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Abstract. Human activity recognition (HAR) is increasingly important
in ubiquitous computing applications. Recently, attention mechanism are
extensively used in sensor-based HAR tasks, which is capable of focusing
the neural network on different parts of the time series data. Among
attention-based methods, the self-attention mechanism performs well
in the HAR field, which establish the correlation of key-query to fuse
the local information with global information. But self-attention fails to
model the local contextual information between the keys. In this paper,
we propose a contextual attention (COA) based HAR method, which uti-
lize the local contextual information between keys to guide learning the
global weight matrix. In COA mechanism, we use k x k kernel to encode
input signal to local contextual keys to extract more contextual infor-
mation between keys. By fusing local key and query to generate global
weight matrix, we can establish the correlation between local features
and global features. The values are multiplied by the weight matrix to
get a global contextual key, which include global contextual information.
We combine the local key and global key to enhance feature’s expres-
sion ability. Extensive experiments on five public HAR datasets, namely
UCI-HAR, PAMAP2, UNIMIB-SHAR, DSADS, and MHEALTH show
that the COA-based model is superior to the state-of-the-art methods.

Keywords: Contextual Attention (COA) - Deep Learning + Human
Activity Recognition

1 Introduction

Human avtivity recognition (HAR) system can recognize various activities,
such as running, walking, etc. HAR systems are used in numerous appli-
cation scenarios, including medication intake, health monitoring and fitness
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tracker. For example, in health monitoring field, HAR is utilized to help peo-
ple analyze human behaviors (e.g. fall detection and Parkinson’s disease assess-
ment). Recently, utilizing wearable device to predict human activities becomes
popular [1].

In the previous study, numerous traditional methods such as Logistic Regres-
sion, Decision Trees, Random Forest, Extreme Learning Machine (ELM), and
Naive Bayesian approaches [2, 3] are extensively used in HAR area, which achieve
remarkable performance. Despite the traditional machine learning (ML) method
in HAR providing various benefits, they need to extract features from the raw
signal data manually and are usually complicated as well as time-consuming.
While shallow feature is not good at classifying complex activities. As a result,
the effectiveness of traditional ML approaches for classification tasks is heavily
reliant on the efficacy of feature engineering.

The emerging deep learning related methods, such as Convolutional Neural
Network (CNN), Deep Belief Network (DBN), and Recurrent Neural Network
(RNN), achieve enormous success in image segmentation, classification, object
recognition, and natural language processing, etc. In HAR field, deep learning
also achieves a great success, which overcomes the shortcoming of hand-crafted
feature extraction approaches by using automated feature identification. We use
the inertial measurement unit (IMU) in the wearable device to measure the
values of the accelerometer, gyroscope, magnetometer. Then, the data is pre-
processed, which needs to fill the missing values and resample the gyroscope,
accelerometer, and magnetometer signal to adjust to a uniform sampling fre-
quency. Finally, we concatenate the multiple channel signals. Then, we use sliding
window technology to split the signal data of multiple channels to signal images.
The existed approaches mostly split the sensor signal into fixed-size sequences
and then classify the signal image using various machine learning methods.

With the popularity of self-attention mechanism, a HAR method based on
self-attention mechanism is proposed [4], which extract useful information from
sensor’s signals by allocating their focus among signal features. The learned
attention weights improve the ability to recognize target signals from background
signals. However, self-attention mechanism mainly relies on the isolated pairwise
query-key interaction to generate an attention matrix, as shown in Fig.1(a),
neglecting the rich contextual information between neighbour keys. For the signal
feature of activity, as shown in Fig. 1(b), the change of the activity signal contains
contextual information. Only considering the isolated key-query correlation can
not extract enough features. Therefore, we need to consider the context features.

In this paper, we make use of the abundance of context features among
input keys for a 2D sensor signal feature [5]. We propose a HAR method based
on contextual attention (COA)(Figure 1(b)). The COA mechanism combines key
context mining and self-attention learning over 2D signal feature into an unified
architecture. In COA mechanism, we propose to build the COA in the follow-
ing steps: (1) The k x k convolution is performed on all the neighbor keys to
contextualize the local keys’ representation. (2) The contextualized local keys
and queries are concatenated by two successive 1 x 1 convolution operations to
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Fig. 1. Schematic comparison of (a) the traditional self-attention mechanism and (b)
the proposed COA mechanism

generate global weight matrices. This process utilizes the reciprocal relationship
between each query and all keys in self-attention to learn with the guidance of the
local context information. (3) The learned attention weights matrix is employed
to strengthen all the input values, forming global contextual information for the
signal features. (4) We embed COA mechanism with CNN-HAR to enhance the
ability of extracting contextual information. The contributions of our paper are
summarized as follows.

