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Abstract

:

Methods based on deep learning have achieved great success in the field of video action recognition. When these methods are applied to real-world scenarios that require fine-grained analysis of actions, such as being tested on a tea ceremony, limitations may arise. To promote the development of fine-grained action recognition, a fine-grained video action dataset is constructed by collecting videos of tea ceremony actions. This dataset includes 2745 video clips. By using a hierarchical fine-grained action classification approach, these clips are divided into 9 basic action classes and 31 fine-grained action subclasses. To better establish a fine-grained temporal model for tea ceremony actions, a method named TSM-ConvNeXt is proposed that integrates a TSM into the high-performance convolutional neural network ConvNeXt. Compared to a baseline method using ResNet50, the experimental performance of TSM-ConvNeXt is improved by 7.31%. Furthermore, compared with the state-of-the-art methods for action recognition on the FineTea and Diving48 datasets, the proposed approach achieves the best experimental results. The FineTea dataset is publicly available.
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1. Introduction


Video content analysis is a significant research problem in the field of computer vision with widespread applications in intelligent surveillance, healthcare, human–computer interaction, etc. [1]. Action recognition is one of the basic tasks of video content analysis and aims to recognize different human activities or action categories in videos. Fine-grained action recognition is an important subfield of action recognition. It focuses on identifying fine-grained actions from coarse-grained activities and includes research tasks from various coarse-grained activities, e.g., cooking [2], baseball [3], diving [4], table tennis [5], etc. The tea ceremony has profound cultural connotations and elegant fine-grained actions, which bring new challenges to fine-grained action recognition. Tea ceremony action recognition is a new task in the research area of fine-grained action recognition, opening up new application scenarios for this research area. In general, tea ceremony action recognition has a wide range of applications, e.g., tea ceremony robots, smart education about the tea ceremony, promotion of tea culture, etc. These applications of the research results on tea ceremony action recognition can enrich cultural experiences, improve operational efficiency, and foster connections between people and their cultural heritage.



In recent years, with the vigorous development of deep learning models [6,7,8], the field of video action recognition has made significant progress and breakthroughs. Although these methods have made impressive progress on datasets like HMDB51 [9], UCF101 [10], and Kinetics-400 [11], they only address a portion of the challenges in the field of action recognition. One limiting factor is that most existing action recognition datasets primarily focus on coarse-grained action categories, e.g., playing basketball, making tea, etc. This causes a gap for many practical applications that require fine-grained action analysis.



As shown in Figure 1, different tea ceremony actions show high similarity. In general, tea ceremony action recognition confronts two primary challenges, i.e., low inter-class variation and strong temporal dependencies. Specifically, there is low variation between the classes of tea ceremony actions, as the differences between these actions are mainly reflected in the interactions between hands and tea utensils. Moreover, the occurrence sequence, duration, and transitions between tea ceremony actions are closely related in the temporal domain. As shown in Section 5.6, these two challenges make the experimental performance of existing methods relatively low. In addition, there is a lack of publicly available datasets for tea ceremony action recognition, which hinders research in the field of tea ceremony action recognition.



To address the above issues, a fine-grained video dataset for the task of tea ceremony action recognition is constructed, which is named Fine-grained Tea (FineTea). To the best of our knowledge, FineTea is the first video dataset specifically designed for the fine-grained recognition task of tea ceremony actions. Unlike existing datasets, the FineTea dataset is hierarchically subdivided into tea ceremony activities based on verb attributes, and it encompasses a large number of videos and diverse action categories. This dataset comprises 2745 video clips. By using a hierarchical fine-grained action classification method, these video clips are categorized into 9 basic action classes and 31 fine-grained action subclasses. Additionally, the action features of participants performing the same type of tea ceremony activity are highly consistent across different video clips. This consistency makes it challenging to assess the generalization ability of models using the conventional random split of training and testing datasets. Therefore, a non-repeating occurrence algorithm based on dynamic programming is designed that divides the dataset into two sets at a ratio of about 50%: namely, set 1 and set 2. To mitigate potential biases caused by a particular split of the data, a two-fold cross-validation strategy is employed in our experiments. Consequently, two splits of the dataset are obtained: denoted as split 1 and split 2. In split 1, set 1 is used for training, and set 2 is used for testing. Conversely, in split 2, set 2 is utilized for training, and set 1 is utilized for testing. So the percentages of training and testing data are about 50% each. Four state-of-the-art action recognition methods [12,13,14,15] are evaluated on the FineTea dataset, and the experimental results demonstrate that the dataset is challenging.



Based on the ConvNeXt [16] architecture, a fine-grained action recognition method named TSM-ConvNeXt is proposed as a benchmark method for the FineTea dataset. TSM-ConvNeXt achieves strong capabilities for spatiotemporal modeling by employing a high-performance convolutional neural network as the model backbone and introducing a temporal shift module (TSM) [17] to model temporal information in videos. On the FineTea dataset, TSM-ConvNeXt obtains a 7.31% improvement over the baseline TSM method [17]. Compared with the state-of-the-art action recognition methods, the proposed TSM-ConvNeXt achieves the best experimental results on the FineTea and Diving48 datasets. The main contributions are summarized as follows.



	
FineTea is built as the benchmark dataset for the task of fine-grained action recognition and includes high-quality and fine-grained annotations. The FineTea dataset is publicly available at https://github.com/Changwei-Ouyang/FineTea (accessed on 27 August 2024).



	
For fine-grained action recognition, the TSM-ConvNeXt network is designed to enhance temporal modeling capability. The proposed TSM-ConvNeXt achieves better performance than the baseline methods. Moreover, TSM-ConvNeXt obtains the best experimental results on the FineTea and Diving48 datasets.







