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Abstract—Owing to the cost of collecting labeled sensor data, self-supervised learning (SSL) methods for human activity recognition
(HAR) that effectively use unlabeled data for pretraining have attracted attention. However, applying prior SSL to COMPLEX activities
in real industrial settings poses challenges. Despite the consistency of work procedures, varying circumstances, such as different sizes
of packages and contents in a packing process, introduce significant variability within the same activity class. In this study, we focus on
sensor data corresponding to characteristic and necessary actions (sensor data motifs) in a specific activity such as a stretching
packing tape action in an assembling a box activity, and propose to train a neural network in self-supervised learning so that it identifies
occurrences of the characteristic actions, i.e., Motif Identification Learning (MolL). The feature extractor in the network is subsequently
employed in the downstream activity recognition task, enabling accurate recognition of activities containing these characteristic actions,
even with limited labeled training data. The MolL approach was evaluated on real-world industrial activity data, encompassing the
state-of-the-art SSL tasks with an improvement of up to 23.85% under limited training labels. Our code is publicly available at
https://github.com/gingxinxia/MolL.git.

Index Terms—Activity recognition, self-supervised learning, wearable sensor, industrial domain
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1 INTRODUCTION

Human activity recognition (HAR) using wearable de- eration name: __

vices has garnered increasing attention in various real-world
domains in recent years, such as healthcare [1f], [2], fitness
[3], and industrials [4]. In industrial settings, commercial
wearable devices equipped with various sensors, such as
accelerometers, have become increasingly popular for their
effectiveness in directly monitoring human hand move-
ments and are more resistant to obstacles than cameras.
Consequently, HAR research focused on human workers
using wearable sensors has gained prominence in advancing
Industry 4.0, particularly in areas such as process manage-
ment and the automation of production lines [5]-[10].
Figure [I| shows a typical example of packaging work
with complex activities. The worker performs a set of opera-
tions (activities) repetitively, with each operation consisting
of a sequence of small actions. For example, an operation
of “assemble box” consists of atomic actions such as folding
all sides of the box, stretching a packing tape, applying the
packaging tape, and flipping the box. A complete packaging
task is called a period, and Figure [1| depicts two periods
of acceleration data. Different from recognizing activities of
daily life, complex work activity recognition in industrial
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Fig. 1. Example of an occurrence of a motif corresponds to the pick-
up box action in two periods. The figure shows a typical example of
packaging work with complex activities. The worker performs a set of
operations (activities) repetitively, with each operation consisting of a
sequence of small actions. For example, an operation of ’assemble box’
consists of atomic actions such as folding all sides of the box, stretching
a packing tape, applying the packaging tape, and flipping the box.

variable sensor data: The same operation, such as “assemble
box,” can vary significantly in duration and actions due to
differences in the items being packed. (3) Limited training

settings presents several challenges: (1) Complex sensor
data: Industrial operations consist of varied small actions,
leading to highly complex sensor data, unlike the periodic
waveforms seen in daily activities like walking. (2) Highly
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data: Due to the aforementioned challenges, training the
HAR model for manual work requires a larger amount of
labeled data. However, in the actual industrial domain, it is
difficult to collect a large amount of labeled training data
like image databases, such as ImageNet.

Recent studies attempted to address the issue of limited
training data by employing self-supervised learning (SSL),
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which leverages unlabeled sensor data for pretraining fea-
ture extraction layers through pretext tasks. This is advanta-
geous because unlabeled data can be easily collected. State-
of-the-art SSL methods involving masked reconstruction
[11], [12] and contrastive learning [13]], have been success-
fully applied to HAR for daily life activities [14]-[16].

However, activities in industrial domains are highly
complex and variable (refer to challenges 1 and 2), so it is a
challenging task to apply existing SSL to complex work ac-
tivities. For instance, contrastive learning-based approaches
depend on data augmentation techniques like rotation and
cropping, which are derived from image processing. These
techniques often lose their physical relevance when ap-
plied to time-series data. Besides, masked reconstruction-
based approaches [11] involve randomly masking portions
of input data and reconstructing the masked segments as a
pretext task to learn local temporal dependencies in time-
series data. There is no guarantee that important features
are properly learned, such as features of actions that are
representative of an activity regardless of the different sizes
of the items to be packed. Consequently, there is a clear
need for a novel SSL approach that is specifically tailored
to the complex and variable nature of activities, such as in
industrial domains.

In this study, we propose a new SSL approach, named
Motif Identification Learning (MoIL), for complex work
activity recognition in the industrial domain based on
the characteristics of the complex activities. As mentioned
above, the operations (complex work activities) involve
several atomic actions. An atomic action exhibits a charac-
teristic waveform in sensor data, called a motif. A motif
that consistently occurs in an operation of each period can
be helpful to roughly identify the operation. For example,
the stretching packing tape action is unique and always
occurs in the assembling box operation in the packaging
task even though the packaging task is highly variable.
Automatically detecting such motifs in the acceleration data
is useful for precise activity recognition. By designing an
SSL pretext task to learn latent representation regarding the
characteristic motifs, we can improve the performance of the
downstream task (i.e., complex activity recognition) with a
small amount of annotated data.

In this study, we perform MolL to identify occurrences
of key motifs within an input time window of unlabeled
acceleration data. First, we find key motifs that can be useful
for the downstream task from unlabeled acceleration data.
Thereafter, for each key motif, a similarity series that shows
the occurrences of the corresponding key action in the accel-
eration data, is computed using a motif detection algorithm
from each period of the original acceleration data. Figure
shows similarity series computed from two different periods
for a motif corresponding to a pick-up box action. When the
value in the similarity series is high, an action similar to the
motif action occurs at that time. We then train the neural
network for the pretext task (MolL) so that the network
processes an input time window of acceleration data and
outputs similarity series of key motifs corresponding to the
input. Thus, the network can be trained to detect key motifs
that correspond to characteristic atomic actions. Therefore,
the network’s feature extraction layers can effectively be
used in the downstream task of recognizing complex op-
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erations consisting of multiple key actions. In our method,
key motifs are selected based on the following idea: (1)
occurrences of a key motif, i.e., characteristic action, should
be robust across different periods, (2) the relative temporal
location of key motifs should be consistent, and (3) a key
motif should be distinguished from other actions.

Overall, our method presents a novel pretext task that
identifies occurrences of key motifs to learn activity patterns
for the recognition of complex work activities effectively. To
the best of our knowledge, this is the first work to design an
SSL approach for complex work activity recognition based
on sensor data, leveraging the intrinsic attributes of the
task and time-series data at hand. We make the following
contributions:

(1) We proposed a new SSL approach, MolL, for complex
activity recognition in industrial settings. To our knowledge,
this is the first approach that guides a model in learning
latent representation by identifying the occurrence of motifs,
which can effectively improve complex activity recognition
with limited labeled data.

(2) We identified the traits characteristic of industrial
activities and proposed metrics for selecting good motifs for
MolL without using activity labels: robustness, consistency,
and uniqueness.

