Google Scholar] [CrossRef]

	



Zhou, Y.; He, Z.; Lu, K.; Wang, G.; Wang, G. Preserve Pre-trained Knowledge: Transfer Learning with Self-Distillation For Action Recognition. arXiv 2022, arXiv:2205.00506. [Google Scholar]

	



Vu, D.Q.; Le, N.T.; Wang, J.C. (2 + 1) D Distilled ShuffleNet: A Lightweight Unsupervised Distillation Network for Human Action Recognition. In Proceedings of the 2022 26th International Conference on Pattern Recognition (ICPR), Montreal, QC, Canada, 21–25 August 2022; pp. 3197–3203. [Google Scholar]

	



Tran, V.; Balasubramanian, N.; Hoai, M. Progressive Knowledge Distillation for Early Action Recognition. In Proceedings of the 2021 IEEE International Conference on Image Processing (ICIP), Anchorage, AK, USA, 19–22 September 2021; pp. 2583–2587. [Google Scholar]

	



Shalmani, S.M.; Chiang, F.; Zheng, R. Efficient Action Recognition Using Confidence Distillation. In Proceedings of the 2022 26th International Conference on Pattern Recognition (ICPR), Montreal, QC, Canada, 21–25 August 2022; pp. 3362–3369. [Google Scholar]

	



Munir, A.; Blasch, E.; Kwon, J.; Kong, J.; Aved, A. Artificial Intelligence and Data Fusion at the Edge. IEEE Aerosp. Electron. Syst. Mag. 2021, 36, 62–78. [Google Scholar] [CrossRef]

	



Liu, J.; Luo, J.; Shah, M. Recognizing Realistic Actions From Videos “in the Wild”. In Proceedings of the 2009 IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA, 20–25 June 2009; pp. 1996–2003. [Google Scholar]

	



Kuehne, H.; Jhuang, H.; Garrote, E.; Poggio, T.; Serre, T. HMDB: A Large Video Database for Human Motion Recognition. In Proceedings of the 2011 International Conference on Computer Vision, Barcelona, Spain, 6–13 November 2011; pp. 2556–2563. [Google Scholar]

	



Reddy, K.K.; Shah, M. Recognizing 50 Human Action Categories of Web Videos. Mach. Vis. Appl. 2013, 24, 971–981. [Google Scholar] [CrossRef]

	



Soomro, K.; Zamir, A.R.; Shah, M. UCF101: A Dataset of 101 Human Actions Classes from Videos in the Wild. arXiv 2012, arXiv:1212.0402. [Google Scholar]

	



Zhang, Z.; Lv, Z.; Gan, C.; Zhu, Q. Human Action Recognition Using Convolutional LSTM and Fully-Connected LSTM with Different Attentions. Neurocomputing 2020, 410, 304–316. [Google Scholar] [CrossRef]

	



Al-Obaidi, S.; Al-Khafaji, H.; Abhayaratne, C. Making Sense of Neuromorphic Event Data for Human Action Recognition. IEEE Access 2021, 9, 82686–82700. [Google Scholar] [CrossRef]

	



Liu, A.A.; Su, Y.T.; Nie, W.Z.; Kankanhalli, M. Hierarchical Clustering Multi-Task Learning for Joint Human Action Grouping and Recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2016, 39, 102–114. [Google Scholar] [CrossRef]

	



Ye, J.; Wang, L.; Li, G.; Chen, D.; Zhe, S.; Chu, X.; Xu, Z. Learning Compact Recurrent Neural Networks with Block-Term Tensor Decomposition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 9378–9387. [Google Scholar]

	



Ullah, A.; Muhammad, K.; Haq, I.U.; Baik, S.W. Action Recognition Using Optimized Deep Autoencoder and CNN for Surveillance Data Streams of Non-Stationary Environments. Future Gener. Comput. Syst. 2019, 96, 386–397. [Google Scholar] [CrossRef]

	



