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Abstract. Traditional swimming movement monitoring methods mainly rely on the
subjective judgement of coaches and video playback, which limits the real-time assess-
ment and analysis of swimmer movement details. In order to improve the accuracy
and efficiency of swimming motion recognition, this paper proposes a swimming pose
recognition method based on inertial sensors and Convolutional Neural Network-Support
Vector Machines (CNN-SVM), which aims to improve the efficiency of motion analy-
sis in swimming training and competitions. While traditional swimming motion capture
relies on expensive optical systems or wearable devices, this study utilises low-cost In-
ertial Measurement Unit (IMU) sensors to capture and analyse swimmers’ movements
with high accuracy through data fusion algorithms and optimisation techniques. In the
study, firstly, a mathematical model of swimming action was established and the swim-
mer’s motion data was captured by the IMU sensor. Subsequently, Kalman filter and
time alignment techniques were used to preprocess the data to improve the accuracy of
the pose estimation. On this basis, CNN was used to automatically extract the motion
features and classify them by SVM, and a combined CNN-SVM model was constructed
to achieve the automatic identification of different swimming postures. The experimental
results show that the model achieves an F1 score of more than 0.9 for the recognition of
all four swimming strokes: freestyle, butterfly, breaststroke and backstroke, which verifies
the effectiveness and generalisation ability of the proposed method. The method in this
study not only improves the efficiency of swimming stroke analysis, but also provides a
new technical tool for sports science and personal health management.
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1. Introduction. With the development of sports science and personal health manage-
ment, there is an increasing demand for the ability to remotely monitor, store large
amounts of data and perform sophisticated analyses [1, 2, 3]. Swimming, as a whole-body

1914



Swimming Recognition on Inertial Sensor and CNN-SVM 1915

sport, the capture and analysis of its movements is important for athlete training, skill
improvement, and health monitoring. However, traditional swimming motion capture
methods rely on expensive optical systems [4] or manual recording [5], which have limita-
tions such as high cost, poor real-time performance, and susceptibility to environmental
influences. Therefore, the development of a low-cost sensor-based swimming pose recog-
nition method that can effectively capture and analyse swimmers’ movements is valuable
for improving training efficiency, optimising athletes’ performance as well as promoting
scientific research on swimming.

The background of the study of inertial sensors in swimming posture recognition stems
from the need for efficient and accurate monitoring of swimming sports. Swimming, as
a sports activity with exercise effects on all muscle groups of the whole body, occupies
an important position in competitive sports and public fitness. In order to enhance the
training effect of athletes [6], optimise technical movements [7] and prevent sports injuries
[8], it is particularly crucial to accurately identify and analyse swimming postures. While
traditional video-based monitoring methods have limitations such as high cost, poor real-
time performance, and susceptibility to environmental influences, inertial sensor-based
pose recognition technology has become a hot research topic due to its portability, real-
time performance, and ability to be used underwater. Inertial sensors are able to capture
the acceleration and angular velocity changes generated during swimming, and the body
posture and movement pattern of the swimmer can be inferred from these data. With
the development of sensor technology and the advancement of data processing algorithms,
the application of inertial sensors in the field of swimming posture recognition provides
new technical means for swimming training and research, and helps to achieve a deeper
understanding and analysis of swimming movements.

Convolutional Neural Networks (CNN) and Support Vector Machines (SVM), as the
two main algorithms of deep learning, have demonstrated excellent performance in sev-
eral fields. Therefore, the aim of this study is to apply these algorithms to swimming
posture recognition, aiming to improve the accuracy and efficiency of swimming posture
recognition through end-to-end co-training by taking advantage of the powerful feature
extraction capability of CNN and the excellent classification performance of SVM.

