
 

 

Abstract: Smart sport equipment and body 
sensory systems are being gradually adopted in 
professional and amateur sports, so the problem of 
analyzing the surge of data from sensors used in 
sports is a novel topic and it is the focus of our 
research. In this article, we propose a procedure for 
golf swing data classification using deep 
convolutional neural network to distinguish 
between the correctly performed swings and 
swings with errors from different golf players. The 
devised convolutional neural network has as input 
a sequence of 13 signals in which each signal is 
composed of 1500 data samples. The output is the 
likelihood of to which golf player and to which 
swing shape the swing belongs. Based on the 
swing data sampled from the system integrating 
two orthogonally affixed strain gage sensors, 
3-axis accelerometer and 3-axis gyroscope, we test 
the performance of the coherence of our network 
on the real-world dataset. The experimental results 
including accuracy, precision-recall, f1-scores, and 
confusion matrix show that our network performs 
well in the identification of swing shape errors from 
the professional and amateur golf players. 

 
Index Terms: golf data analysis, classification, 
convolutional neural network. 

1. INTRODUCTION 

Science and technology are playing ever more 
important role in professional sport, amateur 
sport, and are penetrating the recreational sport. 
With the development of miniature, lightweight 
sensors, sensor networks, and communication 
technologies, the collection of sport performance 
data has become easier than ever before. 
Consequently, the need for processing and 
analyzing these data has become more 
demanding, both in volume and in timing 
constraints. Novel methods and approaches are 
needed to address this challenge. 
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Various sensors can be attached to the user’s 

body and/or integrated into (smart) sport 
equipment. The motivation for processing and 
analyzing sensor data is many fold, from 
monitoring particular movements of an individual 
to overseeing the complete action in a group sport 
match. Our vision is to use sensors’ data in 
biofeedback applications, particularly in 
biomechanical feedback systems with terminal 
and/or concurrent feedback [1]. By identification 
and prevention (interruption) of incorrectly 
performed actions, a speed up in proper action 
learning could be achieved [2]. The final goal is a 
real-time biofeedback system that notifies the user 
about the incorrect action during its duration or 
immediately after each period of a periodic 
activity. 
 

As the state-of-the-art classification approach, 
convolutional neural network (CNN) has been 
extensively used in computer vision, pattern 
recognition, and data mining because of its 
automatic feature extraction, high accuracy, and 
high scalability in classification. Due to its benefits 
in data processing and classification, we propose 
a convolutional neural network approach for golf 
data classification. The goal of the classification is 
to distinguish between the correctly performed 
swings and swings with errors from different golf 
players. The input to our model is a sequence of 
13 signals in which each signal is composed of 
1500 data samples. The output of our model is the 
likelihood of to which golf player and to which 
swing it belongs. Our methodology and 
experimental results can be an inspiration to 
enhance the classification model in the signal 
processing to raise the accuracy in a real-time 
system [3]. 
 

The main contribution of this paper is a 
state-of-the-art convolutional neural network for 
the classification of 1D sequences of golf swing 
signals in order to identify the golfers and to detect 
the golf swing shape errors. Another contribution 
of our work is the simultaneous analysis of 13 
signals each consisting of 1500 samples. We 
collected signals from the 2-axis strain gage 
sensor, 3-axis accelerometer, 3-axis gyroscope, 
and 3-axis magnetometer. The above signals are 
involved in the synthesized analysis to classify the 
distinct swing shape error and the golf player, 
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which demonstrates that our model is adequate to 
process the multiple-dimensional sequences from 
golf signals. 
 

The paper is organized as follows: Section 2 
presents related work concerning convolutional 
neural network and golf swing signal analysis. 
Section 3 describes the designed network model, 
some implementation details and an acceleration 
strategy for accelerating the training of the model. 
Section 4 presents the design of the experiment 
and experimental result for the validation of the 
model effectiveness. Section 5 concludes the 
paper and lists future work. 

2. RELATED WORK 

In recent years, the neural network application 
in computer vision has been attracting 
tremendous attention, especially in image 
classification, object detection, and image 
retrieval [4]. Since the AlexNet [5] achieved a 
successful and groundbreaking performance in 
ImageNet Large Scale Visual Recognition 
Challenge (ILSVRC) competitions [6], a surge of 
breakthroughs concerning the image classification 
occurred after 2012. Some representative 
convolutional neural network architectures, such 
as VGGNet [7], GoogLeNet [8], and ResNet [9], 
have reached extreme accuracy in image 
classification, even exceeding the human-level 
performance of 5.1% top-5 test error [10]. The 
state-or-the-art Generative Adversarial Network 
(GAN) [11] and Deep Convolutional Generative 
Adversarial Network (DCGAN) [12] has achieved 
that the network can be trained on its own with its 
specified discriminator & generator structure 

instead of the supervision of human being. 