(38) We discussed the performance of SSL methods that
rely on data augmentation and data reconstruction when
applied to complex activity sensor data with varying char-
acteristics. Our analysis illustrates the impact of different
pre-training methods on complex activity recognition.

(4) We demonstrated the effectiveness of MolL using
sensor data collected in logistics and manufacturing centers,
which outperforms the state-of-the-art SSL methods with an
improvement of up to 24%.

2 RELATED WORK
2.1 HAR with Wearables

Owing to the development of sensing technologies in recent
years, sensors such as accelerometers [17], gyroscopes [18],
heart rate sensors [19], electrodermal activity sensors [20],
and microphones [21] can be easily equipped on wearable
devices to support HAR applications. These developments
have raised attention in the ubicomp community regarding
research on activity recognition using data collected from
wearable devices.

Francisco et al. [22] introduced DeepConvLSTM, a Con-
volutional (Conv) and LSTM Recurrent Neural Networks
to recognize daily life activities. This architecture extracts
long and short terms of relationships of sensor data, which
became the basic network structure of HAR with wearable
sensor data. Building on the DeepConvLSTM, subsequent
studies have aimed to improve HAR model performance
by focusing on the characteristics of activities. For instance,
Chen et al. [23] developed an online learning scheme for
recognizing daily living activities, as such daily activities
tend to be relatively consistent for people. Other studies
enhance HAR performance based on the repetitive nature
[24], biomechanical patterns [25], and enviromnents [26].
However, existing techniques mainly designed for daily life
activities, which usually fail when employing on complex
activity recognition [1], [27]. Therefore, there is a demand
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for us to develop methods for complex activity recognition
on specific domain.

2.2 HAR in Industrial Domains

Activity recognition using wearable devices has gained
significant attention in industrial domains due to its wide
range of potential applications [28]. However, activities in
industrial domains are more complicated than daily activ-
ities [29], it is a challenging task for existing daily activity
recognition approaches to achieve robust and reliable per-
formance in industrial domains.

In situations where insufficient activity labels are pro-
vided, previous studies employed fully supervised learning
methods, leveraging the work instruction document and
key actions of industrial tasks to recognize work activi-
ties. For instance, Yoshimura et al. [7] utilized the work
instruction document to build an activity transition map to
penalize the activities that has high transition cost. Besides,
several prior studies have explored motif detection algo-
rithms [6], [8], [30] for better recognizing/understanding
work activities. For example, Moral et al. [6] identified
motifs according to labeled data and introduced a motif-
guided U-Net model to recognize activities in a logistic
center. Xia et al. [31]], and recognize factory work activities in
an unsupervised manner by tracking occurrences of motifs
that selected based on the work instruction document. In
contrast to these approaches, this study focuses on SSL for
complex activities and aims to find key motifs without rely-
ing on work instruction documents or operation labels, thus
offering a more flexible and scalable solution for activity
recognition in industrial settings.

2.3 SSLinHAR

SSL has shown good performance in computer vision [32],
natural language processing [33], and speech processing
[34]. To the best of our knowledge, Saeed et al. [35] first
explored SSL for HAR. They separately applied eight trans-
formation strategies (data augmentation methods) [36] to
time-series and then designed a binary classification head
for each transformation with a shared encoder to identify if
the input data was transformed or not. In a recent study [14],
many contrastive learning frameworks, such as SimCLR
[37], SimSiam [38], and BYOL [39], have been implemented
for HAR with sensor data, which also applied various data
transformations to acquire latent representation. The con-
trastive learning task is to identify whether the transformed
signals originated from the same signal, which aims to learn
a transformation invariant representation. However, it is not
guaranteed that we can obtain representation that is useful
for complex work activity recognition. Haresamudram et al.
[40] proposed an end-to-end deep learning method using
an autoencoder structure. This study employs a pretext task
to reconstruct the original time-series from a compressed
feature vector. As mentioned in the introduction, Haresamu-
dram et al. [11] processed input sensor data by randomly
masking short segments within the input. The masked data
was then fed into convolutional and self-attention layers to
reconstruct the original unmasked sensor data. However,
since the above methods did not consider the complexity
of work activities in the industrial domains, it is difficult to
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Fig. 2. Overview of the proposed framework based on MolL.

apply them to the work activities, which is demonstrated
in the evaluation section. Thus, we propose an SSL method
specifically for complex work activities in this study.

3 SSL BY MOTIF
(MolL)

Figure [2| presents the overview of the proposed approach,
which is composed of three main processes: (1) key motif
selection, (2) MolL for the pretext task, and (3) activity classi-
fication in the downstream task. Firstly, we select key motifs
from unlabeled data and calculate the similarity series of
every period of sensor data for each key motif. Thereafter,
an SSL model is pretrained by reconstructing the similarity
series from unlabeled acceleration data. Finally, we apply
the trained encoder in the SSL model to the downstream
task for activity classification (i.e., output the estimate of
activity class for each time step). In the following sections,
we will explain the proposed method in detail.

IDENTIFICATION LEARNING

3.1 Preliminary

We collect labeled /unlabeled acceleration data from work-
ers using a body-worn accelerometer in advance. The la-
beled /unlabeled data consists of a set of sensor data se-
quences of multiple work periods. Here, a period of data is
represented as X = [x1, X2, ..., 7], where T represents the
length of the period and x; represents the sensor values at
time step ¢ (¢t € [1,T)). The sets of sensor data sequences for
the unlabeled, labeled, and all work periods are denoted as
D,, D, and D,, respectively (D, = D, U D). For every
labeled period, the corresponding sequence of the activity
class labels is denoted as Y = [y1, Yo, ..., y7]|.

3.2 Key Motif Selection
3.2.1 Preprocessing

We preprocess the acceleration data in two steps: (1) min-
max normalization, which addresses the positional discrep-
ancies of the IMU sensor worn on the wrist, and then (2)
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Fig. 3. Calculate symbolized data for one axis of acceleration data.

symbolization to efficiently find key motifs. For symbol-
ization, we convert each numerical acceleration value into
a symbol based on multiple breakpoints based on [41]. As
shown in Figure |3} the acceleration values belonging to the
same range are converted to the same symbols. For instance,
all the acceleration values involved in the range between a
and b are symbolized to a. Such preprocessing maintains
the waveform of the acceleration data while reducing the
variety of values, which could be utilized to compare action
similarities efficiently. In this study, the intervals between
symbols are set to be equal in the dataset.

3.2.2 Motif Candidates Generation

After symbolizing the raw sensor data, we generate a set of
motif candidates M from an initial period X (X is randomly
selected from D,,, here we directly selected the first period).
We use a sliding window with a fixed step across the sym-
bolized data to extract data segments as candidate motifs.
For instance, the shape of a candidate motif is (45, 3) if the
size of the sliding window is 45 and the symbolized data
is three-dimensional. A number of candidates of different
lengths are generated using different window sizes.