Dai, C.; Liu, X.; Lai, J. Human Action Recognition using Two-Stream Attention Based LSTM Networks. Appl. Soft Comput. 2020, 86, 105820. [Google Scholar] [CrossRef]

	



Afza, F.; Khan, M.A.; Sharif, M.; Kadry, S.; Manogaran, G.; Saba, T.; Ashraf, I.; Damaševičius, R. A Framework of Human Action Recognition Using Length Control Features Fusion and Weighted Entropy-Variances Based Feature Selection. Image Vis. Comput. 2021, 106, 104090. [Google Scholar] [CrossRef]

	



Muhammad, K.; Ullah, A.; Imran, A.S.; Sajjad, M.; Kiran, M.S.; Sannino, G.; de Albuquerque, V.H.C. Human Action Recognition Using Attention Based LSTM Network With Dilated CNN Features. Future Gener. Comput. Syst. 2021, 125, 820–830. [Google Scholar] [CrossRef]

	



Ullah, A.; Muhammad, K.; Ding, W.; Palade, V.; Haq, I.U.; Baik, S.W. Efficient Activity Recognition Using Lightweight CNN and DS-GRU Network for Surveillance Applications. Appl. Soft Comput. 2021, 103, 107102. [Google Scholar] [CrossRef]

	



Wang, X.; Gao, L.; Wang, P.; Sun, X.; Liu, X. Two-Stream 3-D Convnet Fusion for Action Recognition in Videos with Arbitrary Size and Length. IEEE Trans. Multimed. 2017, 20, 634–644. [Google Scholar] [CrossRef]

	



Ullah, A.; Muhammad, K.; Del Ser, J.; Baik, S.W.; de Albuquerque, V.H.C. Activity Recognition Using Temporal Optical Flow Convolutional Features and Multilayer LSTM. IEEE Trans. Ind. Electron. 2018, 66, 9692–9702. [Google Scholar] [CrossRef]

	



Wang, L.; Xiong, Y.; Wang, Z.; Qiao, Y.; Lin, D.; Tang, X.; Van Gool, L. Temporal Segment Networks for Action Recognition in Videos. IEEE Trans. Pattern Anal. Mach. Intell. 2018, 41, 2740–2755. [Google Scholar] [CrossRef]

	



Yu, S.; Xie, L.; Liu, L.; Xia, D. Learning Long-Term Temporal Features with Deep Neural Networks for Human Action Recognition. IEEE Access 2019, 8, 1840–1850. [Google Scholar] [CrossRef]

	



Ma, C.Y.; Chen, M.H.; Kira, Z.; AlRegib, G. TS-LSTM and Temporal-Inception: Exploiting Spatio-Temporal Dynamics for Activity Recognition. Signal Process. Image Commun. 2019, 71, 76–87. [Google Scholar] [CrossRef]

	



Diba, A.; Fayyaz, M.; Sharma, V.; Paluri, M.; Gall, J.; Stiefelhagen, R.; Van Gool, L. Holistic Large Scale Video Understanding. arXiv 2019, arXiv:1904.11451. [Google Scholar]

	



Majd, M.; Safabakhsh, R. Correlational Convolutional LSTM for Human Action Recognition. Neurocomputing 2020, 396, 224–229. [Google Scholar] [CrossRef]

	



He, J.Y.; Wu, X.; Cheng, Z.Q.; Yuan, Z.; Jiang, Y.G. DB-LSTM: Densely-Connected Bi-Directional LSTM for Human Action Recognition. Neurocomputing 2021, 444, 319–331. [Google Scholar] [CrossRef]

	



Zhu, L.; Fan, H.; Luo, Y.; Xu, M.; Yang, Y. Temporal Cross-Layer Correlation Mining for Action Recognition. IEEE Trans. Multimed. 2021, 24, 668–676. [Google Scholar] [CrossRef]

	



Bao, W.; Yu, Q.; Kong, Y. Evidential Deep Learning for Open set Action Recognition. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Montreal, BC, Canada, 11–17 October 2021; pp. 13349–13358. [Google Scholar]