3. METHODOLOGY 

In this section, we present the architecture of 
our CNN classification model, its implementation 
details, and the employed training acceleration 
strategy. Based on a general convolutional neural 
network, our model takes as input 1D signal 
sequences from 3 unique sensors, and outputs 
the likelihoods of player identity and swing shape. 
In addition, due to the large volume of signals, the 
model exploits the devised dual GPUs 
architecture to achieve the high-performance 
acceleration of training, which is presented in 
subsection 3.4. 

 

3.1 Network Architecture 

The model is composed of 3 types of layers, 
similarly to the general convolutional neural 
network: convolutional layers, pooling layers, and 
fully connected layers, as shown in Figure 1. 
Following the inherited designing of LeNet-5 [13], 
we alter and simplify the general convolutional 
neural network. We take sequences of 13-channel 
signals as input where each channel is composed 
of 1500 signal samples, rather than the common 
CNN that is bred with a batch of 3-channel 
images; i.e. input layer is bred with sequences of 
signal with the shape of (num batch)131500. 
The following 1D convolutional layer convolves 
the 13-channel signals with the trainable kernels 
to extract features automatically, and forward 
propagates the activation of the brewed feature 
maps as presented in equation (1) [14]. 

 
 

  
Figure 1 Convolutional neural network for golf swing classification. 



 

 

 
The operator * represents the convolution 
operation, the i and j represent the 
channel of feature maps from layer l-1 
the kij and bij represent the trainable kernel
bias, and cj represents the number
channel or feature maps from the layer 
 

We refer to ReLU [15]-[16] as the activation 
function σ(∙)  in equation (2) to transfer the 
activation value to the following layers, since it
speed up the convergence of the network, and 
propagate backward more gradient differences to 
alleviate the diffusion of gradients [17]. T
following max pooling layer l simplifies
compresses the feature maps from the 
convolutional layer l-1; it highlights the most 
significant features as well, as equation (
defines. 
 
 

 
 
 

 
The operator max(∙,∙)  chooses the maximum 

between the 2-neighbourhood of samples to 
intensify the features as well as simplify the 
representations of feature maps, which is a 
common strategy to speed up the feature 
extraction and the propagation cost, and 
represents the p

th
 sampling point in a sequence.

The last several layers are fully connected lay
defined in equation (4) that fits for the latent 
distribution among the signals, which play 
predominant roles of classification. 
 
 

 
Here x represents the whole data point that 
includes 13 channels in which each channel is 
composed of 1500 sampling points. The last layer 
consists of 9 softmax [18] activation neurons, 
which outputs a 0-1 vector representing the 
predicted category of the input sequence of signal.
 

3.2 Training and Testing 

Our CNN model takes as input (batch_size) 
sequences of 13-channel 1500 sample signals, 
and forward propagates the sequences through 
convolutional layers, max pooling layers and fully 
connected layers to output the likelihood that who 
and which swing shape error the signals 
significantly belong to. The overall mean of 
category cross entropy [19] between each 
prediction oi and its expectation ti in a batch
defined as the loss function to measure the error 
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category cross entropy [19] between each 

in a batch B is 
as the loss function to measure the error 

between the output and actual labels,
defined by equation (5). 
 
 

 
The model propagates backward 
equation (4), and calibrates the parameters 
b to converge by the update function based on 
gradient descent methods [20]. The deterministic 
CNN model takes as input the data without labels 
to propagate forward, and the label 
datum is determined by the output likelihood 
that are calculated by equation (6
 
 

 

3.3 Implementation Details 

We build up our model according to figure 1 that 
is composed of two convolutional layers, 
pooling layers and two fully connected layers. 
Layer 1 and layer 3 in our CNN architecture
convolutional layers that are formulated with 28 
and 56 3-sample kernels, respectively. The max 
pooling layers follows each convolutional layer 
that selects the maximum from 2
of samples. The last two fully connected layers 
contain 256 and 9 neuron to classify, where the 
probability of dropout is set at 0.5 to alleviate the 
overfitting. We choose ReLU activation function 
since it is beneficial to back-propagate the errors 
from the last layer, and moderate the 
phenomenon of vanishing gradients
activation function is employed in the output layer 
to transmit the likelihood that the input signals 
significantly belong to. Some hyper parameters
are listed here: the batch size is set 
update function is ADAM [21]. 
 