1.1. Related work. The current state of the art in sports pose recognition is reflected
in the capturing and analysing of sports movements through a variety of technological
means in order to improve the training efficiency and technical level of athletes. Currently,
researchers mainly use high-speed camera systems, Inertial Measurement Units (IMUs)
and deep learning-based algorithms to identify and analyse sports postures. While high-
speed camera systems can provide detailed visual information, they are costly and not
easily portable. IMU sensors have become a hot research topic due to their low cost,
portability, and ability to be used underwater. They are able to capture dynamic data
during swimming, including acceleration and angular velocity, to infer changes in the
swimmer’s posture.

Stamm and Thiel [11] used two triaxial accelerometers and a Quadratic Discriminant
Analysis (QDA) model for freestyle swimming. However, the model is simple and fails to
recognise butterfly strokes and does not address the details of specific swimming move-
ments. Kos and Umek [12] used smart accelerometers to recognise swimmers’ strokes and
stroke frequency in real time. Rusdiana et al. [13] used built-in accelerometers in an
Android device and an SVM classification model to achieve autonomous recognition of
multiple swimming strokes. However, the comprehensive recognition of movement details
is insufficient, especially in the recognition of key features such as turning movements,
movement switching points, and movement durations.
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In addition, deep learning algorithms, especially CNNs [14, 15, 16] and Support Vector
Machines (SVMs) [17, 18], have been used to improve the accuracy and efficiency of mo-
tion pose recognition as they show strong performance in classification and recognition
of image and sensor data. Iloga et al. [19] proposed a hybrid CNN and Hidden Markov
Model (HMM) approach for human movement recognition, aiming to address the poor
detection accuracy of current human movement recognition algorithms and the diversity
of experimental scenarios. Although this hybrid model may improve recognition accuracy,
it may suffer from high computational complexity and long training time. In addition,
the generalisation ability of the model for different actions and scenarios needs further
validation. Abdelbaky and Aly [20] proposed a human pose recognition method combin-
ing keypoint affinity fields and SVM, which solves the problem of traditional action pose
recognition relying on physical data acquisition devices. However, the possible challenges
of the method include high accuracy requirements for keypoint detection and robustness
issues in complex background or occlusion situations. Vrskova et al. [21] proposed a
3D-CNN-based approach for human behaviour recognition, which allows features to be
extracted directly from the raw input and in both temporal and spatial dimensions by
3D convolution. However, 3D CNN models may require a large amount of computa-
tional resources and data for training and may suffer from latency issues for real-time
applications.

1.2. Motivation and contribution. These studies have shown that single sensors or
algorithms may perform well on specific types of swimming strokes, but may not have
sufficient generalisation capabilities when faced with different swimming strokes or indi-
vidualised movements of different athletes. In addition, a single sensor or a simple feature
extraction technique, which may not be accurate enough when facing complex swimming
manoeuvres and variable underwater environments. To address the above issues, this pa-
per improves the recognition accuracy and generalisation ability of swimming postures by
combining the use of inertial sensors (which can provide rich dynamic information about
acceleration, angular velocity) and CNN-SVM.

The main innovations and contributions of this work include:
(1) A method of action feature extraction based on multimodal sensing data is proposed,

which not only considers traditional parameters such as acceleration and angular velocity,
but also extracts richer action features such as joint angles, angular velocities, linear
velocities and accelerations through time windowing processing and inverse kinematics
problem solving, providing more detailed and comprehensive data support for swimming
posture recognition. Special attention is paid to key steps such as data preprocessing,
noise filtering, time alignment, and normalisation processing to improve data quality and
model accuracy. In addition, an accurate estimation of the swimmer’s real-time posture
is achieved by a dynamic posture updating algorithm.

(2) The dynamic data collected by the IMU is innovatively combined with CNN-SVM
for automatic swimming posture recognition. An end-to-end swimming posture recogni-
tion system is constructed by capturing the swimmer’s motion data through the IMU,
using CNN for deep feature extraction, and then SVM for efficient classification and
recognition.