3.2.3 Calculating Similarity Series

For each candidate motif m (m € M), we calculate the
similarity series of m over all unlabeled periods D,,, which
represents the similarity of m to the sensor data segment
at each timestep. Let X* be the i-th period of data in D,
and S!, be the similarity series of period X for m. S? is
formulated as:

St = [=d(m, g(X")[1: 1+ ml]), —d(m, g(X")2 : 2 + m])
L —d(m, g(X)|X] — m : | X))

where, g(-) denote the symbolization function (Introduced
in Section , |m| and | X?| correspond to the length of
m and X", respectively. d(,) represents a distance metric
between two segments. Inspired by the Hamming distance
[42], we compute the distance between two symbolized
segments by counting the number of positions at which
the corresponding symbols are dis-similar, enabling us to
reveal the similarity of actions at each time step effectively.
For example, let one axis of m be labeled as “abc”, and
let the corresponding axis of the symbolized period g(X*)
be “bcdda...”. To calculate the similarity series, we use the
sliding window with a window size equal to |m| and a
step length equal to 1 to generate segments of symbols
from the period data. For two symbols, when the symbol
distance is greater than a threshold th4, the two symbols
are dis-similar. When thy = 1, the number of dis-similar
symbols between “abc” and “bed” is 0, that between “abc”
and “cdd” is 2, and that between “abc” and “dda” is 3,
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Algorithm 1: Finding Key Motifs

Input: n, n’: number of segments; p: number of periods; S: similarity
series; M: all candidate motifs; M g: reference motif set; M¢:
complementary motif set.

1 Mg« 0, Mc < 0;

2 /% Selecting reference motifs x/
3 fork < 1tondo

4 M, «— 0;

5 for Vm € M do
6 /+ 1f the candidate motif locates at the k-th
segment */ it imit
o init ind
7 if m.occur € [<k 1)‘3( L. k|Xn ‘] then
8 d <+ m.occur — Mgfl.occur;
Calculate wj, with d using the penalty function Eq. 3;
9 Sroy < 0;
10 /% Calculate reference score for every
period /
1 forc«+ 1topdo
12 L 8oy = Sfop + wj, - wi; - max(SL*) ;
k
k _ Srob.
13 Srop = 5225 ‘
14 m.score + SF
15 My < M U {m},
16 Mp < Mpr U {max(Mjy.score)} /« Add motif with the

best score in My to Mpg */

17 /+ Selecting complementary motifs =/
18 fork « 1ton’ do

19 M, + 0;
20 for Vm € M do
_ init L xinit
21 if m.occur € [& 1)7‘3( L. len/ 1] then
22 /* Calculate the relative time range H */
23 for j < 1tondo
o init init
u if m.occur € [U=LIXTL JIX 1) then
. Mé’foccur\xﬂ‘
25 m%—l <~  xiniE
M, occur| X7 |
. R-occw .
26 t""ﬁ — Xt ;
27 H; = [tm‘}.271 : tmg—;l];
k g k
28 m.score < S, (m,H;)+ S, (m, H;);
29 M, < M U {m},
30 | Mg < McU {mazx(Mjy.score)};

Output: The motifs obtained in Mr U Mc.

resulting in the distance series ”0,%,1,...”. For the preceding

|m| symbols, we assigned the distance of the segments of
symbols to the start time of the segment. For the final |m)|
symbols, we used final obtained distance to pad the last |m|
distance series to ensure that the similarity series, ensuring
that the similarity series and the raw sensor data have the
same length. Note that we first calculate the distance series
for each axis of acceleration data. Then, we sum the values
at the same time step in distance series over all the axes to
merge these distance series into a one-dimensional distance
series. Finally, we negate the values in the distance series
and use min-max normalization to map the values to [0, 1]
for obtaining the similarity series.

3.2.4 Finding Key Motifs with High Scores

To select good motifs, we calculate a score for each motif
candidate m using p periods of similarity series (m is asso-
ciated with p similarity series). Using the similarity series
of each period, we calculate a score of the period for m.
The final score for each motif candidate is calculated as
the average score across the p periods. In this study, we
select two types of key motifs: (i) reference motif and (ii)
complementary motif, among candidate motifs to roughly
determine the relative position of operations within a pe-
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riod. The procedure for selecting motifs using a similarity
series of p periods is described below; also, Algorithm
shows the algorithm for finding key motifs.
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in (a) and similar actions (peaks) found in (b).

(i) Reference motif: A good reference motif candidate cor-
responds to a characteristic action representative of an oper-
ation in every period, such as the “pick-up box” in Figure
Employing the motif allows for a rough identification of the
corresponding operation occurrence in a period. However,
because operation labels are unavailable, we select a motif
that robustly occurs at similar relative timings in unlabeled
periods as a reference motif (e.g., the motif corresponding to
the “pick-up box” also occurs in about one-third of the other
periods). Note that, due to the highly variable sensor data
patterns in different periods (as Figure [f| shows), a specific
action does not always occur at the same relative timing
in all the periods. Therefore, we calculate a robust score
for each motif described below and select reference motifs
with the corresponding actions that most frequently occur
at similar timings in the periods.

In this method, we evenly divide the initial period into n
segments. For each segment, we select a reference motif
among all the candidate motifs located in the segment
based on the highest robust score S, described below

rob
(k € [1,2,...,n]), which considers if a candidate motif m
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occurs at similar timing in different periods and if m keeps
the stable waveforms in the different periods.

Gy S (g max(S7)
r0b k

p
Here, max(.S7") describes the highest similarity value in the
c-th period with the candidate motif m, and wf, (0 or 1) in
Eq. [2| represents whether argmax(max(S}*)) locates within
a relative time range corresponding to the candidate motif
located in the initial period, i.e., if the candidate occurs in
the c-th period at similar timing to the initial period.
However, when two reference motifs located at neighbor
segments are too close in time, information obtained from
the motifs will be similar. Therefore, we introduce wj, into
Eq. 2| to penalize a candidate motif that is either too close
to or too far from an already-selected reference motif in the
previous segment. The calculation of wj, described below
relies on sin(z), where z € [0, 7], which is shown in Figure[d]
This selection guarantees a substantial decrease in the value
as the time difference between the two reference motifs
approaches 0 or possible maximum distance, i.e., 2AXT

()

n
xinit 3| xinit
1 k=1lor Xl g 3X"]
’U)/ _ . omd 2n 2n
k= sin T - init init 5
2<‘X7'r | d< | X | ord > 3| X ‘
sin 7 — 2n = 2n

®)

where d represents the absolute time difference between the
occurrence time of the already-selected reference motif in
the previous segment and the candidate motif in the current
segment (refer to line 8 in Algorithm 1), when d is smaller
than B. Sl or larger than Sl)gi;mtl, w;f begins to decrease.
Here, w}, = 1in the first segment because no reference motif
has been selected, meaning that only the original robust
score S! , is calculated for the candidate motifs occurred
in the first segment. We label the best reference motif in the
k-th segment as m%, with the highest robust score S*

rob*
(ii) Complementary motif: Because high-quality reference
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Fig. 6. Explanation of calculating consistency and uniqueness scores.

motifs are sparse in time, complementary motifs, which
are regarded as lower-quality motifs compared to refer-
ence motifs, are introduced to support the identification
of operations by reference motifs. A good complementary
motif refers to an action that occurs associated with a
reference motif. An example of a complementary motif is
illustrated in Figure [5| which corresponds to a throwing
garbage action, which occurs not only in operation 8 but
other operations in the i-th period, however with the help of
the reference motif occurring at operation 7, the occurrence
of the subsequent operation 8 can be roughly identified.
Even if the complementary motifs are of lower quality, they
need to be as consistent and unique as possible in order
to distinguish between different operations. Therefore, we
employ the consistency score and uniqueness score to
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select the complementary motif, shown in Figure 6] Similar
to the reference motif selection, we evenly divide the initial
period into n’ segments (n’ > n) and then select the best
complementary motif from the motif candidates in each
segment, based on the highest scores.

