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Abstract

:

Technical motion recognition in cross-country skiing can effectively help athletes to improve their skiing movements and optimize their skiing strategies. The non-contact acquisition method of the visual sensor has a bright future in ski training. The changing posture of the athletes, the environment of the ski resort, and the limited field of view have posed great challenges for motion recognition. To improve the applicability of monocular optical sensor-based motion recognition in skiing, we propose a monocular posture detection method based on cooperative detection and feature extraction. Our method uses four feature layers of different sizes to simultaneously detect human posture and key points and takes the position deviation loss and rotation compensation loss of key points as the loss function to implement the three-dimensional estimation of key points. Then, according to the typical characteristics of cross-country skiing movement stages and major sub-movements, the key points are divided and the features are extracted to implement the ski movement recognition. The experimental results show that our method is 90% accurate for cross-country skiing movements, which is equivalent to the recognition method based on wearable sensors. Therefore, our algorithm has application value in the scientific training of cross-country skiing.
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1. Introduction


Due to the different energy costs of sub-movements in different terrains, skiers switch between sub-technical movements [1], which is one of the most important factors in determining competition results. Therefore, the accurate identification of cross-country skiing technical movements can effectively help athletes to optimize their gliding strategies and improve their technical movements, thus improving their performance. There are three main methods for cross-country skiing technical movement recognition [2]: one is based on improving athletes’ equipment [3,4], but cross-country skiing has high demands on equipment and professional athletes need a long time to adapt to the modified equipment, which limits the promotion and application of this method. Another is based on wearable micro-sensors [3,5,6], such as Global Navigation Satellite System (GNSS) data and seven Inertial Measurement Units (IMUs), which are used to analyze different cycle characteristics and sub-technology types during skiing. The excessive number of sensors used in this method makes it too complex to wear. At the same time, it is uncomfortable for the athlete and cannot be worn during official competitions, which limits its application. Lastly, there is the method of movement recognition based on computer vision [7]. Its main problem is that it has certain limitations in the field and requires early calibration, professional training, and time-consuming preparation. At the same time, due to the limitation of the viewing angle and the influence of the stadium environment, video recording usually does not produce satisfactory results. Therefore, in the field of cross-country skiing training and analysis, there is a need for a simple and non-contact method to capture, analyze, and identify athletes’ movements in order to improve the scientific training standards of cross-country skiing.



Smart sensors and computer vision can use deep learning technology to implement posture estimation and motion recognition [7,8,9,10,11], such as smart watches, wristbands, wearable sensors, and high-definition cameras. Inspired by the application of artificial intelligence technology in image recognition and data analysis, the introduction of machine learning into the motion state analysis of moving skiers will help to obtain more accurate and realistic ski technical action features and the motion performance of mobile personnel [12]. In the process of understanding the action cycle and motion attitude of moving skiers, image sensors are first used to collect the information of the mobile personnel, and then neural networks are used to extract the feature information. According to the extracted feature information [13], appropriate analysis or typical value feature information is selected as input information in the action understanding stage. Finally, machine learning algorithms are used to automatically identify and accurately classify the typical features or stages and output the results. In this way, the acquisition of the pole movement of the moving skiers and the detection of the ski movement can be implemented.



The challenges faced by monocular vision in human pose estimation in cross-country skiing include three main aspects: the athletes’ flexible posture, the snowfield environment, and the constraints of camera vision. Firstly, the flexible athlete posture means that there is a more complex internal relationship between key points, and the degree of freedom of body movement is higher, which poses a greater challenge for estimation. Second, the complex track environment and outdoor location may make it difficult to extract foreground information, which greatly increases the detection difficulty [14]. Thirdly, the image recognition results based on the heatmap have positioning errors and estimation errors, making segmentation and motion recognition difficult.



At the same time, the method of using images to implement motion recognition requires manual labels and training in advance [12]. These hand-crafted datasets can often only be applied to specific problems. There are problems in applying them to real scenes. In addition, the traditional manual architecture for video motion analysis can only extract low-level features, and it is difficult to extract and use high-level semantic information.



Given the difficulty of human posture estimation and motion recognition, OpenPose proposes Part Affinity Fields (PAFs) to improve the accuracy of posture estimation [9]. Marian Bittner proposed a new end-to-end method for estimating human kinematics directly from video [15]. Nguyen combined best practices at each stage of the estimation process to achieve an accurate estimation of the human body [16]. Hu proposed a coordination feature and strengthened the attention of the model, improving the accuracy of action recognition [17]. Some of these methods are based on indoor datasets, while others are based on routine human actions. Cross-country skiing is mainly practiced outdoors in a wide area, which results in some limitations of some methods, such as limited field of view and sunlight interference [18]. In addition, skiers move quickly and in complex ways, which are different from daily movements. Few existing algorithms have been studied for a situation where the above challenges occur simultaneously.



Considering the problems of applying pose estimation in real scenes and the current situation wherein it is difficult to extract and use advanced semantic information in motion video analysis, it is difficult to apply an image-based pose analysis method to support cross-country skiing training. In this paper, a monocular pose recognition method for cross-country skiing is proposed. This method simultaneously detects the position and key points of the human body, estimates the depth information of the key points, and then uses the time domain features and frequency domain features to expand the feature dimension and fuses the recognition results of the support vector machine (SVM) and K-nearest neighbors algorithm (KNN) to improve the accuracy of motion recognition.



The main innovations of this article are as follows:




	
This paper proposes a cross-country skiing technical action recognition method based on an image sensor, deep learning, and sub-action interval classification, which implements the effective classification of sub-actions and can provide data support for athletes to optimize sliding strategy and improve technical actions.



	
By simultaneously detecting the positions of key points and the positions of human targets, a three-dimensional human posture estimation method without a heatmap is implemented. When identifying key points, four feature layers of different output grid scales are used to simultaneously detect human posture and key points. Constraining key points using human body detection regions, the key points are identified only in the area around the target candidate, avoiding interference from the external environment. At the same time, it reduces the error caused by low resolution and close key points in the heatmap method. Compared with heatmap-based recognition methods, it is more suitable for detecting two-dimensional key points on the human body in outdoor environments. By using accurate two-dimensional key-point information as input, three-dimensional position estimation can obtain precision information about the depth of key points and reduce recognition errors by position offset loss and rotation compensation loss.



	
According to the characteristics of cross-country skiing, the cross-country skiing action characteristics are divided. Through the classification and feature extraction of key points, non-contact automatic cross-country skiing technical action recognition can be implemented.









2. Related Works


In this section, we will review, in detail, the progress of ski motion analysis technology and the development of human behavior recognition methods based on neural networks.



The motion recognition of cross-country skiing technology mainly depends on sensors and image processing.