2. Inertial Sensor Based Swimming Motion Capture.

2.1. The basic principle of human motion capture technology. Human motion
capture technology is a kind of technology that uses sensors, cameras and other devices
to capture and record the trajectory of human movement. Its basic principle is to collect
the data information generated when the human body moves, such as joint angle, speed,
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acceleration, etc., and then use computer algorithms to analyse and process these data,
and finally generate a model or animation of the human body’s movement [22]. This
technology can be widely used in film and television production, sports training, medical
rehabilitation and other fields and can accurately capture and reproduce a variety of
complex human body movement, providing people with a more intuitive and realistic
sports experience and training effect.

The human body can be considered as consisting of multiple rigid bodies (limbs), each
connected to the neighbouring rigid body through joints. Kinematic models usually use
the following mathematical expressions to describe the motion of the limbs [23]:

Ti = Ti−1 ·R(θi) · S(si) (1)

where Ti denotes the transformation matrix of the i-th limb, Ti−1 is the transformation
matrix of its neighbouring limbs, R(θi) is the rotation matrix with respect to the angle of
the joint θi, and S(si) is the scaling matrix describing the length si of the limb.
Motion capture systems typically use multiple sensors, such as accelerometers, gyro-

scopes, and magnetometers, to capture the motion of the same limb. Data fusion algo-
rithms, such as Kalman filters [24], can be used to integrate the data from these sensors
and improve the accuracy of pose estimation.

xk|k = Fkxk−1|k−1 +Bkuk + wk (2)

Pk|k = FkPk−1|k−1F
T
k +Qk (3)

Kk = Pk|k−1H
T
k

(
HkPk|k−1H

T
k +Rk

)−1
(4)

xk|k = xk|k−1 +Kk

(
zk −Hkxk|k−1

)
(5)

Pk|k = (I −KkHk)Pk|k−1 (6)

where xk|k denotes the state estimate at time step k, zk is the observation, Kk is the
Kalman gain, Pk|k is the estimated covariance matrix, and Hk is the observation matrix.
F,B,H,Q, and R are the state transfer matrix, control input matrix, observation matrix,
process noise covariance matrix, and observation noise covariance matrix, respectively.

To further improve the accuracy of pose estimation, optimisation algorithms can be
used to minimise the discrepancy between measured data and model predictions [25]. A
commonly used cost function can be expressed as

E(q) =
1

2

N∑
i=1

∥yi − h(q, xi)∥2 (7)

where E(q) is the cost function, q is the joint parameter to be optimised, yi is the
observation of the i-th sensor, h(q, xi) is the model prediction for a given set of joint
parameter and model predictions given the joint parameters and sensor positions, and N
is the total number of sensor data points.

By minimising the cost function E(q), the joint parameters q can be adjusted to best
fit the observed data, resulting in a more accurate estimate of the human body posture.

2.2. Definition of swimming manoeuvres.
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2.2.1. Action modelling. The definition of swimming action is the basis of swimming
pose recognition research. In the field of machine learning and artificial intelligence,
a well-defined swimming action model is crucial for designing effective feature extraction
algorithms and recognition models. Swimming actions can be described by building a
multi-stage action model, where each stage represents a specific part of the swimming
cycle. For example, a simple swimming action model can include the following stages:
(1) Starting position: the position in which the swimmer is ready to start paddling. (2)
Grabbing the water: the movement in which the arm enters the water and begins to
stroke backwards. (3) Pulling the water: the arm continues to stroke and propel the body
forward. (4) Recovery phase: a movement in which the arms come out of the water and
return to the starting position.

Each stage can be described by a specific set of joint angles and velocities. These
parameters can be obtained from sensor data or directly measured by motion capture
systems [26]. In order to mathematically define the swimming action, we can use the
following expression:

Sequence of joint angles: Θ = {θ1, θ2, . . . , θn}, where θi is the angle of the i-th joint
at the particular point in time.

Velocity sequence: V = {v1, v2, . . . , vn}, where vi is the velocity of the i-th joint at
the particular time point.

Acceleration sequence: A = {a1, a2, . . . , an}, where ai is the acceleration of the i-th
joint at a particular point in time.

