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Abstract
Objective.Human activity recognition (HAR)has become increasingly important in healthcare, sports,
andfitness domains due to its wide range of applications. However, existing deep learning basedHAR
methods often overlook the challenges posed by the diversity of human activities and data quality,
which canmake feature extraction difficult. To address these issues, we propose a newneural network
model calledMAG-Res2Net, which incorporates the Borderline-SMOTEdata upsampling algorithm,
a loss function combination algorithmbased onmetric learning, and the Lion optimization algorithm.
Approach.Weevaluated the proposedmethod on two commonly utilized public datasets, UCI-HAR
andWISDM, and leveraged theCSL-SHAREmultimodal human activity recognition dataset for
comparisonwith state-of-the-artmodels.Main results.On theUCI-HARdataset, ourmodel achieved
accuracy, F1-macro, and F1-weighted scores of 94.44%, 94.38%, and 94.26%, respectively. On the
WISDMdataset, the corresponding scores were 98.32%, 97.26%, and 98.42%, respectively.
Significance.The proposedMAG-Res2Netmodel demonstrates robustmultimodal performance, with
eachmodule successfully enhancingmodel capabilities. Additionally, ourmodel surpasses current
human activity recognition neural networks on both evaluationmetrics and training efficiency.
Source code of this work is available at: https://github.com/LHY1007/MAG-Res2Net.

1. Introduction

Human activity recognition (HAR) is an important research area that aims to recognize and classify human
activities based on the features extracted from collected data, usingmachine learning algorithms (Li et al 2021).
HARhaswide-ranging applications in various fields, such as healthcare, sports and fitness, smart homes,
autonomous driving, and securitymonitoring (Guan et al 2017). The proliferation and integration of smart
devices and high-fidelity sensingmodalities have facilitated advances in human activity recognition. The
continuous iteration and refinement of technologies such as smart watches and human signal sensors, including
inertial, EMGandECG related sensors, have precipitated growing research emphasis on enhancing the accuracy
andfidelity of human activity detection and classification.

In the healthcare field,HAR technology can help doctorsmonitor the daily activities of patients to evaluate
their rehabilitation progress and provide personalized care. It can also help elderly and disabled people to live
independently bymonitoring their daily activities and alerting caregivers or familymembers in case of
emergencies (Guan et al 2017). In the smart home field,HAR technology can help smart devices adapt to users’
activities automatically to provide better services and experiences (Lu et al 2017). In the sports and fitnessfield,
HAR technology can help athletes and fitness enthusiastsmonitor theirmovement postures and techniques to
improve their exercise effects and reduce the risk of injury (Host and Ivašić-Kos 2022).

There are twomain technical approaches for human activity recognition: video-based systems and sensor-
based systems. Video-based systems use cameras to capture images or videos to recognize people’s behaviors;
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sensor-based systems use body or environmental sensors to estimate people’smovement details or record their
activity trajectories (Dang et al 2020). Sensors can be embedded in portablemobile devices (such as phones,
watches, and sports wristbands) and immovable objects (such as furniture andwalls) to collect people’s daily
movement information continuously and non-invasively (Ferrari et al 2021). Currently, due to privacy and
portability issues, sensor-basedHAR systems have dominated our daily activities. This articlemainly discusses
the sensor-basedHARproblem.

The development and application prospects ofHAR technology are very broad.With the continuous
development and innovation of artificial intelligence andmachine learning technology,HAR technology has
played an important role inmany application scenarios (Khan andGhani 2021). In the early stage, traditional
machine learningmethods such as decision trees (DT) (Fan et al 2013), support vectormachines (SVM)
(Vijayvargiya et al 2021), random forests (RF) (Nazari et al 2021), and naive Bayes (NB) (Gadebe et al 2020) have
made considerable progress in sensor-based human activity recognition. Vijayvargiya et al (2021) studied and
implemented the application ofmachine learning algorithms such as support vectormachines and random
forests in human activity recognition, and the results showed that using time and frequency domain features can
improve the accuracy of the algorithm. Lin et al (Fan et al 2013) proposed a human activity recognitionmodel
based on decision tree algorithm and conducted experimental research and performance evaluation on the
model, providing an effectivemethod for achieving efficient and accurate human activity recognition. Gadebe
et al (2020) proposed an intelligent smartphone naive Bayes human activity recognitionmethod based on
personalized data sets and achieved good recognition performance in experiments. Itmerits note that hidden
Markovmodels (HMMs) significantly outperform alternativemachine learningmodels on human activity
recognition tasks (Xue and Liu 2022). This stems from their inherent aptitude for logicalmodelling.
Additionally, HMMs can surpass certain deep learningmodels in interpretability, generalizability, efficiency,
and scalability.Historically, feature extraction formachine learning has relied heavily upon expert knowledge.
To address the limitations of traditional techniques regarding both feature extraction and classification
performance, Hartmann et al (2023b) proposed an innovative combination of interpretable high-level features
for human activity classification. Among examinedmodels, hiddenMarkovmodels achieved the highest
performance.