The sensor-based ski posture recognition methods mainly collect motion information through wearable and modified ski equipment. Cenedese et al. achieved ski sub-action recognition based on wrist position IMUs and a relevance vector machine (RVM) algorithm [19]. Rindal et al. used arm and chest data from IMUs and neural network classification to achieve ski motion recognition with an average accuracy of 94% [20]. Marsland et al. used sensors integrated with GNSS and IMUs to integrate velocity, angular velocity, and motion frequency features to achieve sub-action recognition [21]. Johannsson et al. added a force sensor and IMUs to the ski pole to achieve ski sub-action recognition with 78% accuracy [22]. Meyer et al. designed a snowboard with 10 sensors to measure ski force and torque [23]. According to the above example, the sensor-based ski motion detection method can achieve motion detection. However, there are some problems, such as complex wearing, large volume, and the weight impact of sensors that cause training interference and sports injury. At the same time, if there is an error in the fixed position of the sensor, the recognition accuracy will be greatly reduced.



Fasel et al. used the motion capture system based on 10 infrared thermal cameras on the indoor ski carpet to obtain the relative position of the marked points on the athletes and the kinematic parameters of the center of mass [5]. Kruger et al. used three synchronous cameras (50 Hz) to capture the athlete’s posture during the 1.5 m turn [24]. The EPFL has created an alpine skiing dataset to solve the problem of data scarcity [25]. Gastaldi et al. carried out the unmarked motion analysis of skiing using the motion analysis method based on feature detection and point tracking [26]. Due to the nature of the game and the stadium setting, only one camera can be used and only 2D kinematics analysis can be performed. The Norwegian Institute of Sports and the University of Ljubljana in Slovenia developed a ski posture analysis system that analyses the key technical movements of local positions through training videos to improve the competitive level of athletes [27]. The University of Zurich implemented the three-dimensional reconstruction of skiers’ postures using beam adjustment [28]. Keizo used motion capture technology to study the complexity of ski jumping and reduce the effects of resistance [29]. Although these motion capture systems are very accurate, they are limited by the shooting area and the environment. The camera needs a line of sight to see the target, which limits the movement and the movement that can be studied. At the same time, some motion detection systems are effective for indoor experiments, but the use of such systems for outdoor sports has some limitations. For example, in outdoor skiing, such systems can be affected by the reflection of sunlight off the snow. In addition, in cross-country skiing and other snow events where several people are sliding for a long time, it is not easy to identify the required information from the video, the post-processing workload is high, and real-time feedback is rarely achieved. Considering the hardware cost and technical difficulty of the optical acquisition system in the snow field, the target recognition and pose estimation method based on deep learning can provide a new solution for vision-based ice and snow motion monitoring.



Motion recognition based on abstract 3D skeletons has become an active topic in the field of computer vision due to its potential advantages. Wang [30] proposed a Joint Trajectory Map (JTM), which represents the configuration and dynamics of space joint trajectory through color-coded texture images. Yanshan and Rongjie [31] put forward the representation of shape and motion in geometric algebra. According to the representation, the importance of joints and bones has been fully utilized, which makes full use of the information provided by bone sequences. Therefore, only the adjacent joints in the convolution kernel are considered to learn the co-occurrence feature; that is, for each key point, some potentially relevant key points will be ignored. Tran et al. proposed a modern deep architecture of C3D (revolutionary 3D), which can learn from large-scale data sets and integrate the outputs of different structures for prediction [32]. Wei proposed an end-to-end recursive neural network based on a skeleton [33]. According to the physical structure of the human body, the human skeleton is divided into five parts and sent to five subnetworks, which can well model the contextual information of a time series [34]. Wang et al. made the key points of different degrees of freedom (DoF) monitor each other, resulting in physical constraints and reasonable attitude estimation results [35]. Ma et al. proposed ContextPose, based on an attention mechanism, which can more accurately estimate 3D poses by implementing soft limb length constraints in the depth network [36]. With the development of deep learning, compared with traditional algorithms, deep learning algorithms can not only automatically extract features but also perform well in many cases. However, it is still difficult to effectively recognize outdoor scenes and complex human movements. In the outdoor environment, the angle of vision is limited and there are obstacles. These difficulties cause the key points of the human body to be easily blocked or the human body to adopt a side posture in the field of view. The lack of too many key points will affect the posture estimation results. At the same time, the posture of the human body is flexible in movement, and each person’s figure is different, so it is difficult to describe different postures. Some of the above literature methods improve the estimation effect by improving the key-point recognition accuracy, and some improve the estimation accuracy by adding constraints. In all the estimation difficulties due to the flexibility of outdoor environments such as that of cross-country skiing, it is necessary to improve the key-point recognition accuracy, angle of view, and other constraints to better achieve the attitude estimation.



In general, the optical motion capture system has the advantage of non-contact motion parameter acquisition. However, it can only capture a small sliding range or requires a large hardware investment. Therefore, optical motion detection still has some shortcomings in outdoor applications. In human posture estimation and motion recognition, it is still difficult to effectively recognize outdoor scenes and complex human movements. Therefore, outdoor ski motion estimation based on a monocular camera and a neural network has research value and significance in ski science training.




3. Method


In this section, we analyze the actual needs of monocular cameras used for cross-country skiing motion recognition and describe the research methods proposed, including the algorithm framework, the target detection method, the three-dimensional pose estimation algorithm by two-dimensional joint detection, and the sub-motion recognition method.



3.1. Requirements and Analysis of Sub-Action


The first step is to analyze the real needs of scientific training in cross-country skiing. Cross-country skiing is essentially divided into three typical sub-actions. These sub-actions mainly include double poling (DP), diagonal striding (DS), and downhill techniques (DT) [37]. The DP sub-action means the athletes slide the ski poles at the same time and the legs on both sides also move synchronously, as shown in Figure 1b. During the DS action, the athletes’ poles are poled alternately, while the two legs move forward alternately, as shown in Figure 1c. In DT, in Figure 1d, the ski poles are clamped between the athlete’s arm and body to bend and tuck. The technical actions have a decisive impact on the competition results of skiing. The technical action selection, technical action cycle, and sliding rhythm of cross-country skiing will directly affect the performance of skiing in training and competition. The research shows that the changes in technical tactics and training strategies can significantly reduce the metabolic cost per meter of cross-country skiing [38]. By optimizing performances under different terrains based on feedback, athletes can improve competition results. Considering each method, the ski pole position and the ankle joint position are different at the same time, and the changing trend of the joint angle is different. The ankle joint position, ski pole position, and knee joint angle at the same time are used as the characteristic signal input to the algorithm. By matching the ski pole position information and the human body movement parameters, the classification of technical actions and the recognition of the movement phase are analyzed to achieve an understanding of skiers’ movements and improve the scientific training level. According to the characteristics of the different sub-actions, the following classification can be made, as shown in Table 1.