2. Related Work


2.1. Coarse-Grained Action Recognition Datasets


Datasets are essential for the success of deep learning methods, so researchers are working hard to create higher-quality datasets. Although each dataset has its specific motivation, their common goal is to provide a unified evaluation standard, which in turn promotes the development of the related fields. Early datasets can be traced back to KTH [18] and Weizmann [19], followed by more challenging datasets such as HMDB51, UCF101, Kinetics, ActivityNet [20], and a series of other datasets [21,22]. Although these datasets have made significant progress in providing class labels, they are still limited to coarse-grained action categories, such as playing basketball or making tea. In coarse-grained datasets, neural network models often learn features that are not the action itself but the background context, which may lead to the network model’s lack of focus on the action itself. So the generalization ability of the model is reduced. In [23], the TSN model achieved an accuracy of 85% on the UCF101 dataset using only three frames in training. This suggests that models are easily affected by the learning of background features when using coarse-grained datasets for video action recognition. Therefore, there is an urgent need to create more challenging fine-grained datasets to further promote research and development in the field of action recognition.




2.2. Fine-Grained Action Recognition Datasets


To enable action recognition methods to focus more on action motion and temporal context information, researchers have tried to construct datasets for fine-grained action recognition. For example, Rohrbach et al. [2] annotated the individual steps of various cooking behaviors, defined the verb part of the action as the fine-grained action category, such as “cut” for the action of cutting carrots, and constructed the MPII Cooking dataset. Goyal et al. [24] collected everyday human–object interactions, such as putting down objects or picking up objects from somewhere, and built the Something–Something V1 dataset. Based on the combination of four action attributes, Li et al. [4] collected 48 fine-grained diving action videos and established the Diving48 dataset. Shao et al. [25] focused on collecting fine-grained action videos from gymnastics competitions and constructed two versions of fine-grained action recognition datasets for gymnastics. Piergiovanni et al. [3] constructed the MLB-YouTube dataset by collecting videos of various fine-grained baseball actions such as hit, strike, swing, and foul. Martin et al. [5] recorded videos of table tennis matches between 17 different players in real-world environments, annotated fine-grained table tennis actions such as the serve forehand sidespin and the serve backhand backspin, and built a fine-grained table tennis action recognition dataset.



A comprehensive comparison between the proposed FineTea dataset and other fine-grained action recognition datasets is presented in Table 1. In this table, “Number of classes” refers to the number of action categories in the corresponding dataset. “Number of clips” indicates the number of video clips in each dataset. “Video source” represents the origin of the video clips: for example, “Self-collected” means that the videos were recorded by the creators of the dataset, while “Major League Baseball” and “Diving competition” indicate that the videos were obtained from baseball and diving events, respectively. In contrast to these datasets, FineTea has the following characteristics. First, FineTea contains more complex hand gestures, which causes new challenges for action recognition methods. Second, FineTea adopts a unique non-repeating appearance split strategy to ensure that participants’ videos in the same action category do not appear in both the training set and testing set simultaneously. Third, based on expert knowledge, a unified standard is applied to annotate all categories, and cross-checking is carried out to ensure the accuracy and consistency of annotations.




2.3. Action Recognition Methods


The task of video action recognition aims to recognize human actions in a video. Due to its wide range of applications in the real world, researchers have explored this area extensively in the past few decades, with techniques developing from early hand-crafted feature methods to deep learning models [26,27]. Early attempts included DeepVideo [28], which was the pioneering work that first applied convolutional neural networks to video content understanding. Subsequently, the Two-Stream Network [29] started a new direction by training convolutional neural networks on the optical flow stream as a second path to capture the temporal information in videos. The Two-Stream Network method surpassed traditional hand-crafted feature methods and established the groundwork for subsequent research. Based on this study, many innovative methods have emerged, such as Fusion [30], TSN [23], TSM [17], etc. However, optical-flow-based methods have the problem of high computational cost, which prompted researchers to design 3D convolutional structures to better capture temporal features and semantic information in videos; examples include I3D [31], Non-local [32], and SlowFast [33]. With the success of the Transformer model, which is based on a self-attention mechanism, in the fields of natural language processing and image recognition, researchers in the field of video action recognition have started to explore the application and development of Vision Transformers (ViTs) [34]. TimeSformer [12] extended the self-attention mechanism to the temporal dimension by incorporating spatiotemporal modules into the ViT model so that the model can handle spatiotemporal information in videos. Currently, methods based on Transformer structures have achieved state-of-the-art results on most video action recognition datasets.





3. FineTea Dataset


The goal of the FineTea dataset is to create a challenging benchmark with high-quality annotations and with a particular focus on tea ceremony actions. This dataset includes three types of tea ceremony activities, i.e., the green tea activity, the black tea activity, and the oolong tea activity. The green tea activity consists of 8 fine-grained actions that require participants to use a glass cup to brew green tea with relatively simple steps. The black tea activity consists of 10 fine-grained actions that require participants to brew black tea using the bowl-covering method. The oolong tea activity involves 13 fine-grained actions and requires participants to use the double-cup technique to brew oolong tea. In total, the FineTea dataset includes 3 types of tea ceremony activities, 9 basic actions, and 31 fine-grained actions, as shown in Figure 2.



3.1. Video Collection


In the process of collecting tea ceremony action videos, a total of 18 volunteers participated for the recording of the videos. These volunteers completed a tea ceremony course, and their tea ceremony skills range from a beginner level to that of amateur tea artists. This varying skill level among the volunteers enables the FineTea dataset to incorporate actions spanning different skill levels for the tea ceremony, thereby making it a particularly challenging dataset. The process includes three categories of tea ceremony activities, i.e., brewing green tea, brewing black tea, and brewing oolong tea. Before starting the process, these participants were instructed on examples of tea ceremony actions. This ensured that they could accurately perform and complete each tea ceremony action.



The recording process followed a strict procedural flow to ensure the accuracy and consistency of data collection. The experimental paradigm is described as follows. First, a volunteer places the phone stand 1 m in front of the participant and adjusts the angle to ensure that all action details appear completely in the video. Second, to precisely capture valid action data, the recording begins after the participant takes a seat at the tea table and makes a ready gesture, and recording ends when the “serve tea” action is completed and excludes the last tea-tasting session. Third, the entire recording time for the tea ceremony activities is approximately 4 to 9 min. Each participant conducts several sessions for the tea ceremony action collection.



Altogether, the participants generated a total of 272 long videos covering three types of tea ceremony activities. The total duration of these videos exceeds 1185 min, which is equivalent to about 2,133,000 frames. These videos were recorded in a tea ceremony classroom. The resolution of these videos is   1280 × 720   pixels, and the frame rate is 30 frames per second.