— We propose a new COA mechanism for sensor-based HAR, which can make
full use of input key’s local contextual information to learn the global atten-
tion weights matrix. Then we multiply input values with attention weights
matrix to obtain global keys.

— We employ two baseline networks (Resnet and 3-layers CNN), and add the
COA mechanism to baseline network. We utilize large size kernel to capture
local contextual information between keys. Then, we can employ local signal
correlation to guide learning global feature correlation. The experiment result
demonstrate that the local contextual features are significant.

— Extensive experiments on various benchmark datasets are carried out to
demonstrate the higher performance of our proposed COA-HAR.

The following is a description of the paper’s structure. We summarize HAR’s
related works in Sect.2. The specifics of COA-HAR method are presented in
Sect. 3. In Sect. 4, we detail experimental results obtained on five public HAR
datasets, which are compared with the existing SOTAs. Moreover, several abla-
tion studies about the COA-HAR method are provided. We describe conclusions
in Sect. 5.
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2 Related Works

This section gives a brief literature review of HAR field, including previous works
on feature engineering approaches, deep learning approaches.

2.1 Feature Engineering Approaches

In previous study, several state-of-the-art classification methods are employed
for HAR. Awais et al. [6] use the SVM as a classifier to bulid a sensors-based
activity classification system for elderly people, which can accurately recognize
four primary activities of everyday life, including sitting, standing, walking, and
lying. Ignatov et al. [7] employ k-nearest neighbors (KNN) approach as a classifier
in a IMU-based HAR scene. Akhavian et al. [8] use five ML methods to classify
workers’ activities, and achieve a good performance. However, the ML methods
need a huge amount of hand-crafted training data, and the absence of training
data might restrict its effectiveness. These widely used ML methods usually suffer
from significant limitations in HAR, such as progress slowly in the training and
inference procedure, and poor generalization performance. With the development
of extreme learning machine (ELM), a single hidden layer feed-forward neural
network benefits from a fast running speed and a high degree of generalization
[3]. The problem with ELM is that the algorithm parameters affect recognition
accuracy and the randomly generated weights make it instable.

2.2 Deep Learning Approaches

Deep learning methods are able to extract features from raw signals and generate
accurate predictions. Many deep learning-based algorithms have been applied to
HAR field, including CNN, LSTM, CNN-LSTM, and attention-based CNN.

CNN is used to identify human activities. We process the raw sensor signals
into 2D signal images and then send the signal image to the CNN model. Huang
et al. [9] propose a channel selection method: the Expected Channel Damage
Matrix (ECDM) is used to identify the contribution of each channel, and the
channel with a low contribution rate is recovered in the training stage. In addi-
tion, the channel with a high contribution rate is reassigned to the position of
the recovered low contribution channel. Cui et al. [10] employ multi-scale CNN
to make an end-to-end classifier for univariate time series data. Andrey et al. [11]
propose a CNN-based method for IMU-based HAR, where CNN is employed to
extract local features, and the global signal features is derived by using statistical
features. However, CNN is only limited to extracting local temporal correlation
and sensor channel correlation information, and can not establish long-range
dependency in temporal dimension and cross channel correlation in sensor chan-
nel dimension.

Another extensively used member of the DL family is RNN. The HAR is
a time-series classification task. It is critical to capture temporal dependen-
cies in the signal data. RNN is well-suited for this task. Some researchers
employ RNN to classify human activities. For example, Chen et al. [12] propose
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LSTM-based feature extractor for human activity categorization. Ullah et al.
[13] propose another LSTM-based model. Firstly, the signal from the gyroscope
and accelerometer are normalised. Secondly, the normalised signal is given to a
stacked LSTM network to obtain an output, which would be placed into a soft-
max layer afterwards. Yu et al. [14] propose bi-directional LSTM-based model
for HAR. Although the RNN can extract long sequence signals, the uncorrelated
signals [15] in the sensors will affect the RNN.

