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Abstract—Athlete movement data is integral for optimizing athlete-performance and can lead to reduced fatigue and in 

turn can mitigate injury risk. There is a substantial amount of scientific literature which investigates the ability of computer-

vision and inertial sensor technologies to classify sport-specific movements. The coupling of automatic sport action 

labelling and athlete-monitoring data can significantly enhance athlete work-load monitoring. Two recent systematic 

reviews of the literature, pertinent to sport-specific movement classification, revealed that the majority of journal articles 

use athlete-dependent classification model training and evaluation methods. These methods can significantly enhance 

model classification performance, particularly with movements which have high inter-athlete technique variation. This is 

because it enables models to learn features distinctive to all athletes during training. This manuscript details the training 

and evaluation of supervised machine learning models to automatically classify running surface (athletics track, hard 

sand and soft sand) using features extracted from an upper-back inertial measurement unit sensor. Possible 

classification performance enhancement is demonstrated by comparing athlete independent and athlete dependent 

supervised machine learning methods. Using athlete dependent methods significantly increased the classification 

performance in terms of weighted average precision, recall, F1-score and accuracy (p < 0.05).  

Index Terms— Machine Learning, Inertial Sensors, Athlete-monitoring, Classification. 

I.  INTRODUCTION 

Supervised machine learning algorithms are powerful statistical 

tools which can be used for both classification and regression 

modelling. The underlying mathematics enables optimization of a 

range of different model-types via mapping input features to output 

target variables in a training data set. The optimized models can then 

perform class and value predictions on unseen data.   

Sport is becoming increasingly data driven and as a result, 

supervised machine learning and artificial neural network models 

have been adopted for athlete monitoring tasks such as automatic 

sport-specific movement classification to enhance work-load 

quantification [1]–[6] and athlete-state prediction to identify when 

athletes are, for example, entering a fatigued state [7], [8].  

When using supervised machine learning, the methodology used to 

divide data into training and validation sets is of upmost importance 

[9], particularly in athlete-monitoring data as ‘one size doesn’t fit all’ 

[10]–[12].   

The advent of microelectromechanical systems (MEMS) has 

facilitated the use of wearable inertial measurement unit sensors 

(IMUs) for performance monitoring in elite sport [13], [14]. As of 

2018, two extensive systematic literature reviews explored the 

technologies, data collection procedures, feature engineering, 
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validation methods and overall performance of machine learning 

models implemented in sport-specific movement classification tasks 

[1], [2]. Cust et al. [1] reviewed a total of 52 manuscripts and included 

both IMUs and vison-based classification algorithms. McGrath et al. 

[2] reviewed a total of 20 manuscript, however, only included records

reporting IMUs classification algorithms. In [1] 15/52 (29%) papers

used a leave-one (or more)-subject-out (LOSO) model validation,

while 22/52 (42%) trained and tested on non-independent data (cross-

validation or train/test split) and 15/52 (29%) did not clarify a

validation method. In [2] 7/20 (35%) papers used a LOSO validation

method, 8/20 (40%) evaluated on non-independent data (cross-

validation or train/test split) and 5/20 (25%) did not clarify a

validation method. In both systematic reviews, the LOSO validation

method was the least used. In sport classification, unless new athlete

data can immediately be added to the training data for new model

creation, evaluating models on non-independent data can generate

misleading classification performance. Consequently, the models are

able to learn features specific to all the athletes. If an athlete

independent to the trained models was tested, then the accuracy of the

models would decrease significantly.

This paper documents the training and performance evaluation of 

six supervised machine learning models when classifying different 

running surfaces using features extracted from a IMUs located on an 

athlete’s upper back. The models were trained and tested using both 
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athlete-independent and athlete-dependent methodologies and the 

performance of each method is compared. While it is common 

knowledge that the athlete-dependent method will result in seemingly 

enhanced model classification ability (generalizability significantly 

reduced), to the best of the author’s knowledge, a sport-specific case 

study demonstrating this is yet to be published. The conclusions of 

this paper will be of upmost importance when sporting organizations 

deliberate the training, selection and deployment of athlete sport-

specific movement classification algorithms.   

II. METHODS

A. Participants

Seven able-bodied participants (4M, 3F) with a mean age (32.4± 

17.89 yrs), mean height (171.9±8.91 cm) and mean weight 

(70.3±16.87 kg) consented to participate in the study (ethics approval 

number: GU 2017/587). The participants are from a diverse 

background of fitness and running experience (range of 9 hours 

training/week) and thus are a good representation of the general 

public. 