Unlike traditionalmachine learning, deep learning has powerful nonlinearmodeling capabilities and can
automatically extract features, which provides possibilities for the automation of activity recognition tasks
(Almaslukh et al 2018). In recent years,many deep learning-based action recognitionmethods have been
proposed (Li andWang 2022a,Mekruksavanich et al 2022a, 2022b).Mekruksavanich et al (2022a) proposed a
sensor-based human activity recognition (HAR)model called ResNet-SE that incorporates channel-wise
attention through squeeze-and-excitationmodules and shortcut connections to enhance recognition
performance on complexHAR tasks, thereby improving the accuracy of recognizing complex human activities
from smartwatch sensor data. Li et al (Li andWang 2022a) developed a deep learningmodel predicated on
residual blocks and bidirectional LSTM. Itfirst leverages residual blocks to automatically extract spatial features
frommulti-dimensional signals fromMEMS inertial sensors, followed by the application of a BiLSTM
algorithm to capture sequential dependencies between the extracted features. Compared to existingmodels, this
model achieves superior performancewith fewer parameters. Furthermore,Mekruksavanich et al (2022b)
devised a human activity recognition deep neural network called ResNeXt based on biosignals. Bymodulating
the number of groups, it strikes a balance between plain convolutional kernels and depthwise separable
convolutions, achieving state-of-the-art performance on themultimodal CSL-SHAREdataset.

Although deep learning has achieved significant success in the field of human activity recognition and has
been applied to various real-life scenarios, there are still some technical challenges that need to be addressed, as
demonstrated by experimental results (Han et al 2005,Wang et al 2019,Mekruksavanich et al 2022b). This
article identifies the following three primary challenges faced by theHARfield:

• Class imbalance: class imbalance is a common issue in various fields, and in activity recognition, both
minority andmajority classes are equally important. Thismakes it difficult to extract accurate rules, and the
model tends to become data-dependent, thereby reducing its overall performance (Han et al 2005).

• Difficulty in deep feature extraction: due to the diversity of human activities, data quality, and high similarity
between similar actions, deep feature extraction in theHARfield is relatively challenging (Bulling et al 2014).
This often leads to reduced accuracy, longer development and training times/costs, and poormodel
robustness when applied.

• Classification accuracy problem: high similarity and individual differences in action classification in thefield
of human activity recognition typically result in low classification accuracy, characterized by large intra-class
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differences and high inter-class similarity (Wang et al 2019). This can lead to poormodel generalization
ability, difficulty in accurate classification, and overfitting.

To tackle the challenges in sensor-based human activity recognition, we investigate amore effective neural
network structure calledMultiscale-Attention-Gated Res2Net (MAG-Res2Net), which is capable of capturing
multi-scale time-series features and assigning different weights to these features to enhance themodel’s
robustness and accuracy. Additionally, we optimize the entire process fromdata preprocessing tomodel training
and integrate all the optimizationmethods to address the challenges faced by the field of human activity
recognition.

(1) During the data preprocessing stage, we applied the Borderline SMOTE oversampling algorithm to
oversample the boundary samples of theminority class in the dataset, thereby effectivelymitigating the
negative effects of data imbalance. To be specific, we carefully tuned the relevant parameters and thresholds
and executed this approach through a series of algorithmic steps. Experimental results demonstrate that this
method outperforms both SMOTE and randomoversamplingmethods (Han et al 2005).

(2) During themodel construction stage, we proposed a novel neural networkmodel that integratesmulti-scale
gated residual networks and attentionmechanisms, which can effectively address the challenge of deep
feature extraction, thereby enhancing the accuracy and robustness of themodel (Yang et al 2022).

(3) During the model training stage, we integrated center loss and cross-entropy loss functions to minimize
intra-class differences and inter-class similarities, improving themodel’s classification accuracy and
effectively alleviating the overfitting issue thatmay exist in certain categories (Chen et al 2023). Furthermore,
for large-scale data samples, we applied the Lion optimization algorithm and optimized the relevant
parameters, which led to significantly faster and better performance than the currentmainstream
optimization algorithms.

This paper aims to investigate and employ an advanced deep learning optimizationmethod for sensor-based
human activity recognition to tackle the challenges in this field. The improvements proposed in this paper
consist of three aspects: a data upsampling approach based on the Borderline-SMOTE algorithm,MAG-
Res2Net that integratesmulti-scale residual networks and adaptive attentionmechanisms, and a hybrid loss
function based on the Lion optimization algorithm. By conducting experiments on benchmark datasets such as
UCI-HAR andWISDM,we demonstrate that our proposedmethod achieves remarkable performance in
human activity recognition, outperforming some existingmethods, which validates its effectiveness and
generality.

2.Method

2.1.Overall process framework
We start by cleaning, denoising, and normalizing the sensor data. For datasets with class imbalance, we use the
Borderline-SMOTE algorithm to performupsampling and balance the number of samples between different
classes. Then, we select Gated-Res2Net as the primarymodel structure and introduce the ECAmodule. In the
model training phase, we use two loss functions, cross-entropy loss and center loss, to improve classification
accuracy through two approaches. Finally, based on the chosen training batch size, we select either the AdamW
or Lion optimization algorithm to train themodel. The specific details are outlined in the following sections.
Figure 1 shows theflowof ourwork.

2.2.Data preprocessing
In human activity recognition, class imbalance can lead to difficulties in extracting accurate patterns, resulting in
data dependency and reducedmodel performance (Wang et al 2019). To address the issue of data imbalance, we
utilized the Borderline-SMOTE algorithm for upsampling. This algorithm can generate new synthetic samples
at the boundaries between classes whilemaintaining the original data distribution, thereby increasing the
number of samples in theminority class.