	



Xiao, J.; Jing, L.; Zhang, L.; He, J.; She, Q.; Zhou, Z.; Yuille, A.; Li, Y. Learning From Temporal Gradient for Semi-Supervised Action Recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 3252–3262. [Google Scholar]

	



Zhang, L.; Lim, C.P.; Yu, Y. Intelligent Human Action Recognition Using an Ensemble Model of Evolving Deep Networks with Swarm-Based Optimization. Knowl. Based Syst. 2021, 220, 106918. [Google Scholar] [CrossRef]

	



Du, Z.; Mukaidani, H. Linear Dynamical Systems Approach for Human Action Recognition with Dual-Stream Deep Features. Appl. Intell. 2022, 52, 452–470. [Google Scholar] [CrossRef]

	



Wang, X.; Gao, L.; Song, J.; Shen, H. Beyond Frame-Level CNN: Saliency-Aware 3-D CNN with LSTM for Video Action Recognition. IEEE Signal Process. Lett. 2016, 24, 510–514. [Google Scholar] [CrossRef]

	



Feichtenhofer, C.; Pinz, A.; Wildes, R.P. Spatiotemporal Multiplier Networks for Video Action Recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 4768–4777. [Google Scholar]

	



Ullah, A.; Ahmad, J.; Muhammad, K.; Sajjad, M.; Baik, S.W. Action Recognition in Video Sequences Using Deep Bi-Directional LSTM With CNN Features. IEEE Access 2017, 6, 1155–1166. [Google Scholar] [CrossRef]

	



Sun, S.; Kuang, Z.; Sheng, L.; Ouyang, W.; Zhang, W. Optical Flow Guided Feature: A Fast and Robust Motion Representation for Video Action Recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 1390–1399. [Google Scholar]

	



Fan, L.; Huang, W.; Gan, C.; Ermon, S.; Gong, B.; Huang, J. End-to-End Learning of Motion Representation for Video Understanding. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 6016–6025. [Google Scholar]

	



Long, X.; Gan, C.; De Melo, G.; Wu, J.; Liu, X.; Wen, S. Attention Clusters: Purely Attention Based Local Feature Integration for Video Classification. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 7834–7843. [Google Scholar]

	



Han, Y.; Zhang, P.; Zhuo, T.; Huang, W.; Zhang, Y. Going Deeper with Two-Stream ConvNets for Action Recognition in Video Surveillance. Pattern Recognit. Lett. 2018, 107, 83–90. [Google Scholar] [CrossRef]

	



Zhou, Y.; Sun, X.; Zha, Z.J.; Zeng, W. MiCT: Mixed 3d/2d Convolutional Tube for Human Action Recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 449–458. [Google Scholar]

	



Zhu, Y.; Newsam, S. Random Temporal Skipping for Multirate Video Analysis. In Proceedings of the Computer Vision–ACCV 2018: 14th Asian Conference on Computer Vision, Perth, Australia, 2–6 December 2018; Revised Selected Papers, Part III 14. Springer: Cham, Switzerland, 2019; pp. 542–557. [Google Scholar]

	



Song, X.; Lan, C.; Zeng, W.; Xing, J.; Sun, X.; Yang, J. Temporal–Spatial Mapping for Action Recognition. IEEE Trans. Circuits Syst. Video Technol. 2019, 30, 748–759. [Google Scholar] [CrossRef]

	



Jiang, B.; Wang, M.; Gan, W.; Wu, W.; Yan, J. STM: Spatio-Temporal and Motion Encoding for Action Recognition. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 2000–2009. [Google Scholar]

	



Brownlee, J. Confidence Intervals for Machine Learning. 2018. Available online: https://machinelearningmastery.com/confidence-intervals-for-machine-learning/ (accessed on 29 March 2023).