Action phases: each action phase can be defined as a state vector St which contains
information about the angles, velocities and accelerations of all joints at time point t.

Action Cycle: the entire swimming action can be defined as a series of state vectors
S = {S1, S2, . . . , Sm}, where m is the number of state vectors in the action cycle.

2.2.2. Extraction of action features. In order to recognise different swimming actions,
features need to be extracted from the action model defined above. These features should
be able to reflect the key attributes of the swimming action, such as the amplitude, speed,
rhythm and smoothness of the action.

The average joint angle is defined as shown below:

θ̄ =
1

n

n∑
i=1

θi (8)

The range of joint angle variation is ∆θi = max(θi) − min(θi). The smoothness of
the action can be measured by the consistency of the first order derivatives of the joint
angles (velocities). The energy of the movement can be estimated by integrating over
the sequence of velocities v. The symmetry of the action can be assessed by comparing
the angles of the same joints on both sides of the body. With these definitions and
mathematical expressions, we can construct a comprehensive swimming action model
that provides a solid foundation for subsequent data acquisition, posture estimation and
action recognition.

2.3. Data acquisition device design. In order to accurately capture the swimmer’s
movement data, this study adopts an advanced inertial measurement unit (IMU) as the
core device for data acquisition. The IMU integrates a three-axis accelerometer, a three-
axis gyroscope, and a three-axis magnetometer, which is capable of comprehensively cap-
turing the dynamic changes in the swimming movement. All sensors are waterproofed to
meet the special requirements of the underwater environment. The structural composition
of the sensor assembly is shown in Figure 1.
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Figure 1. Swimming Pose Measurement Sensor Assembly Structure

Considering the full-body nature of swimming, this study chose to fix the IMU at
the swimmer’s waist, a position that balances the comprehensiveness of the captured
movement information with the comfort of wearing the device. A special waterproof belt
was used to securely fit the IMU to the swimmer’s body, ensuring that the device would
not shift or fall off during strenuous movements such as high-speed swimming or turning.
The measurement device is worn schematically as shown in Figure 2.

Sensor module

Z

Y

X

Athlete

Figure 2. Schematic representation of the wearing of a measuring device

The acquired raw IMU data need to be preprocessed before they can be used for subse-
quent analyses. The pre-processing steps include noise removal, filtering and normalisa-
tion. In particular, in order to eliminate the problem of magnetometer data being highly
affected by the swimming pool environment, this study mainly relies on accelerometer
and gyroscope data for action recognition. With the design of the data acquisition device
described above, this study is able to efficiently and accurately collect swimming action
data for the subsequent implementation of inertial sensor and CNN-SVM based swimming
pose recognition.

2.4. Multimodal swimming action pose estimation.

2.4.1. Data preprocessing. Data preprocessing is a key step in swimming manoeuvre pose
estimation, which involves extracting useful information from the raw data collected by
the IMU and converting it into a format suitable for performing pose estimation.

Firstly, the data collected by the IMU needs to be filtered for noise. Due to the special
characteristics of the underwater environment, the sensor data may be affected by various
noises. We employed a Kalman filter to filter the acceleration and angular velocity data in
real time to remove the noise and improve the signal-to-noise ratio of the data. The specific
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methods of the state update method of the Kalman filter are shown in Equation (??) and
Equation (??).

Due to the dynamic nature of swimming movements, data alignment is necessary. We
synchronise the IMU data and video footage by time-only to ensure that the data at
each moment corresponds to the actual action of the swimmer. The precise alignment of
TimeDiva is the basis for subsequent action feature extraction and analysis. The method
of data alignment is shown as follows:

t′ = t+∆t (9)

where t′ is the aligned timestamp, t is the original time, and ∆t is the corrected offset.
In order to eliminate the effect of physiological differences between different swimmers

on posture estimation, we normalised the data. By scaling the data to zero mean and unit
variance, we ensured that the data from different swimmers had the same scale, which
improved the generalisation of the algorithm [27].

x′ =
x− µ

σ
(10)

where x′ is the normalised data, x is the original data, µ is the mean of the data, and
σ is the standard deviation of the data.

