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Abstract

Human Activity Recognition (HAR) is an important way for lower limb
exoskeleton robots to implement human-computer collaboration with us-
ers. Most of the existing methods in this field focus on a simple scenario
recognizing activities for specific users, which does not consider the indi-
vidual differences among users and cannot adapt to new users. In order to
improve the generalization ability of HAR model, this paper proposes a
novel method that combines the theories in transfer learning and active
learning to mitigate the cross-subject issue, so that it can enable lower limb
exoskeleton robots being used in more complex scenarios. First, a neural
network based on convolutional neural networks (CNN) is designed, which
can extract temporal and spatial features from sensor signals collected from
different parts of human body. It can recognize human activities with high
accuracy after trained by labeled data. Second, in order to improve the
cross-subject adaptation ability of the pre-trained model, we design a cross-
subject HAR algorithm based on sparse interrogation and label propaga-
tion. Through leave-one-subject-out validation on two widely-used public
datasets with existing methods, our method achieves average accuracies of
91.77% on DSAD and 80.97% on PAMAP?2, respectively. The experimental
results demonstrate the potential of implementing cross-subject HAR for
lower limb exoskeleton robots.
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1. Introduction

With the rapid development of technologies such as robots, edge computing, and
wearable devices, the exoskeleton robot has been extensively applied in civilian
fields such as human augmentation, industrial production, and rehabilitation
training, as well as in the military field [1]-[5]. As a wearable robot, an exoskeleton
robot can enhance the endurance, load capacity, and mobility of the wearer while
also reducing energy consumption. As a human-machine interaction system, ex-
oskeleton robots need to satisfy urgent demands from users, such as accurately
identifying and predicting wearer’s movements in complex environments, sup-
porting various types of movement modes, and achieving bidirectional adaptabil-
ity between man and machine. Consequently, research gradually shifts to the up-
per control layer, ie., through accurate recognition and prediction of human
movements via HAR, and then achieving bidirectional adaptability between man
and machine through the cooperation of lower control strategies and the support
of mechanical structures.

Wearable movement sensors are widely used in the field of HAR. Among vari-
ous types of movement signals, acceleration signals are commonly used for human
behavior recognition tasks, typically measured by inertial measurement units
(IMUs) and providing the target’s acceleration in three axes relative to the coor-
dinate system. The advantages of this signal are high signal quality, but it cannot
complete collection before the target begins to move. The data collected from dif-
ferent individuals exhibit significant differences in this field, as different individ-
uals can exhibit differences in behavioral habits. Even when executing the same
type of activity, the distribution of data collected from different individuals can
vary.

The task of human behavior recognition often involves the use of one or more
sensors to collect data, from which relevant features are extracted and inputted
into the classification model along with motion category labels to complete super-
vised learning. However, the model obtained through this process only applies to
a scenario where the training and test data follow the same distribution. Thus, due
to the limitations imposed by individual differences, the model’s limitation is that
it can only be used by a specific user. If directly applied to a scenario involving
multiple individuals, the individual differences in sensor signals will lead to a sig-
nificant decrease in the accuracy of movement intention perception. When the
movement intention perception task involves multiple users, it is necessary to
complete the entire process for each user, including data collection, data pro-
cessing, and training the model. This not only increases the cost but also consumes
more time and energy from the user, reducing the practicality. Therefore, enhanc-
ing the generalization ability of the HAR model and improving its recognition
accuracy for scenarios involving multiple individuals are vital for extending the
applicability of exoskeleton robots and improving the experience of users who use
these devices.

To mitigate the cross-subject issue, we develop a dual-channel HAR model
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based on CNN. This model achieves end-to-end human behavior recognition and
serves as a foundation for subsequent cross-subject transfer. Subsequently, a
cross-subject HAR algorithm is proposed. By introducing concepts such as confi-
dence threshold and sparse inquiry, this model gains the ability to recognize un-
certain samples, query real labels, and propagate to neighboring samples, thereby
constructing a labeled dataset belonging to the current new individual. After train-
ing the model by this dataset, the algorithm can adapt to the current new individ-
ual, thereby improving behavior recognition accuracy. The main contributions of
this paper are summarized as follows:

1) This paper proposes a novel cross-subject HAR method. This method utilizes
an active inquiry mechanism to construct a small amount of labeled data belong-
ing to new individuals for model training. This method significantly enhances the
model’s ability for cross-subject adaptation and reduces the requirement for la-
beled data.