A hybrid of CNN and RNN is used in recent HAR research. Qian et al.
[14] integrates CNN-RNN models into an integrated framework to automati-
cally extract long-range temporal features, statistical features, and cross sensor
channel features, then merge them into an integrated feature map for HAR. Zeng
et al. [15] propose temporal and sensor attention with CNN-LSTM models for
human activity recognition, which adaptively focus on essential signals. Ma et al.
[16] propose AttnSense for human activity recognition. AttnSense introduces
the framework of merging attention mechanism with CNN and Gated Recurrent
Units (GRU) to capture the interdependence of sensor signals in both the sen-
sor channel and temporal dimension, which demonstrates benefits in prioritized
sensor selection and enhances the comprehensibility. In CNN-RNN methods,
although the long-range features can be extracted by RNN. However, uncorre-
lated signals affect the RNN, and then affect the effect of the model.

More recent research on HAR field uses a combination of CNN and atten-
tion mechanisms. Ramanujam et al. [17] employ ConvLSTM network with self-
attention mechanism to extract temporal and sensor channel features from sen-
sor signal. But self-attention mechanism only uses isolated query-key pairs to
extract feature correlation, which ignores the context information around key.
Moreover, in self-attention mechanism, only global correlation is considered and
local contextual correlation is ignored.

3 Methdology

This section introduces the COA mechanism in detail. We denote multiple raw
sensor signals to a predetermined window size as S = {si,5s2,...,8,}, where
S € R™*" S is signal image given to network, m is the length of the time
series, and n denotes the sensor channel dimension. Based on self-attention, we
propose the contextual attention (COA), a novel attention mechanism, which
has three main operations to learn signal’s feature.

— Local key generation: The COA mechanism uses k x k convolution to contex-
tualize keys to capture contextual information between keys.

— Global key generation: The COA mechanism combines local keys and querys
to form weights matrix. Then, we use weights matrix mutiple values to form
global keys to strengthen global information.

— Local key and global key combination: After the above steps, the local key
and global key are obtained. We combine the local key and global key as the
final attention weights.
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Fig. 2. Overview of Contextual Attention HAR Model Based on CNN
3.1 Rethinking Self-attention

In this part, let us rethinking the traditional self-attention [18]. The signal image
is convolved to obtain a 2D feature map as X*H#>*W Here C is the channel
number, H is temporal axis of feature map, and W is sensor channel axis of
feature map. We generate queries Query = XWyyery, keys Key = X Wiy,
and values Value = XWyqqe through X mutiple the embedding matrix
(Wauerys Wieys Waaiue) respectively. We can obtain each embedding matrix by
1 x 1 convolution. Then, the relation matrix Mid € R *W hetween keys Key
and queries Query as is acquired as:

Mid = Key ® Query (1)

where ® is the operation of matrix multiplication, which calculates the pairwise
correlation between each query. Mid represents the correlation information of
each signal frame in the feature map.

After the above operation, we can obtain the attention matrix Att by nor-
malizing the local matrix Mid with Softmax activation function:

Att = Softmax(Mid) (2)

The final output is obtained by multiplying the Value with the Att weight
matrix. The Output can be written as:

Output = Value @ Att (3)

These three transformations allow self-attention mechanism to aggregate local
signal’s temporal and sensor channel correlation, which helps the networks more
accurately locate the objects of interest.

3.2 Contextual Attention Mechanism

The traditional self-attention mechanism establishes signal’s temporal and sensor
channel correlation. However, all correlation of query-key pairs in the traditional
self-attention are learned on independent query-key pairs, which ignore the abun-
dant contextual information between neighbor keys. The contextual information
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is significant to signal feature extraction in sensor signal, which extract local
temporal and sensor channel correlation in signal context. In order to solve this
problem, we propose a novel attention mechanism named Contextual Attention
(COA), which can combine contextual information exploit with self-attention
mechanism in a unified framework.

Specifically, given a 2D feature map X € REXHXW a5 the input. We define
the queries and values as Query = X and Value = XWqye, respectively.
Firstly, COA mechanism utilizes group convolution with k x k kernel size across
all the neighbor keys in k& x k signal feature in order to spatially contextualize
each key representation. The contextualized keys Key jocqr € RE*H*W represent
the local neighbor keys’ local contextual information, which capture local signal
feature change. Secondly, we concatenate the Key jocq; and Query, which is
followed by two convolution operations with 1 x 1 kernel size. So, we can make
the local signal feature and global signal feature fuse. Here 6 is a convolution
operation activated by a ReLU function, and § contains only a convolution
operation.