First, we divided theminority class samples into three categories: safe, danger, and noise, and only
oversampled theDanger samples. Then, we used two independent branch algorithms, Borderline-SMOTE1 and
Borderline-SMOTE2, depending on the different situations. In Borderline-SMOTE1, we randomly selected
minority class samples in theK nearest neighbors to generate new samples, while in Borderline-SMOTE2, we
selected any sample in theK nearest neighbors without considering its class (Wang et al 2019). Furthermore, we
assume S as the sample set, Smin as theminority class samples, Smax j as themajority samples set of class j, m as
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the number of neighboring samples, xi as the attribute, xij as all attributes of neighboring samples, xn as the
neighbor sample, and Rij takes values of 0.5 or 1. Then, for each xiäS ,min wedccetermine the nearest sample set,
denoted as SNN( SNNäS ). For each sample x ,i we count the number of samples belonging to themajority class
sample set in the closest neighbor samples, which is | |S S m;NN max jÇ < If this condition is satisfied, we
synthesizeminority class samples. Additionally, we calculate the difference between xi and the corresponding
attribute j of the neighbor, denoted as d x x .ij i ij= - Finally, we generate newminority class samples using the
following formula:

( )h x d Rrand 0, .ij i ij ij= + ´

Finally, we validatedwhether the number of samples belonging to each class in the validation dataset was
balanced. If the dataset was balanced, we passed it to the training function. Figure 2 shows how the Borderline-
SMOTE1 algorithm compares to othermethods.

2.3. The proposedMAG-Res2Net
Deep feature extraction in the field of human activity recognition (HAR) can be challenging, leading to issues
such as reduced accuracy, longer development and training time and costs, and poormodel robustness during
application (Bulling et al 2014). In this study, we utilized theGated-Res2Net and ECAmodules. Gated-Res2Net
is an improvement of Res2Net that introduces a gatingmechanismwhilemaintaining itsmulti-scale feature
extraction capability.Meanwhile, the ECAmodule enhances themodel’s ability to focus on important features.

Wefirst established aResNet neural networkmodule and replaced a group of 3× 1 convolutional kernels
with a smaller set offilter groups consisting of w channels, using a hierarchical residual connection to connect
differentfilter groups, thereby constructing Res2Net (Gao et al 2019). After each 3× 1 convolution, we added a
gatingmodule to formGated-Res2Net (Yang et al 2020): networkmodel architecture: figure 3(a) showsResNet,
(b) shows Res2Net and (c) showsGated-Res2Net.

Then, the upsampled data is divided intomultiple data x ,i and the other data except xi are fed into a 3× 1
convolution. As the data is propagated downward, the gatingmodule selects the effective featuremaps for
downward propagation.

( ) ( ( ) ( ) ( ))f x a X a y a xconcat , 1 ,i i2 = -

Figure 1.Diagram of themethod flow.

Figure 2.Comparison of samples before and after upsamplingmethods.
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After stacking, the output is sent to a 1× 1 convolutional layer. Next, we pass the data through an ECA
module after a 1× 1 convolution. The ECAmodule performs global average pooling on the input feature data,
resulting in a feature vector with a channel number of 1, which is then subjected to one-dimensional
convolution (Wang et al 2020). Finally, we apply the sigmoid activation function to this vector, obtaining a
vector with values ranging from0 to 1, andmultiply it with the input feature data to obtainweighted feature data.
Figure 4 shows the processing flowof the ECAmodule.

Figure 3. (a) ShowsResNet (b) shows Res2Net and (c) showsGated-Res2Net.

Figure 4.ECA attention.
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2.4. Combination and optimization of loss functions
The issue of classification accuracy is often characterized by largewithin-class differences and high inter-class
similarity (Wang et al 2019). This can result in poormodel generalization, inaccurate classification, and
overfitting. To tackle this issue, we utilized a combination of cross-entropy loss and center loss. Cross-entropy
loss is used to optimize the accuracy of class differentiation and penalize classification errors, while center loss is
used to optimize the tightness of within-class features by clustering feature vectors of the same class together
(Wen et al 2016).We calculated cross-entropy loss and center loss separately andweighted them to obtain the
total loss function.

Wefirst selected the Lion optimizer or AdamWoptimizer based on the chosen batch size according to the
size of the dataset, and then trained themodel.

The formula for the Lion optimization algorithm is:

( ( ) )

( )

m g

m m g

Lion:

sign 1

1

t t t t t

t t t t

t t t

1 1 1 1

1

2 1 2

m b b l q
q q h m
b b

=
= + - +

= -
= + -

- -

-

-

⎧

⎨
⎩

AdamWoptimization algorithm formula is:

( )

( )
( )

ˆ ( )
ˆ ( )
ˆ ˆ

/

/

/

m m g

g

m m

m

AdamW:

1

1

1

1

t t t

t t

t t
t

t t
t

t t t t t

t t t t

1 1 1

2 1 2
2

1

2

1

1



b b

n b n b

b
n n b

m n l q

q q h m

=

= + -

= + -

= -

= -

= + +

= -

-

-

-

-

⎧

⎨

⎪
⎪
⎪

⎩

⎪
⎪
⎪

At the end of each batch training, we calculate the loss of the cross-entropy loss function and theweighted center
loss function, which can be expressed as:

( ) ( )p x q xLoss logce
i

n

i i
1

å= -
=

| |
N

x cLoss
1

2
cr

i

N

i
1

2
2å= -

=

Loss Loss Loss .ce crtotal = +

After that, we update themodel’s weight parameters through backpropagation. Then, we evaluate the trained
model using the validation set, calculating themodel’s classification accuracy and the value of the center loss
function, to adjust themodel parameters and improve themodel’s performance. Finally, we evaluate the final
model using the test set, calculating themodel’s classification accuracy and the value of the center loss function.