2) We design a dual-channel model based on CNN. It consists of a temporal
feature extractor and a spatial feature extractor, which enables the model learning
domain invariant representation for cross-subject adaptation.

3) The proposed method in this paper is validated on two publicly available
datasets in the field. Evaluation metrics such as cross-subject recognition accuracy
and the proportion of inquiry samples are compared with other existing methods.
Experimental results demonstrate that the method proposed in this paper achieves

the best cross-subject recognition performance.

2. Related Work
2.1. Human Activity Recognition

Exoskeleton robots operate normally by identifying the user’s movement category
and selecting the corresponding control strategy to provide assistance, ensuring
that the assistance provided to the user is appropriate and timely. Therefore, in
order for the exoskeleton robot to provide reasonable assistance and for the user
to have a good human-machine interaction experience, it is necessary to establish
a human-machine interface to accurately recognize and predict the user’s move-
ment intent.

The field of HAR can be traced back to the early 1990s, as demonstrated by
the research of Foerster et al [6], which showed that through the process of
controlling data collection, the use of high-quality datasets can achieve an accu-
racy rate of over 95% in recognizing movement intentions. With the rapid de-
velopment of artificial intelligence technology and the widespread popularity of
wearable devices, the accuracy of HAR has been significantly improved, and its
application fields have also been greatly expanded. Atchuluun et al [7] proposed
a behavior recognition technology based on fuzzy systems, which combines be-
havior prediction and recognition using data obtained from dual cameras, visi-
ble light, and far-infrared light, enabling the recognition of eleven different hu-
man behaviors. Ji et al. [8] proposed a motion recognition method insensitive
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to duration and applicable to complex backgrounds by embedding skeleton in-
formation into depth maps obtained by depth cameras, while Jalal et al [9] pro-
posed an online recognition method based on depth video data and human skel-
etal joint features. Xu et al [10] provided an effective solution for hand motion
detection based on mobile first-person view depth sequences. Oyedotun et al
[11] improved the accuracy in complex gesture classification tasks using CNN
and stacked denoising autoencoders. Pigou ef al [12] explored gesture recogni-
tion tasks in videos, proposing an end-to-end neural network architecture that
achieved better results. Qi et al [13] proposed a dual-layer recognition frame-
work using acceleration data, capable of classifying aerobic, sedentary, and free
weight activities, supporting a wider range of physical activity recognition com-
pared to existing methods. Aviles-Cruz et al. [14] applied Granger causality the-
ory to motion recognition and proposed a framework for analyzing and classi-
fying individual user activities using three-axis accelerometers in smartphones.
With the advent of an aging society, HAR has provided convenience for various
aspects such as home care, postoperative rehabilitation, exercise and fitness,
stroke detection, epilepsy and Parkinson’s research, and monitoring the physi-
cal function of the elderly [15].

2.2. Wearable Sensor-Based Human Activity Recognition

Wearable sensor-based HAR has the advantages of convenience, signal stability,
and high safety, with no restrictions on human movement range. With the devel-
opment of smartwatches, smart wristbands, an increasing variety of motion sen-
sors are being integrated into wearable devices, and the development of the Inter-
net of Things and cloud computing [16] has provided conditions for the develop-
ment of sensor-based HAR. Wearable sensors include motion physiological signal
sensors and motion sensors. Physiological sensors are used to collect physiological
signals during human movement, such as electromyography (EMG) and mech-
anomyography (MMG). In this paper, we focus on motion sensors, such as accel-
erometers and gyroscopes.