3.2. Annotation


After completing the process of video recording, a series of steps were taken to annotate these videos. According to the type of tea (i.e., green tea, black tea, or oolong tea), we put the 272 long videos into three tea-level folders, each of which includes videos about a specific tea ceremony activity. Then, videos in each tea-level folder were annotated in detail according to the established fine-grained actions in the corresponding tea ceremony activity. After annotating all of the long videos, we obtained a total of 2745 video clips. Based on the results of the annotations, these video clips were divided into 31 fine-grained actions.



Table 2 reports the statistics of the FineTea dataset. As shown in this table, the number of clips for each fine-grained action may be different. The main reasons for this phenomenon are as follows. First, some fine-grained actions are repeated twice in a tea ceremony activity, e.g., “Infuse the black teacup with hot water”, “Pour the black tea into the fair cup”, etc. Second, some video clips were discarded because the volunteers’ fine-grained actions in these clips did not meet the standards of the corresponding tea ceremony activity.



To ensure high-quality annotations of tea ceremony actions in each video, two specially trained annotators were invited. They were familiar with the annotation standards and methods for fine-grained action categories. The annotation tasks were to determine the starting frame and the ending frame of each action instance in the videos and to assign the corresponding action labels. The EIVideo tool (https://github.com/PaddlePaddle/PaddleVideo/tree/develop/applications/EIVideo, accessed on 27 August 2024) was utilized to annotate these videos; it is an interactive intelligent video annotation toolbox provided by the Baidu PaddlePaddle platform. By using this tool, the annotators rapidly previewed the video content, precisely located the starting and ending frames of the action instances in the video timeline, and assigned the respective action labels. This interactive strategy not only improves annotation precision but also reduces the potential for mislabeling and the time required. To ensure the accuracy and consistency of the annotation results, the two annotators cross-checked each other’s annotation results.




3.3. Dataset Split


After analyzing the characteristics of tea ceremony actions in the dataset, a common trend is observed: that is, the action characteristics of participants exhibit high consistency when they perform the same type of tea ceremony actions in different video clips. This raises a crucial concern that neural network models might tend to take shortcuts during the learning process and rely on features unrelated to the actions themselves. These features may be contextually irrelevant background information such as clothing or appearance in videos. This could potentially impact the generalization ability of networks across different environments.



To better evaluate the generalization performance of network models, it is crucial to ensure that video clips of the same participant performing the same tea ceremony action do not simultaneously appear in both the training set and the testing set. Therefore, a non-repetition algorithm based on dynamic programming for dataset splitting was designed to implement two types of splits. The algorithm includes the following steps. First, for each category of tea ceremony fine-grained actions, all data are aggregated in the action-level folders, each of which contains videos about a specific fine-grained action. The number of participants and the number of their corresponding video clips are calculated. Second, the video clips of each participant are regarded as an indivisible entity, and a dynamic programming algorithm is utilized to combine videos with different participants at a ratio of about 50%. Third, based on the partitioning results, these videos are assigned to either the training set or the testing set.



Therefore, two distinct sets are generated for model training and testing. Table 3 shows the statistics of the two sets. A two-fold cross-validation strategy is employed to obtain two distinct splits, denoted as split 1 and split 2. In split 1, set 1 is used for training and set 2 is used for testing. Conversely, in split 2, set 2 is used for training and set 1 is used for testing.





4. Proposed Method


In this section, the proposed method for action recognition is detailed. First, the backbone network ConvNeXt is introduced in Section 4.1. Following that, Section 4.2 presents the temporal shift module. Finally, the network architecture of the TSM-ConvNeXt model is illustrated Section 4.3.



4.1. ConvNeXt Backbone


The ConvNeXt network is an efficient convolutional neural network with a structural design similar to the Swin Transformer network [35] and ResNet [6]. To introduce the ConvNeXt block more clearly, Figure 3 shows a comparison between the ResNet Block and ConvNeXt Block. As shown in this figure, compared to the traditional ResNet block, the ConvNeXt block utilizes depth-wise convolution (DWConv) with larger kernels. Additionally, it uses fewer regularization and activation functions, replacing the Batch Normalization (BN) layer [36] and ReLU with a LayerNorm layer [37] and GELU, respectively. This design transforms the architecture of ConvNeXt into a convolutional neural network with the style of a Transformer.



In order to adapt to different tasks, the ConvNeXt network provides various variants with different scales. Among them, ConvNeXt-T, ConvNeXt-S, ConvNeXt-B, and ConvNeXt-L respectively correspond to Swin-T, Swin-S, Swin-B, and Swin-L in the Swin Transformer network. According to the experimental results in [16], ConvNeXt-B achieves a recognition accuracy of 83.8% on the ImageNet dataset [38], and the performance of the corresponding ConvNeXt models surpasses that of Swin Transformer networks. With its concise and efficient structural design and outstanding performance, ConvNeXt demonstrates significant potential for applications in the field of video content analysis.




4.2. Temporal Shift Module


The temporal shift module (TSM) is a critical component designed specifically for video content analysis [17]. The primary purpose of the TSM is to capture temporal information within video sequences. The TSM achieves this by performing shift operations on input features along the temporal dimension. This introduces variations in the temporal domain. So the spatiotemporal model of a video can be built by integrating the TSM into two-dimensional convolutional neural networks (2D CNNs).



When applied to the fine-grained action recognition task for tea ceremony actions, the TSM introduces temporal variations between adjacent frames by using the bidirectional channel shifts in the 2D CNNs. This enables the establishment of a model with specific time information for tea ceremony actions.