As for the consistency score, since the order of opera-
tions is correlated in time, the relative location of a good
complementary motif to the reference motifs should be
consistent. Therefore, the consistency score is calculated to
identify if the candidate motif consistently occurs between
occurrences of adjacent reference motifs in the ¢-th period.
Before calculating the score, we divide the initial period
into n + 1 ranges based on the occurrence of the reference
motifs, where the occurrence time of the j-th reference motif
is denoted as ¢, ; . For a time range [t -1, t,; ] within

. R . . R TR

which the candidate motif occurs in the initial period, we
define a relative time range corresponding to [tmgl, b, 1
as H; in the i-th period. By using H;, the consistency score
is formulated as:

P Pu,
sk, = Z= e )
p
where Py, (Pg, = 0 or 1) indicates whether there is a

candidate motif occurs (the peak value of the similarity
series S" is greater than a threshold th;=0.8) within H; in
the i-th period. This method calculates the consistency score
using a coarse-grained operation order, making it applicable
to minor variations of operation orders.

Regarding the uniqueness score, the action associated with
the candidate motif is desired to occur as infrequently as
possible within a period to better represent the occurrence
of a specific operation. The uniqueness score of a candidate
motif for p periods is calculated as follows:

. ~ 1
SE=3 ——, 5
uni P |PH1| ()

where Py, is the set of peaks (peak value exceeds a thresh-
old th') occurring outside the range H; in the i-th period.
We calculate the weighted sum of the consistency and
uniqueness scores for every candidate and select the highest
overall scores among the candidates located in the same
segments as the complementary motif. Eventually, n refer-
ence motifs and n’ complementary motifs will be selected
according to the above score criteria. In Section we will
evaluate the selection of motifs in detail.

3.3 MolL

After obtaining key motifs, we introduce the procedure
of MolIL, which pretrains a feature extractor (encoder) for
complex activity recognition via SSL. The trained feature
extractor, which learns to reconstruct similarity series, thus
obtains features related to the selected key motifs, which
are helpful for the downstream task. Figure [7] displays an
overview of MolL.

3.3.1 Preprocessing

Similar to the procedure in Section we normalize the
acceleration data. A sliding window is employed to gener-
ate sensor data segments and the corresponding similarity
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Fig. 7. Overview of MolL.

series of the selected key motifs, which are displayed as the
pink rectangles in Figure [7}

3.3.2 SSL Model

The SSL model (MolL) is composed of an encoder and a
projector in Figure [7] The input is a sensor data segment,
and the ground truth is the corresponding similarity series
segment. Note that since we have n + n’ key motifs, the
model outputs an (n + n’)-dimensional similarity segment.

In this work, the encoder consists of four CNN blocks
and two RNN blocks. Each CNN block has a 1D con-
volutional layer containing 64 kernels with a kernel size
of 5 and a stride of 1, a Batch Normalization layer, and
the ReLU activation function. The rationale for using the
convolutional layers is that the information on the local
temporal dependencies of the sensor data can be extracted
through the layers. The output of the i-th block is fed into
the ¢ 4+ 1-th block, which is described as follows:

X B(+1) — Gigmoid (BatchNorm(1DConv(XZ®)))),  (6)

where X7 is the input of the i-th CNN block (i =
1,2,3,4); 1DConv(-) denotes the 1D convolutional layer;
BatchNorm(-) and Sigmoid(-) denote the Batch Normal-
ization and the Sigmoid activation function, respectively.
Here, the Sigmoid activation function is selected for the
feature extractor because it has an S-shaped curve that
is smooth and bounded (ranging from 0 to 1), effectively
mapping input data to probabilities [43]. This ensures that
the extractor captures relevant information related to the
key action .

To extract long temporal dependencies of the sensor
data, two RNN blocks are used. Each RNN block has a
bidirectional LSTM layer with 128 units. The output of the
last CNN block is fed into the first RNN block, and the
output of the first RNN block is fed into the second RNN
block, which is described as follows.

XD = LsTM(X ), )

where LSTM(+) denotes the RNN block (i = 5, 6).

The projector adjusts the output shape of the encoder
module to be suitable for reconstructing similarity series.
Herein, the projector is composed of a 1D convolutional
layer with the same settings as the mentioned 1DConv(-);
a ReLU activation function; a fully connected layer with the
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dimension of the output features of the layer equal to the
number (dimensions) of similarity series for the key motifs;
a ReLU activation function which makes the model training
more efficient. The structure is described as follows:

XB(i+2) — ReLU(1DConv(XB( 1)), ®)
Sy = ReLU(Linear(Xf(HQ))), ©)

where ReLU(:) denotes the ReLU activation function,
Linear(-) denotes the fully connected layer and Sy is
an estimates of a N-dimensional similarity series segment
(N =n+n).

3.3.3 Network Training
We employ the mean squared error (MSE) as the loss func-
tion for the SSL task in MolL, which is shown as follows:

t+1

1 L1
Lo = N; 7 ;(Si,j —si5)%

where 5;; and s;; are the i-th prediction and ground
truth values in the similarity series of the j-th key motif,
respectively. [ is the segment length. Model parameters are
optimized via the Adam optimizer [44].

(10)

3.4 Activity Recognition

Here, we introduce how the encoder (feature extractor)
trained by MolL can be applied to the downstream task,
which is predicting the activity class at each time step.
The neural network of the downstream task consists of an
encoder directly copied from the SSL model and a classifier.
The classifier is an MLP module consisting of three linear
layers of 256, 128, and C' units, where C' is the number of
activity classes. A Batch Normalization and activation func-
tion are applied consecutively between each layer. During
the model training, we freeze the learned weights of the
encoder module from MolIL and optimize the parameters of
only the classifier. Given a window of sensor data X [t¢+/]
as the input and Y+ = [y, .1, ..., ys4] as the ground
truth label, the classifier is trained to output estimates that
have minimum errors to Y #*+!, Note that in this study,
we recognize the class label for each time step in order
to clearly identify the boundary of operations. We train
the downstream model using cross-entropy loss using the
Adam optimizer. The objective function is formulated as
follows:

Lar = =S5 57 yiclog(pio), =

where ;. is a one-hot vector corresponding to the i-th
prediction of class ¢, and p;. represents the prediction of
z} belonging to class c. The idea of training the classifier
only is to compare the performance of feature extraction via
MolL against other state-of-the-art SSL frameworks when
using limited data annotations.