In order to capture the dynamic characteristics of the swimming manoeuvre, we split the
continuous sensor data into fixed-length time windows. Each window contains acceleration
and angular velocity data for a certain time period, which will be used for subsequent
pose feature extraction. The windowing process is shown as follows:

Wn = {xt, xt+1, . . . , xt+w−1} (11)

where Wn is the data set in the n-th window, xt is the data at time step t, and w is the
width of the window.

2.4.2. Human posture calibration. Human body posture calibration is the process of map-
ping the data collected by the IMU to the actual human body movement posture. This
step is crucial to ensure the accuracy of swimming movement recognition. Posture cal-
ibration involves the understanding of the human body model, the limitations of joint
kinematics, and the real-time updating of dynamic postures.

Firstly, a human kinematic model is required, which consists of multiple rigid bodies
(limbs) and joints. The motion of each limb can be described by the rotation of the joints.
For each joint, we can use a rotation matrix or quaternion to represent its rotation with
respect to the previous limb. For example, if Ri denotes the rotation matrix from limb i
to limb i−1, then the overall transformation matrix T can be represented by the product
of multiple rotation matrices:

T = T0R1T1R2 . . . Tn−1Rn (12)

where Ti is the transformation matrix of the limb, which contains translation and
rotation information.

With the IMU data, we can estimate the relative position and pose of each joint.
Assuming pi is the node position of limb i and qi is a quaternion describing the rotation
of the limb i with respect to limb i− 1, the node positional pose Pi is calculated as:

Pi = Ti−1qipi (13)
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Joint movements in the human body are biologically constrained, e.g., limited range
of motion in the shoulder and hip joints. These limitations can be realised by an In-
verse Kinematics (IK) problem, i.e., solving for the joint angles given the position of the
end effectors (e.g., hand or foot). The inverse kinematics problem can be solved by the
following optimisation problem:

θ∗ = argmin
θ

{
∥A(θ)− d∥2 + λg(θ)

}
(14)

where A(θ) is the end position calculated from the joint angle, d is the observed end
effector position, g(θ) is the joint kinematic constraint function, and λ is the regularisation
parameter.

Swimming manoeuvres are dynamic and therefore require real-time updating of the
human posture. This can be achieved by an iterative algorithm that continuously receives
new data from the IMU and updates the pose estimate. The dynamic pose update can
be expressed as:

θk+1 = θk +∆θ (15)

where θk is the pose estimate for the current time step, and ∆θ is the amount of pose
update.

3. CNN-SVM based swimming pose recognition.

3.1. Principle of CNN. Convolutional Neural Network (CNN) is a deep learning model
that performs well in image and video recognition tasks. The core idea of CNN is to use
convolutional layers to automatically learn hierarchical features of the input data. The
convolutional layer extracts local features from the input data by means of a series of
learnable filters (or convolution kernels). Each filter slides over the entire input and
computes the dot product of the local region and the filter to generate a feature map.
Mathematically, the convolution operation can be expressed as:

(f ∗ g)(i) =
∑
m

∑
n

f(m,n) · g(i−m, i− n) (16)

where f is the input image, g is the convolution kernel, ∗ denotes the convolution
operation, and i is the position of the output feature map.

The output is typically passed through a nonlinear activation function, such as ReLU:

ReLU(x) = max(0, x) (17)

Pooling layers are then applied to reduce the spatial dimensionality and improve gen-
eralisation.