According to the results of sport biomechanical analysis of cross-country skiing, the range of motion of elbow and shoulder joints, angular velocity, and the angle between the snowball and the ground are all related to sports performance. In addition, the coordination of joint activities is also conducive to improving work efficiency and athletic performance. At the same time, the coordination between the shoulder, elbow, and trunk can cause the body to have a large inclination change, which is conducive to the active extension of the elbow joint, thus generating greater propulsion [39]. Therefore, according to the characteristics of the movement, we can build a physiological model and analyze the kinematic model to implement pose recognition. The joint angle used in this article is calculated from the spatial position between coordinate points in space. The kinematic model consists of 17 anatomical points corresponding to the right (left) temple, shoulder, elbow, wrist, hip, knee, and ankle, respectively; in addition, two additional points are added: the bottom point of the snow poles, as shown in Figure 1a.



To sum up, monocular outdoor motion recognition faces three major challenges: different attitude displacement scale transformation, attitude size scale transformation, key-point noise, and recognition errors caused by missing key points. To solve these problems, we designed an action recognition algorithm based on multiple neural networks and feature generation, as shown in Figure 2. First, a human body detector was designed to find the target human body and each human candidate region by detecting key points in the image or video. A similar top-down detection method does not easily generate interference between different joint points. The depth information was obtained by calculation or prediction, and the three-dimensional key-point coordinates were obtained by using the depth information to implement the three-dimensional construction of human posture. Finally, the attitude data were divided into sub-action regions according to prior knowledge and feature generation was performed. Finally, the generated feature information was divided into sub-action regions using support vector machines, as shown in Figure 3. The whole algorithm framework is made up of three modules: a key-point region detection module based on YOLO [40], a 3D pose estimation module, and an action recognition module.




3.2. Two-Dimensional Pose Estimation Module


Currently, most mainstream human posture estimation methods take high-resolution images as input and use a Gaussian heatmap to estimate the position information of key points. The research shows that in the same model, the higher the resolution of the input image, the higher the recognition accuracy of the heatmap [41]. The accuracy of key-point prediction is essentially limited by the resolution of the heatmap, which leads to the accuracy problem of the commonly used heatmap method. At the same time, Feature Pyramid Networks (FPNs) are often used in the recognition process to restore the size of the input. In the outdoor environment, the distance between the camera and the target is often large, and the proportion of the target in the field of view is small. Therefore, the true resolution of the target area is low, the accuracy of the heatmap is reduced, and there is a feature shift in the feature layers of different scales, which increases the uncertainty of the key-point location. For example, if two key points of the same category are close to each other, they may be mistaken for the same key point due to overlapping heatmap signals, leading to key-point detection failure and affecting the final recognition effect [42,43]. Given the obvious shortcomings of the heatmap, this work calibrates the human body and joints based on YOLOv5, does not use a heatmap, and contains an efficient network design. It simultaneously detects the target and its key points at the same time and uses a matching algorithm to fuse the two kinds of results.



The two-dimensional pose recognition module in this article uses a CNN to extract features and then uses the full connectivity layer to regress the coordinates of key points by MSE (mean square error) loss. During pre-training, the input training set was classified into different key points of the human body, and the output has 18-dimensional object class scores, including the key-point categories and the person category. All key points are computed simultaneously and share the same feature information. For each grid scale in the image, the confidence is calculated for all categories, and the target category has the highest confidence in the location.



The output grid scales of YOLO are 8, 16, 32, and 64, selected by the hypermeters of reference [42]. Each grid uses different anchors. The smaller grid has a larger receptive field and can predict larger objects; the larger grid has a smaller receptive field and is more suitable for predicting smaller objects.



In this paper, the multi-task loss function was used to train the network, which mainly includes the loss of probability of target existence, the loss of boundary box size, and the loss of category score. The loss of each task is calculated as follows:


  L o s  s  2 d   = a × L o s  s  o b j   + b × L o s  s  i o u   + c × L o s  s  c l c    



(1)




where category loss, confidence loss, and positioning loss are represented by   L o s  s  o b j    ,   L o s  s  i o u    , and   L o s  s  c l c    , respectively, and  a ,  b , and  c  are shown as the balancing coefficients.



The category loss is calculated using binary cross entropy. In this paper, there are 18 kinds of joint points and human targets and a total of 19 kinds of targets. The formula is as follows:


  L o s  s  o b j   =   ∑  s  B C E  (   c i  ,  c g   )   



(2)




where    c i    and    c g    are used to represent the category of the target identified by the algorithm in this paper and the truth label of the target, respectively.



The confidence loss is used to describe whether there is a center point on this grid; that is, whether there is an object. The algorithm in this paper regards confidence as a two-class problem. The closer the predicted value is to 1, the more likely it is that there is a target at that location, and the less likely it is that there is no target. The formula is as follows:


  L o s  s  c l a   =     ∑   i ∈ A K     ∑   j ∈ c l c    (   G  i j   ln (   C ^   i j   ) +  (  1 −  G  i j    )  ln ( 1 −   C ^   i j   )  )   N   



(3)






    C ^   i j   = S i g m o i d  (   C  i j    )   



(4)






   G  i j   ∈  {  0 ,   1  }   



(5)




where  N  is used to describe the number of targets,   A K   is used to describe the total number of bounding boxes, and    G  i j     is used to indicate whether there is a type  j  target in the bounding box  i  or not.     C ^   i j     is used to indicate the probability of the existence of the type  j  target in the boundary box  i  detected by our method.



The calculation of location loss is mainly to improve the accuracy of the detection method in this paper. The  d  is used to describe the prediction box.    d x   ,    d y   ,    d w   , and    d h    are used to show the center-point coordinates and the width and height values of the prediction box, respectively. We use    g x   ,    g y   ,    g w   , and    g h    to represent the true center-point coordinates and width and height, respectively. The location loss is calculated by the total number of samples and the sum of squares of the difference between the target positions estimated by the algorithm and the target positions labeled by the truth value. The formula is as follows:


  L o s  s  i o u    (  d , g  )  =     ∑   i ∈ A K     ( σ  (   d x    i   )  −  g x    i  )  2  +   ( σ  (   d y    i   )  −  g y    i  )  2  +    (   d w    i  −  g w    i   )   2  +    (   d h    i  −  g h    i   )   2   N   



(6)







For the anchor, the general height of the human body is 3–4 times the width, and the commonly used square hyperparameter anchors are obviously not suitable for the research content of the subject. Therefore, instead of using the basic hyperparameters, we modified the default values of the anchors and used the width-to-height ratio of 1:4 for the human target.


   b x  =  (  2 σ  (   d x   )  − 0.5  )  + A  K x   



(7)






   b y  =  (  2 σ  (   d y   )  − 0.5  )  + A  K y   



(8)






   b w  = A  K w  ×  e   d w     



(9)






   b h  = A  K h  ×  e   d h     



(10)




where    b x   ,    b y   ,    b w   , and    b h    are used as candidate boxes predicted by the algorithm in this paper.    d x   ,    d y   ,    d w    and    d h    are used to describe the predicted regression parameters.   A  K x   ,   A  K y   ,   A  K w    and   A  K h    are used to describe the coordinates, width, and height of the anchor.  σ  is shown as the sigmoid function.