	



Munir, A.; Gordon-Ross, A.; Lysecky, S.; Lysecky, R. A Lightweight Dynamic Optimization Methodology and Application Metrics Estimation Model for Wireless Sensor Networks. Sustain. Comput. Inform. Syst. 2013, 3, 94–108. [Google Scholar] [CrossRef]








[image: Jimaging 09 00082 g001 550] 





Figure 1. The visual overview of the proposed 3DCNN Teacher and 3DCNN Student network architectures. 
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Figure 2. The visual overview of 3D kernel operation. (a) Combined 3D Convolution kernel operation on stack of frames, (b)   ( 2 D + 1 D )   kernels separate operations on input frames for spatio-temporal features extraction. 
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Figure 3. The visual overview of the proposed offline knowledge distillation approach, transferring knowledge from the pre-trained teacher to the student model. 
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Figure 4. The workflow diagram of the proposed spatio-temporal knowledge distillation method using offline distillation approach. 
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Figure 5. The visual overview of training histories for teacher and student models trained with different settings. The first, second, third, and fourth row represent the average training loss of teacher and student model with different settings over UCF11, HMDB51, UCF50, and UCF101 datasets, respectively. 
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Figure 6. The receiver operating characteristics (ROC) curve graphs of our proposed 3DCNN student model for UCF11, HMDB51, UCF50, and UCF101 datasets. First column represents the ROC curve graphs of the proposed 3DCNN student model distilled with the the TFS teacher model, whereas the second column represents the ROC curve graphs of the proposed 3DCNN student model distilled with the TUTL teacher model. 
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Table 1. Architectural details of the proposed 3DCNN teacher Model.






Table 1. Architectural details of the proposed 3DCNN teacher Model.





	
Layer

	
Input Channels

	
Number of Kernels

	
Kernel Size

	
Activation

	
Padding

	
Output Channels






	
Conv 1

	
3

	
64

	
   3 × 3 × 3   

	
ReLU

	
1

	
64




	
3D Maxpooling Layer




	
Conv 2

	
64

	
128

	
   3 × 3 × 3   

	
ReLU

	
1

	
128




	
3D Maxpooling Layer




	
Conv 3a

	
128

	
256

	
   3 × 3 × 3   

	
ReLU

	
1

	
256




	
Conv 3b

	
256

	
256

	
   3 × 3 × 3   

	
ReLU

	
1

	
256




	
3D Maxpooling Layer




	
Conv 4a

	
256

	
512

	
   3 × 3 × 3   

	
ReLU

	
1

	
512




	
Conv 4b

	
512

	
512

	
   3 × 3 × 3   

	
ReLU

	
1

	
512




	
3D Maxpooling Layer




	
Conv 5a

	
512

	
512

	
   3 × 3 × 3   

	
ReLU

	
1

	
512




	
Conv 5b

	
512

	
512

	
   3 × 3 × 3   

	
ReLU

	
1

	
512




	
3D Maxpooling Layer




	
FC1-(4096)




	
FC2-(4096)




	
Softmax (Number of classes)
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Table 2. Architectural details of the proposed 3DCNN student Model.
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Layer

	
Input Channels

	
Number of Kernels

	
Kernel Size

	
Activation

	
Padding

	
Output Channels






	
Conv 1

	
3

	
16

	
   3 × 3 × 3   

	
ReLU

	
1

	
16




	
3D Maxpooling Layer




	
Conv 2

	
16

	
32

	
   3 × 3 × 3   

	
ReLU

	
1

	
32




	
3D Maxpooling Layer




	
Conv 3a

	
32

	
32

	
   3 × 3 × 3   

	
ReLU

	
1

	
32




	
Conv 3b

	
32

	
32

	
   3 × 3 × 3   

	
ReLU

	
1

	
32




	
3D Maxpooling Layer




	
Conv 4a

	
32

	
64

	
   3 × 3 × 3   

	
ReLU

	
1

	
64




	
Conv 4b

	
64

	
64

	
   3 × 3 × 3   

	
ReLU

	
1

	
64




	
3D Maxpooling Layer




	
Conv 5a

	
64

	
128

	
   3 × 3 × 3   

	
ReLU

	
1

	
128




	
Conv 5b

	
128

	
128

	
   3 × 3 × 3   

	
ReLU

	
1

	
128




	
3D Maxpooling Layer




	
FC1-(2048)