3.2. Principle of SVM. Support Vector Machine (SVM) is a supervised learning al-
gorithm that excels in small sample learning, nonlinear problems, and high dimensional
data processing. The core idea of SVM is to find the optimal decision boundary that
maximises the margin between samples. For linearly divisible data, the hyperplane can
be expressed as:

w · x+ b = 0 (18)

where w is the normal vector to the hyperplane and b is the bias term.
The support vectors are the closest sample points to the decision boundary, and they

determine the location of the hyperplane, as shown in Figure 3. For non-linearly dif-
ferentiable data, SVM maps the original feature space to a high-dimensional space by
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means of a kernel function, making the data linearly differentiable in the new space.
Commonly used kernel functions include linear kernel, polynomial kernel, Radial Basis
Function (RBF) kernel, etc. The training process of SVM can be transformed into a
convex optimisation problem, where the optimal model parameters are determined by
solving the Lagrange multipliers. In order to improve the generalisation ability, SVM
introduces the concept of Soft Margin, which allows some sample points to violate the
interval constraints, this is achieved by introducing regularisation parameters.

Class 1

Class 2

Margin b

Margin a

Margin c

Optimal hyperplane
x

y

Figure 3. Principles of SVM

3.3. Multimodal swimming movement characterisation. When using model-based
features for swim stroke action analysis, we typically rely on an understanding of human
kinematics and dynamics, as well as dynamic information extracted from IMU data.

The joint angle is one of the key features describing the swimming posture and can be
obtained by solving the IK problem. If pi is the position of the i-th marker in the Olive
Vendor system of the world, and pi−1 is the position of its neighbouring marker, then the
joint angle θ can be computed as:

θ = arccos

(
pi · pi−1

∥pi∥∥pi−1∥

)
(19)

where arccos is the inverse cosine function used to calculate the angle between two
vectors.

In addition to this, the angular velocity is a feature that describes the rotational speed
of the joint and can be obtained by integrating the gyroscope data. If ωt−1 is the angular
velocity at time t − 1 and ∆t is the time interval, then the angular velocity ωt at time t
can be approximated as:

ωt ≈ ωt−1 +
1

∆t

(
gyrot − gyrot−1

)
(20)

where gyrot is the gyroscopic measurement at time t [28].
Linear velocity and acceleration can be obtained by integrating and filtering the ac-

celerometer data. If acct−1 is the acceleration measurement at time t − 1 and vt−1 is
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the corresponding velocity, then the velocity vt and acceleration acct at time t can be
calculated as:

vt = vt−1 + acct−1∆t (21)

acct =
acct − acct−1

∆t
(22)

3.4. Combined CNN-SVM model. The CNN-SVM combined model proposed in this
paper is an approach that uses CNN for feature extraction and then SVM for classification,
as shown in Figure 4.

Class 1

Class 2

Margin b
Margin a

Margin c

Optimal hyperplane x

y
Convolution 

layer Pool layer 
Convolution 

layer

Nonlinear activation 

function

Pool layer 

Feature extraction

SVM classification

Figure 4. Combined CNN-SVM model

The model aims to exploit the powerful feature extraction capability of CNNs and
the excellent classification performance of SVMs to obtain higher recognition accuracy.
CNNs perform well in feature extraction of image and time-series data and are able to
automatically learn hierarchical data representations. In this model, CNN is used to
automatically extract motion features from the original inertial sensor data. Specifically,
the original data is first passed through a 1D convolutional layer and a pooling layer
for feature extraction and dimensionality reduction, and then a feature vector is output
through a fully connected layer.

The obtained feature vector is then fed into the SVM classifier, which is a supervised
machine learning method that constructs an optimal hyperplane in a high-dimensional
space to separate the samples of different categories. SVM has good generalisation ability,
and can obtain good performance even in the case of small training data. In this model,
SVM maps the feature vectors extracted from CNN to different swimming pose categories.

The two modules, CNN and SVM, are jointly trained in an end-to-end manner. During
the training process, the CNN weights and SVM parameters are optimally updated by a
combination of backpropagation and convex optimisation to minimise the recognition er-
ror. This end-to-end joint training method is conducive to the mutual adaptation of CNN
feature extraction and SVM classification, thus improving the overall model performance.