B. Experimental Design

The participants were instructed to run 400m at a light-moderate

pace on soft, dry-sand. The participants then ran back at a similar pace 

on hard (water saturated) sand. This procedure was repeated at the on 

a 400m synthetic tartan surfaced running track. The participants were 

fitted with a single IMU, tightly secured in close proximity to the third 

thoracic vertebrae (T3) using a specially designed sports harness. The 

sensors axes orientation is illustrated in Figure 1.  

Figure 1. Sensor axes orientation in reference to the participant. x is 

the superior-inferior axis, y is the medial-lateral axis and z is the 

anterior-posterior axis. Roll describes the angle about the anterior-

posterior axis, pitch describes the angle about the medial-lateral axis 

and yaw describes the angle about the inferior-superior axis.  

C. IMU Sensor Technology

An in-house 9DOF IMUs (SABELSense, Griffith University,

Nathan, Australia - [15], [16] with 250Hz sampling frequency, ±16g 

accelerometer, ±2000deg/s gyroscope, ±7 Gauss magnetometer and 

23 gram weight was used in this study. The IMU was calibrated [17] 

before the trial and the data was logged locally to a memory card 

(4GB micro SD card). The sensors 3-D orientation in terms of Euler’s 

angles (roll, pitch and yaw) was recorded using Madgwick’s AHRS 

algorithm (static root mean square (RMS) error <0.8°, dynamic RMS 

error <1.7°) [18].  

III. Algorithm

A. Feature Extraction

When running on the 400m athletics track, the Euler angle

orientation begins to drift due to the participant moving in a circular 

radius. The feature extraction method used was similar to that 

reported by Dixon et al. [6].   Using MATLAB (MathWorks, Natick, 

MA, USA – https://www.mathworks.com/), a sliding window, 4 

seconds duration with a 0.5 second slide between windows was used 

for feature extraction (capturing approximately 10-11 strides on each 

surface). This time duration is large enough to capture strides while 

eliminating drift due to the changes in heading direction. The Euler 

angle data windows are zeroed and made absolute to combat this 

heading-drift effect. If the data is still very spurious, then it is unlikely 

to make a significant contribution to the classification feature. The 

window was moved across 11-channels of the IMUs; Ax, Ay, Az, 

Amag, Gx, Gy, Gz, Gmag and, roll, pitch and yaw. Statistical features 

in both the time and frequency domains are extracted from each data 

window for each signal (mean, standard deviation, skewness, kurtosis, 

main frequency component etc.). The extracted features are shown in 

Table A1 of [19]. 

B. Training/Validation Segmentation of Feature Data

Two methods to divide the feature data into training and validation

sets were used. Method 1 uses an athlete independent leave-one-

subject-out train/test split; one subject is selected at random to 

evaluate model performance while the models are trained on six of 

the athletes.  Method 2 uses an athlete-dependent train/test split, 

dividing the data by 75/25% (75% for model training/25% for model 

testing). The two methods were used to demonstrate the impact of 

individual features for each participant on model classification 

performance. Method 1 resulted in 1537, 1237 and 944, while method 

2 resulted in 1720, 1390 and 1140 observations of soft sand, hard sand 

and athletics track running surfaces respectively being used for model 

training. This left 183, 153 and 196, and 413, 341 and 309 

observations of soft sand, hard sand and athletics track running 

surfaces for model evaluation using methods 1 and 2 respectively.  

C. Feature Engineering

All feature engineering and model training was conducted in

Python (Python Software Foundation, https://www.python.org/) 

using the scikit-learn and pandas modules [20], [21]. Each feature is 

standardized (normalized to a range of 0-1) using the mean and 

standard deviation of the training data. Principal component analysis 

(PCA) [22] was used for feature dimensionality reduction (FDR). 

PCA transforms features into orthogonal variables (principal 

components) which each represent a percentage of variance within the 

feature space. Only those principal components required to explain 

95% variance within the feature space were retained in the training 

data (PCA reduced feature dimensionality from 132 features to 45). 

PCA removes noisy and correlated features and consequently reduces 
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computational expense, model training time and overfitting. PCA is 

an unsupervised FDR technique and therefore does not 

retain/eliminate features which are only important/redundant for a 

specific athlete. This was thought to be advantageous for the 

comparison of the athlete-independent and athlete-dependent 

methods. A supervised FDR technique such as linear discriminant 

analysis (LDA) may result in amplified model overfitting, which 

presents bias towards the athlete-dependent method. Also PCA has 

been shown to outperform LDA when the number of training samples 

per class is small, as is the case in this investigation [23].    