Hegde et al [17] designed a wrist-worn sensor containing accelerometers and
gyroscopes, achieving a recognition accuracy of over 94% on a set of daily life
activities with this device. Chung et al [18] validated that four sensors on the
wrists, right ankle, and waist can achieve a recognition accuracy of 91.2% in
daily life activities and verified that only two sensors on the left wrist and right
ankle can also achieve sufficiently high accuracy. Laput et al [19] classified ges-
tures such as light tapping, clapping, and tapping by improving the sampling
rate of accelerometers in smartwatches to collect bioacoustics signals. Muscle
contraction mechanical signals can be collected using microphones or accel-
erometers and used to detect movement patterns. Pham et al [20] developed
electronic shoes with miniature wireless accelerometers embedded in the in-
soles, achieving an average recognition accuracy of 93% for seven daily activi-

ties. Wang et al [21] studied the possibility of identifying human movements
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using accelerometers and gyroscopes built into smartphones and proposed a
feature selection method with better temporal performance. Zhou et al [22] pro-
posed a semi-supervised deep learning framework that effectively utilizes weakly
labeled sensor data based on accelerometer data. They designed a distance-based
reward rule to address the problem of insufficient sample labeling and developed
an intelligent automatic labeling scheme based on deep Q networks. Li ez al [23]
proposed a method to identify basic activities and transition activities in continu-
ous sensor data streams, accurately distinguishing between segments of adjacent
basic activities to determine whether they are transition activities or interference.
Chen et al. [24] collected accelerometer data using smartphones and segmented
activity units, then characterized them using time domain, frequency domain, and
wavelet domain features, achieving an accuracy rate of 95.95% for activity classi-
fication. Lawal ef al [25] used two sensors located at the waist to collect hip
movement signals and converted them to the frequency domain, achieving
higher accuracy than another state-of-the-art method in predicting human ac-

tivities.
2.3. Cross-Subject Human Activity Recognition

There are significant differences among individuals and differences in age, gender,
physical condition, and behavioral habits can lead to significant differences in sig-
nals collected by sensors among different individuals. Therefore, sensor-based
HAR models only have good effects for single users, and there will be a significant
decrease in performance for new users. There are two methods for achieving
cross-subject HAR: the first is to appropriately increase the amount of labeled data
from new individuals and train the model, which belongs to semi-supervised
learning; the second is to extract features that can achieve motion pattern recog-
nition and are independent of individuals without any labeled data, which belongs
to unsupervised learning.

Kongsil et al [26] developed a cross-subject HAR model S-PAR that fuses
data from two sensors on smartwatches. This model can recognize activities
based on data collected by smartwatches without the need to collect initial la-
beled data from model users. Gholamiangonabadi et al. [27] evaluated six feed-
forward neural networks and CNN with two convolutions and one-dimensional
filters, as well as four preprocessing scenarios, using leave-one-subject-out
cross-validation. Leite et al [28] increased the diversity of participants by gen-
erating additional training data that mimic other human subjects in an adver-
sarial learning manner and made the classifier ignore information related to in-
dividuals in motion data. Ye ef al [29] analyzed the feature confusion problem
in cross-subject HAR and summarized it as decision boundary confusion and
overlap confusion, which were addressed by optimizing features and decision
boundaries and introducing minimal class confusion loss, respectively. So-
leimani et al [30] proposed a cross-subject transfer method SA-GAN based on

generative adversarial networks, which outperforms all other comparison
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methods in over 66% of experiments and ranks second in performance in the
remaining 25% of experiments. Wang et al. [31] proposed sub-domain adapta-
tion to achieve cross-domain activity recognition by utilizing knowledge from a
source domain auxiliary dataset to build models for the target domain. Zhao et
al. [32] proposed a method of local domain adaptation, which first classifies var-
ious activities into static activity clusters and dynamic activity clusters based on
the hierarchical structure of human activities, and then aligns the source domain
clusters with the target domain clusters. Kongsil et al [33] proposed a cross-
subject recognition framework that first classifies activities into dynamic activ-
ities and static activities, and then recognizes models for dynamic and static ac-
tivities using accelerometer and gyroscope data. Suh et al [34] proposed a sub-
ject-independent feature extraction method based on adversarial autoencoder
structures and maximum mean discrepancy, which learns embedding feature
representations independent of individuals from multiple source domain indi-
vidual datasets and applies these features to motion recognition of target indi-
viduals. Kumar et al [35] developed a knowledge transfer-based model Deep-
TransHAR to address differences between source and target domains in cross-
subject domain, cross-sensor problems, using gated recurrent units as memory
units to discover and memorize activity patterns in sensor data streams.