3. Problem statement

3.1. Experimental design
In this study, we utilized theMultiscale-Attention-Gated Res2Net (MAG-Res2Net) as the networkmodel and
employed a comprehensivemulti-scalemetric learning optimizationmethod for human activity recognition.
We tested themodel’s performance on theUCI-HAR andWISDMdatasets, where each sample in the dataset
belongs to one of six different classes. To evaluate themodel’s prediction results, we input the test dataset into
themodel after transforming each sample into an array of shape [9, 128] (for theUCI-HARdataset) or [3, 90]
(for theWISDMdataset) tomake it compatible with themodel. The output of ourmodel is an array of shape [6,],
whichwe convert into a probability distribution.We then select the class with the highest probability as the
predicted result.

3.2.Dataset used in the experiments
3.2.1.WISDMdataset
TheWISDM (Wireless SensorDataMining) dataset is a public dataset widely used in the field of human activity
recognition. The dataset was released in 2010 by a research team at BinghamtonUniversity, StateUniversity of
NewYork, and contains sensor data from smartphones and tri-axial accelerometers (Kwapisz et al 2011). The
dataset includes six commondaily activities, includingwalking, going upstairs, going downstairs, sitting,
standing, and lying down. The specific information is shown in table 1:
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3.2.2. UCI-HARDataset
TheUCI-HAR (UCIHumanActivity Recognition) dataset is a public dataset widely used in thefield of human
activity recognition. The dataset was released in 2012 by a research team at theUniversity of California, Irvine,
and contains sensor data from smartphones and tri-axial accelerometers (Anguita et al 2013). The dataset
includes six commondaily activities, includingwalking, going upstairs, going downstairs, sitting, standing, and
lying down. The specific information is shown in table 2:

3.2.3. Dataset partitioning
Wewill partition the dataset into training, validation, and test sets using the randompartitioningmethod.
During training, wewill use repeated k-fold cross-validation (K= 5) to divide the training and validation sets
into a 4:1 ratio. Specifically, the training set will be used formodel training, the validation set will be used for
adjustingmodel parameters, and the test set will be used for thefinal evaluation of themodel’s performance.
Furthermore, wewill not use any data upsamplingmethods in the test set. The specific information is shown in
table 3:

We utilize this partitioningmethod to fully exploit the samples in the dataset whileminimizing overfitting
and selection bias issues. To avoidmodel performance bias caused by imbalanced sample distributions, wewill
ensure that the training, validation, and test sets have similar sample distributions. Before partitioning the
dataset, wewill performnecessary preprocessing steps, such as data cleaning, feature extraction, and feature
normalization. To ensure that the resulting dataset adequately reflects real-world problems, wewill preserve the
target value distribution during dataset partitioning. Finally, wewill use the partitioned dataset formodel
training and evaluation and record themodelmetrics.

3.3. Evaluationmetrics
To evaluate the performance of the proposedmodel forHAR, the followedmetrics (Yang et al 2019)were used
for evaluation generally.

Table 1. Sample information of theWISDM
dataset.

Number Activity Sample size

1 Walking 424 400

2 Jogging 342 177

3 Upstairs 122 869

4 Downstairs 121 757

5 Sitting 58 637

6 Standing 40 663

Table 2. Sample information of theUCI-HAR
dataset.

Number Activity Sample size

1 Walking 1517

2 WalkingUpstairs 1391

3 WalkingDownstairs 1355

4 Sitting 1986

5 Standing 1965

6 Laying 2435

Table 3.Dataset partitioning.

Datasets WISDM UCI-HAR

Training samples 60% 80%

Validation samples 20% 20%

Test samples 20% Separate
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3.3.1. Accuracy

Precision
TP

TP FP
=

+

Recall
TP

TP FN
=

+

Accuracy
TP TN

TP TN FP FN
.=

+
+ + +

TP represents true positive, which is the number of samples correctly identified as positive; TN represents true
negative, which is the number of samples correctly identified as negative; FP represents false positive, which is
the number of samples incorrectly identified as positive; FN represents false negative, which is the number of
samples incorrectly identified as negative.

3.3.2. F1 macro-

F1 macro 2
Precision Recall

Precision Recall
macro macro

macro macro

- = ´
´

+

Precisionmacro represents the average precision for all labels and is used tomeasure the proportion of samples
correctly identified as positive in all samples predicted as positive. Recallmacro represents the average recall for all
labels and is used tomeasure the coverage of positive samples by themodel, that is, the proportion of samples
correctly identified as positive to all true positives.

3.3.3. F1 weighted-

F1 weighted 2
Precision Recall

Precision Recall

weighted weighted

weighted weighted

- = ´
´

+

Precisionweighted used tomeasure the predicted results of themodel, which is theweighted average of the
proportion of samples correctly identified as positive in all samples predicted as positive. Recallweighted is used to
measure the coverage of positive samples by themodel, which is theweighted average of the proportion of
samples correctly identified as positive to all true positives.