Non-maximum suppression is applied to the training results, and the scores of all the boxes are calculated. The candidate boxes are sorted by confidence and then the intersection over union (IOU) is calculated with the highest confidence candidate box, respectively. If it is greater than the set threshold, the box is deleted.



To determine which target the key points belong to, this paper uses a fusion method. After detecting human targets (candidate regions) and key points, if there are candidate regions, the Euclidean distance between all key points and the center of the candidate region is calculated. For each type of key point, the result of the minimum distance from the candidate region is selected as the key point of the target.



When training the two-dimensional pose estimation module, the three hyperparameters of the balancing coefficients were 0.6, 0.2, and 0.3, respectively. The hyperparameters of the human target anchors for the 8 scale were (12, 20), (26, 46), and (43, 102), respectively. The module was trained by 500 epochs. The training set used by the network consisted of three parts: the COCO dataset images containing both the person and snowboard categories, part of the COCO dataset images containing the person category, and the cross-country skiing dataset labeled in this work.



In 2D human pose estimation, the key points are projected onto the two-dimensional plane and the key-point detection results have no depth information. Three-dimensional pose estimation adds depth information based on 2D pose estimation, and the key points are expressed more accurately [44]. Its application research value in ski motion recognition is higher than 2D estimation. Therefore, after extracting accurate 2D key-point coordinate information, we designed a 3D key-point estimation strategy to estimate the depth information.




3.3. Three-Dimensional Pose Estimation Module


We designed a 3D key-point estimation strategy. First, in order to finally ensure that the target contains a complete person, we take the head and neck as the root feature and use each head and neck as a marker to read more complete pose information, so as to ensure the existence of the candidate targets according to the head and neck. Then, according to the completed two-dimensional key-point data, the depth information of each key point is predicted through the network, and the three-dimensional depth information of each key point is obtained. Finally, according to the predicted joint information, a complete human posture is formed from the root node to implement the three-dimensional posture estimation. If any key points are lost, the 3D position information of the missing key points in the front and back frames is used to supplement the missing information using the least squares method. The reason why the system chooses to use the least squares method is that the video frame rate is higher than 50 Hz and the position of the key-point position information in the adjacent frames does not change much, and the second reason is that the human key-point motion attitude is relatively linear. We use the head key point and neck key point as root features, and use each head and neck as a marker to read more complete pose information, so as to ensure the existence of candidate targets based on the head and neck. Then, according to the completed two-dimensional key-point data, the depth information of the key points is predicted through the network, and the three-dimensional depth information of each key point is obtained to achieve the depth information prediction. Considering the position deviation loss and rotation compensation loss of key points, the total loss function (  L o s  s  t o t a l    ) used for the training module is defined as


  L o s  s  3 d   = L o s  s  l o c a t i o n    ( X )  + L o s  s  r o t    



(11)




where   L o s  s  l o c a t i o n    ( X )    represents the offset of key points, and   L o s  s  r o t     is described as a rotation error. The   L o s  s  l o c a t i o n    ( X )    is shown as follows:


  L o s  s  l o c a t i o n    ( X )  =  1 N    ∑   i = 1  N  L o s  s  l o c a t i o n    ( X )   



(12)




where  X  is shown as the total loss of all targets and    x i    represents the loss of each joint of each target. The loss of rotation is described by Formula (7).


  L o s  s  r o t   =  1 N    ∑   i = 1  N    (  R i  −  R  i G T   )  2   



(13)






   R i  =  R x i  ⋅  R y i  ⋅  R z i   



(14)




where    R i    is used to describe the rotation matrix in three directions of    R x i  ,  R z i   , and    R y i   .    R  i G T     is used to represent the true value of the rotation matrix.



We used the network structure and method of [45] with ResNet-50 [46] as the backbone, applied Euclidean loss, and used 12 of the 14 available camera views in the MPI-INF-3DHP (MPI) dataset for training [47]. For training, we crop around the subject closest to the camera and apply rotation, scaling, and bounding box jitter enhancement. We use a size of 6 batches and the cycle learning rate ranges from 0.1 to 0.000001.



This work estimates the position of human joints in three-dimensional space using two-dimensional key-point coordinates as input. During training, the 3D pose estimation network uses the MPI-INF-3DHP (MPI) dataset for training. In application, our input is a series of two-dimensional points and our output is three-dimensional coordinates with depth information as reference [48]. It uses the AdaDelta solver, with a momentum of 0.9, a weight decay multiplier of 0.005, and a batch size of 6, and trains the model for 360k iterations with a cyclical learning rate ranging from 0.1 to 0.000001.



The loss curve is shown in Figure 4. It can be seen that our curve gradually converges smoothly, and the convergence curve reflects the performance of the algorithm.



The algorithm estimates the depth information of the key points using a pre-trained model (Figure 5). In the actual estimation, there are still some key points that cannot be predicted in occlusion and target deformation. The video frame rate is 60 Hz, and the human movement in each frame is relatively close. Therefore, through linear interpolation on the tensor product mesh of 3D discrete predicted data, the position of the key point can be obtained by using the position information of adjacent frames. The unrecognized joint point coordinates are (   x m  ,    y m  ,    z m   ), and the formula is as follows:


   x m  = (  x 1  −  x 0  ) / 2  



(15)






   y m  = (  y 1  −  y 0  ) / 2  



(16)






   z m  = (  z 1  −  z 0  ) / 2  



(17)




where    x 1  ,    y 1    and    z 1    represent the position information of key points in the next frame, and    x 0  ,    y 0   , and    z 0    represent the key-point information of the previous frame of the lost frame, respectively. In this way, the missing key points can be supplemented, and the success rate of subsequent action feature recognition can be improved to a certain extent.



In the pose evaluation, each joint angle in the movement process will significantly affect the movement posture, and the movement posture will significantly affect the mobility. Therefore, in the process of maneuvering, obtaining information on the athlete’s posture joint angle is conducive to assisting the coach in improving the athlete’s mobility. The joint angle used in this article is calculated from the spatial position between coordinate points in space. After extracting the position of each joint point in 3D space, this paper calculates the angle between joints. In this process, the connection between joint points is regarded as a chain structure in which the local stiffness is not changed. Take the right elbow joint as an example, as shown in the Figure 5, where    a 1   ,    a 2   , and    a 3    represent the right shoulder joint, right elbow joint, and right wrist joint. The angle of the elbow joint is the included angle with the right elbow joint as the vertex  θ . The calculation is publicized as follows:


  θ =   cos   − 1     〈    a 2   a 1   →  ,    a 2   a 3   →  〉    |     a 2   a 1   →   |   |     a 2   a 3   →   |     



(18)








3.4. Action Recognition Module


In the experiment, the predicted joint trajectory is not smooth enough, and the joint position produces jitter. It is impossible to easily identify the key frames related to the feature stage by the spatial position information of the coordinate points. To reduce the effect of this kind of jitter, this paper uses the expectation maximization (EM) algorithm for parameter estimation and the Butterworth filter to achieve accurate joint recognition and jitter suppression.