4.3. TSM-ConvNeXt


To establish a fine-grained temporal model for tea ceremony actions, a fine-grained action recognition method based on the ConvNeXt network, named TSM-ConvNeXt, is proposed as the benchmark method for the FineTea dataset. By using the high-performance ConvNeXt-B as the backbone and introducing the TSM to model temporal information in videos, the TSM-ConvNeXt method can build a stronger spatiotemporal model with lower computational cost. The overall framework of the network is depicted in Figure 4. The sampled video frames are input into a 2D convolution layer with a 4 × 4 kernel. There are four stages in TSM-ConvNeXt. The number of blocks stacked in each stage is 3, 3, 27, and 3, respectively. Between two consecutive stages, a downsampling module is utilized to double the number of channels (i.e., C) and reduce the spatial dimensions (i.e., H and W) by half. As shown in Figure 4c, the downsampling module includes a LayerNorm layer and a convolutional layer with a kernel size of   2 × 2   and a stride of 2. The predictions of action categories are obtained by using a global average pooling layer and a classification layer.



According to [17], directly inserting the TSM into the model may shift some channels to adjacent frames, which renders the feature information in those channels unavailable for the current frame and severely compromises the spatial feature learning ability of the model. Inspired by [17], a strategy is employed to shift only a portion of the channels. The degree of channel shifting is controlled by a shift proportion parameter. Considering the residual connection block structure of the ConvNeXt block, the TSM block is placed before the DWConv layer in the ConvNeXt block.



The TSM-ConvNeXt block contains a TSM block, a DWConv layer with a   7 × 7   kernel, a LayerNorm layer, and a MultiLayer Perceptron (MLP) module. The MLP module consists of a fully connected (FC) layer for upsampling, a GELU activation function, and an FC layer for downsampling. Let    X  i n   ∈  R  T × C × H × W     be the input tensor, where T is the number of sampled video frames, H and W are the height and width, respectively, and C is the number of feature channels. After the DWConv layer, the tensor’s dimensions are permuted to   T × H × W × C  , which allows the fully connected layer to operate along the C dimension. Before the residual connection, the dimensions of the tensor are rearranged back to   T × C × H × W  , thereby ensuring consistency between the input and output dimensions of the module. The output tensor after the ConvNeXt block    X  o u t   ∈  R  T × C × H × W     can be obtained as follows.


   X 1  = LayerNorm  ( DWConv  ( TSM  (  X  i n   )  )  )   



(1)






   X  o u t   =  X  i n   + s ⊗ MLP  (  X 1  )   



(2)




where   LayerNorm ( · )   is the function of the LayerNorm layer,   DWConv ( · )   is the function of the DWConv layer,   TSM ( · )   is the function of the TSM block, ⊗ is the element-wise product,   s ∈  R C    is a learnable parameter for scaling the feature map, and  MLP  is the function of the MLP block.





5. Experiment


5.1. Dataset


To evaluate the proposed method, extensive experiments were conducted on two fine-grained action recognition datasets: FineTea and Diving48 [4]. The FineTea dataset was introduced in Section 3. Regarding the evaluation, the performances of the different methods on this dataset were evaluated by using a two-fold cross-validation strategy. The average recognition accuracy was obtained by averaging the experimental results of the two splits, and it was used for performance comparisons between different methods. The Diving48 dataset is a large-scale fine-grained action recognition dataset containing 48 diving action categories. According to the standard experimental process [4], we used approximately 15 k videos to train networks and 2 k videos to test the trained models, and we reported the Top-1 accuracy.




5.2. Experimental Setup


The pre-trained weights of ConvNeXt on the ImageNet dataset are used as the initial weights of the model. Then, the parameters are optimized to effectively reduce the training time, and the performance of the model is improved for the task of fine-grained action recognition. RGB frames are used as the input of the model.



In the experiments, the video data require a series of preprocessing steps before being input into the network for training. The video frames are sampled by using a sparse sampling strategy. Specifically, for an input video, the video is divided into K segments on average, and then one frame is randomly sampled from each segment of the video. Regarding the training of the network, the data augmentation strategy consistent with the TSM method [17] is adopted. Specifically, the frame is first cropped to a width of 256 pixels, and then the size is adjusted to   224 × 224   pixels using multi-scale cropping and center cropping strategies. A flipping operation with a probability of 0.5 is performed. The SGD optimizer is used to train the network model. The learning rate is set to 0.01, the weight decay is 1 × 10−4, the momentum parameter is 0.9, and the learning rate is reduced ten times in the twentieth and fortieth epochs. The total number of epochs is 50. For the FineTea dataset, 8 frames are uniformly sampled, and the batch size is fixed to 8. Regarding the Diving48 dataset, 32 frames are uniformly sampled, and the batch size is set to 4. In the testing stage, only the center cropping strategy is performed.




5.3. Comparison with the Baseline Method


In this section, a comparison experiment is conducted to verify the effectiveness of the TSM-ConvNeXt method. The TSM method [17] with ResNet50 as the backbone network is selected as the baseline method. The pre-trained weights on the ImageNet dataset are used as the initial weights for both methods. To ensure a fair comparison, these methods utilize the same hyperparameters as introduced in Section 5.2. Moreover, the shift proportion parameter of TSM-ConvNeXt is empirically set to 1/8.



These methods are trained on the two splits of the FineTea dataset, i.e., split 1 and split 2. The loss curves are shown in Figure 5, where the horizontal axis is the number of epochs and the vertical axis is the loss value. As shown in this figure, TSM-ConvNeXt converges faster than the baseline method and reaches a lower loss value at convergence.



The experimental results are shown in Table 4. Compared to the baseline method, the results of TSM-ConvNeXt are improved by 4.53% and 10.09% for split 1 and split 2, respectively. The average recognition accuracy is improved by 7.31%. This demonstrates that TSM-ConvNeXt obtains a significant performance improvement over the baseline method for the task of fine-grained action recognition of tea ceremony actions. Moreover, a superior backbone can give the model a stronger temporal representation learning ability, thereby improving the performance of the model in downstream tasks.




5.4. Selection of the Hyperparameter


As introduced in Section 4.3, the shift proportion parameter has a critical impact on the performance of the model, as it controls the amount of channel shift in the temporal dimension of the TSM. To find the appropriate value of this parameter, ablation experiments are performed. The shift proportion parameter is set to 1/8, 1/4, or 1/2. The results on the FineTea dataset are shown in Table 5. For a fair comparison, only the shift proportion parameter is changed in these experiments; the other parameters for these three methods remain unchanged.