3.3.4. G mean-

TPR
TP

TP FN
=

+

TNR
TN

TN FP
=

+

G mean TPR TNR=- ´

TPR stands for true positive rate, which is the proportion of positive samples that are correctly predicted by a
classifier. TNR stands for TrueNegative Rate, which is the proportion of negative samples that are correctly
predicted by a classifier. To calculate the G mean- metric, first calculate TPR and TNR, thenmultiply them
and take the square root of the result.

3.4.Hyperparameter tuning
Experimental environment: the experiments in this paper were conducted on theKaggle platform.Weused two
types of graphic processing units (GPUs) available on the platform (NVIDIAP100GPU16 GB andNVIDIA
Tesla T4GPU16 GB), with a server processor Intel(R)Xeon(R)@2.00 GHz, and default configurations for
memory, storage, and other devices.We implemented the experiments using Python 3.7.12 on the Pytorch 1.3.0
deep learning framework, and conducted the experiments onUbuntu 20.04.5 LTS, as shown in table 4.

3.4.1. Optimizationmethod
Wewill use grid searchmethod tofind the optimal hyperparameter combination. Specifically, wewill perform a
grid search over the following hyperparameters, and the search range is shown in table 5:

Finally, as shown in table 6, we obtained different optimal hyperparameter combinations in two different
datasets.
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3.5. Expected results
By utilizing hyperparameter tuningmethods, we can identify the optimal hyperparameter combination to
enhance the accuracy and F1 score of themodel andminimize training time andmemory usage. Thefindings of
this studywill aid in improving the performance and efficiency of human activity recognition technology, as well
as provide guidance for designing and optimizing deep learning classificationmodels.

4. Results analysis

4.1.Model performance on datasets
In this study, we conducted experiments on twodatasets: theUCI-HARdataset was used to test the efficacy of
ourmethod’s singlemodule, while theWISDMdataset was used forfinal evaluation.We trainedmultiple deep
learningmodels and conducted a comprehensive analysis and interpretation of the experimental results. The
confusionmatrix formatwe usedwas designed and displayed according to the format proposed in literature
(Jannat et al 2023).

The overall results are shown in table 7, and specific results are described in the following text:

Table 4.Experimental environment.

Platform Kaggle

OS Ubuntu 20.04.5 LTS

GPU1 NVIDIA P100GPU16GB

GPU2 NVIDIATesla T4GPU16GB

CPU Intel(R)Xeon(R)@2.00 GHz

Framework PyTorch1.13.0

Table 5.The range of hyperparameter tuning.

Datasets UCI-HAR andWISDM

Model 18–152

Batch size 32–2048

Learning rate 1 0.0001–0.1 (AdamW/Lion)
Learning rate 2 0.0001–0.1 (AdamW/Lion)
Weight 0.0001–0.1

Epochs 15–100

Table 6.The optimal combination of hyperparameters.

Datasets UCI-HAR WISDM

Model 50(3-4-6-3) 42 (3-4-5-1)
Batch size 256 2048

Learning rate 1 AdamW, 5.0E-03 Lion, 3.0E-03

Learning rate 2 AdamW, 5.0E-03 Lion, 3.0E-03

Loss weight 0.0005 0.0007

Epochs 30 40

Table 7.Model performance.

Datasets UCI-HAR WISDM

ACC 94.44% 98.32%

F1-macro 94.38% 97.26%

F1-weight 94.26% 98.42%

G-mean 0.9709 0.9874
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4.1.1. Performance onUCI-HARdataset
On theUCI-HARdataset,MAG-Res2Net utilized a networkwith 50 residual blocks, with varying numbers of
residual blocks at different scales [3-4-6-3]. Given the limited sample size inUCI-HAR,we configured a batch
size of 256 and a combined cross-entropy and center loss functionwith the AdamWoptimizer. The learning
rates were set to 5.0E-03 and 5.0E-03, weight to 0.005, trained for 30 epochs. This yielded final accuracy of
94.44%, F1-macro score of 94.38%, F1-weight score of 94.26%, andG-mean of 0.9709. In contrast to the
balanced category distribution ofWISDM,UCI-HAR categories exhibit high class imbalance. Consequently,
applying upsampling algorithms on such balanced datasets can degrademodel performance. For the imbalanced
WISDMdataset, this issuewas effectivelymitigated. This demonstrates the advantage of our Borderline-SMOTE
algorithm applies primarily to imbalanced dataset categories. Additionally, the predefined training and test splits
ofUCI-HARpotentially introduce data inconsistencies. Our experiments using the training set for further
training, validation and testing sans the original test set yielded performance approaching that onWISDM.This
implies inherent differences between theUCI-HAR training and test distributions. Figure 5 shows the confusion
matrix ofMAG-Res2Net onUCI-HAR.

