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Abstract—This paper presents a convolved self-
attention neural network model for gait detection and
human activity recognition (HAR) tasks using wearable
inertial measurement unit (IMU) sensors. By embedding
a convolved window inside the self-attention module,
prior time step knowledge is utilized by self-attention
layer to improve accuracy. Moreover, a streamlined fully
connected (FC) layer without hidden layers is proposed
for the feature mixer. This arrangement enables
significant reduction of overall network parameters, since
hidden layers occupy the majority of the parameters in a
transformer encoder. Compared to the other state-of-art
neural networks, the proposed method achieved better
accuracy of 95.83% and 96.01% with the smallest
network size on HAR datasets UCI-HAR and
MHEALTH respectively,
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I. INTRODUCTION

Gait detection plays an important role in the diagnosis of
various neurologic disorders [1]. It is also widely used in the
rehabilitation progress assessment for stoke patient and the
patient with lower limb amputation [2]. The current practice
of gait detection are mainly image-based approaches [3] or
radar systems [4]. The key limitation of image-based approach
is the requirement of sufficient ambient illumination for image
capture and the constraint on patient's movement to be within
the camera's field of view. Recently, wearable sensor with
Inertial Measurement Unit (IMU) draw a lot of attention since
IMU can capture the details of gait motion which images
cannot provide and more importantly, the system can be
miniaturized as a wearable device for long-term continuous
monitoring without constraints to the user [5].

On the other hand, various methods have been developed
for human activity recognition (HAR) tasks. Adaptive
methods such as peak detection and fuzzy logic model [6]
achieved remarkable classification accuracy but they need to
be optimized for specific application scenario. Threshold
detection and time-frequency analysis [7] has requirement on
hardware capability. Random Forest is suitable for hardware
implementing on FPGA devices [8], but it has limited
inference accuracy.

Recently, deep learning models such as Recurrent Neural
Network (RNN) [9] and Convolution Neural Network (CNN)
are applied for locomotion intent recognition [10, 11].
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Fig. 1. lllustration of human activity recognition with IMU and edge device.

models encounter challenges in retaining long-term prior time
step information due to their limited memory capacity, which
encompasses merely a few time steps. The problem is partially
addressed by Long Short-Term Memory (LSTM) method, but
at the cost of increased number of parameters to be learned.
Because of the correlation between current gait status and that
of prior time steps, prior time step information should be
utilized to improve the classification performance. Self-
attention model is more effective in capturing long-term
dependencies than RNN models since self-attention can be
shifted to certain part of the input sequence, without the
constraint of sequential processing. For different applications
and models, CNN needs to rearrange the feature map size. In
contrast, self-attention is more flexible and it does not require
padding and cropping.

Generally speaking, transformer encoder using self-
attention has two major limitations. First, the number of
learning parameters is larger than other type of models. To
reach the goal of online processing, it is challenging to control
the size of parameter and computational cost for edge devices.
Secondly, the performance of transformer model is not
comparable to that of CNN when the size of training dataset
is not sufficiently large [12]. The reason is that, different from
CNN, transformer does not consider prior knowledge [14].
Recently, Swin-Transformer used a shifted window attention
feature to provide additional data position information and it
achieved better results in image processing tasks [14]. The
data position information is also known as a typical prior
knowledge. Since the feature map of sensor-based HAR has
similar characteristics to image classification, hence it is
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Fig. 2. Flow chart of the proposed self-attention model with convolved window.

promising to apply attention-based learning models to achieve
improved accuracy and less processing latency for HAR tasks.

This paper presents a new convolved self-attention model
for IMU-based gait detection and HAR. The proposed model
incorporates convolved windows to provide prior time step
knowledge to the self-attention operation. Furthermore, it
requires the minimal number of learning parameters,
rendering it suitable for implementation on edge devices. This
paper is organized as follows, Section II introduces the
proposed model and the implementation of key blocks;
Section III presents the results with different datasets.
Conclusion is summarized in Section I'V.

II. PROPOSED MODEL

A. Overall Architecture

The flow chart of the proposed convolved window self-
attention model is shown in Fig. 2. This model consists of
four cascaded feature mixers and one contraction layer. Each
feature mixer contains one convolved window layer, one self-
attention layer and one direct-parallel fully connected (FC)
layer. The convolved window captures consequential time
steps into adjacent patches to provide local position
information. The direct-parallel FC layer is a unique type of
fully connected layer that lacks hidden layers and possesses
equal input and output dimensions. Meanwhile, the contract
FC layer executes the classification operation. During
network training, activity classes are one-hot encoded into
binary sequences. For each convolved window, the category
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Fig. 3. The impact of convolved stride to prediction accuracy. (a) and (b)
shows the result form IMU HAR dataset [5] and [10] accordingly.

label is set as the majority in each time step. The attention
layer takes into each convolved window and allocate
respective size’s parameter matrix Wq, Wk, and Wy to them.