Att = §(0([K ey_iocal, Queryl)) (4)

In each spatial position, the local attention matrix Att is generated by
the Query and the Key j,cq instead of the independent query-key pairs. This
method improves the information mining ability of self-attention mechanism.
Finally, We obtain the global feature map Key_giopq; by aggregating values Value
with contextualized attention matrix Att.

Key giopar = Value ® Att (5)

As described above, Key_giopai can capture the signal feature’s global infor-
mation. Therefore, we call the Key 4i00q1 as the global contextual information of
signal feature. The result of our COA mechanism Output can be written as:

OUtPUt = Key,local D Keyfglobal (6)

where @ represents add operation.

3.3 COA Based HAR Method

As this paper aims to investigate a attention mechanism to augment the convolu-
tional features for HAR networks, we take 3-layers CNN architecture as baseline
network. Then, we embed the COA mechanism with CNN-HAR network to
demonstrate the method’s effectiveness. To demonstrate the effectiveness of the
COA mechanism in other networks, we also use a 3-layer Resnet as the base-
line network and embed the COA mechanism after the first layer. Each layer
in Resnet has two convolution processes. Each shortcut connection contains a
convolution operation. We give the specific implementation steps of COA and
embed the COA mechanism into the CNN baseline network, as shown in Fig. 2.
In Fig.3, we give the two baseline models and the model with the embedded
COA mechanism.
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Fig. 3. Structure of 3-Layers Resnet and CNN (For UCIHAR dataset, the channel
number of the first convolution layer is 64. For other datasets, the channel number

is 128.)

4 Experiment

4.1 Datasets

In order to evaluate the effectiveness of the proposed method, we perform exten-
sive experiments using five publicly available HAR datasets. The UCIHAR
dataset [19], PAMAP2 dataset [20], UniMib-SHAR dataset [21], DSADS [22],
and MHEALTH dataset [23] are employed as the five benchmark HAR datasets.
The classification number, division proportion, and window size of the datasets
are shown in Table 1, and the class description of five datasets is shown in Table 2.

Table 1. Briefly Description of The Operation for Each HAR Datasets

Operation Dataset

UCIHAR | PAMAP2 | UniMib-SHAR | DSADS | MHEALTH
Number of Classification | 6 12 17 9 13
Ratio of Train-set 70% 80% 70% 70% 75%
Ratio of Test-set 30% 20% 30% 30% 25%
Sliding Window Size 128 512 151 None 100
Overlap Rates 50% 50% 50% None 50

UCIHAR Dataset: The UCIHAR dataset is collected using the embedded
accelerometer and gyroscope of the Samsung Galaxy S II smartphone at a sam-
pling frequency 50 Hz. The dataset is obtained from 30 volunteers aged 19 to 48
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Table 2. Class Description of UCIHAR, PAMAP2, UniMib-SHAR, DSADS and
MHEALTH Datases

Dataset The Class of Activity

UCIHAR Walking, Walking_Upstairs, Walking_Downstairs,
Sitting, Standing, Lying

PAMAP2 Lying, Sitting, Standing, Walking,Running, Cycling, Nordic Walking

Descending Stairs, Vacuum Cleaning, Ironing, Rope Jumping, Ascending Stairs

UniMib-SHAR | StandingUpF'S, StandingUpFL, Running, SittingDown, GoingUps, FallingBack,
Syncope, Jumping, FallinglLeft, GoingdownS, Walking, Falling with PS
LyingDownS, FallingFrow, HittingObstacle, FallingRight, FallingBackSC

DSADS Moving Around in an Elevator, Standing in an Elevator Still, Playing Basketball,
Walking on a Treadmill with a Speed of 4km/h (in Flat Position),

Walking on a Treadmill with a Speed of 4km/h (in 15 Deg Inclined Position),
Exercising on a Stepper, Exercising on a Cross Trainer, Descending Stairs,

Moving Around in an Elevator, Walking in a Parking Lot

MHEALTH Standing Still, Sitting and Relaxing, Lying Down, Walking, Climbing Stairs,

Waist Bends Forward, Frontal Elevation of Arms,Knees Bending,

Cycling, Jogging, Running, Jump front & back, NULL

who wear a smartphone around their waist. The original signal data are prepro-
cessed with a noise filter before being sliced according to the predetermined size
of the sliding window. In this experiment, we utilize pre-processed data.