The EM algorithm consists of two steps, which are called expectation (E step) and maximization (M step). Step E calculates the posterior probability of implicit variables according to the initial value of parameters or the model parameters of the previous iteration, which is actually the expectation of implicit variables. As the current estimated value of hidden variables, it is calculated as follows:


   Q i   (   z   ( i )     )  : = p  (     z   ( i )     |   x   ( i )    ; θ  )   
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where    Q i   (   z   ( i )     )    is used to describe the posterior probability.    x   ( i )      and    z   ( i )      are used to represent input and response, respectively. The initialization distribution parameter uses θ express. The solution is the maximum likelihood estimate of θ, as follows:


  θ : = a r g   max  θ    ∑  i    ∑    z   ( i )       Q i   (   z   ( i )     )  log   p  (     z   ( i )     |   x   ( i )    ; θ  )     Q i   (   z   ( i )     )     
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Through continuous iteration, the lower bound continues to increase, and the maximum likelihood estimation shows a monotonic increasing trend, eventually reaching the maximum value of the maximum likelihood estimation. This step is called the M step.



In practical applications, the ultimate goal is to achieve the detection and understanding of the key-point location and sub-action. In order to reduce the negative impact of the data jitter caused by each frame recognition result on the detection result, we also use the Butterworth filter to further reduce jitter. The characteristic of the Butterworth filter is that the frequency response curve in the passband is as flat as possible without fluctuation, which can effectively reduce the interference in the process of motion, which is more suitable for the purpose of finding poles. The formula of the Butterworth filter is as follows:


     |  H  ( ω )   |   2  =  1  1 +    (   ω   ω c     )    2 n      
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where   H  ( ω )    is the result of passing the Butterworth filter, and  ω  is the corresponding input. The order of the filter is expressed by  n , and the cut-off frequency is shown as    ω c   . We have tested that the third-order Butterworth filter has a good effect. Too high an order of the Butterworth filter will result in too flat a curve and pole loss, which is not conducive to improving the detection success rate and detection accuracy. The low order of the Butterworth filter will still cause the jitter of the characteristic curve, which can easily lead to false detection. After the parameter test, the third-order Butterworth filter, the cut-off frequency is 14 Hz, the key-point curve is relatively flat, and the information storage is also rich.



After the motion path has been smoothed, the x-coordinate of the time series is clustered into segments representing the standing stage or the pole stage. It is assumed that in the standing stage, the y coordinate of the ankle joint stays approximately constant with the increase in the number of frames, while the x coordinate of the ankle joint increases with the number of frames that the mobile person moves from left to right. The same valley point can be regarded as the landing of the mobile person’s foot, and the distance and time between the two valleys can be regarded as a progression. The camera frame rate used in this paper is 60 Hz–120 Hz, and each frame is very unblocked. Because the change between image frames is relatively small, the y-direction coordinate is not used for judgment. For each x coordinate, calculate the backward finite difference between the x-axis coordinate of the ankle joint, and the previous value is calculated as follows:


   [ x ]   ( t )  = x  ( t )  − x  (  t − 1  )   
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where  t  is used to describe the number of frames, and   x  ( t )    is used to represent the position information of the key points on the x-axis at the time of frame number t. After calculating the position information of each frame, the values are classified according to the International Snow Federation rules.



The three technical actions are mainly judged by the pole position and height of the ski pole and joint angle data. The cycle of sliding movement mainly depends on the combination of the contact and separation of the ankle joint and standing position and the position of the snow stick. For example, in the alternate sliding, the technical action is similar to the walking posture. When the right foot makes contact with the ground to exert force, the right ski stick is at the back position; at this time, the left foot is lifted backward. On the contrary, when the right ski stick and the left foot exert force relative to the front of the body, the left ski stick and the right foot wave backward. When using the double-pole push-and-hold technique, the ski poles on both sides are completely synchronized, and the ankle joints on both sides are also completely synchronized. During the descent, both feet are on the ground at the same time, and there is no stick support for a long time. Therefore, the left and right ankle joint data and the left and right ski pole vertex data are selected as the feature information.



The jitter in the motion curve of key points produces redundant poles, which affect the result to some extent. To overcome this problem, by observation and estimation, a complete motion phase is generally not less than 150 frames. Therefore, any two adjacent troughs that are fewer than 60 frames apart are combined. The same merging method is applied to the ascending and descending phases, although the y-axis parameters have changed during the ascending and descending phases. The step size in pixels is defined as the absolute difference between two adjacent high x-value troughs and the Euclidean distance between two troughs. The duration of each step is divided by the frame rate (i.e., 60 FPS–120 FPS) by calculating the number of frames between the two troughs in the rise and fall phases. Finally, the incorrect step size is removed from each video, including the incomplete step size at the beginning and end of the video. By comparing the parameters, the step size that is less than 50 pixels from the median step size of the video is removed.



There are certain differences between different movements due to the changes in the coordinate positions and the angles of the key points of their movement modes, but the trend of athletic movement has rules to follow. Set the position information of feature points as    {   x 1  ,  x 2  , … ,  x n   }   , and use fast Fourier transform (FFT) to obtain the estimated power spectral density, where the parameters are frequency  f  and spectrum   P  ( f )    [49]. The generated features are shown in Table 2. Each variable has 10 time domain features and 3 frequency domain features, respectively. High-dimensional features will provide rich information, which is conducive to better distinguishing action features and realizing action recognition.



Normalization can prevent one or more dimensions from having a significant impact on the data, allowing each feature to contribute equally to the results, which would play an unbalanced role in training. Common normalization methods include deviation standardization and center standardization. Among them, deviation standardization is a linear transformation of the original data to make the results fall in the range of 0–1. Center standardization is to transform the values of all the features to be converted into a normal distribution with a mean value of 0 and a standard deviation of 1. Compared with central standardization, deviation standardization cannot solve the problem of outliers very well. Therefore, select center standardization to process the generated features.



In human motion recognition, due to the limited number of samples and the features not being prominent, the classification recognition algorithm has high requirements. At present, the human motion recognition algorithm still needs to rely on a large amount of label data when it is applied. The large-scale labeling work not only consumes a lot of human, financial, and material resources but also the data quality is difficult to guarantee, which reduces the training value of the human motion recognition algorithm in ice and snow sports. For the obtained key-point motion curve and angle change curve, this paper uses a support vector machine (SVM) algorithm as collaborative recognition after feature extraction [50]. The formulas of the SVM methods are shown in Formula (7).


  f  ( x )  = s i g n  (   w  * T   × k  ( x )  +  b *   )   
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where    w  * T     is described as the normal vector of the optimal separation hyperplane, and the offset is described as    b *   . SVMs are used as classifiers in collaborative training. The classification confidence of the algorithms is a floating-point number between 0 and 1.