4.1.2. Performance onWISDMdataset
On theWISDMdataset, due to severe overfitting on a networkwith 50 residual blocks, we used a lighterMAG
neural networkwith 42 residual blocks, with a different number of residual blocks at different scales (3-4-5-1).
TheWISDMdataset with data upsampling algorithmhasmany samples, sowe set the batch size to 2048 and
used the Lion optimizer, which has advantages in large-scale training.We set the learning rate to 3.0E-03 and
3.0E-03, weight to 0.007, and trained for 40 epochs. Thefinal accuracywas 98.32%, F1-macro score was 97.26%,
and F1-weight scorewas 98.42%andG-meanwas 0.9874. In addition, for datasets likeWISDM that have large
differences in sample sizes between classes, Borderline-SMOTE generatesminority class samples that are nearly
ten times the original amount for some subclasses (Sitting, Standing). This results in themodel relying too
heavily on the synthesized data,However, ourmodel still achieved decent performancewith Borderline-
SMOTE.We believe therewould be better results if we could effectively constrain the upsampling of the
algorithm. Therefore, we suggest exercising cautionwhen applying Borderline-SMOTEon datasets with highly
imbalanced class distributions, and avoid aggressive upsampling that equalizes sample sizes across all classes.
Figure 6 shows the confusionmatrix ofMAG-Res2Net onWISDM.

4.1.3. Summary ofmodel performance
Leveraging the scalability of the Lion optimizer for large-batch training, we substantially increased the batch size
to accelerate training. Comparative experiments onWISDMwith the AdamWand Lion optimizers
demonstrated nearly identicalmodel performancewhen specifying batch sizes of 1024 and 2048, respectively.
However, the training speedwasmarkedly enhancedwith Lion.Moreover, owing to factors such as sample
distribution divergence, the reduced 42 layerMAG-Res2Net architecture attained superior performance on
WISDMcompared to the 50 layer version onUCI-HAR. According to the confusionmatrix, themodel has
excellent discriminative ability for general actions. For similar actions, such as standing and sitting, the

Figure 5.Confusionmatrix (UCI-HAR).
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recognition ability still needs improvement, but the discriminative ability for these actions has been significantly
enhanced compared to previousmodels. Regarding the parameter selection of the Lion optimizer, we found
that, under the same other hyperparameters, the optimal learning rate of the Lion optimizer is often one-third of
the optimal learning rate of the AdamWoptimizer. If the learning rate is adjusted to one-tenth of the AdamW
learning rate, the results are usually very poor.

In addition, theMAG-Res2Netmodel requires slightly longer training time andmorememory usage during
training than other simple neural networkmodels. However, in the experiment exploring the network depth, we
found that reducing a certain number of network layers can effectively reduce training time andmemory usage
without significantly affecting themodel’s performance. Therefore, in practical applications, we can balance the
model’s performance and training cost by reducing the network depth.

Overall,MAG-Res2Net has shown remarkable performance in human action recognition problems and is
expected to play a crucial role in practical applications.

4.2. Ablation experiment
In this study, we conducted ablation experiments on theUCI-HAR andWISDMdatasets to systematically
evaluate the impact of various deep learning architectural configurations and techniques on classification
performance. F1-m in the table 8 stands for F1-macro and F1-w for F1-weighted. Specifically, we utilized
Res2Net as the baselinemodel and incrementally incorporatedmethods including gatedmodules, squeeze-and-
excitation (SE)modules, and efficient channel attention (ECA)modules to quantify performance

Table 8.Ablation experiment.

Model Dataset: UCI-HAR Dataset:WISDM

Network Extra Addition ACC F1-m F1-w G-mean ACC F1-m F1-w G-mean

Res2NetGao et al

(2019)
 92.01% 92.15% 91.78% 0.9615 95.00% 92.71% 94.81% 0.9562

Gatedmodel 92.43% 92.40% 92.32% 0.9598 96.40% 94.91% 96.42% 0.974

Gated-Res2Net Yang

et al (2020)
SEModel 93.42% 93.47% 93.39% 0.9663 97.02% 95.83% 97.02% 0.9793

ECAModel 94.03% 93.97% 93.95% 0.9689 97.50% 96.32% 97.49% 0.9811

MAG-Res2Net Loss combined 93.89% 93.94% 93.91% 0.9679 97.52% 96.74% 97.53% 0.9817

SMOTE 92.74% 92.68% 92.73% 0.963 95.98% 94.78% 96.03% 0.9758

Loss combined+
SMOTE

93.61% 93.25% 93.21% 0.9653 97.39% 96.26% 97.39% 0.9812

Borderline 93.91% 93.95% 93.89% 0.9644 96.92% 95.11% 96.76% 0.9743

Loss combined+
Borderline

94.44% 94.38% 94.26% 0.9709 98.32% 97.26% 98.42% 0.9874

Figure 6.Confusionmatrix (WISDM).
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improvements.We additionally attempted to further enhancemodel capabilities by Loss Combinedwith
SMOTE andBorderline-SMOTEoversampling techniques.

Our results demonstrate that integrating gatedmechanismswithin the Res2Net architecture led tominor
performance gains over vanilla Res2Net, with statistically significant augmentation of F1metrics. Building upon
the gatedmulti-scale residual backbone, attentionmodules were evaluated, with SEmodules conferring
considerable improvements to both accuracy and F1 scores, while ECAmodules yielded slightly lower gains
compared to SE.

Moreover, on top of the attention-gatedmulti-scale residual base network, we assessed supplementary deep
learning techniques. The data oversamplingmethods proved ineffective on the balancedUCI-HARdataset,
where oversampling degradedmodel performance. In contrast, Borderline-SMOTE alone hindered
performance on imbalancedWISDM, but Loss Combinedwith Borderline-SMOTE sampling substantially
boostedmodel capabilities, also reflected inUCI-HAR albeit with smaller gains due to its balanced class
structure.