B. Data Segmentation and Convolution

IMU data is in 2D array format with attributes by instances
sequence. For example, the typical attributes for a 6-axis IMU
are three-axis acceleration data (ay,a,,a,) and three-axis
angular velocity (Wyy,, Wy, Wy,). Other attributes are based on
these features, such as minmax, standard derivation, and
energy. Only 6 main attributes above are used for model
training. Then the feature map has the size of ba X 6n, where
b is the number of convolved windows, a refers to sequence
length, while 6 is main attributes and n represents the number
of IMU. Normalization is executed on each column to ensure
each feature equally contributed to the classification result.
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Fig. 5. Comparison of conventional fully connected layer with hidden layer
and the streamlined FC layer. The local parameter amount reduces from 8f>
a’to f2 %, which is 12.5% of the original model.

The feature map is not directly separated into patches and
sent to models. Instead, a shifted window is used to record
each data patch. The time sequence a is set as 10 and the stride
varies from 1 to 10. As depicted in Fig. 3, the prediction
accuracy generally increases with smaller convolved window
strides. The upward trend is approximately linear, and the rate
of increase is marginally higher at the beginning of window
overlap and near full overlap. The total accuracy increases
4.51% in the first dataset and 3.93% in the second dataset
comparing from direct separation to closest convolution.

Participants’ locomotion patterns change infrequently
with the natural time steps as shown in Fig. 4. Thus, random
permutation between batch windows is necessary to reduce
partial influence.

C. Feature mixer layers

After window convolution, patches are sent to the
attention layer. Similar to conventional self-attention, query
(Quxen)> key (Kuxgn), and value (V,xq,) are used as token
mixers. Wq, Wx, and Wy, three parameter matrices are set as
the same size with input patches a x 6n and perform dot
product with input patches. Depending on datasets and
applications, more attention layers can be added in series after
layer normalization. The output of an attention layer in this
model can be expressed as:

Attention(a X 6n)
= (1 - Wy) x Softmax[(I - W) x (I - WK)T]T) @
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Fig. 6. Comparison of test accuracy and epoch run time of ViT, ResNet18,
and the proposed model on CIFAR-10 dataset.

TABLE I CONFUSION MATRIX OF CLASSIFICATION TASK UCI-HAR

DATASET

Activity | W us | DS ST SD L R(ifé;“

0
W B 0 0 0 [ 9879
TS 1 0 0 0 [ 9788
DS 0 0 0 [97.14
T > 1 [ 91.04
SD 0 0 | 9082

3 5 100
Pre(f;:)‘on 99.39 | 92.03 | 96.23 | 87.13 | 88.27 | 100 | 95.83

A direct-parallel FC layer with equal size of input and
output is used after the attention layer and normalization as
illustrated in Fig. 5. Different from conventional transformer
encoder [13], the direct-parallel FC does not have hidden
layers. Fully connected hidden layer occupies most
parameters in transformer encoder structure but affect little on
classification accuracy. Traditional transformer encoder uses
a quadruple size hidden layer as FC input and output [13]. The
parameter amounts in transformer encoder is shown in (2).

WTfEndoer = hl X (3fa+ 8f202) + fat (2)

After FC layer simplification, the amount of parameter is
reduced to

Wyew = Rl X 3fa+ f2a?) + fat 3

Where / is the number of multi-head amounts, / is the number
of encoder layer, f'is the feature size, a is the sequence size,
and t is the classification types. 3fa is the amount of single
attention layer parameters, which refers to Wy, Wx, and Wy.
8f2a? is the number of parameters in fully connected layer
after the self-attention layer. It can be observed that the
reduction from 8f2a? to f2a? greatly reduces the total
parameter amounts, and results will be shown in the following
experiment session.