PAMAP2 Dataset: The PAMAP2 dataset is collected from nine volunteers.
The volunteers performed 12 mandatory different activities including walking,
cycling, rope jumping, etc. Multiple sensors including chest sensor, wrist sen-
sor and ankle sensor are applied to record the data. T100 Hz sampling rate is
downsampled to 33.3 Hz for further analysis. Sport intensity is estimated using
a heart rate monitor with a sample rate 9 Hz.

UniMib-SHAR Dataset: The UniMib-SHAR dataset is collected by scholars from
the University of Milano-Bicocca, which is intended to identify a variety of
“falling” activities. Data is collected from 30 participants ranging in age from
18 to 60 years old using an Android smartphone. During the data collection
process, all participants must wear smart phones in their left and right pockets.
The sensor signals is sampled 50 Hz.

DSADS Dataset: The DSADS dataset collects 19 activities performed for five
minutes by 8 participants. We used nine of these activities. The entire signal
length for each participant’s activity is five minutes. The participants are asked
to complete the activities in their style. The activities occur at three campus
locations: the Bilkent University Sports Hall, the Electrical and Electronics Engi-
neering Building, and a flat outdoor area. The sensor signals is sampled 25 Hz.
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Table 3. The Key Map Value of COA Mechanism
Layers Dataset
UCIHAR | PAMAP2 | UniMib-SHAR | DSADS | MHEALTH

COA1 After The 1st CNN Layer K=1 K=3 K=5 K=3 |[K=3
COAZ2 After The 2nd CNN Layer | K =1 K=3 K=5 K=5 |K=5
COA3 After The 3rd CNN Layer | K =1 K =3 K=5 K = K=17
COA1 After The 1st Resnet Layer | K =1 K=5 K=3 K = K=3

MHEALTH Dataset: The MHEALTH dataset contain recordings of body move-
ments and vital signals from 10 participants with various characteristics. Each
participants complete 12 exercises in an out-of-lab setting with no constraints.
Three inertial measurement units (IMUs) are attached to the chest, right wrist,
and left ankle of the participants, respectively. In addition, the IMU on the chest
provides two-lead ECG readings. The sensor signals is sampled 50 Hz.

4.2 Experimental Platform

All the models are trained/tested on a single Nvidia RTX-3090 24GB GPU,
Intel 15-10400 CPU, 32 GB memory. We use PyTorch deep learning library to
implement all of the experiments (Table4).

Table 4. Simple Description of The Neural Network Parameter

Dataset UCI-HAR Dataset PAMAP2
Layers conv padding stride BN ReLU Layers conv padding stride BN ReLU
layerl 6,1) (1,1) (3,1) VA layerl (6,1) (0,00 (31 4
layer2 6,1) (1,1) 31 v layer2 6,1) (0,00 31 v
layer3 6,1) (1,1) 31 v layer3 6,1) (0,00 (31 v
batch_size 64 batch_size 8
learning rate 0.001 learning rate 0.001
Dataset UniMib-SHAR Dataset DSADS
Layers conv padding stride BN ReLU Layers conv padding stride BN ReLU
layerl 6,1) (1,00 (3,1 VA layerl 33) (200 @11 4
layer2 6,1) (1,00 (3,1 VA layer2 33) (200 (11 4
layer3 6,2) (1,00 (3,1 VA layer3 33) (200 (11 4
batch_size 128 batch_size 64
learning rate 0.001 learning rate 0.001
Dataset MHEALTH
Layers conv padding stride BN ReLU
layerl 31 (21 11 4
layer2 31 (21 11y 4
layer3 31 21 11y Vv VA
batch_size 64
learning rate 0.001
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4.3 Values of Hyperparameters Used in the Baseline

The details of network structure are shown in the Fig.3 summarizes the val-
ues of the hyperparameters employed. The K value in the COA mechanism in
every dataset is shown in Table 3. The default values are utilized for the other
hyperparameters.