As shown in Table 5, the TSM-ConvNeXt method achieves the best experimental results on both split 1 and split 2 when this parameter is set to 1/4. This indicates that when this parameter is set too high, too much information is lost for the current video frame, which can damage the spatial feature learning ability of the network. Based on the analysis of the above results, when this parameter is set to 1/4, the model can better learn the temporal features of fine-grained actions in tea ceremony actions. Therefore, this parameter is fixed to 1/4 in the next experiments.




5.5. Ablation Experiments


To further validate the effectiveness of the proposed TSM-ConvNeXt method, we conducted ablation experiments on the FineTea dataset. The experimental results are shown in Table 6, where ”ConvNeXt” is the method without the TSM module. To make a fair comparison, all experiments in this section follow the same experimental setup.



As shown in this table, the TSM-ConvNeXt method obtains better experimental results than ConvNeXt on both split 1 and split 2 of the FineTea dataset. The experimental results partly demonstrate that incorporating the TSM enhances the temporal modeling capabilities of the network, thereby improving its performance in fine-grained action recognition tasks.




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


5.6.1. Comparison on the FineTea Dataset


In this section, four state-of-the-art action recognition methods (i.e., TimeSformer [12], VideoSwin [13], VideoMAE [14], and AIM [15]) are used to test the performance of fine-grained action recognition on the FineTea dataset. To compare in a relatively fair way, backbone networks with parameters equivalent to those of ConvNeXt-B are selected for these methods: namely, ViT-Base [34] and Swin-Base [35]. For the TimeSformer method, the space-only model [12] is selected for testing.



Regarding implementation, the MMAction toolbox [39] is utilized to carry out the experiments using TimeSformer and VideoSwin, and their official codes are used to conduct the experiments using VideoMAE and AIM. For TimeSformer, VideoSwin, and AIM, the training epochs are uniformly set to 50. VideoMAE is a self-supervised learning method, which usually requires more epochs to train the model. So the training epochs for VideoMAE are set to 300. As shown in Table 7, the parameters of the four methods are set according to the original settings. During the testing stage, all methods do not perform additional operations except for sampling the specified video frames.



The experimental results are shown in Table 8, where “TSM-ConvNeXt8” indicates the TSM-ConvNeXt method that samples 8 frames as model input, and “TSM-ConvNeXt16” is the TSM-ConvNeXt method that samples 16 frames. As shown in this table, among the four methods, TimeSformer obtains better experimental result than the others on split 1, AIM obtains the best result on split 2, and VideoSwin achieves the best average recognition accuracy. Compared with TimeSformer, which also samples 8 frames, TSM-ConvNeXt8 improves the average recognition accuracy by 2.9%. Compared with VideoSwin, which has the best performance among the four methods, the average accuracy of TSM-ConvNeXt8 is 2.82% higher than that of VideoSwin. Moreover, the performance of TSM-ConvNeXt is further improved when the method samples 16 frames. In summary, the proposed TSM-ConvNeXt obtains the best experimental results for the fine-grained action recognition task of tea ceremony actions.




5.6.2. Comparison on the Diving48 Dataset


To further validate the effectiveness of the proposed TSM-ConvNeXt method, experiments were conducted on the Diving48 dataset. The experimental results are shown in Table 9. On the Diving48 dataset, the proposed TSM-ConvNeXt method achieves higher recognition accuracy than other CNN-based methods. Compared to the Transformer-based methods that use the same pre-trained weights, the proposed TSM-ConvNeXt method also obtains better performance than TimeSformer-L and RPE-STDT. In conclusion, TSM-ConvNeXt achieves better experimental performance than the other methods on the Diving48 dataset.





5.7. Comparison of Training and Testing Times


To evaluate the efficiencies of different methods, we conducted experiments on split 1 of the FineTea dataset. Table 10 reports the training and testing times of five methods, i.e., TimeSformer, VideoSwin, AIM, TSM-ConvNeXt8, and TSM-ConvNeXt16. Note that in this table, the training time is measured in hours, and the testing time is measured in seconds. For a fair comparison, all methods are trained for 50 epochs, and only one NVIDIA Tesla V100 GPU is used. As shown in this table, AIM has the lowest training time because it has the fewest tunable parameters [15]. Although the proposed TSM-ConvNeXt16 method requires longer training and testing times than AIM, it obtains a significant performance improvement. In conclusion, TSM-ConvNeXt achieves a balance between time cost and accuracy.




5.8. Analysis and Discussion


To further analyze the fine-grained recognition of tea ceremony actions, the confusion matrices of the proposed TSM-ConvNeXt16 on split 1 and split 2 are shown in Figure 6. The figure visualizes the recognition results of the 31 actions contained in the FineTea dataset. The number of samples in the testing sets of split 1 and split 2 is not the same, so the number of instances of each action is also different. By jointly analyzing the two confusion matrices, it can be found that actions with ID values of 11, 12, 13, 14, 15, 17, and 18 achieve good recognition results. These seven actions are all green tea activities. This partly shows that the fine-grained action recognition for the green tea ceremony is relatively easy, and the fine-grained action recognition for the black tea and oolong tea ceremonies is more challenging. In terms of confused actions, action 9 is easily confused with action 2, action 21 is easily confused with action 27, and action 22 and action 29 are easily confused with each other.





6. Conclusions


To promote the development of action recognition methods at the fine-grained level, the FineTea dataset is constructed for fine-grained action recognition of tea ceremony actions. To better establish a fine-grained temporal model for tea ceremony actions, TSM-ConvNeXt is proposed as the benchmark method for this dataset. Extensive experiments are conducted on the FineTea and Diving48 datasets. The experimental results show that TSM-ConvNeXt obtains better experimental results than the baseline method. Compared with the state-of-the-art action recognition methods from recent years, the proposed method achieves the best experimental results with a similar parameter size. For future research, we will explore the design of lightweight fine-grained modules to improve the performance of the method in the fine-grained action recognition task. Additionally, more videos of fine-grained tea ceremony actions will be collected to expand the dataset.