4 EVALUATION
4.1 Datasets

We select four datasets containing the most common tasks in
logistics and factories, which continue to hold widespread
significance in industries. We provide an overview of the
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TABLE 1
Overview of the datasets
(“AVG” refers to “average”; “SD” refers to “standard deviation”)

Dataset Worker Period Operation  AVG period SD ofA
number  number duration (s) duration
A 20 11 107.88 28.06
B 20 11 152.17 37.84
C 20 11 121.01 24.84
D 20 11 148.79 45.27
E 20 11 124.39 26.66
OpenPack | g 20 1 151.36 47.08
G 20 11 122.93 3191
H 20 11 119.17 31.76
I 20 11 153.61 34.78
] 20 11 93.44 18.31
Logi K 48 8 107.00 108.29
L 86 9 72.77 47.35
TestBoard | M 12 8 127.42 5.01
Skoda N 59 11 80.73 3.09

four datasets in Table [I} and describe the characteristics of
every dataset as follows.

4.1.1 OpenPack Dataset [45]

The workers were asked to repeatedly perform a packaging
task several times by following the work instruction docu-
ment (Scenario 1, all 10 workers). Acceleration data from
both wrists were collected using Empatica E4 wristband
with a sampling rate of 30Hz.

4.1.2 Logi Dataset

This private dataset contains workers performing packag-
ing tasks in a real logistics center. Data is collected using
a smartwatch (Sony SmartWatch3 SWR50) worn on the
workers” dominant hands, which has a sampling rate of 30
Hz. Unlike the OpenPack dataset, the order and number of
operations in the Logi dataset vary for each period.

4.1.3 TestBoard Dataset

This private dataset contains a worker performing testing
circuit board tasks in a factory. Data is collected using
a smartwatch (Sony SmartWatch3 SWR50) worn on the
worker’s dominant hand with a sampling rate of 30 Hz.

4.1.4 Skoda Dataset [46]

This dataset contains a single worker working on an as-
sembly line in car manufacturing. We used the acceleration
data of the worker’s wrists and downsampled the data to
30 Hz. The dataset splits every work period into time-series
sensor data corresponding to individual activity instances
(i.e., operation). Because data of different activities (i.e.,
operations) in the dataset were stored in separate files, in
this work, we concatenated the activities to form periods
of data based on their timestamps following the approach
used in [7]].

4.2 Experimental Settings & Evaluation Metrics

We utilized the normalized acceleration data described in
Section A sliding window was applied to generate
segments of time-series data, which were inputs for the
pretext and downstream tasks. The window size was set to
6 seconds (180 data points). For the training set, the sliding
window step was 3 seconds, creating an overlap of 50% with
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TABLE 2
Experimental parameters.

n=3, n'=10, thy=1, ths=0.8, th’,=0.8, p=| D],
Motif lengths={45, 90, 180, 270}
Batch size: 1000,
L2 regression: le-4,
SSL learning rate: le-4,
Classifier learning rate: le-3,
SSL pretraining #.epochs: 1000,
Downstream training #.epochs: 50

Motif selection

Model training

the original data. For the test set, the step of the sliding
window was the same length as the window size. Note
that, to maintain a fair comparison, all the experimental
settings for training and downstream evaluation as well as
the structure of classifier (refer to Section[3.4) are consistent
in this study.

The activity recognition accuracy was calculated as
the accuracy, macro Fl-measure, and weighted macro F1-
measure of all the time steps (i.e., data points) in the test
set. We executed five runs for each experiment, altering the
random seed each time to randomly select periods to get the
training and test sets, and the standard deviation (4) was
calculated according to the results of the five experiments.
The hyper-parameters used in this study are displayed in
Table 2

4.3 Baselines

In this work, we evaluated MoIL against several state-of-
the-art baseline SSL methods, employing the “pretrain-
then-finetune” approach to assess the efficacy of the
representations learned through SSL. Among the baselines,
Multi-task self-supervision, SimCLR, BYOL, CPC, and
TS-TCC utilize data augmentation strategies, whereas
Autoencoder and Masked reconstruction rely on data
reconstruction techniques.

Multi-task self-supervision [35]. This is a multi-task SSL
approach that applies eight signal transformations and
assigns a binary classification task for each transformation,
i.e., transformed or not. We re-implemented this network
based on the paper [35] with the number of units and kernel
size the same as used in that paper.

SimCLR [37]. This is one of the state-of-the-art models
of contrastive learning for SSL. It identifies different
augmented views of the same input signal from the other
signals. In this experiment, we selected the “time warped”
and “permuted” augmentations described in [35] for the
best performance.

BYOL [39]. This approach comprises two autoencoders
called online and target networks. Each network is trained
with different augmentations of the same input signal,
where the augmentations have the same settings as
SimCLR. BYOL learns representation by minimizing the
MSE loss of both networks.

CPC [47]. CPC employs an LSTM network designed to
predict subsequent time-series segments. This method
facilitates the learning of latent representations for these
segments by leveraging InfoNCE loss [48] with various
transformations.
TS-TCC [49].

This method employs temporal and
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TABLE 3
Accuracy, macro F1-measure, and weighted macro F1-measure (%) of
the SSL methods for every dataset when employing
leave-one-worker-out experiments.
(""+" represents the standard deviation. Results with the best
performance are shown in bold.)

Weighted
Approach Accuracy Macro F1 macro F1
OpenPack dataset
Multi-task 41.16+£5.76  36.25+4.97 41.16+5.87
SimCLR 39.474£5.44  36.20+£5.60  39.70+5.31
BYOL 40.62+590 36.70+4.80 41.00+5.52
CPC 42.34+751  36.68+£6.21  43.03+7.49
TS-TCC 40.86+9.44  37.02+£8.97  41.27+9.50
Auto. 47.82+6.13  42.83+5.55 47.961+6.19
Masked rec. 4216+843 37144823 42.15+8.33
DeepConvLSTM  46.67+6.27  41.784+5.58  47.25+6.03
MolL 48.22+6.44 42.81+£5.79  48.22+7.67
Logi dataset
Multi-task 18.51+1.47 14.68+0.74 17.89+0.66
SimCLR 18.47+2.49  15.30+£3.07 17.90+3.17
BYOL 18.64+2.14  15.55+2.82  18.06+2.40
CPC 19.83+1.53  17.26+0.80  19.52+2.01
TS-TCC 19.02+0.89  15.10+1.18  18.84+0.98
Autoencoder 20.59+1.10 16.36+2.42  18.93+1.51
Masked rec. 15.13+1.21  12.86+0.62  14.68+1.40
DeepConvLSTM  21.35+2.11  17.54+2.01 20.56+2.58
MolL 20.87+0.57 17.274£1.52  20.76+1.59

contextual contrasts to learn time-series representations
using weak and strong augmentations.