Lin et al [36] proposed a training method that only requires a small amount of
additional labeled data to improve the generalization ability of pre-trained mod-
els. This method balances the efficiency of the nearest class average classifier and
the flexibility of cosine similarity. Cruciani et al [37] proposed a method that first
identifies a subset of individuals from all source-domain individuals that are most
suitable for the target individual and trains a classifier using the data from this
subset. Finally, a small amount of labeled data from the target individual is used
to update the classifier to adapt it to the specific target individual. The proposed
method achieved an F-score of 74.4%, higher than other methods which achieved
70.9%. Soleimani ef al [38] proposed a general semi-supervised method based on
an adversarial learning framework, which utilizes labeled data from the source
domain and unlabeled data from the target individual to address individual dif-
ferences. Xu ef al [39] introduced a fast and robust hybrid model that utilizes
domain-adaptive neural networks and deep domain confusion networks to reduce
domain shift caused by individual and position variations, and employs a classifier
based on online sequential extreme learning machine to quickly learn from a small
amount of labeled data in the target domain to update parameters. Zeng et al. [40]
proposed two semi-supervised methods based on CNN to learn discriminative
hidden features from labeled and unlabeled data, as well as raw sensor data,
achieving up to an 18% improvement in F1 score on three datasets. Bettini et al
[41] proposed a method called FedHAR, which combines semi-supervised learn-
ing and federated learning. It incorporates active learning and label propagation
to semiautomatically label sensor data for each user, while also including a trans-

fer strategy to provide personalized models for each user. Liu et al [42] proposed
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a manifold regularized dynamic graph convolutional network (MRDGCN), which
can automatically update structural information through manifold regularization
until the model is fitted. Chen et al [43] designed a cooperative training frame-
work that combines attention mechanisms with recursive convolutional models.
It selects trustworthy samples from the independent feature spaces of two classi-
fiers, assigns estimated labels to them, and adds them to the training set. Nara-
simman ef al. [44] introduced the Mean Teacher semi-supervised model into the
field of human motion intent perception, which averages the weights during train-
ing to obtain more robust results.

As unsupervised learning does not utilize any labeled data, it requires more
computational resources and time to process and infer a large amount of unla-
beled data, resulting in lower efficiency and performance compared to semi-su-
pervised learning. In contrast, semi-supervised learning can mitigate the conflict
between high data labeling costs and limited performance of unsupervised learn-

ing by fully utilizing sparse labeled data to train models.

3. Methods

This section defines the cross-subject issue and introduces our proposed method
in detail. The method includes the construction of a HAR model, the pre-training
process, the selection of samples with high confidence level, the definition of the

clustering loss and the process of model updating.

3.1. Proposed Method

In this section, we propose a transfer algorithm based on confidence threshold,
sparse inquiry and label propagation to improve the accuracy of human motion
intent perception in cross-subject scenarios and mitigate the impact of individual
differences. This algorithm selects samples with relatively high confidence by in-
troducing a confidence threshold and obtains a small number of completely true
sample labels through sparse inquiry. Finally, label propagation is used to maxim-
ize the benefits of inquiry. Figure 1 illustrates the overview of the proposed frame-
work for cross-subject HAR, which consists the following steps.

1) Train the motion intent perception model on the source domain dataset and
save parameters of the pre-trained model that obtaining the highest performance.

2) Re-input all samples in the target domain training set into the above pre-
trained model, and save the feature vectors, classification results, and classifica-
tion confidences of each sample output by the feature extractor.

3) For each activity, select samples whose confidence degree is greater than the
confidence threshold of 0.3 and calculate the average feature vector of these se-
lected samples. The vector is regarded as the center of this activity in the feature
space.

4) Calculate the Euclidean distance between samples’ feature vector and centers
of activities. For each sample, compute the ratio of its distance to the nearest cen-

ter and second nearest center. The closer this ratio is to one, the closer the sample
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Unlabeled

Training set

is to the boundary between two classes.