The advantage of this CNN-SVM hybrid model is that it integrates the powerful feature
learning capability of CNN with the excellent classification performance of SVM; the
CNN part automatically learns the high-level motion feature representations from the
original inertial data, while the SVM part maps these features to the final pose categories.
Compared with a single CNN or SVM model, the hybrid CNN-SVM model is expected
to achieve better performance in the swimming pose recognition task.

4. Experimental results and analyses.



1924 J.-B. Du, L.-C. Wei and J.-H. Zhu

4.1. Experimental method. Twenty swimmers, including athletes of different levels
and ordinary swimmers, were selected for the experiment to ensure the diversity and rep-
resentativeness of the data. The experimental design followed the principles of scientificity
and practicality. During the experiment, the swimmers were asked to perform a series
of standard swimming manoeuvres, including different strokes and turns. Each swimmer
completed at least two laps in a 25-metre pool to ensure that sufficient data were collected
for analysis. A high-speed video camera was used to make simultaneous video recordings
during the experiments so that they could be compared and analysed with the IMU data.

IMU sensors are installed at the swimmer’s waist to capture dynamic data of swimming
manoeuvres. IMU data including acceleration, angular velocity and magnetic field data
were recorded as the swimmer executed different strokes. At the same time, the swimmer’s
movements were recorded using video for subsequent synchronisation with the IMU data.
Video analysis was used to annotate the start and end time of each swimming movement
and the corresponding stroke category. Synchronising the IMU data with the video data
ensured that the data segments for each movement corresponded to the actual movements.
The main parameters of the IMU used in the experiment are shown in Table 1.

Table 1. Main parameters of the IMU

Parameter name Accelerometer Gyros Magnetometer
Dimension Triaxial Triaxial Triaxial
Range ±16g ±1000◦/s ±1200µT
Sensitivity (LSB/g) 1 0.1 0.3
Bandwidth (Hz) 100 100 100

Accelerometers are used to measure linear acceleration and can detect the acceleration
of a swimmer’s movement. The triaxial accelerometer is able to provide acceleration
data in X, Y and Z directions. Gyroscopes are used to measure angular velocity and
can detect rotational movements of the swimmer’s body. The 3-axis gyroscope provides
angular velocity data around the X, Y, and Z axes. Magnetometers are used to measure
the magnetic field and assist in determining the spatial orientation of the swimmer. The
triaxial magnetometer provides data on the strength of the magnetic field in the X, Y,
and Z directions.

4.2. Swimming stance capture results. The acceleration signals continuously mon-
itored for the four swimming strokes of low intensity butterfly, backstroke, breaststroke
and freestyle are shown in Figure 5. It is found that the Z-axis acceleration information is
only negative for the data corresponding to backstroke, which is due to the fact that the
face faces upwards in the backstroke swimming posture. In addition, from the gyroscope
signals, it can be seen that the three-axis gyroscope data of backstroke and freestyle are
quite different, and the Y-axis data are much larger than the X-axis and Z-axis data,
which is because the swimming postures of backstroke and freestyle need to rotate the
body left and right. The results of the above motion signal characteristics are fully con-
sistent with the corresponding action characteristics of various swimming strokes, which
verifies the feasibility of the proposed inertial sensor-based swimming motion capture.

4.3. Comparison of swimming pose recognition results. In cross validation, set
the turning action as Positive and the paddling action as Negative, then the classifier
classification results can be counted.

TPk denotes the number of data correctly classified as Turning manoeuvres (actually
Turning manoeuvres),
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Figure 5. Motion signals corresponding to butterfly, backstroke, breaststroke
and freestyle.

TNk denotes the number of data correctly classified as Paddling manoeuvres (actually
Paddling manoeuvres),

FPk denotes the number of data incorrectly classified as Paddling manoeuvres (actually
Turning manoeuvres),

and FNk denotes the number of data misclassified as a turning action (actually a
paddling action).

Then, the evaluation metrics of the classifier: Accuracy, Precision, Recall and F1-score
were calculated according to Equation (23)–(26).