Autoencoder [40]. This task contains an “encoder-decoder”
structure, which aims to reconstruct the original signal
using the MSE loss.

Masked reconstruction [11]]. This task is similar to the BERT
model, which learns latent representation by reconstructing
the masked input signals.

We also compared MolL with the supervised baseline
DeepConvLSTM that shares the same encoder structure as
MolL, which allows for a direct comparison of performance
while controlling for architectural differences.

4.4 Results
4.4.1

We conducted the user-independent experiment to investi-
gate whether the latent representation learned from other
workers is helpful for a new worker. This experiment pro-
vides an intuitive feeling about how significant individual
differences are even when performing identical tasks, and
illustrate the importance of collecting every worker’s label
data.

Setup: For each dataset, we assessed the performance
of MolL based on the SSL assessment paper [14]. We con-
ducted the leave-one-worker-out experiment by randomly
selecting a worker from the dataset as the test set while
utilizing the rest of the workers as the training set. Initially,
the training set is employed for pre-training. Following the

User-independent Model Performance
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pre-training phase, we freeze the model and then fine-tune it
for the downstream task using the training set’s labels. The
model’s performance is assessed using the test set. In addi-
tion, we applied a pure supervised model, DeepConvLSTM,
as a baseline with the same network structure as MolL to
estimate the classification performance of the network. The
parameters of DeepConvLSTM were randomly initialized
and trained from scratch.

Explanation: Table 3| shows the activity recognition re-
sults for each SSL method. As for the Fl-measures, because
both datasets have more than 8 types of activities and the
amount of activities is severely imbalanced, the results in
terms of macro Fl-measure are relatively lower than the
other two metrics. In detail, the data reconstruction-based
methods, including Autoencoder, Masked reconstruction,
and MolL exhibited superior performance compared to ap-
proaches reliant on data augmentations. This disparity may
stem from the fact that general data augmentations might
not be as efficient in guiding the model to learn meaningful
features for complex activities during the pretraining phase.
Additionally, while MoIL demonstrates improved accuracy
on two datasets compared to most SSL baseline methods
and has performance relatively equal to that of the pure
supervised method, its superiority is not markedly obvious.
This may be because work activities can vary significantly
from person to person, even when performing identical
tasks, indicating that a user-dependent model is needed for
complex work activity recognition.

It is also important to analyze the statistical significance
of the difference between the performance of the SSL meth-
ods. Previous metrics, such as t-tests, operate under the
assumption that each experiment is independent and their
confidence levels are not the probability that a method is
better than another, but only the probability of getting the
observed differences assuming the methods are equal. In
this work, we will use their Bayesian approach to analyze
our results [50]. We use a region of practical equivalence
(rope) of 0.5% in weighted macro Fl-measure, that is, we
want to know the probability that the difference between
the model’s performance is within 0.5% (p(rope)), less than
that (p(left)) or more (p(right)). According to Figure [8| we
compared the performance of MolL to the best-performing
SSL baselines on OpenPack and Logi datasets, respectively.
We observed that MolL has a 35.32% probability of being at
least 0.5% better than Autoencoder and a 43.82% probability
of similar performance, indicating that MoIL has likely
a comparable performance to Autoencoder. On the other
hand, MolIL has a 90.76% probability of being at least 0.5%
better than CPC, indicating that MoIL outperforms the other
baselines when the time series is very complicated.

4.4.2 User-dependent Model Performance

We conducted a user-dependent experiment to investigate
the performance of SSL methods when using a small
amount of labeled data of individual workers.

Setup: For each worker, we randomly select 80% of
periods for all the periods into the training set and the
remaining 20% of periods into the test set. The pre-training,
fine-tuning, and test phases are the same as the setting in
the user-independent experiment.
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Fig. 8. Posterior of the Bayesian correlated t-test for the difference
between the weighted macro F1 obtained by SSL baselines and MolL.
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Fig. 9. An example period of worker M (TestBoard) by MolL.

Explanation: Table [i] shows the average performance of
every worker in each dataset. MoIL outperformed the other
SSL methods among all workers. The result indicated that
MolL can effectively learn latent representation for activity
recognition using unlabeled data of the worker despite the
variation of workers and tasks. The factory work tasks
(TestBoard and Skoda) showed better performance than
the packaging tasks. This could be because the operations
performed in the factories are more consistent (low standard
deviation shown in Table [T). MoIL outperformed other
methods on the OpenPack, Logi, TestBoard, and Skoda
datasets, with improvements of 2.78%, 11.17%, 23.85%,
and 1.60%, respectively. Although the Fl-measure on the
Logi dataset was relatively low because the occurrence
and duration of operations greatly differ in every period,
by identifying the corresponding key actions (Figure ),
features extracted by MolL are more effective at identifying
the complex operations than the other baselines. Besides,
MolIL exhibited a good performance on similar operations.
As an example shown in Figure [f] MoIL demonstrated its
ability to differentiate between activities in the red and green
rectangles, which involve very similar and small actions, by
utilizing three reference motifs. Because the similarity series
associated with motifs revealed similarities between key
actions and other actions that encapsulate rich information
for operation recognition, pretraining in MolL led to an
improvement of over 20% compared to other baselines.
Figure [10| depicts the performance of MolL compared to
Autoencoder (best SSL baseline with data reconstruction)
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TABLE 4

Average accuracy, macro F1-measure, and weighted macro F1-measure (%) of the SSL methods for each worker in every dataset.
(""+" represents the standard deviation. Results with the best performance are shown in bold.)

Multi-task SimCLR BYOL TS-TCC CPC Autoencoder  Masked rec. MolL
Accuracy 47214637 52414+6.70 51.30+7.56 53.77+£10.49  54.60+10.59 70.56+5.16 56.34+11.48  73.27+5.58
OpenPack | Macro F1 43.86+6.74 49.46+7.03 47.824+7.51 48.64+11.77 47.63+10.72 68.9945.87 53.81+8.76 71.67+5.42
Weighted F1 =~ 46.88+£6.61  51.54+8.06 51.04+7.76 51.47+11.45 51.94+11.10 70.34+5.20 56.734+8.87  73.12+5.60
Accuracy 35.944+4.14 39.2842.87 37.99+4.48 45.42+3.63 39.174+6.20 41.00+2.57 40.4745.09 56.031+5.83
Logi Macro F1 29.50+3.21 34.05+2.74 32.194+4.13 30.014+2.49 23.264+2.58 35.2942.30 31.954+4.96 48.83+4.58
Weighted F1 ~ 35.114+4.55 39.39+2.76  37.81+4.51 39.674+3.92 35.46+4.75 40.4742.45 39.654+5.92 55.64+5.60
Accuracy 43.43+3.43 52.44+293 50.1944.45 53.33+3.65 35.5644.42 47.724+2.63 42.0641.25 75.07+4.39
TestBoard | Macro F1 40.11+£3.21  50.02+3.27 46.9743.94 48.651+4.62 26.1045.20 43.85+1.11 35.67+1.94 74.08+3.27
Weighted F1 =~ 41.144+3.76  50.754+3.02  48.26+4.05 50.26+3.86 30.054+5.91 45.30+1.60 37.61+1.53 74.60+4.30
Accuracy 76.29+0.78  75.304+2.10 73.7842.27  94.65+1.11 71.74+2.51 85.43+1.98 78.42+1.06  96.34+0.78
Skoda Macro F1 74.81+£0.90 73.71+£1.66 72.264+3.47  93.63+1.45 65.05+4.69 83.48+1.90 75.25+1.46  95.87+0.68
Weighted F1 =~ 75.67+£0.96  74.56+2.06 73.11+2.82  94.72+1.14 69.64+2.62 85.1942.04 78.01£1.15  96.32+0.74