5) Select the top ten samples with the maximum of the above ratio for each
motion class as boundary samples, query the true labels of these boundary samples
from the target domain label library, and propagate these labels to the neighboring
samples in the feature space.

6) Merge the propagated sample labels with the pseudo-labels of high-confi-
dence center samples to construct a labeled training set on the target domain.

After constructing the above labeled training set, the pretrained model is up-
dated and tested. In the training phase, the cross-entropy loss function and the

Adam optimizer are used to update the network.

N
Feature Vector | qonce  Samples with Center of Select Boundary Label
Pseudo Label M Threshold | High Confidence Activifi Samples & P .
Confidence Degree Degree ) clivities anlesieiOneny ropagation

Retrain Model Merged Training I

Dataset

Figure 1. Overview of the proposed framework.

3.2. CNN-Based HAR Model

Since the human body usually moves continuously during a certain activity, the
signals collected by IMU sensors have temporal correlation. Moreover, when per-
forming an activity, it usually involves several different parts of the body simulta-
neously, so the signals collected from different parts of the body also have spatial
correlations. So, two-dimensional data containing spatiotemporal information
can be constructed as input data with temporal signals as rows and data from dif-
ferent sensors as columns, which can be processed by CNN. The model proposed
in this paper is shown in Figure 2. As the temporal information mainly exists in
the row of the input data, so a rectangular convolution kernel is designed to ex-
tract temporal features that characterize the features between rows. The spatial
information is mainly contained between the columns, so information from sen-
sors worn on different body parts can be extracted by the spatial feature extractor.
The outputs of the spatial and temporal feature extractors are merged and input
to the subsequent classifier. The classifiers are composed of fully connected layers,

batch normalization layers, and activation function layers.

/Spatia.l Feature Extractor g
Conv C
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Input c ; .
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3
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Temporal Feature Extractor )
Figure 2. Architecture of the dual-channel CNN model.
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4. Experiment

4.1. Datasets

To validate the effectiveness of the CNN model, the following two publicly avail-
able datasets are employed in this study, which are widely used in the field of HAR.
Figure 3 illustrates the sensor placement in the DSAD dataset and the PAMAP2
dataset.

DSADS PAMAP2
Torso LeftAri @—— Chest
Right
Arm
Wrist
Right
Leg Left Leg

Ankle

Figure 3. Accuracy and F1-score comparison of activity recognition on DSADS.

4.1.1. Daily and Sports Activities Data Set (DSADS)

This dataset [45] consists of 8 subjects aged between 20 and 30 years. Each subject
wears one XsensMTx unit on the trunk, right arm, left arm, right leg, and left leg,
respectively. Each unit contains accelerometers, gyroscopes, and magnetometers
with a sampling frequency of 25 Hz. There are 19 activities in DSAD (sitting,
standing, lying on back, lying on right-side, ascending stairs, descending stairs,
standing in an elevator, moving around in an elevator, walking in a parking lot, walk-
ing on a treadmill with a speed of 4 km/h in flat, walking on a treadmill with a speed
of 4 km/h in 15 deg inclined positions, running at 8 km/h, stepper exercise, cross
trainer exercise, cycling in a horizontal position, cycling in a vertical position, rowing,

jumping, playing basketball). These subjects perform each activity for 5 minutes.

4.1.2. Physical Activity Monitoring for Aging People (PAMAP2)

This dataset [46] includes 9 subjects, consisting of 8 males and 1 female. Each
subject wears 3 IMU sensors on the wrist, chest, and ankle, with a sampling fre-
quency of 100Hz. All subjects perform 12 activities (lying, sitting, standing, walk-
ing, running, cycling, Nordic walking, ironing, vacuum cleaning, rope jumping,
walking upstairs, walking downstairs).