III. EXPERIMENT AND DISCUSSION

A. Streamlined FC Layer

Firstly, the impact of the proposed streamlined FC layer to
the overall model performance is investigated. To validate the
generalizability of the approach of reducing (FC) layers, a
study is conducted to examine its effectiveness across datasets
in different field. A standard Vision Transformer (ViT) is used
as the test vehicle [12]. The fully connected layer with hidden
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Fig. 7. Comparison of different model parameter amount and inference
accuracy for HAR datasets.

layer in feature mixer is replaced with the proposed
streamlined FC layer. CIFAR-10 image dataset is used to
validate the performance because it has similar features to
sensor-based data in the format of 2D arrays. Pre-trained
results with JFT-300M [12] are used for parameter initiation.

As shown in Fig. 6, the accuracy for standard ViT,
ResNetl18 [15] and the modified ViT with streamlined FC
layer are 93.74%, 92.62%, and 91.98%. Compared to the
original ViT, less than 2% accuracy degradation is achieved
with 68.07% parameter amounts reduced and the average
running time for each epoch is reduced from 48s to 14s.

B. Model Performance on HAR Datasets

Next step, the complete self-attention model including
convolved window and direct-parallel FC layer is evaluated
with two publicly available HAR datasets UCI-HAR and
MHEALTH. The convolved window does not cost additional
parameter amount but only increases the training step time.
Stride 1 is used for the convolved window. The parameter
amount and inference accuracy are evaluated in comparison to
other state-of-art models. The number of layer and layer sizes
are adjusted to attain comparable accuracy, ensuring a fair
comparison of parameter amounts. Fig. 7 shows when the
inference accuracy reach similar score, the proposed model
requires the lowest parameter amounts, which is 65.23% less
than LSTM, 70.07% less than CNN, and 81.34% less than
transformer encoder.

Recently there are a few hybrid models reported for HAR
tasks [16-20]. Convolutional layers provide prior knowledge
and more local relevancy, and recurrent based neural networks
such as GRU and LSTM are fit for sequence data. The
combination of these models gives better accuracy but at the
cost of increased parameter size. The performance of the
proposed model is compared with these hybrid models. The
results are summarized in Table IT and Table III for HCI-HAR
and MHEALTH datasets, respectively. From the tables, we
can observe that the proposed model achieved 95.83% and
96.01% accuracy with lowest parameter amounts as CNN-

TABLE II A COMPARATIVE ANALYSIS OF HCI-HAR DATASET

[16] [17] [18] | [19] [20] |This Model
CNN-
Tonolosy | CNN- R\SﬂlN CNN- | Binary | LSTM | Convolved
POIOEY | LsT™ " | GRU | AOA [with self-| Attention
Attention .
attention
Epochs 30 100 100 | 3000 150 100
Number of
Hoads 1 2 3 1 1 2
Number of 6 6 6 6 6 6
Classes
Number of | 10 14 9 13 4
Layers
Numberof | »on [ 5136 | 761k | 442k | 634k 260k
Parameters
F1 Score | 91.89% | 80.18% |94.39% |95.33% | 93.11% | 95.08%
Accuracy |92.13% | 81.32% |94.48% [95.23% | 93.11% | 95.83%

TABLE III A COMPARATIVE ANALYSIS OF MHEALTH DATASET.

[16] [17] [18] [19] [20] | This Model
CNN-
Tonol CNN- RC.I;}\I CNN- | Binary | LSTM | Convolved
OPOOEYl 1sT™ |, ™™ | GRU | AOA |withself-| Attention
Attention .
attention
Epochs 30 100 100 3000 150 100
[Number off}
Heads 1 2 3 1 1 2
Number off 4 12 12 12 12
Classes
Number off ¢ 10 14 9 13 4
Layers
[Number of]
177k 351k 525k 340k 449k 162k
[Parameters|
F1 Score | 92.54% | 93.31% | 94.29% | 95.76% | 93.79% | 95.87%
Accuracy | 93.30% | 94.05% | 94.55% | 95.80% | 94.09% | 96.01%

GRU method reaches similar accuracy, but it uses the highest
number of hidden layers with 2.93 times size of parameters.
RCNN with attention method can perform semi-supervised
learning, but the accuracy is 14.51% lower than the proposed
model.

IV. CONCLUSION

This paper presents a novel self-attention neural network
model for IMU-based gait detection and human activity
recognition. This model employs convolved windows to
supply prior time-step knowledge to attention layer and
utilizes a streamlined FC layer without hidden layer to reduce
parameter amount. Owing to the incorporation of the
convolved window and the streamlined direct fully connected
layer, the proposed model achieves 95.83% and 96.01%
accuracy on the UCI-HAR and MHEALTH datasets,
respectively. This performance is attained with the smallest
parameter size compared to other state-of-the-art models,
rendering the model particularly suitable for implementation
on edge devices.
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