	
FC2-(1024)




	
Softmax (Number of classes)
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Table 3. Quantitative comparative analysis of the results obtained by our proposed framework with and without knowledge distillation (KD) with different settings over UCF11 dataset.
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	Model
	Dataset
	Accuracy (%)





	Student without KD
	UCF11
	88.71



	TFS Teacher
	UCF11
	95.86



	TUTL Teacher
	UCF11
	99.70



	Student    3 D C N N   -TFS (T = 1)
	UCF11
	95.73



	Student    3 D C N N   -TFS (T = 15)
	UCF11
	96.84



	Student    3 D C N N   -TFS (T = 10)
	UCF11
	97.56



	Student    3 D C N N   -TFS (T = 15)
	UCF11
	96.43



	Student    3 D C N N   -TFS (T = 20)
	UCF11
	96.58



	Student    3 D C N N   -TUTL (T = 1)
	UCF11
	95.12



	Student    3 D C N N   -TUTL (T = 15)
	UCF11
	97.45



	Student    3 D C N N   -TUTL (T = 10)
	UCF11
	98.78



	Student    3 D C N N   -TUTL (T = 15)
	UCF11
	98.17



	Student    3 D C N N   -TUTL (T = 20)
	UCF11
	97.88







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 4. Quantitative comparative analysis of the results obtained by our proposed framework with and without knowledge distillation (KD) with different settings over HMDB51 dataset.
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	Model
	Dataset
	Accuracy (%)





	Student without KD
	HMDB51
	88.24



	TFS Teacher
	HMDB51
	90.67



	TUTL Teacher
	HMDB51
	93.10



	Student    3 D C N N   -TFS (T = 1)
	HMDB51
	88.62



	Student    3 D C N N   -TFS (T = 15)
	HMDB51
	88.25



	Student    3 D C N N   -TFS (T = 10)
	HMDB51
	91.55



	Student    3 D C N N   -TFS (T = 15)
	HMDB51
	87.22



	Student    3 D C N N   -TFS (T = 20)
	HMDB51
	86.92



	Student    3 D C N N   -TUTL (T = 1)
	HMDB51
	89.80



	Student    3 D C N N   -TUTL (T = 15)
	HMDB51
	89.14



	Student    3 D C N N   -TUTL (T = 10)
	HMDB51
	92.89



	Student    3 D C N N   -TUTL (T = 15)
	HMDB51
	89.43



	Student    3 D C N N   -TUTL (T = 20)
	HMDB51
	89.66







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 5. Quantitative comparative analysis of the results obtained by our proposed framework with and without knowledge distillation (KD) with different settings over UCF50 dataset.
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	Model
	Dataset
	Accuracy (%)





	Student without KD
	UCF50
	95.81



	TFS Teacher
	UCF50
	96.40



	TUTL Teacher
	UCF50
	98.37



	Student    3 D C N N   -TFS (T = 1)
	UCF50
	96.25



	Student    3 D C N N   -TFS (T = 15)
	UCF50
	96.70



	Student    3 D C N N   -TFS (T = 10)
	UCF50
	97.60



	Student    3 D C N N   -TFS (T = 15)
	UCF50
	96.91



	Student    3 D C N N   -TFS (T = 20)
	UCF50
	97.21



	Student    3 D C N N   -TUTL (T = 1)
	UCF50
	96.65



	Student    3 D C N N   -TUTL (T = 15)
	UCF50
	97.15



	Student    3 D C N N   -TUTL (T = 10)
	UCF50
	97.71



	Student    3 D C N N   -TUTL (T = 15)
	UCF50
	97.53



	Student    3 D C N N   -TUTL (T = 20)
	UCF50
	97.64







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 6. Quantitative comparative analysis of the results obtained by our proposed framework with and without knowledge distillation (KD) with different settings over UCF101 dataset.
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	Model
	Dataset
	Accuracy (%)