Preprocessing of the dataset involves data extracting, handling missing values,
resampling, performing sliding window sampling, and merging and storing data
samples. Due to wireless transmission of data collected by sensors, data loss may
occur during transmission. When handling missing values, it is necessary to first

detect the positions of missing values and then interpolate the missing positions

DOI: 10.4236/jst.2024.142002

25 Journal of Sensor Technology


https://doi.org/10.4236/jst.2024.142002

Q. Zhang et al.

with nearby normal data. For the DSAD dataset, the sampling frequency of the
sensors is 25 Hz, and the sampling duration for each activity is 5 minutes, resulting
in only 7500 samples for each activity. This sample size is significantly insufficient
for training neural networks, thus requiring resampling of sensor data to increase
the sampling frequency to 100 Hz. No resampling is needed for the PAMAP2 da-
taset. After resampling, sliding windows are designed for sliding window sam-
pling to obtain more data samples. In this study, the length of the sliding window
is set to 300 ms, and the sliding step is set to 30 ms, with overlapping sliding sam-
pling conducted on the one-dimensional time-series data of the sensors. After
sliding window sampling, all sensor data is concatenated into a two-dimensional
array with each row representing a sample obtained from sliding window sam-

pling and each column representing the data from each sensor.

4.2. Intermethod Evaluation

In this section, the proposed method and the comparative methods are tested on
DSAD and PAMAP?2 datasets to evaluate their performance on cross-subject ad-
aptation. All subjects and 12 common activities (sitting, standing, lying on back,
lying on right-side, ascending stairs, descending stairs, walking in a parking lot,
walking on a treadmill with a speed of 4 km/h in 15 deg inclined positions, run-
ning, stepper exercise, cross trainer exercise and jumping) in DSAD dataset are
selected for this cross-subject experiment. We also choose 7 subjects and 5 com-
mon activities (lying, standing, walking, cycling, walking upstairs) from PAMAP2.
Leave-one-subject-out validation method is used in this experiment, which means
the data of each subject in the dataset is used as the test set in turn and the data of
the remaining individuals are used as the training set. For the DSAD and
PAMAP?2 datasets, the learning rates of our method are 0.00001 and 0.0000001,
respectively. The corresponding batch sizes for these datasets are 512 and 256. The
comparative methods are briefly introduced as follows.

1) Baseline Method: In practical applications, pre-trained models will be used
for entirely new users. Therefore, in the baseline method, the model constructed
in Chapter 2 is first trained on the source domain training set and then directly
tested on the target domain test set, thus utilizing data that the model has never
learned to test the model’s generalization ability in the task of cross-subject HAR.
When training on the DSAD dataset, the hyperparameters are set as follows: train-
ing epochs are 30, batch size is 4096, and learning rate is 0.00001; when training
on the PAMAP2 dataset, the hyper-parameters are set as follows: training epochs
are 30, batch size is 1024, and learning rate is 0.00001. The test accuracy of the
baseline method is regarded as the benchmark, and the test accuracies of other
methods are compared with this benchmark, with the improvement in accuracy
calculated as the difference.

2) Fine-Tuning Method: Fine-tuning the model after pretraining is a commonly
used transfer learning method, which consists of a pre-training stage and a fine-

tuning stage. The purpose of pre-training the model is to allow the model to learn
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the necessary knowledge for the task from existing data beforehand so that when
performing similar tasks again, it can obtain better results more quickly. The fine-
tuning stage involves retraining the pre-trained model on a new dataset and up-
dating some parameters to make them more suitable for the new dataset, thus
introducing fine-tuning after pre-training can improve the performance of pre-
trained models on new tasks. The specific steps of this method are as follows:

a) Construct the network structure and randomly initialize parameters.

b) Pre-training stage: Train the model on the source domain training set da-
taset, the hyper-parameters are set as follows: training epochs are 30, batch size is
4096, and learning rate is 0.00001; when training on the PAMAP2 dataset, the
hyper-parameters are set as follows: training epochs are 30, batch size is 1024, and
learning rate is 0.00001.

c) Fine-tuning stage: After obtaining the pre-trained source model, fix the pa-
rameters of its feature extraction part and no longer update them. Initialize the
classifier part randomly and update it on the target domain training set. When
fine-tuning on the DSAD dataset, the hyper parameters are set as follows: training
epochs are 50, batch size is 512, and learning rate is 0.00000001. When fine-tuning
on the PAMAP?2 dataset, the hyper-parameter settings are as follows: the training
epochs are 50, the batch size is 512, and the learning rate is 0.00000001. After the
model is personalized for the target subject, it is evaluated using the test set of the
target subject and the recognition accuracy is calculated.