Acck =

∑
i TPk + TNk∑

i TPk + TNk + FNk + FPk

(23)

Preck =

∑
i TPk∑

i TPk + FPk

(24)

Reck =

∑
i TPk∑

i TPk + FNk

(25)

F1k =
2 · Preck ·Reck
Preck +Reck

(26)

Correct rate is the proportion of swimming manoeuvres that can be correctly identified,
and a higher correct rate usually indicates a better classifier performance. However, it
cannot be used as the only evaluation criterion when the number of samples is different
for each type of instances. Therefore, accuracy and recall are added as basic evaluation
indexes, as shown in Table 2.

It can be seen that the recognition accuracy of the four strokes is very high on both
training and test data. Freestyle and Backstroke achieved accuracies of 0.982 and 0.951
on both training and test data, and Butterfly and Breaststroke also achieved accuracies
of 0.939 and 0.924 (training data) and 0.931 and 0.915 (test data), respectively. This
indicates that the CNN-SVM model has good performance on the swim stroke recognition
task.
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Table 2. Swimming Posture Recognition Results for Four Swimming Styles

Swimming position
Training data Test data

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score
Freestyle swimming 0.982 1.004 0.959 0.981 0.951 0.988 0.911 0.948
Butterfly stroke 0.939 0.973 0.902 0.936 0.931 0.966 0.889 0.917
Breaststroke 0.924 0.981 0.862 0.917 0.915 0.954 0.871 0.912
Backstroke 0.982 1.004 0.959 0.981 0.951 0.988 0.911 0.948

Precision and Recall are two important indicators of the performance of a classification
model. It can be seen that both Precision and Recall are very high for Freestyle and Back-
stroke, which indicates that the model has high accuracy and coverage for the recognition
of these two strokes. The butterfly and breaststroke are slightly lower but still maintain
a high level, indicating that the model also has a good performance for the recognition of
these strokes. However, the recall of breaststroke is relatively low.

The F1-score is the reconciled mean of precision and recall, providing a performance
metric that combines precision and recall. The F1-scores for all the swims in the table
exceed 0.9 (training data) and 0.91 (test data), which further demonstrates the effective-
ness of the CNN-SVM model on the swim recognition task. The recognition results on
the test data are comparable to the training data, indicating that the model has good
generalisation ability. This means that the model not only performs well on the training
data, but is also able to adapt to new and unseen data. The recognition results for all
four swim strokes show a high degree of consistency on both the training and test sets,
which further demonstrates the robustness of the CNN-SVM model.

5. Conclusions. In this study, we proposed a swimming pose recognition method based
on inertial sensor and CNN-SVM combined model, which achieves high accuracy recog-
nition of swimming action by fusing deep learning algorithm and sensor data. With a
well-designed IMU data acquisition device and scientific preprocessing steps including
noise filtering, time alignment, normalisation processing and windowing, we ensure the
quality and consistency of the input data, which provides a solid foundation for pose es-
timation and action recognition. Multi-dimensional features such as joint angles, angular
velocities, linear velocities and accelerations obtained by solving the inverse kinematics
problem provide richer and more detailed information for action recognition. The com-
prehensive analysis of these features significantly improves the model’s ability to recognise
the nuances of swimming movements.

Experimental results show that the proposed combined CNN-SVM model exhibits ex-
cellent performance on the action recognition task for different swimming strokes. The
model makes full use of the advantages of CNN in feature extraction and the powerful
ability of SVM in classification to achieve accurate classification of swimming actions.
The high consistency of the model on both the training and test sets demonstrates its
good generalisation ability. In addition, the model gives accurate recognition results for
data from different levels of swimmers, proving its potential and reliability in practical ap-
plications. Despite the overall high performance of the CNN-SVM model, the relatively
low recall for breaststroke may indicate that the model has some challenges in recog-
nising breaststroke movements. Future work could focus on improving the recognition
performance of this stroke.
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