	Student without KD
	UCF101
	93.74



	TFS Teacher
	UCF101
	95.04



	TUTL Teacher
	UCF101
	98.83



	Student    3 D C N N   -TFS (T = 1)
	UCF101
	95.11



	Student    3 D C N N   -TFS (T = 15)
	UCF101
	95.64



	Student    3 D C N N   -TFS (T = 10)
	UCF101
	96.73



	Student    3 D C N N   -TFS (T = 15)
	UCF101
	96.11



	Student    3 D C N N   -TFS (T = 20)
	UCF101
	96.20



	Student    3 D C N N   -TUTL (T = 1)
	UCF101
	96.24



	Student    3 D C N N   -TUTL (T = 15)
	UCF101
	96.80



	Student    3 D C N N   -TUTL (T = 10)
	UCF101
	97.36



	Student    3 D C N N   -TUTL (T = 15)
	UCF101
	96.58



	Student    3 D C N N   -TUTL (T = 20)
	UCF101
	95.90







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 7. Quantitative comparative analysis of our proposed framework with the state-of-the-art action recognition methods on UCF11 dataset.
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	Model
	Year
	Accuracy (%)





	Multi-task hierarchical clustering [46]
	2016
	89.7



	BT-LSTM [47]
	2018
	85.3



	Deep autoencoder [48]
	2019
	96.2



	STDAN [44]
	2020
	98.2



	Two-stream Attention-LSTM [49]
	2020
	96.9



	Weighted entropy-variances based feature selection [50]
	2021
	94.5



	Dilated CNN + BiLSTM-RB [51]
	2021
	89.0



	DS-GRU [52]
	2021
	97.1



	Local-global features + QSVM [45]
	2021
	82.6



	Student    3 D C N N   -TUTL (Ours)
	2023
	98.7







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 8. Quantitative comparative analysis of our proposed method with the state-of-the-art action recognition methods on HMDB51 dataset.
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	Model
	Year
	Accuracy (%)





	Multi-task hierarchical clustering [46]
	2016
	51.4



	STPP + LSTM [53]
	2017
	70.5



	Optical-flow + Multi-layer LSTM [54]
	2018
	72.2



	TSN [55]
	2018
	70.7



	IP-LSTM [56]
	2019
	58.6



	Deep autoencoder [48]
	2019
	70.3



	TS-LSTM + Temporal-inception [57]
	2019
	69.0



	HATNet [58]
	2019
	74.8



	Correlational CNN + LSTM [59]
	2020
	66.2



	STDAN [44]
	2020
	56.5



	DB-LSTM + SSPF [60]
	2021
	75.1



	DS-GRU [52]
	2021
	72.3



	TCLC [61]
	2021
	71.5



	Evidential deep learning [62]
	2021
	77.0



	Semi-supervised temporal gradient learning [63]
	2022
	75.9



	Student    3 D C N N   -TUTL (Ours)
	2023
	92.8







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 9. Quantitative comparative analysis of our proposed method with the state-of-the-art action recognition methods on UCF50 dataset.
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	Model
	Year
	Accuracy (%)





	Multi-task hierarchical clustering [46]
	2016
	93.2



	Deep autoencoder [48]
	2019
	96.4



	Ensembled swarm-based optimization [64]
	2021
	92.2



	DS-GRU [52]
	2021
	95.2



	Local-global features + QSVM [45]
	2021
	69.4



	LD-BF + LD-DF [65]
	2022
	97.5



	Student    3 D C N N   -TUTL (Ours)
	2023
	97.6







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 10. Quantitative comparative analysis of our proposed method with the state-of-the-art action recognition methods on UCF101 dataset.