3) Unsupervised Cross-Subject Adaptation for Predicting Human Locomotion
Intent [47]: This method is a classic domain adaptation method within the field
of HAR, which is based on Maximum Classifier Discrepancy (MCD). The idea of
MCD is to have the feature generator and two classifiers contend with each other
during training, thereby changing the distribution of the target domain samples
and enabling the classifier to classify the target domain samples well. The training
epochs for both datasets are 30. The learning rate for DSAD and PAMAP?2 are
0.00001 and 0.00000001, respectively. The batch sizes for DSAD and PAMAP2 are
512 and 128, respectively.

4.3. Experimental Results

On the DSAD dataset, with 8 subjects taking turns as the target domain individu-
als, and the data of the remaining people as the source domain, the algorithm it-
erates for five rounds. The test results of the proposed method after each round of
iteration are shown in Table 1. According to the results in the table, the following
conclusions can be drawn: the method proposed in this paper can achieve the best
performance on all target individuals, and the test accuracy gradually increases
with the number of iterations.

The comparison of the test accuracy improvement of the method proposed in
this paper with other methods is shown in Table 2. For the 8 target individuals,
the change in test accuracy of the method proposed in this paper compared to the
baseline method is 2.30%, 7.89%, 6.00%, 3.98%, 3.86%, 1.05%, 2.44%, 10.54%,
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respectively. Compared to the finetuning method, the change in test accuracy is
0.19%, —0.72%, 1.71%, 0.37%, —0.24%, 1.64%, 0.00%, 0.17%, respectively. Com-
pared to the MCD method, the change in test accuracy is 0.27%, 4.05%, 1.11%,
16.56%, —1.17%, —2.39%, 3.09%, 0.69%, respectively.

Table 1. Test accuracy of the proposed method on DSAD.

Target Subject Iteration 1 Iteration 2 Iteration3  Iteration4  Iteration 5

P1 87.50% 87.91% 88.16% 88.34% 88.42%
P2 87.28% 87.48% 87.72% 87.85% 88.09%
P3 82.16% 83.14% 83.76% 84.50% 84.95%
P4 92.49% 93.58% 94.40% 94.64% 94.98%
P5 94.45% 94.75% 94.93% 95.02% 95.06%
P6 93.72% 93.29% 93.15% 93.16% 93.47%
pP7 90.58% 90.94% 91.25% 91.54% 91.54%
P8 96.82% 97.06% 97.03% 97.12% 97.20%

Table 2. Intermethod comparison on DSAD.

Target Subject  Baseline Our Fine-tuning  Classifier 1  Classifier 2
P1 86.04% 88.42% 88.23% 88.15% 88.09%
P2 80.20% 88.09% 88.81% 83.06% 84.04%
P3 78.95% 84.95% 83.24% 83.84% 82.91%
P4 91.00% 94.98% 94.61% 78.42% 77.19%
P5 91.20% 95.06% 95.30% 96.23% 95.86%
P6 92.42% 93.47% 91.83% 95.07% 95.36%
pP7 89.54% 91.98% 91.98% 88.23% 88.89%
P8 86.66% 97.20% 97.03% 96.51% 96.23%

On the PAMAP?2 dataset, with 6 subjects taking turns as the target domain in-
dividuals, and the data of the remaining people as the source domain, the algo-
rithm iterates for 5 rounds. The test results of the method proposed in this paper
are shown in Table 3. The method proposed in this paper achieves a test accuracy
greater than 70% on all target individuals. With the increase in the number of
iterations, the test accuracy shows an upward trend on most target individuals.
The comparison of the test accuracy improvement of the method proposed in this
paper with other methods is shown in Table 4. For these target subjects, the changes
in test accuracy of our method compared to the baseline method are 22.70%,
33.10%, 41.90%, 21.35%, 20.41%, 60.30%, respectively. Compared to the fine-tuning
method, the changes in test accuracy are —0.68%, 0.06%, 0.40%, 1.64%, 0.87% and
0.43%, respectively; compared to the MCD method, the changes in test accuracy
are —3.02%, 2.59%, 12.59%, 6.78%, 8.14%, and 2.52%, respectively.
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Table 3. Test accuracy of the proposed method on PAMAP2.