3.4 Acceleration Strategy 

Inspired by the official implementation of 
multiprocessing in Python and multiple GPUs in 
Theano [22], we compose the
implementation for Lasagne [23] to accelerate 
training of the large volume of signals, which is 
shown in Figure 2. Given a large
CPU starts the batch iterative generator to output 
several mini-batches of data to breed the neural 
network in each GPU, and synchronizes the 
parameters and the gradients by averaging them 
from each GPU. The independent processes in 
GPUs execute the forward-propagation and 
backward-propagation to brew losses, parameters 
and gradients for each mini-batch from CPU, and 
transfer to CPU the update of losses, paramete
and gradients. CPU builds the tunnel for data 
transferring by queues in the RAM, and 
exchanges the mini-batches GPUs take for shuffle 

between the output and actual labels, which is 
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are listed here: the batch size is set to 5, and the 

Inspired by the official implementation of 
multiprocessing in Python and multiple GPUs in 
Theano [22], we compose the multiple GPUs 
implementation for Lasagne [23] to accelerate 
training of the large volume of signals, which is 

. Given a large-volume dataset, 
CPU starts the batch iterative generator to output 

of data to breed the neural 
network in each GPU, and synchronizes the 

gradients by averaging them 
from each GPU. The independent processes in 

propagation and 
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and gradients. CPU builds the tunnel for data 
transferring by queues in the RAM, and 

batches GPUs take for shuffle 



 

in the next epoch. 
 

 
Figure 2 Multiple-GPUs acceleration for Theano 

4. EXPERIMENT AND RESULTS

We first introduce some meta
concerning our real-world golf swing data that 
includes 13 channels involving 2-axis strain gage 
sensor data, 3-axis accelerometer sensor data, 
3-axis gyroscope sensor data and 3-
data, shown in detail in Table 1. 
 
Table 1 Meta-information of the 13-channel golf swing signal

#channel Alias Comment 
1 SG1 2-axis strain gage sensor
2 SG2 
3 SGabs Absolute value of SG
4 AccX 3-axis accelerometer sensor
5 AccY 
6 AccZ 
7 AccAbs Absolute value of Acc
8 GyroX 3-axis gyroscope sensor
9 GyroY 
10 GyroZ 
11 RotX 3-axis rotator 
12 RotY 
13 RotZ 

 
We train our model on the real-world

collected from one professional golf player and 
two amateur golf players - Player 1, Player 2
Player 3, which consists of the correct swing and 
two categories of shape error: pull and slice. The 
real-world dataset is separated into 9 groups that 
cover all combinations of golf players
errors. Each of group is labeled by a numerical 
label from 0 to 8. Some details are presented in 
Table 2.  
 
Table 2 Meta-information about real-world golf swing dataset

Player Shape 
error 

Error 
code 

#Data Data ID

Player 1 (correct) 6 22 21-33, 42
Slice 7 5 34-38
Pull 8 3 39-41

Player 2 (correct) 0 14 1-14
Slice 1 0  
Pull 2 0  

Player 3 (correct) 3 6 15-20
Slice 4 0  
pull 5 0  

 
The dataset is separated into a training set 

containing 80% of data and a test set containing 
20% of data, each of which covers all the 
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The dataset is separated into a training set 
data and a test set containing 

data, each of which covers all the 

categories of the shape error from these three 
golfers. Note that the original 
adequate to train a stable network
data augmentation strategy is exploited to enrich 
the categories of the original dataset. The model is 
trained with the augmented dataset as input, and 
is enhanced by the multiple GPUs supported by 
the NVIDIA CUDA accelerators. We further 
validate the accuracy of our model with the 
augmented dataset derived from the 20% 
and the experimental result is shown in
 

Our model achieves the accuracy of 90
simultaneous identification of golfers and 
shape errors, the accuracy of 100.0% in 
identification of golfers and the accuracy 
identification for swing shape errors. Even though 
the discrimination between correct swings and 
intentionally faulty swings is not as rigorous as 
that between golfers, it is demonstrated that our 
model achieves feasible results in identification 
golfers and the categories of golfers and 
shape errors, simultaneously. 
 