Table 10. Quantitative comparative analysis of our proposed method with the state-of-the-art action recognition methods on UCF101 dataset.





	Model
	Year
	Accuracy (%)





	Multi-task hierarchical clustering [46]
	2016
	76.3



	Saliency-aware 3DCNN with LSTM [66]
	2016
	84.0



	Spatio-temporal multilayer networks [67]
	2017
	87.0



	Long-term temporal convolutions [21]
	2017
	82.4



	CNN + Bi-LSTM [68]
	2017
	92.8



	OFF [69]
	2018
	96.0



	TVNet [70]
	2018
	95.4



	Attention cluster [71]
	2018
	94.6



	Videolstm [18]
	2018
	89.2



	Two stream convnets [72]
	2018
	84.9



	Mixed 3D-2D convolutional tube [73]
	2018
	88.9



	RTS [74]
	2019
	96.4



	TS-LSTM + Temporal-inception [57]
	2019
	91.1



	TSN + TSM [75]
	2019
	94.3



	STM [76]
	2019
	96.2



	Correlational CNN + LSTM [59]
	2020
	92.8



	Student    3 D C N N   -TUTL (Ours)
	2023
	97.3







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 11. Computed confidence interval values (with 95% confidence) for our proposed method and the state-of-the-art mainstream methods.






Table 11. Computed confidence interval values (with 95% confidence) for our proposed method and the state-of-the-art mainstream methods.





	Dataset
	State-of-the-Art Methods
	Student     3 DCNN    -TUTL (Ours)





	UCF11
	[87.81–96.52]
	[97.59–99.96]



	HMDB51
	[64.62–72.98]
	[91.46–94.20]



	UCF50
	[79.53–97.48]
	[96.78–98.42]



	UCF101
	[87.44–93.27]
	[96.72–97.94]







First value in the square brackets represents the lower bound and the second value represents the upper bound. Together the lower and the upper bound represent the confidence interval.
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Table 12. Quantitative comparative analysis of our proposed method with the state-of-the-art knowledge distillation-based action recognition methods on HMDB51 dataset.






Table 12. Quantitative comparative analysis of our proposed method with the state-of-the-art knowledge distillation-based action recognition methods on HMDB51 dataset.





	Model
	Year
	Accuracy (%)





	STDDCN [29]
	2019
	66.8



	Prob-Distill [30]
	2019
	72.2



	MHSA-KD [31]
	2019
	57.8



	D3D [32]
	2020
	78.7



	SKD-SRL [33]
	2021
	29.8



	TY [34]
	2021
	32.8



	(2+1)D Distilled ShuffleNet [36]
	2022
	59.9



	Self-Distillation (PPTK) [35]
	2022
	76.5



	Student    3 D C N N   -TUTL (Ours)
	2023
	92.8







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 13. Quantitative comparative analysis of our proposed method with the state-of-the-art knowledge distillation-based action recognition methods on UCF101 dataset.






Table 13. Quantitative comparative analysis of our proposed method with the state-of-the-art knowledge distillation-based action recognition methods on UCF101 dataset.





	Model
	Year
	Accuracy (%)





	STDDCN [29]
	2019
	93.7



	Prob-Distill [30]
	2019
	95.7



	D3D [32]
	2020
	97.0



	SKD-SRL [33]
	2021
	71.9



	Progressive KD [37]
	2021
	88.8



	TY [34]
	2021
	71.1



	(2+1)D Distilled ShuffleNet [36]
	2022
	86.4



	Self-Distillation (PPTK) [35]
	2022
	94.6



	ConDi-SR [38]
	2022
	91.2



	Student    3 D C N N   -TUTL (Ours)
	2023
	97.3







The best and runner-up accuracy scores are highlighted in bold and italic text, respectively.
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Table 14. Computed confidence interval values (with 95% confidence) for our proposed method and the state-of-the-art knowledge distillation-based methods.