Target Subject  Iteration 1 Iteration 2 Iteration 3 Iteration 4  Iteration 5
P1 70.72% 70.10% 70.83% 69.91% 70.50%
P2 84.84% 85.22% 85.54% 85.57% 86.15%
P3 85.99% 85.94% 86.55% 86.38% 86.98%
P4 73.78% 73.92% 77.44% 79.29% 79.35%
P5 77.37% 78.99% 80.54% 80.84% 81.49%
P6 80.26% 80.28% 81.01% 80.98% 81.34%

Table 4. Intermethod comparison on PAMAP2.

Target Subject ~ Baseline Our Fine-tuning  Classifier 1 ~ Classifier 2
P1 48.02% 70.50% 71.18% 62.98% 73.52%
P2 53.05% 86.15% 86.10% 83.57% 83.22%
P3 45.08% 86.98% 86.58% 63.42%W 74.39%
P4 58.00% 79.35% 77.71% 62.37% 72.75%
P5 61.08% 81.49% 80.62% 73.35% 46.79%
P6 21.04% 81.34% 80.91% 78.82% 57.95%

5. Discussion

In this section, we further analyze the results of the aforementioned cross-subject
movement intention perception experiments. To measure the additional burden
on users caused by active querying of unlabeled samples in our method, we define
the query sample ratio as the ratio of the total number of queried samples to the
total number of target domain samples. For the DSAD dataset, compared to the
baseline method, finetuning method, and MCD method, the average changes in
test accuracy on all target subjects are 4.76%, 0.57%, and 2.78%, respectively. The
results show that compared to the baseline and MCD methods, our method has
improved accuracy in cross-subject movement intention perception tasks and is
very close to the fine-tuning method, which is the upper limit. In our method, the
average query sample ratio for all target subjects is 1.21%, while the fine-tuning
method uses 42.86% of the labeled data in the target domain. On the PAMAP2
dataset, our method’s average test accuracy exceeds the baseline method, fine-
tuning method, and MCD method by 33.29%, 0.68%, and 4.93%, respectively.
Therefore, our method further improves the accuracy of cross-subject recognition
compared to the baseline and MCD methods, and is close to the effect of the fine-
tuning method. The average query sample ratio for our method on six target sub-
jects is only 1.08%, far less than the number of labeled data required in the target
domain by the fine-tuning method. The proposed method outperforms MCD
mainly because our method is refined using labeled target domain samples, which

enables the method to learn the data distribution of target domain in a supervised
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manner. Moreover, the label propagation extends the number of labeled samples
in the target domain without bring heavy burden to users like fine-tuning. Ac-
cording to the above results, our method can not only improve the accuracy of

cross-subject HAR but also reduce the burden on users.

6. Conclusion

To mitigate the cross-subject issue and enable lower limb exoskeleton robots
adapting to new users, this paper proposes a cross-subject HAR method that con-
sists of confidence threshold, sparse querying, and label propagation. This method
is compared with the baseline method, MCD method, and fine-tuning method on
two publicly datasets in the field. The experimental results show that the proposed
method achieves the highest recognition accuracy on cross-subject adaptation
task and is close to the fine-tuning method, which is seen as the upper bound.
Moreover, the number of samples required for active querying in our method is
far less than that in the fine-tuning method, significantly reducing the burden on

users in the querying and annotating process, which improves the user experience.

7. Future Work

This work focuses on the cross-subject scenario in HAR domain and mitigates
individual difference by proposing our method. An interesting extension of this
work is to take unknown activities performed by target subjects into considera-
tion. In that case, individual difference and class difference exists between source
domain and target domain simultaneously. The HAR model would be able to

adapt to this challenging case by enhancing its generalization ability.
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