4.4 Comparison with Other Methods

Our method is compared with both baseline and state-of-the-art methods. The
results are shown in the Table5 and Fig.4. Because feature-engineering-based
machine learning approaches are difficult to be scaled, we compare COA-HAR
model with deep learning-based methods in this study. We follow five HAR
classification methods as a comparison, including Selective CNN (Huang et al.
[9]), Shallow Convolutional (Zhang et al. [24]), DDNN (Qian et al. [25]), Local
Loss CNN (Teng et al. [26]) and DanHAR (Gao et al. [27]). It can be seen
from Table5 that the COA method based on 3-Layers CNN proposed by us
improve significantly in the four data sets compared with SOTA. Note that the
results with * are directly cited from the references. Our method based on 3-
layers CNN outperforms SOTA methods 1.16%, 0.23%, 0.50% on three datasets
(PAMAP2, UniMib-SHAR, DSADS) respectively. And the COA method based
on Resnet in UCITHAR, UniMib-SHAR, MHEALTH outperforms SOTA method
0.34%, 2.75%, 0.01%.

— Selective CNN [9]: a state-of-the-art Resnet-based model with 3 convolutional
blocks. This method uses selective convolution to select the contribution of
each channel through the ECDM matrix, replacing low-contribution channels
with high-contribution channels. We reproduce the model by following the
architecture described in the paper.

— Shallow Convolutional [24]: a state-of-the-art CNN-based model with 3 con-
volutional blocks and GCN block. This method uses GCN to capture the
information between channels so that each channel is interconnected. We
reproduce the model by following the architecture described in the paper.

— DDNN model [25]: a state-of-the-art LSTM and CNN model. This method
uses LSTM to capture sensor channel and temporal features and CNN to
capture the temporal and sensor channel connection. We reproduce the model
by following the architecture described in the paper.

— Local Loss CNN [26]: a state-of-the-art CNN-based model with 3 convolu-
tional blocks and local loss block. This method uses local loss block to opti-
mize loss in the upstream part. We reproduce the model by following the
architecture described in the paper.

— DanHAR model [27]: a state-of-the-art Resnet-based model with 3 convolu-
tional blocks and temporal and sensor channel attention. This method uses
Convolutional Block Attention Module (CBAM) [28] attention based Resnet
for HAR. We reproduce the model by following the architecture described in
the paper.
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4.5 Ablation Studies

In order to demonstrate the COA mechanism is critical, we execute a series
of ablation experiments. As seen in Tableb, adding contextual information
improves greatly the basic network. On the datasets UCIHAR, PAMAP2,
UniMib-SHAR, DSADS and MHEALTH datasets, the 3-layer CNN with COA
mechanism improve 0.53%, 0.73%, 2.18%, 1.96%, and 2.18% respectively.
And in Resnet with COA mechanism, the accuracy improves 0.04%, 0.67%,
2.04%, 0.12% and 0.77% on UCIHAR, PAMAP2, UniMib-SHAR, DSADS, and
MHEALTH respectively. These experiments show that the COA mechanism is
necessary for HAR classification.

Table 5. mAcc(%) of Models on Various Datasets

Methods Dataset
UCIHAR | PAMAP2 | UniMib-SHAR | DSADS | MHEALTH

Resnet + COA 96.99 97.36 80.35 94.78 99.19
Resnet Baseline 96.95 96.00 78.31 94.66 98.42
CNN + COA 96.58 97.80 77.78 95.81 | 97.75
CNN Baseline 96.05 95.62 75.60 93.85 95.57
CNN + Self-Attention | 96.20 93.56 76.71 95.31 96.73
Huang et al. [9] 96.40 95.67 77.55 94.44 98.76
Zhang et al. [24] 94.68 94.86 75.42 94.52 96.68
Qian et al. [25] 84.13 84.55 73.21 82.25 90.50
Teng et al. [26] 95.23 94.59 76.19 94.29 95.51
Gao et al. [27] 96.65 93.79 77.29 94.82 99.18
Xu et al.* [29] - - 80.02 - -
Huang et al.* [30] 97.35 92.14 78.65 - -
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4.6 Visualizations

The COA-HAR approach may be seen as an additional stage of operation based
on CNN that beats CNN and other SOTA classification methods in accuracy. The
COA mechanism improves the accuracy of activity classification by extracting
the local context signal features. Table 5 shows that the COA method based on
3-Layers CNN is superior to other SOTA methods in four datasets. As other
HAR studies [24] [27], we use confusion matrix to illustrate the advantages of
CNN in classification. The proposed model and the baseline CNN’s confusion
matrices on the UniMib-SHAR dataset for the HAR task are shown in Fig. 5(a)
and Fig. 5(b). When comparing the COA-HAR method to the baseline CNN for
two similar activities, “GoingUps” and “Walking”, it is clear that the COA-HAR
method has fewer misclassifications. For falls in different directions, take “Falling
right” and “Falling back” as example. Although the activities are very similar,
the classification accuracy is still improve.
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Fig. 5. Confusion Matrices on UniMib-SHAR Dataset