Taken together, our results demonstrate that incorporating techniques such as gatedmodules, SEmodules,
and ECAmodules into deep neural architectures can effectively enhance classification performance onUCI-
HAR.Moreover, Loss Combinedwith Borderline-SMOTE surpasses vanilla SMOTE,with Borderline-SMOTE
models exhibitingmore robust performance, although struggling to discriminate similar classes without Loss
Combined, evident upon comparing standalone Borderline-SMOTE versus the hybrid approach. Furthermore,
Borderline-SMOTE appears best suited for imbalanced datasets, conferring negligible benefits on balanced
distributions likeUCI-HAR.Our systematic evaluation provides significant insights to inform the design and
optimization of deep learning systems.

4.3. Comparisonwith existingwork
Wecompared the proposedMAG-Res2Net architecture to 17 related neural networkmodels from recent
literature, comprising early traditional networks like CNNs and LSTMs, aswell as emerging attention-based
models and state-of-the-art sensor-basedHAR approaches. Allmodels were reimplemented using standardized
methodology and evaluated on theWISDMdataset without optimization techniques to enable direct
comparison ofmodel capabilities. Threemetrics were assessed - accuracy, F1-macro, and F1-weighted.

The results are shown in table 9. The results demonstrateMAG-Res2Net attained accuracy of 98.32%, F1-
macro of 97.26%, and F1-weighted of 98.42% evenwithout optimizations, surpassing existingmodels to some
degree. Among earlymodels, CNNs and variants displayedmediocre performance, while LSTM-related
architectures achieved good results but substantially slower inference thanCNNs. Additionally, CNNs including
ResNet andRes2Net exhibited lowF1-macro scores compared to LSTMs and attentionmodels, whichwas
ameliorated but not resolved by gatingmechanisms. This issuewasmitigated by incorporating attention
modules like SE and ECA. By integratingmultiscale networks, gating, and attention,MAG-Res2Net
outperformed individual usage of thesemodules. Furthermore,MAG-Res2Net surpassed generic attention-
basedmodels in accuracy and reliability (Gao et al 2021).

Table 9.Comparisonwith existingwork.

Dataset Model Accuracy F1-macro F1-weighted

WISDM CNNIgnatov (2019) 93.31% 91.83% 93.51%

LSTM (Dang et al 2020) 96.71% 95.50% 96.68%

LSTM-CNNXia et al (2020) 95.90% 94.33% 95.97%

TSE-CNNHuang et al (2020) 94.57% 92.33% 94.78%

SC-CNNAlemayoh et al (2021) 94.87% 94.33% 95.00%

CNN-GRUDua et al (2021) 94.95% 95.00% 96.21%

Self-AttentionMahmud et al (2020) 96.23% 95.03% 96.13%

CNN-AttentionGao et al (2021) 96.16% 95.07% 96.31%

ResNetHe et al (2016) 94.74% 92.84% 94.35%

Res2NetGao et al (2019) 95.00% 92.91% 94.81%

SE-Res2Net Gao et al (2019) 95.52% 94.73% 95.56%

Gated-Res2Net Yang et al (2020) 96.40% 94.91% 96.42%

Res-BLSTMLi andWang (2022b) 97.25% 96.64% 97.33%

ResNeXtMekruksavanich et al (2022b) 97.52% 96.40% 97.45%

Gated-Res2Net (SE)Yang et al (2020) 97.02% 95.83% 97.02%

MAG-Res2Net 97.50% 96.32% 97.49%

MAG-Res2Net* 98.32% 97.26% 98.42%

12

Physiol.Meas. 44 (2023) 115007 HLiu et al



Relative tomost other neural architectures,MAG-Res2Net demonstrates superior accuracy, albeit with
numericallymodest gains. This is largely attributable to the intrinsic difficulty of discriminating between similar
activity categories, a ubiquitous challenge in sensor-based human activity recognition. In the present datasets,
the standing and sitting categories exemplified this issue, resulting in less pronounced improvements in overall
accuracy and F1metrics, despiteMAG-Res2Net conferring substantially larger gains on these specific categories.
Nevertheless, certain proposed techniques like Loss Combined andmulti-scale networks still conferred solid
performance boosts on these categories without considerably increasing computational ormemory costs, albeit
accompanied bymarginal reductions in accuracy on other categories. Such trade-offs are acceptable butwill be
targeted forminimization in futurework tomore substantially elevate overallmodel performance.

4.4. Comparisonwith SOTAmodels
We further benchmarkedMAG-Res2Net against ResNeXt, the current state-of-the-art ResNet architecture for
this domain. Specifically, we evaluated bothmodels on theWISDMandUCI-HARdatasets utilized in this work.
Additionally, we assessedMAG-Res2Net on themultimodal CSL-SHAREdataset from the ResNeXt study,
which incorporates diverse sensingmodalities and rigorous segmentation/annotation, enabling assessment of
generalizability to variedmodalities (Liu et al 2021a, 2023). For CSL-SHARE, we adopted the top-performing
sensor combination of EMG, ECG, and IMU fromResNeXt.We unified all the data and extracted the time
periods containing valid actions for each user ID. The extracted time periodswere aggregated by user ID.
Missing values were imputed using linear interpolation. After standardizing the data, we applied a sliding
window approach to divide the data into segments. Each segment contained 2000 time steps with 50%overlap
between segments. The datawas split into roughly 70% for training, 10% for validation and 20% for testing
using 5-fold cross-validation. In themodel training part, we conducted 30 times of trainingwith a batch size of
64, chose to use the AdamWoptimization algorithm, and set the initial value of the learning rate to 0.008 to
obtain the optimal performance. The same data processing pipelinewas applied consistently across all datasets
in this study.