Figure 3 The micro-average and macro-average
golfer identification 

 

Figure 4 The micro-average and macro-average F1 score for 
shape identification 
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Table 3 Validation accuracy of golf player identification, swing shape error identification, and overall validation accuracy 

Val acc Batch number average 
1 2 3 4 5 6 7 8 9 10 

acc (golfer) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.000 
acc (sha err) 0.90 0.90 1.00 0.90 0.90 0.90 0.80 0.90 0.90 1.00 0.900 
acc (overall) 0.90 0.90 1.00 0.90 0.90 0.90 0.80 0.90 0.90 1.00 0.900 

 
The precision, recall and F1-scores from the 

classification reports of golfer and swing shape 
identification are presented in Table 4, Table 5, 
Figure 3, and Figure 4. Note that the average 
indicators including precision, recall, and 
F1-scores in classification report in Table 4 have 
reached their limits (1.0). It can be seen that our 
model can classify the signals from a distinct 
golfer non-linearly into proper groups on the test 
set. In addition, the significant precision and recall 
from each golfer also correspond to the 
aforementioned inference of effectiveness of our 
model. It is also shown that our model can 
adequately capture the unique latent feature 
representations from each golfer and accurately 
select all signals that belong to a specific golfer. 

For shape identification, we can find some 
inspiring conclusions in terms of comparison of 
precision and recall. F1-scores are a synthesized 
indicator taking into account precision and recall 
together, which reflects the quality of classification 
balancing the tradeoff of retrieving as many 
relevant signals and as many accurate signals as 
the classifier is able to do. The F1-scores 
presented in Table 5 show that our model is 
acceptable in swing shape identification of 
“correct” signals. Higher precision and lower recall 
are an evidence that our model can be inferred to 
be “conservative” in classification; it should 
classify a signal into a group when it receives a 
strong probability and attempts to avoid 
classifying it into a wrong group. Generally 
speaking, our model is successful in classification 
of swing shape errors since it should be not 
“aggressive” in grouping signals, which means it 
should make fewer mistakes. 
 

Table 4 Classification report of golf player identification 

 precision recall f1-score support 
Player 2 1.00 1.00 1.00 30 
Player 3 1.00 1.00 1.00 10 
Player 1 1.00 1.00 1.00 60 
Avg/total 1.00 1.00 1.00 100 

 
Table 5 Classification report of swing shape identification 

 precision recall f1-score support 
(correct) 0.90 1.00 0.95 80 
slice 1.00 0.50 0.67 10 
pull 1.00 0.60 0.75 10 
Avg/total 0.92 0.91 0.90 100 

 
The confusion matrices in Table 6 and Table 7 

are adequate complement evidence manifesting 
the performance of misclassification. There is no 
error appearing in classification on our test set, 
which further supports our conclusion that our 
model can effectively capture the differences 
between golfers. The unbalanced test set should 

be the major reason for overfitting of our model on 
the test set, which leads to the misclassification of 
our model in shape identification. It is necessary to 
collect more negative sample to overcome the 
overfitting of positive samples of our model. 
 

Table 6 Confusion matrix of golf player identification 

 Predicted 
Player 2 Player 3 Player 1 

Actual 
Player 2 30 0 0 
Player 3 0 10 0 
Player 1 0 0 60 

 
Table 7 Confusion matrix of shape identification 

 Predicted 
(correct) Slice Pull 

Actual 
(correct) 80 0 0 
Slice 5 5 0 
Pull 4 0 6 

5. CONCLUSION 

In this paper, we propose a procedure for golf 
swing data classification using deep convolutional 
neural network in order to distinguish between the 
correct swings and intentionally faulty ones from 
different golf players. The state-of-the-art CNN 
model automatically extracts features from each 
channel, and identifies the pattern of unique 
signals from each golfer player and each category 
of swing shape errors, respectively. The multiple 
GPUs accelerating strategy exploits 
multiprocessing to activate acceleration from each 
GPU, and synchronizes losses, parameters, and 
gradients by average advocated by CPU. Multiple 
GPUs outperform the single GPU in time 
consumption, and maintain the property of fast 
convergence when training on a large-volume 
dataset. The experimental indicators including 
accuracy, precision-recall, F1-scores, and 
confusion matrix, show that our model achieves 
feasible accuracy and precision in distinguishing 
the real-world golf swings collected from the 
professional golfers and amateur golfers, and in 
identifying each category of shape error, 
simultaneously. In the future, we hope that our 
model can overcome the overfitting in detecting 
shape errors and help to coach golf players in 
real-time biofeedback scenarios. 
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