Author Contributions


Conceptualization, C.O., Y.Y. and H.W.; methodology, C.O.; software, C.O.; validation, C.O. and Y.Y.; formal analysis, Y.Y. and H.W.; investigation, C.O. and T.T.; resources, C.O. and H.W.; data curation, C.O., Y.Y. and J.Z.; writing—original draft preparation, C.O.; writing—review and editing, C.O., Y.Y., H.W. and T.T.; visualization, C.O. and T.T.; supervision, Y.Y. and H.W.; project administration, Y.Y. and H.W.; funding acquisition, Y.Y. and H.W. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported in part by the National Natural Science Foundation of China (grant No. 62362003, 62371343, 62301087), the Natural Science Foundation of Jiangxi Province (grant No. 20232BAB202017), and the Graduate Innovation Funding Program of Jiangxi Province (grant No. YC2023-S864).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The data that support the findings of this study are available from the corresponding author upon reasonable request.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Al-Faris, M.; Chiverton, J.; Ndzi, D.; Ahmed, A.I. A review on computer vision-based methods for human action recognition. J. Imaging 2020, 6, 46. [Google Scholar] [CrossRef] [PubMed]

	



Rohrbach, M.; Amin, S.; Andriluka, M.; Schiele, B. A database for fine grained activity detection of cooking activities. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Providence, RI, USA, 16–21 June 2012; pp. 1194–1201. [Google Scholar]

	



Piergiovanni, A.; Ryoo, M.S. Fine-grained activity recognition in baseball videos. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 1740–1748. [Google Scholar]

	



Li, Y.; Li, Y.; Vasconcelos, N. Resound: Towards action recognition without representation bias. In Proceedings of the European Conference on Computer Vision, Munich, Germany, 8–14 September 2018; pp. 513–528. [Google Scholar]

	



Martin, P.E.; Benois-Pineau, J.; Péteri, R.; Morlier, J. Fine grained sport action recognition with Twin spatio-temporal convolutional neural networks: Application to table tennis. Multimed. Tools Appl. 2020, 79, 20429–20447. [Google Scholar] [CrossRef]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778. [Google Scholar]

	



Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need. In Proceedings of the Advances in Neural Information Processing Systems, Long Beach, CA, USA, 4–9 December 2017; pp. 6000–6010. [Google Scholar]

	



Radford, A.; Kim, J.W.; Hallacy, C.; Ramesh, A.; Goh, G.; Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P.; Clark, J.; et al. Learning transferable visual models from natural language supervision. In Proceedings of the International Conference on Machine Learning, Virtual, 18–24 July 2021; pp. 8748–8763. [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 IEEE International Conference on Computer Vision, Barcelona, Spain, 6–13 November 2011; pp. 2556–2563. [Google Scholar]

	



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]

	



Kay, W.; Carreira, J.; Simonyan, K.; Zhang, B.; Hillier, C.; Vijayanarasimhan, S.; Viola, F.; Green, T.; Back, T.; Natsev, P.; et al. The kinetics human action video dataset. arXiv 2017, arXiv:1705.06950. [Google Scholar]

	



Bertasius, G.; Wang, H.; Torresani, L. Is space-time attention all you need for video understanding? In Proceedings of the International Conference on Machine Learning, Virtual, 18–24 July 2021; pp. 813–824. [Google Scholar]

	



Liu, Z.; Ning, J.; Cao, Y.; Wei, Y.; Zhang, Z.; Lin, S.; Hu, H. Video swin transformer. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 3202–3211. [Google Scholar]

	



Tong, Z.; Song, Y.; Wang, J.; Wang, L. Videomae: Masked autoencoders are data-efficient learners for self-supervised video pre-training. In Proceedings of the Advances in Neural Information Processing Systems, New Orleans, LA, USA, 28 November–9 December 2022; Volume 35, pp. 10078–10093. [Google Scholar]

	



Yang, T.; Zhu, Y.; Xie, Y.; Zhang, A.; Chen, C.; Li, M. AIM: Adapting image models for efficient video action recognition. In Proceedings of the International Conference on Learning Representations, Kigali, Rwanda, 1–5 May 2023. [Google Scholar]

	



Liu, Z.; Mao, H.; Wu, C.Y.; Feichtenhofer, C.; Darrell, T.; Xie, S. A convnet for the 2020s. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 11976–11986. [Google Scholar]

	



Lin, J.; Gan, C.; Han, S. TSM: Temporal shift module for efficient video understanding. In Proceedings of the IEEE International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 7083–7093. [Google Scholar]

	



Schuldt, C.; Laptev, I.; Caputo, B. Recognizing human actions: A local SVM approach. In Proceedings of the International Conference on Pattern Recognition, Cambridge, UK, 23–26 August 2004; pp. 32–36. [Google Scholar]

	



Gorelick, L.; Blank, M.; Shechtman, E.; Irani, M.; Basri, R. Actions as space-time shapes. IEEE Trans. Pattern Anal. Mach. Intell. 2007, 29, 2247–2253. [Google Scholar] [CrossRef] [PubMed]

	



Caba Heilbron, F.; Escorcia, V.; Ghanem, B.; Carlos Niebles, J. Activitynet: A large-scale video benchmark for human activity understanding. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June 2015; pp. 961–970. [Google Scholar]

	



Idrees, H.; Zamir, A.R.; Jiang, Y.G.; Gorban, A.; Laptev, I.; Sukthankar, R.; Shah, M. The thumos challenge on action recognition for videos “in the wild”. Comput. Vis. Image Underst. 2017, 155, 1–23. [Google Scholar] [CrossRef]

	



Sigurdsson, G.A.; Varol, G.; Wang, X.; Farhadi, A.; Laptev, I.; Gupta, A. Hollywood in homes: Crowdsourcing data collection for activity understanding. In Proceedings of the European Conference on Computer Vision, Amsterdam, The Netherlands, 11–14 October 2016; pp. 510–526. [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, 11–14 October 2016; pp. 20–36. [Google Scholar]

	



Goyal, R.; Ebrahimi Kahou, S.; Michalski, V.; Materzynska, J.; Westphal, S.; Kim, H.; Haenel, V.; Fruend, I.; Yianilos, P.; Mueller-Freitag, M.; et al. The “something something” video database for learning and evaluating visual common sense. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 5842–5850. [Google Scholar]

	