p(rope) = 0.002 p(rope) = 0.002

p(Autoencoder) = 0.000 p(MolL) = 0.998 p(TS-TCC) = 0.000 p(MolL) = 0.998

Fig. 10. Posterior of the Bayesian correlated t-test for the difference
between the weighted macro F1 obtained by SSL baselines and MolL
between datasets.

and TS-TCC (best SSL baseline with data augmentation)
across all datasets. We can see that MoIL outperforms Au-
toencoder by more than 0.5% of weighted macro F1 with a
probability of 99.8%, while there is less than 0.2% that MoIL
and Autoencoder perform equally. On the other hand, MolIL
also outperforms TS-TCC by more than 0.5% of weighted
macro F1 with a probability of 99.8%.

4.4.3 Latent Representation Acquired by MolL

We conduct this experiment to further illustrate why
pre-trained models using MolL can enhance performance
in downstream activity recognition tasks with a limited
amount of labeled data.

Setup: We split the training and test sets of every worker
following the settings of the user-dependent experiment. In
the case of MolL, we used the training set for pre-training
and extracted the latent representation from the encoder’s
output, as illustrated in Figure [?} Conversely, we trained
a supervised learning model named DeepConvLSTM from
scratch on the same training set. This model has the same
architecture as the MolL encoder but replaces the projector
with a new classifier, as depicted in Figure[7}, we chose this
model to eliminate the effects of model structure. We also
extracted the latent representation from the output of this
encoder.

Explanation: As shown in Figure we mapped the
latent representation into a 2D space through t-SNE [51],
which is an unsupervised technique for visualizing multi-
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dimensional data that maps high-dimensional data to low-
dimensions. The clusters of data points in the Skoda dataset
were clear for both MolL and the supervised method, even
though MolL did not use ground truth operation labels in
the training. Interestingly, the number of clusters in Figure
(c) did not strictly equal the number of operation classes,
and some operations, such as “recording” (in red color),
were divided into several clusters. This might be because
at least two motifs were selected in this operation and the
learned latent representation was closely associated with
motifs. In contrast, clusters from the latent representation
for the Logi dataset were confused, likely because actions
performed during every operation were more complicated
than the ones in Skoda. However, the clusters for the latent
representation of worker K, which was pre-trained by MolL,
were clearer than the result of DeepConvLSTM because the
similarity series contains similarities in actions, which are
helpful in roughly identifying operations.

4.4.4 Effect of Amount of Labeled Data

This experimental setup was designed to evaluate the im-
pact of increasing the amount of labeled training data on the
performance of MolL compared to both SSL and supervised
learning baselines. By doing so, we aimed to demonstrate
the potential advantages of MolL, particularly in scenarios
where labeled data is scarce or costly to obtain.

Setup: For each worker, we randomly select some peri-
ods for training and the rest periods to test. We increased
the amount of labeled training data from 1 to 5 periods
and performed five runs by changing the random seeds.
We selected the best-performing SSL baselines that utilized
distinct strategies: data augmentations (TS-TCC) and data
reconstruction (Autoencoder). We also compared MolL with
the supervised baseline (DeepConvLSTM) that shares the
same encoder structure as MolL as described before.

Explanation: Figure [12| shows the average Fl-measure
for each dataset when training with different amounts of
labeled data. On average, MolL surpassed the SSL baselines
across all datasets when the amount of labeled data avail-
able for fine-tuning the downstream tasks was limited. This
outcome suggests that MolL, through its pre-training pro-
cess of reconstructing similarity series, effectively learned
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Fig. 11. t-SNE visualization of the learned representation (training process of MolL does not use any labels).
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worker-related features. Consequently, this made it easier to
fine-tune models for downstream tasks involving the same
worker. Specifically, MoIL outperformed the supervised
baseline (i.e., DeepConvLSTM) on all datasets, especially
for the Logi dataset, which shows relatively complex sen-
sor data, when using one period of labels. This result
highlighted that training a supervised learning model for
complex activity recognition requires a sufficient number of
labels. However, a pretext task (MolL) using unlabeled data
can significantly enhance activity recognition performance
in downstream tasks, even when only limited labels are
available. This is because MolL learns latent representation
through good motifs closely associated with the occur-
rence of specific operations, which is helpful for operation
recognition in the downstream task. (Similar experimental
settings for the OpenPack and Skoda datasets could be
found in of Table 9 and [7] of Table 9, respectively.
MolIL outperformed the state-of-the-art supervised learning
models such as LOS-Net in [7], even though these
methods relied on instruction documents in recognition.)

4.4.5 Effect of Motif Sizes

We investigate the effect of the sliding window size when
generating candidate motifs, i.e., the motif length.
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Setup: We select different window sizes of 45, 90, 180,
and 270 data points to represent short and long-duration
actions in all datasets. We follow the motif generation and
scoring algorithms to get the best motifs and follow the set-
tings of the user-dependent experiment to calculate activity
recognition results.

Explanation: As shown in Figure 13} the result of gener-
ating candidate motifs using various window sizes is better
than using a single window size in most of the datasets.
We found that a smaller window size can generate better
candidate motifs when the hand movement is not frequently
changing, such as in TestBoard and Skoda datasets. How-
ever, the effect of the window size with the OpenPack
and Logi datasets varies. The actions in these two datasets
are more complicated, and using a small window cannot
achieve the best performance. In other words, various win-
dow sizes are required to generate candidate motifs when
the actions are complicated. In this study, we use 4 window
sizes for all datasets to generate candidate motifs.