D. Model Training and Evaluation

Six different types of machine learning models were trained and

evaluated. These models have proven effective classifying sport-

specific movements using inertial sensor data [1], [2], [20]. The 

trained models are logistic regression (LR [C = 0, penalty = l2, solver 

= lbfgs)), support vector machine (SVM [C = 1, gamma = scale]) with 

linear (LSVM) and Gaussian rbf (GSVM) kernels, multi-layered 

perceptron neural network (MLP-NN [activation = relu, alpha = 

0.0001, hidden layer sizes = 8,8,8 {3 hidden layers with 8 nodes each}, 

learning rate = constant, solver = adam]), random forest (RF [criterion 

= gini, maximum features = ������� 	
 
������ ,number of

estimations = 20]) and gradient boosting (XGB [criterion = 

friedman_mse, loss = deviance, max depth = 3, maximum features = 

none, number of estimators = 100]) (no hyperparameter tuning). The 

models were evaluated using the weighted average of statistical 

metrics; precision, recall, F1-score and overall classification accuracy. 

The performance of the models using athlete-dependent and 

independent training/validation segmentation methods was compared 

using a paired t-test (α = 0.05).  

IV. RESULTS

Using the train/test split method for model training and evaluation 

resulted in statistically significant increases in the weighted average 

precision, recall, F1-score and accuracy metrics (p = 0.0002, p = 

0.0004, p = 0.0004, p = 0.0004 respectively) across all model-types. 

An estimation plot highlighting this significant difference for model 

F1-score is shown in Figure 2. 

Figure 2. Estimation plot demonstrating the difference in model 

weighted average F1-score using LOSO and train/test split, training 

and validation methods.  

Using a train/test split model training and validation method, which 

exposes models to individual features respective to all the participants, 

results in a significant increase in model predictive ability. The 

respective evaluation metrics for each validation method and all 

model types are shown in Figure 3 (a-d). 

When each model can learn features respective to a participant’s 

running style on each surface type, the classification performance is 

enhanced significantly. If features extracted from a T3 inertial sensor 

were to be used for generalized surface classification purposes, then 

the participant pool would need to be increased dramatically. The best 

performing models using the LOSO and train/test split validation 

methods were MLP-NN and GSVM respectively. The classification 

ability of these two models can be expressed by confusion matrices 

(Figures 4 and 5). 

Figure 3. Weighted average for each validation method and model type; 

(a) precision score, (b) recall score, (c) F1-score, and (d) accuracy

score.

Figure 4. Confusion matrix demonstrating classification performance 

for MLP-NN using LOSO training and validation.  

Figure 5. Confusion matrix demonstrating classification performance 

for GSVM using 75/25 train/test split training and validation method.  
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Figure 4 shows that the MLP-NN was able to differentiate a soft 

sand running surface from hard sand and the athletic track with 

moderate success even using the LOSO method; soft sand precision, 

recall and F1-score was 0.71, 0.89 and 0.79 respectively. This is not 

surprising considering the visual difference in gait when running on 

soft sand compared to the other two harder surfaces. Hard sand and 

the athletic track are more similar in surface properties and so it was 

anticipated that misclassifications would occur more frequently for 

these surface types. Using a train/test split training and validation 

method, the GSVM model performed exceptionally well (overall 

accuracy = 0.99’) and there was only 1 misclassification between the 

athletics track and hard sand classes (2 misclassifications in total) 

(Figure 5). There is significant benefit in including data from all 

athletes when implementing automated athlete-load monitoring and 

sport-specific movement classification algorithms.  

V. DISCUSSION

This case study demonstrates the enhanced model classification 

performance using athlete-dependent train/test split evaluation 

methods (p<0.05). In athlete-monitoring, the way in which 

individuals perform certain movements can be quite unique and 

allowing models to learn these distinct features clearly increases 

classification performance. To create a generalized sport-action 

classification model which has high performance on completely 

independent athletes requires training data from a large pool of 

athletes with varying technique, physical properties (height, mass 

etc.), skill level and fitness level. For privacy reasons, access to athlete 

performance data is limited and as a result, complete athlete-

independent sport-action classification models can be hard to build, 

particularly when the action can vary significantly from person to 

person (e.g. running style on different surfaces). For this reason, the 

authors recommend that sporting organizations looking to add 

automatic tagging of sporting actions to enhance athlete-load 

monitoring should include the features of all their athletes in a 

classification model. When a new athlete joins the organizations, a 

calibration session is recommended, allowing the classification model 

to learn features unique to the new athlete. Automated running surface 

classification using an upper-back located sensor, albeit being athlete-

dependent, is also of significant value for the purpose of accurately 

modifying athlete session work-rate estimation values when direct 

physiological sensors (e.g. heart rate monitors) are unavailable.   
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