Shao, D.; Zhao, Y.; Dai, B.; Lin, D. Finegym: A hierarchical video dataset for fine-grained action understanding. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13–19 June 2020; pp. 2616–2625. [Google Scholar]

	



Ullah, H.; Munir, A. Human activity recognition using cascaded dual attention cnn and bi-directional gru framework. J. Imaging 2023, 9, 130. [Google Scholar] [CrossRef] [PubMed]

	



Host, K.; Pobar, M.; Ivasic-Kos, M. Analysis of movement and activities of handball players using deep neural networks. J. Imaging 2023, 9, 80. [Google Scholar] [CrossRef] [PubMed]

	



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]

	



Simonyan, K.; Zisserman, A. Two-stream convolutional networks for action recognition in videos. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC, Canada, 8–13 December 2014; Volume 27. [Google Scholar]

	



Feichtenhofer, C.; Pinz, A.; Zisserman, A. Convolutional two-stream network fusion for video action recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 1933–1941. [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]

	



Wang, X.; Girshick, R.; Gupta, A.; He, K. Non-local neural networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp. 7794–7803. [Google Scholar]

	



Feichtenhofer, C.; Fan, H.; Malik, J.; He, K. Slowfast networks for video recognition. In Proceedings of the IEEE International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 6202–6211. [Google Scholar]

	



Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.; Gelly, S.; et al. An image is worth 16 × 16 words: Transformers for image recognition at scale. arXiv 2020, arXiv:2010.11929. [Google Scholar]

	



Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the IEEE International Conference on Computer Vision, Montreal, QC, Canada, 10–17 October 2021; pp. 10012–10022. [Google Scholar]

	



Ioffe, S.; Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. In Proceedings of the International Conference on Machine Learning, Lille, France, 6–11 July 2015; pp. 448–456. [Google Scholar]

	



Ba, J.L.; Kiros, J.R.; Hinton, G.E. Layer normalization. arXiv 2016, arXiv:1607.06450. [Google Scholar]

	



Deng, J.; Dong, W.; Socher, R.; Li, L.J.; Li, K.; Fei-Fei, L. Imagenet: A large-scale hierarchical image database. In Proceedings of the 2009 IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA, 20–25 June 2009; pp. 248–255. [Google Scholar]

	



MMAction2 Contributors. OpenMMLab’s Next Generation Video Understanding Toolbox and Benchmark. Available online: https://github.com/open-mmlab/mmaction2 (accessed on 27 August 2024).

	



Koh, T.C.; Yeo, C.K.; Jing, X.; Sivadas, S. Towards efficient video-based action recognition: Context-aware memory attention network. SN Appl. Sci. 2023, 5, 330. [Google Scholar] [CrossRef]

	



Hao, Y.; Wang, S.; Tan, Y.; He, X.; Liu, Z.; Wang, M. Spatio-temporal collaborative module for efficient action recognition. IEEE Trans. Image Process. 2022, 31, 7279–7291. [Google Scholar] [CrossRef] [PubMed]

	



Hao, Y.; Wang, S.; Cao, P.; Gao, X.; Xu, T.; Wu, J.; He, X. Attention in attention: Modeling context correlation for efficient video classification. IEEE Trans. Circuits Syst. Video Technol. 2022, 32, 7120–7132. [Google Scholar] [CrossRef]

	



Zhang, C.; Gupta, A.; Zisserman, A. Temporal query networks for fine-grained video understanding. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Nashville, TN, USA, 20–25 June 2021; pp. 4486–4496. [Google Scholar]

	



Xie, S.; Sun, C.; Huang, J.; Tu, Z.; Murphy, K. Rethinking spatiotemporal feature learning: Speed-accuracy trade-offs in video classification. In Proceedings of the European Conference on Computer Vision, Munich, Germany, 8–14 September 2018; pp. 305–321. [Google Scholar]

	



Ma, Y.; Wang, R. Relative-position embedding based spatially and temporally decoupled Transformer for action recognition. Pattern Recognit. 2024, 145, 109905. [Google Scholar] [CrossRef]

	



Kim, M.; Kwon, H.; Wang, C.; Kwak, S.; Cho, M. Relational self-attention: What’s missing in attention for video understanding. In Proceedings of the Advances in Neural Information Processing Systems, Virtual, 6–16 December 2021; pp. 8046–8059. [Google Scholar]








[image: Jimaging 10 00216 g001] 





Figure 1. Examples of tea ceremony actions with high similarity. 
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Figure 2. An overview of the actions in the FineTea dataset. 
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Figure 3. A structural diagram of the ResNet [6] block and ConvNeXt [16] block. 
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Figure 4. The overall hierarchical architecture of TSM-ConvNeXt. 
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Figure 5. Comparison of training loss curves. 
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Figure 6. Confusion matrices for the test sets of the two splits. 
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Table 1. Comparison of relevant datasets.
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	Dataset
	Field
	Number of Classes
	Number of Clips
	Video Source





	MPII Cooking [2]
	Cooking
	67
	5609
	Self-collected



	MLB-YouTube [3]
	Baseball
	9
	4290
	Major League Baseball



	Diving48 [4]
	Diving
	48
	18,404
	Diving competition



	TTStroke-21 [5]
	Table tennis
	21
	1154
	Self-collected



	FineTea
	Tea ceremony
	31
	2745
	Self-collected










 





Table 2. Statistics of the FineTea dataset.
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	ID
	Action
	Number of Clips
	Tea Ceremony Activity