4.4.6 Effect of Motif Scores

Here, we discuss the impact of the two categories of motifs
on training the latent representation in MolL. We adopted
the leave-one-method-out strategy to measure the effective-
ness of each motif type. We follow the experiment settings of
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TABLE 5 TABLE 6
Computation time (minutes) of key motif selection for every worker in Comparison of MolL with the method that applies similarity series as
OpenPack dataset. input to DeepConvLSTM for the OpenPack dataset in a
user-dependent setting.
|]A B C D E F G H I ]
Total duration 36 51 40 50 41 50 41 40 51 31 A M F1 Weighted
Computation time | 30 42 26 39 28 49 33 30 37 16 ceuracy acro macro F1
MolL 73.274+5.58 71.67+5.42  73.1245.60
DeepConvLSTM | ) 761381 2028+3.00 22.87+3.61
(simi. series as input)

the user-dependent model, and the detailed implementation
of each method is described below.

MolL. The proposed method.

W/o reference. The proposed method without the use of the
reference motifs when training MolL.

W/o complementary. The proposed method without the use
of complementary motifs when training MoIL.

Random. The proposed method with the random selection
of n + n’ candidate motifs among all the candidates.

Figure shows the activity recognition accuracy for
four datasets. Overall, MoIL achieved the best performance
among all the methods, indicating the effectiveness of motif
selection. The “W /o complementary” yielded poorer results
than the “W/o reference”, even though the quality of the
complementary motif was not as high as that of the ref-
erence motif. This implied that the performance of MolL
could be affected not only by the quality of motifs but also
by the number of motifs. However, in the case of the Test-
Board dataset, the weighted macro F1-measure of the “W /o
complementary” was higher than that of the “Random”,
even though the number of motifs was four times smaller.
This result suggested that if high-quality reference motifs
were selected, MolL could achieve better performance with
a limited number of motifs.

4.4.7 Influence of Number of Motifs

We observed that selecting high-quality reference motifs is
helpful for downstream activity recognition tasks as shown
in Section Here, we evaluate the effect of the number
of complementary motifs (relatively lower quality) selected
to pretrain the SSL model in MolL.

Setup: We select different amounts of complementary
motifs in all datasets and calculate downstream activ-
ity recognition results following the settings of the user-
dependent experiment.

Explanation: Figure |15 shows that selecting 5 comple-
mentary motifs to pre-train the SSL model results in the
lowest performance on all datasets because only a few
motifs cannot track sufficient information to identify every
operation. When the number of motifs is increased to 10
and 20, the weighted macro F1-measure becomes consistent
and achieves the best result in all datasets. The differences
between the F1-measure for 10 and 20 motifs in all datasets
are only 2.03%, 525%, -1.18%, and -0.77%, respectively.
This is because key motifs were already densely distributed
throughout a period. In other words, key motifs located in
close areas provide similar activity information, which is not
helpful for pretraining the SSL model.

4.4.8 Computation Time

The key motif selection process involves generating motif
candidates, calculating similarity series, and identifying key
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motifs with high scores. Table [5| presents the computation
cost of the key motif selection method for the OpenPack
dataset. On average, the computation time is approximately
0.8 times the total duration of the sensor data. As the
duration of the sensor data increases, the computation time
for key motif selection also increases, with the most time-
consuming task being the calculation of similarity series for
each period. This result suggests that further optimization
of the key motif selection method is needed to reduce
computational costs.

4.4.9 Different Ways to Use Similarity Series

Following the experimental setup in Section [4.4.2} we exam-
ine whether directly using similarity series as input for the
activity recognition network is sufficient. Table [f] presents
the results of MoIL and a comparison method using similar-
ity series as input, with DeepConvLSTM (the same network
structure as MolL) as the network structure. It is clear that
although the similarity series contains information about
key actions, it is insufficient to identify operations directly
from it. This result indicates that the original sensor data still
holds rich information for identifying operations. However,
using the similarity series as a pseudo label for pretraining
the network can help the model quickly focus on important
features and reduce the number of labels required for the
downstream task.

5 DISCUSSION

In discussing the results of this study, we must consider
the additional challenges that may be encountered when
applying MolL to real industrial environments.

During the data collection phase, a major issue is distri-
bution differences caused by differences in wearable devices
and the device position. This issue may potentially lead to
inconsistencies in the data, which can directly affect motif
selection and the calculation of similarity series. Therefore,
this study assumes that data from the same individual is
collected as consistently as possible through the same type
of device, and that the device’s wearing position remains as
constant as possible. In the future, to enhance the robustness
of the method, we need to design methods to deal with noise
caused by different devices and wearing positions. Besides,
there may be missing data due to signal interference in real
industrial settings, which can be addressed by re-sending
data or employing interpolation techniques in our future
work.

In terms of pseudo label generation (calculating simi-
larity series), we hope to improve computational speed by
porting the algorithm to a compiled language, such as C++.
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Compiled languages like C++ have long been proven to be
more than 30 times faster [52]] than interpreted languages,
such as Python, thus speeding up the calculation of similar-
ity series. On the other hand, we found that the similarity
series generated by different initial periods varies. When
the operation order and sensor data of the initial period are
similar to those of other periods, the results of HAR do not
differ significantly; conversely, significant differences can
lead to a decline in HAR results. In the future, we will
consider optimizing the selection method for the initial
period to further improve the performance of HAR.

During the model training phase, computational speed
and space occupation become important considerations. As
the volume of data continuously increases, models become
more complex, requiring us to balance the model perfor-
mance and efficiency. The feature extractor in this study
is based on CNN and RNN models, and we found that
RNN models have more parameters and take longer to
train. Therefore, we consider using more efficient model
structures, such as MobileNet [53], as a feature extractor in
the future.

During the model inference phase, real-time perfor-
mance becomes a key consideration. In many industrial
applications, such as automated production lines or real-
time monitoring systems, the model needs to be able to
quickly and accurately infer the current activity so that the
system can respond in a timely manner. To achieve this,
we can reduce the model’s parameters through knowledge
distillation [54] while ensuring the accuracy of the model.
Meanwhile, we could also apply network quantization [55]
to effectively reduce both the model size and computation
cost in a resource-constrained environment.

Finally, future research could focus on improving the
model’s ability to predict erroneous operations. In industrial
settings, predicting and preventing erroneous operations
are crucial for ensuring production safety and improving
efficiency. By deeply analyzing the causes of erroneous
operations and how to avoid these errors through model
prediction, greater value can be provided to industrial ap-
plications.

In summary, complex work activity recognition still
presents a series of challenges in real industrial settings,
requiring a significant amount of research to address issues
in real industrial scenarios.

6 CONCLUSION

We presented MolL, a new SSL approach for sensor data
representation learning focusing on complex work activity
recognition in the industrial domain. We first selected key
motifs representing characteristic actions without using op-
eration labels. Then, the SSL task was performed to identify
the occurrence of the motifs to effectively learn useful latent
representation regarding complex activity recognition. We
exhaustively evaluated our approach and demonstrated
that MoIL outperformed state-of-the-art SSL baselines on
various industrial tasks. Finally, visualizations of extracted
features explained the characteristics of the latent repre-
sentation learned by MolL. This work provides a future
direction toward developing an SSL for complex time-series
through data similarity that can handle self-supervised fea-
ture extraction involving the characteristics of the data.
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