4. Experiment and Results


In this part, the effectiveness and robustness of the algorithm are verified by computer simulation and field tests. We conducted posture estimation and motion recognition on the self-made indoor and outdoor cross-country skiing posture simulation video sequence dataset with IMUs and image data to verify the effectiveness of the algorithm. At the same time, in order to verify the effect of this method in pose estimation, we carried out verification on the ski-2d dataset.



4.1. Dataset


The ski-2d dataset mainly collects semi-professional skier videos recorded from different angles in different weather conditions [25]. It is suitable for computer vision and sports science to conduct in-depth research on skiing. At the same time, in order to improve the practical application value for cross-country skiing, we collected and calibrated cross-country skiing videos recorded from multiple angles in laboratory and competition environments for verification experiments as a self-made dataset in Figure 6. The outdoor video sequence dataset comes from the Chinese National Biathlon Team and was recorded at the Bayi Ski Resort in Mudanjiang City, Heilongjiang Province. The athletes wore IMU sensors and collected multi-angle videos, as shown in Figure 6a–c. The video frame rate is 60 Hz, collected from six athletes of different heights and ages. We consider the IMU data to be the true value of the dataset and the test conditions are highly consistent with the actual competition situation. The indoor dataset uses the Noitom dynamic capture system to collect the athlete’s postural information and video recording in Figure 6d–f [51]. We imitated the actions of standing skiing and sitting skiing, recorded the video with a monocular camera, and annotated the sensor data as the true value of the indoor video at a 60 Hz frame rate.



When inputting athlete videos for action recognition, the algorithm in this paper cannot distinguish between different athletes, and all athletes are marked as a person category. Therefore, if more than one person is recognized at the same time, there may be confusion between the results. Therefore, in the actual test, we try to ensure that only one athlete appears in the image during the capture. If the video contains multiple targets, we trim the video to reduce the effect of multiple targets. In terms of video resolution, the method in this paper has universal adaptability, and 360p (640 × 360) to 4k (4096 × 2160) resolution videos have been tested. At these resolutions, the proposed method can accurately implement attitude estimation and motion detection. In terms of frame rate, according to reference [18], we recommend that the video frame rate should not be less than 50 Hz. The algorithm in this paper has no requirements as to the input video file format. The test results show that different video formats have little effect on attitude estimation and motion detection. Considering the generalization ability, this article uses part of the COCO dataset in the training of the two-dimensional posture recognition module. However, if the clothing and background colors of the athletes are similar, it is still possible to fail to identify the athlete category, resulting in the inability to achieve posture estimation and motion recognition.




4.2. Metrics


For the evaluation method, we mainly evaluate the results of the pose estimation by the percentage of correct key points (PCK) [52], the mean joint position error (MPJPE) [53], and the mean absolute error (MAE).



The PKC is used to verify the success rate of different methods for the same image or video recognition by calculating the number of joint points detected and the corresponding number of ground true points among a given number of images or targets. The formula is as follows:


  P C K =   N u  m  d e t     N u  m  g t      
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where   N u  m  d e t     and   N u  m  g t     are used to represent the total number of keys detected and the total number of keys in the target.



In the validation experiment, for the results of 2D and 3D joint point estimation, we use the percentage of successfully predicted key points and the mean joint position error (MPJPE) of each joint position to evaluate the detection effect of different algorithms [30]. For each frame f and target x, MPJPE is calculated as follows:


  M P J P E  (  f ,   x  )  =  1 S    ∑   i = 1  s   m  d e t  f   (   x i   )  −  m  g t  f     (   x i   )   2   
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where all joint points of the dataset are represented by  S .    m  d e t  f    and the    m  g t  f    are used to represent the estimation results of the algorithm and ground truth in each frame, respectively. From the formula, the results of 2D and 3D pose estimation of the algorithm consist of the ground truth when the MPJPE is small.



At the same time, for example, the athlete’s angle information is very significant in guiding training. Therefore, we introduce the mean absolute error (MAE) widely used in ski competition analysis to compare the angle information calculated by different algorithms, which is called the mean absolute error of angle (MAEA). The MAEA calculation is as follows


  M A E =  1 m   ∑     m      i = 1      |   x  g t  i  −  x  d e t  i   |   
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where the number of all targets is expressed by  m .    x  d e t  i    and    x  g t  i    are used to represent the estimated angle result detected by our method and the ground truth in each frame.




4.3. Experiment Result of Pose Estimation


In the simulation, the computer hardware environment is GeForce 1060, and the default environment is PyTorch. Table 3 shows the number of key points successfully detected and the (PCK) of the three methods. Table 4 shows the average joint error of our algorithm and other mainstream human posture estimation methods including OpenPose [14] and SimDr [42] on the ski-2d dataset. OpenPose is a heatmap-based method, while SimDR is based on regression. By comparing these two algorithms, it can be verified that our algorithm has advantages in pose estimation compared to the method based on heatmap and the method based on regression.



From Table 3 and Table 4, we can see that our algorithm has a success rate of 95% and it successfully identifies almost all the key points. At the same time, our algorithm has a small average joint error in Table 4. Compared to the human posture estimation algorithms, our algorithm has a smaller error under the condition that almost all key points are successfully identified. Therefore, our method has better performance compared to other commonly used pose estimation algorithms. The pose estimation result of our algorithm still has errors. We speculate that the reason for this is related to the view of our dataset. There are many scenes in the dataset where cameras and cross-country trails are kept horizontal. When cameras and moving athletes are kept horizontal, the occlusion situation is relatively severe, and the recognition error of key points on the occluded side is relatively large, which also indicates that self-occlusion is a major challenge in pose estimation. Although there are errors in key-point estimation, the overall motion trend of the key points remains accurate, providing valuable feature information for motion recognition.



In the video sequence shown in Figure 7, different methods produce different recognition results for the same image. The red curve represents the method in this paper, the green curve represents the SimDR method, and the blue curve represents the results of the OpenPose algorithm. In Figure 7a, our algorithm has more accurate results on the right foot and elbow. In Figure 7b, the posture of our method is relatively accurate, and OpenPose experienced key-point drift. In Figure 7c, the OpenPose method failed to recognize the key points, and the left and right leg points were confused by the SimDR method. In Figure 7d, our method implemented pose recognition accurately, while some key points were not recognized accurately by OpenPose, and SimDR failed to recognize the target. Therefore, our algorithm has the best recognition results, such as knee, ankle, and elbow joint recognition, which are better than the comparison algorithms.