Table 14. Computed confidence interval values (with 95% confidence) for our proposed method and the state-of-the-art knowledge distillation-based methods.





	Dataset
	State-of-the-Art Methods
	Student     3 DCNN    -TUTL (Ours)





	HMDB51
	[43.59–75.03]
	[91.46–94.20]



	UCF101
	[80.29–95.34]
	[96.72–97.94]







First value in the square brackets represents the lower bound and the second value represents the upper bound. Together the lower and upper bound represent the confidence interval.
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Table 15. Run time analysis of our proposed framework with the state-of-the-art human action recognition methods (without scaling).






Table 15. Run time analysis of our proposed framework with the state-of-the-art human action recognition methods (without scaling).





	
Method

	
Seconds per Frame (SPF)

	
Year

	
Frames per Second (FPS)




	
GPU

	
CPU

	
GPU

	
CPU






	
STPP + LSTM [53]

	
0.0053

	
-

	
2017

	
186.6

	
-




	
CNN + Bi-LSTM [68]

	
0.0570

	
-

	
2017

	
20

	
-




	
OFF [69]

	
0.0048

	
-

	
2018

	
206

	
-




	
Videolstm [18]

	
0.0940

	
-

	
2018

	
10.6

	
-




	
Optical-flow + Multi-layer LSTM [54]

	
0.0356

	
0.18

	
2018

	
30

	
3.5




	
Deep autoencoder [48]

	
0.0430

	
0.43

	
2019

	
24

	
1.5




	
TSN + TSM [75]

	
0.0167

	
-

	
2019

	
60

	
-




	
IP-LSTM [56]

	
0.0431

	
-

	
2019

	
23.2

	
-




	
STDAN [44]

	
0.0075

	
-

	
2020

	
132

	
-




	
DS-GRU [52]

	
0.0400

	
-

	
2021

	
25

	
-




	
LD-BF + LD-DF [65]

	
0.0670

	
-

	
2022

	
14

	
-




	
Student    3 D C N N   -TUTL (Ours)

	
0.0091

	
0.0106

	
2023

	
110

	
93








The best and runner-up SPF and FPS scores for GPU and CPU are highlighted in bold and italic text, respectively.
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Table 16. Run time analysis of our proposed framework with the state-of-the-art human action recognition methods (with scaling).






Table 16. Run time analysis of our proposed framework with the state-of-the-art human action recognition methods (with scaling).





	
Method

	
Seconds per Frame (SPF)

	
Year

	
Frames per Second (FPS)




	
GPU

	
CPU

	
GPU

	
CPU






	
STPP + LSTM [53]

	
0.0063

	
-

	
2017

	
154.6

	
-




	
CNN + Bi-LSTM [68]

	
0.0974

	
-

	
2017

	
11.7

	
-




	
OFF [69]

	
0.0082

	
-

	
2018

	
120.5

	
-




	
Videolstm [18]

	
0.1606

	
-

	
2018

	
6.2

	
-




	
Optical-flow + Multi-layer LSTM [54]

	
0.0608

	
0.23

	
2018

	
17.5

	
2.6




	
Deep autoencoder [48]

	
0.0735

	
0.56

	
2019

	
14

	
1.1




	
TSN + TSM [75]

	
0.0458

	
-

	
2019

	
21.8

	
-




	
IP-LSTM [56]

	
0.0736

	
-

	
2019

	
13.57

	
-




	
STDAN [44]

	
0.0128

	
-

	
2020

	
77.2

	
-




	
DS-GRU [52]

	
0.0683

	
-

	
2021

	
14.6

	
-




	
LD-BF + LD-DF [65]

	
0.1145

	
-

	
2022

	
8.1

	
-




	
Student    3 D C N N   -TUTL (Ours)

	
0.0091

	
0.0106

	
2023

	
110

	
93








The best and runner-up SPF and FPS scores for graphics processing unit (GPU) and central processing unit (CPU) are highlighted in bold and italic text, respectively.
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