	1
	Rinse the cover bowl
	99
	Black tea



	2
	Rinse the black teacup
	81
	Black tea



	3
	Present the black tea
	98
	Black tea



	4
	Place the black tea leaves
	97
	Black tea



	5
	Swirl the black teacup
	88
	Black tea



	6
	Pour out the water from the black teacup
	82
	Black tea



	7
	Infuse the black teacup with hot water
	163
	Black tea



	8
	Pour the black tea into the fair cup
	136
	Black tea



	9
	Distribute the black tea soup among the black teacups
	86
	Black tea



	10
	Serve the black tea
	99
	Black tea



	11
	Flip over the glass cup
	91
	Green tea



	12
	Rinse the glass cup
	92
	Green tea



	13
	Present the green tea
	86
	Green tea



	14
	Place the green tea leaves
	90
	Green tea



	15
	Pour water into the glass cup
	79
	Green tea



	16
	Swirl the glass cup
	54
	Green tea



	17
	Infuse the glass cup with hot water
	90
	Green tea



	18
	Serve the green tea
	89
	Green tea



	19
	Flip over the smelling cup
	76
	Oolong tea



	20
	Flip over the tasting cup
	76
	Oolong tea



	21
	Rinse the teapot
	76
	Oolong tea



	22
	Rinse the fair cup
	76
	Oolong tea



	23
	Rinse the smelling cup
	76
	Oolong tea



	24
	Rinse the tasting cup
	75
	Oolong tea



	25
	Present the oolong tea
	72
	Oolong tea



	26
	Place the oolong tea leaves
	72
	Oolong tea



	27
	Infuse the teapot with hot water
	147
	Oolong tea



	28
	Pour out the water from the tasting cup
	76
	Oolong tea



	29
	Pour the oolong tea into the fair cup
	72
	Oolong tea



	30
	Distribute the oolong tea soup among the tasting cups
	74
	Oolong tea



	31
	Serve the oolong tea
	74
	Oolong tea










 





Table 3. Statistics of the two sets in the FineTea dataset.
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Set

	
Tea Ceremony Activity

	
Number of Clips

	
Total






	
Set 1

	
Green Tea

	
331

	
1378




	
Black Tea

	
530




	
Oolong Tea

	
517




	
Set 2

	
Green Tea

	
340

	
1367




	
Black Tea

	
499




	
Oolong Tea

	
528











 





Table 4. Comparison between TSM-ConvNeXt and the baseline method.
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Method

	
Backbone

	
Pre-Train

	
Accuracy/%




	
Split 1

	
Split 2

	
Average






	
Baseline [17]

	
ResNet50

	
ImageNet

	
51.65

	
64.37

	
58.01




	
TSM-ConvNeXt

	
ConvNeXt-B

	
ImageNet

	
56.18

	
74.46

	
65.32











 





Table 5. Results of TSM-ConvNeXt method with different parameter on the FineTea dataset.
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Shift Proportion Parameter

	
Accuracy/%




	
Split 1

	
Split 2

	
Average






	
1/8

	
56.18

	
74.46

	
65.32




	
1/4

	
59.69

	
76.42

	
68.06




	
1/2

	
45.72

	
67.27

	
56.50











 





Table 6. Ablation experiments on the FineTea dataset.






Table 6. Ablation experiments on the FineTea dataset.





	
Method

	
Backbone

	
Pre-Train

	
Accuracy/%




	
Split 1

	
Split 2

	
Average






	
ConvNeXt

	
ConvNeXt-B

	
ImageNet

	
57.28

	
75.76

	
66.52




	
TSM-ConvNeXt

	
ConvNeXt-B

	
ImageNet

	
59.69

	
76.42

	
68.06











 





Table 7. Experimental parameters of the state-of-the-art methods.
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	Parameter
	TimeSformer [12]
	VideoSwin [13]
	VideoMAE [14]
	AIM [15]





	Optimizer
	SGD
	AdamW
	AdamW
	AdamW



	Optimizer momentum
	0.9
	  β 1   = 0.9,   β 2   = 0.999
	  β 1   = 0.9,   β 2   = 0.999
	  β 1   = 0.9,   β 2   = 0.999



	Weight decay
	1 × 10−4
	0.05
	0.05
	0.05



	Learning rate
	5 × 10−3
	1 × 10−3
	5 × 10−4
	3 × 10−4



	Batch size
	8
	2
	4
	4










 





Table 8. Comparison with the state-of-the-art methods on the FineTea dataset.
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Method

	
Backbone

	
Pre-Train

	
Parameter/M

	
Epoch

	
Frames

	
Accuracy/%




	
Split 1

	
Split 2

	
Average






	
TimeSformer [12]

	
ViT-B

	
ImageNet-21K

	
86

	
50

	
8

	
56.40

	
75.91

	
65.16




	
VideoSwin [13]

	
Swin-B

	
ImageNet

	
88

	
50

	
32

	
54.50

	
75.98

	
65.24




	
VideoMAE [14]

	
ViT-B

	
Kinetics-400

	
88

	
300

	
16

	
38.45

	
60.23

	
49.34




	
AIM [15]

	
ViT-B

	
CLIP

	
97

	
50

	
16

	
51.50

	
77.36

	
64.43




	
TSM-ConvNeXt8

	
ConvNeXt-B

	
ImageNet

	
88

	
50

	
8

	
59.69

	
76.42

	
68.06




	
TSM-ConvNeXt16

	
ConvNeXt-B

	
ImageNet

	
88

	
50

	
16

	
62.69

	
80.12

	
71.41











 





Table 9. Comparison with the state-of-the-art methods on the Diving48 dataset.
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	Method
	Backbone
	Pre-Train
	Accuracy/%





	CAMA-Net [40]
	ResNet101
	ImageNet
	76.9



	STC [41]
	ResNet50
	ImageNet
	77.9



	AIA(TSM) [42]
	ResNet50
	ImageNet
	79.4



	TimeSformer-L [12]
	ViT-B
	ImageNet
	81.0



	TQN [43]
	S3D [44]
	Kinetics-400
	81.8



	RPE-STDT [45]
	ViT-B
	ImageNet
	81.8



	RSANet-R50 [46]
	ResNet50
	ImageNet
	84.2



	TSM-ConvNeXt
	ConvNeXt-B
	ImageNet
	85.5










 





Table 10. Comparison of training and testing times on split 1 of the FineTea dataset.
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	Method
	Frames
	Training Time/h
	Testing Time/s
	Accuracy/%





	TimeSformer [12]
	8
	2.65
	213
	56.40



	VideoSwin [13]
	32
	5.73
	300
	54.50



	AIM [15]
	16
	2.08
	87
	51.50



	TSM-ConvNeXt8
	8
	2.23
	86
	59.69



	TSM-ConvNeXt16
	16
	3.45
	129
	62.69
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