In cross-country skiing, the joint angle information obtained from the joint point coordinates provides technical support for the scientific training of athletes [54,55]. At the same time, the joint angle information is also an important feature for subsequent action recognition. To verify the application value of the algorithm in cross-country skiing, we evaluated the results of four methods for estimating the athlete’s elbow angle. From the joint angle curves identified by different methods in Figure 8, we can see that the joint angle calculated by our method is more similar to the angle information collected by the sensor, and the change process of the curve is basically consistent with the sensor data. The joint angle calculation effect of light3d is second to our method and has a good effect. Both of these algorithms obtain 3D depth information through 2D estimation, so obtaining more accurate 2D coordinate point information is conducive to improving the accuracy of depth information estimation. The other two methods, OpenPose and HRNet [56], due to the lack of depth information, can only accurately estimate the joint angle or angle change trend when the target and camera positions are kept at a basic level. At the same time, compared with the four curves, our results and the IMU results have the most similar trend. Therefore, our method can obtain features that are more similar to the true value when dividing the features, which is conducive to the realization of cross-country skiing movement recognition.



Table 5 describes the joint MAE of the different algorithms in the test image sequence. The joint MAE of this work is the smallest, the joint error of light3d is the second smallest, the joint error of OpenPose is higher, and the MAE of HRNet is the largest. Therefore, compared to other algorithms, our method has the best accuracy in estimating the joint angle of monocular ice and snow motion.



Through the verification experiments using multiple algorithms on the ski dataset and the self-made cross-country skiing dataset in this paper, the algorithm in this paper has a high recognition success rate (95%) and a low joint accuracy error (0.0894) in two-dimensional joint points. In the simulation of 3D joint angle estimation, the joint error of this method is 0.1° lower than that of the comparison algorithm light3d, which has the best joint accuracy. Therefore, the joint detection and estimation algorithm proposed in this paper has application value in cross-country skiing posture detection and scientific training.




4.4. Simulation Results of Motion Recognition


In cross-country skiing motion recognition, due to the limited number of samples, the high dimension of the samples, and the rich and irregular posture of the athletes, there is a high demand for the accuracy and robustness of the classification recognition algorithm. The feature vectors and their motion types are obtained by calculating the key-point position data and joint angle data identified by the algorithm in this paper, including 79 groups of DP motion data, 66 groups of DS motion data, and 75 groups of DT data. Through cross-validation, the training data set is divided into five batches, and the accuracy of each batch is estimated to prevent over-fitting. Each time, four batches are randomly selected as a training set and the rest as a test set. The result is shown in the figure, and the recognition accuracy is 90.5%. Table 5 describes the accuracy rate of action recognition in this paper and other methods based on wearable sensors. From Table 6, it can be seen that the use of multiple IMU sensors to achieve action classification is the best. The recognition result of our method based on optical sensors is better than that of the method based on wearable gyroscope sensors. The method that relies solely on image recognition and does not extract features has the lowest recognition success rate, with a quarter failing to make an accurate identification. When using SVM to implement action recognition, the five disjoints are used in cross-validation and reserve 10% of the data as the validation set. The confusion matrix is shown in Figure 9d.



In general, the motion recognition accuracy of the method used in this paper is similar to that of the methods based on wearable sensors [57,58,59]. Therefore, our method provides a reference method for image-based cross-country skiing motion recognition.




4.5. Ablation Experiment


In this part, we performed ablation experiments to test the effect of improving candidate anchors for two-dimensional estimation and improving two-dimensional poses for three-dimensional estimation.



For the selection of candidate regions, by modifying the anchor size, our method improves the success rate and the mean average precision (mAP) of the candidate region for athletes [60]. Table 7 shows the results of our method compared to the results of the original YOLO and other recognition algorithms. Compared to the original YOLO-v5, the mAP of our method is improved by 0.02, and the AP of our algorithm is better than Shuffle Net. Therefore, it is effective in improving the detection of candidate regions.



Using the COCO dataset, our method is compared with the heatmap-based estimation method, and the results are shown in Table 8. OpenPose and HRNet use a heatmap, while SimDR and our method are based on regression. From the data in the table, it can be seen that the heatmap-based methods are limited by the problem of heatmap-based estimation bias, and their accuracy is lower than that of our method and SimDR. Both our method and SimDR have good detection accuracy. The AP of OpenPose is 0.618 and the accuracy of our method is 0.716. Therefore, compared to the heatmap-based method, the regression-based method has a higher accuracy in key-point estimation.



In order to verify the effect of the two-dimensional input on the three-dimensional recognition result, our method is compared with the three-dimensional estimation methods based on a heatmap. Using the same three-dimensional estimation network, the effect of different two-dimensional key-point inputs on the three-dimensional pose estimation is described in Table 9. For the same video sequence, in the same three-dimensional estimation network, different two-dimensional pose information can affect the three-dimensional estimation results. The more accurate the two-dimensional results, the better the three-dimensional pose estimation effect.



Therefore, based on the experimental results, improved candidate anchors for two-dimensional pose estimation, two-dimensional pose estimation based on regression, and more accurate two-dimensional key-point input can improve the pose estimation effect.





5. Discussion


The purpose of this study is to verify the feasibility of the motion detection and analysis system for cross-country skiing technology based on a visible light sensor. Our priority is the ease of use of the system and the accuracy of the motion recognition. For ease of use, we have developed a motion detection method based on a monocular camera, which does not need to calibrate the environment in advance. This method does not interfere with the athletes’ wearable sensors and complex environmental calibration and has good usability. To improve the accuracy of cross-country skiing motion recognition, we adopted the bottom-up key-point detection method, which detects the athlete’s target and key points simultaneously, the three-dimensional posture estimation method, and the feature extraction and classification method based on cross-country skiing characteristics to implement the motion recognition.



The heatmap-based recognition method has insufficient accuracy in outdoor environments and is not suitable for estimating postures in outdoor conditions such as those of cross-country skiing. To solve these problems, we adopted the key-point detection method, which simultaneously detects human posture and key points, and uses four feature layers of different output grid scales to directly identify key points and targets. By comparison with other algorithms, as shown in Table 2 and Table 3, it has better identification accuracy on a public dataset and a self-made dataset. Through ablation experiments, it can be demonstrated that improving the candidate anchor and pose estimation using the regression method can improve the accuracy of two-dimensional pose estimation.



The two-dimensional key points lack depth information, and the positioning of key points is not accurate enough, which easily leads to errors in the calculation of key-point position and joint angle. In order to improve the accuracy, we built a depth information estimation network and used the position deviation loss and rotation compensation loss of key points as the loss function to implement the three-dimensional estimation of key points. It can be seen from Figure 3 and Table 4 that the method in this paper has higher accuracy compared to the two-dimensional estimation method and other three-dimensional key-point estimation methods. It also shows that more accurate 2D key-point information can improve the accuracy of 3D estimation.



Finally, the typical characteristics of cross-country skiing are determined by analyzing the action stages and the sub-actions of cross-country skiing. In cross-country skiing, the elbows and knees move differently in different sub-actions. By extracting features from the key-point location and angle information obtained from the image sensor, the characteristics of the sub-actions have a greater difference, and the motion detection effect is similar to that of the sensor-based method. As shown in Table 6, when the joint motion data are fed directly into the classifier, the recognition accuracy is 20% lower than that of our method. All these improvements have been tested in the snow field. Therefore, the optical sensor-based non-contact motion recognition method designed in this paper has application value in the scientific training of cross-country skiing.