As shown in table 10,MAG-Res2Net demonstrated consistent advantages over ResNeXt, particularly on
CSL-SHARE, and theMAG-Res2Netmodel training here is based on the premise of not using the optimization
methodmentioned in this article. Employing thesemethods imparted further performance gains, validating the
versatility ofMAG-Res2Net for diverse sensingmodalities and contexts. In order to ensure the rigor of the
experiment, we plotted the confusionmatrix (figure 7) of themodel on the data set, and additionally added the
performance of some existingwork onCSL-SHARE as a reference. It can be seen that ourmodel is still in the
leading position compared to traditional deep learningmethods.

4.5.MAG-Res2Net training process analysis
Themodel training process with the highest F1-weight score over 40 runswas analyzed. The training and
validation loss decreased as the number of iterations increased, with both curves converging after 10 iterations.
The training accuracy plateaued at 98.5%by iteration 25, reaching 99%at iteration 30 and stabilizing thereafter.
The validation accuracy culminated at 97.75%, demonstrating strongmodel performance on theWISDM
dataset. Figure 8 shows the Loss and accuracy curves of themodel when it is trained.

Table 10.Two-way SOTA comparison.

Model Dataset ACC F1-m F1-w

MAG-Res2Net WISDM 97.50% 96.32% 97.49%

UCI-HAR 94.03% 93.97% 93.95%

CSL-SHARE 92.38% 93.48% 92.37%

ResNeXtMekruksavanich et al (2022b) WISDM 97.52% 96.40% 97.45%

UCI-HAR 93.57% 93.15% 93.35%

CSL-SHARE 91.60% 92.13% 
UncertaintyQuantification Folgado et al (2023) CSL-SHARE 83.5%  
HLFHartmann et al (2023a) 89.7%  
HMMHartmann et al (2022) 96.1%  
HMMLiu (2021) 97.5%  
MotionUnits Liu et al (2021b) 93.9%  
LDA-HMMHartmann et al (2021) 93.7± 1.4%97.8± 0.2%  
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4.5.1. Efficiency and time cost
Borderline-SMOTE substantially augments the sample count, particularly forWISDM, increasing
computational costs. However, the Lion optimizer alleviated this large-scale training burden. Relative to the
AdamWbaseline, Borderline-SMOTE inflated the 40-iterationWISDM training time four-fold,mitigated to a
two-fold slowdownwith Lion, owing to doubled batch size. Thus, Borderline-SMOTE imposedminimal
overhead on balanced datasets such asUCI-HAR. To quantify computational costs, we conducted comparative
experiments on representativemodel architectures from the ablation study. Themodels were benchmarked
againstMAG-Res2Net configuredwith differentmethed influencing computational load, as shown in table 11.

The comparative experiments demonstrated the following trends regardingmodel training time:

(1) Incorporating gatedmodules incurred negligible computational overhead.

(2) The ECA attentionmechanismwasmore efficient than SEmodules while achieving better performance.

(3) Borderline-SMOTE improvedmodel capabilities but substantially inflated training time.

(4) The Lion optimizer reduced Borderline-SMOTE’s overhead by 50% versus AdamW while maintaining
similar or higher performance.

In summary, gatedmodules and ECA attentionwere highly efficient techniques to enhancemodel
performance. Borderline-SMOTE conferredmajor accuracy gains butwith significant computational costs.
However, Lion optimizer integration effectively amortized these expenses and enabled scalable training.

Figure 7.Confusionmatrix (CSL-SHARE).

Figure 8.The Loss andAcc of theMAG-Res2Netmodel onWISDM.
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These quantitative analyses provide valuable insights into the trade-offs betweenmodel accuracy versus
efficiency for various architectural configurations and training strategies. The evidence-based findings can
inform cost-awaremodel design and hyperparameter tuning tailored to specific applications and hardware
constraints.

5. Conclusion

In this work, we have proposed a novel deep learning framework andMAG-Res2Net architecture for human
activity recognition (HAR) tasks. Ourmethodology effectively addresses class imbalancewhile improving
classification accuracy through Loss Combined.Moreover, the introducedmodel adaptively learns salient
spatiotemporal features from input sequences, further enhancing performance. Rigorous benchmarking on
UCI-HAR andWISDMdatasets demonstrated accuracies of 94.44%and 98.32% respectively, outperforming
prior arts in terms of accuracy, F1metrics, generalization, and robustness. Our key contributions comprise the
proposal of a set of optimization techniques, including newnetwork architectures, upsampling algorithms, and
loss function combinations. This framework effectivelymitigates data imbalance issues while boosting
classification accuracy. Our approach holds substantial potential for applications in diseasemonitoring, exercise
tracking, rehabilitation, and beyond. This work provides significant insights to inform future research on
optimizingHAR systems.Moving forward, we aim to further improve themodel and explore deployments in
practical contexts tomaximize societal impact.
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