4.7 Discussion

Where is the Best Position to Insert COA Mechanism? On the UCI-
HAR dataset, we perform ablation experiments to evaluate the effect of COA
block at various layers. As indicated in Fig. 6, the COA block should be added
after the first, second, and third layers for maximum efficiency. It is due to the
fact that high-level contextual information is encoded after the convolution pro-
cess. The COA mechanism combined with multi-layer feature information can
get better feature expression capability. As a result, adding COA mechanism at
every convolution layer allows the network to acquire more meaningful informa-
tion for activity recognition.

Can COA Mechanism Reduce the Depth of Network? According to our
results in Table 5, especially on UCIHAR dataset, the 3-layers Resnet perfor-
mance is similar to 3-layers CNN. As shown in Fig. 4(c), the 3-layer CNN with
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Fig. 6. Accuracy of COA Mechanism at Different Layers

COA mechanism is able to achieve a comparable or even better accuracy than the
3-layers Resnet. As a result, COA-HAR model may achieve similar classification
precision than multi-layers model (Fig. 7).

mAce

079

The Kernal Size of COA Mechanism

Fig. 7. Effect of The K in COA mechanism

How the Value of K Influence the Accuracy? According to our results on
UniMib-SHAR dataset in Fig. 6, the result in Resnet is shown when the K = 3
the accuracy is the best. According to the dataset’s characteristics, the activity
signals are periodic or transient, such as “Running” or “Falling”. Therefore, we
infer that although the large K value can extract a larger range of contextual
information, it will introduce irrelevant signal features (signals outside the period
or after the activity occurs).

Does the COA-HAR Model is Robust? We find that the proposed COA-
HAR method exhibits better robustness when compare with the other methods.
In LSTM-CNN related methods, for instance, DDNN [25] is obviously inferior
in UCIHAR and UniMib-SHAR, and Layer-wise CNN [26] is inferior in UniMib-
SHAR. One reason could be that DDNN is a unified framework where the signal
of different parts are learned together. The signal feature learned by LSTM might
encode some noise in the data itself (such as irrelevant signal components) [15].
And because the size of the CNN convolution kernel is constrained, cross-channel
information cannot be taken into account. In the Triple Cross-Domain related
method [31], the accuracy is inferior in PAMAP2 dataset. The reason maybe that
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the sensor dimension, temporal dimension, and sensor channel dimension are
captured by three attention branches, and they ignore the correlation between
the dimensions. In conclusion, the COA-HAR model improved significantly com-
pared with the baseline in multiple datasets. It performs well in four datasets,
proving that our method is robust.

What is the Difference Between the COA Mechanism and Self-
attention? As can be seen in Fig.1, the COA mechanism fully considers the
contextual information of signal features, which is significant for activity recog-
nition. For periodic activity such as “Cycling”, the HAR method based on self-
attention only consider the isolated key-query correlation information. Therefore,
the correlation between the signal at a certain time and the global signal can
be considered, and the local contextual information within the periodic activity
will be ignored. Unlike image data, sensor data is temporally correlated, and
the sensor’s channels are also correlated. The COA mechanism can correlate
local context information and global information, which is very important for
activity classification. It can be seen from the results in the Table5 that the
COA-HAR method is significantly improved compare with the HAR method
based on self-attention, which proves the importance of contextual information
in self-attention.

5 Conclusion

In this paper, we concentrate on exploring contextual information between the
local signal feature and global signal feature for HAR problem with a CNN
model. The COA-HAR method is proposed, which exploits the neighbour key’s
contextual information to guide self-attention to capture more correlation infor-
mation of signal feature context. The COA mechanism first captures the local
context among neighbor keys, then the COA mechanism is employed to guide
self-attention to exploit the global context information. This method combines
context exploiting and self-attention mechanism into an uniform framework,
improving the capacity of signal feature recognition. Our experimental results
show that the COA mechanism is critical for increasing the performance of CNN
architectures.
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