6. Conclusions


In this paper, a cross-country skiing kinematics information acquisition system based on optical sensors was designed to collect and analyze the movements of cross-country skiing athletes. The system is able to collect information on the athlete’s path, posture, and stage of movement in a non-contact manner. In order to solve the problems such as the difficulty of extracting objects in the outdoor field, the occlusion of the view angle, and the change in the motion attitude in the attitude estimation, we proposed a 3D attitude estimation method by the cooperative recognition of key points and objects. By simultaneously recognizing the target and key points in four feature output grid scales, more accurate key-point recognition results can be obtained compared with the heatmap method. The accurate depth information of key points is obtained by position deviation loss and rotation compensation loss, and the accurate recognition and classification of action stages and sub-actions are achieved by cross-country skiing characteristics and feature extraction. The experimental results show that the algorithm is more effective than the other three two-dimensional position estimation methods in the ski-2d dataset and the four three-dimensional position estimation methods in our dataset. It also has a smaller joint position error and more correct key points than the benchmark two-dimensional estimation algorithm. In 3D estimation, the average joint error is less than the benchmark method (0.1°). The correct rate of sub-action classification reaches 90%, which is similar to the motion recognition method based on wearable sensors. Therefore, the algorithm has application value in the scientific training of cross-country skiers and has been applied to the training of professional ski teams.



In the future, we will improve the 3D posture estimation network method to improve the detection accuracy of 3D posture estimation. At the same time, future work will focus on improving the accuracy of motion detection, improving the real-time performance of the algorithm, and providing professional training suggestions using the acquired data.
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Figure 1. The key-point position and skiing sub-actions. (a) shows the key points of our work. (b) shows the DP action. (c) shows DS action. (d) describes the DT action. 
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Figure 2. Architecture of monitoring recognition for skiing state. 






Figure 2. Architecture of monitoring recognition for skiing state.



[image: Sensors 23 03639 g002]







[image: Sensors 23 03639 g003 550] 





Figure 3. The framework of our algorithm. The algorithm consists of three modules: a two-dimensional joint estimation module, a three-dimensional pose estimation module, and a motion recognition module. 
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Figure 4. The loss curve of our method. 
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Figure 5. The schematic diagram of the key points. 
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Figure 6. The cross-country skiing dataset and sample image display. (a) shows the outdoor dataset collection method. (b) shows the sensor worn by the experimental personnel. (c) shows outdoor sensor data. (d) shows the indoor dataset acquisition mode. (e) shows the indoor dataset acquisition process. (f) shows the result of the indoor dataset. 
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Figure 7. The results of different algorithms in the same video sequence. In (a), the algorithm in this article has more accurate results for the right foot and elbow. In (b), the position of the method in this paper is relatively accurate, and the OpenPose estimation shows key-point drift. In (c), the OpenPose method was not recognized and the left and right leg points of the SimDR method were confused. In (d), our method achieves the accuracy of gesture recognition, while OpenPose cannot accurately identify some key points, and SimDR cannot identify the target. 
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Figure 8. Elbow angle results estimated by different algorithms using the same video sequence. 
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Figure 9. The joint characteristics and motion recognition results of different sub-actions. (a) shows the trend of change in elbow angle and knee stick in the DP action. (b) shows the change trend of elbow angle and knee stick in the DS action. (c) shows the change trend of the elbow angle and knee stick in the DT action. (d) shows the motion recognition results of different sub-actions. 
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Table 1. The characteristics of the different cross-country skiing sub-actions.
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	Category
	Features





	Double Poling (DP)
	Two sets of elbow joints and two sets of knee joints in the same way.



	Diagonal Stride (DS)
	The movements of the two elbow joints and the two knee joints are opposite.



	Downhill Techniques (DT)
	The elbow and knee joints are the same, and the angle does not change much over time.
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Table 2. The characteristics of sub-actions.
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	Characteristic Quantity
	Definition





	Maximum
	   M a x = max  {   x 1  ,  x 2  , … ,  x n   }    



	Minimum
	   M i n = min  {   x 1  ,  x 2  , … ,  x n   }    



	Average
	   m e a n =  1 n     ∑   i = 1  n    X i    



	Peak
	   p k = M a x − M i n   



	Standard deviation
	   s t =    1 n     ∑   i = 1  n     (  X i  − m e a n )  2      



	Peakedness
	   k u =     ∑   i = 1  n    (  X i  − m e a n )  4     (  n − 1  )  × s  t 4      



	Skewness
	   s k =     ∑   i = 1  n    (  X i  − m e a n )  3    n × s  t 3      



	Root mean square
	   r m =    1 n     ∑   i = 1  n      |   X i   |   2      



	Root mean square factor
	   S = r m /  1 n     ∑   i = 1  n    |   X i   |    



	Peak factor
	   C = p k / r m   



	Center of gravity frequency
	   F C =     ∫  0  + ∞   f P  ( f )  d f     ∫  0  + ∞   P  ( f )  d f     



	Mean square frequency
	   M S F =     ∫  0  + ∞    f 2  P  ( f )  d f     ∫  0  + ∞   P  ( f )  d f     



	Frequency variance
	   V F =     ∫  0  + ∞      (  f − F C  )   2  P  ( f )  d f     ∫  0  + ∞   P  ( f )  d f     
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Table 3. The success detected number and PCK of different algorithms.
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	Algorithm
	OpenPose
	SimDr
	Ours





	Key-Point Numbers
	714
	714
	714



	Success Detected
	547
	714
	684



	PCK
	76.61%
	100%
	95.31%
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Table 4. The mean per joint position error of different algorithms.
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	Algorithm
	OpenPose
	SimDr
	Ours





	MPJPE
	0.081
	0.098
	0.089
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Table 5. The MAE of the elbow angle of different algorithms in the test image sequence.
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	Algorithm
	OpenPose
	HRNet
	Light
	Ours





	MAE (°)
	17.708
	24.587
	16.144
	16.046
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Table 6. Motion recognition accuracy of different methods.
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	Method
	Wearable Gyroscope Sensors [57]
	Three IMU Sensors [58]
	Four IMU Sensors [59]
	Ours without Feature Extraction
	Ours





	Accuracy
	86.82%
	95.4%
	98%
	76.8%
	90.5%
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Table 7. The mAP in different algorithms.
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	Algorithm
	Shuffle Net
	YOLO
	Ours





	mAP
	0.605
	0.692
	0.711
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Table 8. The AP in different algorithms.
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	Algorithm
	OpenPose
	HRNet
	SimDR
	Ours





	AP
	0.618
	0.705
	0.708
	0.716
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Table 9. The MAE in different algorithms.
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	Algorithm
	Light3D
	Ours





	MAE (°)
	16.144
	16.046
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